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Abstract

In recent years, artificial intelligence has integrated into more facets of life.
In the aspect of smart homes, Al can control the environment based on learned
preferences of the residents or in cars it supports the driver whereas, intelligent
personal assistants (IPA) help with accustomed tasks such as making

appointments or providing information.

This silent yet burgeoning integration of Al into other areas of life is not
limited to private spheres; private experiences with Al are raising expectations for
smart processes in business applications, and Al is thereby increasingly finding
its way into business processes. The use of IPAs in business applications such as
Enterprise Resource Planning (ERP) system is just as much an aspect as the
integration of Machine Learning (ML) into business processes. However, small
and medium-sized enterprises (SMEs) are particularly faced with the challenge of
integrating Al into business processes, as they are usually already struggling with
existing challenges such as digitalisation. Optimising processes through Al is an
additional challenge because, according to literature, SMEs often do not have the
know-how to integrate Al on their own. Conforming to the literature, SMEs also
often lack concrete use cases in which Al can be integrated into business

processes in a meaningful and valuable way.

This is where this dissertation comes in and develops concrete use cases
tailored to the processes of German SMEs in the service sector in order to
optimise them with Al Based on these use cases, a framework was created that
provides both IPA and ML functions and can be seamlessly integrated into an
ERP system. The dissertation is guided by the research question: "Which specific
Al and IPA functions are recognised as useful in the business context of SMEs in

the service sector?"

The implementation was carried out by Design Science Research as a
framework in order to meet the requirements from both a scientific and a
business perspective. As part of this implementation, an IPA was developed
through which information from an ERP system can be retrieved and also entered
by voice command. In addition, a completely new function that enables the IPA to

give the user audio-visual feedback on a graphical overview was created so that



an explanation and pre-interpretation of the displayed values takes place. This
introduces a new, hitherto unexplored research element that has been analysed
within the framework of quantitative and qualitative methodologies regarding its

usefulness and the relevant factors influencing its added value.

Through integration into use cases, both the IPA and the ML framework are
explored in a practical way. In the first step, a quantitative survey was conducted
in which users could evaluate their experiences with the IPA prototype and
communicate functional improvements. Based on this feedback, the prototype

was expanded and married with the ML framework.

Based on the final prototype, the qualitative methodology of the expert
interview was then applied to identify the applicability and factors influencing
the usefulness of specific use-cases. For this purpose, 10 experts with relevant
knowledge in the field of corporate management in German SMEs and
corresponding process knowledge were interviewed. Based on the inductive
extraction of the influencing factors from the interview protocols, another
quantitative survey among the experts was conducted to verify and rank the
identified influencing factors. The expert interview has shown that the potential
of Al in SMEs in the service sector depends on several factors, some of which
depend on the individual process — such as communication channels — but there
are also factors such as volume or generalisability which affect several process
areas. Volume was identified as the most important influencing factor across all
processes, while field of application was identified as the most important single

factor.

In addition, potential for optimisation was queried to process them within
the framework of a cost-benefit analysis. Within the cost-benefit analysis, the
determined cost saving potential was compared to the expected implementation
costs to determine in which scenarios an Al integration makes economic sense. To
validate the savings potential estimated by the experts, an experiment was carried
out in which the speed of entering sales notes via keyboard and mouse was

compared to entering them by means of voice commands through the IPA.

Based on the data analysis, it could be shown that the introduction of Al in
business processes has a cost saving potential of more than 30%. It should be
emphasised that the cost saving potential of the IPA for information retrieval and

input is significantly above this average at over 37%.



Conforming to the scientific evaluation of the use cases in combination with
the identified influencing factors and the optimisation potential, a guideline was
developed on how processes in SMEs can be improved through Al This guideline
in combination with the prototype enables SMEs to better operationalise the use
of AL

The most important theoretical implication is that the implementation of the
explanation mode for IPAs in the business environment has created a completely
new research item and introduced to the academic community. In the area of
practical implications, it should be emphasised that the analysis of 16 practice-
relevant use cases provided a comprehensive overview of Al implementations for
SMEs in the service industry. The described processes can be adapted by
decision-makers to directly benefit from the optimisation potential. The
aforementioned guideline can help decision-makers select appropriate processes
and provide guidance for the implementation process. In addition, it was possible
to show in a scientifically sound manner the optimisation potential of Al in
business processes and which influencing factors are of particular relevance for

the realisation of this optimisation potential.

Keywords: Design Science Research (DSR), Enterprise Resource Planning
(ERP), Artificial Intelligence (AI), Intelligent Personal Assistant (IPA), Business
Process Modelling (BPM)



Resumen

En los ultimos afios, la inteligencia artificial (IA) se ha integrado en mas
facetas de la vida. En el aspecto de los hogares inteligentes, la IA puede controlar
el entorno en funcion de las preferencias aprendidas de los residentes o en los
automoviles que apoya al conductor, mientras que los asistentes personales
inteligentes (IPA) ayudan con tareas habituales, como concertar citas o

proporcionar informacion.

Esta silenciosa pero floreciente integracion de la IA en otras areas de la vida
no se limita a las esferas privadas; las experiencias privadas con IA estan
aumentando las expectativas de los procesos inteligentes en las aplicaciones
empresariales y, por lo tanto, la IA se abre paso cada vez mas en los procesos
empresariales. El uso de IPA en aplicaciones comerciales como el sistema de
planificacion de recursos empresariales (ERP) es un aspecto tan importante como

la integracion del aprendizaje automatico (ML) en los procesos comerciales.

Sin embargo, las pequefias y medianas empresas (PYME) se enfrentan
particularmente al desafio de integrar la IA en los procesos comerciales, ya que
generalmente estan luchando con desafios existentes como la digitalizacion. La
optimizacion de procesos a través de la IA es un desafio adicional porque, segin
la literatura, las pymes a menudo no tienen los conocimientos necesarios para
integrar la IA por si mismas. De acuerdo con la literatura, las PyMEs también a
menudo carecen de casos de uso concretos en los que la IA pueda integrarse en

los procesos comerciales de manera significativa y valiosa.

Aqui es donde entra esta tesis y desarrolla casos de uso concretos adaptados
a los procesos de las pymes alemanas en el sector de servicios con el fin de
optimizarlos con IA. Sobre la base de estos casos de uso, se cre6 un marco que
proporciona funciones IPA y ML y se puede integrar sin problemas en un sistema
ERP. La disertacion esta guiada por la pregunta de investigacion: ";Qué funciones
especificas de IA e IPA se reconocen como ttiles en el contexto empresarial de las

PYME en el sector de servicios?"

La implementacion fue realizada por Design Science Research como un

marco para cumplir con los requisitos tanto desde una perspectiva cientifica como



empresarial. Como parte de esta implementacion, se desarrollé una IPA a través
de la cual se puede recuperar informacion de un sistema ERP y también ingresar
mediante comandos de voz. Ademads, se cred una funcién completamente nueva
que permite a la IPA dar al usuario retroalimentacion audiovisual sobre una
descripcion grafica de modo que tenga lugar una explicacion y preinterpretacion
de los valores mostrados. Esto introduce un nuevo elemento de investigacion,
hasta ahora inexplorado, que ha sido analizado en el marco de metodologias
cuantitativas y cualitativas sobre su utilidad y los factores relevantes que influyen

en su valor agregado.

A través de la integracion en casos de uso, tanto el marco IPA como el ML
se exploran de manera practica. En el primer paso, se realizd6 una encuesta
cuantitativa en la que los usuarios pudieron evaluar sus experiencias con el
prototipo de IPA y comunicar mejoras funcionales. Sobre la base de esta

retroalimentacion, el prototipo se expandi6 y se combiné con el marco ML.

A partir del prototipo final, se aplico la metodologia cualitativa de la
entrevista a expertos para identificar la aplicabilidad y los factores que influyen
en la utilidad de casos de uso especificos. Para ello, se entrevisté a 10 expertos con
conocimientos relevantes en el campo de la gestion empresarial en las PYME
alemanas y el conocimiento del proceso correspondiente. A partir de la extraccion
inductiva de los factores de influencia de los protocolos de entrevista, se realizd
otra encuesta cuantitativa entre los expertos para verificar y clasificar los factores
de influencia identificados. La entrevista con el experto ha demostrado que el
potencial de la IA en las pymes del sector servicios depende de varios factores,
algunos de los cuales dependen del proceso individual, como los canales de
comunicaciéon, pero también hay factores como el volumen o la
"generalizabilidad" que afectan a varias areas del proceso. El volumen se
identifico como el factor de influencia mas importante en todos los procesos,
mientras que el campo de aplicacion se identificé como el factor individual mas

importante.

A partir del prototipo final, se aplicd la metodologia cualitativa de la
entrevista a expertos para identificar la aplicabilidad y los factores que influyen
en la utilidad de casos de uso especificos. Para ello, se entrevisté a 10 expertos con
conocimientos relevantes en el campo de la gestion empresarial en las PYME

alemanas y el conocimiento del proceso correspondiente. A partir de la extraccion



inductiva de los factores de influencia de los protocolos de entrevista, se realizd
otra encuesta cuantitativa entre los expertos para verificar y clasificar los factores
de influencia identificados. La entrevista con el experto ha demostrado que el
potencial de la IA en las pymes del sector servicios depende de varios factores,
algunos de los cuales dependen del proceso individual, como los canales de
comunicacion, pero también hay factores como el volumen o la
"generalizabilidad" que afectan a varias dreas del proceso. El volumen se
identifico como el factor de influencia mas importante en todos los procesos,
mientras que el campo de aplicacion se identificé como el factor individual mas

importante.

Ademas, se consultd el potencial de optimizacion para procesarlos en el
marco de un andlisis de costo-beneficio. Dentro del andalisis de costo-beneficio, el
potencial de ahorro de costos determinado se compar6 con los costos de
implementacion esperados para determinar en qué escenarios una integracion de
IA tiene sentido econdmico. Para validar el potencial de ahorro estimado por los
expertos, se realizd un experimento en el que se comparo¢ la velocidad de ingresar
notas de venta mediante teclado y ratén con ingresarlas mediante comandos de

voz a través del IPA.

Con base en el analisis de datos, se pudo demostrar que la introduccién de
la IA en los procesos comerciales tiene un potencial de ahorro de costos de mas
del 30%. Se debe enfatizar que el potencial de ahorro de costos de la API para la
recuperacion y entrada de informacion esta significativamente por encima de este

promedio en mas del 37%.

De acuerdo con la evaluacion cientifica de los casos de uso en combinaciéon
con los factores de influencia identificados y el potencial de optimizacién, se
desarroll6 una guia sobre cdmo se pueden mejorar los procesos en las PYMES a
través de la IA. Esta directriz, en combinacion con el prototipo, permite a las

pymes operar mejor el uso de la IA.

La implicacion tedrica mas importante es que la implementacion del modo
de explicacion para las API en el entorno empresarial ha creado un elemento de
investigacion completamente nuevo y se ha introducido en la comunidad
académica. En el drea de las implicaciones practicas, se debe enfatizar que el
analisis de 16 casos de uso relevantes para la practica brindé una descripcion

general completa de las implementaciones de IA para las PYMES en la industria



de servicios. Los responsables de la toma de decisiones pueden adaptar los
procesos descritos para beneficiarse directamente del potencial de optimizacion.
La directriz antes mencionada puede ayudar a los responsables de la toma de
decisiones a seleccionar los procesos adecuados y proporcionar orientacion para
el proceso de implementacién. Ademas, fue posible mostrar de una manera
cientificamente sdlida el potencial de optimizacion de la IA en los procesos
comerciales y qué factores influyentes son de particular relevancia para la

realizacion de este potencial de optimizacion..

Palabras clave: Design Science Research (DSR), Planificacion de recursos
empresariales (ERP), Inteligencia artificial (AI), Asistente personal inteligente
(IPA), Modelado de procesos de negocio (BPM)
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1. INTRODUCTION

1.1. MOTIVATION

Nowadays, smart devices are omnipresent and are rapidly effecting the way
of interaction between human and machines. Controlling applications via speech-
commands is now well established and is as normal as using traditional input de-
vices such as keyboard, mouse or touchscreen (Doss, Pal, & Paul, 2018). The speed
of this development is breath-taking. Smart speakers reached the milestone of
50 million users within one year after entering the market and yet in comparison,
the telephone needed 70 years to reach the same milestone (Edison Research, 2017).
Based on data collected in Winter 2019 in the USA, 24% of all adults own a smart
speaker and 33% are using it several times a day (Edison Research, 2019). Another
study on usage behaviour shows that 43% of the owners of smart speakers use them
later, more frequently than in the first months, whilst 40% use the smart speaker
with about the same frequency (Edison Research, 2020). This brings to a conclusion
that the users grow accustomed to the usage comfort of the voice-controlled devices
and use the functions at least constantly. A study from 2017 in Germany found out
that 37% of the participants are using intelligent personal assistants (IPA), such as
Google Assistant, Siri or Amazons Alexa (SPLENDID RESEARCH GmbH, 2017).
A newer survey from 2019 shows that meanwhile, 60% of Germans between the
ages of 18 and 69 already use an IPA, of which 30% are intensive users and 32% are
occasional users (SPLENDID RESEARCH GmbH, 2019). Thus, the use of IPAs is

becoming more widespread.

Influenced by the private use of IPA, users are longing for convenient work-
flows in business applications, resulting in an incremental usage of IPA in a busi-
ness context (Budzinski, Noskova, & Xijie, 2018; Saran, 2018). As a result of this
demand, Amazon initiates Alexa for business issues by integrating Microsoft Of-
fice 365 to access and control the scheduler via voice control (Amazon, 2019), simi-
lar features are also available for Google Assistants like task management or man-
aging team calendars (Kot, 2019). Business-Applications like Enterprise Resource
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Planning-Systems (ERP) have to account this trend and accompanying research has
to figure out, which Al-driven-Features are recognized as helpful in business pro-
cesses (Nishimura, Yamamoto, Uchiya, & Takumi, 2018; Saran, 2018).

Enabled by progress in natural language processing, new types of features
are accessible through frameworks with pre-trained models for speech-recognition
and speech-synthesis, to simplify the implementation of speech-interaction for de-
velopers and creating new opportunities for business workflows (Chen, Hakkani-
Tur, & He, 2016; Kepuska & Bohouta, 2018; Zeroual & Lakhouaja, 2018). Empow-
ered by improvements associated with artificial intelligence (Al), systems are able
to promote better human-machine interaction, but the main indicators of continu-
ous use and satisfactory user experience are not well enough discovered (Yang &
Lee, 2019).

To fill up this research gap, this study analyses specific use-cases to research
specific features that can benefit from an Al-Implementation to close existing weak
points in process flows in terms of usability, especially in navigation, information
overload and incorrect information delivery and lack of system communicative-
ness (Lambeck, Fohrholz, Leyh, & Miiller, 2014; Lambeck, Muller, Fohrholz, &
Leyh, 2014; Wong, Veneziano, & Mahmud, 2016).

The combination of voice input and output with a display provides the full
range of audio- and visual interaction, levelling up the user experience and the way
in which software can support the user in everyday work (Nishimura et al., 2018).
The expectation from users of the business application will most probably be that
voice commands are also available in the ERP-System and an IPA will guide the
user through the application (Saran, 2018). Besides basic features like setting up
reminders, searching for documents, scheduling meetings or navigating through
workflows (Sarikaya, 2017; Wilson & Bataller, 2015), the IPA has also the capability
to support completely new features, which have never been provided and re-
searched in business context before. Based on Data and configurations, the IPA is
able to explain complex reports to the user (Hiisson & Holland, 2019a).

Although the research sector of analysing data — especially descriptive analyt-
ics — is a well-known field with few research-gaps in specific topics (H. Cao,
Wachowicz, & Cha, 2018; Hans & Mnkandla, 2017) and researches in the field of
data visualisation are in an advanced status (Collins et al., 2018), the IPA technolo-
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gies open up new possibilities whose impact on business processes should be ana-
lysed and evaluated. The combination of speech synthesis and data analytics in the
context of an IPA in business opens new opportunities using text-to-speech tech-
nology and visualisations to explain complex analysis to the users. The use of this
technology has not yet been sufficiently researched, which leaves a research gap
that needs to be filled through the implementation of a prototype and evaluation

of the application possibilities in business processes (Hiisson & Holland, 2019a).

The adoption of technology is an important field of research (Lai, 2017;
Venkatesh & Davis, 2000) and justifies this thesis to address the discovered research
gaps in the field of information systems and investigates the impact of Al-driven

features on business processes in general and especially in context of IPAs.

1.2.  PROBLEM OUTLINE AND OBJECTIVE

The present time is mostly run by information and dynamics, never in the
history of mankind has more data been collected and made easily accessible as it
is today (P. Ulrich, Becker, Fibitz, Reitelshofer, & Schuhknecht, 2018) and never
have companies had to adapt more quickly to changes in the environment in order
to remain relevant and competitive (Bughin & Van Zeebroeck, 2017). One of the
most important drivers for companies to be successful is the digitalisation
(Fleischer, Hiisson, & Brouns, 2018; Lenz, 2018). Big Data and Al are the enablers
for breakthrough technologies, accelerating the speed of digitalisation and result-
ing in a need for a complete reengineering of business processes (Baccala et al.,
2018; Hecker et al., 2017).

This is especially true for small- and medium-sized enterprises (SME). Digital
transformation can be very challenging. A current study with 2.500 SMEs in five
European countries shows that the focus of digitalisation in 2019 was clearly on
very basic functions like electronic invoicing (60% engaged; 24% planned to engage
within next two years) and Software to facilitate collaborative work (60% engaged;
21% planned to engage within next two years), the use of Big data (32% engaged;
30% planned to engage within next two years) and Al (20% engaged; 29% planned
to engage within next two years) is not yet highly prioritised in most of the SMEs
(Abel-Koch et al., 2019).
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These results show a clear need that processes in SME have to be supported
by Software Systems like ERP, to modernise the workflows and integrate Al-driven
functions in workflow-chains (Sargut, 2019). For that purpose, the architecture of
ERP-Systems has to be analysed (Habadi, Samih, Almehdar, & Aljedani, 2017) and
Al-features like prediction and speech-interaction (Grover, Chiang, Liang, &
Zhang, 2018; Rzepka & Berger, 2018) have to be implemented for evaluation of the

usefulness in business context.

1.3. RESEARCH QUESTIONS

As stated in the previous subchapter of the thesis, Al is an important driver
of digitalisation, but as it follows later in this dissertation, Al shall be viewed as just
a word, subsuming different technologies (Tredinnick, 2017). Considering the spe-
cific environment of SME of the service sector (Ferreira, Azevedo, & Cruz, 2011)
there are different research questions which will lead through the thesis, to close
the research gap identified in chapter 1.1.

The main research question (MRQ) is:

“Which specific AI- and IPA-features are being recognised as useful in a busi-

ness context of SMEs in the service sector?”

In order to operationalise the research, the main research question will be
developed based on the following questions:

RQ1: “What is the current state of Artificial Intelligence combined with IPAs in a

business context for SMEs in the service sector?”

RQ2: “In what areas Al- and IPA-Features can improve processes in small- and

medium-sized service enterprises of the service sector?”

RQ3: “Which kind of processes are being affected by Al- and IPA-Features and
which kind of specific features are helpful?”

RQ4: “What are the limitations of Al and IPA-Feature implementation in SME?”

RQ5: “What is the economic saving potential and business benefit of Al and IPA-

supported processes?”
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1.4. METHODOLOGY & RESEARCH OBJECTIVES

To answer research question 1, a literature research was performed, to con-
tribute to the emerging character of the dissertation topic (Snyder, 2019). And to
retrieve relevant publications so as to stay up to date in the fast-moving research
field of Al the following databases have been frequently queried for literature dur-

ing the timespan of June 2018 and June 2020:

e IEEE Xplore (http://www.ieee.org/web/publications/xplore/)

e Science Direct — Elsevier (https://www.sciencedirect.com/)

e Springer Link (http://www.springerlink.com)

e Web of Science — Thomson Reuters (http://webofknowledge.com)
e ACM Guide to Computing Literature (http://dl.acm.org)

Due to the different aspects of RQ1 in combination with technological
changes, the literature was first identified using the search terms “artificial intelli-
gence”, “intelligent personal assistant” and “machine learning”. The focus was
then narrowed down to include the economic context by adding the keywords “en-
terprise” and “business” and the limitations regarding the service industry by add-
ing the keywords “service sector” and “service industry”. Also, within the context
of SMEs keywords such as “small- and medium sized” and “SME” were used to

identify relevant literature in order to answer the research question (Franke, 2017).

To investigate the research questions 2, 3, 4 and 5, design science research
(DSR) was used as a framework to develop and verify the prediction of the impact
of Al-based IPA-Features as artifact in a business context (Hevner, March, Park, &
Ram, 2004).

The paradigm of DSR has become central to the study of Information Systems
over the last 20 years. In general, the objective of DSR is to produce knowledge
about how to create innovative solutions for important problems in the form of
constructs, methods, models and instantiations. DSR strives to deliver knowledge
about how things can and should be constructed, arranged or designed. In this re-
spect, design knowledge describes means-end relationships between problem and
solution spaces. DSR is in an ideal position to make contributions to both research
and practice. (vom Brocke, Hevner, & Maedche, 2020)


http://www.ieee.org/web/publications/xplore/
https://www.sciencedirect.com/
http://www.springerlink.com/
http://webofknowledge.com/
http://dl.acm.org/
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The origins of DSR can be traced back to 1996 and come from the field of
engineering and the sciences of the artificial (Simon, 1996). It is essentially a prob-
lem-solving paradigm and aims to extend human knowledge through the creation
of innovative artifacts and the generation of design knowledge about innovative
solutions to real-world problems (Hevner et al., 2004). As a result, the DSR has be-
come more and more established in the field of information systems discipline
(March & Storey, 2008). However, the literature also discusses whether DSR is a
methodology, method, paradigm or approach (Woodhill, 2012). In the literature,
DSR is now predominantly seen as a paradigm (Deng & Ji, 2018; Hevner & Gregor,
2016; Peffers, Tuunanen, & Niehaves, 2018). Through its practice-oriented research,
DSR is not only involved in many studies on new technologies such as chatbots
(Feine, Adam, Benke, & Maedche, 2020), but also in the expansion of established
technologies such as ERP (Lin, Nagai, Chiang, & Chiang, 2020; Omar & Gomez,
2016) and can also be used for the analysis of individual business processes
(Gumiran & Gumiran, 2019).

DSR was chosen in this dissertation because of the focus on solving practice-
relevant problems using rigorous methods by developing effective artifacts (Deng
& Ji, 2018; Wilde & Hess, 2007). In addition, DSR is able to extend the boundaries
of human and organisational capabilities by designing new and innovative artifacts
represented by constructs, models, methods, and instantiations (Hevner, vom
Brocke, & Maedche, 2019). For that purpose, a prototype of an IPA was developed
as an artifact using DSR for providing guidance during the development- and eval-
uation process as part of information system research. Figure 1 presents the DSR-

Framework which is used as a guideline for this thesis.



INTRODUCTION 7

Environment Relevance | Design Science Rigor Knowledge Base
Cycle Research Cycle
Application Domain | | Develop — | Foundations
- People - Artifact & - Scientific Theories
- Organisational Processes & Methods
Systems - Experience &
- Technical Systems Business o | Applicable Expertise
- Problems Needs 2 N oes WS |Knowledge | . Meta-Artifacts
& Opportunities 2 —— - Design products
- Design processes
Evaluate
t \ )
Application in the Additions to the
Appropriate Environment Knowledge Base

Figure 1: Design Science Research Framework

[source: Hevner (2007) and Hevner et al. (2004)]

As part of the DSR-Framework, seven guidelines (Hevner et al., 2004) are de-
fined to direct through the research process and assure a relevant outcome as a
contribution to the knowledge base and the scientific community. However, as it is
usual in the scientific community, there are also other views on the guidelines,
which particularly criticise an overly strict interpretation in the evaluation
(Venable, 2010). To meet this point of criticism, the guidelines are applied in this
thesis, but not as an absolute guideline, but more as an orientation aid. Table 1 gives
an overview of the mentioned Guidelines and the usage in this thesis.
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Table 1: DSR Guidelines and Usage

DANIEL HUSSON

Guideline

Description

Usage

Guideline 1:
Design as

an Artifact

Guideline 2:
Problem

Relevance

Guideline 3:
Design Eval-

uation

Guideline 4:
Research
Contribu-

tions

Guideline 5:
Research

Rigor

Guideline 6:
Design as
a Search

Process

Design-science research must pro-
duce a viable artifact in the form of a
construct, a model, a method, or an in-

stantiation.

The objective of design-science re-
search is to develop technology-based
solutions to important and relevant
business problems.

The utility, quality, and efficacy of a
design artifact must be rigorously
demonstrated via well-executed eval-
uation methods.

Effective  design-science research
must provide clear and verifiable con-
tributions in the areas of the design
artifact, design foundations, and/or

design methodologies.

Design-science research relies upon
the application of rigorous methods
in both the construction and evalua-

tion of the design artifact.

The search for an effective artifact re-
quires utilising available means to
reach desired ends while satisfying

laws in the problem environment.

Instantiation derived from re-
search gap! results in an artifact
representing a usable IPA-Proto-
type and machine learning (ML)
framework in a business context
ERP-System, IPA and ML are top
relevant topics in a business con-

text?

Constant exchange with experts,
survey with ERP-Users and ad-
ditionally defined measurement
parameters as objective evalua-
tion parameters

The research outcome is design
foundations for IPA-and ML-
Workflows in a business context
inclusive a guideline for imple-
mentation, based on use-case-
evaluations

Design phase based on theory-
framework for IPA and ML-
Frameworks, evaluation is
grounded on previous research
approaches

Evaluation of different features,

derived from business problems

! Compare chapter 1.1.

2 Compare chapter 2.
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Guideline 7:  Design-science research must be pre-
Communica- sented effectively both to technology-
tion of oriented as well as management-

Research oriented audiences.

The artifact was frequently pre-
sented in scientific conferences
namely 3. Data Science Forum
(Hiisson,  2019a), WMZ2019
(Hiisson & Holland, 2019a) and
Bled eConference 2019 (Hiisson
& Holland, 2019b) and on busi-
ness summits Vemas.Inside
2019 & 2020 (Hisson, 2019b;
Hiisson, Huppertz, &
Hinterding, 2020). In Addition,
partially results have been pub-
lished in the Scopus ranked jour-
nal , Business Systems Research
Journal”? in 2020 (Hisson,

Holland, & Sanchez, 2020).

[source: based on Hevner et al. (2004)]

3 For more details about the journal see http://www.bsrjournal.org/.
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Figure 2 presents a brief overview of the phases of the development of the
artifact, catching up the DSR aspect of the design cycle and rigour cycle as pre-

sented in Figure 1.

Conferences

International Scientific Conference
08.11.2018 Sopron (Hungary)

3. Data Science Forum
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Figure 2: Research-Cycle

[source: own representation]

The usage of a prototype aligns with top-notch researches in Human-com-
puter interaction (HCI) as a methodology to explore users’ performance, behav-
iours and attitudes towards the IPA (L. Clark et al., 2019). All steps in the research-
cycle are leading to the answering of the research questions. For a better under-
standing of the overall context, Figure 3 combines the research questions with the
research methods and provides further details about the scientific work to be able

to answer the research questions adequately.
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Figure 3: Research questions and research methods

[source: own representation]

By deriving use cases from literature in conjunction with the constant ex-
change in practice, the artifact is developed and iteratively extended with func-
tions. The aim is the prototypical implementation of a speech assistant for a busi-
ness application and an ML framework for the implementation of prediction func-
tions in the context of business processes. Based on the final version of the IPA and
the ML-Framework, the last stage of the evaluation will lead to an expert interview
to discuss the features and their impact on specific workflow types and also iden-
tify the influencing factors that determine whether an Al function is considered
useful. The results of the expert interview will be validated by a survey among the
experts and data will be collected for a cost-benefit analysis. Figure 4 summarises

the steps for the expert interviews.
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Figure 4: Process of expert interviews

[source: based on (Glaser & Laudel, 2010; Kepper, 1996; Mayring, 2015)]

The combination of user surveys, use cases, artifact, process measurements
and expert interviews presented in this chapter is considered in the literature to be
appropriate for achieving the research objectives and is considered appropriate for
a dissertation (Mommsen & Portmann, 2017).

1.5. SCOPE AND LIMITATIONS

The interdisciplinary research field of Al and business processes are complex
and multi-faceted. According to new features and improvements enabled by Al,
new technologies are approaching fast and processes are underlying a constant
change, (Baccala et al., 2018; Kunwar, 2018). Future trends are difficult to predict,
and e.g. a breakthrough in the field of quantum computing can exponentially ac-
celerate changes and push the limits of what can currently be achieved with classi-
cal algorithms in unexpected ways (Arute et al., 2019). Besides the technical aspects,
there are also research fields in the areas of privacy and ethical implications
(Chung, Iorga, Voas, & Lee, 2017; Manikonda, Deotale, & Kambhampati, 2017) with
a high research relevance and up-to-date research questions.

This dissertation will exclude the above-mentioned topics as much as possi-
ble in order to ensure targeted research. The focus of this thesis is on the influence
of Al on business processes in SME in the service sector. This influence will be an-
alysed by means of a case study in which a functional system in the form of an
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intelligent personal assistant and ML-Framework was developed and imple-
mented in an ERP-System specialised on processes in service companies. For that
purpose, a more practical focus was set, using the DSR-Framework as presented in
chapter 1.4.

In order to contribute to the wide spectrum of Al the previous mentioned

focus will also be set in specific technologies, to narrow the research focus to rele-
vant technologies and promising attempts to answer the research questions.

1.6. STRUCTURE OF THE DISSERTATION

The structure of the dissertation contributes to the research approach pre-
sented in the previous subchapters. Figure 5 gives a brief overview of the setup,
regarding the main scientific method used in the specific chapter and the research
design behind.

Introduction

¢ Literature Descriptive Research:
|

% Review Theoretical-deductive

o :
ExPerlment Design Science Research
® Questionnaire

e Content Exploratory Research:
Analysis Empirical-inductive

® Triangulation

W &Validation

Figure 5: Overview Dissertation Structure

[source: own representation]
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Chapter 2 is designed as the theoretical foundation of this dissertation, ana-
lysing the existing research literature and giving a state-of-the-art overview of rel-
evant research aspects. Within the subchapters the focus will be narrowed from Al
in General, to Al in business processes, adding the context of SMEs and ERP and
bringing all theories together in chapter 2.6 as a solid base for the development of
the specifications of the artifact as the main research object for answering the re-
search questions. By deriving use cases based on the literature, the theoretical basis
for the implementation of an artifact is created and the foundation is laid for the
analysis of the impact of Al on SMEs’ business processes in the service industry.
This chapter will also contribute to answering the first research question RQ1.

Chapter 3 deals with the DSR and derives artifact features from the theoreti-
cal base in combination with a strong practical driven transfer to the business
world. The steps of the artifact development will be worked out and insights about
the evaluation steps and results will be provided contributing to the rigour cycle of
the DSR. A first version of the artifact will be implemented and evaluated through
a quantitative survey to identify needs for further development and to explore the

impact of specific features on user acceptance.

Within chapter 4 the results of the prototype evaluation will lead to an exten-
sion of the prototype and the integration of the ML-Framework. Based on the final
prototype, use cases are discussed in expert interviews and the effects on the pro-
cesses are extrapolated. Likewise, the factors influencing usefulness are extracted
on the basis of the expert interviews. These are systematised and categorised within
this chapter. To validate the results, the experts are interviewed again based on a
quantitative survey in order to verify and rank the influencing factors and to deter-
mine data for the cost-benefit analysis. Based on the collected data, a cost-benefit
analysis is carried out for the monetary evaluation of the influence of Al on busi-
ness processes. For the final evaluation, an experiment will be carried out on the
basis of the prototype in order to check the experts' assessments of the optimisation
potential by giving examples. The results will be used to derive a guideline for
adapting processes to support the conversion of processes by implementing IPA
and ML-Functions. The chapter concludes by answering research questions RQ2 —
RQ5.
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Finally, in chapter 5 the thesis is rounded off by the compilation and presen-
tation of the results from chapters 3 and 4 as well as an overview of the most im-
portant objectives. The chapter also provides important contributions for research
and recommendations for the handling of IPA and Al in the business context of
medium-sized enterprises in the service sector. The main research question MRQ
is finally answered in this chapter and the theoretical and practical implications are
elaborated here. Furthermore, possible research topics are elaborated and a final

remark on the entire thesis is made.






2. CURRENT STATE OF ARTIFICIAL INTELLIGENCE IN
COMBINATION WITH INTELLIGENT PERSONAL ASSISTANTS

Within this chapter the theoretical basis for the dissertation is created. The
current state of research on Al combining IPAs in the context of business processes
of SMEs in the service sector will be developed. The aim of this chapter is to answer
the first research question (RQ1):

“What is the current state of Artificial Intelligence combined with IPAs in a business con-

text for SMEs in the service sector?”

The chapter gives an overview of the current state of research and actual
trends in the field of Al regarding IPAs based on latest literature*. Main drivers will
be identified to explore the impact on processes in SMEs. As part of the theoretical
foundation of this dissertation a definition of Al will be provided to set scope for
the literature review. Step by step, the focus is narrowed further in the theoretical
consideration, in order to finally address the exact specifics of the use of Al in pro-
cesses of SMEs and to create the framework for the DSR part of this dissertation as

well as to provide an answer for RQ1.

2.1. DEFINING ARTIFICIAL INTELLIGENCE

The hour of birth of Al is dated in the literature as early 1940 when the Three
Laws of Robotics were developed as part of the short story Runaround by the Amer-
ican Science Fiction writer Isaac Asimov (Bizony, 2015; Haenlein & Kaplan, 2019).
In 1950 Alan Turing published an article describing how to create and test intelli-
gent machines (Turing, 1950), even today, the Turing-Test is still considered as a

benchmark to identify intelligence of an artificial system (Kunwar, 2018). Six years

4 The chapter was written in Spring 2020 based on the literature research in the
timeframe June 2018 and June 2020 as stated in the methodology part, so it is
a snapshot of state-of-the-art research at this time. Due to fast and unpredictable
changes it is impossible to keep the chapter up to date for the hole period of the

writing-phase of this dissertation.
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later, the word “Artificial Intelligence” was officially coined (Haenlein & Kaplan,
2019). Marvin Minsky and John McCarthy (1956) used it for a Workshop named
Dartmouth Summer Research on Al and worked out a definition: “making a machine
behave in ways that would be called intelligent if a human were so behaving” (McCarthy,
Minsky, Rochester, & Shannon, 2006).

Since this definition is referring to the human intelligence, it is therefore nec-
essary to define human intelligence so as to understand how to benchmark Al in
competition with human intelligence. A common definition of human intelligence
was given by Howard Gardner:

“a biopsychological potential to process information that can be activated in a cultural setting to

solve problems or create products that are of value in a culture” (Gardner, 2000, pp. 33-34)

But more recent definitions of Al are no longer directly referring to human
intelligence, rather, the focus is emphasized on the way of interacting with the en-
vironment:

“Al is a general term that currently refers to a cluster of technologies and approaches to compu-
ting focused on the ability of computers to make flexible rational decisions in response to often

unpredictable environmental conditions.” (Tredinnick, 2017)

The most relevant definition® for AI was worked out by Russell and Norvig:
“The designing and building of intelligent agents that receive precepts from the environment and

take actions that affect that environment.” (Russell & Norvig, 2016)

In the specific context of this dissertation — which is more in the field of data-
driven research — the following definition introduced by Kaplan and Haenlein will
be used:

“... we define Al as a system’s ability to interpret external data correctly, to learn from such data,
and to use those learnings to achieve specific goals and tasks through flexible adaptation.”

(Kaplan & Haenlein, 2019)

This definition contributes more to the learning aspect, which is part of the
Al-Implementation for the IPA that will be focused on within the next chapter. Fig-
ure 6 presents an overview of the Performance-components of artificial intelligence.
In chapter 2.3 the ML-Part will be explained in more detail and in context of IPAs
due to its relevance for the theoretical foundation of this dissertation.

5 Indicated by 33.800 citations on google scholar (Status date: 01.03.2020).
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Artificial Intelligence
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Machine Learning
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Special algorithms to support machine learning

Deep Learning
(DL)

Figure 6: Performance components of artificial intelligence

[source: based on (Kreutzer & Sirrenberg, 2019, p. 4)]

2.2.  DEFINING INTELLIGENT PERSONAL ASSISTANT

Initially, speech-recognition portrays to be something that started in the
2010s, the time when fully functional IPAs like Cortana or Alexa were first intro-
duced to the market (Yang & Lee, 2019), when at an actual fact, the technology
behind speech-recognition already started in the early 1950s by means of under-
standing digits of the ten-digit series (Davis, Biddulph, & Balashek, 1952). Due to
the complexity of languages and individual pronunciation, a lot of research effort
was required from understanding single numbers to full sentences and interact
with users via speech synthesis resulting in intelligent dialogue systems such as
Alexa, Siri or Google Assistant (Juang & Rabiner, 2004; Knote, Janson, Séllner, &
Leimeister, 2019).
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But what exactly is an IPA? Having a closer look at the definition of intelli-
gent personal assistant, the corresponding patent gives a first hint of the direction:
“an implementation of an intelligent social agent that assists a user in operating a computing

device and using application programs on a computing device” (U.S. Patent Application No.
10/158, 213, 2003)

The extract of this definition is that IPAs are assisting users to handle devices
and applications. This assistance is particularly necessary —referring to chapter 1.1 -
because of the complexity of workflows in the business context. Beside the term
intelligent personal assistant there are other terms like cognitive assistant (Spohrer &
Banavar, 2015), voice assistants (Kaye et al., 2018), smart speaker (Hashemi, Williams,
Kholy, Zitouni, & Crook, 2018; Koo, Kim, & Nam, 2017), smart personal assistants
(Knote, Janson, Eigenbrod, & Sollner, 2018) or personal digital assistants (Sarikaya,
2017) addressing the area of HCI. All these different terms are showing that there

is a strong need to clarify the term in the context of this work.

Within this dissertation, the term IPA will be consistently used and inter-
preted as a combination of a device with (touch-) screen, microphone and speaker
in addition to an application which is able to interact with the user through speech-
recognition (speech-to-text), speech-synthesis (text-to-speech) — both as parts of
natural language processing — and commands inside the software. The aspect of

intelligence is met by the usage of machine learning algorithms.
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Figure 7: Two conceptualisation of IPAs

[source: based on (Maedche et al., 2019, p. 4)]

Figure 7 presents the conceptualisation of IPAs — the social-technical system
and the application class —involved in the complex interaction schema in the trian-
gle of human, task fulfilment and technology support. Socio-Technical aspects are
relevant for the acceptance of IPAs, sending social signals like linguistic style and
reply speed which can improve the user experience (Gnewuch, Feine, Morana, &
Maedche, 2020) and will be considered in the design aspects of the artifact. The
figure also indicates ML as a key component in the technology aspect. Figure 8
summarises the interaction model of an IPA, transcribing the speech utterance into
a word sequence to perform natural language understanding (NLU), leading into
a semantic interpretation of the user input to evaluate the completeness, if neces-
sary to determine further information via a dialogue system and finally to deter-
mine the appropriate action and transmit the result to the user via speech synthesis
(Bellegarda, 2014).
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Figure 8: intelligent personal assistant interaction model

[source: based on (Bellegarda, 2014, p. 4)]

In order to lay the theoretical foundation for these components, the term Ma-
chine Learning will be developed in the next chapter and defined in the context of
this dissertation by setting the focus on NLP, data-driven decision-making and pre-
dictive analytics.
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2.3. DEFINING MACHINE LEARNING

Many current advances in the areas of Natural Language Processing (NLP)
and Computer Vision (CV) can be traced back to further developments in the field
of Machine Learning (ML) (Learned-Miller, 2011; Liu, Li, & Thomas, 2017; Mahata,
Kuriakose, Shah, Zimmermann, & Talburt, 2018). The history of ML lays back in
the late 1950s, where the pioneer in the field of computer gaming, Arthur Lee Sam-
uel devised that a computer can learn the Game of Checkers and is able to play it
better than the developer of the program (Samuel, 1959). Almost 40 years later in
the year 1997, the World Chess Champion Garry Kasparov was defeated by the
chess machine Deep Blue (M. Campbell, Hoane, & Hsu, 2002) and 19 years later, in
March 2016, the software program AlphaGo was able to defeat the world best pro-
fessional go-player from South Korea Lee Sedol (Silver et al., 2016). The game “Go”
has a large number of moves, which exponentially yields many ways that the game
may unfold. In addition, it is very difficult to understand who is winning in the
given position, so it was a big surprise even for optimistic scientists in the area of
Al that the computer won the match (Bouzy & Cazenave, 2001; Holldobler, 2017).

For a closer understanding of the power and functions of ML a definition is
necessary and a very simple but clear one comes from Yuxi Li:

“Machine learning is about learning from data and making predictions and/or decisions.”
(Y. Li, 2017, p. 7)

According to the examples mentioned in this chapter, software using ML-
Technology is able to compete with experts in specific areas — not only in games -,
so it is not surprising that ML is replacing older algorithms in many applications
(Brynjolfsson & Mcafee, 2017).
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2.3.1. Machine learning and natural language processing

NLP and CV substantially benefited from advances in ML — specifically deep
learning® (DL) — and brought speech recognition to a new level where it is able to
support human machine interaction and allow a natural way of communication
with applications (Cambria & White, 2014; Kunwar, 2018; Lopez & Kalita, 2017).

According to Chowdhary (2020), NLP is “[...] a collection of computational tech-
niques for automatic analysis and representation of human languages [...].” (Chowdhary,
2020, p. 604).

Figure 9 presents important topics in NLP in context of Al

Artificial Intelligence
automatic speech (Al)

Recognition (ASR)

Natural Language
Processing
named entity (N LP) text

recognition (NER) categorization

part-of-speech Natural Language

Tagging (POS) Understanding
dialogue (NLU) sentiment
agents analysis

&
Natural Language
Generation
(NLG)

text-to-speech
(TTs)

Figure 9: NLP in context of AI
[source: based on (MacCartney, 2014)]

In the context of this dissertation, text-to-speech (TTS) and automatic speech
recognition (ASR) are crucial components for IPA implementation, therefore the

underlying technologies and their development are described below.

¢ For more Details about Deep Learning and the technology behind it see
(Hinton, 2007).
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TTS allows synthesizing artificial human speech from text and is an essential
component in many applications such as navigation systems or IPAs (Arik et al.,
2017). The intelligibility and quality of statistical parametric speech synthesis in-
creased in the last years (Zen, Tokuda, & Black, 2009). Empowered by deep neural
networks, TTS is able to provide clear speech and pronunciation based on text
(Valentini-Botinhao, Wang, Takaki, & Yamagishi, 2016). With TTS, the first module
for user interaction in the IPA area is available and allows voice output. ASR is

required for receiving voice commands.

The commercial roots of ASR can be traced back to 1972 and the IBM’s
Thomas J. Watson Research Center (Mercer, 1983). In 1999, ASR was already iden-
tified as an important technology for information extraction and retrieval (Furui,
1999). This great potential combined with the high expectations, met in the middle
of the 2000s with technology that was not yet fully developed and led to acceptance
of problems in some places (Kraal, Dugdale, & Collings, 2006). Figure 10 presents
the main components in a speech recognition system from signal input through
acoustic, lexical and language models to recognised words, indicating that the con-

ceptional Framework was already available in the beginning of 2000s.

‘ Applying Constraints
Acoustic Lexical Language
Models Models Models
// Recognised
\ yd Words
‘/
: N
'Illlllll Representation —

Figure 10: Major components in a Speech Recognition System

[source: based on (Glass & Zue, 2003)]

Speech
Signal

During the years, different methods for speech recognition were developed
in order to increase the performance measured in accuracy and speed, whereby the
word error rate (WER) is the most important indicator for accuracy and on the other
hand, real time factor is the most important indicator for speed (Gaikwad, Gawali,

& Yannawar, 2010). In the beginning of the 2010s free open-source toolkits like
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Kaldi were developed for building complete recognition systems and opening up
speech recognition for a wide community of users (Povey et al., 2011). The Mi-
crosoft 2017 Conversational Speech Recognition System was able to push the WER
under the error rate of humans, showing that ASR can outperform humans (Xiong
et al., 2018).

Based on DL architecture systems are not only able to recognise words, but
are also able to recognise emotions (Fayek, Lech, & Cavedon, 2017). Empowered
by advances in NLP based on DL, google introduced a new technology in the mid-
dle of 2018 called google duplex in order to bring natural conversations in real
world tasks like confirming appointments or reservations over the phone (Vasuki &
Sujitha, 2019).

Google Duplex interacts in a very natural way, such that it is almost impos-
sible for the user to find out that he is talking to a machine (O’Neal, 2018). This
already shows the technical possibilities in the field of speech interaction and fur-
thermore, the technological supremacy of google in this area becomes clear
(Képuska, 2017).

There are numerous other use cases in the field of NLP, especially through
text mining and the combination of different frameworks, for example, extensive
automated searches can already be carried out today, even in a scientific context,
to get an overview of scientific articles to enhance the authoring of scientific review
articles (Buchkremer et al., 2019). The proactive monitoring of social media chan-
nels can also be improved with the help of ML and corresponding text mining
methods and, for example, it is possible to react at an early stage to statements that
endanger the reputation of the company (Russack & Buchkremer, 2017). These ex-
amples show the wide range of possible applications and at the same time illus-
trates the necessity to define the focus precisely within the framework of this dis-
sertation with the aim to formulate relevant technologies in a targeted manner.
A dependence on all possible technologies is neither target-oriented nor realistic.
Therefore, the focus will be on those NLP-Technologies that have been identified

as relevant by own evaluations or relevant journal articles.
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2.3.2.  Machine learning and data-driven decision-making

Another relevant aspect of ML in context of this dissertation is the use of data to
support decision-making. Due to the complexity of business dynamics, decision
makers are often forced to make decisions based on their experience or subjective
mental models (Salas, Rosen, & DiazGranados, 2010), but according to a reasonable
amount of reliable data, ML algorithms are already able to support decision makers
by predicting future trends for key performance indicators (Bohanec, Kljaji¢
Borstnar, & Robnik-Sikonja, 2017).

A common term in this research field is data driven decision making (DDD)
which refers to the practice of basing decisions on analysis of data rather than pure
intuition (Provost & Fawcett, 2013). The benefits of DDD have been analysed by
Economist Erik Brynjolfsson and colleagues from MIT and Peen’s Wharton School,
showing that the more data driven a company is, the more productive it is and the
difference in productivity is significant: one standard deviation higher on DDD

scale associates with 4-6% increase in productivity (Brynjolfsson, Hitt, & Kim, 2011;
Brynjolfsson & McElheran, 2016).

As mentioned before, reliable data is necessary for valid analytics to support
decision making. In the specific background of this dissertation, the internal data
like Customer-Meta-Information, Opportunities, Orders, Invoices and Support-
Tickets will be generated within an ERP-System and external data can be added
e.g., from the federal statistical office’. This is already the first part of the Lifecyle
of data analytics as presented in Figure 11 and is called Integration. The next part
is to handle and transform the data into a usable format, followed by the analysis
to get an understanding about the data to make a prediction for effective use in
decision making for the determination of future results that give validation of the
derived model (Blessy Trencia Lincy & Suresh Kumar, 2018).

7 An online access via webservice is available for the German federal statistical

office, see https://www.destatis.de/DE/Service/OpenData/api-webservice.html.
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Figure 11: Lifecycle of data analytics
[source: based on (Blessy Trencia Lincy & Suresh Kumar, 2018, p. 322)]

In the literature usually two essential types of analysis are represented
(Scholkopf, Platt, Shawe-Taylor, Smola, & Williamson, 2001):

1. Descriptive
2. Predictive

Descriptive analytics is focused on past events, data summarisation and the
production of various information. The main output is the identification of business
opportunities and problems (Delen & Demirkan, 2013). Predictive analytics uncov-
ers patterns and relationships within data and can be used to predict events and
behaviour because the main focus is to anticipate the future using past events
(Eckerson, 2007). Later on, the term prescriptive analytics was coined as a combi-
nation of descriptive and predictive analytics to optimise the identification of the
best alternative to maximise or minimise objectives (Evans & Lindner, 2012). As a
natural extension of descriptive analytics the diagnostic analytics examines data in
order to provide an answer to the question “why did it happen?” using drill-downs,
visualisation, data discovery or data mining to identify the root causes of the prob-
lem (Amirian et al.,, 2017; Delen & Ram, 2018; Delen & Zolbanin, 2018).
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Figure 12 presents an overview of the different types of analytics, the correspond-
ing questions and their value and level of difficulty in order to provide reliable

analytics and answer the given question.
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Figure 12: Types of analytics
[source: based on (Delen & Ram, 2018, p. 9)]

But important decisions should not only rely on DDD alone in combination
with the intuition of decision makers. The aim should be data-informed decision
making (Potancok, 2019).

Because of limitations in time and complexity in specific research areas
within this dissertation, the focus will be set to descriptive analytics, predictive an-
alytics and diagnostic analytics. Prescriptive analytics, as the highest echelon in an-
alytics hierarchy (Delen & Ram, 2018) has to be part of further researches in context
of IPAs. The selected types of analytics are sufficient to answer the research ques-
tions raised. For that purpose, different aspects of predictive analytics will be pre-

sented in the next chapter.
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2.3.3. Machine learning and predictive analytics

Like the life cycle of data analytics, the prediction process can also be divided
into four steps (Mishra & Silakari, 2012):

1. data collection and pre-processing raw data

2. data transformation according to the selected ML method

3. creating learning model (training) based on the transformed data
4. using the created learning model in order to make a prediction

Other processes such as Knowledge Discovery in Databases (KDD) consist of
five stages namely; (selection, pre-processing, transformation, data mining and in-
terpretation/evaluation) (Azevedo & Santos, 2008). The Cross Industry Standard
Process for Data Mining (CRISP-DM) refers to six stages as a cycle of Business Un-
derstanding, Data Understanding, Data Preparation, Modelling, Evaluation and
Deployment as presented in Figure 13 (Wirth & Hipp, 2000).

Data
Understanding

Business
Understanding

A —

Data
Preparation

Deployment
Modelling

Evaluation

Figure 13: Phases of the current CRISP-DM Process Model for Data Mining
[source: based on (Wirth & Hipp, 2000)]
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Within predictive analytics the predictor is the main element, representing
measurable variables that are able to predict the future behaviour of an entity or
individual (Mishra & Silakari, 2012; Vafeiadis, Diamantaras, Sarigiannidis, &
Chatzisavvas, 2015). Convenient packages in R or Python provide ML algorithms
that support functions like regression, decision trees, or random forest to generate
models for data prediction (Mullainathan & Spiess, 2017). However, due to the low
entry barriers to applicability, there is also a risk that predictions are made on the
basis of unsuitable data or methods, therefore validation of the result and critical
questioning is of paramount importance (Hardt, Price, & Srebro, 2016). To justify
this risk, the prediction model must be created and verified by expert knowledge
and proven theories in order to obtain a valid forecast (Shmueli & Koppius, 2011).

For an improved understanding of this dissertation Table 2 presents relevant
ML-Algorithms that are derived from the literature and also their usage for predic-

tion or classification to evaluate their applicability in the development of the artifact.

Table 2: Machine learning algorithms and description

ML Description
algorithm
Linear The simplest form of regression, uses the formula of a straight line

Regression y = mx + ¢ to determine the values for m and c to predict the value of y
(LinR) based on input parameter x
(Mishra & Silakari, 2012)

Logistic Bases on logit (natural logarithm of an odds ratio), well suited for de-
Regression scribing and testing hypotheses about relationships between a categori-
(LogR) cal outcome variable and one or more categorical or continuous predic-
tor variables
(Peng, Lee, & Ingersoll, 2002)

Decision tree A decision tree is a sequence of binary splits of the data, highly practical

(DT) method for generalizing from examples whose class membership is
known, most common approach to inducing a decision tree is to parti-
tion the labelled examples recursively until a stopping criterion is met
(Roe, Yang, & Zhu, 2006; Utgoff, Berkman, & Clouse, 1997)
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Boosted
Decision
Trees
(BDT)

Random
Forest
(RF)

Neural
Network
(NN)

Support
vectors
(SV)

Bases on Decision trees, which are powerful, but unstable, slight change
in the training data can produce a large change in the tree, this is reme-
died by the use of boosting. For boosting, the training events which were
misclassified (signal event fell on a background leaf or vice versa) have
their weights increased (boosted), and a new tree is formed, the proce-
dure is repeated for the new tree.

(Roe et al., 2006)

The method originates from the machine learning and data mining com-
munity and operates by first constructing a multitude of decision trees on
training data. The predictions from the individual trees are summarised,
either by taking the mode of the predicted classes (in classification) or by
averaging the predicted values (in regression). This way, random forests
reduce the tendency of over-fitting and the variance compared to regular
decision trees, and, hence, are a common powerful tool for prediction.

(Groll, Ley, Schauberger, & Van Eetvelde, 2018)

An artificial neural network consists of an input layer of neurons one or
more hidden layers of neurons, and a final layer of output neurons. Each
connection is associated with a numeric number called weight. Numbers
given to the input neurons are independent variables and those returned
from the output neurons are dependent variables to the function being
approximated by the neural network. Inputs to and outputs from a neu-
ral network can be binary or even symbols when data are appropriately
encoded.

(Wang, 2003)

A support-vector network is a learning machine for two-group classifi-
cation problems. Input vectors are non-linearly mapped to a very high-
dimension feature space. In this feature space a linear decision surface is
constructed. Special properties of the decision surface ensure high gen-
eralisation ability of the learning machine. (Cortes & Vapnik, 1995)

In the Support vector classification binary pattern recognition problem,
one would construct a hyperplane separating two classes, so that the dis-
tance between the optimal hyperplane and the nearest training pattern
be maximal, to enforce the generalisation of the learning machine.
(Burges, 1998)
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Deep Deep learning allows computational models that are composed of mul-
learning tiple processing layers to learn representations of data with multiple lev-
(DL) els of abstraction. These methods have dramatically improved the state-

of-the-art in speech recognition, visual object recognition, object detec-
tion and many other domains such as drug discovery and genomics.
Deep learning discovers intricate structure in large data sets by using the
backpropagation algorithm to show how a machine should change its
internal parameters that are used to compute the representation in each
layer from the representation in the previous layer.

(LeCun, Bengio, & Hinton, 2015)

[source: own representation]

Because of the complexity of ML and the wide variation of algorithms, this
dissertation can only handle the most relevant ones in context of this treatise. Ac-
cording to improvements of hardware — especially in the area of graphic processing
units and in the context of Internet of Things (IoT) — other algorithms may become
more relevant (Shafique et al., 2018). Conforming to the emphasis of the disserta-
tion and the technological context which will be addressed in detail within chap-
ter 3, the main algorithms for predictive analytics will be LinR, LogR, DT, BDT and
RF due to technical preconditions of the underlying machine learning platform.
However, this limitation does not have a negative impact on the possibilities and
quality of predictions, as studies have already found that BDT even gives better

results than NN in some prediction scenarios (Roe et al., 2005).

2.4. ARTIFICIAL INTELLIGENCE AND INTELLIGENT PERSONAL ASSISTANTS
IN BUSINESS PROCESSES

The digital transformation is the main driver for changes in business models
and business processes, to ensure new values for customers and employees in a
constantly changing environment (Ulas, 2019). Improvements in the area of Al are
enabling new processes even in complex contexts such as legal consultancy and are
also accelerating the speed of the digital transformation (Niesen, Houy, & Fettke,
2019). For a better understanding it is important to define the term digital transfor-
mation in the context of this dissertation, since there is no commonly accepted def-
inition (Schallmo, Williams, & Boardman, 2017).
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In the background of this dissertation, the official definition of the German
Federal Ministry of Economics and Energy will be used:
“Digitisation stands for the complete networking of all sectors of the economy and society, as well
as the ability to collect relevant information, and to analyse and translate that information into
actions. The changes bring advantages and opportunities, but they create completely new chal-
lenges.”

(Bundesministerium fiir Wirtschaft und Energie, 2015)

This definition shows the complexity of digitalisation and the interdepend-
ence between companies, customers, employees, and technology. Old rule-based
processes have to be completely reimagined to fit the new requirements in a data-
driven environment (Schallmo et al., 2017). AI will have an increasingly important
role in business operations and effects on the entire process chain (Gil, Hobson,
Mojsilovi¢, Puri, & Smith, 2020). This transformation requires knowledge in digital
technologies and also, an agile organisation, members of staff which are open for
innovations and a leadership giving the direction towards smart processes (Brock &
von Wangenheim, 2019). Figure 14 gives a brief overview of the success framework

for Al implementation.
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INTEGRAL =
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~ Did your firm conduct a data inventory check?

Does your firm own or have access to digital data relevant and suitable to solve the business
problem your DX/Al project is addressing?

Does your firm have a digital strategy?

Does your firm have the managerial/technical skills needed for DX/AI?

Does your firm have a plan to develop and acquire required DX/Al skills?

Is your firm willing and able to tolerate emerging rather than deterministic DX/AI?

Is your firm following an incremental, current business focused approach with your DX/AI
project(s)?
Does your firm have a DX/Al projects roadmap?

Have your firm's core business processes been digitalized?

Has your firm analyzed what existing/new offerings can benefit from DX/AI?

Has your firm integrated all data into one single data repository?

Is your firm'’s existing IT compatible with the DX/Al technology you plan to adopt?

Does your firm know with whom to partner in support of your DX/Al success?
Does your firm know with whom competitors partner in their DX/Al projects?

- Did your firm develop or join an ecosystem to enhance its offerings?

AGILE =

LEADERSHIP =

Has your firm assessed how quickly and frequently it can adapt its processes and offerings
compared to its competitors?

Has your firm assessed how flexible it is in accommodating small, medium, large changes to its
processes and offerings compared to its competitors?

Is your firm's executive team and middle management comfortable and supportive of the
changes that DX/Al will bring to your firm?

Is your firm's executive team and middle management actively endorsing and continuously
communicating the status and progress of your DX/Al activities to all stakeholders?

Figure 14: Proposed Al implementation success framework

[source: (Brock & von Wangenheim, 2019, p. 14)]

This dissertation emphasises concrete processes and use-cases in the area of

IPAs and ML, such that the previously mentioned preconditions for successful

changes in processes are also part of this research and are also necessary for deriv-

ing a guideline for the implementation of the use-cases.
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Digitisation is leading to massive automation of standardised, recurring and
rule-based activities at low to medium qualification level, and on the other hand,
complex as well as control-related tasks with an increased social-communicative
character are having an increase in their importance (Busse, 2020). A Gartner study
predicts, that by the year 2021 25 percent of digital workers will use a virtual em-
ployee assistant on a daily base (Gartner, 2019), especially in the field of customer
service technologies like chatbots can take over routine tasks from humans to free
up time and resources for more demanding tasks (Maedche et al., 2019) and also
reduce the costs significantly (Juniper, 2019). The highest potential for IPAs is the
symbiosis between humans and machines, playing out the relative strengths from
machines in repeatable, highly structured tasks, collecting, storing and processing
huge amounts of data, making predictions and humans handling abstract problems
and fragmented information, using their intuition, empathy or ethics to underpin
decisions (Maedche et al., 2019).

Beside the chatbot example, there are a lot of more Al opportunities to im-
prove business processes. The main aspect of the improvement are reducing search
times and process more data to inform decisions (Tarafdar, Beath, & Ross, 2019).
For a better understanding of the impact of Al on certain business processes, it is
important to work-out use-cases (Akerkar, 2019), to contribute this recommenda-
tion in the specific context of this dissertation and the next subchapters are intro-
ducing use-case structured by different business departments according to SME-
Structures derived from the literature (Iansiti, 2007; Popovic, Puklavec, & Oliveira,
2019; Valaei, 2017).

Figure 15 gives a brief overview of the main components and departments in
enterprises for added value in context of E-Business, whereby the term E-Business
is defined as: “... the initiation as well as the partial or complete support, handling and
maintenance of service exchange processes between economic partners using information
technology (electronic networks)” (Wirtz, 2013, p. 22).
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Figure 15: E-Business and components for added value

[source: based on (Kemper, Baars, & Walid, 2010, p. 7)]

Within the next chapters, business processes in different fields will be ana-
lysed according to the opportunities of the usage of Al-features. For this purpose,
use cases will be derived from the literature as a theoretical basis in order to assess
their relevance for implementation in the context of SMEs and the development of
the IPA and Al-Features in a later stage. Since Al is opening new potentials and
opportunities, it is impossible to address all aspects, so the focus is set to the most
relevant cases, which were derived from the literature within the respective sub-
chapters.

2.4.1. Sales & marketing

Within this chapter use-cases in the area of Sales and Marketing are being
derived from the literature, the focus is on practical applications so that they are
also suitable for later realisation with the IPA and ML-Framework development to

improve the sales performance.

2.4.1.1. Use-Case: Lead management

Lead management is the process of tracking and managing prospective cus-
tomers (Todor, 2016). The first step is to identify potential customers (Uebel &
Helmke, 2017), this process can be empowered by Al matching indicators for po-

tential target groups with large databases and information gathered from the web
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to create a prospect list (Syam & Sharma, 2018). Based on this list, a common technic
to identify high potential customers is lead scoring and within this process, a nu-
merical score is calculated and assigned to the lead based on various factors and
behaviours (Harding, 2017).

Identifying, qualifying and prioritising leads is a challenging task. As stated
in chapter 2.3.2, predictive analytics is able to pre-classify promising candidates
based on clearly defined factors in order to focus on high potential leads first
(Martinez, 2018). In this context, Al especially ML can verify the impact of different
factors in order to approve the lead scoring parameters and optimise segmentation

and targeting (C. Campbell, Sands, Ferraro, Tsao, & Mavrommatis, 2020).

2.4.1.2. Use-Case: Forecasting

Companies are using sales forecasting as a basis for sales revenue estimation,
decision making regarding production and operation and marketing strategies
(Fan, Che, & Chen, 2017). The topic is linked with the lead management use-case
because new customers have influence on the sales revenue as part of the estimated
revenue, therefore based on a valid lead score, more reliable predictions for this

part of the forecast are possible.

Another aspect is to estimate the demand of products and depending on the
life cycle of the product it can be more difficult to forecast the demand due to sea-
sonal influences and complex trends (T. M. Choi, Hui, & Yu, 2014). Al can support
sales forecasting by analysing high dimensional and large data in order to predict
trends and improve the validity of the forecast (Ren, Patrick Hui, & Jason Choi,
2018). Of which, based on historical sales figures, product peculiarities and charac-
teristics, the large data is enriched by publicly available data making it possible to
predict short- and long-term performance in business (Jiménez, Sanchez, Garcia,
Sciavicco, & Miralles, 2017).

Depending on the company’s business, there are also more aspects in the con-
text of forecasting to consider. Especially in software-business as part of the service
sector, there are predictable revenues from on-going projects, maintenance fees or
other contracts or business models like software-as-a-service (SaaS) (Cohen &
Neubert, 2018).
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By bringing all these different potential returns together, a complete picture
of the business forecast can be created to give guidance for decision making not

only in the sales department.

2.4.1.3. Use-Case: Information input and retrieval

Gathering information about current and prospective customers is an im-
portant task in sales context e.g. when a sales representative had a meeting with a
client, it is important that the key information is being recorded into a system to
provide insights of on-going negotiations or relevant topics (Tanner, Ahearne,
Leigh, Mason, & Moncrief, 2005). Usually sales representatives are very mobile®, as
they travel from customer to customer to maintain or establish a relationship. De-
spite the present days of videoconferences, online-meetings and smartphones, per-
sonal presence still has the advantage of more personal interaction and no risk of
technical problems and technical preconditions (Blenke, Gosavi, & Daughton,
2017).

The traveling time can be used efficiently for preparing the next meeting or a
debriefing of the last meeting. For the purpose of information retrieval, a summary
can be started via voice-command, giving a brief summary via speech-synthesis
about ongoing operations in the company and specific information about the cus-
tomer (Ammari, Kaye, Tsai, & Bentley, 2019; Hiisson, Holland, et al., 2020;
Iannizzotto, Bello, Nucita, & Grasso, 2018). For information input, the sales repre-
sentative can create new notes via speech-to-text or create calendar entries via
voice-command (Hiisson & Holland, 2019b; M. Jain, Kumar, Kota, & Patel, 2018;
Kaplan & Haenlein, 2019; Lang, Benessere, & Halverson, 2018).

8 This text was written in May 2020 during the corona pandemic, the long-term-
impact of the pandemic is not yet well enough explored to extrapolate the implica-

tions on business-travellers in the future (Oeppen, Shaw, & Brennan, 2020).
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2.4.2. Project management

Before working out use-cases in the field of project management it is im-
portant to understand, what a project is. ]. M. Juran stated that “A project is a problem
scheduled for solution.” (Lewis, 1995). In a further differentiated consideration, the
following characteristics make up a project (Frame, 2003, p. 2):

— Unique

— Goal oriented

— Limited in time and costs.

In Germany the term project is so important, that the German Institute for
Standardisation (DIN) defines it within a standard: DIN-Norm 69901:2009-05.
(DIN, 2009). This standard adds more attributes to the above stated characteristics,
namely limitation of personnel capacity, project-specific organisation, and distinc-

tion from other projects.

The term project management (PM) refers to processes which are established
to manage and organise resources required to complete a project within the defined
scope, time, costs and quality (Samset & Volden, 2016), and also as a vehicle for
bringing out innovations and implementing business strategies (Ahlemann &
Riempp, 2008). Within the literature PM is usually divided between traditional PM
(TPM) and agile PM (APM), whereby the primary objective of TPM is the optimi-
sation of time and cost of the activity initially detailed in the project plan and con-
sequently, finalise Project within planned scope, budget and time (Cesarotti,
Gubinelli, & Introna, 2019; Habermann, 2013). APM refers to a set of instruments
and approaches like SCRUM and Extreme Programming, which have their roots in
the management of software development projects (Beck et al., 2001). Within APM
changes in the projects are regular cases, so APM is suitable for dynamic projects
and volatile requirements (Habermann, 2013).

The derived use-cases will work-out possible improvements based on Al im-
plementations in the field of TPM and APM, taking into consideration the context
of this dissertation.
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2.4.2.1. Use-Case: Project planning

Project planning is a complex task, the appropriate resources must be availa-
ble at the right time, in the necessary quantity and at the right place, Al can support
the process of planning by identifying necessary resources based on previous pro-
jects and identify project risks by analysing milestone shifts or cost and effort over-
runs in similar projects (Dam, Tran, Grundy, Ghose, & Kamei, 2019; Laroque,
Schumann, & Tittmann, 2019).

2.4.2.2. Use-Case: Project implementation

Long-term decision-making processes and poor communication between
project parties and contractor are risks for a delay in the project (Yaseen, Ali, Salih, &
Al-Ansari, 2020). Empowered by Al, a real-time analysis of the project can provide
a full picture of up-coming decisions, based on data gathered from similar projects.
All available information can be compiled and provided to the decision maker to
accelerate the process of the upcoming decision. Based on communication entries
from previous projects, suggestions for required project communication can be de-
rived in order to keep the contractor and project team up to date. The extraction of
best practices after project completion are also conceivable use cases to make
knowledge available to other project promoters. (Auth, Jokisch, & Diirk, 2019; Dam
et al., 2019)

2.4.3. Customer service

Customer services play a significant role for customer satisfaction in the post-
purchase process (Y. Cao, Ajjan, & Hong, 2018). The findings from online-shopping
can be adapted to software services, leading to the customer experience (CX) as the
customers perceive overall quality of all interactions and relationships with the
company, its services and products — including the interaction during the pre-sales
stage (Batra, 2019). Customer service excellence — according to A. Edmunds, the
Chief Strategy Officer of MaritzCX - is facilitated by six major technology trends
(Batra, 2019):
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Big data

In terms of quick access to a large amount of data, like relevant data, high
quality data, as well es garbage data, internet of things will provide deep
insights of the customer and the usage of a product — despite privacy issues
(Hsinchun, Roger, & Veda, 2018) — the combination of all accessible data
will create a better picture, than the one derived from traditional surveys.
Software-as-a-Service

Saa$ as a term for on-demand software is a model for software licensing
and delivery whereby the right of usage is based on a subscription and is
centrally hosted. This allows the customer to run software even without
an own IT-Department and with a predictable budget (Z. Guo & Ma,
2018). In this context, serverless computing should also be mentioned as
a special form of cloud services and is seen by some experts as the future
face of cloud computing, in which only application functionalities and/or
backend services are provided directly, without the customer having to
provide his own infrastructure or resources (Shafiei, Khonsari, &
Mousavi, 2019).

Mobile platforms

The usage of smartphones has increased rapidly (Montag et al., 2015),
leading to the mentality that services have to be available anywhere and
at any time.

Customer personalisation

Owing to the progress made in the area of Big Data, it is possible that
customers can no longer only be perceived as a pure segment, but also as
individuals (Davenport, Guha, Grewal, & Bressgott, 2020). This enables
an individual approach and thus also personalised support from the ser-
vice desk staff.

Application Programming Interface (API)

The integration and combination of different applications based on stand-
ardised interfaces enable smart workflows across the boundaries of dif-
ferent applications (Sohan, Maurer, Anslow, & Robillard, 2017). Sharing
information with work mates, friends or family can make the customer

experience friendlier and processes more efficient.
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6. Omni-channel integration
Modern technology enables a longitudinal and 360-degree transactional
view of customers by collection data in multiple channels, such as online
surveys, phone surveys, CRM, financial or operational data, to facilitates
the maintenance of the complete CX data (Batra, 2019).

Another important aspect of Al-Implementation in the area of customer ser-
vice is cost reduction by process automation, especially in routine tasks (Fiore,
Baldauf, & Thiel, 2019). With the increasing user-acceptance of Al technology —
most probably empowered by Alin devices like Google’s Home Assistant, Apple’s
Siri and Amazon’s Alexa — consumer behaviour has changed and new possibilities

of automated interaction have become possible (Kirkpatrick, 2017).

Figure 16 provides a brief overview of the roles in the incident management,
pointing out the important function of first level support, as the first contact point
for end users and customers, this usually results in high traffic and therefore a first
approach to automation is necessary to process customer enquiries faster and with

higher quality, ideally also outside regular business hours.
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Figure 16: Roles for Incident Management

[source: based on (Fischlin, 2006)]
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In order to support the achievement of customer service excellence and cost-
reduction, use cases are derived from the literature, which optimises processes in
the field of customer service with the help of Al. As with the preceding use cases,

the context of this dissertation will play a decisive role in the selection process.

2.4.3.1. Use-Case: Ticket-Classification

When customers have an issue or a question about a product or a service the
customer service is usually being contacted for support (Beneker & Gips, 2017).
Figure 17 presents different sources for issues — named ticket — referring to the
channel and API integration, as well to the roles for incident management ad-

dressed in the previous chapter.

Ticket sources — Help-Desk-System ‘ Al-Extension

Ticket

Unclassified

ﬂ E-Mail m—)p I::IG" N
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m Product
availability

/ Al-Classifier
; Telephone — o Validation & e

Learning from Request

Pre-classified User-Input

Figure 17: Ticket sources and classification

[source: own representation]

Tickets created via E-Mail, that usually send to a functional Mailbox like sup-
port@ or product-support-mailboxes like product-support@, are a challenge in clas-
sification (Iwai, lida, Akiyoshi, & Komoda, 2010). At first the sender needs to be
identified by the e-mail address in combination with the e-mail signature in order
to match the data with the customer information of the help-desk-system to vali-
date the service usage and collect background-information e.g. system environ-
ment or products in use. Tickets created via API should already provide customer-
information, within the defined interface. Both, e-mail and API-Ticket-creation are
suitable for system generated tickets, accordingly this ticket sources can contain
structured information, that usually send from monitoring systems (J. Xu, Zhang,
Zhou, He, & Li, 2018).
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Tickets issued via customer portal are usually created by a user and identified
by login and password, such that the connection to the customer-data are already
in the system. In case the ticket was created within a phone call, usually a first level
agentidentifies the caller and create the ticket directly in the context of the costumer
on the help desk system. In that case it is also common, that the first level dispatcher
already classifies the ticket — and in some cases already provides a solution, other-
wise the issue needs to be solved by the 27 or 3¢ Level-Support. At the end of this
process is a pre-classified ticket in the system, which can be validated against the

Al-classifier and used for the learning cycle.

Tickets via Customer portal are semi-classified. The formula for ticket crea-
tion may have classification fields, but it is indefinite, if the creator is able to classify
the ticket according to the necessary processing-rules (Beneker & Gips, 2017). The
same applies to the creation of tickets via API, consequently in both cases the result
is a non- or semi-classified ticket. No pre-classification is possible when creating

tickets from e-mails.

The unclassified and semi-classified tickets must be analysed in order to de-
rive a valid classification, for that purpose a ticket classification framework is nec-
essary —as introduced in Figure 17 named Al-Classifier -to classify tickets automat-
ically (J. Xu et al., 2018). In the literature, different systems for classification and
categorisation are described (Beneker & Gips, 2017). Figure 18 presents an ap-
proach for categorisation based on pre-processing and clustering using Non-nega-
tive Matrix Factorisation (Shahnaz, Berry, Pauca, & Plemmons, 2006) and k-means
(Arora, Deepali, & Varshney, 2016).
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Figure 18: Ticket classification

[source: based on (Beneker & Gips, 2017)]
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Figure 19 presents a framework for ticket classification, with differentiation
between user-generated tickets (UGT) and system-generated tickets (SGT), geared
toward contributing to the different structures of the content. UGT are usually free-
text with less structure than SGT. The historical tickets database stores both type of
tickets, whereby the problem description of the ticket is used to conduct the signa-
ture construction. The ticket partition, ticket classification and the field problem
type is used for the evaluation of the models accuracy. The main components are
data preparation, partition and signature construction, signature-based ticket clas-
sification and an optional manual ticket classification. Creating a domain-specific
knowledge base is important for the accurate ticket classification, providing spe-
cific key words and to-keep and to-discard word lists in the individual context of
the application. If the framework is not able to match the ticket with a classification-
cluster, a user-interaction is necessary to classify the ticket manually, otherwise the
framework classifies the ticket automatically. In both cases the result is a classified
ticket. (J. Xu et al., 2018)

System-generated "/D i ifi A Cleaned System- r M
omain specitic .
Tickets — Preparation Representation ) generated Ticket Partition &
model Signature
User-generated PCommo_n —) Cleaned User- Construction
Tickets \. reparation Y. generated Ticket y,

: To-k -di 5
Tickets © ee.p To dlsc.ard y.non\,'m ‘ Classification €= Signature ‘
word list word list Library

Classified | ves _/-'/"/- Matched -\"“"-\,_}' . Ticket New incoming
Ticket “—__successfully? _— Classification Ticket

[ —— -

Manual Ticket
Classification no
Legend

System-generated Tickets I:>
User-generated Tickets _

Figure 19:Ticket classification framework

[source: based on (J. Xu et al., 2018)]
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2.4.3.2. Use-Case: Ticket assignment

Assigning tickets to an appropriate resolver or group in order to solve the
case is an important and time consuming process. It requires knowledge of the
IT portfolio being managed, responsibilities and roles of the individual groups, the
ability to quickly parse the ticket content describing the problem and as well as
mapping it to the responsible processors (Mandal, Malhotra, Agarwal, Ray, &
Sridhara, 2018). The routing of critical time and complex tickets to an expert with
specific knowledge to solve the problem, has optimisation potential using AI (J. Xu
& He, 2018). Figure 20 presents an engine for an automatic ticket assignment, based
on historical tickets and a configurable rule engine as a key component of the end-
to-end system and used to capture domain specific elements and to ensure business
continuity (Mandal et al., 2018).
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Figure 20: Assignment engine

[source: based on (Mandal et al., 2018)]

2.4.3.3. Use-Case: Solution suggestion for tickets

Doing researches for ticket solutions can be time consuming. Large sums of
man-hour are being spent on browsing old tickets in order to find a resolution for
an actual issue (Madaan, Singh, Kumar, & Dasgupta, 2017). Depending on the
availability of reliable data within the issue to be resolved, Al is able to identify

similar tickets or FAQs in order to provide suggestions to solve the issue (Hens,
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Monperrus, & Mezini, 2012; Jan, Chen, & Ide, 2015). Figure 21 presents an architec-
ture for ticket-solution-suggestion based on a synonym module, a noise reducer
and a question & answer-extractor. The main goal of the synonym module is to
include domain knowledge in order to relate the words that were recognized as
synonyms. The main objective of the noise reducer module is to obtain cleaner data,
differentiating between relevant and irrelevant data according to their importance
in diagnosing or solving problems. The main goal of the QA extractor module is to
extract the problem and solution sentences from relevant ticket texts that originate

from the noise reducer module. (Madaan et al., 2017)
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Figure 21: Architecture for Solution suggestion

[source: based on (Madaan et al., 2017)]

As a result of the proposal determination the service-desk user retrieves a list
of similar tickets and the corresponding solutions in order to choose the best fitting
match. Based on the user-feedback the algorithm can learn and increase the rele-
vance of the selected solution in context of the search parameters. In order to justify
the reasons, why the specific solutions were suggested by the framework a combi-
nation of case-based reasoning and deep learning can explain the outcome, giving
the user the chance to understand the decision making process (O. Li, Liu, Chen, &
Rudin, 2017).
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2.4.3.4. Use-Case: Chatbot

Chatbots “are software applications which are designated with the intent of backing
up users in service sectors and imitate written or verbal human speaking” (Ulas, 2019,
p. 665). Companies can use chatbots to establish a 24/7 customer support, to resolve
product or technical issues (Ping, Hussin, & Ali, 2019). Figure 22 presents a concep-
tual chatbot framework as presented in the literature (Ukpabi, Aslam, & Karjaluoto,
2019) to implement a dialogue system for the treatment of questions and answers,

based on a database.
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Figure 22: Conceptual chatbot framework

[source: based on (Ukpabi et al., 2019)]

For correct answers to the questions asked by users, the data basis is of crucial
importance, example from biased data — like the Microsoft chatbot Tay, which
praised Adolf Hitler on Twitter after being fed with data by internet trolls — serve
as evidence that the basis of the data used for machine learning must be thoroughly
checked (Brandtzaeg & Folstad, 2018). In the business-context of this dissertation,
biased data can lead to a misuse of a product or application and may raise the ques-
tion of liability (Drachovska, 2020), which is important although not the main focus
of this elaboration and is therefore only addressed to the necessary extent.

The main motivation for chatbot usage from a customer point of view is
productivity, expecting a quick and consistent feedback when searching for infor-
mation or asking for assistance (Brandtzaeg & Folstad, 2017). On the other hand
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companies are expecting a workload reduction in departments like service desk or
the administration office because routine-tasks are now being fulfilled by the chat-
bot (Lee, Jo, Kim, & Kang, 2019).

It is therefore of paramount importance that the chatbot implementation, in
addition to intuitive handling, also takes into account the concrete information
needs of the users and enables a possibility of a direct jump to a human employee,
in which the previous chat history is visible, in order to be able to solve complex
problems without media discontinuity and to avoid that the user has to present his
request again in order to get a solution. If no human staff is available, the chat his-

tory can be generated as a ticket, thus ensuring subsequent processing.

2.4.3.5. Use-Case: Support volume prediction

For the most cost-efficient operation of customer service, it is essential not
only to have an effective process organisation but also to avoid over- and under
capacities (Homburg, Winkelmann, & Klarmann, 2010). The expected support vol-
ume plays a role here, and ML procedures can also be used for this purpose, anal-
ogous to procedures which, for example, determine delays in ticket processing and
the forecast of solution times (Zuev, Kalistratov, & Zuev, 2018). The choice of which
influencing factors play a role in determining the support volume, depends on the
individual business model of the company. It is therefore necessary to extract these
influencing factors from past data within the framework of data analyses and then
transfer them into an individual prediction model in order to be able to validate
and make predictions on this basis. This makes it possible to predict the future sup-
port volume on the basis of the determined influencing variables and personnel
resource planning can use this information as a parameter for efficient capacity

planning.
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2.4.4. Supply chain management

The term supply chain management (SCM) can be simply defined as “the
management of the flow of goods” (Saroha & Yadav, 2013, p. 32). SCM involves plan-
ning and managing of all departments of an organisation with touch points in the

areas of sourcing, procurement and all logistic activities (Chopra, 2019).
SCM has three essentials goals (Saroha & Yadav, 2013):

1. Inventory reduction
2. Acceleration of transactions based on real time data exchange

3. Increase in revenue through efficient satisfaction of customer demand

Due to a shortage of highly qualified personnel in the logistics sector in sev-
eral regions, combined with the objectives of sustainability and efficiency, logisti-
cians must follow technological progress in order to increase the level of automa-
tion (Klumpp, 2018). For instance Amazon is using Al, to anticipate product de-
mand in order to ensure, that the product is in a storage nearby and can be deliv-
ered within one-hour after receiving the order (Selyukh, 2018).

Contributing to the context of the dissertation, the main focus of this chapter
will be set to the requirements of SMEs in the service sector. The limitations of this
kind of enterprises are like a lack of knowledge, reliable tools and less resource
access (Calvo-Mora, Navarro-Garcia, Rey-Moreno, & Perianez-Cristobal, 2016;
Ferreira de Arautjo Lima, Crema, & Verbano, 2020) will be briefly analysed within
chapter 2.6, but already indication, that approaches like the one from amazon in
the introduction of this chapter will most probably not work in the context of SMEs.
The focus of companies in the service sector within this dissertation is set to activi-
ties where people offer knowledge and time e.g. to improve productivity, perfor-

mance or sustainability (Zhong, Newman, Huang, & Lan, 2016).

Nowadays, it is often possible to provide this form of service remotely, pro-
vided that no physical presence is required for the exercise (Paluch, 2017; Strobel,
Paukstadt, Becker, & Eicker, 2019). This creates new opportunities in the field of
SCM to integrate suppliers in the provision of services , but also requires appropri-

ate technological and organisational conditions (Menon & Shah, 2020).
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2.4.4.1. Use-Case: Supplier Management

With the advent of e-commerce and rising customer demands, the supply
chain changed from a linear relationship between the suppliers, manufacturers,
distributors and the consumers to a more complex cross- relationship and hence
the managers are finding it difficult to optimise the operations and identify key
suppliers (Hanson-New & Daniel, 2019).

The electronic infrastructure in the service sector reduces all kinds of costs,
regularly improves the relationship between buyer and supplier and facilitates ne-
gotiations and transactions. However, since coordination costs are still high, the
use of information and communication technologies (ICT) is limited. (Scuotto,
Caputo, Villasalero, & Del Giudice, 2017). The use of Al can start here and help to
decide which supplier is best suited, based on collected data like supplier assess-
ments, specific requirements of end customers — especially in the context of pro-

jects — or necessary qualifications or certificates.

2.4.4.2. Use-Case: Procurement management

The digitalisation of invoicing processes offers companies a good oppor-
tunity to save costs, optimise administrative tasks and increase competitiveness
and efficiency (Cuylen, Kosch, & Breitner, 2016). The invoice approval process can
be automated by using historical data, so that only conspicuous invoices need to be
checked manually by a user during invoice verification. In combination with a pre-
cise forecast — as introduced in subchapter forecasting — the procurement process
can benefit as well and receive reliable figures for the determination of future pay-
ments in the context of incoming invoices from suppliers (Kiefer & Ulmer, 2019).
This contributes to the Stock planning, which accords to the predicted future de-
mands of supplies and can be improved, especially for seasonal goods, by using
Al-based forecasting models (Zunic, Delalic, Hodzic, Besirevic, & Hindija, 2018).
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2.4.5. Accounting

In the early 1950s accounting was defined by the American Institute of Certified
Public Accountants (AICPA) as

“ ... the art of recording, classifying and summarising in a significant manner and in term of

money, transactions and events which are in part at least, of a financial character, and interpret-

ing the results thereof” (Breton, 2018)

Within time the definition was reworked, according to the question whether
accounting is an art or science. This leads into a modern definition of accounting:

“Accounting produces summaries of events (purchases, sells, etc.) happening in an organization

(enterprise, not-for-profit organization, governments) in a coded form allowing the people who

know the code to be informed and use this information.” (Breton, 2018)

In 2018, 36 percent of routine tasks in the financial services sector are already
being performed by machines and algorithms, and is expected to increase to 61 per-
cent by 2022, with the majority of jobs lost being accounted for by data entry and
accounting personnel (World Economic Forum, 2018). This shows the already used
automation potential of Al in the field of accounting, underpinned by the expecta-
tion that empowered by machine learning and predictive analytics, the trusted ad-
viser of 2030 will be able to dramatically provide actionable items and greater in-
sights for their clients and employers (Drew & Tysiac, 2020). The focus of tradi-
tional accounting work is on accounting and strengthening the supervision of the
whole process of accounting work. Through the use of Al, with the spread of intel-
ligent accounting software, accounting has the characteristics of intelligence and
automation. The focus of accounting work has shifted to analysis, evaluation and
decision making. (X. Guo, 2019)

Based on the technical literature, use-cases are derived in the following chap-
ters, in which the use of Al in the accounting context is worked out, considering

the context of this dissertation.
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2.4.5.1. Use-Case: Document entry

The entry of commercial documents such as receipts and invoices are a time-
consuming routine activity in the area of document entry. This is also necessary in
travel expenses entry to ensure that travel expenses are settled correctly, which also
includes tax aspects. Through appropriate scanning processes or digital receipts in
combination with Computer Vision, pre-categorisation can be performed to extract
the relevant information from the documents and provide the user with sugges-
tions for further processing. (Henrich, 2017) The same procedure can also be used
for incoming invoices to generate a proposal for account assignment based on in-

voice item texts (Mertens & Barbian, 2019).

A current study from the year 2020 by a German provider of financial ac-
counting software clearly shows that the majority of the surveyed medium-sized
managers and employees see the added value of automation using Al in the area

of incoming invoice processing. (Diamant Software, 2020)

2.4.5.2. Use-Case: Default risk analysis

Another use of Al in accounting is the assessment of the default risk of cus-
tomers (Mertens & Barbian, 2019). Al can recognize patterns, but especially anom-
alies in data. For example, if a customer changes his payment behaviour, the system
can recognize this and issue appropriate warnings, so that, for example, the risk of
insolvency can be checked by external systems or payment terms can be changed
to advance payment (Rebhorn, 2019).

2.4.6. Controlling

Controlling is an essential part of corporate management; this is already clear

from the definition according to Peter R. Peifdler — translated from German:
“Controlling is a cross-functional management tool that supports the corporate decision-making
and management process by means of targeted information gathering and processing. The con-
troller ensures that an economic instrument is available which, above all, helps to achieve the
company's objectives through systematic planning and the control that this requires.” (PreifSler,

2020, p. 3)
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Controllers will have to face central challenges that digitisation brings with it
in the coming years. The task profile, toolbox and mindset must be adapted to the
new framework conditions and in the long term, the number of controllers will
decrease drastically, and controlling will develop even more strongly into a man-
agement philosophy (Schaffer & Weber, 2016). In this context it is necessary to in-
troduce the term business intelligence (BI), as the foundation for controlling in en-

terprises (Baars, 2010).
Bl is defined in a similar way in the literature (Larson & Chang, 2016). Nobel

(2006) defines BI as the ability to give the company an information advantage;
a company that does what it has always done, but more efficiently. Singer (2001)
describes BI as the value proposition that helps organisations to tap into relevant
information for decision making that is not available through regular reporting.
Singer outlined that BI requires tools, applications and technologies that are de-
signed to improve decision making and are widely used in the supply chain, sales,
finance and marketing. Negash & Gray (2008) outlined BI more broadly as a data-
driven process that combines data storage and capture knowledge management to
provide input to the business decision-making process. Bl enables companies to
improve the decision-making process and requires processes, skills, technologies
and data. More recently, Gartner (2020) expanded BI to Analytics and Business In-
telligence (ABI) as an umbrella term that includes the applications, infrastructure
and tools, and best practices that enable access to and analysis of information to
improve and optimise decisions and performance. Figure 23 presents the BI regu-
latory framework, indicating the involved systems, such as the already introduced
SCM, Procurement and ERP, also including further systems like computer aided x
(CAx) — wherefore the x stands for different functions such as Design, Engineering
or Innovation (Kemper et al., 2010) — the abbreviations are briefly explained below:

e Production planning and steering system (PPS)
e Manufacturing Execution System (MES)

e Product-Lifecycle-Management (PLM)

e Product data Management (PDM)
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Figure 23: BI regulatory framework
[source: based on (Kemper et al., 2010, p. 11)]

The figure above also shows that the operational systems are the data foun-
dation, for all for all information that builds on it. The BI-Portal serves as an inter-
face for the user to make informed decisions, as introduced in chapter 2.3.2.
Figure 24 presents the components of business intelligence consisting of online an-
alytical processing (OLAP), knowledge management, CRM/database marketing,
database mining, visualisation, decision support system/executive information sys-
tem, data mining (DM) and geographic information system (GIS) (Burstein &
Holsapple, 2008).
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Figure 24: The components of business intelligence

[source: based on (Wu, 2010, p. 334)]

The correct orchestration of the components depends on the respective eval-
uation requirements and the use of Alis becoming increasingly important (A. Jain,
Shah, & Churi, 2020). When looking at the components and considering the current
literature, it also becomes clear that the meaning of speech interaction in this con-
text has not been sufficiently researched (Collins et al., 2018; Hiisson & Holland,
2019b, 2019a).

The derived use-cases will contribute to the discovered research gap in chap-
ter 1.1, as well as to the upcoming approach of Self-Service Business Intelligence
and Analytics (SSBIA) as a major idea that casual users are enabled to prepare and
analyse data without the need for expert support (Lennerholt, van Laere, &
Soderstrom, 2018; Michalczyk, Nadj, Azarfar, Maedche, & Groger, 2020).
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2.4.6.1. Use-Case: Interpretation of reports

The correct interpretation of reports is an essential aspect for decision making
(Mynhardt, Makarenko, & Plastun, 2017). For example the contribution margin is
an important indicator of the company’s health (Maria Arcari, 2018) and it is the
foundation for break-even analysis (Dagogo, 2014). This indicator can be defined
as the difference between net revenues and total variable costs for a given time
period, when used as a single-stage calculation (Baptista, Lucato, Coppini, de
Souza, & Carvalho, 2014). Adding more stages like fixed costs to the calculation
will lead to a more detailed picture as total contribution margin (Reim, 2019, p. 178).
The contribution margin is normally a key figure that is determined in retrospec-
tive when all data for sales and costs is available, but for some analysis like the
Customer Lifetime Value (CLV) it is necessary to estimate the contribution margin
(Miiller & Lenz, 2013, p. 264).

As explained in the previous chapter, it is common in the corporate environ-
ment that different data sources have to be used in order to obtain a complete over-

view; this usually also applies to the contribution margin calculation.

Figure 25 gives a brief overview of sources for revenues, estimated revenues,
costs, and estimated costs. The underlying systems provide data such as sales al-
ready achieved from invoices (financial accounting), future revenues from orders
and maintenance contracts (ERP), and also future orders (weighted forecast from
CRM). This data is enriched with information from production planning system
and project management, which in conjunction with supply chain management can

provide an accurate picture of the future contribution margin.
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[source: own representation]

As stated in the forecast, use-case Al can increase the accuracy of the
estimation, leading to more reliable predictions, although the benefit of Al does not
end with predictions. Using configurations for KPIs, is not only possible to prepare
the underlying data visually (Baci¢ & Fadlalla, 2016), but also possible to interpret
this data in context and explain the displayed information to the user via speech
synthesis in combination with visual highlighting (Hiisson & Holland, 2019a).
The system is able to detect deflections and anomalies in the data and to point these
out to the user through audio-visual interaction. Critical values can be directly
identified by comparing them with KPI specifications, thus providing the user with
a context-related assessment of the contribution margin and specific information

on cost blocks or sales forecasts.
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2.4.6.2. Use-Case: Data-informed decision making

The term data-informed decision making was addressed briefly in chap-
ter 2.3.2, but the fundamentally transformation of decision making processes in
companies (Dremel, Herterich, Wulf, & Brenner, 2017) makes it necessary to delve
even deeper into this subject area. First, the term intuition has to be examined and
defined more closely. In the literature one can find numerous definitions for intui-
tion. Etymologically, the term intuition is derived from the Latin verb “intueri” and
means to look at and recognise. Different approaches and descriptions of the term
intuition can be found in psychology, philosophy as well as in the social and natu-
ral sciences (Matzler, Bailom, & Hutter, 2010). In the context of this dissertation
intuition is defined as follows:

“The subjective experience of a mostly nonconscious process — fast, a-logical, and inaccessible to
consciousness — that, depending on exposure to the domain or problem space, is capable of accu-

rately extracting probabilistic contingencies.” (Lieberman, 2000, p. 111)
This definition brings on the one hand the experience within a domain, and
on the other hand the lack of tangibility of the decision basis.
Figure 26 gives a brief impression how the combination of intuition — based
on appropriate expertise — and a sound data basis creates a balanced basis for deci-

sion-making (Potancok, 2019).
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Figure 26: Intuition, data-informed and data-driven decisions

[source: based on (Courtney, 2018)]

The previous use case demonstrated how decisions can be prepared on the
basis of summarised data and corresponding pre-configurations. Based on this sce-
nario, the user can perform a comprehensive deep dive through the data. And by
speech interaction, a drill-down can be called up to obtain detailed information on
individual processes, thus enabling the user to make better decisions based on the
data and his own intuition. If there is no clear action, following steps can be derived
from the database or if they do not appear valid, the decision-maker falls back on
his intuition based on his many years of experience.
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2.5. ARTIFICIAL INTELLIGENCE AND SMALL- AND MEDIUM-SIZED
ENTERPRISES

As stated in chapter 1.2 SMEs are facing challenges in the field of digitalisa-
tion. In order to gain a deeper insight into the use of Al in SMEs in the context of
this chapter, it is important to first define the term SME and to highlight the specific
characteristics and economic importance of these enterprises. In context of this dis-
sertation, SME will be defined according to the EU recommendation 2003/361:

1. staff headcount

2. either turnover or balance sheet total

Table 3: Definition SME

Company category Staff headcount Turnover or Balance sheet total
Medium-sized <250 <€50 m <€43m

Small <50 <€10m <€10m

Micro <10 <€2m <€2m

These ceilings apply to the figures for individual firms only. A firm that is
part of a larger group may need to include staff headcount/turnover/balance sheet
data from that group too.

[source: (European Commission, 2015)]

The importance of SMEs in Europe is already evident from the fact that 99%
of all companies fall into this category (European Commission, 2019b). In 2018 ap-
proximately 25,1 million SMEs were registered in the European Union, with the
majority being micro-sized firms. In 2017 over 94 million people were employed by
SME. Approximately 66% of the workforce, in Germany — the biggest economy in
Europe — 18,3 million people are working for SMEs. In 2018 SMEs generated
slightly less than 56,4% of the value added, but only 28,4% of the companies were
active in knowledge-intensive service industries and 1.0% in high-tech industries
(D. Clark, 2020; Muller et al., 2019).

Due to the different framework conditions like population and education in
combination with different business and technological developments - especially
with regard to digitisation — in the different countries of the EU (European
Commission, 2019a; Rothstein & Schulze-Cleven, 2020), it is necessary to focus on

one country in the context of this dissertation. The choice falls on Germany, as the
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largest economy with the highest population in Europe and one of the leading eco-
nomic nations worldwide with a large service sector, but also a high automation
rate (Anderton et al., 2020). According to the German Federal Statistical Office in
Wiesbaden, 99,3% of all companies in Germany are SME employing 61% of all em-
ployees Germany wide (Albayrak & Gadatsch, 2018), which indicates that the Europe-
wide figures are also represented in Germany. In 2018 German SMEs generated
34,4% of total sales with almost 2,40 trillion euros (Institut fiir Mittelstands-
forschung - Ifm Bonn, 2018), 15% of the turnover is generated by digital products
and services (Lichtblau, Schleiermacher, Goecke, & Schiitzdeller, 2018).

Besides the figures staff headcount, turnover and balance sheet there are
other differences between SMEs and non-SMEs which cannot be directly deduced
from the numbers. Figure 27 gives a brief overview of qualitative characteristics of
SMEs, working out the differences to larger companies.

Business model

High dependence on only a few customers,
products, services, suppliers
Manageable, little diversified business model

New, not yet established business model of
young, fast-growing companies

Information  Strong influence of owners /

managing shareholders

* Service relationships between
company and owner / related
parties

= Overlap of business and private
sphere

* Few shareholders

= Lack of diversification

* Simple accounting, often with tax
implications

* Limited sources of information

+ Simple internal controls

* Missing or not documented corporate
planning

* Often no access to capital
markets

« Limited financing possibilities
* Low equity ratio

Financing
Figure 27: Qualitative characteristics of SME
[source: based on (IThlau & Duscha, 2019, p. 5)]

The employees and managers are often generalists at SMEs and have exten-
sive knowledge of business processes. They react quickly to new situations and use
the flat hierarchy for direct communication between the different management lev-
els (Immerschitt & Stumpf, 2019). It is therefore only logical that the main drivers



64 DANIEL HUSSON

of digitisation in SMEs are the management (Diamant Software, 2020). The man-
agement of SMEs usually follows different rules than in large companies, which is
why the way of IT management in SMEs and in large companies differs signifi-
cantly, as SMEs often do not know about all the possibilities of digitalisation and
do not have the necessary know-how and personnel possibilities or shy away from
the high investments that go along with it (Albayrak & Gadatsch, 2018). According
to a recent study by Deloitte, German SMEs in the field of Al are apparently well
positioned despite the aforementioned limitations and know how the technology
can bring added value to companies in a targeted manner (Deloitte, 2020).
Figure 28 gives a brief overview of Al functions used in companies, the study is not
only based on SME, but the results can be adapted and indicates that the IT sector
is currently most strongly supported by Al
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PRODUCTDEVELOPMENT
CYBER SECURITY

FINANCE

SALES

LOGISTIC, SUPPLAY CHAIN

CUSTOMER SERVICE
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Worldwide m Germany
Figure 28: Functions in which Al is used in companies (Top 2 nominations)

[source: based on (Deloitte, 2020)]

If one compares the digital activities of SMEs with all companies in Germany,
it turns out that SMEs are more than typically involved in the use of software to
facilitate collaborative work. But the situation is different in the area of Al, where
SMEs are 5% points below the national average of 20%. The lack of digital infra-
structure and the lack of qualified employees with digital skills are the main rea-
sons for this discrepancy. A closer look at the missing skills reveals that over 30%

of all companies — whether SME or NON-SME - refer to missing digital skills in
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software development, digital strategy and leadership and data/database manage-
ment. SMEs in particular find it difficult to recruit staff with appropriate digital
skills, because they are not available in sufficient numbers on the labour market,
salary expectations are too high or limited career opportunities discourage poten-
tial employees. (Abel-Koch et al., 2019)

Another study from 2019 also shows that digital literacy in SMEs is less de-
veloped compared to large companies. Although overall a slow catching-up pro-
cess can be observed over the last three years, the lead of large companies in digital
literacy continued to increase over this period. Moreover, the observation of differ-
ent professional positions in the company showed that the higher the position of a
member, the lower the digital competences. This correlation could be caused by the
age structure and decrease over time. However, there is still a risk that company
managers will not recognise the challenges and opportunities of digitisation early
enough (Czernich et al., 2019).

SMEs therefore need reliable partners who support them in digitisation and
help to implement Al in business processes both from a technical and a process
modelling perspective. The next chapter is therefore dedicated to the use of ERP
systems to optimise processes through the use of digital technology, with the focus

being further narrowed down to the service sector.

2.6. ENTERPRISE RESOURCE PLANNING FOR SMALL- AND MEDIUM-
SIZED ENTERPRISES IN THE DYNAMIC ENVIRONMENT OF THE
SERVICE SECTOR

Asin the other developed economies, the transition from an industrial society
to a service society has largely been completed in Germany. In the 1960s, the share
of net value added in the manufacturing sector was still 60%; today the service sec-
tor generates 69% of gross domestic product, which creates almost three-quarters
of all jobs and a good 80% of all companies in Germany are service companies.
(BMWi, 2020; Strobel, Durchholz, & Maier, 2020)

Over the last five to ten years, the highly productive information and com-
munication services in particular have gained importance, both in terms of employ-
ment and gross value added. Nevertheless, there are indications that there is still
room for improvement in this area too (Falck & Wolfl, 2018). In combination with
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the challenges of digitisation already presented in the previous chapter, it is there-
fore necessary to review the processes of service companies for their optimisation
potential and also disruptive process potential through Al-functionality. It is there-
fore relevant to map the internal company processes within software systems in
order to keep both the work process and the information as central as possible.
As a rule, companies then use an ERP system in which all processes flow together
(H. Xu, 2017).

For a better understanding of the term ERP in the context of this dissertation,
it is necessary to provide a definition of ERP. The term ERP as an abbreviation for
Enterprise Resource Planning was coined in the 1990s by the Gartner Group as a
further development of material planning software to integrate all facets of a com-
pany within one application (Abdullah, 2017). Therefore, the term was defined by
the Gartner Group as follows:

“A collection of applications that can be used to manage the whole business. ERP Systems inte-
grate sales, manufacturing, human resources, logistics, accounting, and other enterprise func-
tions. ERP allows all functions to share a common database and business analysis tools.”

(Sturdy, 2012, p. 17)

However, the aspect of management and control is not sufficiently reflected
in this definition. For the further consideration within this dissertation, the follow-
ing definition according to Hessler and Gortz translated from German is therefore
used:

“An ERP system is an integrated software that supports all or essential parts of a company’s
business processes from a business management perspective on the basis of standardised modules.
The available system functionalities provide up-to-date information on the basis of recorded and
processed data, thus enabling company-wide planning, management and control.” (Hesseler &
Gortz, 2007, pp. 5-6)

ERP systems are the backbone of many companies and organisations, collect-
ing business data and information from different departments in a joint database,
allowing business managers and employees to create reports that simplify business
processes (Elbahri et al., 2019). The main drivers for ERP-Implementation are shar-
ing knowledge and data around the organisation, cutting costs, improving the
management of processes, replacement of legacy systems, reduction in cycle times,
and operating costs (Almajali, Masa’deh, & Tarhini, 2016; Galy & Sauceda, 2014).

The implementation of an ERP system is also a risk and even large companies with
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correspondingly high budgets are not immune to implementation failures. The
complexity and mutual dependencies should therefore not be underestimated
(Ali & Miller, 2017). But even after successful implementation it is important — es-
pecially through communication and cooperation — to use the advantages of the
ERP system in the long term to improve the performance of the company (Lin et
al., 2020).

To approach the complexity of ERP systems, it is first necessary to consider
the structure of an ERP system. Figure 29 gives a brief overview of the schematic
structure of an ERP-System (Marz, Baum, Schimitzek, & Kramer, 2019, pp. 14-15):

— The lowest layer is described by the data preservation layer, managing dif-
ferent databases by a database management system and interfaces to
other databases of other information systems.

— The following application layer contains the programming environment,
the adaptation kernel, the calling of other programs and the user exits.
The user exits enable the user to insert his own programs into the ERP
system in the form of supplements. The adaptation core offers the possi-
bility to modify a system and can be divided into two points. First, the
database-dependent part, which provides access to the data managed by
the database management system, and second, the database-independent
part, which forwards the data to the core of the application.

— The adaptation layer consists of two parts. On the one hand, the Customis-
ing layer, which enables the incorporation of enterprise-specific processes
and data structures, and on the other hand, the integration layer, which
contain mechanisms for forwarding and notification mechanisms.

— The last and top layer is the user layer, which can be divided into the user
interface and the web client. In this layer the user interacts with the sys-

tem directly or via a web server.
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Figure 29: Schematic structure of an ERP system

[source: Derived from (Marz et al., 2019, pp. 14-15)]

It then becomes clear that data is the basis for all further levels. The ERP sys-

tem should therefore be the focus of all processes. Only from a clean database can

the final networked data capital be created. It is important that the users are aware

of the possible uses that access is made centrally via a user-friendly interface and

that both internal and external data are combined with each other, as well as frag-

mentations and unstructured data are avoided (Strobel et al., 2020). Especially for

SMEs with correspondingly lower budgets for the ERP system implementation, it

is therefore necessary on the one hand to work out good arguments to justify the
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investment and on the other hand to derive their own requirements in great detail
and compare them with the ERP systems available on the market (Fueglistaller,
Fust, Schaffner, & Ammann, 2016).

In addition to individual requirements and budget options, technological and
infrastructure-related aspects also play a role in the decision. The implementation
of a pure on-premise solution means, in addition to the license costs for the
ERP system, there are further expenses for the necessary infrastructure such as
servers, data centre and database systems. Also, the access possibilities with on-
premise solutions can be limited, e.g. the pure use in the intranet or via VPN. Cloud
solutions usually offer more flexible licensing and usage options. Depending on the
provider, pay-per-use models are also possible, in which only the actual use is paid
for. All these factors should be taken into account when making the final decision,
so that the introduction of an ERP system pays off. (Link, 2017; Schneider &
Weifsenberger, 2017)

Country- and culture-specific aspects also play a role in success (Zafari &
Teutenberg, 2017), it is therefore clear that not all aspects for the selection of an ERP
system can be considered in the context of this dissertation. Reference is therefore
made to the current literature, which deals extensively with success factors and
relevant aspects for the selection of ERP systems (Hertfelder & Futterknecht, 2019).
In the next step, the dynamic requirements of service companies — especially in the
context of the digitalisation already presented — will be linked to the ERP system.
Therefore, it is first necessary to consider the expectations of customers and com-
panies. The analysis, which was originally geared to dialogues is now more broadly
focused on customer-oriented processes. This allows to systematically determine
the extent to which such processes contribute to the company and/or customer ex-

pectations as shown in Figure 30 (Kreutzer & Sirrenberg, 2019, p. 125).



70 DANIEL HUSSON
Simplify Leverage
" Improvement or Increase
= simplification of investment in
> = the underlying value-added
T PSS interactions with
g customers
O S —
% Eliminate Automate
e
& Undesired or Dialogues or
i non-value-added processes are
= processes and automated
interactions are and/or designed

eliminated

Irritant

as self-service

Value

To the customer

Figure 30: Value-Irritant-Matrix
[source: based on (Kreutzer & Sirrenberg, 2019, p. 126; Price & Jaffe, 2008)]

The ERP system must therefore support process to simplify, automate and
achieve leverage effects. In this consideration, not only the internal functionality of
the ERP system plays a role, but also the communication possibilities with the cus-
tomer. With all the automation potential — which often comes from industry on
generalised studies — it must however, be not forgotten that the digital change in
the commercial field of activity and an important part of the ERP system has not
been sufficiently researched (Busse, 2020). In the context of this dissertation, a re-
search contribution is therefore also made to help close this research gap. The ex-
tent to which requirements for ERP systems will be permanently affected by exter-
nal influences such as the COVID pandemic is currently not yet foreseeable, but it
is clear that the home office is being used more and more frequently (Mohring et
al., 2020) and that corresponding requirements can be derived at least for the infra-
structure. The extent to which the trend towards further globalisation, networking
and outsourcing of processes which will continue cannot be validly predicted ei-
ther. It is very likely, however, that customer expectations will remain high, so that
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data, processes and communication will continue to be available in the future with-
out any local or time restrictions and real-time information can be accessed at any
time (Leyh & Wendt, 2018). Nevertheless, the following chapter attempts to identify

future trends to venture an outlook on the influence of Al on business processes.

2.7.  CURRENT AND FUTURE TRENDS IN ARTIFICIAL INTELLIGENCE AND
ENTERPRISE RESOURCE PLANNING

Al is the fastest accelerating future technology of our time. It has arrived on
the market quietly and considerately and it works inconspicuously in the back-
ground. Al has been in the media spotlight for years, quite rightly so: technological
evolution is soon developing more than a million times faster than biological evo-
lution due to its exponential growth. As a result, it is changing the previous value
of creation logic and profit models in companies across all industries. Intelligent
machines are no longer just taking over physical work, as in past centuries. For the
first time in the history of civilisation, a technology will support us in our mental
work: imperceptible, invisible, inaudible, and yet efficient and powerful. In some
pointed areas, Al is already far superior to humans. More areas will follow — verti-
cal artificially intelligent superiority will gradually become horizontal and intui-
tive. Al technologies will massively influence companies in the moving 2020s and
irreversibly change their original DNA. While there are hundreds of different ap-
plications today, there will be thousands tomorrow and the day after, because
never before has the interaction of strategy, analytics and technology been as im-
portant as it is today. (Wolan, 2020)

This is precisely the difficulty of validly deriving future trends, excluding ar-
eas of application, or designing precise scenarios for future use. Nevertheless, an
attempt is made within this chapter to predict future developments as accurately
as possible and to calibrate these assumptions through technical literature.

One of the most important trends is likely to be the 5G mobile bandwidth
expansion, which is not an incremental improvement over its predecessors, but a
revolutionary leap forward in data rates, latency, massive connectivity, network
reliability and energy efficiency, allowing entirely new architectures for outsourc-

ing computing operations (Focus group on Machine Learning for Future Networks
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including 5G (FG-ML5G), 2019; Shafi et al., 2017). Another trend and directly re-
lated to cloud computing is the provision of Al as a service (AlaaS), where ready-
made building blocks such as object recognition, translations, text-to-speech con-
versions and much more are provided as a service and made accessible via an API.
Thus, it is possible to interoperate Al in applications without the developers of the
application having extensive knowledge in the field of Al (Javadi, Cloete, Cobbe,
Lee, & Singh, 2020). However, this is also accompanied by problems in the areas of
security and trust, as data is moved to the cloud and, if necessary, further processed
by different systems, which in turn requires a corresponding architecture for
trusted cloud computing (Ibrahim & Hemayed, 2019). Figure 31 presents a com-
mon architecture for integrating Alaa$S into applications by extending the underly-
ing system with an interface for external program calls in order to provide data and

information and retrieve a processed return.

On-premise or cloud based ERP-System Cloud Al services |::|Qa

Custom developed Ul
Ul Elements i Inference
extensions
Business Interface for external Trained ML ) : 2
logic component integration models  Aan
Data Training @’l

Figure 31: Common architecture for leveraging AlaaS

[source: Derived from (Casati et al., 2019, p. 338)]

In this case, another trend follows, which is relevant for the acceptance of Al,
especially in the area of decision making. Although the research area of explainable
Al dates back to the 1980s, the traceability of decisions made by Al systems is be-
coming more important as a burgeoning number of decisions are made by Al Thus,
further increasing the need for traceable decision making (Goebel et al., 2018).
Three cross-disciplinary concepts of explainable Al are characterised: opaque sys-
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tems, which do not provide insight into their algorithmic mechanisms; interpreta-
ble systems, which allow users to mathematically analyse the algorithmic mecha-
nisms; and comprehensible systems, that emit symbols that allow user-driven ex-

planations of how a conclusion is reached (Doran, Schulz, & Besold, 2017).

There are also trends in the area of ERP which must be considered in the con-
text of this dissertation. Following the term Industry 4.0, the term ERP 4.0 is also
used in this context, under which various functions of modern ERP applications
are combined (Basl & Novakova, 2019). Moving ERP systems from on-premise to
the cloud is becoming increasingly important for both SMEs and large organisa-
tions (Rumana, Gillian, & Mahbubur, 2020). This is accompanied by the mobile use
of the ERP system on end devices such as tablets and smartphones — again sup-
ported by the improved bandwidth of 5G —, which therefore, require a responsive
design in order to initiate and control processes efficiently while on the road
(Kujala & Halonen, 2020). As already worked out in this chapter, the integration of
Al into business processes is an important trend that requires an expandable archi-
tecture of the ERP system in order to enable the closest interaction between external

systems and the internal program flow (Shi & Wang, 2018).

2.8.  CONCLUSION FROM THE LITERATURE REVIEW — ANSWERING RQ1

The purpose of chapter 2 was to provide the theoretical basis for the disser-
tation and to answer the first research question. By defining the relevant terms, the
context of this thesis could be made clear. Based on the literature, both the course
and the current state of research in the areas of Al, IPA and ERP were surveyed
and the focus was narrowed more and more to obtain an operationalizable field of
research. By developing use cases in conformity with the literature, it was also pos-
sible to present concrete and practical application examples, which will be taken
up again in the following chapters in order to conduct quantitative as well as qual-
itative studies. By identifying current and future trends, it was also ensured that
future developments were also considered. Through this approach it is now possi-

ble to answer the first research question.
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RQ1: “What is the current state of Artificial Intelligence combined with IPAs in a
business context for SMEs in the service sector?”

It could be shown that SMEs are facing great challenges due to digitisation.
The focus is currently on processes such as electronic invoicing, which has little to
no contact with Al in this context. Nevertheless, companies understand that the
implementation of Al in business processes is of paramount importance for the fu-
ture. However, many SMEs do not have the sufficient know-how to meet this chal-
lenge. Therefore, it is necessary to find an implementation partner who has both an
understanding of the current processes of the company and sufficient knowledge
about possibilities of integrating Al. Since many SMEs use ERP systems to map
business processes, the ERP system is an important starting point for integrating

Al and automating processes.

Within the next chapter, an exemplary implementation of functions within
an ERP system is carried out with the help of the DSR framework on the basis of
the knowledge gained, in order to then have these evaluated by ERP users within
the framework of a quantitative study.



3. EMPOWERING BUSINESS-PROCESSES WITH ARTIFICIAL
INTELLIGENCE - A DESIGN-SCIENCE-RESEARCH °

With intelligent personal assistants like Google Assistant, Siri or Amazon
Alexa, a new area of user-interaction has approached, complementing the user-in-
put by keyboard, mouse and touchscreen with control systems by voice commands
to start workflows and guide the user through complex processes and supporting
decision making via speech synthesis (Doss et al., 2018). As stated in chapter 1.1
users are looking for equivalent comfort as experienced in private IPA usage in
business applications to control processes, resulting in an increasing number of IPA
users in the business environment (Budzinski et al., 2018; Saran, 2018). This is re-
flected in the fact that large tech companies like Amazon initiate their IPA Alexa
for business issues by integrating Microsoft Office 365 to access and control the
scheduler via voice control (Amazon, 2019). Referring to chapter 2.2, improvements
in Al enabled tools to foster better interaction between human and machine, alt-
hough the main indicators for continued use and satisfying user experience are not
discovered well enough (Yang & Lee, 2019). Prior researches set the focus on pri-
vate (Cowan et al., 2017) or educational (Babic, Orehovacki, & Etinger, 2018) use of
IPAs, also the specific use of certain IPA features like checking weather forecasts,
planning music or controlling other devices and the corresponding satisfaction rate
have been examined (Lopatovska et al., 2019), but there is no research investigation
concerning the usage and recommendation of IPA-features in a business context,
leading to a need to identify relevant features in the context of a real world com-
pany. This chapter therefore focuses on features that create potential added value
for companies based on IPA functions. Analogous to the features known from pri-
vate use, these features can be understood as information requests, explanations or

even function or workflow calls, as introduced in the Use-Cases in chapter 2.4.

° The content of this chapter has been published as part of the conference Pro-
ceedings of the 10" conference professional knowledge management 2019 in Pots-
dam (Hiisson & Holland, 2019a), the 32 Bled eConfernce 2019 (Hiisson & Holland,
2019b) and Business Systems Research Journal (Hiisson, Holland, et al., 2020).
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The aim of this chapter is therefore to lay the foundations for answering RQ2:
“In what areas Al- and IPA-Features can improve processes in small- and

medium-sized service enterprises of the service sector?”

In order to contribute to this question and the related research gap, the aim
of this chapter is to identify specific use cases and to analyse which features can
benefit from an IPA implementation in order to cover existing weaknesses in pro-
cess flows in terms of usability, especially navigation within the application, infor-
mation overload and lack of communication capabilities of the system from the lit-
erature (Lambeck, Fohrholz, et al., 2014; Lambeck, Muller, et al., 2014; Wong et al.,
2016). In addition, this chapter also deals with the results of previous research on
the challenges of ERP implementation in terms of overall usability, which leads to
a high demand for user training to enable users to operate the system efficiently

(ElIFarmawi, 2019) and the impact of data on decision making (Potancok, 2019).

To analyse the specific user requirements and the acceptance of language
workflows in a business context, a prototype for an IPA was developed and imple-
mented as an additional module in a modern web-based ERP system (Hiisson &
Holland, 2019a). The completely web-based prototype was called V-IP-A. By using
web technologies, the distribution is easier and the prerequisites for use are low, so
that an evaluation can be carried out on a broader basis, since no installation effort
is required. The only necessary prerequisite is the use of the browser Chrome from
the company Google, because the ready speech framework Web-Speech-API
(WSA), which was introduced by the W3C community in 2012, is only imple-
mented there (Shires & Jagenstedt, 2018; Wedekind, 2018).

As described in chapter 1.4, the artifact is part of the design science research
and an early concepts of the artifact were introduced, applied and discussed with
the academic community in different national and international conferences
(Hiisson, 2019a; Hiisson & Holland, 2019a, 2019b). The extensive Feedback from
the conferences helped to narrow the scope of the research project and working out
relevant features and key indicators for user acceptance. The research design for
the user-acceptance survey was also discussed and a questionnaire was derived
(Hiisson & Holland, 2019b). To reflect the business context, the artifact was also
introduced to a professional audience during a business summit called Vemas.In-

side in September 2019 in Krefeld, Germany (Hiisson, 2019b). During this event,
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corporate decision-makers met and were informed about the latest version of arti-
fact. The participants also had the opportunity to give direct feedback in the form

of short discussions.

Based on the feedback from the academic and business fields, a new ver-
sion 1.1 of the artifact was developed including the new functionality to enter notes
by voice input — which was requested as the most useful feature by business users

during the summit in September 2019 (Hiisson, 2019b).

This chapter contains novel theoretical and practical contributions, thus en-
riching both academic and business knowledge. These contributions relate on the
on one hand, to adapt and develop IPA-features in a business context based on
existing research gaps, as presented in the introduction of this chapter. Within this
chapter there is also a contribution for new insights to the existing literature by
introducing a new user-experience-item called explanation-mode to IPAs in a busi-
ness context. This item extends the level of interaction between the user and the
ERP system. In addition, within this chapter findings from prior studies regarding
main drivers for usefulness of IPA according to the task attraction in the private
environment are being verified. On the other hand, this chapter provides an em-
pirical analysis of the usefulness and user-acceptance of the implemented features

based on a fully functional prototype of IPA in the business context.
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3.1. ARTIFACT DEVELOPMENT

To evaluate the artifact, the IPA was fully integrated into a web-based ERP
system, where it can be activated via a button in the graphical user interface, as
presented in Figure 32. Through the use of a button instead of a hot-word-detection
like “OK Google” or “Alexa” the security concerns with regard to privacy
(Manikonda et al., 2017) can be reduced because the IPA does not have to listen
continually in order to detect the hot word.

Vemas\NET

Dashboard

~[¢] @ ® =
g

Start-Button V-IP-A

Unpaid Invoices (total incl. VAT)
263126811 a2
EUR =

49 unpai

Figure 32 Start screen intelligent personal assistant

[source: own representation]

Figure 33 illustrates the system architecture focussed on the interaction be-
tween users, WSA and the ERP-components (Vemas.NextGen 1°), working out the

different elements to transfer information and respond to the user command.

10 For more information about the ERP-System see https://www.msconsulting.de/.
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Figure 33 System architecture of V-IP-A and interaction flow

[source: own representation]

Activated by the IPA button, voice recording begins within the browser. The
recording continues until the user has finished speaking. The voice recording is
then converted to text using speech-to-text. This text is transferred to the text-com-
mand interpreter and determines the corresponding command, which must be cre-
ated in the system and assigned to one or more keywords. The determined function
is then called in the API interface of the ERP system with any parameters that have
been recognised. If necessary, the API then opens masks on the ERP-frontend or
controls the browser for speech output to complete the command.

Through the combination of speech input and output with a screen of a
smartphone, tablet, laptop or pc, the full range of audio- and visual interaction can
be provided, levelling up the user experience and the way systems can interact with
users (Nishimura et al., 2018; Saran, 2018). This allows even complex ERP systems
to benefit. Contributing to the usage-pattern in a private context — referring to the
previous chapter — the IPA supports short commands for task execution and infor-
mation retrieval. During the development process of the IPA-Prototype, HCI de-
sign guidelines (Murad, Munteanu, Clark, & Cowan, 2018; Murad, Munteanu,
Cowan, & Clark, 2019) were taken into account, to create a state-of-the-art user ex-
perience in order to reduce the implementation risks and training cost for ERP-
implementations (ElFarmawi, 2019). Table 4 provides a summary of the IPAs
functions in the field of user-interaction, derived from research based on detailed
and previously mentioned literature research, feedback of two academic

conferences and business-summit participants as explained later in this chapter.
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Table 4: Functional overview IPA

No. Function

Description

1 Speech-

Commands

2 Speech-User-

Interaction

Analysing speech for keywords to trigger actions like opening a
specific form or report. The speech must be divided into
commands and parameter for the command.

Limitation: Only one command at a time, the commands are
predefined and addressable by keywords, but extendable by add-
ons. Recognising the personal name, e.g. for searching for a
company or contact person are not in focus for this stage of the
prototype.

The IPA should give a voice-feedback in the context of the
triggered command and request missing parameters to fulfil the

command.

3 Explanation-
Mode

The IPA should be able to cluster data, label and rate KPIs and
give a brief summary of the data, which are displayed as a chart
and explain the main points to the user via speech synthesis.

Limitation: The type of report is already known, and the data-
content is classified by a configuration. Query Detail-Information

for a specific cluster is not supported.

[source: own representation]

Based on these functions, a set of commands was implemented to perform

tasks within the ERP system. The feature-selection was based on the suggestions of

ERP-experts and ERP system-users and discussed with researchers and key-users

during conferences (FOM Data Science Forum February 2019 Diisseldorf Germany,

10" Conference Professional Knowledge Management March 2019 Potsdam

Germany and 32nd Bled eConference — Humanizing Technology for a Sustainable

Society June 2019 Bled Slovenia) and a business summit (Vemas.Inside September
2019 Krefeld, Germany). With the help of this feedback the first prototype version

has been developed and published for evaluation.

In the next chapter, the individual implemented functions are described in

more detail to show the exact scope of application covered by this version.
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3.2. ARTIFACT FEATURE SPECIFICATION

For the purpose of information retrieval, the user can ask the system for a
brief summary (Feature set F1). The function can be triggered by one of the defined
keywords “summary” or “briefing”. The system matches the briefing-command and
starts gathering the desired information from the ERP-Systems, such as notes to
customers written by other ERP system-users. For example, a note written by the
fictitious user Melanie Becker on 8th February 2020 at a fictional customer FOM
Diisseldorf will be read out like that:

“Note by Melanie Becker on February 8, 2020, 01:42 p.m. at FOM Diisseldotf.
Contact person: Mr Riidiger Buchkremer.

Subject: Interest in ERP-system.

Content: The director of the Institute for IT Management and Digitisation
Prof. Dr Buchkremer called and requested information on the ERP system.”

The speech output provides important information about activities at pro-
spective customers and customers, so that the user gets a quick overview of what
is happening in the company without having to navigate through the ERP system
and call up the corresponding overview. As another example, for task execution, a
command for creating notes via speech-input was implemented (Feature set F2).

The function can be triggered by the keyword “create note”, followed by a
company name that is known to the ERP system. The ERP system starts to search
for the company in the internal database via the recognised text. If the companies
name is unknown, the system provides audio-feedback to the user, otherwise, the
ERP-System opens the note-formula and listens to the user again to gather the con-
tent of the note via speech-to-text. After finishing the speech-recording the note
will be saved automatically to the ERP-System and is directly available in the sum-
mary-function (Feature set F1). In this way, the functions developed in the Use-
Case in chapter 2.4.1.3 for the query and also the information acquisition can be
mapped.

As an extension of the task-execution workflows, a complex command-setup
was implemented for information retrieval in combination with user-interaction
using the newly presented research object explanation mode of the IPA. The function
is triggered by the keyword “current situation” and the IPA lets the ERP system
open a graphical overview as presented in Figure 34. The graphic is showing the
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profit margin of the company based on invoice data, costs and forecasts. The IPA
as well starts to explain the figures including a preconfigured interpretation of the

value ranges for relevant key performance indicators (Feature set F3).

Past Future CONTRIBUTION
MARGIN
467.800 € 231.200€ CUMMULATIVE
500K 4 CONTRIBUTION
~ —————pys - ——__ MARGIN
— y
— y
-—
FORECAST
250K \ PERSONNEL

cosTs
\ EXHIBITION
\ CUSTOMER

-50K

01/2020 02/2020 03/2020 04/2020 05/2020 06/2020 07/2020 08/2020 09/2020 10/2020 11/2020 12/2020
Figure 34: Report contribution margin

[source: own representation]

Via speech synthesis, the IPA will read out the following information and
highlight important coordinate points in the chart to direct the user's attention to

specific sections of the graphic:

“The current situation of the company is as follows: In the past, January until Feb-
ruary 2020 approx. €467.800 as contribution margin. For the future March to De-
cember 2020, about €231.200 are expected as contribution margin. For the entire
period, January to December 2020 is the expected contribution margin approx.
€411,200. The contribution margin is higher than the shareholder expectations. The
highest costs are caused by personnel costs: €300.000. Personnel costs are below the
planned budget.”

This function covers the procedure for explaining overviews described in the
use case in chapter 2.4.6.1 and therefore gives users with less experience in the area
of commercial key figures the opportunity to recognise connections and interpret
the overview. After the user has been informed about the overall situation by the
speech synthesis, he or she can call up further details on the compressed data. The
drill-down can be triggered by the command “show me details for”, followed by
the name of the month, e.g. January. The system opens a new report and shows a
grid with detailed information about the revenues and costs in the requested date
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span. Figure 35 presents the drill-down-report where the user retrieves more de-
tails about the background of the graphical report and can analyse the underlying
data and track it down to orders, invoices, personnel and training costs. Using this
drill-down, the user can gain extensive insights into the company's revenue and
cost structure, such as the level of personnel costs (highlighted in red) or very prof-

itable projects (highlighted in green).

PERIOD TYPE PROCEEDS | COSTS CONTRIBUTION
MARING

01/2020 PO#: 10000 435.000 € 5.000 € 430.00 €

01/2020 PO#: 20000 15.000 € 5.000 € 10.000 €
01/2020 PO#: 30000 50.000 € 10.000 € 40.000 €
01/2020 TEAM 1 15.000 €

01/2020 TEAM 2 10.000 € -10.000 €

01/2020 TRAININGS TEAM 2 30.000 € -30.000 €
500.000€ 175.000 €

Figure 35: Drill-Down function for details on period January 2020

[source: own representation]

Referring to the Use-Case in chapter 2.4.6.2, this feature enables the end user
for data-driven decisions in combination with their own intuition leading to data-
informed decision making (Potancok, 2019). As this field of research is still new, it
has to be pointed out that Business Intelligence alone is not able to increase the
performance of the company, but the combination of BI and Business Process Man-
agement — if both are coordinated — brings benefits to the business (Susa Vugec,

Bosilj Vuksi¢, Peji¢ Bach, Jakli¢, & Indihar étemberger, 2020).
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3.3. ARTIFACT EVALUATION

The research design of the artifact evaluation was discussed at a scientific
conference (Hiisson & Holland, 2019b). In order to assess the IPA artifact, a ques-
tionnaire is derived from the implemented features, allowing the participant to as-
sess the usefulness of individual features using a four-point Likert scale ranging
from “strongly agree” to “strongly disagree” (Lozano, Garcia-Cueto, & Muiiz,
2008). In order to rule out neutral answers, participants must decide whether or not
they agree with the usefulness of a feature (Nowlis, Kahn, & Dhar, 2002). This form
of assessment was chosen to obtain a positive or negative evaluation of the specific
feature in terms of usefulness. In addition, the participant could provide separate
free written feedback for each feature set in a commentary section in order to make

remarks, give hints or make own suggestions for features.

The questionnaire was available online from the period of 15.11.2019 to
31.01.2020. The corresponding link was sent to 100 users with research background
and 400 ERP system users from an internal mailing list. A link to a video with a
short description of the IPA features and a link for direct access to the demo envi-
ronment for an individual experience with the IPA in a simulated production sys-
tem were directly integrated in the questionnaire, so that the participants had ac-
cess to a documentation of the functionality as well as the possibility to try out the

IPA themselves. The survey was structured in three parts:

1. Demographic characteristics like gender and job information
2. Characteristics in experience with technology (IPA and ERP)

3. feature-rating and comments

As there are no comparable studies in the context of business applications,
the independent variables were derived from already existing studies on the pri-
vate use of IPAs (Han & Yang, 2018; Jiang et al., 2015; Kiseleva et al., 2016; Yang &
Lee, 2019). The presumed dependent variables must be derived on the basis of tech-
nical framework recommendations (Zhou, 2016) combined with feature-ratings in
a private context and business needs (Saad, Afzal, El-Issawi, & Eid, 2017). The main
objective of the survey is to identify the most useful features to provide a solid basis
for further improvements of the artifact, thus contributing to the rigorous cycle of
design science research. Previous studies already identified the task attraction as a

main driver for the continuous intention and usefulness in the private usage of
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IPAs (Han & Yang, 2018; Lopatovska et al., 2019). So, a not significant correlation

in a business context is the expectation for the outcome too. To confirm the expected

result, the correlations are analysed using a correlation matrix in the result chapter.

Table 5 and Table 6 are giving a brief overview of the characteristics and examined

features according to the theoretical foundation.

Table 5: Characteristics and theoretical foundation

Characteristics theoretical foundation

Gender (GQ1), Age (GQ2) Comparable study (Han & Yang, 2018)

Personnel responsibility (GQ3) Derived from occupation (Han & Yang, 2018)

Job position (GQ4) Comparable study (Luger & Sellen, 2016)
Industry (GQ5) Comparable study (Lambeck, Fohrholz, et al.,

Experience with Voice-Assistants

(GQo6)

Open for new technology (GQ7)

Participant type (GQS)

Experience with ERP systems (GQ9)

ERP system (GQ10)

Current tasks will change in future

due to new technology (GQ11)

Percentage of repetitive activities

(GQ12)

2014)

Derived from technology expertise (McLean & Osei-
Frimpong, 2019) and Experience (Brill, Munoz, &
Miller, 2019)

Derived from study of attitudes towards technology
(Edison & Geissler, 2003) and technology optimism
from comparable study (Kowalczuk, 2018)

Comparable study (Kiseleva et al., 2016)

Derived from technology expertise (McLean & Osei-
Frimpong, 2019)

Comparable study (Lambeck, Fohrholz, et al.,
2014)

Derived from studies about the impact of technology
on the future of work (Betz, Betz, Kim, Monks, &
Phillips, 2019; Kaplan & Haenlein, 2019)

Derived from GQ11 as an indicator for automation
potential and a mediator for impact on current tasks,
since repetitive activities have a higher risk of
automation (Grace, Salvatier, Dafoe, Zhang, &

Evans, 2018).

[source: own representation]
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Table 6: Feature sets and theoretical foundation

Feature set theoretical foundation

Summary-Function (Feature set F1) Information retrieval derived from comparable
Gives a short summary of the information  studies (Ammari et al., 2019; Iannizzotto et
of the day recorded in the system al., 2018)

Entry-Function (Feature set F2) Derived from functions like calendar entries and

Open masks and enter content via voice  chatbots (M. Jain et al, 2018; Kaplan &

input Haenlein, 2019; Lang et al., 2018)
Explanation-Function for reports Derived from a study in the field of data analysis
(Feature set 3) (Collins et al., 2018)

Explains components of reports and

evaluates key figures via voice output

Other Features (Feature set 4) Derived from function suggestions (Zhou, 2016)
Additional not yet fully implemented
features: worktime recording, search and

prediction

[source: own representation]

In order to avoid missing values, the mandatory entries were chosen so that
the questionnaire does not accept empty answers for important elements. Of the
500 possible participants, more than 10% of the respondents successfully com-
pleted the survey, such that a total of 66 people answered. Due to the complexity
of the survey and the required ERP knowledge in combination with the IPA expe-
rience to assess the usefulness of the features, a survey rate of 13,2% can be consid-
ered sufficient for an meaningful analysis (Delice, 2010; Fosnacht, Sarraf, Howe, &
Peck, 2017).
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3.4. RESULTS OF THE ARTIFACT EVALUATION

The sample characteristics as elaborated out in Table 5 and Table 6 are now
presented in respect to the sample in Table 7 and Table 8. The analysis shows that
more than 90% of the respondents have experience with ERP systems and around
80% have experience with speech assistants. More than 74% of the participants
watched the tutorial video and about 35% tested the artifact in a simulated produc-
tion system. Over 92% of all respondents expect, that new technologies (Compare
Sum of percentage in GQ11 in Table 8) will have an influence on their work objec-
tives. This result is consistent with other research findings (Baccala et al., 2018; Betz
etal., 2019). But unexpectedly, even participants with a low percentage of repetitive
tasks (23 participants with less than 20%), agree or partially agree, that their jobs
will be impacted and only one participant in this characteristic replied with rather

not true.
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Table 7: Demographic characteristics

Characteristics Respondents (n=66)
Number Percentage
Gender (GQ1)
Male 46 69,70
Female 20 30,30
Age (GQ2)
18-25 6 9,09
26-35 26 39,39
36-45 12 18,18
46-55 15 22,73
>55 7 10,61

Personnel responsibility (GQ3)

Yes 31 46,97
No 35 53,03
Job position (GQ4)
Assistance 1 1,52
Clerk / Employee 25 37,88
Executive employee / team leader 10 15,15
Head of department 8 12,12
Management 4 6,06
No Answer 18 27,27
Industry (GQ5)
IT 30 45,45
Service 16 2424
Others 20 30,30

[source: own representation]
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The demographic characteristics outlined in Table 7 are consistent with pre-
vious researches which suggests that the IPA market is at an early stage (Han &
Yang, 2018) and attracts early adopters who tend to be younger (Everett, 1995) and
that new technologies attract more male than female respondents (Dobscha, 2003;
Kotzé, Anderson, & Summerfield, 2016). The significance of attitudes towards tech-
nology is also underlined by the results of the survey, where all participants agreed
or partly agreed that they are open to new technologies (GQ?7). Table 8 shows the

IT experience of the survey participants.

Table 8: IT experience of respondents

Characteristics Respondents (n=66)

Number Percentage

Experience with Voice-Assistants (GQ6)

Yes 54 81,82

No 12 18,18
Open for new technology (GQ7)

I agree 53 80,30

I partially agree 13 19,70
Participant type (GQS)

Watched the video and tried the IPA 17 25,76
Tried the IPA only 7 10,61
Watched the video only 32 48,48
Either watched or tried the IPA 10 15,15

Experience with ERP systems (GQ9)

User 12 18,18
User with advanced knowledge 11 16,67
Key-User (expert for process areas) 7 10,61
Administrator (expert for configuration) 7 10,61
Key-User and Administrator 15 22,73

No Experience 6 9,09
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ERP system (GQ10)

Vemas.NET 39 59,09
SAP 10 15,15
None 10 15,15
Microsoft Dynamics 3 4,55

Others 16 2424

Current tasks will change in future due to new technology (GQ11)

I agree 39 59,09
I partially agree 22 33,33
Rather not true 4 6,06
I disagree 1 1,52

Percentage of repetitive activities (GQ12)

<20% 23 34,84
...between 20% and 50% 37 56,06
>50% 6 9,09

[source: own representation]

In accordance with their individual impression of the IPA, participants as-
sessed the features in terms of usefulness and had the chance to cast votes for other
features. The results are being presented in Table 9.

Table 9: IPA-feature rating (n=66)

Summary-Function (Feature set F1) I agree I Rather I
partially nottrue disagree

agree

The daily summary of the processes informs  36,36% 33,33% 22,73% 7,58%
me specifically for my tasks

(Feature F1.1 — daily summary)

The IPA should compress the notes of the 19,7% 36,36% 27,27% 16,67%
users again and output only keywords

(Feature F1.2- daily summary compressed)
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It should be possible to output more
information, such as the number of open and
completed hotline tickets, number of documents
created

(Feature F1.3 — daily summary extended)
Entry-Function (Feature set F2)

Calling up the mask via voice command enables
faster acquisition

(Feature F2.1 — speech navigation)

The possibility to enter the textual content
via speech simplifies the input

(Feature F2.2 -speech-input)

Speech recording in all masks with input
fields for longer texts is helpful

(Feature F2.3 — Speech-Input long text)

Explanation-Function for reports

(Feature set 3)

The combination of language interaction in
graphical and tabular overviews promotes the
understanding of the displayed content
(Feature F3.1 — explanation)

The pre-evaluation of the key figures via voice
output influences my own decision making

(Feature F3.2 — explanation influence)

The graphical and tabular views are sufficient
for me, I do not need any linguistic preparation

(Feature F3.3 — no explanation)

40,91%

39,39%

57,58%

51,52%

57,58%

15,15%

30,3%

31,82%

45,45%

27,27%

28,79%

21,21%

40,91%

42,42%

15,15%

4,55%

3,03%

4,55%

15,15%

33,33%

16,67%

12,12%

10,61%

12,12%

15,15%

6,06%

10,61%

10,61%
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Other Features (Feature set 4)

The recording of working hours via voice  31,82% 24,24% 21,21% 22,73%
input would make my work easier

(Feature F4.1 — worktime recording)

Voice commands can completely replace 9,1% 22,7% 37,9% 30,3%
navigation via keyboard, mouse or touch

screen (Feature F4.2 — replace keyboard)
Forecasts and predictions e.g. of expected  37,88% 37, 88% 10,61% 13,64%

sales figures (predictive analytics) can be

better understood through the combination of

graphical representation and speech interaction

(Feature F4.3 — prediction)

A search function to open customers, prospects ~ 56,06% 31,82% 4,55% 7,58%
or contacts directly by voice speeds up the

process of finding information

(Feature F4.4 — speech-search)

[source: own representation]

The highest rated feature with 87,9% positive votes (I agree or I partially
agree) is F4.4 — speech-search, which is followed by F2.2 -speech-input at 84,9% and
F2.1 — speech navigation at 84,8%. After the completion of the top-down analysis
that leads to the descriptive findings outlined above, the results of the survey will
be analysed in order to examine the quality dimensions of usability in the IPA con-
text. To this end, a correlation-analysis was carried out and the result is presented
in Table 10.
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M SD GQ2 GQ3 GQ4 GQ6 GQ7 GQ8 GQ9 GQI11 GQ12
Age (GQ?2) - Clustered 2.86 1.19
Personnel responsibility (GQ3) 0.47 050 .17
Job position (GQ4) 202 152 -.02 .28*
IPA experience (GQ6) 082 039 -05 .13 -14
New technology (GQ?) 120 040 -.04 -08 .03 -.06
Participant type (GQ8) 147 104 03 -13 .15 -11 -20
ERP experience (GQ9) 242 1.85 .34 .14 31 -22 -04 .23
Technology impact (GQ11) 150 069 .09 04 -05 -12 22 13 -.04
Repeating activities (GQ12) 174 062 -30* .12 -01 -06 .26* -36* -20 .01
Daily summary (F1.1) 202 095 08 .13 -06 .07 -17 -08 .13  .28* -04
Daily summary compressed (F1.2) 241 099 .03 -03 .03 06 -20 -13 -12 -04 -.08
Daily summary extended (F1.3) 198 103 .09 24 -01 -14 .07 -22 09 -07 .05
Speech navigation (2.1) 180 081 .08 .07 -14 .02 -02 -12 -13 .01 .04
Speech input (F2.2) 161 082 -03 -04 -09 -22 .03 -08 -04 .10 -.03
Speech input long text (F2.3) 173 089 -15 -14 .06 -27% .14 -17 -08 .07 .03
Explanation (F3.1) 170 0.94 46*** 29* -02 -14 -04 -29* .03 .19 -.04
Explanation influence (F3.2) 239 087 .34 33* 01 -03 .00 -18 .18 .22 -.02
No explanation (F3.3) - Inverted 292 095 07 -10 .07 -19 .13 -32* .18 .03 .20
Worktime recording (F4.1) 235 116 .05 20 .10 -06 ~-15 -24* .03 -13 .05
Replace keyboard (F4.2) 289 095 .18 .00 -24* 18 -19 -03 21 .16 -.08
Prediction (F4.3) 200 1.02 32" .15 .08 .01 .03 -45*** 14 22 -.03
Speech search (F4.4) 164 089 -17 03 -07 20 -16 -30* -26* -05 .10

[source: own representation]

Note: p<.001 ** p<.01 *p<.05*
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Table 10 (continued)
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Correlation Matrix nominal characteristics and ordinal features

F11 F1.2 F13 F21 F22 F23 F31 F3.2 F3.3 F41 F4.2 F43
Daily summary compressed .24
(F1.2)
Daily summary extended 3823
(F1.3)
Speech navigation (2.1) 14 04 20
Speech input (F2.2) 10 .08 19 57
Speech input long text (F2.3) .23 .11 .38%* .35% .67
Explanation (F3.1) 36% .10 .31 11 .05 .16
Explanation influence (F3.2) .56*** .16 46*** 21 .16  .26* .58**
No explanation (F3.3) - 24 -02 15 -13 -06 .10 19 28
Inverted
Worktime recording (F4.1) B7%% 22 A48 417 41% 37 15 37%* .08
Replace keyboard (F4.2) A3 29% 16 26 23 17 .06  .43%* 06 43"
Prediction (F4.3) S 220 32% 18 24%  32%% 49 BgM* 30%t 29% 27
Speech search (F4.4) 40% 30 .24 4G 420 4% D3 29% 15 A44% 30% .44

[source: own representation]

Note: p <.001 ** p<.01* p<.05*

A non-parametric correlation analysis using spearman’s rank-order

correlation was performed to assess the nature of the link between the variables

analysed. The item Gender (GQ1) defined as a binary variable was removed to

avoid analysing correlations between binary and nominal variables (Gogtay &
Thatte, 2017). The items Industry (GQ5) and ERP system (G10) as nominal variables

were excluded from the matrix during the analysis, as no reasonable order can be

established for the evaluation. The excluded characteristics may be useful for anal-

ysis in later studies regarding the differences between users of different ERP sys-

tems. However, it should be noted that almost 60% of the participants are users of

the ERP system Vemas.NET, more than 45% of the participants are from the IT sec-
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tor and almost 70% of the participants are male. For a representative analysis fur-
ther samples of other female users, but also of other ERP systems and branches
would have to be collected. The item no explanation (F3.3) was inverted because
the question was negated. The age (GQ2) was not collected as a numerical value

for data protection reasons, but as a Likert scale with the following coding:
1: 18-25, 2: 26-35, 3: 36-45, 4: 46-55, 5: >55.

Table 10 shows the correlation matrix for nominal characteristics and ordinal
feature variables of the survey. The cross-correlation within the features are only
shown for the sake of comprehensiveness. The correlations between the features
are not considered, as no relevant inferences can be derived. Spearman’s correla-
tion coefficients as a standardised and symmetric rank coefficient in [-1,1] revealed
the highest correlation with r=.46 is between age (GQ2) and F2.3 — Speech-Input
long text and the highest negative correlation with r=-.45 is between participant
type (GQ8) and F4.3 — Prediction. The shown maximum and minimum r-values
from the correlation matrix are indicating the expected weak correlation between
the characteristics and the feature sets. Further details of the descriptive analysis
and the correlations will be discussed in the next chapter.

3.5. DISCUSSING THE RESULTS OF THE ARTIFACT EVALUATION

The majority of the respondents (68,2%) agreed, that speech-input is not ca-
pable of completely replacing input devices like keyboard, touchscreen or mouse,
so the IPA is recognised as a complement to traditional input methods, in particular
for search-functions (F4.4 — 87,9%), speech-input (F2.2 — 84,9%) and navigation
(F2.1 - 84,8%). One possible explanation for this outcome may be that this type of
usage is already known by the personal through use of IPA’s, but unexpectedly the
summary-feature (F1.1), which is also well known from Amazon’s Alexa, is only
rated positively by 69,7%. Maybe further investigation within the expert interviews
will show whether the request to enrich the summary (F1.3 —72,7%) or to provide
a condensed summary (F1.2 — 56,1%) will increase the user-acceptance.

The speech-interaction feature with explanation mode was rated positively
by 78,8%, but surprisingly 72,7% of the respondents also concurred, that there is no
explanation via IPA needed. Further research is therefore needed to explain, in

which situation and in which specific context this feature is relevant, whereby this
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is also an aspect for the expert interviews. As 75,8% of respondents agreed with the
necessity of a forecast combined with an explanation, further research is required
to analyse the key indicators for an IPA in this business context in the field of pre-
dictive analytics. For this reason, artifact will also be expanded later according to
the requirements in order to be able to discuss the use-cases from a practical per-
spective within the framework of the expert interviews. Over 56% of the respond-
ents agreed, that the pre-evaluation of the key figures (F3.2) will affect their deci-
sion-making, underlining the importance of this feature and justifying further re-

search in this area.

The correlation matrix revealed that there are only weak correlations between
the participant characteristics and the feature sets. With reference to the literature,
the approach of analysing correlations between nominal variables and ordinal var-
iables measured with a Likert scale can be considered appropriate (Norman, 2010).
The strongest positive correlation between the characteristics and feature sets is
within age (GQ2) and F3.1 — explanation with r=.46, where the implication step is
that the older the participant, the higher the benefit of the explanation feature. This
outcome may contribute to the correlation between age (GQ2) and personnel re-
sponsibility (GQ3) with r=.29, suggesting that the chance of being responsible for
staff increases with age, although the job position (GQ4) is not correlating (r=-.02)
with the usefulness of the explanation feature (F3.1). Consequently, a general state-
ment that the function has a greater benefit for decision-makers is not valid. The
highest negative correlation is within participant—type (GQ8) and F4.3 — predic-
tion with r=-.45. This correlation is most likely not valid, because the participant-
type expresses how the participant has made the experience with the artifact. The
item only asks for the estimation of the usefulness for a future improvement of the
prototype, so the user was not able to experience the prediction and make an as-
sessment here. This reinforces the weak interdependencies and justifies regarding

the functional evaluations as almost independent of the characteristics.
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3.6. CONCLUSION FROM THE ARTIFACT EVALUATION

The aim of this chapter was to examine the usefulness of specific IPA func-
tions to support complex workflows in a business context. As part of the functional
scope, a new function called explanation-mode was elaborated and introduced to
both the scientific community and the business community. To this end, a survey
was carried out with questions on individual characteristics, ERP and IPA experi-
ences and assessments of specific and testable IPA features. Descriptive statistics
and a correlation matrix were used to analyse and interpret the collected data. As
mentioned in the previous chapter, the correlation between the individual charac-
teristics and the usefulness of the characteristics is weak. Therefore, the finding is
consistent with other researches in the private environment (Han & Yang, 2018),
and satisfaction and continuance intention are primarily influenced by task attrac-
tion. As the expectations differ between private customers and business-users more
studies in IPA in business-context are necessary to clarify the main drivers for con-
tinuance intention for IPA in business cases. To this end, the IPA-artifact will be
enhanced and requested features like the search-function (F.4.4) will be added and
existing features like the summary-function (F1.1) extended in line with user de-

mand for more detail and higher information density (F1.2 + F1.3).

The explanation mode — as a new and hitherto unknown feature — met with
a high level of acceptance, but further investigation is needed to identify its impact
on decision-making and its usefulness in day-to-day business, as more than 72%
also agreed that there was no particular need for explanation. The implementation
of prediction (F4.3) to the IPA, might increase the usefulness of an explanation. This

will be discovered within the expert interviews.
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The artifact in combination with the survey was able to provide deep under-
standing of user acceptance of certain features in a business context. On the basis
of this result, further development of the artifact, as well as further research is
needed to develop details on the usage of features — in particular the explanation
mode —and key indicators of acceptance in order to adequately answer the research
question raised in this dissertation. Appropriate enhancements to the artifact will
therefore be developed and then, on the basis of the new version and the use cases
elaborated in chapter 2.4, expert interviews will be conducted in which the effects
on the processes will be discussed in order to provide an adequate final answer to

the research question.



4. ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND
MEDIUM-SIZED ENTERPRISES IN THE SERVICE INDUSTRY

After completion and evaluation of the quantitative part of the study, it is
now necessary to discuss the findings gained in the quantitative part with experts.
This chapter therefore serves to explain the methodology of the expert interview in
the context of the dissertation, to make an exact definition of the experts required
to work on the research question, and then to identify, select and interview the ex-
perts on the basis of a developed interview guideline, which is then finally evalu-
ated. Furthermore, this methodology will be justified with regard to its concrete
application to answer the research questions RQ2 — RQ4. To answer RQ5, a cost-

benefit analysis is carried out following the evaluation of the expert interviews.

Before the methodology of the expert interview is presented, the artifact must
first be expanded based on the findings of the questionnaire evaluation. The imple-
mentation of prediction models is particularly relevant here since the use cases de-
scribed in chapter 2.4 build on this function and concrete use cases in practice are
also presented and discussed in the context of the expert interviews. For this rea-
son, the next chapter will describe the extension of artifact to provide the necessary

functionality for the presentation of the prototype during the interviews.

4.1. EXTENSION OF THE ARTIFACT

Within this chapter the technical implementation of different ML procedures
is described. The context here is the existing implementation of artifact, as de-
scribed in chapter 3. As a supplement to the system environment, the database
component on which the ERP system is based must also be taken into account in
addition to the Web components and the APL. The ERP system Vemas.NextGen
uses the Microsoft Structured Query Language (MS SQL) Server as database sys-
tem. MS SQL provides the technological platform for storing, maintaining and eval-
uating data (Foster & Godbole, 2016). In addition, a comprehensive framework for
the implementation of ML functions is provided, which supports both Python and
R-code and thereby enables extensive modelling (Woody et al., 2016).
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41.1. Introduction to Machine Learning in Microsoft SQL Server

Since MS SQL 2017, extensive methods from the area of ML are available di-
rectly within the SQL server (Etaati, 2019, p. 139), so that not only R and Python
code can be executed as an external script, but on the basis of trained models, the
SQL server with the Predict function also provides native support of ML methods
for use within Transact-SQL queries (Microsoft Docs, 2019a, 2020). This offers com-
pletely new possibilities to analyse data and use it for classification and prediction
purposes. The RevoScaleR library is a collection of scalable, portable and distribut-
able R-functions for importing, transforming and analysing data. The library pro-
vides functions for descriptive statistics, generalised linear models, k-mean cluster-
ing, logistic regression, classification and regression trees, and decision forests.
(Microsoft Docs, 2019b)

To use the above methods within the predictive function of T-SQL state-
ments, it is necessary to train a model. The model must be created using a script
based on R or Python languages. During the evaluation, it has been found that us-
ing R is the more stable implementation. There are more examples and more sup-
ported extension libraries available. Therefore, the focus of the framework was put
on the use of R as a model generation language. Specifically, the RevoScaleR frame-
work provided by Microsoft was used, in which numerous functions were encap-
sulated and extensive documentation is available. Despite neural networks, all de-
scribed methods within the predict command can also be used under T-SQL, pro-

vided that a valid model has been generated beforehand.

The predict-command consists of the basic model on the one hand and the
data basis that is to be used for the prediction of the values on the other hand. The
model is to be transferred as a binary variable. The data in the form of a table.

Since the R-syntax is relatively complex and has to be programmed within
dynamic SQL, a framework was programmed in order to be able to use the above-
mentioned functions very extensively even without extensive programming

knowledge in the area of R.
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41.2. Implementation and evaluation

Within this chapter the learning of a model and its use for prediction is con-
sidered. The implementation has been done within the SQL server to keep data and
functions on the same platform. The stored procedure GenerateAndTrainModel
was programmed to create a model. Within this stored procedure, the training data
is determined using the configurations passed as parameters then the correlations

are accepted, and the model is generated based on the model type.

As an example, the IRIS data record" known in statistics is used, which is
also contained in the demo data within table DEMO_DATA_IRIS. The species (Se-
tosa, Versicolor or Virginica) are determined using the sepal length and width and
the petal length and width. The Random Forest method is suitable as a model type
(Liaw & Wiener, 2002). The correlation in R notation is expressed as follows:
Species ~ Sepal.Length + Sepal. Width + Petal. Length + Petal. Width

The training data is passed directly as SQL query string, the result of the
query is the binary coded model:

declare @trained_model varbinary(max)
exec GenerateAndTrainModel
@model_type = N'dforest_classification’,
@Correlation = N'Species ~ Sepal.Length + Sepal.Width + Petal.Length +
Petal.Width',
@FactorConversion = '',
@InputTrainingDataQuery = N'SELECT [Sepal.lLength], [Sepal.Width], [Petal.Length],
[Petal.Width], [Species] FROM [Vemas_BI].[dbo].[DEMO_DATA_IRIS]',

@trained_model = @trained_model OUTPUT

select @trained_model as Model

B Ergebnisse Eﬁ Meldungen
Model
1 E&GZH:GFGZ?ZD&CEB?UEW4163D6596E25’2€13D?9&?E?E...

11 The dataset is available at https://archive.ics.uci.edu/ml/datasets/iris.
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Once the model is created, it can be used in conjunction with data structures
in the same format as the training data sets to make real-time predictions or classi-
fications. Since the predict command requires a table as data source, it is recom-
mended to create a global (possibly temporary) table in the test data structure,
which contains the data to be evaluated as content. In our example, we add 20% of

the IRIS data records to a global, temporary table:

SELECT distinct top 20 Percent [Sepal.Length], [Sepal.Width], [Petal.lLength],
[Petal.Width], [Species]
into ##tmp

FROM Vemas_BI..[DEMO_DATA IRIS]

Afterwards we classify this with the help of the previously created model by

using the Predict command:

SELECT d.*, p.* , case when d.species = p.Species_Pred then 1 else @ end as match
FROM PREDICT(MODEL = @trained_model, DATA = ##tmp AS d) WITH(setosa_prob float,

versicolor_prob float, virginica_prob float, Species_Pred nvarchar(max) ) AS p;

The columns within the WITH block are given by the generated model, in
this case, we get back a probability for all three possible species and furthermore
the determined species is returned in the column “Species_Pred”. The column
Match was inserted for better evaluation and returns whether the determination
from the predict corresponds to reality, because the data sets already return the
correct classification. As a result, the SQL-Server returns that corresponds to a table

query (Figure 36):
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FH Ergebnisse 2 Meldungen
Sepal.Llength  Sepal Width  Petal Length  Petal Width ~ Species setosa_prob  versicolor_prob virginica_prob Species_Pred  match
15 48 14 16 0.2 setosa 1 0 0 setosa 1
165 43 34 19 0.2 setosa 1 o o setosa 1
7 459 24 3.3 1 versicolor 0 0,512063046106402 0 087536953893558  versicolor 1
18 |4.5 25 45 1.7 virginica 0 0.641451535575555  0,358508064424045  versicolor 0 I
19 43 3 14 0.2 setosa 1 0 0 setosa 1
20 45 a1 15 01 setosa 1 0 0 setosa 1
21 45 a1 15 0.2 setosa 1 0 0 setosa 1
2245 6 14 01 setosa 1 0 0 setosa 1
23 5 2 35 1 versicolor 0 0.512063046106402  0,0879369538935598  versicolor 1
24 5 23 33 1 versicolor 0 0.512063046106402  0,0879369538935598  versicolor 1
25 5 3 16 0.2 setosa 1 0 0 setosa 1
% 5 32 1.2 0.2 setosa 1 0 0 setosa 1
7 5 i3 14 0.2 setosa 1 0 0 setosa 1
28 5 14 15 0.2 setosa 1 0 0 setosa 1
25 5 14 16 0.4 setosa 1 0 0 setosa 1
I 5 5 13 0.3 setosa 1 0 0 setosa 1

Figure 36: Query result prediction using random forest

[source: own representation]

In this example, 29 of 30 data sets were correctly assigned, only one data set
was incorrectly classified, resulting in a prediction accuracy of almost 97%. Using
the boosted tree procedure instead of the random forest procedure, all test data is

evaluated correctly (Figure 37):

declare @trained_model varbinary(max)
exec GenerateAndTrainModel
@model_type = N'btree_classification',
@Correlation = N'Species ~ Sepal.Length + Sepal.Width + Petal.Length +
Petal.Width',
@FactorConversion = "',
@InputTrainingDataQuery = N'SELECT [Sepal.Length], [Sepal.Width], [Petal.Length],
[Petal.Width], [Species] FROM [Vemas_BI].[dbo].[DEMO_DATA_IRIS]',

@trained_model = @trained_model OUTPUT

SELECT distinct top 20 Percent [Sepal.Length], [Sepal.wWidth], [Petal.Length],
[Petal.Width], [Species]
into ##tmp

FROM Vemas_BI..[DEMO_DATA_IRIS]
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SELECT d.*, p.* , case when d.species =

FROM PREDICT(MODEL = @trained_model, DATA =

DANIEL HUSSON

p.Species_Pred then 1 else @ end as match

##tmp AS d) WITH( setosa_prob float,

versicolor_prob float, virginica_prob float, Species_Pred nvarchar(max) ) AS p;

Sepal Width  Petal Length  Petal Width  Species setosa_prob versicolor_prob wirginica_prob Species_Pred match
3 1.1 01 setosa 0.,986007479521584  0.0132338731030277  0,000752647374588439  setosa 1
29 14 0z setosa 0,965982884587695  0,0330571049967585  0,000960010416146179  setosa 1
3 13 02 setosa 0.986007479521984  0.0132398731030277  0.000752647374588439 setosa 1
32 13 02 setosa 0.988798725730731 0.0107883504824804  0,000412879786788622 setosa 1
23 13 03 setosa 0,922576572330235  0,0705973022807478  0,00682612538301307  setosa 1
3.1 15 02 setosa 0.991705763585135  0.00788014237570459  0.000414093639160249  setosa 1
32 14 02 setosa 0.988798725730731 0.0107883504824804  0,000412873786788622 setosa 1
34 14 03 setosa 0,996872380311687  0,002500592650120186  0,000226693187111359  setosa 1
36 1 0.2 setosa 0.957828469177432  0.0020141359689297  0.000157394853638357  sctosa 1
32 13 02 setosa 0.988798725730731 0.0107883504824804  0,000412873786788622 setosa 1
32 16 02 setosa 0,5887987295730731  0,0107833304824804  0,000412879786788622 setosa 1
3 14 0.1 setosa 0.986007479521984  0.0132398731030277  0.000752647374588439  sctosa 1
3 14 03 setosa 0,986007479521984  0.0132338731030277  0,000752647374588439  setosa 1
3.1 16 02 setosa 0,951705763585135  0,00788014237570459  0,000414093639160249  setosa 1
34 16 0.2 setosa 0.996872380311687  0.00250092650120136  0.000226693187111359  sctosa 1
, 34 19 02 setosa 0,996872380311687  0,002500592650120186  0,000226693187111359  setosa 1
17 49 2.4 33 1 versicolor __0,03525614856882616__0,54513301714573 01.019610834262005 versicolor 1
| EIE] 25 45 17 virginica_0.0276769863852333  0.328101671344403 0.644221342270358 virginica 1
19 49 3 14 02 setosa 0,986007479521984  0,0132338731030277  0,000752647374588439  setosa 1
20 49 3.1 15 01 setosa 0.991705763585135  0,00788014237570459  0,000414093639160249  setosa 1
21 49 31 15 02 setosa 0,991705763585135  0,00788014237570455 0,000414093635160249  setosa 1
22 49 36 14 01 setosa 0,997828469177432  0,0020141359685257  0,000157394853638357  setosa 1
23 5 2 35 1 versicolor  0.0291299274450753  0.956951763661937 0.013913303833938 wersicalor 1
24 5 23 3 1 versicolor  0.0291299274450753  0.956551763661937 0.013918308838988 wersicolor 1

Figure 37: Query result prediction using boosted tree

[source: own representation]

This experiment showed that the implemented framework has the ability to
perform a correct classification and that different prediction methods also lead to
different results. Hence, it is very clear that the method of data analysis has a deci-
sive influence on the quality of the forecast and classification and must therefore
be chosen and validated very carefully. The reliability of the determined data is
essential for the confidence in the forecasts and automatic classifications by ML
algorithms. In addition to the method, the presumed correlation between the inde-
pendent and dependent variables is essential for a valid prediction model
(Steinmetz, 2015, p. 8). Different constellations should be checked and the depend-
ency between the variables should be proven based on scientific literature and ide-

ally proven by statistical procedures.
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41.3. Introduction to the Machine Learning-Framework V-ML

To make the use of prediction functions as easy as possible and to enable us-
ers without programming skills and profound statistical knowledge to use them, a
framework called V-ML was programmed by the author in the context of the dis-
sertation. On the basis of the central model creation, it is now possible to implement
predictions through appropriate table structures by pure configuration and data
queries. For the overall understanding of the framework, it is necessary to go into
the data structures, and figure out especially how the data basis for the forecast is
obtained. Figure 38 shows the data management within the ERP system Ve-
mas.NextGen. All real data like orders, projects, invoices etc. are stored in this da-
tabase and real-time evaluations are sent as queries against this database. The Ve-
mas BI database is regularly fed by appropriate extraction and transformation
based on the aforementioned database, this corresponds to a classic data ware-
house procedure (Mucksch & Behme, 2000, p. 41). Thus, historical data, time series,
but also external data like industry growth are stored in this database.

Vemas Bl
Database

Vemas.NextGen
Database

g

Extraction &
Transformation

| Production data | [ History data |
Ad-hoc queries Transposed data
Harmonised data
Time series comparisons
External data

Figure 38: Data management

[source: own representation]
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Figure 39 shows the structure of the BI_Matrix table, this Table is part of the
Vemas BI-Database. The table is structured in such a way that data can be inserted
row by row for a certain period of time with the smallest interval month. The col-
umns contain the value of a particular indicator or key figure that is valid for the

time, such as the number of customers, the profit, or the number of tickets.

LAPTOPDH\SQL17ML...| - dbo.Bl Matrix + X _

Datentyp MULL-Werte...
O
O
Month int O
Profit decimal(38, 10)
Consultants decimal(38, 10)
Tickets decimal(38, 10)
Custormers decimal(38, 10)
ConsultingDays decimal(38, 10)
Costs decimal(38, 10)
SoftwarelUpdates decimal(38, 10)
Users decimal(38, 10)
O

Figure 39: Table structure BI_Matrix

[source: Screenshot Microsoft SQL-Server Management Studio]

The example of data from the BI_Matrix table shows how data predictions
can be made using central parameterisation. The table tkeyPredictions was created
for this purpose. Here, both the correlation and the query for the training data and
the method can be defined (Table 11):
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Table 11: Prediction configuration

Prediction- Comment Inputdata Correlation Predic-

name tiontype

Iris Example SELECT Species ~ dtree_
Decision Tree [Sepal.Length], Sepal.Length + classifica-
classification: [Sepal.Width], Sepal Width +  tion
Determination of [Petal.Length], Petal.Length +
an iris species [Petal. Width], Petal Width

[Species] FROM
[Vemas_BI].[dbo].
[DEMO_DATA_
IRIS]

Iris_Btree Example boosted SELECT Species ~ btree_
Decision Tree [Sepal.Length], Sepal.Length + classifica-
classficifation: [Sepal.Width], Sepal Width+  tion
Determination of [Petal.Length], Petal.Length +
an iris species [Petal. Width], Petal. Width

[Species] FROM
[Vemas_BI].[dbo].
[DEMO_DATA_
IRIS]

Iris_Forest Example SELECT Species ~ Se- dforest_
Random Forest [Sepal.Length], pal.Length + classifica-
classification: [Sepal. Width], Sepal. Width +  tion
Determination of [Petal.Length], Petal.Length +
an iris species [Petal.Width], Petal. Width

[Species] FROM
[Vemas_BI].[dbo].
[DEMO_DATA_
IRIS]
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Profit

Profit_btree_

regression

Tickets

Tickets_
btree_

regression

Linear regres-
sion: Prediction
of expected turn-
over based on
customers, con-
sultants, consult-

ing days

Boosted Decision
Tree regression:
Prediction of ex-
pected turnover
based on custom-
ers, consultants,

consulting days

Linear
regression:
Ticket volume

prediction

Boosted Decision
Tree regression:
Ticket volume

prediction

SELECT distinct top
80 Percent profit,
customers ,consult-
ants, Consulting-
Days, Year FROM
Vemas_BI..BI_
Matrix Order

by Year

SELECT distinct top
80 Percent profit,
customers ,consult-
ants, Consulting-
Days, Year FROM
Vemas_BI..BI_
Matrix Order

by Year

SELECT distinct top
80 Percent tickets,
customers , users,

softwareupdates,

Year FROM Vemas_

BI..BI_Matrix Order
by Year

SELECT distinct top
80 Percent tickets,
customers , users,

softwareupdates,

Year FROM Vemas_

BI..BI_Matrix Order
by Year

profit ~ linear
customers +

consultants +

Consulting-

Days

profit ~ btree_
customers + regression

consultants +
Consulting-
Days

tickets ~ linear
customers +

users + soft-

wareupdates
tickets ~ btree_
customers + regression

users + soft-

wareupdates
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Tickets_ Random-Forest SELECT distinct top  tickets ~ dforest_
Forest Regression: 80 Percent tickets, customers + regression

Ticket volume customers , users, users + soft-
prediction softwareupdates, wareupdates
Year FROM Vemas_
BI..BI_Matrix Order
by Year
Transmis- Example logistic = SELECT am, hp, wt, am~hp+wt+ logit
sion regression: pre- gear FROM gear

dicting whether [Vemas_BI].[dbo].
a car has a man- [DEMO_DATA_
ual gearbox MTCars]

[source: own representation]

This is where the flexibility of the framework becomes apparent; by defining
the data basis in the column “Inputdata” and its correlation in the column “Corre-
lation”, a connection of the fields is created. The field names in the Inputdata col-
umn must match those in the Correlation column. The “Predictiontype” column
determines which method is to be used to carry out a prediction.

Using the example of forecasting turnover, the mode of operation is illus-
trated. It is assumed (very simplified) that revenue (profit) can be predicted by the
number of customers, the number of consultants and the number of consulting
days using linear regression. This correlation was stored centrally for the profit

forecast in R-notation:
profit ~ customers + consultants + ConsultingDays

In addition, the training data were parameterised, on the basis of which the
model is trained:

SELECT distinct top 8@ Percent profit, customers ,consultants, ConsultingDays, Year

FROM Vemas_BI..BI_Matrix Order by Year
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To use the model, the stored procedure GetModelByPrediction was devel-
oped to only receive the unique name of the prediction and the information
whether the model should be trained again. To predict new values, values for the
independent variables can be added using Union-Select, which then determines the

dependent variable using the prediction function:

Declare @Predictionname varchar(255),
@Retrain bit,
@trained_model varbinary(max)

set @Predictionname = 'Profit’

set @Retrain = @

exec GetModelByPrediction @Predictionname = @Predictionname,
@Retrain = @Retrain,

@trained_model = @trained_model OUTPUT

SELECT distinct top 20 Percent profit, customers ,consultants, ConsultingDays, Year
into ##tmplLR

FROM Vemas_BI..BI_Matrix

union select NULL profit, 120 customers ,15 consultants, 2000 ConsultingDays, 2019 Year
union select NULL profit, 5 customers ,1 consultants, 1 ConsultingDays, 2020 Year

Order by Year desc

SELECT d.*, round(p.profit_Pred,2) profit_Pred
FROM PREDICT(MODEL = @trained_model, DATA = #i#tmpLR AS d) WITH(profit_Pred float) AS p;

drop table ##tmplLR

Figure 40 shows that there are large discrepancies between the predicted data
and the test data, so it can be assumed that the assumed correlation does not fully

explain the dependent variable.
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FH Ergebnisse [l Meldungen

L R

prafit customers consulttants
NULL 12[!“ D. 00000000 151]- 000000000
3500000.0000000000  110.0000000000  14.0000000000
3000000.0000000000  S0.0000000000  15.0000000000
2750000.0000000000  70.0000000000  12.0000000000

Figure 40: Result profit prediction

[source: own representation]

ConsuttingDays Year
1.0000000000 2020
2000.0000000000 2019
1540.0000000000 2018
1500.0000000000 2017
1210.0000000000 2016

profit_Pred
44723553
5415009,18
4507500.2
1435071,49
2634364 57
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A comparison of the methods using a correlation in the area of ticket predic-

tion clearly shows how the results vary when different methods are used.

The correlation is assumed as follows:

tickets ~ customers + users + software updates

The results in the upper range have been determined by linear regression,

those in the lower range via boosted decision trees (Figure 41):
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Figure 41: Comparison linear regression and boosted decision trees

[source: own representation]
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The boosted tree variant is much closer to the real numbers in the lower
range, but in the forecast, rather unrealistic values are returned. The linear regres-
sion is worse in the lower range with regard to the forecast but returns much more
plausible data in the upper range. Both can be caused by overfitting or underfitting
(Gavrilov, Jordache, Vasdani, & Deng, 2018).

To further test the framework, the prediction procedure was finally extended
and the prediction of the ticket volume for specific weekdays was implemented.
The forecast of the expected support volume for specific days of the week is an
important factor in staff scheduling. On the other hand, it must be ensured that
sufficient staff are available to handle support requests, while on the other hand,
overcapacity should be avoided, as worked out in chapter 2.4.3.5. To make a valid

forecast of the support volume, the first step is to determine the influencing factors.

Special effects due to external influencing factors such as legal changes can
only be considered in such forecasts by manual intervention, since these cannot
usually be derived from historical data. The focus is therefore on the influencing
factors that can be derived from the historical data. To illustrate the facts, it is as-
sumed that the support volume is determined by the following influencing varia-
bles referring to the underlying use-case in chapter 2.4.3.5 and the individual cir-
cumstances of the company. The focus here is set to SMEs that provide it-services
in form of software in the B2B area and only providing customer services during

weekdays:

1. working day
For most business customers, the main factor influencing the ticket vol-
ume during normal operation (Monday — Friday) will be the determina-
tion of working days.
On weekends and holidays the helpdesk is not manned; tickets can only
be reported online via portal or e-mail. Tickets will not be processed.

2. weekday
The day of the week is also likely to play a role, since there are usually
lesser working hours on Fridays, for instance. Whether this leads to an
increased or reduced support, volume must be assessed on the basis of
the respective data situation.
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3. holidays
During the school holiday period, most employees usually go on vaca-
tion. This will probably have an impact on the support volume. Whether
this is reduced by less present employees or increased by rather inexperi-
enced employees, holiday replacements must be clarified by the data sit-
uation.

4. software updates
The going live of a new version usually provides new functions and
changes processes. Therefore, an increased support volume can be ex-
pected after the going live. How long the effect lasts and how high this
effect will have to be clarified again on the basis of the data situation.

An analysis was carried out based on data from the productive system of an
SME. For this purpose, all tickets from 01.01.2015 to 15.07.2020 were queried.
Within this period 22.826 tickets were created. There are 2.022 individual data rec-
ords per day, the maximum number of created tickets is 134, the minimum is 0, and
on average 11 tickets per day (incl. weekend) were reported. 110 going lives were
carried out. The ticket average for working days is 16. In order to eliminate statis-
tical outliers, only days with a ticket volume of up to 31 were taken into account
when training the data. The decision for this limitation was made by clustering the

number of different new tickets, as presented in Figure 42.
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Figure 42: Clustered ticket count

[source: own representation]
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It becomes clear that a statistical frequency of >= 10 is only given from less

than 32 tickets per day. Days with more tickets would falsify the result. The model

could therefore be trained with 1.960 records of data. The boosted decision tree re-

gression was used as the method for the forecast. In the first comparison, the fore-

cast is carried out between vacation time and non-vacation time and presented as

Figure 43.
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Figure 43: Tickets comparison vacation-time

[source: own representation]
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It is clearly shown that especially on working days the support volume is
about 1 ticket lower. Next, the effect of going lives on the support volume is
analysed as presented in Figure 44.

weekday isworkday isvaccation aoinglive  ticket_Pred
0 0 241
2,61
1577
15,24
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18,23
17,25
18,15
17,36
18,92
16.93
17,55
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Figure 44: Ticket comparison going-live

[source: own representation]

On all working days, except Fridays, the support volume increases. Going
live on Tuesday has the biggest impact, with an average of more than 1,5 additional
tickets being reported. On Fridays during a going live phase, fewer tickets are
reported than on Fridays without going live. One explanation could be that the
accumulation of tickets Monday to Thursday leads to a reduced support volume
by the companies in the going live phase and thus influences the overall volume.

The forecasts made can therefore be regarded as plausible.

Figure 45 shows the entire process of prediction, the central element here is
human intelligence, which, because of traceable and verifiable correlations, pro-

vides a model that then leads through the framework to a condition.
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Figure 45: Overview prediction process

[source: own representation]

As a return, a data table with the calculated data is output, which can be re-
trieved and further processed via Rest-API. Finally, Figure 46 shows the overall
integration of the V-ML framework into the application architecture.

Vemas BI V-ML Vemas.NextGen Vemas.NextGen
Database Framework WebAPI Frontend

\
@ wfan|= [0
SQL Server
) | |
I History data K“I [ Model-Training | Provision of data M Visua\isa_tion \
Interaction

Transposed data Data Prediction

Harmonised data
Time series comparisons
External data

Figure 46: Overall integration V-ML-Framework
[source: own representation]

Using the V-ML framework, it is thus possible to make predictions based on
correlations that are modelled according to the individual information situation.

The results of the prediction can be integrated into reports, as shown in Figure 47.
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Figure 47: Profit prediction

[source: own representation]

The user can enter the values configured in the correlation parameterisation
via a graphic interface. Based on the values and the trained model, a forecast of the
expected value is then made. Thus, the user can interactively run through scenarios
and receive a visualisation of what affects the change of values — for example, the

hiring of new consultants — have on turnover.

The integration within the audio-visual feedback of the IPA, an example will
be shown within the next chapter. The user can thus make decisions based on cur-

rent data and data-based predictions or in a combination.

In addition to the prediction of numerical values and the determination of
classifications based on numerical values, there are also other functional areas in
the field of ML. Another building block is the analysis of texts, as described in chap-
ter 2.3.1. Since the area of text mining is very extensive (Salloum, Al-Emran,
Monem, & Shaalan, 2018), an evaluation was carried out to check the implementa-
tion possibilities and to weigh up whether it is possible to implement it within the
framework of the prototype. The language focus is German, so the evaluation was
conducted in German to ensure that the results can also be applied to the focus on
German companies chosen for this dissertation.
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In the first phase of the evaluation, keywords were extracted from the trans-
action texts — mainly unstructured text — via ML using the procedures provided by
Microsoft, IBM, and Google. The keyword assignment was carried out based on
processes with pure text content that had already been processed, keyworded and
classified (support, error, change request) by customer advisors. A comparison (Ta-
ble 12) of keywords for classification was generated as a return. Using this infor-
mation, the ML system was trained to determine possible correlations between key-

words and classification.

Table 12: Comparison of results of different methods for keyword extraction

Classification Keywords

No. User entry User entry Microsoft Azure ML IBM Watson Google

Content: Der physikalische Vemas-Server soll auf einen virtuellen Server umgezogen werden + 2. virtuellen Server

als Backup-System

1 Unterstiitzung  “Serverumzug”, “virtuellen Server”, “physikalische “Vemas-Server”,
“Virtualisierung”, “Backup”, Vemas-Server “, “Backup-System”,
“Backup” “System”, “virtuellen Server “Server”
“physikalische ,,,Backup-System”
Vemas”

Content: Die Rechnungsvorlagen miissen angepasst werden (neues Logo, Text auf GF-Ebene). Bitte Riickmeldung

2 CRQ “Rechnungsvorlagen”, “neues Logo”, “GF-Ebene”, “Rechnungs-
”Logoaustausch”, “Text”, “Bitte vorlagen”,
“GF-Anderung”, “GF”, Riickmeldung”, “GF-Ebene”,
“Anpassung” “Rechnungs- “Text”, “Text”,
vorlagen”, ,Ebene”, “neues Logo”, “Riickmeldung”,
,/Bitte “Rechnungs- ,Logo”
Riickmeldung” vorlagen”

[source: own representation]
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To compare the results of the ML key extraction, the users' manual tagging
was also included in the table. The table shows that the results of the Microsoft
Azure ML environment are close to the users' keywords. However, important key-
words describing the action within the operation are missing (No. 1: “Umzug” and
No. 2: “Anpassung”). Even a combination of several standard ML web services

would in that moment not lead to the required result 2.

In order to remain as flexible as possible and to carry out a local keyword
extraction on the basis of self-trained models, as well as to connect various cloud
solutions via AP], the framework was extended in such a way that an intermediate
layer takes over the processing, so that the component for carrying out the keyword
extraction can be exchanged without having to make a change within the plug-in.
This ensures that it is possible to react to improvements in the cloud systems and
to create a future-proof solution that can be quickly adapted to new circumstances.

Figure 48 gives an overview of the keyword extraction architecture.

Vemas.NextGen | PLUGIN FRAMEWORK SERVICES

ERP-System Request Request Trained model

support-System | = § 8 Local library
Support

Kevwcrds - InEErEce Google, IBM, Microsoft
internal Library
external API
Cloud API

Postprocessing

e
DL Response

Figure 48: Framework for keyword extraction

[source: own representation]

Through plug-in integration, the keyword extraction function can be inte-
grated directly into the application, so that entered text is analysed at runtime and
keywords are displayed, which the user can then still adapt himself or add further

keywords via the interface. Figure 49 shows the integration into the interface.

12 A first evaluation took place in mid-2018 and a second review was conducted
at the end of 2020 to check whether changes to the models have led to better results.
However, no significant improvements were found, but the results were updated

so that the values shown correspond to the keyword extraction of 27.12.2020.



120 DANIEL HUSSON
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Figure 49: Keyword extraction plug-in

[source: own representation]

Based on the keyword extraction, a simple comparison procedure was devel-
oped to identify support cases with similar content using similar or identical key-
words and to display solution suggestions based on these. Figure 50 shows the pro-
totype for displaying possible solutions to a support case.
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~
o )
Q Q Q
In der Prozedur XY muss ein ISNULL(VK_Gesamt,1) implementiert werden = 128420 100,00

Y Filter erzeugen

Figure 50: Prototype solution suggestion

[source: own representation]



ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND MEDIUM-

SIZED ENTERPRISES IN THE SERVICE INDUSTRY

The prototype was presented to an expert audience for the first time at a busi-

ness summit in September 2020 and received positive feedback (Hiisson, Huppertz,

et al., 2020).

An evaluation was also carried out for the implementation of classifications

based on texts, for which the framework TMoML (Erhardt, Di Stefano, Bosten, &

Buchkremer, 2020) was used. Based on data from more than 5 years, over

33.000 support cases were extracted. These were divided into training and test data

and a model was trained with almost 28.000 data records. The aim was to classify

the data into one of the following four categories based on their content:

. IICRQ/I
. IIFrage/I
e “Problem”

e “Wunsch”

Figure 51 shows the configuration made for classification.
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Figure 51: TMoML Classification configuration

[source: own representation]
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Different parameterisations were tried out in order to train a valid model and

verify it using the test data. However, it has not yet been possible to achieve an

accuracy of more than 49,406% (see Figure 52).
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Figure 52: TensorBoard global accuracy

[source: own representation]

It was therefore decided not to integrate this function into the prototype for
the time being and to discuss this feature with the experts without concrete imple-
mentation. It was also decided not to carry out a full chatbot integration, as the IPA
integration already enables user interaction, and the experts can also evaluate this

use case without a concrete implementation.

The next step in completing the version for the artifact is combing the IPA-
Function with the ML-Framework, this will be done in the next chapter.

41.4. Combining IPA and the Machine Learning Framework V-ML

As shown in the previous chapter, the V-ML framework provides a flexible
and powerful framework for carrying out predictions. In an attempt to use the im-
plementations, the framework must be integrated into the architecture of the IPA
so that the IPA has access to the results of the prediction and can interact with the
user accordingly. To achieve this integration, it is necessary to adapt the system
architecture. In chapter 3.1 it was shown that the IPA was embedded in the previ-
ous system architecture of the ERP system. When designing the V-ML integration
it turned out that it is advantageous to extract the IPA from the ERP system and to
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connect it as a plug-in. The plug-in technology allows extensive interface interac-
tions with the ERP system to continue, but also provides more flexibility, since the
source code in the plug-in is accessible in contrast to that of the ERP core. Custom-
ers and users with programming knowledge in C# are therefore also able to make
independent extensions and integrate new language commands including their
treatment. Figure 53 gives a brief overview of the new architecture and the integra-

tion of the V-IP-A-Plug-In and the V-ML-Framework.

Vemas.NextGen Vemas.NextGen Vemas.NextGen V-IP-A V-ML
Frontend WebAPI Plug-In Plug-In Framework

T e = @ — ¢m
w2 = D om
| J. | , ‘ )
[ User-Interface “l ;Standard business logic & \ ' Extended and custom ‘I Natural Language H Model-Training
functions business logic & Understanding Data Prediction
functions & Natural
Language

Generation

Figure 53: Plug-In Architecture

[source: own representation]

Due to this adaptation, it is now possible to access predictions within the
treatment of voice commands. As described in chapter 3.4, this integration of pre-
dictions into the speech interaction was demanded in the first artifact evaluation.
Use-case 2.4.3.5 support volume prediction was chosen to test the functionality of
the changeover using a concrete example. This use case will now be combined with
the requirement of extending the summary function (see chapter 3.4), which was
also raised during the evaluation. For this purpose, the daily summary was de-
signed to recognise the context of the work area of the user logged into the ERP
system and to adapt the information reporting to this context. If an employee of the
sales department is logged in, information about currently recorded sales notes as
well as current opportunities is provided. If an employee is working in the cus-
tomer service area, information on the current ticket status and their own tickets
still to be processed is provided. In this context, the expected ticket volume for the
current day is also predicted. This is not only done by stating the number of ex-
pected tickets, but also which influencing factors such as the day of the week, hol-
idays or ongoing updates have been taken into account. The user thus also receives

at the same time a justification for the numerical value and can thus better estimate it.
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The interaction runs as follows, the user clicks on the button of the IPA in the
frontend, there the IPA is loaded, and the voice recording is started. The user says,
“give me my summary”. The recognised text is passed from the Vemas.NextGen-
Web-API to the IPA plug-in. The Plug-In determines the corresponding action, in
this case the summary-function. Based on the logged-in user, the area and the as-
sociated output is queried. The user is assigned to the customer service department,
the plug-in determines the necessary information for preparing the speech output.
Various statistics are retrieved, like relatively simple statistics about the open re-
submissions of the logged-in user and the number of open tickets in the company
and additionally the current open tickets assigned to the user. This information is
determined directly by the statistics component of the IPA plug-in.

The plug-in also recognises that a prediction is necessary. In this case the fore-
cast of the ticket volume for the current day. The plug-in now calls the V-ML frame-
work and passes the available information such as the value to be calculated, the
reference date, and the logged-in user. The V-ML framework uses the value to be
calculated to determine the prediction model to be used and the necessary param-
eters. If not, all required parameters have been provided, an error message is re-
turned. If all parameters are available, the trained model is called with the param-
eters and both the result and an explanatory text are returned by the V-ML frame-
work to the plug-in. In the concrete example, to determine the prediction of the
ticket volume, the information about the weekday, working day, holidays and cur-

rent updates are to be determined directly using the transferred date.

The result is transferred to the Vemas.NextGen-API as a voice output com-
mand by the plug-in. From there, the Vemas.NextGen frontend receives the result
and reads it out to the user via voice output of the browser, the example shows the
return value for a user of the customer service department on 03.08.2020, based on

the model trained within the previous chapter:

“Summary for the Customer Care Area. You have 4 due reminders with the compa-
nies Muster Kunde Berlin & Test GmbH. Currently there are 8 open tickets, of which
7 are assigned to you. For today, you can expect a ticket volume of 15. Prediction
basis weekday: Monday, working day: yes, numbers of rolled out updates: 0, holidays:
Summer holidays ongoing from 29.06.2020 till 11.08.2020.”
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The output gives the user an indication of the expected service volume and
allows him to plan his day accordingly. By providing the parameters used to de-
termine the value, a contribution is also made to the traceability of Al decisions, as
highlighted in chapter 2. The artifact was released as version 1.2 and is available

for further evaluation.

Due to this implementation, the functional scope of artifact is sufficient to
perform the next step of the evaluation and to discuss the extended functions with

experts using the developed use-cases.

4.2. INTRODUCTION TO THE METHODOLOGY OF EXPERT INTERVIEWS

This chapter first lays the theoretical foundation for the expert interviews and
then prepares, executes, and evaluates the interviews in order to estimate the ap-
plication possibilities of Al in business processes on the basis of the artifact ver-
sion 1.2 in combination with the use cases derived from the literature in chapter 2.4.
Qualitative guideline-based interviews are a widespread, differentiated and meth-
odologically comparatively well-developed methods of producing qualitative data.
Guideline interviews design the leadership in the interview via a prepared guide-
line, expert interviews are defined by the specific selection and status of the re-
spondents (Helfferich, 2014). Gldser & Laudel (2010), have formulated this as fol-
lows (translated from German):

“Expert describes the specific role of the interview partner as a source of specialist knowledge on
the matters to be explored. Expert interviews are a method to tap into this knowledge.” (Glaser

& Laudel, 2010, p. 12)

Before proceeding to the interviews, it is necessary to first take a closer look
at the term interview and work out the different forms and their application. Re-
ferring to Mieg & Naf (2005) an interview is a social interaction between the person
asking and the person interviewed. In this case, an expert interview as a social in-
teraction is never simply limited to knowledge sharing, since the interactions serve
multiple purposes at the same time. The interaction partners bring in interests and
personal problems, as well as power relations. The interviewee is always in a spe-
cific institutional context in which he or she plays a specific role. Accordingly, he
or she receives the interviewer under certain conditions, the so-called functional

context of the interview. This context includes, in particular, professional functions
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and also operational constraints, as well as values, informal rules of conduct and
written laws, which, from the perspective of the interviewee, define the limits of
what can be asked and questioned for the interview (Mieg & Naf, 2005, p. 5).

This problem is illustrated in Figure 54.

Interests
Company context Problems
nterests Knowledge xyz
Problems
Knowledge

Figure 54: The interview as social interaction

[source: based on (Mieg & Naf, 2005, p. 5)]

An expert interview therefore requires a high degree of preparation, so that
the interviewer can ask sufficiently, deep questions in the subject areas and the ex-
pert can provide insightful answers (Reinhold, 2015). To do justice to this fact, a
detailed description of the procedure and preparation of the expert interview is
given in the chapter 4.2.2. Within the literature different interview forms can be
found, which can be used for different aspects of research. It is therefore of rele-
vance in the context of this dissertation to crystallise the most suitable procedure
for the specific research questions. Kepper, for example, differentiated into three
interview types: in-depth interview, the explorative and the focused interview.
The explorative interview technique is further divided into narrative interview

technique and problem-oriented interview technique (Kepper, 1996, pp. 41-42).
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It is therefore necessary to select an appropriate interview technique that is
suitable for determining the effects of Al deployment on business processes. For
this purpose, the different techniques are briefly presented and finally evaluated
with regard to their suitability. According to Kepper, the in-depth interview is de-
fined as follows:

“The psychological in-depth interview is about revealing certain pre- or unconscious motiva-
tional structures and contexts of meaning, which only acquire meaning through the subsequent
interpretation of what has been said. (...) It represents an interview between two interview partners
and, in contrast to the exploratory interview, is explicitly aimed at investigating unconscious, hid-

den or only barely comprehensible motives and attitudes.” (Kepper, 2008, pp. 182-183)

This definition suggests that in-depth interviews also serve to make the in-
terviewees aware of motives, behaviour etc. that they themselves have hardly no-
ticed so far, in order to be able to conduct a corresponding survey (Kufs, Wildner, &
Kreis, 2018). From this it can already be concluded that this interview technique is

inappropriate since the expert knowledge is not hidden knowledge.

Further, the focused interview is now considered; the main aim of a focused
interview is to elicit as complete a report as possible on all experiences and related
aspects of a particular (experienced) situation, whereby the underlying situation
may include watching a film, listening to a radio play or participating in an exper-
iment (Rief3, 2018). As a result, this interview technique is not suitable for answer-
ing the research questions because the future implementation of Al in business pro-
cesses cannot be evaluated as an experienced situation. One could possibly define
the ongoing digitisation as a situation, but it is more purposeful to first consider

the still outstanding interview technique of explorative interviews.

The explorative variant differs from the previously considered interview
techniques in that it is completely geared towards opening up as broad, possibly
unknown, and even latent areas of knowledge of the interviewees as possible
within the topic of interest to the researcher. Due to its complexity, the explorative
interview is more suitable as an instrument for the collection of subjective-typical
than for the generation of objective- representative data and therefore more suitable
for theory building than for hypothesis testing. Due to its situational flexibility, it
can be used for the reconstruction of biographical interpretation schemes as well as

for the reconstruction of special knowledge bases. (Honer, 2011) From this it can be
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concluded that an exploratory approach is considered suitable for the desired ob-
jective within this dissertation.

Next, it is necessary to find the right form of the explorative interview. Here —
as already explained at the beginning — a distinction is made between the tech-
niques of the narrative interview and the problem-oriented interview. The narra-
tive interview method has its origins in qualitative social research and is the ideal
way to get to know the stories that are told in and about a company. Listening is
the basic attitude of the narrative interview. Within the narrative interview, no
questions are asked about the opinions of the interviewee or about facts, but rather
an attempt is made to get the interviewee to tell the story. Possible forms of narra-
tive impulses are either biographical or episodic narrative questions. The aim of
narrative interviews is to elevate the experiences of the narrator (Erlach & Miiller,
2020). Since this research work is not concerned with biographical or episodic, nar-

rative questions, this form is not suitable for the further procedure.

The problem-oriented or also known as problem-centred interview is based
on the theory-generating procedure of Grounded Theory. The process of gaining
knowledge is understood as an inductive-deductive interaction: On one hand, nar-
ratives are generated with the help of which the interviewees are to explain and
develop their perspective. On the other hand, the interviewers use their previous
knowledge in the sense of sensitising concepts and thereby initiate a dialogue on
the problem with the respondents. Ideally, a process of understanding should take
place during the course of the interview. An open guideline is used, which links
narrative-generating and comprehension-generating questions. It is therefore a dis-
cursive and dialogical process in which an interplay between interviewer and re-
spondent is central. Not only the narrative dynamics (or the constraints of narrative
in narrative interviews) but also the situation dynamics characterise the interview
process. (Klemm & Liebold, 2017)

This makes it clear that this form of interview is suitable for the research pro-
ject and is therefore also used. In combination with the qualitative content analysis,
an expert interview is the backbone of reconstructing examinations as an important
tool of knowledge acquisition (Mayring, 2015, pp. 33-38). Therefore, qualitative
content analysis and its use in the context of this dissertation will be considered
next. Qualitative content analysis is one of the most frequently applied evaluation

methods, which deals with texts that are produced in the course of research projects
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in the context of data collection, e.g. transcripts of open interviews, protocols, doc-
uments, files, and also newspaper articles (Mayring & Fenzl, 2014). In the literature
aspect of qualitative content analysis, a distinction is made between different vari-
ants of the procedure, such as content structuring, evaluative, scaling, summarising
or type-forming content analysis (Schreier, 2014). To evaluate which of the proce-
dures for content analysis is best suited for this research project, the individual pro-

cedures must be briefly presented and examined for their suitability.

The structuring content analysis can be viewed as the central variant of qual-
itative content analysis. The process comprises the following steps, some of which

must be carried out several times (Schreier, 2014):

— Familiarise yourself with the material

— Derivation of upper categories from the question / interview guide
— Determination of found locations / coding units

— Development of subcategories and category definitions

— Testing of the category system

— Modification of the category system

— Coding of all material with the revised category system

— DPresentation of results, interpretation, answering the research question

Figure 55 gives an overview of the above-mentioned steps and their mutual

dependencies.
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Interpretation
Presentation of the | «
results

Figure 55: Steps of the qualitative content analysis

[source: based on (Nawratil & Schénhagen, 2008, p. 339)]

While the content structuring qualitative content analysis deals with the the-
matic structuring and description of the material, evaluative content analysis gen-
erates categories that allow an assessment or evaluation of the material on selected
dimensions from the perspective of the researchers. The assessment dimensions are
described as variables with corresponding values that have at least an ordinal scale.
(Schreier, 2014)

The use of an intensively elaborated interview guide ensures that all relevant
topics are dealt with intensively and new insights are gained. Furthermore, the
standardisation aims at a low influence on the interview partner and the associated
high validity of the actual interview.
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4.21. Defining experts

There are many different definitions of the term expert (Niederberger &
Renn, 2018), so it is important to define this term as precisely as possible in the
context of the dissertation so that the selection criteria can be understood. Mieg and
Naf (2005) state as central elements of expert competence (Mieg & Naf, 2005):

— the low importance of personal general skills (intelligence, memory etc.)
for expert performance

— the strict area-dependence of expert performance (expertise is not trans-
ferable to other areas)

— thelong experience: there is a 10-year rule (it takes about 10 years of train-

ing and experience to gain expert competence).

According to Bromme and Jucks (2016), an expert is someone who has several
years of, often academic, training and a certain level of professional experience and
on this basis, successfully manages the complex demands of his or her own profes-
sion (Bromme & Jucks, 2016). This definition is also used as a basis for this disser-
tation, because especially the successful exercise of the profession is an important
indicator of practical experience, which is relevant for the evaluation of factors in-
fluencing processes. Experts for the interviews are therefore defined particularly
for this dissertation as:

“a person with an academic or equivalent education and at least 10 years of relevant professional

experience who manage an SME in the service sector.”

This means that corresponding managing directors, board members and
overall process owners must be identified to see who meets these criteria in order
to draw valid conclusions from the interviews. In doing so, an attempt is made to
recruit experts with at least 10 years of professional experience in management po-
sitions. It is also attempted to achieve the broadest possible age structure, since —
as described in chapter 2.5 — the age structure of decision-makers influences the

adaptation of process changes.
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4.2.2.  Expert Interview preparation

Within this chapter — because of the methods and definitions developed in
the previous chapter — the individual steps for preparing, conducting and evaluat-
ing the expert interviews are described in order to make the procedure as transpar-
ent as possible and absolutely comprehensible. The necessary steps were already

introduced in chapter 1.4 and are now executed with further details.

4.2.2.1. Phase I: Intensive Research of the Object of Investigation

The basis for the intensive occupation with the research object was already
laid in the second and third chapters of the dissertation. Through the literature re-
search, from which concrete use cases were derived, and the implementation of the
artifact, both extensive knowledge and contents for the interviews were created.
Both the use cases and the artifact will be central components of the interview in
order to discuss questions with the experts that are as relevant to practice as possi-
ble. As explained in chapter 4.2, it is necessary that the interviewer has a good com-
mand of extensive specialist knowledge and technological vocabulary in order to
ask the expert in-depth questions and to understand the expert's statement in order
to be able to ask ad-hoc questions which could not be prepared in advance but are
important for gaining knowledge (Pfadenhauer, 2009).

4.2.2.2. Phase 1I: Identify, Select and Inform the Experts

Within phase II the aim is to identify, select and inform the interview partners.
The basis for the selection is the definition of the term “expert” developed in chap-
ter 4.2.1. Since, as described in chapter 2.5, over 99% of all enterprises are SMEs and
almost 70% of all enterprises are active in the service sector, it is hardly possible to
consider a representative cross-section of these structures in the expert selection.
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The study used a snowball sampling from the pool of researchers” acquaint-
ances. When selecting the experts, particular guidelines were followed to enable a
balance between theory and practice, such that a total of 15 people who work as
managing directors in SMEs in the service sector or as professors in the field of
business informatics with management experience in SMEs were contacted. Of the
15 people contacted, 4 did not respond and one person does not consider himself
an expert, although the formal criteria were met. Ten people were willing to carry

out the expert interview.

4.2.2.3. Phase III: Prepare the Expert Interview

Within the third phase, the interview guideline was developed. In an effort
to ask the most specific questions possible, but still give enough space for the an-
swers, a semi-structured interview was chosen. The objective is to work through
all the topics of the guide within a natural-looking conversation and to understand
the arguments of the interlocutor (Steffen & Doppler, 2019, pp. 33-34). Since the
implementation of a qualitative procedure requires a considerable amount of time,
smaller samples are usually used. In the literature, 10 to 100 samples are usually
given for this purpose, but in justified exceptional cases less than 10 are also per-
missible, since representativeness are also not always the focus of interest
(Magerhans, 2016, p. 167). Table 13 gives a classification of the expert interview in

context of the survey methods.
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Table 13: Dimensions of surveys

Expert Interview

Criterion Form

Type of communication: Oral questioning
Scope: Partial survey
Content: Single-topic survey
Frequency: Single survey

Selection of the experts to be interviewed: = Random selection

Survey strategy: Semi-structured

Survey statistics: Direct interviews

Survey environment: Real-life conditions & demo-environment
Method: Personally (online)

[source: based on (Weis & Steinmetz, 2012)]

The interview guide was compiled on the basis of an extensive literature
search to ensure that common scientific standards are also applied in this still new
field of research (J. Brown, 2018; Qu & Dumay, 2011; Rabionet, 2011; Sunarya,
Marantika, & Faturahman, 2018). Since no standardised questionnaires are availa-
ble for the research questions and especially the use cases, it was necessary to create
a separate questionnaire in the form of an interview guide (Ddring & Bortz, 2016,
p- 403). The research design is therefore based on studies that faced similar chal-
lenges when they were conducted and thereby offer valid approaches to ade-
quately develop a topic in this phase (Floerecke, 2016). Table 14 gives a list of sim-
ilar research projects and the research methodologies used in them in order to jus-

tify the approach used in this dissertation.
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Table 14: Similar research methodology
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Research methodology

Research objective

Source

Qualitative findings from
a semi-structured inter-
view combined with the
quantitative findings from
~10,000 messages that the
participants exchanged
with the chatbots

Systematic machine behav-
iour observations com-
bined with in-depth inter-

views and an expert survey

Interviews with users, us-
ing “benefits and problem”

and “wish list” technique®?

Expert interviews with

open end questions

Semi-structured interviews
of employees from differ-

ent backgrounds

Inform and guide the design of

future chatbots

Impact of voice assistants on the

shopping process

When and why users choose
speech interaction over tradi-

tional user interfaces

Develop a conceptual frame-
work with reasons for, processes
to, and expected outcomes of
digital transformation in the

public sector

Better understand of the needs
and demands of potential users
of smart assistants for private-

and work-related availability

(M. Jain et al., 2018)

(Mari, Mandelli, &
Algesheimer, 2020)

(Rzepka, 2019)

(Mergel, Edelmann,
& Haug, 2019)

(Saternus, 2019)

13 For more details about this technique see (Keeney, 1996).
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Interviews with CEOs of
SMEs, grounded in the
technology-organisation-
environment theory™ and
the Knowledge-Based

View1s

Organisational impact of Inter-
net technologies by analysing
factors affecting e-business use
and its effect on organisational
innovation in manufacturing

Small and Medium-Size Enter-

(Soto-Acosta, Popa, &
Palacios-Marqusés,
2015)

prises

[source: own representation]

The interview guide is divided into three sections: Introductory questions,
also known as warm-up or icebreaker questions, the main part with the actual sub-
ject-specific questions and the conclusion, then follows the dramaturgy described
in the literature, so that the motivation and attention of the interview partner is
maintained and is highest in the middle part of the interview (Renner & Jacob, 2020,
pp. 57-64). Figure 56 gives a brief summary of the structure and dramaturgy of the

interview.

Declaration of
consent for
recording

Introductary
Question

Welcome & Subject matter

g Procedure
Smalltalk and objectives

Introduction

Use-Cases

Project
management

Use-Cases Use-Cases Use-Cases Use-Cases Use-Cases

Sales & Marketing Customer Service Procurement Accounting Controlling

Additional

Questions Acknowledgement Farewell

Summary Outlook

Figure 56: Dramaturgy of the interview

[source: based on (Renner & Jacob, 2020, p. 64)]

The introduction to the interview is characterised by a series of descriptive
questions about the demographics of the expert and the company, about the ex-
pert's professional expertise and where he or she acquired it. In addition, the basic
attitude of the expert towards technological innovations and the use of Al in both
private and corporate contexts is surveyed. The main part of the interview is based
on the use cases developed in chapter 2.4. The use cases in the areas of sales &

marketing, project management, customer service, procurement, accounting, and

14 For more details about the framework see (Baker, 2012).

15 For more details about knowledge-based view see (Gu, Jitpaipoon, & Yang, 2017).
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controlling are presented. Selected functions are demonstrated directly as an ex-
periment using the artifact and the experts have the opportunity to give their as-
sessment of the impact on the individual processes. When discussing the use cases,
the procedure is analogous to an inventory of process flows, therefore only stand-
ard processes are discussed and special cases are left out as far as possible (Koch,
2011, p. 96). By asking open questions, it is possible to add further use cases to the
topics, but also to name further areas of application of Al enabling the expert with
an extensive opportunity to apply his knowledge in the individual process areas
and to give his assessment (Steffen & Doppler, 2019, p. 30). Finally, supplementary
questions on the topics of digitalisation and Al are asked. Assessments of future
developments, especially in the field of human-machine interaction, and the impact
of the Corona pandemic on one's own business processes and business model are
questioned. Finally, a summary of the interview is given, and the interviewee is bid
farewell. The interview is validated by a test run before undergoing a final revision.

Due to contact restrictions and the need for distance during the COVID-19

pandemic, face-to-face interviews will be avoided, and the interviews will be con-

ducted and recorded via Microsoft teams.
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4.2.2.4. Phase 1V: Conduct the Expert Interview

This phase deals with collection and preparation of data gathered from the
expert interviews conducted in the period from 07.08.2020 — 25.09.2020. A total of
10 interviews with a total length of over 18,5 hours were conducted and fully rec-
orded. The shortest interview lasted 51 minutes, the longest over 2,5 hours. On av-
erage an interview lasted almost 2 hours. All experts were interviewed online via
Microsoft Teams, the sessions were fully recorded. As already mentioned, the in-
terviews were conducted during the Corona pandemic, so all interviews were only
possible virtually. Not all experts used a webcam, so in order to ensure the compa-
rability of all interviews, the evaluation of body language was deliberately omitted,
even though according to the literature this can also be part of the later analysis
(Renner & Jacob, 2020). In addition to the recording, notes were also taken during
the interview to highlight important aspects and summarise responses directly. The
procedure to proceed on the basis of protocols is in accordance with current proce-
dural methods which, in the context of discussions on routines and processes, are
not at a disadvantage to the time-consuming traditional evaluation via transcrip-
tion (Vogel & Funck, 2018). Table 15 gives an overview of the interviewed experts

and their suitability for assessing the applicability of Al in business processes.
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List of experts
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All experts have at least 10 years of experience in business process modelling,
9 out of 10 experts are managing directors and actively participate in shaping busi-
ness processes. Of the 10 experts, 3 are professors of business informatics and are
therefore able to give their assessments not only from their own company experi-
ence but also with a background in research and teaching, as seminar papers and
final theses often have a practical background. All 10 of the experts interviewed are
male and hold academic degrees, 5 of whom have a doctorate. 3 experts are also
active in research and teaching in parallel. In addition, most of the interviewed ex-
perts are also consultants for customers and can therefore contribute to a compre-
hensive overview of business processes that goes far beyond their own company.
However, it was ensured that the evaluation of the use cases focuses on the experts’
company, so that the processes of SMEs in the German service sector are also eval-
uated in a targeted manner. On average, the experts have 23 years of relevant pro-
fessional experience, with a minimum of 10 years and a maximum of 35 years. Their
average age is 49 years, with the youngest expert being 41 and the oldest 58 years
old at the time of the interview. All experts have agreed that the contents of the
interview can be recorded and published without anonymisation. The interviewed
experts represent more than 400 employees, and all the interviewed experts, who
are also managing directors, manage companies that belong to the SME sector and
are located in Germany. All companies are active in the service sector. 6 of the 9 sur-
veyed companies belong to the IT sector and provide services in this context. In
addition, a freelance management consultant is represented with a wider range of

industries. Figure 57 gives a brief summary of interview meta data.
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Figure 57: Interview meta data

[source: own representation]

90% of the experts consider themselves to be very open to new technologies,
with only one expert initially waiting to see how trends develop. 90% of the experts
have gained experience with IPA. 80% of the experts have personal experience with

Al outside IPAs. Figure 58 gives a brief summary of the data mentioned above.
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Figure 58: Expert information

[source: own representation]
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Most experts estimate their knowledge for the possible applications of Al to
be at least average and only one expert estimates his level of knowledge to be low.
90% of those surveyed consider themselves experts in the field of sales & market-
ing. All respondents rate themselves as experts in the areas of project management
and customer service. 70% of the respondents rate themselves as experts in the area
of procurement. 60% of the respondents consider themselves experts in accounting
and as well 60% consider themselves experts in controlling.

All 9 managing directors interviewed consider their companies as well posi-
tioned in the field of digitisation, 3 consider their company to be in the vanguard,
and the other directors consider their companies to be well positioned but with
potential for improvement. However, the surveyed experts with insights into other
companies indicate that digitisation has not yet been sufficiently implemented by

the majority of the companies they advise.

5 of the interviewed companies already have internal know-how for the im-
plementation of Al projects. Another company has only know-how in the connec-
tion of Al, but not for the implementation of own Al projects. Only one company
and - based on the experience of the freelance consultant — a large number of the
companies the freelancer consults, rely exclusively on external service providers
for Al implementations. One company is currently building up AI know-how, as
this is seen as critical know-how for future developments, another company would
build up corresponding know-how internally if this turns out to be business critical.

Figure 59 gives an overview of the company meta information.
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Thus, the majority of the interviewed experts consider the development of
know-how in their own company to be important. New technologies have an in-
fluence on all the companies surveyed. From cloud to machine learning, to indoor
tracking and simulations, new technologies are evaluated to make processes more
efficient. The surveyed companies are therefore constantly looking at new ways of
integrating technology.

4.2.2.5. Phase V: Scientific Evaluation

The final phase involves the evaluation of the interview using the instrument
of qualitative content analysis to explain complex processes and the construction
of meanings on the basis of a category system derived by evaluating the transcrip-
tion of the interviews (Renner & Jacob, 2020). Since the selected interview form is
an expert interview, the transcription focuses on content meaning and not on the
form of expression, pauses not only in speech or emotions shown, but purely on a
factual-argumentary level (Geyer, 2016). As an adequate alternative to a transcrip-
tion, a comprehensive protocol per interview was prepared in the course of con-
ducting the interviews; these serve as the basis for the content analysis. This proce-
dure is in line with the relevant scientific literature and is in no way inferior to
conventional transcription when considering routines and processes (Vogel &
Funck, 2018).
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By using Microsoft teams as a communication platform for the interviews,
the recording function available there could be used. In addition, extensive notes
were made during the interview in which the content core of each question section
was recorded. Following the interviews, these notes were revised on the basis of
the recording and aspects were added that may not have been given sufficient con-
sideration in the live recording. This approach is in line with guidelines and rec-

ommendations in the literature (Doring & Bortz, 2016, pp. 583-584; Mayring, 2019).

In the following chapter, a corresponding analysis of the expert interviews is
carried out in order to answer the open research questions on the basis of the ex-

tracted text information.

4.3. ANALYSING THE IMPACT VIA EXPERT INTERVIEWS

As a basis for the evaluation, the Grounded Theory as a classical theory gen-
erating qualitative research method is used (Schmidt, Dunger, & Schulz, 2015). This
methodological approach is widely used in the field of Information Systems Re-
search and scientifically accepted for the development of theories of novel phenom-
ena (Wiesche, Jurisch, Yetton, & Krcmar, 2017). By using Grounded Theory, a sys-
tematic approach is used which is inductive, comparative, iterative and interactive
(Wiesche et al., 2017). Since this research project deals with new possibilities for
process optimisation by Alin the area of medium-sized service providers for which
there is not yet a sufficient theoretical basis, the grounded theory in combination
with the expert interview procedure presented here represents the only valid re-

search method.

4.3.1. Interview Analysis and results

For this part of the research a theoretically sound approach was used as an
information analysis method to evaluate the expert interviews; similar approaches
have already been used in studies on digitisation (Mergel et al., 2019). The analysis
of the data obtained from the interviews is based on the constant comparison
method in order to systematise the analysis process and increase the traceability
and verification of the analyses (Boeije, 2002). This data-driven approach was cho-

sen in order to search for general patterns in the expert answers without being in-



146 DANIEL HUSSON

fluenced too much by existing theory, prior empirical research and own assump-
tions. The analysis is already focused by the definition of the use cases in combina-
tion with the structure of the interview guide. The core of the questioning is always
about the influencing factors of applicability and the potential for use. To make the
answers comparable, a summary was prepared for each question, taking care not
to distort the core content and thus the essence of the material. Therefore, a clear
evaluation is possible, which still corresponds to the basic form of the material
(Mayring, 2015, pp. 65-114).

4.3.1.1. Analysing the interviews

An inductive approach was used to determine the categories, since no cate-
gories for the assessment of factors influencing business processes by Al could be
identified within the scope of an extensive literature search. The following proce-

dure was used for inductive category formation (Mayring & Fenzl, 2014):

The analysis unit is defined as the complete answer of an expert to a question.
In the course of paraphrasing, the statements were adjusted and reduced to the
essential, in which all paraphrases of equal or less importance have been removed
(Steffen & Doppler, 2019, p. 59). A maximum of two words was specified as the
level of abstraction. During the first reduction, the core statements were extracted
and summarised per analysis unit. In the second reduction, they were further con-
densed. In the course of the re-examination, categories were combined, and a final

comparison was made with the experts' answers. (Waldherr et al., 2019)

A total of 25 different categories were derived from the coding phase. It was
attempted to form as uniform categories as possible across all questions, so that the
influencing factors can be compared, while ensuring that there is not much gener-
alisation, so that important nuances can still be distinguished. Table 16 shows the
categories derived from the interviews and their definition, which were developed

on the basis of the interview material.
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Table 16: Categories

Category Definition

Accessibility Barrier-free access has an influence on the potential for use

Added value The added value is at the forefront when assessing the potential for use

Availability The availability of personnel or IT systems has an influence on the de-
ployment potential.

Communica- The availability of communication channels has an influence on the

tion channel

Company size

application potential.

The overall size of the company has an influence on the deployment
potential. In contrast to the category “head count”, the total company
size including revenue and total head count is meant here and not the

number of employees in a specific department.

Complexity The complexity has an influence on the application potential.
This concerns both the complexity of processes and processing rules
and the complexity of data management.
Customer The structure of the customers has an influence on the application
structure potential

Data enrich-

The application potential is influenced by the enrichment with data.

ment Here, the inclusion of external data is in the foreground.

Data validity The validity of data has an influence on the application potential.
This concerns on the one hand the availability of data and on the
other hand the reliability of these data.

Decision The decision context has an influence on the application potential.

context

Dynamic Dynamic interaction has an influence on the application potential.

interaction Here the focus is on the flexible use of functions, which can also rec-
ognise an existing context and include it in the use.

Expertise The knowledge or expertise of the user has an influence on the appli-

cation potential
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Field of The application environment has an influence on the application po-
application tential. This includes, for example, mobile working or the use of ap-
plications while driving.

Generalisabil-  The generalisability has an influence on the application potential.

ity This can depend on individual characteristics in products and ser-
vices, but also on individual approaches that cannot be summarised.
A heterogeneous database also falls into this category.

Headcount The number of employees of the respective department has an influ-
ence on the deployment potential.

Input form The form of the input option has an influence on the application
potential.

Legislation Legal framework conditions have an influence on the application
potential

Pattern The recognition of patterns in data has an influence on the applica-

recognition tion potential. It is mainly about the recognition of trends, correla-
tions and anomalies which are not directly accessible to humans.

Perception The perception possibilities have an influence on the application po-
tential.

Predictability The predictability of future conditions has an influence on the appli-
cation potential.

Protection Insurance coverage has an influence on the application potential

Reliability Reliability has an influence on the application potential. In contrast to
validity, this category is used when reference is made to repeatability.

Usability Usability has an influence on the application potential. In the demar-
cation to the category “Input form”, an additional evaluative adjec-
tive is used or spoken directly in the context of usability.

Variance The variance of elements or properties has an impact on the applica-
tion potential.

Volume The number of applications has an influence on the application

potential

[source: own representation]
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4.3.1.2. Analysing the data

Although the open-ended answer option was chosen in the study design, it
became apparent in the course of the first survey that the final assessment of the
application potential is based on a four-level Likert-scale, with the ratings None,
Low, Medium, High.

The following classification was made:

— None: No potential for optimisation through Al

— Low: Low potential for optimisation, the process can only marginally
benefit from using Al in terms of quality and/or speed

— Medium: Medium potential for optimisation, the process can benefit
moderately from the use of Al in terms of quality and/or speed

— High: High potential for optimisation, the process can benefit greatly

from using Al in terms of quality and/or speed

Thus, in the course of the further interviews a corresponding assessment was
asked for, so that the results can be fully comparable. Nevertheless, the possibility
of an open answer still gave the opportunity to specify and justify the assessment
in one's own words. In this way, valuable information on the factors influencing
the assessment could be obtained. When determining the overall assessment of the
potential of a use case, only those assessments in those areas where the respondents
have actually assessed themselves as experts are considered. Further details on the
evaluation are given within this chapter. Figure 60 and Figure 61 provide an over-
view of the use cases including the overall assessment with regard to the applica-
tion potential and the mentioned influencing factors categorised on the basis of the
coding. Furthermore, the values in brackets show how often the category was men-
tioned by different experts, this allocation is based on the analysis carried out in the

context of category formation.
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The evaluation shows that eight of the described use-cases offer only a low
application potential. Seven use-cases offer a medium application potential and
only one use-case offers a high application potential. The largest number of suitable
use-cases arise in the field of customer service, where there are 4 use-cases with
medium potential, as well as one use-case with low application potential. The only
high rated use-case is the 2.4.5.1 document entry in the area of accounting. The most
common factor influencing the application potential is the volume, which influ-
ences 11 of the 16 use-cases and was listed 35 times over all use-cases by the experts
as an influencing factor. The generalisability has an influence on 6 use-cases and
thereby represents the second most important influencing variable which was
named 23 times over all use-cases by the experts. Complexity and data enrichment
follow with an accumulation of 5 each — for both factors, whereby the number of
mentions is already decreasing significantly. Complexity is listed 7 times and Data
Enrichment 10 times. The general influence factors are followed by reliability and
pattern recognition with influence on 4 use-cases each. Table 17 — Table 23 provides

a comprehensive overview of the expert assessment of the respective use cases.

Table 17: Detail evaluation use cases sales & marketing

Use-Case Evaluation and influencing factors

2.4.1.1 Lead 2 experts see no potential, 6 experts a low potential — including 1 re-
management spondent without expertise in sales & marketing, only 2 experts see a
medium potential.
Result: Low
The support is suitable when there are many leads — one expert estimates
from 50 leads per month. In addition, pre-classification is not suitable for
very individual products and services, as different aspects must first be

evaluated for which no models can be derived.
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2412

Forecasting

24.13
Information
input and re-

trieval

24.14
Additional
Sales &
Marketing

use-cases

5 experts see at least medium potential for application, two experts see
high potential, only one interviewee — who, however, does not see him-
self as an expert in this process — expressed no potential, two other ex-
perts see low potential.

Result: Medium

Provided that valid data is available for analysis via machine learning,
trends can be extrapolated, and sufficient data volume is available, exist-
ing forecasts based on mathematical procedures can be meaningfully en-
riched. The connection of external data sources and their automatic anal-

ysis also adds value to the forecast.

3 experts see high potential, 4 experts see medium potential, only one
interviewee — who, however, does not see himself as an expert in this
process — expressed no potential, two other experts see low potential.
Result: Medium

In particular, the recording of texts via voice offers added value that is
not only created in the context of mobile use. According to the experts,
information retrieval and speech synthesis brings added value mainly in
the context of mobile use. The added value can be further increased by
context recognition, e.g. where one is currently located, or by the dy-
namic retrieval of information. In general, control via speech can also be
transferred to other process areas to enable a more natural interaction

between user and application.

The integration of social-media channels in the business context was
brought in by several experts. This involves both the monitoring of chan-
nels by means of procedures such as sentiment analysis, but also intelli-
gent data enrichment, e.g. to better classify contact persons. Furthermore,
the possibility of up-selling was mentioned in order to recommend prod-
ucts to customers that have not yet been purchased. This is to be deter-
mined by means of ML data analyses in order to identify possible trends

and to better exploit cross-selling potential.
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Table 18: Detail evaluation use cases project management

Use-Case

Evaluation and influencing factors

2.4.2.1 Project

planning

2.4.2.2 Project
implementa-

tion

4 experts see low potential in project planning support, 3 experts see
medium potential, 2 no potential and 1 expert a high potential.

Result: Low

Reference is made to the uniqueness of the projects, so that no valid
database for learning processes is available. The number of ongoing
projects also has an influence on the assessment of the potential, as peo-
ple are believed to have a better overview of a few projects running in
parallel than an Al-supported monitoring. Changing conditions and
the associated agility of people also play a role in the experts' assess-
ment. It is also difficult to formalise the human experience also with
regard to social aspects of a project. Advantages of Al-supported plan-
ning arise when proposals for planning changes are made which can
then be accepted or rejected. Al can also assist in the preparation of
proposals and identify similar positions from past projects in order to

provide effort information or describe similar requirements.

1 expert sees no potential and 3 experts only low potential, 4 experts
see medium potential and 1 expert high potential.

Result: Low

Similar to project implementation, the database is crucial for the valid-
ity of learning outcomes. If the projects are too different, no generalisa-
tion can be made. Similarly, the number of projects is decisive for the
potential for implementation; only in the case of a larger number of
projects does automatic monitoring make sense and is perceived as
added value. Companies with few projects tend to have the monitoring
carried out entirely by humans. If sufficient data is available, the detec-
tion of anomalies brings added value, and the extraction of knowledge
is a major benefit for 3 experts. Summarising project histories and mes-
sages was also identified as added value.1 Expert sees the creation of

new project structures as added value to optimise project processes.
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2.4.2.3 Addi-
tional Project
management

use-cases

No further functions beyond those already described in the use cases
to support project planning and project implementation were men-
tioned by the experts in the field of project management. In general,
reference was made to functions such as the recording of project data
via voice, but this functional area has already been included in the con-

text of Sales & Marketing.

Table 19: Detail evaluation use cases customer service

Use-Case

Evaluation and influencing factors

2.4.3.1 Ticket-

Classification

2.4.3.2 Ticket

assignment

2 experts see no potential, also 2 assess the potential as low, 5 experts
see medium potential and 1 expert high potential.

Result: Medium

If there is only a small ticket volume or the products and services are
too individual, the potential of the classification is considered low.
However, as soon as a corresponding database is available, the poten-

tial is estimated to be higher.

3 experts see no potential, 3 experts see medium potential and 4 experts
high potential.

Result: Medium

The potential of automatic ticket allocation depends on the volume of
tickets and the number of support staff, for example, an expert only has
three support staff, so automatic allocation has little impact on the effi-
ciency of the process. Even if several employees are involved in the
processing and complex analyses have to be carried out, an allocation
is not target-oriented. However, with the appropriate volume and a
sufficient database, an automatic assignment leads to an increase in ef-

ficiency.
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2.4.3.3 Solution

suggestion

2.4.3.4 Chatbot

2.4.3.5 Support
volume

prediction

Only 1 expert sees no application potential, 3 experts see a medium po-
tential and 6 experts a high application potential.

Result: Medium

However, most companies, even with individual projects, have re-
peated requests and resulting tickets. Through a learning process —ide-
ally supervised learning — the quality of the proposals can be improved
according to the experts' assessment. Neither the volume of support
nor the number of employees apparently had any influence on the ex-
perts' assessment of the deployment potential. Only one expert does not
see any potential for use, as he does not process tickets himself, but this

expert also sees great potential for such support at his end customers.

Only 1 expert sees no potential of chatbots in his business processes, 5
experts see a medium potential and 4 experts a high potential.

Result: Medium

If direct communication between customer and company is possible,
chat offers offer potential for optimisation. Especially the permanent
availability is seen as an advantage, but first, trust in the proposed so-
lutions of the chatbot has to be taken, therefore the previous use-case
is suitable. Different terms and contexts are seen as a challenge. Chat-
bots can also be used when individual services such as individual soft-
ware are created, as frameworks are used there which are used in sev-

eral customer projects and can therefore cause similar problems.

5 experts see no potential for the prediction of the support volume, one
expert sees low potential, 3 experts medium and 1 expert high potential.
Result: Low

The number of employees, the support volume, and also the predicta-
bility of future support requests have an influence on the application
and potential. The influencing factors on the support volume are dif-
ferent, e.g. software updates or operating system updates can lead to
increased messages, this can also be planned without Al and is known

from experience, especially from smaller support departments.
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2.4.3.6
Additional
Customer
service use-

cases

The experts identified various Al-supported extensions that can pro-
vide added value in the context of customer care. These include, for
example, the improvement of customer relations by means of regular
reminders to make contact, and also the use of chat offers to query cus-
tomer satisfaction. The early detection of failures was also mentioned.
However, it was not possible to identify any frequency among the experts'
suggestions, so it can be assumed that all relevant main customer care pro-

cesses were addressed and discussed in the context of this section.

Table 20: Detail evaluation use cases supply chain management

Use-Case

Evaluation and influencing factors

2.4.4.1
Supplier-

Management

2.4.4.2
Procurement

management

1 expert sees no potential, 6 experts a low potential, 2 respondents —
one of them without expertise in procurement — a medium potential
and 1 expert a high potential.

Result: Low

Al in the supplier management process offers added value when many
different suppliers with different characteristics have to be compared.
For this purpose, data from the own system as well as external data e.g.
from websites or portals should be used. However, SMEs usually have
fewer suppliers that are eligible for the service provision, these are then
determined by the respective requirements of the project and the em-
ployees also have a corresponding wealth of experience, such that that

Al can only add value to a very limited extent here.

9 respondents — 3 of them without expertise in procurement — see low
potential, only one expert sees high potential.

Result: Low

Most experts cited too low a volume as the reason for the low applica-
tion potential — one expert quoted 100 invoices per day as the necessary
volume. Often, rule-based algorithms are sufficient, the use of Alis not
necessary according to the experts interviewed. According to one ex-
pert, Al offers added value if standard products are purchased in large
quantities and frequent frequencies, then automatic price negotiations

can also be carried out.
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2.4.4.3 Most of the experts could not identify any further process optimisa-
Additional tions, one expert introduced the validation of invoices against frame-
Supply chain work contracts, the contents of the framework contract would have to
management be interpreted via Al and applied as plausibility rules.
use-cases

Table 21: Detail evaluation use cases accounting

Use-Case

Evaluation and influencing factors

2.4.5.1
Document

entry

2.4.5.2 Default

risk analysis

2.4.5.3
Additional Ac-
counting use-

cases

2 respondents — one of them without accounting expertise — see low
potential, 2 respondents — one of them also without expertise — see me-
dium potential and 5 respondents — one of them also without exper-
tise — see high potential.

Result: High

This function also depends on the number of applications. Some com-
panies are already actively working with document capture via OCR
and Al to exploit this potential.

4 of the respondents see no potential, 2 of them without accounting ex-
pertise. 3 respondents see little potential, one of whom has no expertise.
3 respondents see medium potential, one of them also without expertise.
Result: Low

The most frequent reference was made to the customer structure i.e.,
whoever has public-sector clients or large corporations as customers,
their risk of default is already low. Most respondents have direct com-
munication with customers and are aware of potential problems in a
timely manner. Similarly, some companies are already insured against
insolvency, so this process plays a very minor role. As a rule, a simple
dashboard with visualisations of outstanding accounts is sufficient, Al
is regarded as nice-to-have, the basic prerequisite is a valid database.
Most of the experts agreed that all relevant processes were taken up
within the framework of financial accounting. Annual financial state-
ment work etc. were not the focus of this study. It was still encouraged
by Al to identify anomalies in revenue accounts, cost centres etc. Also,
the document entry via voice command was named or the completion

of master data.
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Table 22: Detail evaluation use cases controlling

Use-Case

Evaluation and influencing factors

2.4.6.1 Inter-
pretation of re-

ports

2.4.6.2 Data-
informed
decision

making

2.4.6.3 Addi-
tional Control-

ling use-cases

2 interviewees — both of whom have no expertise in controlling — see
no potential for deployment. 4 interviewees — one of whom has no ex-
pertise — see little potential for deployment. 4 respondents — one of
whom has no expertise — see medium potential for deployment.
Result: Medium

The explanatory function is felt to be helpful if you yourself have no
expertise in the evaluation area and need support in interpreting the
data. Otherwise, perception via the eye is faster than speech reproduc-
tion. In barrier-free application scenarios, the function also offers
added value. Otherwise, purely graphical overviews are preferred, an

added value is provided by the graphical highlighting of anomalies.

2 interviewees — both of whom have no expertise in controlling — see
no potential for deployment. 5 interviewees — one of whom has no ex-
pertise — see little potential for deployment. 3 respondents — one of
whom has no expertise — see medium potential for deployment.
Result: Low

It should be noted that mouse operation is generally faster than voice
commands. However, the voice command offers added value if com-
plex data queries can be formulated in natural language and the system
queries and displays the required data. In the end, however, it is also
the instinct that is relevant for the decision-making process; as a rule,

no decisions are made purely on the basis of data.

Most experts see added value in the retrieval of data via speech com-
mands, even if complex questions such as “why have personnel costs
increased?” can be answered by the system. The networking of data
from both internal and external sources is also perceived as added
value in this context and is described as a strength of Al The justifica-
tion of identified decisions also plays a role. It can thus be seen that all
relevant processes in the area of controlling were covered by the use

cases; new processes were not identified by the experts.
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Table 23: Evaluation of additional use cases

Use-Case Evaluation and influencing factors

2.4.7 Addi- The only area that was not covered by the use cases was software de-
tional use- velopment, according to one expert. However, as this process was not
cases the focus of the analysis — the focus here is on commercial processes —

it is only referred to here that according to expert assessment the way
in which applications are programmed in the future will change. An-
other expert sees potential in the area of IoT, e.g. by linking the appoint-
ment calendar and Smart-Home, so that functions such as lighting and
heating can be controlled according to need. It can therefore be as-
sumed that the use cases presented cover the most important commer-

cial processes of a service company in the SME environment.

Nine out of ten experts agree that little or no Al is currently used in business
processes within the respective companies. However, with seven experts which is
the majority, see an increase in the next 3 years. Currently, they are still in the eval-
uation phase and the benefits must be analysed through use cases. One expert ex-
pects a disillusion, because from his point of view fundamental problems of Al for
decision making are not yet solved. Two experts do not expect Al to play a major
role in business processes, because the efficiency gains are too low, and the effort
is too high. Most experts also agree that the human beings will remain the final
decision-making authority. Only one expert is convinced that Al will make com-
pletely autonomous decisions in the future. However, Al should be able to support
decision-making and make autonomous decisions in clearly defined areas of appli-
cation. However, for particularly critical decisions or decisions in an ethical context,
with 9 experts which is the vast majority, regard humans as an indispensable au-
thority. This view is also supported by other studies dealing with AI decision-mak-
ing (Goebel et al., 2018; Longoni & Cian, 2020).
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4.3.2. Interview discussion and conclusion

Within the framework of this chapter, the results are first discussed, then the
research questions raised in this dissertation are answered and finally a conclusion

is drawn.

4.3.2.1. Discussion

The expert interview has shown that the potential of Al in SMEs in the service
sector depends on several factors, some of which depend on the individual pro-
cess — such as communication channels — but there are also factors such as volume
or generalisability which affect several process areas. Therefore, it cannot be gen-
erally stated that there is always added value through the use of Al, so an individ-
ual case should be considered. It is also clear that there is no euphoria about the
potential of Al but that the experts have critically assessed the individual potential
of each presented use case with regard to its applicability in their own company.
The evaluation of the influencing factors also show that there are certain factors
that affect several use cases. The experts' answers were always critically scrutinised
and cross-referenced to interviews already conducted to obtain the most meaning-
ful results possible. The obstacles to the use of Al in companies, such as a lack of
expertise and skilled workers, as well as the current challenges of digitisation,
which have been identified in other studies (Kranzusch, Icks, Levering, & Pasing,
2019; Lundborg & Markel, 2019; Mittelstand — Digital, 2020; Wangermann, 2020),
do not apply to most of the companies surveyed, as described in chapter 4.2.2.4 .
There must therefore be other reasons why Al is currently not yet so widespread
in SME processes; this will be examined further in the next chapter based on the

research questions.
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4.3.2.2. Answering the research questions RQ2-RQ4 — an interim report

Following, the research questions raised in the introduction are answered on
the basis of the study results.

RQ2: “In what areas Al- and IPA-Features can improve processes in small- and

medium-sized service enterprises of the service sector?”

In general, it can be said that there is no area in which the use of AI cannot
develop its potential according to the experts' assessment. In all areas at least a low
potential for use is estimated. This already shows the basic applicability of Al sys-
tems in all process areas considered. In the area of sales & marketing as well as in
the area of customer service there is a high frequency of use-cases with medium
potential. In the area of accounting the only use case with high potential was iden-
tified.

However, it has to be taken into consideration that the assessment of the de-
ployment potential is based on the respective structure of the experts' companies.
The resulting overall assessment must therefore be critically scrutinised. Since vol-
ume and generalisability have been identified as the main factors for the deployment
of Al the experts' assessment can only be a snapshot of the current situation of the
company. Should processes change, new business areas be opened up or expanded,

the volume can quickly increase, and the use of Al can offer greater potential.

RQ3: “Which kind of processes are being affected by Al- and 1PA-Features and
which kind of specific features are helpful?”

In general, it can be said that all processes related to data input, processing
and output have the potential to be improved by using Al and hence all digital
processes are affected. This is especially true for processes that are frequently run
through or have a certain complexity. Partial or fully automated processes are in
the focus, whereby the responsibility should still not be transferred to the machine,

especially in the decision-making process.

The most important function was considered to be support of the recording
of documents in the area of accounting. This is a combination of computer vision
and classification. In the area of customer service, four of the five presented use
cases with medium application potential were evaluated. In no other area was the

ratio between the number of use cases and the potential better. The number of use
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cases presented, also shows the potential for optimisation in practice. The experts
also had the opportunity to name further own use cases for each area, but the eval-
uation did not show any relevant overlaps, so that the total number of use cases
considered and their distribution to the individual areas can be assessed as repre-
sentative. The analysis of the interviews also shows that the recognition of patterns

and the enrichment of data by external sources offers added value in processes.

RQ4: “What are the limitations of Al and IPA-Feature implementation in SME?”

And on the type of process, the potential also depends on the customer struc-
ture or the existing security of the company; this applies especially in the risk of
default on receivables. Restrictions in the communication channels can also influ-
ence the potential, for example if direct communication to users is not possible.
Above all limitations, the cost/benefit factor must always be taken into considera-
tion. This is reflected in the frequency of the process volume, but also in the com-
pany size and the number of employees in the divisions (head count). Expertise
also has an influence, especially when it comes to the interpretation of overviews,

support is only considered helpful if the user does not have sufficient knowledge.

The basic requirement for all processes that are to make or prepare decisions
on the basis of data is, of course, the validity of the data, but also its generalisability.
According to the experts, this is also a major challenge, as knowledge is not always
available in a formalised form, but is only available in the heads of employees or is

not accessible digitally in a sufficiently comprehensive manner.

4.3.2.3. Drawing the conclusions for the interviews

This chapter shows how the potential of Al in SMEs in the service sector is
assessed by concrete use cases and by what factors influence the processes. Ten
experts with extensive experience in both theory and practice were interviewed.
On the basis of an interview guideline, all use cases were discussed, and the influ-
encing factors were intensively discussed by the experts with free response possi-
bilities. Within the framework of a qualitative, inductive content analysis, catego-
ries were formed on the basis of the expert answers. These were combined with the
potential assessments in order to obtain an overview of the influencing factors on

the application potential.
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Even though the studies mentioned in the introduction identified a great op-
portunity for optimisation through Al in the areas investigated, in practice only a
single use case found a high potential for use. This leads to the conclusion that an
individual case consideration, which can be systematised because of the identified

influencing factors is necessary.

By answering the three research questions, it could also be shown in which
environment an optimisation through the use of Al has chances of success. The
insights gained can be integrated into a framework for the evaluation of the Al im-

plementation potential in further research.
But what is it that finally makes the spark fly?

Of course, there are various factors that influence the application potential,
but the volume was identified as the main driver. And this is exactly where the
limitation lies: Large volumes are only present in a few business processes, if at all,
in SMEs. In addition, there are different types of processes and the necessary un-
derstanding for Al as well as the data basis must be available as a solid foundation
for Al processes. SMEs usually pay a lot of attention to the added value, the experts
stated that Al is currently still at an early stage where use cases still need to be
developed and evaluated. There is therefore no guarantee that an investment in Al
will pay off. If the added value is not proven and the number of cases in the pro-
cesses can be handled with reasonable effort even without Al, the willingness to

use Al is low.

Particularly in terms of added value are therefore, convincing, but also re-
search work is still required. Although a concrete artifact was presented during the
interviews, the added value of its use in process areas still needs to be established.
This requires further practical research to integrate the use-cases under considera-

tion into company processes and to measure the effects objectively.

As a limitation of this dissertation, it must be mentioned that the study refers
to SMEs located in Germany. Due to the size of the tertiary sector, it is only possible
to a very limited extent to select a representative number of experts and companies
to be included in such an extensive and intensive survey. The selection of profes-
sors of business informatics, and also the selection of managing directors as experts
who work in technologically oriented service companies, has created a basis for

assessment that is as ready as possible. However, it cannot be ruled out that the
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survey of other experts with different knowledge focus and industries may lead to
different results. As an Outlook for further research, it is therefore necessary to con-
duct further studies on the use cases presented here, but also on other use cases
derived from the literature, in order to then compare the results and allow an even

further generalisation of the results.

4.3.3.  Validating the findings from the expert interviews

The evaluation of the interviews showed that the opinions of experts on the
influencing factors vary. To validate that the analysis and evaluation of the expert
interviews produced valid results, a summary of the research results was sent to
the experts and a questionnaire was designed to verify the factors influencing the
usefulness of the use cases. To do justice to the experts' specialist areas, only the
use cases from the areas of sales & marketing, project management, customer ser-
vice and controlling were considered. A survey was sent to all experts, in which the
influencing factors were processed based on the interview evaluation and the ex-
perts were able to add further supplements, remove factors and then form a ranking.
The survey was conducted online between 01.11.2020 and 30.11.2020, all 10 inter-
viewed experts were asked to participate in the survey, the response rate was 70%.

This approach to validation and obtaining consensus is based on the Delphi
method (Steurer, 2011). In the first survey within the framework of the interviews,
open questions were asked to obtain the assessments regarding application poten-
tials and influencing factors for the use cases. The evaluation of the interviews pro-
vided important insights into the influencing factors. To be able to weight the in-
fluencing factors concretely and to draw further conclusions, it is again necessary
to fall back on the experts and to carry out the evaluation within the framework of
a structured questioning. The expert interview in the context of qualitative re-
search, corresponds to the first round of the Delphi method and served the purpose
of comprehensive data collection. The subsequent survey based on the content
analysis represents the second round of the Delphi method in the quantitative re-

search environment (McPherson, Reese, & Wendler, 2018).
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As the general assessment of the usefulness of ai empowered processes in
one's own company depends on many factors, these assessments were collected
during the survey, and they are not used to reach a consensus, and are also in-
cluded in the final assessment. The focus of consensus building is exclusively on
identifying the individual factors influencing the potential of the use cases. In order
to make the survey as compact as possible, the use cases were condensed where
possible, so that the influencing factors identified are condensed to the level of the
area. Figure 62 shows the summary level of the evaluation of influencing factors,

according to the procedure described above.

Sales &
Marketing

Customer
Service

Project

Controlling
management

2.4.3.1 Use-Case:

2.4.1.1 Use-Case:
Lead management

2.4.1.2 Use-Case:

Forecasting

2.4.1.3 Use-Case:
Information input
and retrieval

2.4.2.1 Use-Case:

Project planning

&

2.4.2.2 Use-Case:

Project
implementation

Ticket-
Classification &
2.4.3.2 Use-Case:
Ticket assignment
&
2.4.3.3 Use-Case:
Solution
suggestion for
tickets &
2.4.3.4 Use-Case:
Chathot

& 2.4.3.5 Use-
Case: Support
volume prediction

2.4.6.1 Use-Case:
Interpretation of
reports

&

2.4.6.2 Use-Case:
Data-informed
decision making

Figure 62: Summary level Assessment of influencing factors

[source: own representation]

The summary of the use cases also enables a better generalisation of the re-
sults, but care was taken not to lose any important differentiations. In the following
chapters, an analysis of the influencing factors is made for each area based on the
survey. It is checked whether new influencing factors have been added to the ex-
pert answers which were not identified by the content analysis or were not named
within the interview and whether a general tendency can be determined with re-

gard to a ranking of the priority of the influencing factors.
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4.3.3.1. Factors influencing the area of sales & marketing

Due to the different use cases within this area, no consolidation could be car-
ried out. Therefore, the use case in chapter 2.4.1.1 Lead management is considered
first. The following influencing factors were identified during the interview evalu-
ation; the number in brackets stands for the frequency of their occurrence:

e Complexity (1)

e Data Enrichment (2)

e Generalisability (6)

e Volume (7)

The survey of the experts did not reveal any additional influencing factors,
so it can be assumed that all relevant factors were identified. The following picture
emerges with regard to the importance of the individual factors for the application

potential:

— Both Generalisability and Volume are rated by 3 experts each on place 1,
for one expert Data Enrichment is on place 1.

— In 2nd place, 4 times data enrichment, 2 times volume and once General-
isability are assessed

— In 3rd place is 3 times Generalisability, 2 times volume and once each
complexity and data enrichment

— In 4th place follows 6 times Complexity and once Data Enrichment

Table 24 gives an overview of the distribution over the prioritisation of the

influencing factors.



ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND MEDIUM-
SIZED ENTERPRISES IN THE SERVICE INDUSTRY 167

Table 24: Evaluation of influencing factors Lead management

Position Quantity Influencing factor
1 3 Generalisability
1 3 Volume

1 1 Data enrichment
2 4 Data enrichment
2 2 Volume

2 1 Generalisability
3 3 Generalisability
3 2 Volume

3 1 Complexity

3 1 Data enrichment
4 6 Complexity

4 1 Data enrichment

[source: own representation]

The following order results from an appropriate weighting of the placements:

1. Volume
2. Generalisability
3. Data enrichment

4. Complexity

It is thus evident that the number of leads has the greatest influence on the
application potential, and the generalisability of past data is also an important basic
requirement. Although the enrichment of one's own data is named by one expert
as the most important influencing factor, most experts prioritise the two influenc-
ing factors mentioned above. There is almost unanimous agreement that complex-

ity plays a lesser role among the influencing factors.
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Next, the use case in chapter 2.4.1.2 Forecasting is considered. Based on the
content analysis from the expert interviews, a total of five influencing factors were

derived:

— generalisability (3)

— data enrichment

— volume (2)

— Data validity (2)

— pattern recognition (1)

In this area too, no additional influencing factors were listed in the experts'
follow-up survey, so it can be assumed that all relevant influencing factors have
been identified. The relevance of the individual factors is now determined on the
basis of the ranking provided by the experts. Volume and data enrichment were
each assessed by two experts as the most important influencing factors; generalisa-
bility, pattern recognition and validity were each assessed by one expert as the most
important factor. In second place, the experts' assessments are again closer to-
gether, with 5 experts placing generalisations there. Each expert places pattern
recognition and volume. In third place, there is again a larger spread, with three
mentions of data enrichment, two mentions of volume and one each for generali-
sability and pattern recognition. In fourth place, with 4 mentions, most experts see
data validity, followed by 2 mentions of volume and one mention of data enrich-
ment. In 5th place, 4 experts see the pattern recognition, 2 experts the data validity

and one expert data enrichment.

Table 25 gives an overview of the distribution of the prioritisation of the in-

fluencing factors for use case forecasting.
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Table 25: Evaluation of influencing factors forecasting
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Position Quantity Influencing factor
1 2 Data enrichment

1 2 Volume

1 1 Generalisability

1 1 Pattern recognition
1 1 Data validity

2 5 Generalisability

2 1 Pattern recognition
2 1 Volume

3 3 Data enrichment

3 2 Volume

3 1 Generalisability

3 1 Pattern recognition
4 4 Data validity

4 2 Volume

4 1 Data enrichment

5 4 Pattern recognition
5 2 Data validity

5 1 Data enrichment

[source: own representation]

If the ratings are weighted, the ranking is as follows:

1.

SARE RS

generalisability
volume

data enrichment
Pattern Recognition

data validity
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The rankings show that generalisability has the greatest influence on fore-
casting. Volume is also an important influencing factor, followed by data enrich-
ment. These three important influencing factors have already been identified in use
case lead management. Pattern recognition and data validity also have an influence

on the potential for use but are considered less important by most experts.

The final use case in the area of marketing & sale is now the one in chap-
ter 2.4.1.3 Information input and retrieval. The following 5 influencing factors were

identified as part of the content analysis:

— Field of application (5)
— Dynamic interaction (3)
— Input form (1)

— Reliability (1)

— Perception (1)

No other factors could be identified from the survey. It can therefore be as-
sumed that all relevant influencing factors have already been identified. In the
questioning of the influencing factors in the context of the survey, it is apparent
that, according to the experts, the field of application is ranked first with 4 mentions
and reliability with 3 mentions. In second place, dynamic actions were seen by 3

experts, field of application by 2 and also reliability by 2 experts.

Table 26: Evaluation of influencing factors information input and retriveal

Position Quantity  Influencing factor
1 4  Field of application
1 3 Reliability
2 3 Dynamic interaction
2 2 Field of application
2 2 Reliability
3 3 Dynamic interaction
3 1 Input form
3 1 Field of application
3 1 Perception
3 1 Reliability
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4 5 Perception
4 1 Reliability
4 1 Dynamic interaction
5 6 Input form
5 1 Perception

[source: own representation]

The weighting of the data results in the following prioritisation of the influ-
encing factors:

1. Field of application
Reliability
Dynamic interaction

Input form

Ok W

Perception

The evaluation shows that the function is most dependent on the application
area. This influencing factor is rated even higher than reliability. From this it can
be concluded that the environment in which the function is used has a decisive
influence on its usefulness. Only then come factors like dynamic interaction and
input forms. Influencing factors such as volume or generalisability, which played
a particularly important role in the two previous use cases, are not listed here by
the experts and therefore do not represent an influencing variable. Data enhance-

ment is also not mentioned by the experts.

Hence, it is also clear that there can be no general influencing factors for all
use cases, as large discrepancies between the various influencing factors have al-

ready been identified in the area of sales & marketing.
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4.3.3.2. Factors influencing the area of project management

Next, the area of project management is considered. The original two use
cases from chapter 2.4.2.1 Project planning and from chapter 2.4.2.2 Project imple-
mentation could be considered together because the influencing factors based on
the content analysis were similar. Nevertheless, the experts had the opportunity to
comment on the assessment and to signal that a differentiated view is necessary. In
the course of the interview analysis, the following factors were identified which

have an influence on the application potential:

— Generalisability (7)

— Volume (5)

— Added value (6)

— Pattern Recognition (3)
— Data validity (2)

— Complexity (1)

— Data Enrichment (1)

— Predictability (1)

Based on the content analysis of the two use cases in the area of project man-

agement, the influencing factors were summarised.

The added value factor was not included, as it is too general and should be a
fundamental added value for process optimisation. The influencing factor data va-
lidity was also omitted, as this should be covered by the generalisability. Since the
experts had the opportunity to name further influencing factors, shortening the list
did not represent a restriction. No other factors were identified in the analysis of

the factors influencing project management either.

The evaluation of the survey showed that with 5 experts, the majority sees
volume in first place, with one expert each seeing pattern recognition and general-
isability in this place. There is no clear tendency for second place, and the same

applies to third place. Table 27 gives an overview of the distribution.
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Table 27: Evaluation of influencing factors project management
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Position Quantity

Influencing factor

1 5
1 1
1 1

NN

= N W = W W

—_
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Volume
Generalisability
Pattern Recognition
Predictability
Complexity

Pattern Recognition
Volume
Generalisability
Predictability

Data Enrichment
Generalisability
Complexity
Volume
Generalisability
Pattern Recognition
Data Enrichment
Complexity

Data Enrichment
Generalisability
Pattern Recognition
Data Enrichment
Predictability
Complexity

Pattern Recognition

[source: own representation]
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It turns out that most experts rate volume as the most important influencing
factor by far. In this context, the number of projects is thus the decisive factor as to
whether the use cases can optimise the process. The other factors are more widely

spread, only the low prioritisation of data enrichment shows a consensus.

4.3.3.3.  Factors influencing the area of customer service

Within this chapter, the factors influencing the area of customer service are
evaluated. The original 5 use cases could be summarised, as similar influencing
factors are present, and some use cases also build on each other. Therefore, an over-

all view of the area of customer service is provided.
The following influencing factors were identified during the interview analysis:

— Volume (7)

— Generalisability (8)

— Complexity (4)

— Headcount (4)

— Availability (1)

— Communication channels (1)
— Predictability (1)

Despite the merging of the use cases, the experts did not add any further in-
fluencing factors or demand the removal of influencing factors. Here too, the ma-
jority of experts attach greater importance to volume, with as many as 4 experts
ranking this factor in first place. Each expert sees predictability, headcount, and
generalisability in first place. Second place is already much more fragmented
whereby two experts see availability as an important factor, and all other influenc-
ing factors are listed by one expert each. Table 28 shows the distribution of the po-
sitioning of the influencing factors:

Table 28: Evaluation of influencing factors customer service

Position Quantity Influencing factor
1 4 Volume
1 1 Predictability
1 1 Headcount

1 1 Generalisability
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Availability
Volume
Predictability
Headcount
Generalisability
Complexity
Generalisability
Complexity
Volume
Predictability
Headcount
Predictability
Headcount
Complexity
Volume
Availability
Generalisability
Complexity

Communication channels

Headcount
Headcount

Complexity

Communication channels

Availability

Communication channels

Availability

Complexity

[source: own representation]
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The evaluation clearly shows that volume is the most important influencing
factor, in this context meaning the number of incoming tickets. In second place are
two influencing factors, predictability, and generalisability. Most experts agree that

the communication channels factor has the least influence.

4.3.3.4. Factors influencing the area of controlling

Finally, the area of controlling is examined. The two use cases from this area
were combined, as the interpretation of overviews and decision-making are closely
linked. This means that an overall view of the area of controlling is taken. The fol-
lowing influencing factors were identified during the interview analysis:

— Perception (4)

— Decision context (4)

— Expertise (2)

— Pattern recognition (2)

— Data validity (1)

— Accessibility (1)

— Company size (1)

— Complexity (1)

— Reliability (1)

— Added value (1)

Again, added value was removed during validation by the survey, with the
reasoning that useful functions must also always offer added value is applicable
here. The experts again had the opportunity to introduce their own factors for this
question, so that no influence was exerted by the omission of this factor. The influ-
encing factor, accessibility was transferred to the factor, perception to reduce the
shortlist for a better overview; on this case as well, the argumentation applies that
the experts could name further influencing factors. Since predictability also
emerged as an influencing factor in the previous evaluations of the influencing fac-
tors from the interviews, this could not be determined in the context of controlling.
It was nevertheless integrated as a possible response option. Since the experts also
had the option of excluding influencing factors, this procedure has no influence on
the validity of the survey results. In this context, one expert listed an additional

factor “number of data sets”; no other expert suggested an extension here. From
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the perspective of the influencing factors, this point falls under the category of com-
plexity and therefore does not need to be listed explicitly. The ranking of the im-
portance of the influencing factors shows that the experts see different prioritisa-
tions. Pattern recognition and reliability are seen in first place twice each. Company
size, data validity and expertise are each seen in first place by one expert. In second
place, the picture is similar: two experts each see complexity and predictability in
this ranking, and one expert each sees pattern recognition, data validity and exper-
tise in this place. Table 29 shows the distribution of the influencing factors on the

rankings.

Table 29: Evaluation of influencing factors controlling

Position Quantity Influencing factor
1 2 Pattern recognition
1 2 Reliability
1 1 Company size
1 1 Data validity
1 1 Expertise
2 2 Complexity
2 2 Predictability
2 1 Pattern recognition
2 1 Data validity
2 1 Expertise
3 4 Expertise
3 1 Pattern recognition
3 1 Data validity
3 1 Predictability
4 2 Complexity
4 2 Pattern recognition
4 2 Predictability
4 1 Reliability
5 3 Complexity
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[source: own representation]

The evaluation of the influencing factors shows that expertise has the greatest
influence. In this context, this means that the greater the expertise, the lower the
benefit of the function. This result was also to be expected, as an expert does not
usually need support in interpreting overviews due to their expertise. Pattern
recognition is rated as the second most important factor, and predictability is rated
almost equally. Surprisingly, the decision context, i.e. whether the decisions are
critical or non-critical, is not considered an important factor and is ranked second
to last. In last place is the possibility of perception, i.e. in this context the restrictions

due to parallel activities.

4.3.3.5.  Qwerall consideration of the influencing factors

In the final consideration of the influencing factors, the results from the pre-
vious chapters are summarised. Table 30 gives an overview of all the influencing
factors identified, the areas in which they were mentioned, the number of areas and
the score as the sum of the items. Thus, the lower the score, the more important the
influencing factor. In order to make the results comparable, the weighted score was

calculated by dividing the sum of the items by the number of items.
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Table 30: Overall assessment of influencing factors
Category Areas Count Score  Weighted
score

Volume Lead-Management, Forecast- 4 54 13,50
ing, Project management,
Customer Service

Generalisability Lead-Management, Project 4 73 18,25
management, Customer
Service, Controlling

Complexity Lead-Management, Project 4 115 28,75
management, Customer
Service, Controlling

Predictability Project management, 3 72 24,00
Customer service, Controlling

Pattern recognition = Forecasting, Project manage- 3 75 25,00
ment, Controlling

Data enrichment Lead-Management, Forecast- 3 71 23,67
ing, Project management

Reliability Information input & retrieval, 2 52 26,00
Controlling

Perception Information input & retrieval, 2 91 45,50
Controlling

Data validity Forecasting, Controlling 2 56 28,00

Input form Information input & retrieval 1 33 33,00

Head count Customer service 1 27 27,00

Field of application = Information input & retrieval 1 11 11,00

Expertise Controlling 1 20 20,00

Dynamic interaction Information input & retrieval 1 19 19,00

Decision context Controlling 1 51 51,00

Company size Controlling 1 39 39,00
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Communication Customer service 1 45 45,00
Channels
Availability Customer service 1 34 34,00

[source: own representation]

It turns out that there is no influencing factor that is relevant in all six areas.
However, with Volume, Generalisability and Complexity, there are three factors
that are relevant in four areas. There are also overlaps in the areas, so that one can
see that these three influencing factors all play a role in the areas of lead manage-
ment, project management and customer service. Regarding the weighted score, it
can also be seen that volume and generalisability play an important role, as they
have the second and third best values. The influencing factor Complexity, on the
other hand, occurs frequently, but is only seen in 12th place overall of the 18 factors
identified. The complexity of processes in general do not have a major impact on

the usefulness of Al support.
The best weighted value has the influencing factor Field of application, but

this is only considered relevant within the area of Information input & retrieval.
This shows that the use of IPAs is strongly dependent on the context of the area of
application, which is in line with the findings from the quantitative survey that the
voice assistant is perceived as an additional form of input to the classic input op-
tions such as keyboard and mouse, but will not replace them (Hiisson, Holland, et
al.,, 2020). In the context of the functions of IPAs, it should also be noted that dy-
namic interaction, i.e. extensive interaction across different functional areas of the
IPA, is highly valued; in absolute terms, this influencing factor is in fourth place.
In this context of the IPA, specifically in the area of controlling, expertise in 5th
place is also an important influencing factor. The explanation function offers sup-
port for the interpretation of data, although this is of course only useful if the user
does not have his own expertise. It is also striking that the influencing factor deci-
sion context, which is arranged in the area of controlling, is to be found in 18th
which is the last place. According to the experts, it therefore only plays a subordi-

nate role whether important or unimportant decisions are made.
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As already shown in the first evaluation of the expert interviews, the volume
over a broad number of processes is the most important influencing factor, as well
as the fact that generalisability plays an important role for a valid determination of
data and the resulting models. Data enrichment, as well as the predictability of

events and the recognition of patterns are also in the upper half of the prioritisation.

Since the basic prerequisite for valid models for Al processes is of course re-
liable data and actual correlations, the evaluation of the prioritisation clearly shows
that the experts are aware of this issue and that the final result of this evaluation is
also covered by process models in the scientific literature (Martinetz, 2020; Rode-
Schubert & Miiller, 2020).

In order to generalise the influencing factors, the next step is to classify the

use cases under consideration, dividing them into two functional areas:

1. data classification

2. interaction

Functions with the property data classification are characterised by the fact
that data are analysed, combined into clusters or extrapolated during processing.
The aim of this function is to summarise data or to derive assumptions about future

values.

Functions with the property “interaction” represent an interface between
user and application, data and information are exchanged, this can be done by
voice input and output, but also by text input and text display or graphical output

forms.
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Figure 63: Classification of the use cases

[source: own representation]

Figure 63 gives an overview of the classification of use cases made. It can be
seen that most cases fall into the area of data classification. In some areas there is
also overlap, as both classifications and interactions are carried out. A clear demar-
cation is therefore only possible to a limited extent. Based on this classification,

a comparison of the function type and the influencing factors is made in Table 31.
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Category Function type

Field of application Interaction

Volume Data classification & Interaction
Generalisability Data classification & Interaction

Dynamic interaction
Expertise

Data enrichment
Predictability
Pattern recognition
Reliability

Head count

Data validity
Complexity

Input form
Availability

Company size

Communication Channels

Perception

Decision context

Interaction

Data classification & Interaction
Data classification

Data classification & Interaction
Data classification & Interaction
Data classification & Interaction
Data classification & Interaction
Data classification & Interaction
Data classification & Interaction
Interaction

Data classification & Interaction
Data classification & Interaction
Data classification & Interaction
Data classification & Interaction

Data classification & Interaction

[source: own representation]

For a clearer presentation, a visualisation of the comparison was made, in

which up to five influencing factors are assigned to the respective function type;

the top 5 were selected using the weighted score. The result of the visualisation is

shown in Figure 64.
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[source: own representation]

From the visualisation it can be seen that data enrichment only influences
classification functions. In this respect, field of application, dynamic interaction,
and input form only influence functions that perform an interaction. Volume, gen-
eralisability, expertise, predictability, and pattern recognition influence both clas-

sification and interaction processes.

For the evaluation of Al implementations of business processes, it follows
that first the function type should be evaluated to then carry out a detailed check
on the basis of the relevant influencing factors as to whether a process adaptation
makes sense. To evaluate the actual optimisation potential, the next chapter looks

at the costs and benefits.

4.4. ANALYSIS THE IMPACT VIA COSTS AND BENEFITS

Within the previous chapters, the use of Al in business processes was ana-
lysed in detail on the basis of use cases and an artifact and evaluated by quantitative
(survey) and qualitative methods (expert interview). As the final part of the analy-
sis, it is now necessary to include the cost side in the consideration and thus obtain

a complete picture of the effects on processes of SMEs in the service sector.

The point of view is relevant because, in addition to technological challenges
and cultural aspects, the expectations of decision-makers also play a role in imple-
mentation. The literature therefore also clearly shows that false expectations re-

garding the optimisation potential of Al in business processes can be an obstacle to
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the successful long-term conversion of processes (Fountaine, McCarthy, & Saleh,
2019). On the other hand, however, studies suggest the extraordinary potential of
Al and thus raise corresponding expectations among decision-makers that rapid
results can be expected from Al implementation, as presented in Figure 65.
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Figure 65: AI-Potential in marketing & sales and supply-chain management and manu-

facturing

[source: (Chui et al., 2018)]



186 DANIEL HUSSON

In particular, the expert interview clearly showed that the perceived potential
of Al implementation in companies is very different and differs greatly in terms of
influence from the potentials identified in the studies. It is therefore necessary to
carry out a separate analysis of the costs and benefits of Al implementation on the
basis of selected use-cases in the context of SMEs in order to obtain an objective

assessment of Al potential in terms of process costs and process quality.

44.1. Fundamentals of cost-benefit analysis

Cost-benefit analysis (CBA) is a widely used and scientific tool for this pur-
pose. The objective of cost-benefit analysis is to provide a consistent method for
assessing decisions in terms of their consequences (Dreze & Stern, 1987). The use
of CBA in the field of IT systems has also been carried out for a long time and is
therefore considered a scientifically recognised method for analysing applications;
this can be demonstrated by its use in the literature over several decades and for a
wide range of different technologies (MareSova & Sobéslav, 2017; Murphy &
Simon, 2002; Pieptea & Anderson, 1987; Voss, 1979). Hence, costs are of course an
important factor in the overall consideration of the CBA. CBA can be carried out at
different times, ex-ante (also known as prospective) CBA is carried out before the
actual implementation of the project, and ex-post or retrospective CBA is carried
out after implementation (Boardman, Greenberg, Vining, & Weimer, 2018, p. 3).
Since the artifact implemented in the context of this dissertation is a prototype that

does not cover all use cases, an ex-ante CBA is carried out.

From an economic perspective, the same question is asked of Al as of any
technology: How can costs be reduced? (Agrawal, 2018). In order to be able to an-
swer this question, an analysis of the costs must be carried out for each process on
one hand and an assessment of the costs resulting from the Al conversion on the
other. Methods such as the total cost of ownership should be applied, in which all
relevant costs are taken into account as far as possible (Ellram, 1995). The latter cost
block includes the one-off acquisition costs, possibly in the form of licences and
hardware, but also ongoing costs such as maintenance and staff training if pro-
cesses cannot be fully automated (Wirtz & Miiller, 2019). Due to the many possible
applications of Al, the criteria to be applied cannot be fully formalised, and the



ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND MEDIUM-
SIZED ENTERPRISES IN THE SERVICE INDUSTRY 187

analysis of the costs and benefits of investing in Al is still an open research question
in the literature (Issa, Sun, & Vasarhelyi, 2016).

To ensure that the criteria used for assessment is as objective as possible, CBA is
derived from various scientific literature sources (Mayo & Leung, 2019; Schacker &
Fuchs, 2018), since the influencing factors are described in detail there and already
adapted to AL Four basic prerequisites for the use of Al were initially identified;

‘ Performance ’

Time

Workflow ’
‘ Cost '

Figure 66: Necessary condition for artificial intelligence

these are shown in the Figure 66.

[source: based on (Mayo & Leung, 2019)]

Performance has been identified as the most important condition. Generally,
the Al implementation must deliver better or at least the same performance, with
reliability also playing a role. Time was identified as the second influencing varia-

ble. If Al results are pre-interpreted, this must be done in a comprehensible way
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and the form of presentation must be chosen so that a simple interpretation is pos-
sible. Thirdly, the Al implementation must be able to be seamlessly integrated into
existing workflows so that no media breaks occur, or cumbersome form changes
have to be made to obtain the results. Fourthly, the cost of providing AI aid must
not be so high that it negatively affects the value equation against its use. (Mayo &
Leung, 2019)

A CBA for the individual use-cases is carried out based on these categories.
Both the existing literature and the results of the expert interview are used. If pos-
sible and reasonable, additional measurements are carried out on the basis of the
artifact in order to create a solid basis for the evaluation. As described in the litera-
ture, the following 10 steps are carried out for the CBA (Boardman et al., 2018, p. 5):

1. Explain the aim

Specity the set of alternative projects

Decide whose benefits and costs count

Identify the impact categories, catalogue them, and select metrics
Predict the impacts quantitatively over the life of the project
Monetise all impacts

Discount benefits and costs to obtain present values

Compute the net present value

¥ 0N SR DN

Perform sensitivity analysis

10. Make a recommendation

The purpose of the CBA is therefore to evaluate the use-cases developed in
chapter 2.4. As an alternative, the continuation of the previous procedure without
Al support is always used, if it exists. An attempt is made to evaluate the categories
evaluated in this chapter in order to establish overall comparability. The challenge
lies mainly in the evaluation of the non-monetary aspects, therefore following the
recommendations of the literature, a comparison will be made by costs which arise
if a certain quality is not achieved, necessary error corrections or disadvantages due
to missing information (Ivanov & Webster, 2017; Schacker & Fuchs, 2018). For this
purpose, a survey of experts is conducted, which is described in detail in the next
chapter. The period of time for the evaluation is given in the literature as between
three and ten years (Mehler, 2019, p. 119), which is also used as a basis for the eval-

uation within the framework of the dissertation.
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The analysis is also carried out under the premise that the Al functions work
optimally in the presented use cases. Similarly, efficient processes without Al are
assumed to provide a fair basis for comparison. If necessary, overall processes are

also broken down into sub-processes to improve comparability.

4.4.2. Data basis of the cost-benefit calculation

In order to obtain reliable data for the assessment of the current costs and the
expected impact of the use of Al in the processes, a survey was sent to the panel of
experts who had already been familiarised with the use cases during the expert
interviews. The questionnaire was conducted as an online survey in the period
from 01.11.2020 to 30.11.2020. Of the 10 experts contacted, 7 evaluated the question-

naire, which corresponds to a response rate of 70%.

Due to the scope of the survey and the level of detail, a decision was made to
to exclude the use cases from the following areas: supply chain management and
accounting. This is also justified by the fact that 7 and 6 experts, respectively, con-
sidered themselves to be sufficiently informed in these areas during the expert in-
terviews. Although only 6 of the interviewees also rated themselves as experts in
the area of controlling, a completely innovative process was presented in this area
with the support of the artifact, so that a justified research interest exists, and cor-

responding data and assessments were queried.

Wherever possible, use cases have been grouped together in order to keep
the effort required to answer the questions within the survey as low as possible,
without losing important details. For this reason, a detailed examination of the five
use cases from the area of customer service was dispensed within the favour of a
general assessment of the overall process. Figure 67 shows the structure of the ques-

tionnaire, as to how the use cases were combined.
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Sales &
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2.4.1.1 Use-Case:
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2.4.3.4 Use-Case:
Chatbot

& 2.4.3.5 Use-
Case: Support
volume prediction

2.4.6.2 Use-Case:
Data-informed
decision making

Figure 67: Survey structure Data for cost-benefit analysis

[source: own representation]

Different data were requested for each area to obtain corresponding key fig-

ures from the experts and to lay the foundation for the CBA. Figure 68 gives an

overview of the queried values.

Sales & Marketing Project management Controlling

* Number of employee
* Expenditure for lead
qualification (Time)

* Average cost lead
qualification

* Number of leads per
month

* Expenditure on
forecasting (Time)

» Average cost forecast
maintenance

* Number of forecast
meetings per month

s Effort for information
retrieval and input
(Time)

= Average cost of
information input
and retrieval

* Number of sales
notes

* Number of employee

* Number of parallel
running projects per
month

* Expenditure for
project planning and
control (Time)

» Average costs for
project planning and
control

Figure 68: Requested data per area

[source: own representation]

* Number of employee

* Number of tickets
per month

* Expenditure for
processing a ticket
{Time)

* Average cost of
processing a ticket

* Number of employee

s Expenditure for
controlling (Time)

» Costs for controlling
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On the basis of the queried data, the respective costs for the individual areas
or processes are calculated within the framework of the use case analysis in the
CBA. In this survey, it should be noted that the experts did not give exact figures
for costs, but always selected value ranges, otherwise, conclusions could be drawn
directly about the exact cost structures. The mean value of the value ranges was
used for the calculation in order to obtain as realistic a picture as possible. In addi-
tion, the experts were asked what effects the implementation of the use cases would

have on costs, quality, and process speed.

Due to the restrictions on the experts and the companies they represent, these
statistics represent only a small part of the business structures in Germany. How-
ever, this is not an obstacle for the valid development of the cost-benefit analysis,
as it is a matter of an exemplary calculation which is then applied in the individual
case study in the context of an actual implementation (Mehler, 2019, pp. 120-124).
For this reason, three scenarios from the scenario analysis are also used in the fol-
lowing analysis to take into account, the widest range of the basic requirements
possible, that occur in operational practice. Within scenarios, the lowest values for
the impact of the Al implementation are used for the minimum scenario, whereas
within the Average scenario the mean value of all data and again, within the max-
imum case scenario the highest values from the survey are used to provide a sound
basis for the evaluation. Correspondingly, the implementation costs are also di-
vided into three scenarios, from minimum costs to average costs to maximum costs.
This procedure is therefore oriented towards the scenario analysis in order to ob-
tain as realistic of an assessment as possible for the use case implementations and
various framework conditions (Rose, 2017). It should be noted that the appendix
should also be considered for tracking the values, since the values in the minimum
and maximum scenarios are based on the data provided by the experts and cannot
be calculated by simply multiplying minimum or maximum by number times
costs. The calculation is only logical and valid if the minimum and maximum val-
ues are taken from the total cost view of the data to determine the lowest or highest
cost part of the respective company. In an attempt to achieve generalisability, the
individual savings potential of the respective companies was deliberately not con-
sidered, but an overall picture was shown through the different scenarios and their
combination, in order to evaluate the potentials as objectively as possible. The ex-

perts were therefore asked about the general savings potential and not about the
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individual savings potential; this procedure is valid because the experts have the
corresponding experience, and all 7 experts have expertise in process consulting

that goes beyond the knowledge of the processes in their own company.

4.4.3. Evaluation of the use cases

Based on the approach outlined above, the assessment of use cases will be
carried out under this chapter. For each chapter, the respective area is considered,

and a CBA is carried out.

4.4.3.1. Cost- and benefit analysis for sales & marketing

Within this chapter, a CBA of the use-cases from the area of sales & marketing
takes place. As three completely different processes were considered in this area
using different Al optimisations, it was not possible to summarise the use cases.
Therefore, an analysis is carried out based on the original differentiation of the use

cases.

Across all seven companies surveyed, an average of more than 6 employees
are working in the Sales & Marketing department, with a minimum of 2 employees
and a maximum of 14 employees. Each of the three use cases is then calculated
based on the three scenarios, minimum case, average, and maximum case. This is

done with regard to the dimensions of costs, quality and process speed.

The first step is to identify the implementation costs for Al-supported lead
management. For this purpose, the experience gained from the artifact implementa-
tion will be used and the estimate will also be substantiated based on the literature.

The expenditure for the implementation consists of the following components:

1. licence costs for the ML components V-ML described in chapter 4.1.3

2. maintenance costs for the ML components V-ML

3. service costs for the development and validation of the lead probability
prediction model

4. staff training

The licence costs must be divided into two components: The costs for the pur-
chase of the Microsoft SQL Server and the costs for the V-ML Framework.
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The licence costs of the Microsoft SQL server depend on the edition — for the
use of Machine Learning at least the standard edition must be available — and the
processor cores, alternatively the number of users (Client access licence) '°. Since it
is not definitely necessary to use the latest version of the SQL server, cheaper, older
versions from SQL 2017 onwards can also be used. There is also the possibility of
obtaining licences at a lower price as a Microsoft partner, and some companies al-
ready have licences for the SQL server through the use of other software. The mar-
ket prices of the SQL server are also different for each dealer, so for these cost com-
ponents the price of $3.586 estimated by Microsoft on the homepage (queried on
06.12.2020) for the two core standard edition of the SQL server 2019 is used. This
corresponds to approx. €3.000. There are no costs for the maintenance of the
MS SQL-Server. It is assumed that no additional hardware needs to be purchased,
as the SQL server can be operated on the same server as the ERP system, since the
SQL server can now be operated on Windows as well as Linux (Microsoft Docs,
2020). Otherwise, opportunity costs would have to be priced in due to the con-
sumption of storage space — both on the hard disk and in the main memory — and
the use of CPUs by the SQL server. Within the framework of the IPA or V-ML
framework set-up, all necessary parameterisations of the SQL server are carried
out, including the set-up of the backup. It can therefore be assumed that no addi-
tional administration costs will be incurred. In addition, there is the possibility of
receiving support in the administration of the database system via the annual
maintenance, or of having the support take over completely via remote mainte-
nance. Corresponding individual costs are therefore not calculable in advance. In
principle, both the V-IP-A module and the V-ML framework are cloud-capable, but
there are currently no concrete plans as to how a cloud solution can be priced.

Therefore, the on-premise variant will be considered.

Currently, there is no official price list for the V-ML-Framework. Therefore,
the price for additional modules of the ERP system Vemas.NextGen will be used
as a basis, so that one-time license costs of €4.500 and an annual maintenance of
€990 are calculated, this corresponds to the usual maintenance rate of 22%. The cost
estimation for the derivation and validation is based on the procedures for model-

16 Details for pricing and editions see (Microsoft, 2019b, 2019a).
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ling, training and validation described in chapter 4.1. With the purpose of develop-
ing a valid model, the factors influencing the probability of closure must first be
identified. The corresponding data must then be extracted from the source system
and transformed so that they are available in the V-ML framework. The corre-
sponding correlations are then stored and the method for prediction is defined. The
model is then trained and validated. Depending on the complexity of the depend-
encies, an effort of 1 — 5 days 8 hours each is assumed, which is to be valued at a
daily rate of €1.280. For employee training, 1 workday of 8 hours is assumed. To
determine the cost rate for employees, the ratio of costs and time of lead qualifica-
tion was formed on the basis of the data collected. This results in a cost rate per
hour, which in turn was converted to a daily rate based on an 8-hour day and mul-

tiplied by the number of sales staffs to arrive at the cost rate per training day.

As described at the beginning, corresponding calculations are carried out on
the basis of the three scenarios in order to do justice to the different framework
conditions of the companies. Within Table 32 below, the costs determined are pre-
sented and differentiated into one-off (marked bold within the table) and annual

costs (marked italic within the table) for all scenarios.
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Table 32: Cost overview: AlI-Implementation Lead management

Use-Case: Lead management

Minimum Average Maximum

Licence costs MS SQL-Server (€) 0 3.000%7 11.34018
Licence costs V-ML-Framework (€) 4.500 4.500 4.500
Number of days for implementation and 1 3 5
evaluation

Daily rate services (€) 1.280 1.280 1.280
Service costs Installation and validation (€)  1.280 3.840 6.400
Number of training days Staff 1 1 1
Service costs Staff training (€) 1.280 1.280 1.280
Number of sales staffs 2,00 6,29 14,00
Cost rate sales staff per hour (€)1 33,33 138,89 300,00
Personnel costs Staff per training day (€)2 2.400 7.022 14.400
Total personnel costs Staff training (€) 2.400 7.022 14.400
Total one-off costs (€) 9.460 19.642 37.920
Maintenance costs V-ML-Framework per Year (€) 990 990 990
Total annual costs (€) 99 90 90

[source: own representation]

17 Price for standard edition with two cores, see (Microsoft, 2021)).

18 Price for Enterprise Edition with two cores, see (Microsoft, 2021).

19 The values were extrapolated based on the information provided by the ex-
perts on the number of employees, process duration and total costs.

20 The total costs of the individual companies are considered. These result from
the individual combinations of number of employees and personnel costs. The min-
imum, average and maximum values were formed from these aggregated values. It
is not permissible to multiply the respective minimum, average and maximum val-
ues from the upper rows, otherwise one would, for example, aggrieve the number of
employees of the smallest company with the cost rates of the company with the low-

est personnel costs, which, however, does not correspond to the real combinations.



196 DANIEL HUSSON

In order to validate the calculated data for the personnel costs in sales, a
search was made in the literature for similar use cases. It turns out that the cost rate
for a sales employee is given as €70 per hour (Uebel & Helmke, 2017). The values
determined on the basis of the expert survey for the different scenarios are €33,33
in the minimum scenario, €138,89 in the average scenario and €300 per hour in the
maximum scenario. It can thereby, be assumed that the cost structures in the sur-
veyed companies are relatively high, when the average value is already almost
twice as high as in the literature. Nevertheless, the calculated values are used to
evaluate whether an economically viable implementation is possible even in con-
stellations with high personnel costs. The different scenarios increase the objectiv-

ity of the calculation, as the minimum costs are also used.

In the second step, the current process costs for lead management are calcu-
lated on the basis of the survey data. Table 33 provides a detailed overview of im-

plementation current process costs for lead management on a monthly basis.

Table 33: Details process costs Lead management

Use-Case: Lead management

Minimum Average  Maximum
Number of leads per month 1,00 30,14 150,00
Expenditure for lead manage- 15,00 47,50 150,00
ment per month (Minutes)
Total Expenditure for lead man- 15 1.615,00 6.750,00
agement per month (Minutes)
Cost per lead (€) 25,00 166,67 750,00
Total cost per month (€)2 25,00 2.629,17 9.000,00

[source: own representation]

21 It should be noted that this value is calculated on the basis of the individual
total process costs of the companies, which were determined in the expert survey.
For this purpose, the respective number of leads is multiplied by the costs per lead
of the respective company. It is not permissible to make cross-company aggrega-
tions here, as otherwise, for example, the values of the company with the most leads

would be multiplied by the values of the company with the highest lead costs.
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It is clear that there are large differences in the number of leads, and also in
the respective duration of lead qualification, which suggests that very different cus-
tomer structures prevail in the companies surveyed and that the qualification of
suitable prospects is an individual process. Finally, the costs and benefits are com-
pared on the basis of the three scenarios, which are compared accordingly. The
benefits in terms of savings potential are prepared based on the data collected by
the survey. Within the scope of the survey, the experts were asked to indicate how
many leads are generated per month, how much time is required for the respective
processing and what costs are incurred. Afterwards, the experts were asked to eval-
uate the effects on the process based on the known use case and to indicate in per-
centages how an implementation would affect the quality of the process and the
speed and, finally, what savings would be generated. The benefits shown here are

therefore due to the faster throughput time and the increase in quality.

For this purpose, a general overview is first drawn up, in which the costs in

the first year and the follow-up costs per year are shown.

Table 34: Overview Costs and benefits per year: AlI-Implementation Lead management

Use-Case: Lead management

Minimum  Average  Maximum

Total one-off implementation costs (€) 9.460,00 19.642,22  37.920,00
Total annual maintenance costs (€) 990,00 990,00 990,00
Total cost 1. Year (€) 10.450,00 20.632,22  38.910,00
Quality improvement potential (%) 0,00 32,86 50,00
Process speed increase potential (%) 0,00 34,29 60,00
Cost saving potential (%) 0,00 32,14 50,00
Total process costs per year (€)22 300,00 31.550,00  108.000,00
Benefits per Year (€) 0,00 10.141,07  54.000,00

[source: own representation]

22 Based on Total cost per month (€) see Table 33.
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It is striking that the process costs in the minimal scenario are very low, €300
per year suggest that in some companies, only very little lead management is nec-
essary to obtain orders or the processes are already automated to such an extent
that very low costs are incurred. This is consistent to the extent that there are also
assessments that neither the process costs can be reduced, nor the quality or the
process throughput time can be increased. On average, however, the experts see a
potential for optimisation of more than 30% in all three areas. At the maximum,
even a potential of 50% for cost reduction and quality improvement is possible, and

60% can be achieved in the lead time.

The values determined are compared in a matrix representation so that an
overview of the various scenarios and their monetary impact can be read off di-
rectly. Table 35 shows the costs and benefits in the first year, with the costs being

correspondingly high, as the one-off acquisition costs have to be taken into account.

Table 35: CBA Lead management first year

Minimum Benefit = Average Benefit Maximum Benefit
(€) (€) (€)
Minimum Costs (€)  -10.450,00 -308,93 43.550,00
Average Costs (€) -20.632,22 -10.491,15 33.367,78
Maximum Costs (€)  -38.910,00 -28.768,93 15.090,00

[source: own representation]

Table 36 shows the costs and benefits in the following years. Since, only the
costly maintenance costs are incurred in the subsequent years, the costs in the dif-

ferent cost scenarios do not differ.

Table 36: CBA Lead Management following years

Minimum Benefit = Average Benefit Maximum Benefit
(€) (€) (€)
Minimum Costs (€) -990,00 9.151,07 53.010,00
Average Costs (€) -990,00 9.151,07 53.010,00
Maximum Costs (€) -990,00 9.151,07 53.010,00

[source: own representation]
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On the basis of the calculations of the first year and the following years, a
consideration is now made for the total period of 10 years. The maintenance of the
system ensures that the function is regularly expanded and adapted to new tech-
nologies. Based on past experience, it is necessary to redesign the application every
5 —10 years in order to adapt it to the requirements of new technologies and pro-
cesses. However, this does not usually result in any new licence costs for the end
customer. It is not possible to reliably predict in advance whether training costs
will be incurred; the process is already partially automated; with full automation

and training costs no longer necessary.

In the first year, the highest costs are incurred due to the purchase of the li-
cences, the implementation costs and the calculation of the first maintenance; in the
following years, only the annual maintenance costs of €990 are incurred. This is
offset by the benefit and the balance is accumulated per year, so that ideally the
initial cost block is eroded over time by the difference between annual maintenance
and the annual benefit. For the sake of clarity and comparability, all other use cases
are treated in the same way. Table 37 shows the comparison of all scenarios over a
10-year period, the ones highlighted in green are the headers of the scenario with
positive benefit and the columns with first year of positive benefit (year of break-
even) are also highlighted in green. Headers marked with red are indicating sce-

narios with no positive outcome.
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Table 37: 10 Annual review CBA Lead management
Minimum Costs + Average Costs + Maximum Costs +
Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -10.450 -20.632 -38.910
2 -11.440 -21.622 -39.900
3 -12.430 -22.612 -40.890
4 -13.420 -23.602 -41.880
5 -14.410 -24.592 -42.870
6 -15.400 -25.582 -43.860
7 -16.390 -26.572 -44.850
8 -17.380 -27.562 -45.840
9 -18.370 -28.552 -46.830
10 -19.360 -29.542 -47.820
Minimum Costs + Average Costs + Maximum Costs +
Year Average Benefit Average Benefit Average Benefit
1 -309 -10.491 -28.769
2 8.842 -1.340 -19.618
3 17.993 7.811 -10.467
4 27.144 16.962 -1.316
5 36.295 26.113 7.835
6 45.446 35.264 16.986
7 54.598 44.415 26.138
8 63.749 53.566 35.289
9 72.900 62.717 44.440
10 82.051 71.868 53.591




ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND MEDIUM-

SIZED ENTERPRISES IN THE SERVICE INDUSTRY 201
Minimum Costs + Average Costs + Maximum Costs +
Year Maximum Benefit Maximum Benefit Maximum Benefit
1 43.550 33.368 15.090
2 96.560 86.378 68.100
3 149.570 139.388 121.110
4 202.580 192.398 174.120
5 255.590 245.408 227.130
6 308.600 298.418 280.140
7 361.610 351.428 333.150
8 414.620 404.438 386.160
9 467.630 457.448 439.170
10 520.640 510.458 492.180

[source: own representation]

It is visible that the worst-case scenario with minimum benefit pays off nei-
ther in the first nor in the following years, as the cost saving potential and the ben-
efit corresponds to €0. When looking at the average scenario, a differentiated con-
sideration must be made; with minimum costs, the investment that already pays
off in the second year, with average costs in the third year and with maximum costs
in the second year. Furthermore, this calculation also shows that a preliminary
analysis is necessary to obtain an estimate of the current savings potential. When
considering the best case with maximum benefits, the investment is already amor-
tised in the first year. This shows that in most cases the costs are amortised, and
that it is necessary to investigate the respective scenario in advance of the invest-
ment with the purpose of making a sustainable decision for the implementation of
the use case. It should also be noted that due to the low process costs of €300 per
year in the minimum benefit scenario, it is estimated to be rather unlikely. The com-
binations of Average Cost — Average Benefit (payback in the third year), Maximum
Cost — Average Benefit (payback in the 5th year) and Maximum Cost — Maximum
Benefit (payback in the first year) are considered realistic scenarios. In all scenarios,
except minimum benefit, there is also sufficient buffer in case of unexpected higher
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costs for the implementation or additional training or configurations are necessary

during use.

Next, the forecasting use case is considered. First, the basic requirements for
the implementation are considered, and then the cost estimation is based on this.
Based on the experts' estimates, the benefit is calculated again, in order to finally
make an objective assessment of the economic viability based on the scenarios al-
ready mentioned. The same prerequisites apply to the implementation of the fore-
casting use case as for lead management, so the acquisition costs of the SQL server
and the V-ML framework are calculated in again. It is also necessary to parameter-
ise the V-ML framework to identify the individual factors influencing the probabil-
ity of completion and to determine the data basis. Finally, the model is trained and
verified. This cost estimate again builds on the experience gained during the im-
plementation of the artifact. Depending on the complexity of the dependencies on
the probability and the corresponding data basis, approximately 1 -5 working days
of 8 hours each are required, which are calculated with a cost rate of €1.280. For this
process, too, employee training must be carried out; an expected training require-
ment of 1 working day per employee can be derived from comparable process
changes. This results in the same cost structure as in the lead management use case;
Table 38 provides a corresponding overview, the costs determined are presented
and differentiated into one-off (marked bold within the Table 38) and annual costs

(marked italic within the Table 38) for all scenarios..

Table 38: Cost overview: AI-Implementation forecasting

Use-Case: Forecasting

Minimum  Average  Maximum

Licence costs MS SQL-Server (€) 0 3.000 11.340
Licence costs V-ML-Framework (€) 4.500 4.500 4.500
Number of days for implementation and 1 3 5
evaluation

Daily rate services (€) 1.280 1.280 1.280
Service costs Installation and validation (€)  1.280 3.840 6.400

Number of training days Staff 1 1 1
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Service costs Staff training (€) 1.280 1.280 1.280
Number of sales staff 2,00 6,29 14,00
Cost rate sales staff per hour (€)% 33,33 138,89 300,00
Personnel costs Staff per training day (€)* 2.400 7.022 14.400
Total personnel costs Staff training (€) 2.400 7.022 14.400
Total one-off costs (€) 9.460 19.642 37.920
Maintenance costs V-ML-Framework per Year (€) 990 990 990
Total annual costs (€) 990 990 990

[source: own representation]

The costs for the sales staff were taken over on the basis of the lead manage-
ment calculation in order to obtain a constant basis for the calculation, as this task
is also performed by the sales staff. Based on the survey, the process costs for fore-
casting are assessed on the basis of the experts' assessment, which is summarised
in Table 39.

2 The values were extrapolated based on the information provided by the ex-
perts on the number of employees, process duration and total costs.

2+ The total costs of the individual companies are considered. These result from
the individual combinations of number of employees and personnel costs. The min-
imum, average and maximum values were formed from these aggregated values.
It is not permissible to multiply the respective minimum, average and maximum
values from the upper rows, as otherwise one would, for example, aggrieve the
number of employees of the smallest company with the cost rates of the company
with the lowest personnel costs, which, however, does not correspond to the real

combinations.
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Table 39: Details process costs forecasting

Use-Case: Forecasting

Minimum Average Maximum

Number of forecast meetings per month 1,00 9,00 50,00
Expenditure for forecasting per month 45,00 600,00 1.200,00
(Minutes)

Total cost per month (€)% 75,00 1.325,00 2.800,00

[source: own representation]

Here again, the diversity of the companies surveyed is evident. Both the num-
ber of forecast meetings and the total effort for forecasting varies greatly. It can
therefore also be assumed here that there are very different customer structures
and also different processes for forecasting, so that the use case also has corre-

spondingly individual effects.

In the next step, the calculated costs and benefits are compared on an annual
basis, as summarised in Table 40. In addition, the cost saving potentials determined

by the experts are also output by the use case.

% It should be noted that this value is calculated on the basis of the individual
total process costs of the companies determined in the expert survey. For this pur-
pose, the respective number of employees in the sales area is multiplied by the costs
for forecasting incurred per month and employee of the respective company.
Cross-company aggregations are not permitted here, as otherwise, for example, the
values of the company with the highest costs for forecasting per employee would
be multiplied by the values of the company with the most employees in the area of

sales.
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Table 40: Overview Costs and benefits per year: AlI-Implementation forecasting

Use-Case: Forecasting

Minimum Average Maximum

Total one-off costs (€) 9.460,00 19.642,22  37.920,00
Total annual costs (€) 990,00 990,00 990,00
Total cost 1. Year (€) 9.170,00 20.573,78  38.910,00
Quality improvement potential (%) 0,00 42,14 100,00
Process speed increase potential (%) 0,00 35,00 60,00
Cost saving potential (%) 0,00 27,86 60,00
Process costs per year (€)% 900,00 15.900,00  33.600,00
Benefits per Year (€) 0,00 4.429,74 20.160,00

[source: own representation]

Here also, it is noticeable that the process costs for forecasting are very low
in the minimum case. €900 per year suggests that very little effort is spent on fore-
casting or that the processes have been optimised to such an extent that data
maintenance is almost completely automated. This is consistent with the data col-
lected, as there are experts who see no optimisation potential in this area through
the use case. On average, however, the experts see a cost-saving potential of almost
28%, with a maximum of 60%. The quality can be considered by more than 40% on
average, even quality increases of 100% are considered possible, which in turn sug-
gests a very poor current data quality in the context of forecasting. The process
speed can be increased by 35% on average, the maximum value is given as 60%.

The CBA for the first and subsequent years is calculated on the basis of the
values determined; here, a comparison of the scenarios is made using the matrix.
Table 41 and Table 42 provide a corresponding overview of the development of

costs and benefits.

26 Based on Total cost per month (€) see Table 39.
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Table 41: CBA Forecasting first year

Minimum Benefit  Average Benefit Maximum Benefit

© © ©
Minimum Costs (€) -9.170,00 -4.740,26 10.990,00
Average Costs (€) -20.573,78 -16.144,04 -413,78
Maximum Costs (€) -38.910,00 -34.480,26 -18.750,00

[source: own representation]

Table 42: CBA Forecasting following years

Minimum Benefit = Average Benefit Maximum Benefit

€ © ©
Minimum Costs (€) -990,00 3.439,74 19.170,00
Average Costs (€) -990,00 3.439,74 19.170,00
Maximum Costs (€) -990,00 3.439,74 19.170,00

[source: own representation]

An overall assessment is made based on the calculations of the first and sub-
sequent years. In this scenario, it must be considered that adjustments may have to
be made to the V-ML framework during maintenance. However, the effects on fu-
ture training needs cannot be reliably estimated. Table 43 gives an overall view of
the different scenarios over the expected utilisation period of 10 years. In green
highlight, are the headers of the scenario with positive benefit, additionally the col-
umns with first year of positive benefit are highlighted as well in green. Headers

marked with red are indicating scenarios with no positive outcome.
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Table 43: 10 annual review CBA forecasting
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Minimum Costs +

Average Costs +

Maximum Costs +

Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -9.170 -20.574 -38.910
2 -10.160 -21.564 -39.900
3 -11.150 -22.554 -40.890
4 -12.140 -23.544 -41.880
5 -13.130 -24.534 -42.870
6 -14.120 -25.524 -43.860
7 -15.110 -26.514 -44.850
8 -16.100 -27.504 -45.840
9 -17.090 -28.494 -46.830

10 -18.080 -29.484 -47.820
Minimum Costs + Average Costs + Maximum Costs +

Year Average Benefit Average Benefit Average Benefit
1 -4.740 -16.144 -34.480
2 -1.301 -12.704 -31.041
3 2.139 -9.265 -27.601
4 5.579 -5.825 -24.161
5 9.019 -2.385 -20.721
6 12.458 1.055 -17.282
7 15.898 4.494 -13.842
8 19.338 7.934 -10.402
9 22.778 11.374 -6.962

10 26.217 14.814 -3.523
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Year Minimum Costs + Average Costs + Maximum Costs +
Maximum Benefit Maximum Benefit Maximum Benefit
1 10.990 -414 -18.750
2 30.160 18.756 420
3 49.330 37.926 19.590
4 68.500 57.096 38.760
5 87.670 76.266 57.930
6 106.840 95.436 77.100
7 126.010 114.606 96.270
8 145.180 133.776 115.440
9 164.350 152.946 134.610
10 183.520 172.116 153.780

[source: own representation]

On this stage, it becomes clear that in the worst-case scenario with minimum
benefit, the investment will never pay off. It should also be mentioned that due to
the low process costs in the forecast of €900 per year in the minimum benefit sce-
nario, these scenarios are assessed as unlikely. The combinations of Medium Cost —
Medium Benefit (payback in the 6th year), Maximum Cost — Medium Benefit (no
payback within 10 years) and Maximum Cost — Maximum Benefit (payback in the
2nd year) are considered realistic scenarios. As this also includes a scenario in
which an investment does not pay off after 10 years, an analysis before implemen-
tation is strongly recommended. For this purpose, the internal cost structures
should be examined in detail and the influencing factors developed in chapter 4.3
should be taken into account in order to assess the economic viability.

In order to finally consider the area of sales & marketing, the last use case,
information input and retrieval, is prepared on the basis of the collected data. As a
technical prerequisite for using the IPA to query and record information, the SQL
server is again required, as this is used as the central data source. In addition, the
V-IP-A module is required. Currently, this module is only available as an add-on

for the ERP system Vemas.NET, so only implementation and price information can
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be provided in this application context. This module is also priced at €4.500 and
calculated with annual costs of €990 based on the standard maintenance rate of
22%. For the implementation or activation of this module, only a licence has to be
activated and no further configurations are necessary unless customising is de-
sired. Based on the previous use case considerations, 1-5 working days of 8 hours
each are estimated for set-up and customising. Although the operation of the IPA
is intuitive, training should be provided in order to train the users specifically in its
use. As in the previous use cases, a training period of 1 working day is assumed.
Table 44 gives an overview of the implementation costs of the V-IP-A module, as
well as the resulting annual maintenance costs. The costs determined are presented
and differentiated into one-off (marked bold within the Table 44) and annual costs

(marked italic within the Table 44) for all scenarios.
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Table 44: Cost overview: Al-Implementation information input and retrieval

Use-Case: Information input and retrieval

Minimum Average Maximum

Licence costs MS SQL-Server (€) 0 3.000 11.340
Licence costs V-IP-A-Framework (€) 4.500 4.500 4.500
Number of days for implementation and 1 3 5
evaluation

Daily rate services (€) 1.280 1.280 1.280
Service costs Installation and validation (€)  1.280 3.840 6.400
Number of training days Staff 1 1 1
Service costs Staff training (€) 1.280 1.280 1.280
Number of sales staffs 2,00 6,29 14,00
Cost rate sales staff per hour (€)% 33,33 138,89 300,00
Personnel costs Staff per training day (€)2 2.400 7.022 14.400
Total personnel costs Staff training (€) 2.400 7.022 14.400
Total one-off costs (€) 8.180 18.362 36.640
Maintenance costs V-IP-A-Framework 990 990 990
per Year (€)

Total annual costs (€) 990 990 990

[source: own representation]

7 The values were extrapolated based on the information provided by the ex-
perts on the number of employees, process duration and total costs.

28 The total costs of the individual companies are considered. These result from
the individual combinations of number of employees and personnel costs. The min-
imum, average and maximum values were formed from these aggregated values.
It is not permissible to multiply the respective minimum, average and maximum
values from the upper rows, as otherwise one would, for example, aggrieve the
number of employees of the smallest company with the cost rates of the company
with the lowest personnel costs, which, however, does not correspond to the real

combinations.
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Also at this stage, the value of personnel costs determined in lead manage-
ment is used to ensure comparability of the results in sales & marketing. Based on
the survey, the process costs for Information input and retrieval are assessed on the

basis of the experts' assessment, summarised in Table 45.

Table 45: Details process costs information input and retrieval

Use-Case: Information input and retrieval

Minimum  Average  Maximum

Number of sales staff 2,00 6,29 14,00
Expenditure per month and employee 15,00 317,5 720,00
(Minutes)

Total Expenditure for Information input and 210,00 2.065 5.760,00

retrieval per Month (Minutes)

Cost Information input and retrieval per 25 570,83 1.500
month and employee (€)

Total cost per month (€)% 75,00 3.695,83 12.000

[source: own representation]

It is again clear that there are great differences in the structure of the compa-
nies and that the time required for entering and retrieving information also varies
greatly. Table 46 provides a comparison of costs and benefits based on the assess-

ments of the experts.

» It should also be noted that this value is calculated on the basis of the individ-
ual total process costs of the companies, which were determined in the expert sur-
vey. For this purpose, the number of employees in the sales area was aggregated
with the respective costs per employee for information retrieval and information
input within the companies and the minimum, average and maximum were deter-
mined on this basis. A cross-company aggregation is not permissible here, as oth-
erwise, for example, the values of the company with the most employees would be
multiplied by the highest costs for information input and retrieval.
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Table 46: Overview Costs and benefits per year: AI-Implementation Information input

and retrieval

Use-Case: Information input and retrieval

Minimum Average Maximum

Total one-off costs (€) 8.180,00 18.362,22  36.640,00
Total annual costs (€) 990,00 990,00 990,00
Total cost 1. Year (€) 9.170,00 20.573,78  38.910,00
Quality improvement potential (%) 0,00 31,43 70,00
Process speed increase potential (%) 0,00 40,00 90,00
Cost saving potential (%) 0,00 37,86 80,00
Process costs per year (€)3° 900,00 44.350,00 144.000,00
Benefits per Year (€) 0,00 16.789,64  115.200,00

[source: own representation]

At €900 per year, the legal costs in the minimum scenario stand out again.
This can only be explained if the need for information within the company is very
low or if the processes are automated to such an extent that hardly any effort is
required for input and retrieval. Since there are experts who do not see any poten-
tial for optimisation through the use case, it can be assumed that very efficient pro-
cesses have already been implemented in these companies that make this low effort
possible. On average, however, the experts see a cost savings potential of almost
38% for information retrieval and recording, with a maximum value of 80% con-
sidered possible. This suggests complex structures in the data organisation, which
make information requests complicated and time-consuming and data entry cum-
bersome. According to the experts, quality can be increased by more than 31% on
average, and by as much as 70% at the maximum. Process speed can even be in-
creased by 40% on average and by 90% at the maximum. This shows great potential

for optimisation.

Within the matrix, there is again a condensed comparison of the different sce-
narios. Table 47 shows the comparison of the scenarios in the first year and
Table 48 for the following years.

% Based on Total cost per month (€) see Table 45.
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Minimum Benefit = Average Benefit

© €

Maximum Benefit

€

Minimum Costs (€) -9.170,00 7.619,64
Average Costs (€) -20.573,78 -3.784,14
Maximum Costs (€) -38.910,00 -22.120,36

106.030,00
94.626,22
76.290,00

[source: own representation]

Table 48: CBA Information input and retrieval following years

Minimum Benefit = Average Benefit

© €

Maximum Benefit

€

Minimum Costs (€) -990,00 15.799,64
Average Costs (€) -990,00 15.799,64
Maximum Costs (€) -990,00 15.799,64

114.210,00
114.210,00
114.210,00

[source: own representation]

As part of the maintenance, the function of the IPA is constantly being devel-

oped further, so that it is ensured that this function can continue to be used even

after changes in technology. Based on empirical values with other modules in the

ERP context, this value can be considered realistic. This is particularly relevant for

this use case, as this function is used on smartphones. Table 49 gives an overview

of the amortisation over a period of 10 years. Green highlighted are the headers of

the scenario with positive benefit. Additionally the columns with first year of pos-

itive benefit are highlighted as well in green. Headers marked with red are indicat-

ing scenarios with no positive outcome.



214 DANIEL HUSSON
Table 49: 10 annual review CBA Information input and retrieval
Minimum Costs + Average Costs + Maximum Costs +
Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -9.170 -20.574 -38.910
2 -10.160 -21.564 -39.900
3 -11.150 -22.554 -40.890
4 -12.140 -23.544 -41.880
5 -13.130 -24.534 -42.870
6 -14.120 -25.524 -43.860
7 -15.110 -26.514 -44.850
8 -16.100 -27.504 -45.840
9 -17.090 -28.494 -46.830
10 -18.080 -29.484 -47.820
Minimum Costs + Average Costs + Maximum Costs +
Year Average Benefit Average Benefit Average Benefit
1 7.620 -3.784 -22.120
2 23.419 12.016 -6.321
3 39.219 27.815 9.479
4 55.019 43.615 25.279
5 70.818 59.414 41.078
6 86.618 75.214 56.878
7 102.418 91.014 72.678
8 118.217 106.813 88.477
9 134.017 122.613 104.277
10 149.816 138.413 120.076
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Minimum Costs + Average Costs + Maximum Costs +
Year Maximum Benefit Maximum Benefit Maximum Benefit
1 106.030 94.626 76.290
2 220.240 208.836 190.500
3 334.450 323.046 304.710
4 448.660 437.256 418.920
5 562.870 551.466 533.130
6 677.080 665.676 647.340
7 791.290 779.886 761.550
8 905.500 894.096 875.760
9 1.019.710 1.008.306 989.970
10 1.133.920 1.122.516 1.104.180

[source: own representation]

This use case also shows that due to the lack of cost-saving potential in the
worst-case scenario, there is no payback with minimal benefit. All other scenarios
can recoup the implementation costs from the second year at the latest. It should
also be noted here that due to the low process costs in the area of information pro-
curement and input of €900 per year in the minimum benefit scenarios, these are to
be classified as rather unlikely. The combinations Average Cost — Average Benefit
(payback in the second year), Maximum Cost — Maximum Benefit (payback in the
third year) and Maximum Cost — Maximum Benefit (payback in the first year)
therefore remain as realistic scenarios. It is apparent that a relatively quick payback
can be achieved and that there is sufficient buffer for unexpected additional costs.

For the final overall assessment, all CBAs of the use cases are combined, thus
exploiting economies of scale (Frank, Schumacher, & Tamm, 2019), as the licences
for the SQL server only have to be purchased once, and the licences for the V-ML
framework also only have to be licensed once and the maintenance paid for only

once per year. Process costs are added to this, implementation costs are adjusted
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for economies of scale so that licence costs are only considered once. Table 50 pro-
vides an overview of the licences and maintenance costs incurred as part of the

overall consideration of Sales & Marketing.

Table 50: Total costs licences and maintenance Sales & Marketing

Total one-off costs Licence Minimum Average Maximum
Licence costs MS SQL-Server (€) 0 3.000 11.340
Licence costs V-ML-Framework (€) 4.500 4.500 4.500
Licence costs V-IP-A-Framework (€) 4.500 4.500 4.500

2.000  12.000 20.340
Total Maintenance Minimum Average Maximum
Maintenance costs V-IP-A-Framework per Year (€) 990 990 990
Maintenance costs V-ML-Framework per Year (€) 990 990 990

1.980 1.980 1.980

[source: own representation]

The percentage values for cost savings, quality improvement and process
speed increases are calculated as a mean value. However, the benefit results from
the aggregate of the benefits from the use cases. It is assumed that there are no
overlapping effects that impact the overall integration, although it is likely that
costs for training and configurations would be lower in an overall implementation
than in a stand-alone approach. Table 51 provides a summary of all three use cases

in Sales & Marketing.
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Table 51: Details costs and benefits: AI-Implementation Sales & Marketing

Minimum Average Maximum

Total one-off costs (€) 22.600,00 47.146,67 85.300,00
Total annual costs (€) 1.980,00 1.980,00 1.980,00
Total cost 1. Year (€) 24.580,00 49.126,67 87.280,00
Quality improvement potential (%) — 0,00 35,48 73,33
Mean value

Process speed increase potential (%) — 0,00 36,43 70,00
Mean value

Cost saving potential (%) — Mean value 0,00 32,62 63,33
Process costs per year (€) 2.100,00 91.800,00 285.600,00
Benefits per Year (€) - Sum from 0,00 31.360,45 189.360,00

Use-Cases3!

[source: own representation]

Based on the values determined in this way, Table 52 and Table 53 again com-
pare the different scenarios in order to show the cost development in the first and

subsequent years.

Table 52: CBA Sales & Marketing first year

Minimum Benefit  Average Benefit =~ Maximum Benefit

Minimum Costs -24.580,00 6.780,45 164.780,00
Average Costs -49.126,67 -17.766,21 140.233,33
Maximum Costs -87.280,00 -55.919,55 102.080,00

[source: own representation]

31 It must be taken into account here that the benefit must be determined on the
basis of the aggregation from the use cases. It is not permissible to use the mean
value of the cost savings potential from the respective scenarios and multiply it by

the respective process costs, as this creates distortions.
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Table 53: CBA Sales & Marketing following years

Minimum Benefit Average Benefit Maximum Benefit
Minimum Costs -1.980,00 29.380,45 187.380,00
Average Costs -1.980,00 29.380,45 187.380,00
Maximum Costs -1.980,00 29.380,45 187.380,00

[source: own representation]

Finally, the overall assessment is carried out over a period of 10 years. As
already explained for the individual use cases, this period of use is assumed, as
constant further development is ensured through maintenance. This assumption
also applies to the overall summary. Within Table 54, the individual scenarios are
compared on the basis of the previously calculated values in order to obtain an
overall view over time. Again, highlighted in green are the headers of the scenario
with positive benefit, additionally the columns with first year of positive benefit
are highlighted as well in green. Headers marked with red are indicating scenarios

with no positive outcome.

Table 54: 10 annual review CBA Sales & Marketing

Minimum Costs + Average Costs + Maximum Costs +

Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -24.580 -49.127 -87.280
2 -26.560 -51.107 -89.260
3 -28.540 -53.087 -91.240
4 -30.520 -55.067 -93.220
5 -32.500 -57.047 -95.200
6 -34.480 -59.027 -97.180
7 -36.460 -61.007 -99.160
8 -38.440 -62.987 -101.140
9 -40.420 -64.967 -103.120
10 -42.400 -66.947 -105.100
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36.161

3 65.541 40.995

4 94.922 70.375 348.221

5 124.302 99.756 535.601

6 153.683 129.136 722.981

7 183.063 158.517 910.361

8 212.444 187.897 1.097.741

9 241.824 217.277 1.285.121
10 271.205 246.658 1.472.501

Year
2 352.160 327.613 289.460
3 539.540 514.993 476.840
4 726.920 702.373 664.220
5 914.300 889.753 851.600
6 1.101.680 1.077.133 1.038.980
7 1.289.060 1.264.513 1.226.360
8 1.476.440 1.451.893 1.413.740
9 1.663.820 1.639.273 1.601.120
10 1.851.200 1.826.653 1.788.500

[source: own representation]
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The overall analysis again shows that there is no payback within the mini-
mum benefit scenarios. In all other scenarios, however, amortisation takes place in
the second year of use at the latest. For the overall analysis in the area of sales &
marketing, it is also true that due to the low total process costs of €2.100 per year, a
rather unlikely scenario can be assumed; such low costs in the area of sales for fore-
casting, lead management and information input and retrieval are only possible if
almost no sales measures are taken for planning and controlling sales potential. The
combinations of medium cost — medium benefit (payback in the second year), max-
imum cost — medium benefit (payback in the third year) and maximum cost — max-
imum benefit (payback in the first year) are therefore seen as more likely scenarios.
Looking at the level of expected cost savings of the respective scenarios, it becomes
clear that an implementation of the AI processes makes economic sense and that
large buffers are available, should the expected implementation costs increase, or
the cost savings turn out to be lower. This makes it clear that before an implemen-
tation decision is made, it must be checked whether there is still potential for sav-
ings in the processes. To check this, an assessment should be made using the influ-
encing factors identified in chapter 4.3.

4.4.3.2. Cost- and benefit analysis for project management

The next step is to look at the use cases from the area of project management.
Here, the two use cases project planning and project implementation were merged.
As part of the survey among the experts, framework parameters such as the num-
ber of employees in the area of project management and the number of ongoing
projects per month were first queried in order to get a picture of the project land-
scape of the individual companies. In addition, the time required and the corre-
sponding costs for planning and controlling the projects were queried. Finally, an
assessment of the savings potential was requested, which is made up of the increase
in process throughput time, quality improvement and the shifting of manual effort
to process automation. The current state of the V-ML framework can already sup-
port the planning process. This could be shown by implementing the prediction for
the expected support volume. The evaluation of communication entries is also pos-
sible with regard to the chronological order via the framework. The analysis of texts
cannot yet be mapped in the current version of the V-ML framework, nor can text

suggestions currently be generated via the framework. However, the extraction of
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keywords and the summarisation of texts has already been extensively researched
and there are procedural models to obtain valid results (Thomas, Bharti, & Babu,
2016). These procedures not only work reliably for the English language, but can
also handle other languages, so there is no doubt that a corresponding implemen-
tation can be made for the German language (Naidu, Bharti, Babu, & Mohapatra,
2018). Initial implementations of frameworks for text processing which perform
text analyses based on Python and TensorFlow have already been carried out
(Erhardt et al., 2020). However, great extensions and evaluations are still necessary
for a market-ready solution. In order to be able to make a realistic cost estimate for
the CBA, it is assumed that the text component of the V-ML framework requires an
additional licence; like the basic version of the V-ML framework, this is priced at
€4.500 for one-off licence costs and is also calculated with a maintenance rate of
22% per year. As with the previous use cases, the SQL server is required as a basic
prerequisite, so the licence costs are taken into account in the same way as in the

previous approach.

Reliable empirical values for the configuration of the V-ML framework are
only available for the aspect of the prediction of numerical values. Here, a config-
uration and evaluation effort of approx. 3 — 8 days and each 8 hours is assumed.
Based on the first implementation approaches of the text analysis, it is assumed that
at least 5 — 10 days 8 hours each are required for parameterisation and validation.
A daily rate of €1.280 is also expected here. The total implementation effort is there-
fore, between 8 and 18 days.

In addition, it is assumed that training for the employees must be carried out,
since much is automated in the background, a training effort of 1 day can be as-
sumed, which costs €1.280 for the training, plus the internal costs for the project
employees. These are calculated on the basis of the costs determined from the sur-
vey. It should be noted that the minimum and maximum values cannot be calcu-
lated by multiplying the number of employees and the respective cost rates for each
scenario, rather they were carried out on the basis of the actual cost ratios of the
companies and thus the minimum value, average and maximum value from the
multiplication of the individual company values were used. Table 55 gives an over-
view of the implementation costs of the V-ML-Modules incl. SQL-Server Licences
and Services cost, internal costs, as well as the resulting annual maintenance costs.

The one-off costs are marked bold and the annual costs are marked italic.
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Table 55: Cost overview: Al-Implementation project management

Minimum  Average Maximum
Licence costs MS SQL-Server (€) 0 3.000 11.340
Licence costs V-ML-Framework (€) 4.500 4.500 4.500
Licence costs V-ML-Framework — 4.500 4.500 4.500
Text mining Add-On (€)
Number of days for implementation and 8 13 18
evaluation
Daily rate services (€) 1.280 1.280 1.280
Service costs Installation and validation (€)  10.240 16.640 23.040
Number of training days Staff 1 1 1
Service costs Staff training (€) 1.280 1.280 1.280
Number of project management staff 4,00 9,86 30,00
Cost rate sales staff per hour (€)3 46,88 187,33 400,00
Personnel costs Staff per training day (€)% 1.500 13.988 60.000
Total personnel costs Staff training (€) 1.500 13.988 60.000
Total one-off costs (€) 22.020 43.908 104.660

32 The values were extrapolated based on the information provided by the ex-

perts on the number of employees, process duration and total costs.

3 The total costs of the individual companies are considered. These result from

the individual combinations of number of employees and personnel costs. The min-

imum, average and maximum values were formed from these aggregated values.

It is not permissible to multiply the respective minimum, average and maximum

values from the upper rows, as otherwise one would, for example, aggrieve the

number of employees of the smallest company with the cost rates of the company

with the lowest personnel costs, which, however, does not correspond to the real

combinations.



ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND MEDIUM-

SIZED ENTERPRISES IN THE SERVICE INDUSTRY 223
Maintenance costs V-ML-Framework per Year (€) 990 990 990
Maintenance costs V-ML-Framework — Text 990 990 990

mining Add-On per Year (€)

Total annual costs
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S
~
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S
~
©
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S

[source: own representation]

To validate the determined cost rates of the project managers, a correspond-
ing research was carried out; no books or journals with charging rates could be
found, therefore the salary costs based on a relevant known site were used as a
basis. There, a gross salary of €4.600 (Gehalt.de - Projektmanager, 2020) is given,
plus more than 19% employer's share of social security contributions, from which
an hourly rate of slightly more than €30 can be calculated on the basis of an average
monthly working time of 173,33 hours. With a range of more than €46, an average
of more than €187 and a maximum value of €400, the existing cost structures can
be considered very high. Nevertheless, we will continue to calculate with these val-
ues, which only make up a small part of the total costs that are relevant for the
benefit analysis.
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In order to determine the current process costs, a calculation was made based

on the relevant information from the expert survey; this is summarised in Table 56.

Table 56: Details process costs project management

Minimum  Average  Maximum

Number of project management staff 4,00 9,86 30,00
Number of ongoing projects per month 4,00 231,29 1.500,00
Total Expenditure for project management

per Month (Minutes) 225,00 8.557,50 28.800,00
Cost project management per month and

employee (€) 300,00 1.800,00 4.000,00
Total cost per month (€)3 1.500,00 22.607,14  12.000,00

[source: own representation]

Here, too, the diversity of the companies surveyed is evident. Although all
companies are active in the project business, the number of projects varies greatly

and so does the cost structure for project management.

Based on the expert assessment and the determined cost values for the im-
plementation, a detailed overview is presented in Table 57, from which the one-
time implementation costs, the follow-up costs for operation and the benefit are

derived.

3 It must again be taken into account that it is not permissible to determine the
value by multiplying the values “Number of project management staff” and “Cost
project management per month and employee (€)” shown here. The value was
formed on the basis of the individual cost structure of the companies and the min-
imum, the average and the maximum were calculated from this, only in this way

can a consistent cost evaluation of the process take place.
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Table 57: Details costs and benefits: AI-Implementation Project management

Minimum Average Maximum
Total one-off costs (€) 22.020,00 43.908,10 104.660,00
Total annual costs (€) 1.980,00 1.980,00 1.980,00
Total cost 1. Year (€) 24.000,00 45.888,10 106.640,00
Quality improvement potential (%) 0,00 31,43 50,00
Process speed increase potential (%) 0,00 31,43 50,00
Cost saving potential (%) 0,00 27,14 50,00
Process costs per year (€)% 18.000,00 271.285,71 1.440.000,00
Benefits per Year (€) 0,00 73.634,69 720.000,00

[source: own representation]

Similar to the analysis in the area of sales & marketing, the process costs in
the area of project management are also very low in the minimum scenario. At
€18.000, they correspond to only 6% of the average costs, which are more than
€270.000. The maximum value of €1,4 million is more than 5 times higher than the
average value. This shows the wide variance of process costs in the area of project
management. The low process cost value can in turn be determined by a low share
of projects in the total revenue or by extremely efficient processes in this area. Since
there are experts who do not see any optimisation potential here either, this value
can be classified as realistic. On average, the experts see a cost-saving potential of
more than 27%, at the maximum even 50%. Quality and process throughput time
can also be increased by more than 31% on average, and these two values can also
be increased by 50% at the maximum.

Next, the different scenarios are compared within the matrix, this is done for
the first year as well as for the following years, Table 58 and Table 59 give a corre-

sponding overview.

% Based on Total cost per month (€) see Table 56.
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Table 58: CBA Project management first year

DANIEL HUSSON

Minimum Benefit  Average Benefit

Maximum Benefit

Minimum Costs -24.000,00 49.634,69
Average Costs -45.888,10 27.746,60
Maximum Costs -106.640,00 -33.005,31

696.000,00
674.111,90
613.360,00

[source: own representation]

Table 59: CBA Project management following years

Minimum Benefit = Average Benefit

Maximum Benefit

Minimum Costs -1.980,00 71.654,69
Average Costs -1.980,00 71.654,69
Maximum Costs -1.980,00 71.654,69

718.020,00
718.020,00
718.020,00

[source: own representation]

For a final consideration, a 10-year calculation is again carried out. Mainte-

nance ensures that the V-ML framework incl. the text mining add-on can be further

developed and used over its entire useful life. Table 60 gives a corresponding over-

all view of the development of the values in the different scenarios over time. High-

lighted in green are the headers of the scenario with positive benefit, additionally

the columns with first year of positive benefit are highlighted as well in green.

Headers marked with red are indicating scenarios with no positive outcome.
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Table 60: 10 annual review CBA Project management

227

Minimum Costs + Average Costs + Maximum Costs +

Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -24.000 -45.888 -106.640
2 -25.980 -47.868 -108.620
3 -27.960 -49.848 -110.600
4 -29.940 -51.828 -112.580
5 -31.920 -53.808 -114.560
6 -33.900 -55.788 -116.540
7 -35.880 -57.768 -118.520
8 -37.860 -59.748 -120.500
9 -39.840 -61.728 -122.480
10 -41.820 -63.708 -124.460
Minimum Costs + Average Costs + Maximum Costs +

Year Average Benefit Average Benefit Average Benefit
1 49.635 27.747 -33.005
2 121.289 99.401 38.649
3 192.944 171.056 110.304
4 264.599 242.711 181.959
5 336.253 314.365 253.613
6 407.908 386.020 325.268
7 479.563 457.675 396.923
8 551.218 529.329 468.578
9 622.872 600.984 540.232
10 694.527 672.639 611.887




228 DANIEL HUSSON

Minimum Costs + Average Costs + Maximum Costs +

Year Maximum Benefit Maximum Benefit Maximum Benefit
1 696.000 674.112 613.360
2 1.414.020 1.392.132 1.331.380
3 2.132.040 2.110.152 2.049.400
4 2.850.060 2.828.172 2.767.420
5 3.568.080 3.546.192 3.485.440
6 4.286.100 4.264.212 4.203.460
7 5.004.120 4.982.232 4.921.480
8 5.722.140 5.700.252 5.639.500
9 6.440.160 6.418.272 6.357.520
10 7.158.180 7.136.292 7.075.540

[source: own representation]

Again, the minimum benefit scenario does not pay for itself. All other scenar-
ios pay off in the second year at the latest. Most even pay for themselves in the first
year. In the area of project management, the total process costs of €18.000 per year
in the Minimum Benefit scenarios are very low; these correspond to 6.6% of the
costs in the average scenario. These scenarios are therefore to be considered rather
unlikely.

The combinations Average Cost — Average Benefit (payback in the first year),
Maximum Cost — Average Benefit (payback in the second year) and Maximum
Cost — Maximum Benefit (payback in the first year) are considered more likely. Be-
fore making a decision on implementation, it is therefore necessary to consider each
case individually and to weigh up which scenario is realistic on the basis of the
influencing factors identified in the area of project management. The expected ben-
efit is high, so that there is sufficient buffer in case the implementation costs turn
out to be higher or the cost savings are lower.
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4.4.3.3. Cost- and benefit analysis for customer service

Next, the area of customer service is considered. The original five use cases
were combined, as the functions build on each other and it is about the overall in-
tegration of a process for efficient ticket processing, which offers the best possible
support through chat bot technology and smooth transitions to the classic pro-
cessing of tickets by humans. The expert survey identified the information neces-
sary for the CBA, such as the number of employees in customer service, the number
of tickets, the turnaround time and the resulting costs. As with the previous use
cases, the SQL server is again the basic technical prerequisite for implementation.
Analogous to the project management use case, a combination of the V-ML frame-
work and the text mining add-on is again required. For the chatbot interaction, the

IPA framework is also required, which can process both speech and text.

For implementation, configuration and evaluation, 15 days are estimated for
the minimum scenario, 30 days for the average scenario and 50 days for the maxi-
mum scenario. These values have been estimated based on the experience of im-
plementing the V-ML framework, the V-IP-A and the implementation approaches
of the text mining framework described in the previous chapter. As it was worked
out in the use cases, different stages have to be passed through for the automatisms.
In addition to functions such as key-word extraction, classifications and the FAQ
database for the chatbot, interactions with the user are also required. This usually
requires integration with an ERP system. The CBA approach assumes seamless in-
tegration with the ERP system Vemas.NextGen, for which interfaces are already
available in both the V-ML framework and the V-IP-A. The integration of the V-
ML framework and the V-IP-A is also possible. Due to the interaction, user training
is also necessary; here, a training effort of 3 days is assumed in order to enable the
support staff to manually override ticket classifications so that these values are also
used for future classifications as part of the training processes. Jumps from the chat-
bot to manual processing must also be demonstrated, as well as the creation and
maintenance of the FAQ database as the basis for the chatbot. Based on this assess-
ment, Table 61 gives a detailed overview of the cost items and differentiates them
into one-off (marked bold within the Table 61) and annual running costs (marked
italic within the Table 61).
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Table 61: Detailed cost overview implementation Al in Customer Service

Minimum Average Maximum
Licence costs MS SQL-Server (€) 0 3.000 11.340
Licence costs V-ML-Framework (€) 4.500 4.500 4.500
Licence costs V-ML-Framework — Text 4.500 4.500 4.500
mining Add-On (€)
Licence costs V-IP-A (€) 4.500 4.500 4.500
Daily rate services (€) 1.280 1.280 1.280
Number of days for implementation and 15 30 50
evaluation
Service costs Installation and validation 19.200 38.400 64.000
(€)
Number of training days Staff 3 3 3
Service costs Staff training (€) 3.840 3.840 3.840
Number of customer service staff 3,00 6,33 14,00
Cost rate customer service per hour (€)3 30,00 135,33 466,67
Total personnel costs Staff per training day 1.440,00 5.434,67 14.933,33
(€)¥
Personnel costs Staff training (€) 4.320 16.304 44.800
Total one-off costs (€) 40.860 75.044 137.480

% The values were extrapolated based on the information provided by the ex-
perts on the number of employees, process duration and total costs.

%7 The total costs of the individual companies are considered. These result from
the individual combinations of number of employees and personnel costs. The min-
imum, average and maximum values were formed from these aggregated values.
It is not permissible to multiply the respective minimum, average and maximum
values from the upper rows, as otherwise one would, for example, aggrieve the
number of employees of the smallest company with the cost rates of the company
with the lowest personnel costs, which, however, does not correspond to the real

combinations.
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Maintenance costs V-ML-Framework per Year 990 990 990
(€)

Maintenance costs V-ML-Framework — Text 990 990 990

mining Add-On per Year (€)
Maintenance costs V-IP-A (€) 990 990 990
Total annual costs 2.970 2.970 2.970

[source: own representation]

When looking at the extrapolated hourly rate for the employees in the area of
customer service, a wide fluctuation of the values can be seen, as in the previous
evaluations, with a minimum of €30 per hour, an average of €135,33 and a maxi-
mum of €466,67 per hour. A corresponding cross-check of the values in correspond-
ing portals shows that the salary range for support staff in Germany is between
€2.312 and €3.960 per month (Gehalt.de - Customer service, 2020). This corresponds
to a median value of €3.136 incl. employer social security contributions this corre-
sponds to an average hourly rate of approx. €21,50. It can therefore be assumed that
either very high personnel costs exist in the companies or experts have to be called
in to solve problems in some places. In order to ensure the integrity of the calcula-
tion, the calculated values are used. Since these values are only relevant for the
training costs, which make up a small part of the implementation costs, the overall

picture is distorted to a negligible extent even if the personnel costs are too high.

To determine the current process costs in the field of customer service, a cal-
culation was made based on the relevant information from the expert survey; this

is summarised in Table 62.
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Table 62: Details process costs customer service

Minimum  Average  Maximum

Number of customer service staff 3,00 6,33 14,00
Number of support tickets per month 10 285,00 1.100
Effort per support ticket per month (Minutes) 45,00 129,00 150,00
Costs per support ticket (€) 75,00 175 350,00
Total cost per month (€)38 3.000,00 53.800,00 165.000,00

[source: own representation]
Here again, the diversity of the companies becomes clear. The support volume
varies greatly between the different companies and thus also the costs for this process.

Within Table 63, the process costs determined on the basis of the expert sur-
vey are compared with the expected cost savings and the annual benefit is deter-

mined from this.

Table 63: Details costs and benefits: AI-Implementation customer service

Minimum  Average  Maximum
Total one-off costs (€) 40.860,00  75.044,00 137.480,00
Total annual costs (€) 2.970,00 2.970,00 2.970,00
Total cost 1. Year (€) 43.830,00 78.014,00 140.450,00
Quality improvement potential (%) 0,00 30,00 70,00
Process speed increase potential (%) 0,00 38,33 70,00
Cost saving potential (%) 0,00 35,00 70,00
Process costs per year (€)% 36.000,00 645.600,00 1.980.000,00
Benefits per Year (€) 0,00 338.940,00 1.386.000,00

[source: own representation]

3 Again, this value is based on the individual total costs based on costs per sup-
port ticket multiplied by the respective number of support tickets. It is not permis-
sible, for example, to multiply the highest number of support tickets by the highest
costs per support ticket.

% Based on Total cost per month (€) see Table 62.
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When looking at the process costs, there is again a wide range; with €36.000
per year as a minimum, it can be assumed that the support volume is very low or
that the processes are already very efficient and highly automated. On average,
over €645.000 per year are incurred in the area of customer support, with a maxi-
mum of almost 2 million euros. There is also a wide variance in the optimisation
potential. At a minimum, it is assumed that the process cannot be optimised fur-
ther, but on average the experts estimate a cost saving potential of 35%, quality can
be increased by 30% on average and process speed by over 38% on average. Ac-
cording to the experts' estimates, all three areas can be optimised by a maximum of
70%.

Based on this, Table 64 shows the different scenarios for the first year as a

matrix, Table 65 continues this consideration for the following years.

Table 64: CBA customer service first year

Minimum Benefit =~ Average Benefit = Maximum Benefit

Minimum Costs -43.830,00 182.130,00 1.342.170,00
Average Costs -78.014,00 147.946,00 1.307.986,00
Maximum Costs -140.450,00 85.510,00 1.245.550,00

[source: own representation]

Table 65: CBA customer service following years

Minimum Benefit  Average Benefit = Maximum Benefit

Minimum Costs -2.970,00 222.990,00 1.383.030,00
Average Costs -2.970,00 222.990,00 1.383.030,00
Maximum Costs -2.970,00 222.990,00 1.383.030,00

[source: own representation]

For the final consideration in this area, all scenarios are calculated over a pe-
riod of 10 years; even within this consideration, it is assumed through constant
maintenance that this utilisation period is realistic. Table 66 gives the correspond-
ing overview of all scenarios. Highlighted in green, are the headers of the scenario
with positive benefit, additionally the columns with first year of positive benefit
are highlighted as well in green. Headers marked with red are indicating scenarios

with no positive outcome.
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Table 66: 10 annual review CBA customer service
Minimum Costs + Average Costs + Maximum Costs +
Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -43.830 -78.014 -140.450
2 -46.800 -80.984 -143.420
3 -49.770 -83.954 -146.390
4 -52.740 -86.924 -149.360
5 -55.710 -89.894 -152.330
6 -58.680 -92.864 -155.300
7 -61.650 -95.834 -158.270
8 -64.620 -98.804 -161.240
9 -67.590 -101.774 -164.210
10 -70.560 -104.744 -167.180
Minimum Costs + Average Costs + Maximum Costs +
Year Average Benefit Average Benefit Average Benefit
1 182.130 147.946 85.510
2 405.120 370.936 308.500
3 628.110 593.926 531.490
4 851.100 816.916 754.480
5 1.074.090 1.039.906 977470
6 1.297.080 1.262.896 1.200.460
7 1.520.070 1.485.886 1.423.450
8 1.743.060 1.708.876 1.646.440
9 1.966.050 1.931.866 1.869.430
10 2.189.040 2.154.856 2.092.420




ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND MEDIUM-

SIZED ENTERPRISES IN THE SERVICE INDUSTRY 235
Minimum Costs + Average Costs + Maximum Costs +
Year Maximum Benefit Maximum Benefit Maximum Benefit
1 1.342.170 1.307.986 1.245.550
2 2.725.200 2.691.016 2.628.580
3 4.108.230 4.074.046 4.011.610
4 5.491.260 5.457.076 5.394.640
5 6.874.290 6.840.106 6.777.670
6 8.257.320 8.223.136 8.160.700
7 9.640.350 9.606.166 9.543.730
8 11.023.380 10.989.196 10.926.760
9 12.406.410 12.372.226 12.309.790
10 13.789.440 13.755.256 13.692.820

[source: own representation]

Again, the lack of savings in the minimum benefit scenarios shows that there
is no payback. In the area of customer service, the total process costs of €36.000 per
year in the minimum-benefit scenario are far below the costs in the average and

maximum scenarios. These scenarios are therefore classified as unlikely.

The combinations Average cost — Average benefit (payback in the first year),
Maximum cost — Average benefit (payback in the first year) and Maximum cost —
Maximum benefit (payback in the first year) therefore remain as realistic scenarios.

All scenarios — except for the Minimum Benefit scenarios — already compen-
sate for the implementation costs in the first year. At this stage, there is a large
buffer so that a benefit remains even with higher implementation costs or lower
cost savings. Before an implementation, however, the individual cost structure of
the company should always be taken into account and an objective evaluation of
the implementation scenario should be made based on the influencing factors ex-

tracted in chapter 4.3.
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4.4.3.4. Cost- and benefit analysis for controlling

The last open consideration is the analysis of the use cases in the area of con-
trolling. The original two use cases were combined and evaluated together in the
expert survey. Within the framework of the surveys, information was collected on
the current costs for controlling and estimates were obtained on the expected sav-
ings potential based on the combination of both use cases. The V-ML framework
on the one hand and the V-IP-A framework on the other are required to map the
use cases. For the installation and implementation, an effort of between 1 and 10
days is assumed, for the training of the employees in the use of the system, an effort
of one day is assumed. Table 67 gives a detailed overview of the expected imple-
mentation costs differentiated into one-off (marked bold within the Table 67) and

annual costs (marked italic within the Table 67) for all scenarios.

Table 67: Detailed cost overview implementation Al in controlling

Minimum Average Maximum

Licence costs MS SQL-Server (€) 0 3.000 11.340
Licence costs V-ML-Framework (€) 4.500 4.500 4.500
Licence costs V-IP-A (€) 4.500 4.500 4.500
Daily rate services (€) 1.280 1.280 1.280
Number of days for implementation and 1 5 10
evaluation

Service costs Installation and validation 1.280 6.400 12.800
(€

Number of training days Staff 1 1 1
Service costs Staff training (€) 1.280 1.280 1.280
Number of controlling staff 1,00 2,00 4,00
Cost rate controlling per hour (€)% 62,50 231,04 400,00

4 The values were extrapolated based on the information provided by the ex-

perts on the number of employees, process duration and total costs.
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Total personnel costs Staff per training 1.500,00 3.388,33 6.400
day (€)"

Personnel costs Staff training (€) 1.500 3.388 6.400
Total one-off costs (€) 13.060 23.068 40.820
Maintenance costs V-ML-Framework per 990 990 990
Year (€)

Maintenance costs V-IP-A (€) 990 990 990
Total annual costs 1.980 1.980 1.980

[source: own representation]

Looking at the extrapolated personnel costs in controlling, it also shows that
there is most likely a wide range in the cost structures in the companies. The mini-
mum is €62,50 per hour, the average is more than €231 per hour and the maximum
is €400 per hour. However, it is also quite possible that in this scenario, correspond-
ing experts are called in or the management itself takes on tasks in the area of con-
trolling. This special feature in generalisation of managing directors in SMEs has
already been described in chapter 2.5. To compare the calculated values, the aver-
age salary of a controller was again determined via a portal. According to the por-
tal, the salary ranges between €3.380 and €5.603 per month (Gehalt.de - Controller,
2020), which corresponds to an average salary of slightly more than €4.491 per
month. Based on employer social security contributions, this results in an hourly
rate of just under €31. As in the previous considerations, the extrapolated values
are still used to ensure the consistency of the calculation. Here, the share of person-

nel costs only has a small share in the implementation costs.

41 The total costs of the individual companies are considered. These result from
the individual combinations of number of employees and personnel costs. The min-
imum, average and maximum values were formed from these aggregated values.
It is not permissible to multiply the respective minimum, average and maximum
values from the upper rows, as otherwise one would, for example, aggrieve the
number of employees of the smallest company with the cost rates of the company
with the lowest personnel costs, which, however, does not correspond to the real

combinations.
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To determine the current process costs in the field of controlling, a calculation
was made based on the relevant information from the expert survey; this is sum-

marised in Table 68.

Table 68: Details process costs controlling

Minimum  Average  Maximum

Number of controlling staff 1,00 2,00 4,00
Effort controlling per month (Minutes) 45,00 681,00 960,00
Total cost per month (€)% 300,00 2.310,00 5.000,00

[source: own representation]
At this stage, it is evident that the companies incur different amounts of effort
for controlling and therefore also have different processes and focal points.

Table 69 shows the process costs determined on the basis of the expert survey,
the calculated implementation costs and the running costs and determines the benefit

for all three scenarios on the basis of the cost saving potentials estimated by the experts.

Table 69: Details costs and benefits: AI-Implementation controlling

Minimum  Average  Maximum
Total one-off costs (€) 13.060,00  23.068,33 40.820,00
Total annual costs (€) 1.980,00 1.980,00 1.980,00
Total cost 1. Year (€) 15.040,00  25.048,33 42.800,00
Quality improvement potential (%) 0,00 35,00 60,00
Process speed increase potential (%) 0,00 33,33 60,00
Cost saving potential (%) 0,00 26,67 60,00
Process costs per year (€)% 3.600,00 27.720,00 60.000,00
Benefits per Year (€) 0,00 7.392,00 36.000,00

[source: own representation]

2 To determine this value, the expert survey asked about the total costs for con-
trolling per month. Based on the information provided by the experts, the mini-
mum, the average and the maximum were calculated accordingly.

4 Based on Total cost per month (€) see Table 68.
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The process costs in the area of controlling show a similar spread as in the pre-
vious observations of the areas. The minimum is €3.600 per year, the average is over
€27.700 and the maximum is €60.000 per year. This shows that controlling is carried
out to varying degrees in the companies and that efficient processes are already in

place in some areas that enable the company to be controlled with little effort.

Based on the comparison of costs and benefits, Table 70 presents the different
scenarios for the first year as a matrix, Table 71 continues this consideration for the

following years.

Table 70: CBA controlling first year

Minimum Benefit  Average Benefit = Maximum Benefit

Minimum Costs -15.040,00 -7.588,00 21.020,00
Average Costs -25.048,33 -17.656,33 10.951,67
Maximum Costs -42.800,00 -35.408,00 -6.800,00

[source: own representation]

Table 71: CBA controlling following years

Minimum Benefit =~ Average Benefit = Maximum Benefit

Minimum Costs -1.980,00 5.412,00 34.020,00
Average Costs -1.980,00 5.412,00 34.020,00
Maximum Costs -1.980,00 5.412,00 34.020,00

[source: own representation]

For the final consideration of the controlling area, all scenarios are calculated
over a period of 10 years. As in the previous considerations, constant maintenance
can again be assumed to make this utilisation period realistic. Table 72 provides an
overview of the different scenarios. Highlighted in green are the headers of the sce-
nario with positive benefit, additionally the columns with first year of positive ben-
efit are highlighted as well in green. Headers marked with red are indicating sce-

narios with no positive outcome.
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Table 72: 10 annual review CBA Controlling
Minimum Costs + Average Costs + Maximum Costs +
Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -15.040 -25.048 -42.800
2 -17.020 -27.028 -44.780
3 -19.000 -29.008 -46.760
4 -20.980 -30.988 -48.740
5 -22.960 -32.968 -50.720
6 -24.940 -34.948 -52.700
7 -26.920 -36.928 -54.680
8 -28.900 -38.908 -56.660
9 -30.880 -40.888 -58.640
10 -32.860 -42.868 -60.620
Minimum Costs + Average Costs + Maximum Costs +
Year Average Benefit Average Benefit Average Benefit
1 -7.588 -17.656 -35.408
2 -2.176 -12.244 -29.996
3 3.236 -6.832 -24.584
4 8.648 -1.420 -19.172
5 14.060 3.992 -13.760
6 19.472 9.404 -8.348
7 24.884 14.816 -2.936
8 30.296 20.228 2.476
9 35.708 25.640 7.888
10 41.120 31.052 13.300
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Minimum Costs + Average Costs + Maximum Costs +
Year Maximum Benefit Maximum Benefit Maximum Benefit
1 21.020 10.952 -6.800
2 55.040 44.972 27.220
3 89.060 78.992 61.240
4 123.080 113.012 95.260
5 157.100 147.032 129.280
6 191.120 181.052 163.300
7 225.140 215.072 197.320
8 259.160 249.092 231.340
9 293.180 283.112 265.360
10 327.200 317.132 299.380

[source: own representation]

As with all previous use cases, it is also evident here that no amortisation can
be achieved due to the lack of savings potential in the minimum benefit scenario.
In the area of controlling, the total process costs of €3.600 per year in the minimum
benefit scenario are far below the process costs of the other scenarios. These scenar-
ios are therefore considered rather unlikely.

The combinations Average Cost — Average Benefit (payback in the 5th year),
Maximum Cost — Average Benefit (payback in the 8th year) and Maximum Cost —
Maximum Benefit (payback in the 2nd year) are considered as likely scenarios. It
evident that in two of these scenarios the payback is only reached in the middle or

at the end of the expected useful life.

Therefore, before implementation, the individual cost structure in the area of
controlling should be considered and an objective assessment of the implementa-
tion scenario should be made based on the influencing factors elaborated in chap-
ter 4.3.
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4.4.3.5. Cost- and benefit analysis — Overall view

For a final consideration, all areas are brought together, and the costs and
benefits are evaluated aggregated. In this case, the different costs and benefits are

taken into account through the use of scenarios.

In order to obtain valid figures for the analysis, the one-off licence costs must
first be determined and the corresponding maintenance for the annual analysis.

Table 73 provides an overview of all licences required for Al implementation.

Table 73: Total one-off costs Licence

Minimum Average Maximum

Licence costs MS SQL-Server (€) 0 3.000 11.340
Licence costs V-ML-Framework (€) 4.500 4.500 4.500
Licence costs V-ML-Text-mining Framework (€) 4.500 4.500 4.500
Licence costs V-IP-A-Framework (€) 4.500 4.500 4.500

13500  16.500 24.840

[source: own representation]

Corresponding to this, Table 74 shows the annual maintenance costs for the

licences listed above.

Table 74: Total maintenance costs

Minimum Average Maximum

Maintenance costs V-IP-A-Framework per Year (€) 990 990 990

Maintenance costs V-ML-Text-mining 990 990 990

Framework (€)

Maintenance costs V-ML-Framework per Year (€) 990 990 990
2.970 2.970 2.970

[source: own representation]

Based on the implementation costs determined in the previous chapters, an
adjustment is made for the respective licence costs with the aim to then add up the
total licence costs. This ensures that licences are not taken into consideration more
than once when considering implementation costs and that a distorted overall pic-

ture is created. Economies of scale in light of installation and parameterisation, as
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well as in the area of training, are not taken into account, as these cannot be reliably
determined. The total process costs are determined in conformity with the summed
areas, and the same procedure is used to determine the benefit. For the cost savings,
as well as the increase in quality and process speed, the average value from the
areas is formed. A weighting according to the share of total costs was dispensed
with, as there is no reliable evidence of a correlation between costs and savings.
Table 75 gives a corresponding total overview of the process costs and benefits per

year.

Table 75: Details costs and benefits: AI-Implementation total

Minimum  Average Maximum
Total one-off costs (€) — Sum 66.980,00 142.667,10 280.060,00
Total annual costs (€) — Sum 2.970,00 2.970,00 2.970,00
Total cost 1. Year (€) 69.950,00 145.637,10 283.030,00
Quality improvement potential (%) — Mean 0,00 32,98 63,33
Process speed increase potential (%) — Mean 0,00 34,88 62,50
Cost saving potential (%) — Mean 0,00 30,36 60,83
Process costs per year (€) - Sum 59.580,00 1.036.405,71 3.765.600,00
Benefits per Year (€) - Sum# 0,00 338.347,15 2.331.360,00

[source: own representation]

As was to be expected, the overall analysis also shows a clear differentiation
of costs in the various scenarios. In the minimum, total costs of less than €60.000
are incurred, which suggests that the companies are rather very small; in the aver-
age, process costs of more than one million euros are incurred, and in the maxi-
mum, more than €3,765 million. The total implementation costs in the first year
including licences and maintenance are at a minimum of almost €70.000, on aver-
age over €145.000 and at a maximum of over €283.000. Since the minimum values
for process optimisations were €0 in all previously considered areas, these are also
€0 in the overall consideration. The average value across all areas for the cost saving
potential is slightly over 30%, and even slightly over 60% in the maximum. The

4 Here, too, the benefits from the respective use cases must be aggregated so

that there are no inaccuracies.
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situation is similar for quality, with almost 33% quality improvement on average
and over 63% at the maximum. The process cycle time also shows similar values,

with an average of almost 35% and a maximum of 62,5%.

Based on the comparison of the overall costs and benefits, Table 76 presents
the different scenarios for the first year as a matrix, Table 77 continues this consid-

eration for the following years.

Table 76: CBA total first year

Minimum Benefit =~ Average Benefit = Maximum Benefit

Minimum Costs -14.980,00 -7.588,00 21.020,00
Average Costs -25.048,33 -17.656,33 10.951,67
Maximum Costs -42.800,00 -35.408,00 -6.800,00

[source: own representation]

Table 77: CBA total following years

Minimum Benefit  Average Benefit = Maximum Benefit

Minimum Costs -1.980,00 5.412,00 34.020,00
Average Costs -1.980,00 5.412,00 34.020,00
Maximum Costs -1.980,00 5.412,00 34.020,00

[source: own representation]

Finally, Table 78 shows the calculation of the different scenarios in the ex-
pected utilisation period of 10 years. Highlighted in green are the headers of the
scenario with positive benefit, additionally the columns with first year of positive
benefit are highlighted as well in green. Headers marked with red are indicating

scenarios with no positive outcome.
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Table 78: 10 annual review CBA total
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Minimum Costs + Average Costs + Maximum Costs +

Year Minimum Benefit Minimum Benefit Minimum Benefit
1 -69.950 -145.637 -283.030
2 -72.920 -148.607 -286.000
3 -75.890 -151.577 -288.970
4 -78.860 -154.547 -291.940
5 -81.830 -157.517 -294.910
6 -84.800 -160.487 -297.880
7 -87.770 -163.457 -300.850
8 -90.740 -166.427 -303.820
9 -93.710 -169.397 -306.790
10 -96.680 -172.367 -309.760
Minimum Costs + Average Costs + Maximum Costs +

Year Average Benefit Average Benefit Average Benefit
1 268.397 192.710 55.317
2 603.774 528.087 390.694
3 939.151 863.464 726.071
4 1.274.529 1.198.841 1.061.449
5 1.609.906 1.534.219 1.396.826
6 1.945.283 1.869.596 1.732.203
7 2.280.660 2.204.973 2.067.580
8 2.616.037 2.540.350 2.402.957
9 2.951.414 2.875.727 2.738.334
10 3.286.791 3.211.104 3.073.711
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Minimum Costs + Average Costs + Maximum Costs +
Year Maximum Benefit Maximum Benefit Maximum Benefit
1 2.261.410 2.185.723 2.048.330
2 4.589.800 4.514.113 4.376.720
3 6.918.190 6.842.503 6.705.110
4 9.246.580 9.170.893 9.033.500
5 11.574.970 11.499.283 11.361.890
6 13.903.360 13.827.673 13.690.280
7 16.231.750 16.156.063 16.018.670
8 18.560.140 18.484.453 18.347.060
9 20.888.530 20.812.843 20.675.450
10 23.216.920 23.141.233 23.003.840

[source: own representation]

In the overall assessment, the process costs of just under €60.000 per year in
the minimum benefit scenario are also far below the benefits from the average and
maximum scenarios. As in the previous individual case analysis, these scenarios

are therefore considered unlikely.

The combinations average cost — average benefit (payback in the first year),
maximum cost — average benefit (payback in the first year) and maximum cost —

maximum benefit (payback in the first year) are considered as likely scenarios.

Therefore, by using economies of scale in view of licences, all likely scenarios
pay for themselves in the first year. As with the consideration of the individual
areas, however, the respective situation of the company should be considered be-
fore an implementation decision is made, in order to be able to make a realistic
assessment of the expected savings potential in combination with the influencing

factors.
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4.4.3.6. Evaluation of efficiency through an experiment

The previous analysis has shown that, according to the experts, the use case
for information input and retrieval offers a particularly high potential for optimi-
sation. Since a functional prototype already exists in this area, it was decided to
carry out a laboratory experiment to check whether the experts' assessments can
also be verified in practice. By means of a laboratory experiment, an experiment
can be carried out under artificial conditions without the influence of disturbance
variables; by describing the research design, the experiment can be recreated and
repeated at any time. As a rule, laboratory experiments are conducted to investigate
causal relationships, i.e. to analyse cause-effect relationships between two variables
(Eschweiler, Evanschitzky, & Woisetschldger, 2007). This approach is consistent
with the DSR framework used within this thesis (Osterle et al., 2011) and can also

be used to test prototype functionality and make comparisons.

In the first step, more than 64.000 sales notes from the database of a produc-
tive ERP system were used to determine how many characters are used on average
and which contents are representative. On average, more than 45 words were iden-
tified, corresponding to approximately 330 characters. Contents are often callback

requests and summaries about budget negotiations.

For the experiment, it was decided to orientate itself approximately on these
values and to create two scenarios, which are representative of the recording of

typical notes in a sales context:

1. short note with 10 words and a total of 67 characters

2. note with 46 words and 334 characters.

To measure efficiency, the following procedure was followed:

The hardware used was a Dell laptop with the model name Precision 7710,
32 GB Ram, Intel i7 processor and German keyboard layout. Since the speech recog-
nition via the laptop's microphone did not work reliably in the pre-tests for the
experiment, a wired headset was used. The final state of the IPA prototype as de-
scribed in chapter 4.1 was used as the basis for the experiment. The ERP system
Vemas.NextGen with the IPA plug-in was operated via the browser Chrome ver-
sion 87.0.4280.88 (Official Build) (64-bit). The ERP-System and the Plug-In were
hosted in the cloud.
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First, the sales note was recorded using the classic keyboard and mouse input

via the ERP system Vemas.NextGen. Then, the same note was entered via IPA. A

differentiation was made between short 10-word-notes and longer 46-word notes

and both the time for entering and the time for checking and if necessary, correcting

the voice entry were measured. Table 79 shows the content for the experiment and

the measured times.

Table 79: Experimental setup V-IP-A and first measured values

1. short note

2. note

Content
German

(Reference)

English transla-

tion

Frau Miiller benotigt
einen Riickruf zum
aktuellen Stand des
Projekts

Ms Miiller needs a
callback on the current

status of the project

Anruf von Herrn Schulz:

hat sich intern mit seinen Kollegen
abgestimmt

anstelle des bereits fest zugesagten
Dienstleistungsbudget in Hohe von 6
Tagen mochte man nun ein
Dienstleistungsbudgets in Hohe von 10
Tagen zum Stundensatz von €150
beauftragen

die Abrechnung soll zum 30.06.2021
erfolgen

to-do Auftragsbestdtigung erstellen
Call from Mr Schulz:

Has coordinated internally with his col-
leagues

Instead of the already promised service
budget of 6 days, they now want to
commission a service budget of 10 days
at an hourly rate of €150.

The invoice is to be issued on
30.06.2021.

Create to-do order confirmation
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Word count 10
(German)

Number of char- 67
acters (German)

Time recording 00:11,7
via IPA (minutes)

Time IPA post- 00:00,0
processing

(minutes)

Time IPA com- 00:11,7
plete (minutes)

Time manual en- 00:25,7
try (minutes)

Time saving 00:14,0
(minutes)

Time saving (Per- 54,28%

cent)

46

334

00:26,5

00:37,5

01:04,0

01:42,0

00:38,0

37,25%

249

[source: own representation]

The experiment was able to show that capturing short notes via voice input
with 00:11,7 Minutes is over 54% faster than via keyboard and mouse with 00:25,7

Minutes. No post-processing was required as the system correctly captured all the

content. For longer notes, the time saving is over 37%. For the pure recording via

voice, 00:26,5 minutes were needed; via keyboard and mouse, this process took

01:42,0 minutes. However, the recording via speech has to be followed up, as not

all contents were recognised correctly, which took another 00:37,5 minutes. In total,

01:04,0 minutes were needed to record more complex notes via the voice assistant.

Figure 69 shows the result of the language recording before the revision.
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Kommentar %

] - - B I & U

Normal text - = = A # & 0 < on

Anruf von Herm Schulz hat sich Internet seinen Kollegen abgestimmt anstelle des bereits fest zugesagten Dienstleistungs Budget in Héhe
von & Tagen méchte man nun ein Dienstleistungs beginn Héhe von 10 Tagen zum Stundensatz von 150 € beauftragen die Abrechnung soll
zum 30.06 2014 erfolgen to-do Auftragsbestatigung erstellen @

Figure 69: Result Speech capture longer note

[source: own representation]

It turns out that not all words were recognised correctly, and there is also a
large discrepancy in the date between the spoken value 30.06.2021 and the recog-
nised value 30.06 2014. It is therefore important not to trust the system blindly, but
to critically check the recording and make corrections. A revision is also useful for

better readability. Figure 70 clarifies the readability after the post-processing has

been done.

Kommentar 3
3] - - B I § U E E =E E
Normal text v = = A £ g 0 * O n

Anruf von Herm Schulz:
« hat sich intern mit seinen Kollegen abgestimmt
« anstelle des bereits fest zugesagten Dienstleistungsbudget in hohe von 6 Tagen machte man nun ein Dienstleistungsbudget in Hohe
von 10 Tagen zum Stundensatz von 150 € beauftragen
« die Abrechnung soll zum 30.06.2021 erfolgen
- To-Do: Auftragsbestatigung erstellen @

Figure 70: Result Speech capture more complex note — post-processing

[source: own representation]

The experiment showed that the increase of 40% in the use-case of infor-
mation input and retrieval estimated by the experts is quite realistic. Studies show
that speech, with approximately 150 words per minute or 983 characters per mi-
nute, is significantly superior to traditional keyboard input, with 31 words per mi-
nute or 203 characters per minute (Sebold & Renner, 2019). In any case, the effi-
ciency gains in view of collection depend heavily on how much effort has to be
invested in follow-up. Especially when recognising proper names (Marcinczuk,
Kocon, & Janicki, 2013), speech recognition is often difficult because company
names, especially for SMEs, are not available in the data on the basis of which the

speech recognition was trained, when standard models are used. However, there
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are already initial approaches for customised language models (IBM, 2020), which
are expected to enable even better recognition of proper names and thereby exploit
the full potential of language capture, so that little to no textual post-processing is

required.

The experts' evaluation of the use case naturally also included the request for
information, which could not be comprehensively considered within this experi-
ment. Nevertheless, it can be stated that speech input can speed up the collection

of data and thus implies a cost saving potential.

4.5. ARTIFICIAL INTELLIGENCE IN SMES - A GUIDELINE DEVELOPMENT

In scientific methodology, guidelines are often created in order to formalise
and operationalise findings obtained through research in such a way that a proce-
dure model is derived from it that enables researchers, and also other groups of
people such as decision-makers or users, to solve the same or similar problems us-
ing the guidelines (Amershi et al.,, 2019; Grube & Wynn, 2019; Kahloun &
Ghannouchi, 2018; Reis, Amorim, Melado, & Matos, 2018). Within this chapter, the
findings from the expert interviews, the evaluation of the expert interviews and the
cost-benefit analysis are combined to develop a practice-oriented guideline for the
analysis of Al implementations for process optimisation in SMEs. Table 80 provides
a general overview of the areas examined, the types of functions identified, and the
average optimisation potential identified in the evaluations in chapter 4.4.
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Table 80: General overview of areas/use-cases, function types and optimisation potentials

Area/ Function type Quality im- Process speed  Cost saving

Use-Case provement po- increase po- potential (%)
tential (%) - tential (%) - — Average
Average Average

Customer Data classification & 30,00 38,33 35,00

service Interaction

Controlling Data classification & 35,00 33,33 26,67

Interaction

Lead- Data classification 32,86 34,29 32,14

Manage-

ment

Project Data classification 31,43 31,43 27,14

manage-

ment

Forecasting Data classification 42,14 35,00 27,86

Information Interaction 31,43 40,00 37,86

input &

retrieval

[source: own representation]

To get a realistic picture of the optimisation potential, the average value is
considered. Since the evaluation of the savings potential already includes quality
improvements and process lead time optimisations, the further consideration is
based on the cost savings potential. Across all areas, the mean value of the cost
savings potential is 31,11% with a standard deviation of 4,24. The savings potentials
are thus relatively close to each other, the minimum value is 26,67% and the maxi-

mum value is 37,86%.

There is no area where there is no potential for savings in the Average sce-
nario. If we analyse the function types, we see that pure interaction has the highest
savings potential at 37,86%. This is followed by areas that provide both data classi-
fications and interactions, which have a mean value of 30,83%. Areas with pure

data classification have a savings potential of 29,05% on average.
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This suggests that processes that require interaction between the user and the
application have a higher savings potential than pure classification processes and
mixed forms. Since the companies surveyed already indicated a high degree of dig-
italisation in their self-assessment, it is reasonable to assume that a greater degree
of automation is already taking place in classification processes, even if they are not
yet working with Al support. This assumption should be verified by further re-

search.

If the data is condensed further so that the use cases in the area of sales &
marketing are summarised in order to provide a general overview of all four areas,

the result shown in Table 81 is obtained.

Table 81: General overview of areas and optimisation potentials

Area Quality improvement Process speed increase Cost saving poten-

potential (%) — Average potential (%) — Average tial (%) — Average

Customer 30,00 38,33 35,00

service

Control- 35,00 33,33 26,67
ling

Sales & 35,48 36,43 32,62
Marketing

Project 31,43 31,43 27,14
manage-

ment

[source: own representation]

This overview can be used as a starting point for a discussion with decision-
makers about the optimisation potential in the different business areas. The great-
est potential is in the area of customer service, followed by sales & marketing, pro-
ject management and controlling. For medium-sized service companies in particu-
lar, these figures provide an indication of the potential for optimisation in which
areas of their own operational processes. Since these values were derived from ex-
pert surveys with relevant knowledge about processes in SMEs based on concrete
use cases, it can be assumed that this potential can be realised for companies in the

range of 16 — 160 employees.
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The widespread assumption in the literature that SMEs are inhibited in the
adoption of Al by alack of know-how (Bauer, Dinther, & Kiefer, 2020) could not be
confirmed as a factor, at least not in the companies surveyed in the dissertation.
The experts surveyed rated their knowledge in light of possible uses of Al as me-
dium to high. This is also reflected in the fact that 5 of the 9 companies represented
already use Al, but only in their own products and not in their own business pro-
cesses. This also corresponds with the experts' assessment that Al is becoming in-
creasingly important, and that this technology is currently still in an initial phase
and must first prove that economic operation is possible. This finding is in line with
current research from the manufacturing sector (M. Ulrich & Bachlechner, 2020), so

it can be assumed that this problem is cross-sectoral.

However, since many of the companies represented are active in the IT sector
and have more know-how in the company than in other medium-sized service
companies, it is still important to consider this effect of the lack of know-how. One
approach to solving the lack of know-how is seen in the literature in the inclusion
of implementation partners and cloud-based Al-as-a-service (Bauer et al., 2020;
Szedlak, Poetters, & Leyendecker, 2020). This approach was pursued through the
development of the V-IP-A framework and the V-ML framework, which can pro-
vide existing ERP systems with Al functions. By means of the implementation in
the ERP system Vemas.NextGen it could be shown that an integration is possible.
Before making an implementation decision, it is therefore necessary to check which
Al functions the existing ERP system offers, what effects these have on existing
processes and, if no Al functions are provided by the manufacturer, which interface

options are available and what implementation costs arise.

The scepticism of SMEs towards Al observed in some studies (Emary &
Goecke, 2020), could however not be detected in the evaluation of the interviews
and the expert survey. Almost all experts are open to new technology and already
have strategies for dealing with reservations in the workforce about Al. First and
foremost education about the potential of Al to automate monotonous routine tasks
and create more time for demanding and creative activities. Before implementa-
tion, the readiness of employees to accept Al-supported processes should be
checked, possible concerns of employees addressed and an understanding of the

necessity of the introduction created with concrete arguments. Maturity models for
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assessing the degree of digitisation can be used as a guide (Grofie-Schwiep, Bensberg,
& Schinnenburg, 2020).

According to the experts' self-assessment, the companies surveyed were well
positioned in digitalisation, or in some cases even in a pioneering role. This is also
in line with studies on success factors in the area of digitisation (Schopper,
Lodemann, Dérries, & Kersten, 2018), which see the corresponding expertise as the
main component of successful digitisation. This also shows that successful digiti-
sation is a basic prerequisite for Al implementations (Mittelstand - Digital, 2020),
such that before a roll-out, it must first be checked whether the company is suffi-

ciently digitised to fulfil this implementation basis.

Once the organisational framework conditions have been checked and ful-
filled, the next step is to select use cases with the aim of carrying out a proof of
concept based on them. Within the framework of chapter 2.4, a comprehensive
analysis of the business processes of medium-sized service companies was carried
out and corresponding use cases for Al implementation were developed. These can
be used as a basis for identifying the individual optimisation potential.

The assessments of the optimisation potential determined in the expert inter-
views were also verified by the quantitative survey. In addition, a differentiated
view was taken within the scope of the survey; the experts were asked to assess the
potential for optimisation in their own company as well as the potential for other
companies. Table 82 gives a comprehensive overview of the potential derived from
the interviews and the potential queried by the survey, based on a five-point Likert

scale from very low (0), low (1), medium (2), high (3) to very high (4).
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Table 82: Optimisation potential of the use cases; Comparison of expert interview and

survey

Use-case Potential (based Potential for own Potential for other
on Interview) company* (based on  companies (based
expert survey) on expert survey)

Sales & Marketing
Lead management Low Medium (2,00) High (2,71)
Forecasting Medium Medium (1,86) High (2,57)
Information input ~ Medium Medium (2,43) High (2,71)
and retrieval
Project Low Medium (2,14) Medium (2,43)
management
Customer service Medium Medium (2,00) High (2,86)
Controlling Medium Medium (1,57) Medium (2,17)

[source: own representation]

It shows that the experts see a medium optimisation potential in all areas for
the use of Al in their own company, while the assessment of the potential for other
companies shows that a high optimisation potential is seen in the four areas of lead
management, forecasting, information input and retrieval, and customer service.
The values in brackets indicate the mean value based on the Likert scale; it can be
seen that, on average, the potential is rated 0,58 levels higher than for one's own
company. The largest difference of 0,86 levels is in the area of customer service, the
lowest of 0,28 levels in the area of information input and retrieval. This deviation
may be due to a higher degree of digitalisation of the own company. Since the con-

crete cost savings potential within the scope of the company's own processes lies

# ]t should be noted that 70% of the interviewed experts participated in the sur-
vey, so a change in the assessment may also be due to the different participation
structures. In addition, the use cases were combined, so this may also lead to dis-
tortions, so the focus of the evaluation is on the comparison of assessments between

own companies and other companies.
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between just under 27% and 35%, it must be assumed that significantly higher sav-

ings potentials are assumed in the processes of other companies.

Information input and retrieval has the highest potential in the internal con-
sideration with a scalar of 2,43, which also correlates with the savings potential that
is also estimated highest in this process area. In the evaluation of the processes of
other companies, however, the area of customer service has the highest potential

with a scalar of 2,86. In absolute terms, this is also the highest value determined.

Since the concrete cost savings potential within the scope of the company's own
processes lies between just under 27% and 35%, it must be assumed that significantly

higher savings potentials are assumed in the processes of other companies.

The survey among the experts also asked for further assessments of the cur-
rent course of their own processes. The experts were asked to rate the quality, the
time required, the integration into the overall process and the total costs on a five-
point Likert scale from very low (0), low (1), medium (2), high (3) to very high (4),

the results of which are shown in Table 83.

Table 83: Assessment of quality, time, total integration, and total costs

Area Qual- Timeex- Integration Total
ity penditure overall costs
process
Lead management — Mean 2,43 2,14 2,86 1,71
Forecasting — Mean 2,29 1,71 2,43 1,57
Information input and retrieval — Mean 2,43 2,14 2,14 1,86
Project management — Mean 3,14 2,43 2,71 2,14
Customer service — Mean 2,71 2,43 2,43 2,14
Controlling — Mean 2,43 1,86 1,71 1,57

[source: own representation]

By determining the mean values per area, an overview of the companies' self-
assessment can be gained. It is visible that the quality in the processes is rated high-
est in the area of project management and lowest in the area of forecasting. The
time required is rated highest in the areas of customer service and project manage-
ment, and lowest in the area of forecasting. In terms of integration into the overall

process, lead management is rated the highest, while controlling is rated the least
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integrated in this category. The highest total costs are seen in the areas of project
management and customer service, the lowest in forecasting and controlling. In
order to check whether there is a dependency between the assessments of the pro-
cess attributes and the cost savings potential estimated by the experts, a correlation

matrix was formed, which is shown in Table 84.

Table 84: Correlation matrix Process assessment and cost saving potential

Area M SD QL TE P TC oP OP-O
Quality (QL) 2,571 0,286
Time

2,119 0,266 .805***
expenditure (TE)

Integration
overall process 2,381 0,375 .381** .466***
(IP)
Total costs (TC) 1,833 0,239 .846*** .952***  404***
Optimisation
potential -own 2,000 0,261 .274*  .539*** 383**  .545%**
company (OP)
Optimisation
potential -
2,575 0,226 -.061 A35% 531*** 421%%*  606%**
other companies
(OP-0O)

Cost-saving

. 31,111 4,238 -173  .390* .058 334%%708%*  798***
potential (CSP)

Note: p<.001 ** p<.01 * p<.05%

[source: own representation]

From the correlation matrix it can be read that quality and overall integration
only have a minor influence on the expected cost saving potential. Time expendi-
ture and total costs have a moderate influence on the cost saving potential. A strong
correlation can be shown between the expected optimisation potential in one's own
company and an even stronger correlation with the optimisation potential in other

companies. One approach to identifying suitable use cases can be to identify pro-



ARTIFICIAL INTELLIGENCE: THE IMPACT ON SMALL- AND MEDIUM-
SIZED ENTERPRISES IN THE SERVICE INDUSTRY 259

cesses that are time-consuming and costly. These are then examined in terms of op-
timisation potential and the focus is then on internal consideration, since the optimisa-

tion potential for other companies is irrelevant for one's own process.

To provide further indications for the identification of use cases that have an
appropriate optimisation potential, a comparison of the identified influencing fac-
tors and the identified cost saving potentials is carried out. Table 85 gives an over-
view of the influencing factors of the different areas and the calculated mean value

of the cost saving potential, sorted by the highest cost saving potential.

Table 85: Influencing factors and cost saving potential

Category Areas Cost saving poten-
tial (%) — Average —
Mean
Field of application Information input & retrieval 37,86
Dynamic interaction Information input & retrieval 37,86
Input form Information input & retrieval 37,86
Head count Customer service 35,00
Availability Customer service 35,00
Communication Channels Customer service 35,00
Decision context Controlling 35,00
Reliability Information input & retrieval, 32,26
Controlling
Perception Information input & retrieval, 32,26
Controlling
Volume Lead-Management, forecasting, 30,54
project management, customer
Service
Generalisability Lead-Management, project man- 30,24

agement, customer Service,

controlling
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Complexity Lead-Management, project 30,24
management, customer Service,
controlling

Predictability Project management, customer 29,60

service, controlling

Data enrichment Lead-Management, Forecasting, 29,05

project management

Data validity Forecasting, controlling 27,26

Pattern recognition Forecasting, project management, 27,22
controlling

Expertise Controlling 26,67

Company size Controlling 26,67

[source: own representation]

It is evident that due to the high optimisation potential of the IPA within the
processes for information input and retrieval, the corresponding influencing fac-
tors such as field of application and input form also play a correspondingly im-
portant role in the overall consideration. Due to the average value consideration,
overarching factors such as volume or generalisability only have a medium influ-
ence on the cost saving potential. The approach of determining a suitable use case
via the influencing factors is therefore not necessarily practicable, but the overview
can give an indication of which factors should be given special consideration after
the concrete selection of a use case. When selecting a use case, it should be possible
to realise a noticeable added value, following the literature (Fink, 2020). Internal
processes should therefore be checked to see whether the implementations de-
scribed in the specific use cases deliver this added value.

Based on the literature and the experiences in the implementation of the arti-
fact and in combination with the evaluation of the expert interviews, as well as the
surveys, the recommendations for the implementation of Al in small and medium-

sized service companies are summarised as a guideline in Figure 71.
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Decision-makers

» Identify optimisation
potential

® Check level of
digitisation and
increase if necessary

Proof of concept

Use case

« [dentify and evaluate
optimisation potential

* Set objectives and
expectations

* Consider influencing
factors, if applicable

I !
Implementation

: Employees

* Inform and involve
* Convince of necessity
and meaningfulness

i Ramp up

Know-how

 Check internal know-
how

* Team up or find
implementation
partners

* Implement prototype « Completion of the
« Evaluation and prototype
extrapolation ¢ Preparation for real
« Release, adjustment or operation economies of scale
termination « Final evaluation and * Go live with extended
release use cases

« Identify and evaluate
further use cases

 Evaluate and exploit

Figure 71: Guideline: Al implementation

[source: own representation]

In the first step, the decision-makers must first identify optimisation potential
and ensure that the implementation prerequisites, such as the level of digitalisation,
are in place. If these prerequisites are not yet in place, they must first be created. In
the second step, the identified optimisation potentials are further operationalised
based on the use cases. The potential identified in step 1 is compared and evaluated
with the concrete process changes through the use cases. From this, corresponding
expectations and goals of the process change are derived and documented. The in-
fluencing factors identified within this dissertation can be considered to better
identify the possible drivers for the use potential. In step 3, the employees are in-
formed and integrated; this step may also have to be taken as part of the use case
identification if specific process knowledge is required. It is important that the ef-
fects and goals of the process change are communicated to the employees at an
early stage and that the necessity of the process adaptation is not only pointed out
but that the employees are actually convinced of this necessity. Within the fourth
step, it must be checked whether the know-how for the Al implementation is avail-
able within the company; if not, external partners must be identified to support and
accompany the implementation. In the end, a team should emerge that is responsi-
ble for the process change. Within step 5, the proof of concept is carried out. A pro-
totype implementation will be made so that an evaluation and extrapolation of the
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effects can be made at an early stage. If the defined goals and expectations are met,
implementation can take place; otherwise, readjustments must be made and a fail-
ure of the process changeover must be considered. Within step 6, the prototype is
brought to final maturity and preparations are made for live operation. On the basis
of the final version, an evaluation is carried out against the documented goals and
expectations with a final release and going-live. In step 7, further use cases are in-
tended, so the process starts again from the beginning, but in addition it is im-
portant to identify economies of scale in order to gain synergies from implementa-
tions that have already taken place. The extensions are then treated analogously to
steps 2-6.

A continuous review of the processes should also take place after the AI im-
plementation. In addition, current technological developments should continue to
be monitored and checked for potential applications in the company's own pro-

cesses.

4.6. ANSWERING THE RESEARCH QUESTIONS RQ2-RQ5 - A FINAL
CONSIDERATION

By evaluating the expert interviews and conducting the cost-benefit analysis,
the research questions RQ2-RQ5 can be answered conclusively. For this purpose,
the interim answers to the questions are critically reviewed in order to give a final

answer.

RQ2: “In what areas Al- and IPA-Features can improve processes in small- and

medium-sized service enterprises of the service sector?”

Even after the evaluation of the expert interviews, it can be concluded that
there is no area in which the use of Al cannot develop its potential according to the
experts. While the evaluation of the expert interviews showed at least a low poten-
tial for use in all areas, the quantitative survey showed that the potential for opti-
misation in the areas of sales & marketing, project management, customer service
and controlling, which were examined again, was medium. If the experts' assess-
ments of the potential for use in other companies are also taken into account, it be-
comes apparent that even greater potential is frequently assumed here. It suggests that

this is related to advanced levels of digitalisation in the companies surveyed.
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These results support the findings of the expert interviews that Al systems
can be used in principle in all the process areas examined. In the area of sales &
marketing and in the area of customer service, the experts believe there is high po-
tential for other companies. The areas of supply chain management and accounting
were not re-evaluated because although the experts' expertise in these areas is
available, it would only be sufficient to a limited extent to generalise the results. It
should nevertheless be noted that the only use case with high potential was identi-
fied in the area of accounting. Further research could be conducted in these areas
to finally clarify whether the experts' assessments are also shared by even more

specialised experts.

It must also be taken into account that the assessment of the unfolding poten-
tial is based on the respective corporate structure of the experts (see Table 15); in
addition, the experts also have insights into processes at other companies and could
also derive potential from this, which can be used for a more general approach. The
resulting overall assessment must nevertheless be critically scrutinised because
process structures are not identical everywhere. This is already evident in the iden-
tification of the main influencing factors. Volume and generalisability were identi-
fied as the main factors for the use of Al This was also confirmed by the evaluation.
It is therefore still important to ensure that when processes are adapted, new busi-
ness areas are opened up or expanded, and the volume can increase quickly such

that the use of Al can offer more potential.

RQ3: “Which kind of processes are being affected by Al- and IPA-Features and
which kind of specific features are helpful?”

By answering RQ?2, it has already been shown that Al is capable of optimising
processes in all areas of a company. By dividing them into the function types data
classification and interaction, it was possible to find out that processes that are ex-
clusively located in the function type interaction have a greater optimisation po-
tential than processes for data classification or mixed forms. The evaluation also
confirmed that processes that are run through frequently or have a certain com-
plexity in particular have an increased optimisation potential. Partially or fully au-
tomated processes are in focus, whereby the responsibility for decisions does not

want to be handed over to the machine.
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In the context of the evaluation of the features, the area of Sales & Marketing
is considered first. The evaluation has shown that the greatest optimisation poten-
tial is seen in the area of information retrieval and information input. This shows
that requesting information by speech command and recording data by voice can
be classified as helpful features. Although the lead management function was as-
sessed by the experts as having a low application potential, a cost saving potential
of 32% was determined. This function can therefore be classified as helpful. In con-
trast, the forecasting function was rated by the experts as having a medium poten-
tial use, but with a cost savings potential of 28% it is clearly below that of lead

management. Nevertheless, this feature can also be classified as helpful.

The second greatest potential for optimisation was identified in the area of
customer service. Functions for classifying tickets, automatic ticket assignment,
suggesting solutions to problems and chatbots can therefore be identified as spe-
cific features that helpfully complement business processes. The prediction of the
support volume was rated as less helpful in the individual consideration by the

experts.

In the area of project management, the features for support in project plan-
ning and for project implementation were each rated with a low potential, yet the
overall view of the area of project management shows that there is a cost-saving
potential of over 27% in this scenario. It can be concluded from this that even if the
experts do not consider these features to be particularly helpful, there is still a rela-
tively high savings potential and these features can therefore be considered helpful.

The area of controlling showed the lowest optimisation potential during the
evaluation. It can be concluded from this that evaluation processes tend to offer
less savings potential than data entry processes. Nevertheless, even in this area the
experts still estimate the savings potential at over 26%, which again shows the great
potential that can be realised through the use of Al. The experts rated the explana-
tion function as more helpful than the drill-down function in the context of data-

informed decision making.

Within the area of supply chain management, the features for supplier man-
agement and procurement management were both rated as having low application
potential. According to the experts, both features depend on the volume and this
was generally low in the companies surveyed. These functions are therefore only
helpful if corresponding volumes occur.
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Finally, the features from the area of accounting are considered. During the
interviews, support in the entry of documents in the area of accounting was seen
as the most important function. In this regard, further research is needed to deter-
mine an evaluation of the specific savings potential through this process with ap-
propriate experts. The function for determining the default risk, on the other hand,

was assessed as having low potential and is therefore to be regarded as less helpful.

RQ4: “What are the limitations of Al and IPA-Feature implementation in SME?”

Due to the different structures of the companies, it is necessary to identify
suitable use cases. For this purpose, a corresponding guideline was developed in
chapter 4.5. This showed that the basic requirements in the form of a digitalisation
level must first be fulfilled in order to support processes with Al after all. Only
when sufficient data is available for analysis and corresponding applications for
the implementation of Al processes have been introduced, can a company complete

the transformation.

In addition to these general prerequisites, a critical examination of the poten-
tial must also be pursued in the respective processes.

As already stated in the interim conclusion, the potential of the processes also
depends on the customer structure such as company size and company category
such as private-sector companies or public-sector clients or the existing security of
the company. This is especially true in the area of bad debt risk. Also to be consid-
ered are limitations in the communication channels, although the evaluation has
shown that this influencing factor plays a rather minor role compared to volume
and predictability.

Across all areas, volume was also confirmed as the most important influenc-
ing factor in the evaluation. For the limitation considered in the context of this re-
search question, this means that processes with a low frequency cannot be econom-
ically optimised by Al unless a certain complexity (e.g. agent changes, long pro-
cessing times or media breaks) of the process is also given. Likewise, a generalisa-
bility of the data must be present so that ML can ultimately be used. This also ap-
plies to predictability, in as far as processes are involved that are to make assump-

tions about future data states.
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As already described in the interim conclusion, the cost-benefit factor must
always be taken into account across all constraints. This is reflected in the frequency
of the process volume, but also in the size of the company and the number of em-
ployees in the departments (headcount), whereby it was determined through the
evaluation that these factors play a rather subordinate role. Further details on this
are provided through the answer to RQ5. Expertise also has an influence, especially
in the interpretation of overviews, support is only considered helpful if the user
does not have sufficient knowledge as, for example, the user has to call up and
interpret an overview from outside his subject area. It can be deduced from this
that expert knowledge can be a limiting factor if the system cannot determine ad-
ditional information that is not available to the user or is only available through

corresponding effort.

The basic prerequisite for all processes that are to make or prepare decisions
on the basis of data is the validity of the data, whereby this factor is considered in
the lower quarter of the influencing factors in evaluation. It is very likely that this
aspect is already covered by generalisability and is therefore only considered as a

secondary factor.

RQ5: “What is the economic saving potential and business benefit of Al and IPA-
supported processes?”

The cost saving potentials identified in the survey among the experts in com-
bination with the query of cost structures made it possible to carry out a compre-
hensive consideration of the cost-benefit ratio. Across all areas considered, a cost-
saving potential of more than 30% on average could be determined. The area of
customer service has the greatest savings potential, followed by sales & marketing,

project management and finally controlling.

By comparing the implementation costs of Al with the savings potential, it
could be shown that economies of scale lead to an amortisation across all use cases
already in the first year, provided that at least one average benefit is assumed. All
scenarios with a minimum benefit have no savings potential and are therefore not
economically feasible. The reason for this is the lack of optimisation potential; there
are therefore already companies that, in their own estimation, have already
achieved optimum efficiency without the explicit use of Al. However, since this

will only apply to a small proportion of companies, it can be assumed that there is
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enormous potential for savings through the use of Al. Assuming average benefits,
with internal process costs of €1 million, over €330.000 can be saved each year (com-
pare Table 75); even with maximum implementation costs, these are already fully
compensated for in the first year. After 10 years of use, a saving of over 3 million
euros remains (compare Table 78). This shows that an implementation decision
must be well reviewed in advance to determine the actual savings potential, but

this can be well operationalised by the guideline developed in the dissertation.






5. CONCLUSIONS, IMPLICATIONS AND FURTHER RESEARCH

5.1. CONCLUSIONS

Al is penetrating even deeper into the everyday life, not only in private areas
such as smart speakers or self-driving cars, but also increasingly in the business
sector, where Al-enabled tools are becoming more and more important (Gil et al.,
2020). The change appears to be very appealing to several industries, and it is no
longer just repetitive processes that are affected; machine learning can perform
more and more complex tasks and in some cases already even outperform humans
(Mohapatra, 2020; Webster & Ivanov, 2020). Not only are the business processes
alone being changed by Al, but the interaction between humans and machines is
also being influenced by advances in the field of NLP and interaction via natural
language is being made possible (L. Clark et al., 2019). Through the private use of
IPAs, which are controlled by natural language, there is an increasing desire to use
this comfort in business processes as well for instance to retrieve information from
business applications (Budzinski et al., 2018; Saran, 2018). This expansion of use
has created a gap in the research, as the main indicators of continuous use and sat-
isfactory user experience have not been sufficiently discovered (Yang & Lee, 2019),
and thereby the impact of the opportunities offered by the implementation of IPA
and Al 'in business processes, especially in SMEs, has not been sufficiently analysed
scientifically. The combination of speech input and speech synthesis also creates
new design possibilities for business processes; these must be analysed in an over-
all context and checked for their potential use (Hiisson & Holland, 2019a).

This dissertation started at these two intersections to analyse the impact of
IPAs and Al on business processes, focusing on SMEs in the German service indus-
try. Due to digitalisation, SMEs are already facing difficult challenges (Abel-Koch
et al., 2019), which is why this research work is intended to support them in better
assessing the influence of Al on processes and to provide suggestions for Al imple-
mentations in business processes on the basis of concrete use cases. By identifying
factors that influence the benefits of IPA and Al in business processes and deter-

mining optimisation potential, decision-makers can better examine in which of
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their own processes an Al implementation makes sense. The resulting main re-
search question was therefore:
“Which specific Al- and IPA-features are being recognised as useful in a business context of

SMEs in the service sector?”
To answer this question, the following steps were taken:

First, the theoretical basis for further consideration of the aspects of Al and
IPAs was laid through an extensive literature review, which also included a current

overview of the state of technology and its use in medium-sized service companies.

Since, as described in the research gap, functions such as explaining reports
have not yet been implemented in applications, a prototype had to be implemented
to provide IPA and Al functions and to investigate them scientifically. Through the
conception and implementation of an artifact within the DSR framework, a com-
prehensive and practical analysis of the success factors could be achieved. A pro-
totype for an IPA was implemented, which can be used to map complex processes
such as information retrieval or the recording of notes via voice control, as well as
a function for explaining complex overviews through a combination of speech out-
put and visualisation elements. In addition, an ML framework was developed with
which forecasts can be modelled, in which numerical data can be calculated or clas-
sified in real time through a combination of data provision and correlation config-
uration. Initial approaches were also integrated in the area of text mining to extract

key words and identify similar texts.

The implementation has been stringently accompanied by scientific evalua-
tions in the context of conferences and publications as well as by business summits
to ensure not only the scientific relevance but also the practical applicability.
Through the orientation on use cases derived from theory and their prototypical
implementation within the framework of the artifacts, important insights that are

significant for both science and operational practice were gained.

Through the first version of the IPA and the evaluation within the framework
of a quantitative survey, important insights into functions and their perception
could be gathered. In addition, valuable experience in the field of language inter-
action, development was gained through the implementation of the IPA. By ex-
tending the IPA with prediction functions, a comprehensive framework for ML-

based data analyses could be created. This framework was extended by basic text
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mining functions and could hence, be used as a basis for the prototypical imple-

mentation of the derived use cases.

Expert interviews were conducted on the basis of the use cases and the pro-
totype. Very experienced decision-makers who have extensive knowledge of pro-
cesses both in theory and in practice were recruited as experts. Through the presen-
tation of the use-cases and the prototypical implementation, an assessment of the
optimisation potential of the functions and the corresponding influencing factors

could be gained based on practical functions.

Within the framework of a qualitative content analysis, these influencing fac-
tors could be extracted and categorised. For the final evaluation, the results were
presented to the experts within the framework of a quantitative survey, thus en-
suring that all influencing factors were identified. The experts ranked the influenc-
ing factors and this was summarised within the quantitative evaluation to identify

the most important influencing factors.

In order to include an economic perspective, the experts were asked to eval-
uate the optimisation potential in the context of their own processes as part of the
quantitative survey. This data was combined with information on process costs,
which was also requested, to carry out a cost-benefit analysis. To verify the poten-
tial for optimisation, an experiment was carried out on the basis of the IPA-proto-
type to record input via speech and compare the performance with the classic input

via keyboard and mouse.

Finally, the results of the identification of the influencing factors and CBA
were combined to develop a guideline for the implementation of Al in processes of

medium-sized service companies.

The use of a mixed-method approach in the form of quantitative surveys and
qualitative expert interviews, as well as the validation of the results through a Del-
phi approach in the form of a quantitative evaluation of the expert interviews, as
well as the empirical validation of the expert assessment of process optimisation
through an experiment based on the prototype, ensured a scientifically sound ob-
servation. The comprehensive use of the DSR framework also ensured that both
theoretical and practice-relevant aspects were sufficiently taken into account. For
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this purpose, both academic conferences and business summits were attended dur-
ing the entire research period in order to maintain a constant exchange with scien-

tists, but also with practitioners.

In order to be able to finally answer the main research question, the main
research question was operationalised through five research questions. Following,

the research questions are repeated, and a summary of the answers is provided:

RQ1: “What is the current state of Artificial Intelligence combined with IPAs in a

business context for SMEs in the service sector?”

It could be shown that SMEs are facing great challenges due to digitisa-
tion. Since many SMEs use ERP systems to map business processes, the ERP sys-
tem is an important starting point for integrating Al and automating processes, be-
cause many SMEs do not have the sufficient AI and need a partner for implemen-

tation.

RQ2: “In what areas Al- and IPA-Features can improve processes in small- and

medium-sized service enterprises of the service sector?”

After the scientific evaluation of the expert interviews, it could be shown that
there is no area in which the use of Al cannot develop its potential. While the eval-
uation of the expert interviews showed at least a low potential for use in all areas,
the quantitative survey showed that the potential for optimisation in the areas of
sales & marketing, project management, customer service and controlling, which
were examined again, was medium. These results support the findings that Al sys-
tems can be used in principle in all the process areas examined. In the area of sales
& marketing and in the area of customer service, the experts believe there is high

potential for other companies.

RQ3: “Which kind of processes are being affected by Al- and IPA-Features and
which kind of specific features are helpful?”

By dividing processes into the function types data classification and interac-
tion, it was possible to find out that processes that are exclusively located in the
function type interaction have a greater optimisation potential than processes for
data classification or mixed forms. It can be concluded from this that evaluation
processes tend to offer less savings potential than data entry processes. Neverthe-

less, even in this area the experts still estimate the savings potential at over 26%,



CONCLUSIONS, IMPLICATIONS AND FURTHER RESEARCH 273

which again shows the great potential that can be realised through the use of Al
The feature Information input & retrieval has the highest cost saving potential with

over 37% and can therefore be considered the most helpful.

RQ4: “What are the limitations of Al and IPA-Feature implementation in SME?”

Due to the different structures of the companies, it is necessary to identify
suitable use cases. Basic requirements in the form of a digitalisation level must first
be fulfilled in order to ultimately support processes with Al Only after sufficient
data is available for analysis and corresponding applications for the implementa-
tion of Al processes have been introduced, can a company complete the transfor-
mation. The basic prerequisite for all processes that are to make or prepare deci-
sions on the basis of data is the validity of the data, whereby this factor is consid-

ered in the lower quarter of the influencing factors in the evaluation.

RQ5: “What is the economic saving potential and business benefit of Al and IPA-
supported processes?”

The cost saving potentials identified in the survey among the experts in com-
bination with the query of cost structures made it possible to carry out a compre-
hensive consideration of the cost-benefit ratio. Across all areas considered, a cost-
saving potential of more than 30% on average could be determined. The area of
customer service has the greatest savings potential, followed by sales & marketing,
project management and finally controlling. All scenarios with a minimum benefit
have no savings potential and are therefore not economically feasible. This shows
that an implementation decision must be well reviewed in advance to determine
the actual savings potential, and this can be well operationalised by the guideline

developed in the dissertation.

From this, the main research question can now also be answered in conclusion:

MRQ: “Which specific Al- and IPA-features are being recognised as useful in a busi-

ness context of SMEEs in the service sector?”

In order to answer the question, the influence of the examined features on
quality, process speed and the cost saving potential is first considered. This shows
that forecasting has the greatest influence on quality. It can be assumed that data
maintenance and also the evaluation of potentials are a challenge for the companies

surveyed; according to expert estimates, quality can be increased by more than 42%
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through appropriate data enrichment in combination with the evaluation of poten-
tials on the basis of trained models. Through the features presented in the use case
controlling, the experts see a potential for quality increase of 35%. Decisions can
then be made on the basis of an enriched data basis. In addition, employees without
expert knowledge can obtain important insights from overviews through the ex-
planation function, such that that decisions can be made on a broader basis. The
quality of decisions can also be improved through corresponding drill-downs, as
data can be scrutinised and important details can be retrieved. In the other areas of
lead management, information input & retrieval, as well as project management
and customer service, the experts also see a quality improvement potential of about

30%. The average value for all the objects examined is 33,81%.

The next criterion to be considered is the process speed increasement poten-
tial. With an improvement potential of 40%, the feature set information input &
retrieval is in first place. Through voice interaction, data can be entered into the
system more quickly and queries for data can be initialised via voice. In second
place are the functional areas of customer service. Here, the experts see an increase
of more than 38% through the automation of ticket processing. On average across
all the use cases examined, an increase potential for the process throughput time of
35,5% could be determined.

When considering the cost saving potential, the feature set information input
& retrieval is also in first place with a potential of over 37%. Customer service is
again in second place in this category with a savings potential of 35%. On average,
the cost saving potential is over 31,11%.

If one looks at all functional areas together, it is also evident that information
input & retrieval is recognised as the most useful; if one draws an average value
across all optimisation potentials, this feature set receives 36,43%. In second place
with this approach is the Forecasting feature set with 35%, closely followed by cus-
tomer service with 34,44%. Lead management receives an overall rating of 33,1%,
controlling 31,67% and finally comes the functional area project management with
30%. Figure 72 provides an overview of the overall assessment of the functional
areas considered.
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Figure 72: Overall assessment of functional areas

[source: own representation]

In summary, the IPA features are perceived as most useful in the business
context of SME service providers. However, as areas such as supply chain manage-
ment and accounting could not be considered in the final analysis, there is still a
need for further research. Chapter 5.3 will therefore go into more detail on the need
for further research and identify research opportunities. In the following chapter,

we will first focus on the theoretical and practical implications of this research.
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5.2.  THEORETICAL AND PRACTICAL IMPLICATIONS

The most important theoretical implication is that the implementation of the
explanation mode for IPAs in the business environment has created a completely
new research object and introduced to the academic community (Hiisson, Holland,
et al., 2020). By combining the visualisation of evaluations and an explanation via
speech synthesis and interpretation of the displayed values, a novel function was
created whose impact on business processes has been further researched. Within
the framework of this research work, it has already been shown that over 78% of
the users surveyed consider these functions to be helpful. The experts also see this
function as helpful, especially when users do not have the knowledge to interpret
overviews on their own. This function can thereby help to make better decisions in
practice and, through the drill-down function, additionally offer an intuitive inter-

action to better examine data bases and check details on condensed data points.

The second important theoretical implication is the identification of factors
that influence the benefits of Al-supported processes. The inductive approach to
analysing the expert interviews enabled influencing factors to be identified and
validated and weighted in the quantitative expert survey. By identifying volume
as the most important influencing factor, it was also possible to explain why, ac-
cording to some studies (Kranzusch et al., 2019; Lundborg & Markel, 2019;
Mittelstand - Digital, 2020; Wangermann, 2020), SMEs have not yet implemented
Al in many cases. When considering the reasons why companies have not yet en-
riched processes with Al, it must therefore be taken into account, in addition to the
aspects of the lack of know-how, that in SMEs the volume — in the sense of the
frequency of the occurrence of the use case — must be considered in places. Gener-
alisability is also important; only if processes are based on generalisable data can a
valid model be trained using machine learning. It was also found that in addition
to the volume, the complexity of the process also plays a role in whether Al support
can offer added value. When evaluating the penetration of Al in SME processes,
these factors must be considered in order to obtain a complete overall picture.
Blaming the causes for low Al penetration on a lack of know-how or a lack of use

cases therefore falls short.
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By classifying processes into “Data classification” and “Interactions”, an ad-
ditional level of abstraction could be created in order to analyse the effects of pro-
cess changes in advance. Researchers, but also decision-makers, can take up this

classification to get an indication of the optimisation potential within processes.

Based on the cost-benefit analysis, it could also be shown that there is a great
potential for optimisation in IPA in the corporate context. From a theoretical but
also a practical point of view, the use of an IPA within an ERP system can be used
to respond to the weak points in process flows in terms of usability, especially in
navigation, information overload and incorrect information delivery and lack of
system communicativeness (Lambeck, Fohrholz, et al., 2014; Lambeck, Muller, et
al., 2014; Wong et al., 2016).

The final derivation of a guideline for the implementation of Al in business

processes enabled a theory-practice transfer to take place.

In the area of practical implications, it should be emphasised that the analysis
of 16 practice-relevant use cases provided a comprehensive overview of Al imple-
mentations for SMEs in the service industry. The described processes can be
adapted by decision-makers to directly benefit from the optimisation potential. The
aforementioned guideline can help decision-makers select appropriate processes
and provide guidance for the implementation process. In addition, it was possible
to show in a scientifically sound manner, the optimisation potential of Al in busi-
ness processes and which influencing factors are of particular relevance for the re-
alisation of this optimisation potential. Decision-makers can therefore, produce bet-
ter arguments for changing processes and make individual cost-benefit calculations

to evaluate the investment in advance.

The prototypical realisation of the IPA and the ML framework also demon-
strated that an Al implementation is possible even with very limited resources.
In addition, this prototype provides a platform for Al process implementation that
can be used within an already available ERP system. This has shown that Al can
also be successfully implemented in SME processes. This insight can help to reduce

reservations about Al
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This also applies to employees who may be afraid of losing their jobs. On the
basis of the prototype, it can be shown how work will change and how AI will
support processes so that employees can concentrate on higher-value activities.
This also has implications for organisational structures and the associated area of

change management.

It can hence, be stated that this dissertation has made an extensive contribu-
tion to research in the field of theory as well as in practice. However, in order to
avoid over-generalisation of the research results, important limitations will be dis-

cussed in the next chapter.

5.3. LIMITATIONS AND FURTHER RESEARCH

To round off this dissertation, the limitations of this work are described, and
an outlook is given on future developments — both in terms of technology in gen-
eral — as well as concrete plans for extending the prototype presented in this dis-

sertation.

Technologies are constantly evolving, with the Generative Pre-trained Trans-
former 3 (GPT-3) (T. B. Brown et al., 2020), for example, recently reaching a new
milestone in text understanding and creation. Shortly after the publication of GPT-
3, however, researchers were able to show that it is possible to achieve a similar
performance to GPT-3 with considerably fewer parameters (Schick & Schiitze,
2020). This shows the rapid speed with which technologies are currently being de-
veloped and improved. For research in the area of applicability in business pro-
cesses, it is therefore necessary to check current research results for their practical-
ity and to develop prototypes based on new technologies in order to test them in

everyday business.

Business processes are also in a constant state of flux, and this upheaval is
being further accelerated by digitalisation. The Corona pandemic is another driver,
so it is to be expected that the speed at which processes are being remodelled will
continue to increase (Kraus et al., 2020). In this tense environment, a constant eval-
uation of possibilities for process optimisation and automation is necessary, which
shows approaches to solutions within the framework of case studies in order to

meet the requirements of digitalisation.
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In addition to this general need for research, there is also a specific need to
examine research asceptions in more detail, which were brought forth in the con-
text of this dissertation. As described in the previous chapter, there are other busi-
ness areas and processes for which a comprehensive study of the impact of Al im-
plementation should be undertaken. Specifically, the use cases from the areas of
accounting and supply chain management presented in this dissertation can be
used as a basis for a prototype implementation. In the field of accounting, similar
research projects are already underway (Diamant Software, 2020), which also deal

explicitly with SMEs; a focus on service providers can be added here.

Within this dissertation, the focus was on medium-sized service companies
in Germany; on one hand, the focus can be extended to other countries, and on the
other hand, other industries could be considered. Subsequently, a comparison of
the countries and industries could be made, possibly even a cross-comparison
within the framework of a matrix. Relevantly in this context, here are similarities
and differences in the perception of the usefulness of individual features. The need
to summarise use cases within the scope of the evaluation also makes it possible to
take a detailed look and evaluate individual functional areas or even application

features.

By developing a completely new function in the field of explaining over-
views, a new research object was also created, which could be investigated with
regard to its further applicability in different industries, regions, but also program
functions.

Through the development of an operational prototype, both as an IPA and
an ML framework, extensive insights into the technological building blocks could
be gained. Through the practical evaluation, these insights could also be expanded
to include acceptance criteria of users and important factors influencing usefulness
could be added in exchange with experts. The evaluation by the experts also

showed the potential of this prototype.
In the next step, the prototype will be further developed; in particular, the

text mining framework still needs to be extended to support more complex work-
flows. Since GPT-3 does not currently work with the German language, the focus
will initially remain on evaluating TMoML. The integration into the ERP system

Vemas.NextGen will be further expanded so that more ML and IPA features can



280 DANIEL HUSSON

gradually be used. This process will continue to be accompanied by scientific ex-
change and constant evaluation through business summits and user surveys to en-
sure that a solution is created for medium-sized service providers that can realise
the potential identified in the context of this dissertation. Large ERP system pro-
viders such as SAP have already had Al support for some time (Leukert, Miiller, &
Noga, 2019; Vlasov, Chebotareva, Rakhimov, & Kruglikov, 2017), but these systems
are usually too expensive for SMEs. With Vemas.NextGen and the modules V-IP-
A and the V-ML-Framework, a low-cost alternative for entry into AI empowered
processes for SMEs is therefore to be launched on the market. Since the IPA func-
tions will have the greatest influence according to expert assessment, the focus of
the implementation will be placed on the finalisation of the prototype. In particular,
the recognition of proper names poses great challenges for current speech recogni-
tion systems, as company names are usually not subject to spelling or grammar
rules. The IPA can then be used in real operation in the processes for information
retrieval and information acquisition, and it can also be used as a chatbot in the
interaction with customers. However, further implementations are necessary, es-
pecially in connection with a knowledgebase, in order to answer users' questions
correctly. Likewise, cloud scenarios need to be further elaborated and a corre-
sponding business model developed as more and more SMEs move to the cloud
(Friedrich-Baasner, Fischer, & Winkelmann, 2018).

It is therefore evident that the first important foundations have already been
laid, but that there are still many aspects that need to be further conceptually con-
sidered and realised. However, the experience gained during the implementation
of the prototype will help to overcome these hurdles. The expected optimisation
potential is also a great motivation to continue along this path and to complete a
fully operational version of both the IPA and the ML framework and test it in a

real-world scenario.
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QUESTIONNAIRE ARTIFACT EVALUATION

The survey was conducted bilingually in German and English, the German
questionnaire corresponds to the English version, the English version is presented
in the appendix. First, a detailed description was displayed to enable the partici-
pants to try out the functions directly within the prototype. In addition, a video
was provided in which the exact functionality could be understood.

Thank you for participating in the Smart Assistant feature survey.

The survey is part of a research project to explore the impact of technological possibilities with a focus on
artificial intelligence on business processes in order to derive what changes are expected and which factors are
relevant for the acceptance of the changes.

For this purpose, a prototype (artefact) was implemented within the framework of a design science approach, on
the basis of which the evaluation is carried out. The implementation took place in the ERP system
Vemas.NextGen.

To evaluate the protatype you have two possibilities, which can be combined:

1. under the following link a video is available with english subtitles, in which the functionality is presented:

https://www.youtube.com/waich?v=27V35CyseAA

2. under the following link the prototype is directly accessible and you can gain experience in the operation
yourself:

Important: For technical reasons, speech recognition only works under Google Chrome!
https.//preview.msconsulting.de/Vemas.NextGen

User: Dema
Password: demo

Please carry out the registration with the above mentioned user data. You can start the wizard by clicking on the
microphone button in the upper right corner of the application (you may need to allow the application access to
your microphone, a message to that effect will be displayed by the Google Chrome browser).

Please wait with your voice input until the wave animation starts, then the wizard will be receptive and accept
your voice commands.

The following voice commands are supported:

Summary function
“Give me my current summary” -> Reads the last 3 recorded notes

Explanateory functions:

"What is the current situation of the company” -> Determines data on revenues and costs in real time and
displays them graphically, in addition the most important indicators are evaluated and data points are
highlighted via tooltip.

"Open items" -> Determines the currently due invoices and identifies the top debtors

Acquisition function:
"MNew acquisition at [COMPANYNAME]" -= Searches for an address using the customer's name, e.g. FOM
Dusseldorf and opens the acquisition mask, the entry can be made by voice via the button with the microphone

Note on data protection:

The evaluation of the survey is anonymous, but you are welcome to leave your e-mail address if you are
interested in the results of the survey. The recorded voice commands are only processed by the browser chrome
and only the recognized words are transferred to the application.
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The questions 1 - 10 are used to determine meta-information about the par-

ticipant.

1.Gender *
Male
Female

Prefer not to say

2. Age*
18-25
26-35
36-45
46-55
56-65

=66

3.Management *

Do you have personnel management responsibility for at least one employee?
Yes

Mo



LII

4. Industry of the company in which you work *

Automotive Industry

Building trade & construction industry

Beauty, cosmetics and hairdressing

Education, Upbringing & Training

Biotechnology & Chemical Engineering

Service industry (finance & insurance)
Service industry (other)

Energy supply & energy industry
Health sector

Trading

hotel and catering industry

Real estate, property and housing
IT-Branch

Arts, entertainment and recreation
Agriculture, forestry and fisheries
Food industry

Logistics, warehousing & transport
aerospace

Medical Technology

Mining Industry & Mining

Public administration
Pharmaceutical industry
Shipbuilding and marine technology
Toy industry

Telecommunications industry
Textile and clothing industry

Water, Sewage & Disposal

Sonstiges

DANIEL HUSSON
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5. Size of the company (number of employees) for which you work =
1-10
11-25
26-50
51-100
101-250
251-500
501-1000

= 1000

6. Country of your company's headquarters *
Germany
Austria
Switzerland
England
Other EU-Countries

Usa

Sonstiges

7. Field in which you work *
Backoffice
Sales department
Development
Customer service/ Hotline / Support
Consulting
Financial Accounting
Production
Resezarch / Teaching
Personnel
T
Caontrolling

Management

Sonstiges
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8. Your Position *
temporary help
clerk / employee
Executive emnployee [/ team leader
Head of department

Management

Sonstiges

9, Percentage of repetitive activities in your daily work (recurring activities: 2.9, merging Excel tables,
preparing evaluations or answering relatively similar queries) *

Die Zahl muss zwischen 0 und 100 liegen

10, Experience with language assistants (Alexa, Google Assistant, Sirl, etc.) in the private sector ™
es

Mo

LV
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Questions 11 + 12 serve to classify the participants with regard to the experi-

ence level in the area of ERP systems. In addition, the participants are asked which

ERP system they use.

11. Experience with ERP systams *

Uzer

User with advanced knowledge
Key-User (expert for process areas)
Adrministrator (expert for configuration)

Key-User und Administrator

Mo Experience

12.Used ERP system *

SAP

Qracle

Microsoft

SAGE

Vermnas.NET

Scopevisio

weclapp

Vertec

Conactiv

Datev

Mo ERP system in use

Sonstiges
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Question 13 asks about attitudes towards technology, early adopter behav-

iour and assessments of changes in current work processes.

13. General questions *

Please assess yaurself on the topics listed below

True Partially true Rather not true False

I am open to new
technologies

I like to try out new
functions, even if they
are still in a beta stage
My current tasks will
change in the future

due to new
technologies

In order to give the participants of the survey as many opportunities as pos-
sible to leave feedback, a comment can be left for each question section.

14. Comments on general questions

hre Antwort eingeben

Question 15 asks how the experience with the prototype was made in order

to better assess the validity of the answers.

15. How did you make the experience with the language assistant in Vemas.NextGen? *
just watched the video
called the wizard from the application and tried
watched the video and tried the wizard

haven't watched the videao or tried the assistant
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The participants were then asked to rate the individual functional areas. In
the first part, the summary function was considered, and the usefulness of the cur-
rent function and possible new features was asked about using a Likert scale. Fi-

nally, a comment could be left in a free text field.

16.Summary function *

Please rate summary function (Brieifing) under Vemas.NextGen

True Partially true Rather not true False

The daily summary of
the processes informs
me specifically for my
tasks

The language wizard
should compress the
notes of the users again
and output only
keywords

It should be possible to
output more
information, such as
the number of open
and completed hotline
tickets, number of
documents created

17.Comments on the summary function

hre Antwort eingeben
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Next, the explanation function could be evaluated, also with the possibility
of leaving feedback in the form of free text in addition to the 4-point Likert scale.

18. Explanation function for overviews *

Please rate the explanation function under Vemas.NextGen

True Partially True Rather not true False

The combination of
language interaction in
graphical and tabular
overviews promotes the
understanding of the
displayed content

The pre-svaluation of
the key figures via voice
output influences my
own decision making

The graphical and
tabular views are
sufficient for me, | do
not need any linguistic
preparation

19. Notes on the explanatory function for overviews

hre Antwort eingeben
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The last of the three functions to be evaluated was the recording function.
Here, too, it is possible to leave feedback in the form of free text in addition to the
4-point Likert scale.

20. Entry function *

Please rate the function for entering notes / acquisitions

True Partially True Rather not true False

Calling up the mask via
voice command
enables faster
acquisition

The possibility to enter
the textual content via
speech simplifies the
input

Speech recording in all
masks with input fields

for longer texts is
helpful

21.Comments on the recording function

hre Antwort eingeben
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Finally, further functions that had not yet been implemented could be evalu-
ated and, in addition, new functions could be suggested in a free text field. Finally,

an overall comment could be left.

22. Other functions *

Please rate the ideas for further functions of the V-IP-A at Vemas.NextGen

True Partially True Rather not True False

The recording of
working hours via voice
input would make my
work easier

Voice commands can
completely replace
navigation via
keyboard, mouse or
touch screen

Forecasts and
predictions e.g. of
expected sales figures
(predictive analytics)
can be better
understood through
the combination of
graphical
representation and
speach interaction

A search function to
open customers,
prospects or contacts
directly by voice speeds
up the process of
finding information

23.ldeas and wishes for further functions

Please describe here what other ideas or wishes you have for the further development of the language assistant.

hre Antwort eingeben

24. General comments

hre Antwort eingeben
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QUESTIONNAIRE EXPERT INTERVIEW EVALUATION & CBA-DATA

To validate the results of the expert interviews and to determine the data ba-
sis for the cost-benefit analysis, a survey is conducted among the experts who also
participated in the interview. The survey was conducted in German. A correspond-
ing translation of the questions is provided below the figures.

Evaluierung des Einsatzes von kunstlicher
Intelligenz in Geschaftsprozessen von KMUs

Vielen Dank fur [hre Teilnahme an der Umfrage.

n der nachfolgenden Umfrage werden die Ergebnisse der qualitativen Auswertung auf Basis van
Experteninterviews mit 10 Experten aus dem Zeitraum August 2020 - September 2020 evaluiert.

Anhand der in den Experteninterviews besprochenen Use-Cases wurden insgesamt 25 verschiedene
Einflussfaktoren auf das Einsatzpotential von Kl in Unternehmensprozessen identifiziert und den einzelnen
Prozessen zugeordnet.

Diese ermittelten Einflussfaktoren werden mit Hilfe der Umfrage validiert und in eine Reihenfolge hinsichtlich
ihrer Bedeutung gebracht werden.

Zudem werden Daten fiir eine Kosten- und Nutzenanalyse gesammelt, um das Potential der Use-Cases
vollstdndig bewerten zu k&dnnen.

m Machfolgenden werden je Bereich die Use-Cases kurz vorgestellt und dann die einzelnen Fragen im Kontext
des Use-Case gestellt.

Die Beantwortung der Fragen dauert ca. 20-30 Minuten.

“Evaluation of the use of artificial intelligence in business processes of SMEs
Thank you for your participation in the survey.

The following survey evaluates the results of the qualitative analysis based
on expert interviews with 10 experts from the period August 2020 — Septem-
ber 2020.

Based on the use cases discussed in the expert interviews, a total of 25 differ-
ent influencing factors on the application potential of Al in business processes were
identified and assigned to the individual processes.

These identified influencing factors will be validated with the help of the sur-

vey and ranked in terms of their importance.
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In addition, data will be collected for a cost and benefit analysis in order to
be able to fully evaluate the potential of the use cases.

In the following, the use cases are briefly presented for each area and then
the individual questions are asked in the context of the use case.

Answering the questions takes about 20-30 minutes.”

The survey is divided into sections, the first section “Sales & Marketing”
starts with meta-information about the company and a self-assessment by the ex-

perts.

Bereich: Vertrieb und Marketing

m nachfolgenden Abschnitt werden Fragen zu den 3 Use-Cases aus dem Bereich Vertrieb & Marketing gestellt.

1. Anzahl Mitarbeiter im Bereich Vertrieb *

Der Wert muss eine Zahl sein.

2. Bitte schatzen Sie lhren Wissensstand in Prozessen im Bereich Vertrieb & Marketing ein *
Keine Expertise
Expertise in firmeninternen Prozessen des eigenen Unternehmens
Expertise in Prozessberatung

Expertise in Prozessheratung und eigenen Prozessen

“Area: Sales and Marketing

In the following section, questions are asked about the 3 use cases from the
area of sales & marketing.

1. number of employees in the area of sales

2. please estimate your level of knowledge in processes in the area of sales &

marketing

— No expertise
— Expertise in internal processes of your own company

— Expertise in process consulting



LXIV DANIEL HUSSON
— Expertise in process consulting and own processes”

After the general information on the structure of distribution, the individual
use cases are dealt with. First, a description of the use case is given; the experts
already know these use cases from the interview and are therefore already familiar

with the subject matter.

2.4.1.1 Use-Case: Lead management

Ein wichtiger Aspekt im Bereich Vertrieb & Marketing ist das Lead-Management, insbesondere die schnelle
Identifizierung von potentiellen Kunden, die ziigig zu einem Abschluss gebracht werden kénnen.

Mittels Machine Learning kénnen potentielle Kunden in eine Rangfolge gebracht werden, in dem externe Datenguellen
zur Anreicherung der Informationslage verwendet werden und mit Hilfe von Daten Uber die Bestandskunden
Ahnlichkeiten ermittelt werden, Daraus ermittelt das System eine Abschlusswahrscheinlichkeit und pricrisiert die
Abarbeitungsreihenfolge fir den Vertrieb vor.

3. Nachfolgende Einflussfaktoren auf das Einsatzpotential wurden im Rahmen der
Experteninterviews identifiziert. Bitte tiberprifen Sie die Reihenfolge und passen Sie ggf. die
Rangfolge an. Innerhalb des Kommentarbereichs kdnnen Sie weitere Einflussfaktoren eingeben
und Anmerkungen vornehmen. *

Volumen - Anzahl Leads pro Monat
Generalisierbarkeit der Datenbasis
Anreicherung der Bestandsdaten mit externen Quellen

Komplexitdt des Bewertungsprozesses (je gréfer umso besser die Unterstltzung)

4. Zusatzliche Einflussfaktoren und weitere Anmerkungen

Hier kdinnen Sie weitere Einflussfaktoren hinterlegen, bitte geben Sie diese auch mit einem Rang (1., 2, 3., ...) an,

der angegebene Rang lbersteuert die obere Auswahl. Gerne kdnnen auch weitere Anmerkungen aufgefiihrt
werden.

lhre Antwort eingeben
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“2.4.1.1 Use Case: Lead Management

An important aspect in the area of sales & marketing is lead management, in
particular the rapid identification of potential customers who can be quickly

brought to a conclusion.

Using machine learning, potential customers can be ranked by using external
data sources to enrich the information and by determining similarities with the
help of data on existing customers. From this, the system determines a probability

of closing and prioritises the processing sequence for sales.

The following factors influencing the application potential were identified
during the expert interviews. Please check the order and adjust the ranking if nec-
essary. Within the comment section you can enter further influencing factors and

make comments.

— Volume - number of leads per month
— Generalisability of the database
— Enrichment of the inventory data with external sources

— Complexity of the evaluation process (the greater the better the support)

4. additional influencing factors and further comments

Here you can enter additional influencing factors, please also indicate them
with a rank (1., 2., 3., ...), the indicated rank overrides the upper selection. You are

also welcome to list further comments.”



LXVI DANIEL HUSSON

5. Aufwand flr die Lead-Qualifikation *

Bitte wdhlen Sie den durchschnittlichen Aufwand aus, der fir die Priorisierung eines Leads benétigt wird.
Darunter zdhlen alle MaBnahmen zur Informationsgewinnung iber den potentiellen Kunden, als auch die
Bewertung der Abschlusswahrscheinlichkeit.

< 1 Minute

1 - 30 Minuten

31 - 60 Minuten

1 -4 Stunden

4 - 8 Stunden

> 8 Stunden

Keine Angabe

Sonstiges

6. Durchschnittliche Kosten Lead-Qualifikation *
Bitte schdtzen Sie die durchschnittlichen Kosten fiir die Qualifizierung eines Leads ab

< 1€
1-50€
51-250 €
251-500 €
501-1.000 €
> 1.000 €

Keine Angaben

Sonstiges

7.Anzahl Leads pro Monat *
Geben Sie bitte die Anzahl von Neuanfragen pro Monat im Jahresdurchschnitt an

Der Wert muss eine Zahl sein.
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“5. effort for lead qualification

Please select the average effort required to prioritise a lead. This includes all

measures to gather information about the potential customer, as well as the evalu-

ation of the probability of closing.

<1 minute

1 - 30 minutes
31 - 60 minutes
1 -4 hours

4 - 8 hours

> 8 hours

Not specified
Other

6. average costs lead qualification

Please estimate the average cost of qualifying a lead

<1€

1-50 €
51-250€

251 -500 €
501 - 1.000 €
>1.000 €

Not specified
Other

7. number of leads per month

Please indicate the number of new enquiries per month as an annual average”
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9. Kosten-Einsparungspotential durch Use-Case *

Schétzen Sie bitte einen Prozentwert ab, wieviel durch die Implementierung dieses Use-Cases in diesem Prozess
eingespart werden kann.

Die Zahl muss zwischen 0 und 100 liegen

10. Qualitatssteigerungs-Potential Use-Case *

Schdtzen Sie bitte einen Wert ein, um wieviel Prozent die Qualitét des Prozesses durch die Implementierung
dieses Use-Case gesteigert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

11. Prozessgeschwindigkeitsteigerungs-Potential durch Use-Case *

Schdtzen Sie bitte einen Wert ab, um wieviel Prozent die Durchlaufzeit des Prozesses durch die Implementierung
des Use-Cases gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

12. Einschétzung des Prozesses zur Lead-Qualifikation auBerhalb des eigenen Unternehmens *

Sofern Sie tiber eine Expertise im Kontext anderer Unternehmen verfiigen, bewerten Sie bitte das
Optimierungspotential auf Basis lhrer allgemeinen Erfahrung

sehr hoch hoch mittel niedrig sehr niedrig  keine Antwort

Optimierungspotential
durch Kl

13. Anmerkungen zum Use-Case

Hier kénnen Sie weitere Anmerkungen und Ergénzungen vornehmen, sowie eine Kommentierung hinterlegen.

Ihre Antwort eingeben

“9. cost-saving potential through use case

Please estimate a percentage value of how much can be saved by implement-

ing this use case in this process.

10. quality improvement potential of the use case

Please estimate a value by how many percent the quality of the process can

be increased by implementing this use case.
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11. Process speed increase potential through use case

Please estimate a value by how many percent the throughput time of the pro-

cess can be reduced by implementing the use case.

12. estimate the process for lead qualification outside your own company

If you have expertise in the context of other companies, please assess the op-

timisation potential based on your general experience

ment.

Optimisation potential through Al
— very high

— high

— medium

- low

— very low

13. comments on the use case

Here you can make further comments and additions, as well as leave a com-
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2.4.1.2 Use-Case: Forecasting

Die Prognose der Nachfrage kann durch saisonale Einfllsse, Produktlebenszyklen oder komplexer Trends schnell sehr
schwierig werden. Mit Hilfe van Machine Learning kann auf Basis historischer Verkaufszahlen, Produktbesonderheiten in
Kombination mit &ffentlich zuganglichen Daten wie das Wirtschaftswachstum die kurz- und mittelfristige
Geschaftsentwicklung prognostiziert werden.

14. Nachfolgende Einflussfaktoren auf das Einsatzpotential wurden im Rahmen der
Experteninterviews identifiziert. Bitte Uberprifen Sie die Reihenfolge und passen Sie ggf. die
Rangfolge an. Innerhalb des Kommentarbereichs kdnnen Sie weitere Einflussfaktoren eingeben
und Anmerkungen vornehmen. *

Generalisierbarkeit der Datenbasis

Anreicherung der Bestandsdaten mit externen Quellen
Volumen - Anzahl Forecast-Elemente

Validitat der Daten

Mustererkennung

15. Zusétzliche Einflussfaktoren und weitere Anmerkungen
Hier kéinnen Sie weitere Einflussfaktoren hinterlegen, bitte geben Sie diese auch mit einem Rang (1., 2, 3., ...} an,
der angegebene Rang lbersteuert die obere Auswahl. Gerne kdnnen auch weitere Anmerkungen aufgefihrt
werden.

hre Antwort eingeben

“2.4.1.2 Use Case: Forecasting

Forecasting demand can quickly become very difficult due to seasonal influ-
ences, product life cycles or complex trends. Machine learning can be used to fore-
cast short- and medium-term business development based on historical sales fig-
ures, product characteristics in combination with publicly available data such as

economic growth.
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14. The following factors influencing the deployment potential were identi-

fied during the expert interviews. Please check the order and adjust the ranking if

necessary. Within the comment section you can enter further influencing factors

and make comments.

Generalisability of the database

Enrichment of the stock data with external sources
Volume - number of forecast elements

Validity of the data

Pattern recognition

15. Additional influencing factors and further comments

Here you can enter additional influencing factors, please also indicate them

with arank (1., 2, 3., ...), the indicated rank overrides the upper selection. You are

also welcome to list further comments.”
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16. Aufwand fir das Forecasting *

Bitte wdhlen Sie den durchschnittlichen Aufwand aus, der fiir die Pflege des Forecasts pro Monat im Durchschnitt
Je Vertriebsmitarbeiter aufgebracht wird.

< 1 Minute

1 - 30 Minuten
31 - 60 Minuten
1 -4 Stunden

4 - 8 Stunden

8 -16 Stunden
= 16 Stunden

Keine Angabe

Sonstiges

17. Durchschnittliche Kosten Forecast-Pflege *

Bitte schdtzen Sie die durchschnittlichen Kosten fur die monatliche Pflege des Forecasts pro Vertriebsmitarbeiter
an

< 1€

1- 50 €
51-250¢€
251-500 €
501 - 1.000 €
1.001 - 2.000 €
= 2.000 £

Keine Angaben

Sonstiges
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“16. effort for forecasting

Please select the average effort spent on maintaining the forecast per month

per sales employee.

— <1 minute

— 1 -30 minutes
— 31 - 60 minutes
— 1-4hours

— 4-8hours

— 8-16 hours

— >16 hours

— Not specified
— Other

17. average costs forecast care

Please estimate the average cost of maintaining the forecast per month per

sales employee at

- <1€

- 1-50€

- 51-250€

- 251-500€

— 501-1.000 €
— 1.001 -2.000 €
- >2.000€

— Not specified
— Other”
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18. Anzahl Forecast-Meetings pro Monat *

Geben Sie bitte die Anzahl Meetings an, in dem sich mit dem Forecast befasst wird pro Monat im
Jahresdurchschnitt an

Der Wert muss eine Zahl sein.

19. Einschatzung des aktuellen Forecast-Prozesses in Threm Unternehmen *
Bitte bewerten Sie den Prozess des Forecastings unter den aufgefiihrten Aspekten
sehr hoch hach mittel niedrig sehr niedrig
Qualitst
Zeitaufwand
Integration in den
vertrieblichen
Gesamtprozess

Gesamtkosten

Optimierungspotential
durch Kl

20. Kosten-Einsparungspotential durch Use-Case *

Schéitzen Sie bitte einen Prozentwert ab, wieviel durch die Implementierung des Use-Case in diesem Prozess
eingespart werden kann.

Die Zahl muss zwischen 0 und 100 liegen

21. Qualitatssteigerung-Potential durch Use-Case *

Schdtzen Sie bitte einen Wert ein, um wieviel Prozent die Qualitdt des Prozesses durch die Implementierung des
Use-Case gesteigert werden kann.

Die Zahl muss zwischen 0 und 100 liegen
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18. number of forecast meetings per month

Please indicate the number of meetings dealing with the forecast per month

on an annual average.

19. assessment of the current forecasting process in your company

Please assess the forecasting process from the following points of view

Quality

Time required

Integration into the overall sales process

Total costs

Optimisation potential through Al

very high
high
medium
low

very low

20. cost-saving potential through use case

Please estimate a percentage value of how much can be saved by implement-

ing the use case in this process.

21. quality improvement potential through use case

Please estimate a value by how many percent the quality of the process can

be increased by implementing the use case.”
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22. Prozessgeschwindigkeitssteigerungs-Potential durch Use-Case *
Schatzen Sie bitte einen Wert ein, um wieviel Prozent die Durchlaufzeit des Prozesses durch die Implementierung
des Use-Case gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

23.Einschitzung des Forecast-Prozesses auBerhalb Thres Unternehmens *
Sofern Sie (iber eine Expertise im Kontext anderer Unternehmen verfiigen, bewerten Sie bitte das
Optimierungspotential auf Basis Ihrer allgemeinen Erfahrung

sehr hoch hoch mittel niedrig sehr niedrig  keine Antwort

Optimierungspotential
durch Kl

24. Anmerkungen zum Use-Case

Hier kénnen Sie weitere Anmerkungen und Ergdnzungen vornehmen, sowie eine Kommentierung hinterlegen.

hre Antwort eingeben

“22. process speed increase potential through use case

Please estimate a value by how many percent the throughput time of the pro-

cess can be reduced by implementing the use case.

23. estimate the forecast process outside your company

If you have expertise in the context of other companies, please assess the op-
timisation potential based on your general experience

Optimisation potential through Al

— very high

— high

— medium

- low

— very low

24. comments on the use case

Here you can make further comments and additions, as well as leave a com-

ment.”
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2.4.1.3 Use-Case: Information input and retrieval

Die Abfrage und Erfassung von Daten sind stellenweise sehr zeitraubend. Insbesondere die Erfassung von Notizen zu
einem Verkaufsgesprach oder nach einem Kunden bzw. Interessentenbesuch ist in der Regel nicht gerade die
Lieblingsbeschaftigung von Vertriebsmitarbeiter. Besonders wenn man unterwegs im Auto ist, kann jedoch durch die
MNutzung eines Sprachassistenten diese Aufgabe guasi auf dem Weg zum nachsten Termin oder nach Hause erledigt
werden, Auch die Informationsabfrage z.B: in Vorbereitung eines Gesprachstermins, zu dem man gerade unterwegs ist,
kann durch die sprachgesteuerte Abfrage des aktuellen Forecasts oder der letzten Motizen effektiv genutzt werden.

25. Nachfolgende Einflussfaktoren auf das Einsatzpotential wurden im Rahmen der
Experteninterviews identifiziert. Bitte Uberpriifen Sie die Reihenfolge und passen Sie ggf. die
Rangfolge an. Innerhalb des Kommentarbereichs kénnen Sie weitere Einflussfaktoren eingeben
und Anmerkungen vornehmen. *

Einsatzgebiet (Mobil / Home-Office / Biiro)
Dynamische Interaktion

Zuverlassigkeit der Spracherkennung
Wahrnehmungsmdaglichkeiten

Eingabemaglichkeiten

26. Zusatzliche Einflussfaktoren und weitere Anmerkungen
Hier kiinnen Sie weitere Einflussfaktoren hinterlegen, bitte geben Sie diese auch mit einem Rang (1., 2, 3., ..J an,
der angegebene Rang Ubersteuert die obere Auswahl. Gerne kénnen auch weitere Anmerkungen aufgefihrt
werderl.

hre Antwort eingeben

“2.4.1.3 Use-Case: Information input and retrieval

The retrieval and collection of data is sometimes very time-consuming. In
particular, taking notes on a sales call or after a customer or prospect visit is usually
not the favourite activity of sales staff. Especially when one is on the road in the
car, however, this task can be done virtually on the way to the next appointment or
home by using a voice assistant. Information retrieval, e.g. in preparation for a
meeting to which one is on the way, can also be used effectively through voice-

controlled retrieval of the current forecast or the latest notes.
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25. The following factors influencing the potential for use were identified
during the expert interviews. Please check the order and adjust the ranking if nec-
essary. Within the comment section you can enter further influencing factors and

make comments.

— Area of use (mobile / home office / office)
— Dynamic interaction

— Reliability of speech recognition

— DPerception possibilities

— Input possibilities

26. Additional influencing factors and further comments

Here you can enter additional influencing factors, please also indicate them
with a rank (1., 2, 3., ...), the indicated rank overrides the upper selection. You are

also welcome to list further comments.”
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27. Aufwand flr Informationsabfrage und Eingabe *

Bitte wdhlen Sie den durchschnittlichen Aufwand aus, der fir die Informationsabfrage und Eingabe pro Monat im
Durchschnitt je Vertriebsmitarbeiter aufgebracht wird.

< 1 Minute

1 - 30 Minuten
31 - &0 Minuten
1 - 4 Stunden

4 - & Stunden

8 -16 Stunden
= 16 Stunden

Keine Angabe

Sonstiges

28. Durchschnittliche Kosten Informationseingabe und Abfrage *

Bitte schdtzen Sie die durchschnittlichen Kosten fiir die Informationseingabe und Abfrage pro
Vertriebsmitarbeiter und Monat an

<1€

1- 50 €
51-250 €
251-500 €
501-1.000 €
1.001 - 2.000 €
= 2.000 €

Keine Angaben

Sonstiges
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27. effort for information retrieval and input

Please select the average effort spent on information retrieval and input per

month per sales employee.

<1 minute

1 - 30 minutes
31 - 60 minutes
1 -4 hours

4 - 8 hours

8 -16 hours
>16 hours

Not specified
Other

28. Average cost of information input and retrieval

Please estimate the average cost of information input and retrieval per sales-

person per month at

<1€

1-50 €
51-250 €

251 -500 €
501 - 1.000 €
1.001 - 2.000 €
>2.000 €

No data
Other”
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29. Anzahl vertrieblicher Notizen *

Geben Sie bitte die Anzahl der vertrieblichen Notizen pro Monat im Jahresdurchschnitt an

Der Wert muss eine Zahl sein.

30. Einschdtzung der Informationseingabe und Abfrage in Ihrem Unternehmen *

Bitte bewerten Sie den Prozess der Informationseingabe und Abfrage unter den aufgefiihrten Aspekten

sehr hoch hach mittel niedrig sehr niedrig

Qualitit /
Vollstandigkeit

Zeitaufwand

Integration in den
Gesamtprozess

Gasamtkosten

Optimierungspotential
durch Kl

31.Kosteneinsparungspotential durch Use-Case *

Schdtzen Sie bitte einen Prozentwert ab, wieviel durch die Implementierung des Use-Case in diesem Prozess
eingespart werden kann.

Die Zahl muss zwischen 0 und 100 liegen

32. Qualitatssteigerungs-Potential durch Use-Case *

Schdtzen Sie bitte einen Wert ein, um wieviel Prozent die Qualitat des Prozesses durch die Implementierung des
Use-Case gesteigert werden kann.

Die Zahl muss zwischen 0 und 100 liegen
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“29. number of distributive notes

Please indicate the number of sales-related notes per month as an annual av-

erage

30. assessment of information input and retrieval in your company
Quality / Completeness

Time spent

Integration into the overall process

Total costs

Optimisation potential through Al

— Very high

— High

— medium

- low

— very low

31. cost saving potential through use case

Please estimate a percentage value of how much can be saved by implement-

ing the use case in this process.

32. quality improvement potential through use case

Please estimate a value by how many percent the quality of the process can

be increased by implementing the use case.”
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33. Prozessgeschwindigkeitsteigerungs-Potential durch Use-Case *
Schitzen Sie bitte einen Wert ein, um wieviel Prozent die Durchlaufzeit des Prozesses durch die Implementierung
des Use-Case gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

34. Einschatzung der Informationseingabe und Abfrage auBerhalb Ihres Unternehmens *
Sofern Sie (iber eine Expertise im Kontext anderer Unternehmen verfiigen, bewerten Sie bitte das
Optimierungspotential auf Basis lhrer allgemeinen Erfahrung

sehr hoch hoch mittel niedrig sehr niedrig  keine Antwort

Optimierungspotential
durch Kl

35. Anmerkungen zum Use-Case

Hier kénnen Sie weitere Anmerkungen und Ergéinzungen vornehmen, sowie eine Kommentierung hinterlegen.

hre Antwort eingeben

“33. process speed increase potential through use case

Please estimate a value by how many percent the throughput time of the pro-

cess can be reduced by implementing the use case.

34. estimate the information input and query outside your company

If you have expertise in the context of other companies, please assess the op-
timisation potential based on your general experience

Optimisation potential through Al

— Very high

— high

— medium

- low

— very low

— no answer

35. comments on the use case

Here you can make further comments and additions, as well as leave a com-

ment.”
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Bereich: Projektmanagement

m nachfolgenden Abschnitt werden Fragen zu den 2 Use-Cases aus dem Bereich Projektmanagement gestellt.

36. Anzahl Mitarbeiter im Bereich Projektmanagement *

Der Wert muss eine Zahl sein.

37. Anzahl parallel laufender Projekte pro Monat *

Geben Sie bitte die Anzahl der parallel {aufenden Projekten pro Monat im Jahresdurchschnitt an

Der Wert muss eine Zahl sein.

38. Bitte schétzen Sie lhren Wissensstand in Prozessen im Bereich Projektmanagement ein *
Keine Expertise
Expertise in firmeninternen Prozessen des eigenen Unternehmens
Expertise in Prozessberatung

Expertise in Prozessberatung und eigenen Prozessen

“Area: Project Management

In the following section, questions are asked about the 2 use cases from the

area of project management.
36. number of employees in the area of project management

37. number of projects running in parallel per month

Please indicate the number of projects running in parallel per month as an

annual average.

38. please estimate your level of knowledge in processes in the area of project

management

— No expertise
— Expertise in internal processes of your own company
— Expertise in process consulting

— Expertise in process consulting and own processes”



APPENDIX LXXXV

39. Aufwand fir Projektplanung und Steuerung *

Bitte wdhlen Ste den durchschnittlichen Aufwand aus, der fiir die Planung und Steuerung von Projekten pro
Monat im Durchschnitt je Projektmitarbeiter aufgebracht wird.

< 1 Minute

1 - 30 Minuten
31 - 80 Minuten
1 -4 Stunden

4 - 8 Stunden

8 -16 Stunden
= 16 Stunden

Keine Angabe

Sonstiges

40, Durchschnittliche Kosten fiir die Projektplanung- und Steuerung *

Bitte schdétzen Sie die durchschnittlichen Kosten fiir die Planung- und Steuerung von Projekten pro Mitarbeiter
und Monat ab.

< 100 €

100- 500 €
501-1.000 €
1.001 - 2.000 €
2.001 - 3.000 €
3.001 - 4.000 €
= 4,000 €

Keine Angaben

Sonstiges
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“39. effort for project planning and control

Please select the average effort spent on planning and controlling projects per

month per project staff member.

— <1 minute

— 1-30 minutes
— 31 - 60 minutes
— 1-4hours

— 4-8hours

— 8-16 hours

— >16 hours

— Not specified
— Other

40. Average costs for project planning and management

Please estimate the average cost of planning and managing projects per em-

ployee per month.

- <100¢€

— 100- 500 €

— 501-1.000 €
— 1.001 -2.000 €
— 2.001-3.000 €
— 3.001 - 4.000 €
- >4.000€

— Not specified
— Other”
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2.4.2.1 Use-Case: Project planning & 2.4.2.2 Use-Case: Project implementation

Projektplanung

Projektplanung ist eine komplexe Aufgabe, die entsprechenden Ressourcen missen zur richtigen Zeit, in der
notwendigen Menge und am richtigen Ort zur Verfigung stehen. Die Kl kann den Planungsprozess unterstitzen, indem
sie die notwendigen Ressourcen auf der Grundlage fritherer Projekte ermittelt und Projektrisiken durch die Analyse von
Meilensteinverschiebungen oder Kosten- und Aufwandsiberschreitungen bei 3hnlichen Projekten identifiziert.

Projektdurchfihrung

Langfristige Entscheidungsprozesse und schlechte Kemmunikation zwischen Projektparteien und Auftragnehmer sind
Risiken fir eine Verzégerung des Projekts. Mit Hilfe der Kl kann eine Echtzeitanalyse des Projekts ein vollstindiges Bild
der anstehenden Entscheidungen auf der Grundlage von Daten aus Shnlichen Projekten liefern. Alle verfligbaren
Informationen kdnnen zusammengestellt und dem Entscheidungstrager zur Verfligung gestellt werden, um den Prozess
der anstehenden Entscheidung zu beschleunigen. Auf der Grundlage von Kommunikationseintrdgen aus frilheren
Projekten kénnen Verschlage fir die erforderliche Projektkommunikation abgeleitet werden, um den Auftragnehmer
und das Projektteam auf dem Laufenden zu halten. Auch die Extraktion von Best Practices nach Projektabschluss sind
denkbare Anwendungsfille, um das Wissen anderen Projekttrigern zur Verfligung zu stellen.

41. Nachfolgende Einflussfaktoren auf das Einsatzpotential wurden im Rahmen der
Experteninterviews identifiziert. Bitte (berprifen Sie die Reihenfolge und passen Sie ggf. die
Rangfolge an. Innerhalb des Kommentarbereichs kénnen Sie weitere Einflussfaktoren eingeben
und Anmerkungen vornehmen. *

Wolumen - Anzahl Projekte
Generalisierbarkeit der Daten
Vorhersehbarkeit von Ereignissen
Mustererkennung

Komplexitit des Planungsprozesses

Anreicherung von Daten
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“2.4.2.1 Use-Case: Project planning & 2.4.2.2 Use-Case: Project implementation

Project planning

Project planning is a complex task; the appropriate resources must be availa-
ble at the right time, in the necessary quantity and at the right place. Al can support
the planning process by determining the necessary resources based on previous
projects and identifying project risks by analysing milestone delays or cost and ef-

fort overruns in similar projects.

Project implementation

Lengthy decision-making processes and poor communication between pro-
ject parties and contractors are risks for project delay. With the help of Al, real-time
analysis of the project can provide a complete picture of pending decisions based
on data from similar projects. All available information can be compiled and pro-
vided to the decision maker to speed up the process of the pending decision. Based
on communication records from previous projects, suggestions for the required
project communication can be derived to keep the contractor and the project team
informed. The extraction of best practices after project completion are also conceiv-
able use cases to make the knowledge available to other project promoters.

41. The following factors influencing the potential for use were identified
during the expert interviews. Please check the order and adjust the ranking if nec-
essary. Within the comment section, you can enter further influencing factors and

make comments.

— Volume - number of projects

— Generalisability of the data

— Predictability of events

— Pattern recognition

— Complexity of the planning process

— Data enrichment”
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42. Zuséatzliche Einflussfaktoren und weitere Anmerkungen

Hier kinnen Sie weitere Einflussfaktoren hinterlegen, bitte geben Sie diese auch mit einem Rang (1., 2., 3., ...) an,
der angegebene Rang Ubersteuert die obere Auswahl. Gerne kdnnen auch weitere Anmerkungen aufgefiihrt
werden.

lhre Antwort eingeben

43, Einschatzung der Projekiplanung- und Steuerung in lhrem Unternehmen *
Bitte bewerten Sie den Prozess der Planung und Steuerung von Projekten unter den aufgefihrten Aspekten

sehr hoch hoch mittel niedrig sehr niedrig
Qualitat / Termintreue
Zeitaufwand

Integration in den
Gesamtprozess

Gesamtkosten

Optimierungspotential
durch Kl

44, Kosteneinsparungspotential durch Use-Cases *

Schétzen Sie bitte einen Wert ein, um wieviel Prozent die Kosten des Prozesses durch die Impelmentigrung der
Use-Cases gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

45, Qualitatssteuerungs-Potential durch Use-Cases *

Schdtzen Sie bifte einen Wert ein, um wieviel Prozent die Qualitdt des Prozesses durch die Impelmentierung der
Use-Cases gesteigert werden kann.

Die Zahl muss zwischen 0 und 100 liegen
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“42. additional influencing factors and further comments

Here you can store additional influencing factors, please also indicate them

with a rank (1., 2., 3., ...), the indicated rank overrides the upper selection. You are

also welcome to list further comments.

43. assessment of project planning and control in your company

Please rate the process of planning and controlling projects under the listed

aspects

Quality / adherence to deadlines

Time expenditure

Integration into the overall process

Total costs

Optimisation potential through Al

Very high
High
medium
low

very low

44. cost saving potential through use cases

Please estimate a value by how many percent the costs of the process can be

reduced by the implementation of the use cases.

45. quality control potential through use cases

Please estimate a value by how many percent the quality of the process can

be increased by the implementation of the use cases.”
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46. Prozessgeschwindigkeitsteigerungs-Potential durch Use-Cases *
Schdtzen Sie bitte einen Wert ein, um wieviel Prozent die Durchlaufzeit des Prozesses durch die Impelmentierung
der Use-Cases gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

47. Einschatzung der KI-Unterstiitzung fur die Projekiplanung- und Steuerung auBerhalb Ihres
Unternehmens *
Sofern Sie tiber eine Expertise im Kontext anderer Unternehmen verftigen, bewerten Sie bitte das
Optimierungspotential auf Basis [hrer allgemeinen Erfahrung

sehr hoch hech mittel niedrig sehr niedrig  keine Antwort

Optimierungspotential
durch Kl

“46. process speed increase potential through use cases

Please estimate a value by how many percent the throughput time of the pro-

cess can be reduced by the implementation of the use cases.

47. estimate the AI support for project planning and control outside your
company

Assessment of Al support for project planning and control outside your com-
pany

Optimisation potential through Al

— Very high

— High

— medium

- low

— very low

7

— no answer’
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Bereich: Kundenbetreuung

m nachfolgenden Abschnitt werden Fragen zu den 5 Use-Cases aus dem Bereich Kundenbetreuung gestelit.

48, Anzahl Mitarbeiter im Bereich Kundenbetreuung *

Der Wert muss eine Zahl sein.

49. Anzahl Tickets pro Monat *

Geben Sie bitte die Anzahl der Tickets (Supportnanfragen) pro Monat im Jahresdurchschnitt an

Der Wert muss eine Zahl sein.

50. Bitte schatzen Sie lhren Wissensstand in Prozessen im Bereich Kundenbetreuung ein *
Keine Expertise
Expertise in firmeninternen Prozessen des eigenen Unternehmens
Expertise in Prozessberatung

Expertise in Prozessberatung und eigenen Prozessen

“Area: customer service

In the following section, questions are asked about the 5 use cases from the

area of customer care.
48. number of employees in the area of customer care
49. number of tickets per month

50. please rate your level of knowledge in customer care processes

— No expertise
— Expertise in internal processes of your own company
— Expertise in process consulting

— Expertise in process consulting and own processes”
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51. Aufwand fur die Bearbeitung eines Tickets *

Bitte wdhlen Sie den durchschnittlichen Aufwand aus, der fir die vollstdndige Bearbeitung eines Tickets
Durchschnitt bendtigt wird (Jahresdurchschnitt).

< 1 Minute

1 - 30 Minuten
31 - 60 Minuten
1 -4 Stunden

4 - & Stunden

8 -16 5tunden
= 16 Stunden

Keine Angabe

Sonstiges

52. Durchschnittliche Kosten flr die Bearbeitung eines Tickets *

Bitte schiitzen Sie die durchschnittlichen Kosten fir die vollstiindige Bearbeitung eines Tickets ab
(Jahresdurchschnitt).

<10 €
11-50 €
51-100€
101 - 200 €
201-500 €
501-1.000 €
= 1.000 €

Keine Angaben

Sonstiges
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“51. effort for the processing of a ticket

Please select the average effort required to fully process a ticket (annual av-
erage).

— <1 minute

— 1-30 minutes

— 31 - 60 minutes

— 1-4hours

— 4-8hours

— 8-16 hours

— >16 hours

— Not specified

— Other

52. average cost of processing a ticket

Please estimate the average costs for the complete processing of a ticket (an-

nual average).

- <10€

- 11-50€

— 51-100€

— 101-200€
- 201-500€
— 501-1.000 €
- >1.000€

— No data

—  Other”
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Use-Cases Kundenbetreuung

2.4.3.1 Use-Case: Ticket-Classification

Je nach Eingangsquelle missen diese Support-Tickets noch kdassifiziert werden, um 2.8, zwischen Fehlern,
Anwenderfragen oder Change-Requests (CRQ) 2u differenneren, aus denen sich ggf, auch kostenpflichtige Leistungen
ergeben. Hier kann durch entsprechend trainierte Modelie wie Decision Trees Machine Learning unterstitzen und diese
Klassifizierung vomehmen oder bestehende Klassifizierungen validieren,

2.4.3.2 Use-Case: Ticket assignment

Als westerer Schritt nach der Erstellung und Klassifizierung des Support-Tickets ist die Zuweisung eines geeigneten
Bearbedters, der die Anfrage schnell 2u éinem erfolgreichen Abschiuss bringt. Auch hier kann durch entsprechend
trainierte Modelle eine Unterstitzung durch Machine Leamning erfolgen, um geeignete Mitarbeiter zur Losung der
Fragestellung zu ermitteln.

24.3.3 Use-Case: Solution suggestion for tickets

Die Suche nach Losungen fur Tickets kann zeitaufwandig sein, es werden viele Arbeitsstunden damit verbracht, alte
Tickets und FAQ-Datenbanken zu durchsuchen, um eine Losung fir ein aktuelles Problem zu. Je nach Verfigbarkeit
zuvertassiger Daten innerhalb des zu Idsenden Problems ist KI in der Lage, shnliche Tickets oder FAQs zu identifimeren,
um Viorschiage zur Losung des Problems 2u unterbresten

2434 Use-Case: Chatbot

Als vorletzten Use-Case machte ich die Nutzung von Chatbots vorstellen. Chatbots konnen dazu verwendet werden, um
emnen 24/7-Kundensupport einzurichten, um Produkt- oder technische Probleme zu Idsen. £5 handelt sich dabes, um ein
Dialogsystem zur Behandiung von Fragen und Antworten auf der Grundlage einer Datenbank. Auch hier wird KI -
konkret Natural Language Processing (NLP) -verwendet, um den Kern der Fragestellung zu extrahieren und mat
entsprechenden Losungsmoglichkeiten abzugleichen.

2435 Use-Case: Support volume prediction

AbschlieBend fir die Use-cases der Kundenbetreuung mochte ich die Verhersage des Supportvelumens betrachten. For
emnen moglichst kosteneffizienten Betneb der Kundenbetreuung ist neben einer effektiven Ablauforganisation auch die
Vermeidung von Uber- und Unterkapazitsten unerldssiich, auch wenn ggf. Tickets durch Chatbots bearbeitet werden, ist
voraussichtlich eine menschliche Uberwachung weitertun notwendig. Fir die Planung der bendtigten Kapazitaten speelt
das zu enwartende Supportvolumen éine Relle. Welche Einflussfaktoren bei der Bestimmung des Betreuungsvolumens
&ine Rolle spielen, hangt vom incividuelien Geschaftsmodell des Unternehmens ab. £s ist daher notwendig, diese
Einflussfaktoren im Rahmen von Datenanalysen aus Vergangenheitsdaten zu extrahieren und dann in ein individuelies
Prognosemodell zu Uberflhren, um auf dieser Basis Vorhersagen validieren und treffen zu kénnen.

53.Nachfolgende Einflussfaktoren auf das Einsatzpotential wurden im Rahmen der
Experteninterviews identifiziert. Bitte Gberprifen Sie die Reihenfolge und passen Sie ggf. die
Rangfolge an. Innerhalb des Kommentarbereichs konnen Sie weitere Einflussfaktoren eingeben
und Anmerkungen vornehmen, *

Volumen - Anzahl Tickets
Generalisierbarkeit der Daten
Komplexitat des Zuordnungsprozesses
Anzahl Mitarbeiter

Verfugbarkeit von Mitarbeitem
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“Use-Cases Customer service

2.4.3.1 Use Case: Ticket Classification

Depending on the input source, these support tickets still need to be classi-
fied, e.g. to differentiate between errors, user questions or change requests (CRQ),
which may also result in chargeable services. Here, appropriately trained models
such as decision trees can support machine learning and carry out this classification

or validate existing classifications.

2.4.3.2 Use case: Ticket assignment

Another step after the creation and classification of the support ticket is the
assignment of a suitable agent who will quickly bring the request to a successful
conclusion. Here, too, appropriately trained models can provide support through

machine learning in order to determine suitable employees to solve the issue.

2.4.3.3 Use case: Solution suggestion for tickets

The search for solutions for tickets can be time-consuming, many working
hours are spent searching through old tickets and FAQ databases to find a solution
for a current problem. Depending on the availability of reliable data within the
problem to be solved, Al is able to identify similar tickets or FAQs to suggest solu-

tions to the problem.

2.4.3.4 Use Case: Chatbot

The penultimate use-case I would like to present is the use of chatbots. Chat-
bots can be used to set up 24/7 customer support to solve product or technical prob-
lems. It is a dialogue system for handling questions and answers based on a data-
base. Here, too, Al - specifically Natural Language Processing (NLP) - is used to

extract the core of the question and match it with corresponding possible solutions.
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2.4.3.5 Use-case: Support volume prediction

Finally, for the use-cases of customer support, I would like to consider the
prediction of support volume. For the most cost-efficient operation of customer
support, it is essential to avoid over- and under-capacities in addition to an effec-
tive process organisation; even if tickets are processed by chatbots, human super-
vision will probably still be necessary. The expected support volume plays a role
in planning the required capacities. Which influencing factors play a role in deter-
mining the support volume depends on the individual business model of the com-
pany. It is therefore necessary to extract these influencing factors from past data
within the framework of data analyses and then to transfer them into an individual

forecast model in order to be able to validate and make predictions on this basis.

53. The following factors influencing the deployment potential were identi-
fied during the expert interviews. Please check the order and adjust the ranking if
necessary. Within the comment section, you can enter further influencing factors

and make comments.

— Volume - number of tickets

— Generalisability of the data

— Predictability of events

— Complexity of the assignment process
— Number of employees

— Auvailability of staff

— Possible communication channels”
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54, Zusatzliche Einflussfaktoren und weitere Anmerkungen

Hier kénnen Sie weitere Einflussfaktoren hinterlegen, bitte geben Sie diese auch mit einem Rang (1. 2. 3. ..J) an,
der angegebene Rang (bersteuert die obere Auswahl. Gerne kinnen auch weitere Anmerkungen aufgefihrt
werden.

Ihre Antwort eingeben

55. Einschatzung der Bearbeitung von Tickets in lhrem Unternehmen *
Bitte bewerten Sie den Prozess der Bearbeitung von Tickets unter den aufgeflihrten Aspekten

sehr hoch hach mittel niedrig sehr niedrig
Qualitit der Lasung
Geschwindigkeit
Zeitaufwand
Verfligbarkeit

Integration in den
Gesamtprozess

Gesamtkosten

Optimierungspotential
durch Kl

56. Kosteneinsparungspotential durch Use-Cases *

Schdtzen Sie bitte einen Wert ein, um wiewviel Prozent die Kosten des Prozesses durch die Impelmentierung der
Use-Cases gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

57.Qualitdtssteuerungs-Potential durch Use-Cases *

Schiitzen Sie bitte einen Wert ein, um wieviel Prozent die Qualitét des Prozesses durch die Impelmentierung der
Use-Cases gesteigert werden kann.

Die Zahl muss zwischen 0 und 100 liegen
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“54. additional influencing factors and further comments

Here you can store additional influencing factors, please also indicate them

with a rank (1., 2., 3., ...), the indicated rank overrides the upper selection. You are

also welcome to list further comments.

55. assessment of the processing of tickets in your company

Quality of the solution

Speed

Time required

Availability

Integration into the overall process

Total costs

Optimisation potential through Al

Very high
high
medium
low

very low

56. cost saving potential through use cases

Please estimate a value by how many percent the costs of the process can be

reduced by the implementation of the use cases.

57. quality control potential through use cases

Please estimate a value by how many percent the quality of the process can

be increased by the implementation of the use cases.”
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58. Prozessgeschwindigkeitsteigerungs-Potential durch Use-Cases *
Schdtzen Sie bitte einen Wert ein. um wieviel Prozent die Durchlaujzeit des Prozesses durch die Impelmentierung
der Use-Cases gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

59. Einschatzung der Kl-Unterstiitzung fiir die Kundenbetreuung auBerhalb lhres Unternehmens *

Sofern Sie lber eine Expertise im Kontext anderer Unternehmen verflgen, bewerten Sie bitte das
Optimierungspotential auf Basis [hrer allgemeinen Erfahrung

sehr hoch haoch mittel niedrig sehr niedrig  keine Antwort

Optimierungspotential
durch KI

“58. process speed increase potential through use cases

Please estimate a value by how many percent the throughput time of the pro-

cess can be reduced by the implementation of the use cases.

59. estimate the Al support for customer care outside your company
Optimisation potential through Al

— Very high

— high

— medium

- low

— very low”
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Bereich: Controlling

Im nachfolgenden Abschnitt werden Fragen zu den 2 Use-Cases aus dem Bereich Controlling gestelit.

60. Anzahl Mitarbeiter im Bereich Controlling *

Der Wert muss eine Zahl sein.

61. Bitte schatzen Sie Ihren Wissensstand in Prozessen im Bereich Controlling ein *
Keine Expertise
Expertise in firmeninternen Prozessen des eigenen Unternehmens
Expertise in Prozessberatung

Expertise in Prozessberatung und eigenen Prozessen

62. Aufwand fir das Controlling *

Bitte wiihlen Sie den durchschnittlichen Aufwand aus, der fiir die Aufbereitung und Analyse von Ubersichten im
Durchschnitt pro Monat bendtigt wird (Jahresdurchschnitt).

< 1 Minute

1 - 30 Minuten
31 - 60 Minuten
1 -4 Stunden

4 - 8 Stunden

& -16 Stunden
= 16 Stunden

Keine Angabe

Sonstiges

cI
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“Area: Controlling

In the following section, questions are asked about the 2 use cases from the

area of controlling.

60. number of employees in the area of controlling

61. Please estimate your level of knowledge in processes in the area of con-

trolling

No expertise
Expertise in internal processes of your own company
Expertise in process consulting

Expertise in process consulting and own processes

62. effort for controlling

Please select the average effort required for the preparation and analysis of

overviews per month (annual average).

<1 minute

1 - 30 minutes
31 - 60 minutes
1 -4 hours

4 - 8 hours

8 -16 hours
>16 hours

Not specified
Other”
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63. Kosten flr das Controlling *
Bitte wiéhlen Sie die durchschnittlichen Kosten aus, der filr die Aufbereitung und Analyse von Ubersichten im
Durchschnitt pro Monat bendtigt wird (Jahresdurchschnitt).

<1€
1-100€
101-500 €
501-1.000 €
1.001 -2.500 €
2.501 - 5.000 €
= 5.000 €

Keine Angabe

Sonstiges

“63. costs for controlling

Please select the average costs required for the preparation and analysis of

overviews per month (annual average).

- <1€

- 1-100€

— 101-500€

— 501-1.000 €
— 1.001 -2.500 €
— 2.501-5.000 €
- >5.000€

— Not specified
— Other”
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Use-Cases Controlling

24.6.1 Use-Case: Interpretation of reports

Die richtige Interpretation von Berichten ist ein wesentlicher Aspekt der Entscheidungsfindung. Beispielsweise ist der
Deckungsbeitrag ein wichtiger Indikator fir den finanziellen Zustand des Unternehmens und bildet die Grundlage fir
die Break-even-Analyse. Dieser Indikator kann als die Differenz zwischen den Mettoeinnahmen und den gesamten
variablen Kosten fir einen bestimmten Zeitraum definiert werden, wenn er als einstufige Berechnung verwendet wird,
Flgt man weitere Stufen wie Fixkesten in die Berechnung ein, ergibt sich ein differenzierteres Bild als
Gesamtdeckungsbeitrag. In der Regel ist dies eine Kennzahl in der Retrospektive, jedoch ist es mdglich durch die
Verwendung verschiedener Datenguellen auch Prognosen Gber den zukinftigen Deckungsbeitrag vorzunehmen.

Wie bereits im Rahmen des Vertriebs-Forecast besprochen, kann die Kl die Genauigkeit der Prognose erhdhen, was zu
verldsslicheren Viorhersagen fihri, aber der Nutzen der Kl endet nicht mit den Vorhersagen, Mit Hilfe von
Konfigurationen fUr KPIs ist es nicht nur moglich, die zugrundeliegenden Daten visuell aufzubereiten, sondern es ist auch
méglich, diese Daten im Kontext zu interpretieren und dem Benutzer die angezeigten Informationen mittels
Sprachsynthese in Kembination mit visueller Hervarnebung zu erkldren. Das System ist in der Lage, Abweichungen und
Anomalien in den Diaten zu erkennen und den Benutzer durch audiovisuelle Interaktion auf diese hinzuweisen. Kritische
Werte kBnnen durch den Vergleich mit KPI-Spezifikationen direkt identifiziert werden, so dass der Benutzer eine
kontextbezogene Beurtellung des Deckungsbeitrags und spezifische Informationen zu Kostenbldcken oder
Umsatzprognosen erhalt.

2.4.6.2 Use-Case: Data-informed decision making

Als letzten Use-Case befassen wir uns nun mit dem Thema der Entscheidungsfindung. In diesem Zusammenhang
betrachten wir den Begriff .der dateninfermierten Entscheidungsfindung”. Die grundlegende Verdnderung der
Entscheidungsprozesse macht es notwendig, diesen Bereich zu betrachten. Um eine ausgewogene Grundlage fiir die
Entscheidungsfindung zu erhalten, wird mittlerweile haufig die Kombination von Intuition - basierend auf
entsprechendem Fachwissen - und einer scliden Datenbasis gewahlt. Der vorangegangene Anwendungsfall zeigte, wie
Entscheidungen auf der Grundlage von zusammengefassten Daten und entsprechenden Vorkonfigurationen vorbereitet
werden kénnen, Auf der Grundlage dieses Szenarios kann der Anwender einen umfassenden deep-dive” durch die
Daten durchiiihren. Durch Sprachinteraktion kann ein Drill-Down aufgerufen werden, um detaillierte Informationen zu
einzelnen Prozessen zu erhalten, so dass der Benutzer auf der Grundlage der Daten und seiner eigenen Intuition bessere
Entscheidungen treffen kann,

64, Nachfolgende Einflussfaktoren auf das Einsatzpotential wurden im Rahmen der
Experteninterviews identifiziert. Bitte aberprifen Sie die Reihenfolge und passen Sie ggf. die
Rangfolge an. Innerhalb des Kommeantarbereichs kénnen Sie weitere Einflussfaktoren eingeben
und Anmerkungen vornehmen. *

Expertise - Je griber desto weniger Unterstitzung bei der Interpretation notwendig
Mustererkennung

Vorhersehbarkeit von Ereignissen

Komplexitdt des Auswertungsprozesses

Validitst der Daten

Unternehmensgrote

Entscheidungskontext - Kritische oder unkritische Entscheidung

Verldsslichkeit

Wahrnehmungsmaglichkeiten - z.B. Einschrankungen durch parallele Tatigkeiten
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“2.4.6.1 Use-Case: Interpretation of reports

The correct interpretation of reports is an essential aspect of decision-making.
For example, contribution margin is an important indicator of the financial condi-
tion of the business and forms the basis for break-even analysis. This indicator can
be defined as the difference between net revenues and total variable costs for a
given period when used as a single-stage calculation. If one adds further stages
such as fixed costs to the calculation, a more differentiated picture emerges as total
contribution margin. As a rule, this is a key figure in retrospect, but it is also possi-
ble to make forecasts about the future contribution margin by using different data

sources.

As discussed in the sales forecast, Al can increase the accuracy of the forecast,
resulting in more reliable predictions, but the benefits of Al do not end with the
predictions. Using configurations for KPIs, it is not only possible to visually pre-
pare the underlying data, but it is also possible to interpret this data in context and
explain the displayed information to the user using speech synthesis in combina-
tion with visual highlighting. The system is able to detect deviations and anomalies
in the data and point them out to the user through audio-visual interaction. Critical
values can be directly identified through comparison with KPI specifications,
providing the user with a contextual assessment of the contribution margin and

specific information on cost blocks or revenue forecasts.

2.4.6.2 Use Case: Data-informed decision making

As a final use-case, we now address the issue of decision-making. In this con-
text, we consider the term “data-informed decision making”. The fundamental
change in decision-making processes makes it necessary to look at this area. In or-
der to obtain a balanced basis for decision-making, the combination of intuition -
based on appropriate expertise - and a solid data basis is now often chosen. The
previous use case showed how decisions can be prepared on the basis of summa-
rised data and corresponding pre-configurations. Based on this scenario, the user
can perform a comprehensive “deep-dive” through the data. Through voice inter-
action, a drill-down can be invoked to obtain detailed information on individual
processes, allowing the user to make better decisions based on the data and their

own intuition.
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64. The following factors influencing the potential for use were identified
during the expert interviews. Please check the order and adjust the ranking if nec-
essary. Within the comment section you can enter further influencing factors and

make comments.

— Expertise - The greater the less support needed for interpretation
— Pattern recognition

— Predictability of events

— Complexity of the evaluation process

— Validity of the data

— Company size

— Decision context - critical or non-critical decision

— Reliability

— DPerceptual possibilities - e.g., limitations due to parallel activities”
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65. Zusatzliche Einflussfaktoren und weitere Anmerkungen

Hier kénnen Sie weitere Einflussfaktoren hinterlegen, bitte geben Sie diese auch mit einem Rang (1., 2, 3., ...) an,
der angegebene Rang lbersteuert die obere Auswahl. Gerne kGnnen auch weitere Anmerkungen aufgefiihrt
werden.

Ihre Antwort eingeben

66. Einschatzung des Controllingprozesses in Ihrem Unternehmen *

Bitte bewerten Sie den Controllingprozess unter den aufgefiihrten Aspekten

sehr hoch hoch mittel niedrig sehr niedrig

Qualitat der Analyse
und Entscheidung

Zeitaufwand
Verfigbarkeit

Integration in den
Gesamtprozess

Gesamtkosten

Optimierungspotential
durch Kl

67. Kosteneinsparungspotential durch Use-Cases *

Schiitzen Sie bitte einen Wert ein, um wieviel Prozent die Kosten des Prozesses durch die Impelmentierung der
Use-Cases gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen
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“65. Additional influencing factors and further comments

Here you can store additional influencing factors, please also indicate them

with a rank (1., 2., 3., ...), the indicated rank overrides the upper selection. You are

also welcome to list further comments.

66. assessment of the controlling process in your company

Please evaluate the controlling process under the listed aspects

Quality of analysis and decision-making

Time required

Availability

Integration into the overall process

Total costs

Optimisation potential through Al

Very high
high
medium
low

very low

67. cost saving potential through use cases

Please estimate a value by how many percent the costs of the process can be

reduced by the implementation of the use cases.”
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68. Qualitatssteuerungs-Potential durch Use-Cases *
Schdtzen Sie bitte einen Wert ein, um wieviel Prozent die Qualitdt des Prozesses durch die Impelmentierung der
Use-Cases gesteigert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

69. Prozessgeschwindigkeitsteigerungs-Potential durch Use-Cases *
Schdtzen Sie bitte einen Wert ein, um wieviel Prozent die Durchlaufzeit des Prozesses durch die Impelmentierung
der Use-Cases gemindert werden kann.

Die Zahl muss zwischen 0 und 100 liegen

70.Einschatzung der Kl-Unterstiitzung fir das Controlling auBerhalb Ihres Unternehmens *
Sofern Sie tiber eine Expertise im Kontext anderer Unternehmen verfiigen, bewerten Sie bitte das
Optimierungspotential auf Basis Ihrer allgemeinen Erfahrung

sehr hoch hach mittel niedrig sehr niedrig  keine Antwort

Optimierungspotential
durch Kl

“68. quality control potential through use cases

Please estimate a value by how many percent the quality of the process can

be increased by the implementation of the use cases.

69. process speed increase potential through use cases

Please estimate a value by how many percent the throughput time of the pro-

cess can be reduced by the implement of the use cases.

70. estimate the Al support for controlling outside your company

If you have expertise in the context of other companies, please assess the op-
timisation potential based on your general experience

Optimisation potential through Al

— Very high

— high

— medium

- low

— very low

7

— no answer’
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EXPERT INTERVIEW PROTOCOLS

The interview guide and corresponding interview protocols are provided be-
low. The guide is provided in English, the interview protocols are attached in the

original Language as the interviews were conducted in German.

Interview guideline

Research questions

RQ2: “In what areas Al and IPA features can improve processes in small and

medium-sized service enterprises?
RQ3: “Which kind of processes are being affected and which kind of specific
features are helpful?”

RQ4: “What are the limitations of Al and IPA feature implementation in
SME?

Introduction
Welcome

Welcome to this expert interview. Thank you for your time and willingness
to share your knowledge and views. The interview will be conducted as part of a

research project and the results will be published as part of a dissertation.
Subject

This expert interview deals with the effects of the use of artificial intelligence
in processes of medium-sized service companies. Central questions are in which
areas Al and Intelligent Personal Assistants (IPA) -i.e., language assistants like Siri,
Amazon's Alexa, or Google Assistant - change business processes, in which process

types they offer added value and where the limits of implementation lie.
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Procedure

The interview is divided into the welcoming phase, the introductory ques-
tions, followed by the main part with specific questions about the different business

processes from the areas.

— Sales & Marketing

— Project Management
— Customer Service

— Procurement

— Accounting and

— Controlling.

Using use cases, questions are developed to discuss possible scenarios for the
use of Al within processes. Finally, a short review and outlook is given. Since the
aim is to get a general overview of as many processes as possible, I would ask you

to be as focused as possible on the respective question.

The interview will take about 45 - 60 minutes.

Privacy policy

This interview was recorded and protocolled. If you wish, your name and the

name of your company can be made anonymous.

Please let us know now that you agree to the recording.

Please indicate if you wish to be anonymized.

Entry questions

1.1 Please state your age.

1.2 Please indicate your professional experience and in which area(s) these
traps apply.

1.3 What is your highest educational level?

1.4 How long have you been working for the company in total?

1.5 In which area are you currently working and for how long?

1.6 In which of the areas mentioned do you consider yourself an expert?

1.6.1- Sales & Marketing

1.6.2 - Project Management

1.6.3 - Customer Service
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1.6.4 - Procurement

1.6.5- Accounting

1.6.6 - Controlling.

1.7.1 How open are you to technological innovations? What innovations are
you particularly interested in?

1.7.2 Have you already had personal experience with AI? Which ones?

1.7.3 Do you use an IPA (Google Assistant, Amazon Alexa, Siri, Bixbi, etc.) in
your private life?

1.8.1 Which company do you work for?

1.8.2 How many employees work for your company?

1.8.3 In which industry is your company active?

1.8.4 Does your company count as an SME according to the definition of the
EU Commission (less than 250 employees and turnover < 50 million €)?

1.8.5 Which ERP system do you use?

1.9.1 How do you estimate your knowledge in the field of Al application pos-
sibilities?

1.9.2 Please estimate how important Al will be within business processes in
the next 3 years.

1.9.3 Is Al currently used in your company or are you planning to use it? If

so, in which areas?

Key questions

Let's get to the main questions. Along the process chain we will go through
the individual areas, I will describe use cases for the use of Al and I would like to
hear your views, especially if you can imagine this area of application for your
company. After the use cases, you are welcome to contribute your own ideas and
suggestions for the use of Al The corresponding questions are already prepared

and will be asked at the end of each section.
Sales & Marketing

The first thing we will look at is the Sales & Marketing and Marketing depart-
ment. Three use cases have been worked out for this, which I would like to discuss

with you.
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2.4.1.1 Use Case: Lead management

An important aspect in the area of sales & marketing is lead management,
especially the quick identification of potential customers who can be quickly

brought to a conclusion.

2.1 Do you see a potential to optimize this process through clustering and
pre-evaluation by using classification algorithms from the field of machine learn-
ing?

2.2 Which information is necessary for a valid evaluation and is it accessible
at all?

2.4.1.2 Use-Case: Forecasting

Next, let's look at the area of forecasting, where the potential determination
from the previous example of lead management should be directly considered in
the forecast. Forecasting demand can quickly become very difficult due to seasonal
influences, product life cycles or complex trends. Machine Learning can be used to
forecast short and medium-term business development on the basis of historical
sales figures, product characteristics in combination with publicly available data

such as economic growth.
2.3 How do you see this approach to forecasting?
2.4.1.3 Use-Case: Information input and retrieval

The retrieval and recording of data is very time-consuming in some places.
Especially the collection of notes on a sales talk or after a customer or prospect visit
is usually not the favourite activity of sales staff. However, especially when you are
on the road in your car, the use of a voice assistant can help you to complete this
task on the way to your next appointment or home. Also the information inquiry
e.g. in preparation of a meeting, to which one is on the way, can be used effectively
by the voice-controlled inquiry of the current forecast or the last notes. I would like
to briefly present the first prototype, which already gives you an impression of how

this function can be used in practice.

Interaction: Call V-IP-A, “Give me my summary” & “New acquisition at
<COMPANY>"

2.4 What do you think of the application examples just shown?
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2.5 How do you see the use of IPA for data collection and information provi-

sion in the sales area?
2.6 What other information could be interesting?
Own ideas & comments on the use of Al in sales & marketing

After we have discussed the use cases from the area of sales & marketing, I
would be interested to know what potential Al applications you see in your com-

pany in this area.
2.7 Which sales or marketing processes will Al affect in your company?
Project Management

Next, we look at the area of project management. I would like to present and

discuss two use cases in this context.
2.4.2.1 Use-Case: Project planning

Project planning is a complex task, the corresponding resources must be
available at the right time, in the necessary quantity and at the right place. Al can
support the planning process by determining the necessary resources based on pre-
vious projects and identifying project risks by analyzing milestone shifts or cost

and effort overruns in similar projects.

3.1 How do you see the possibilities of Al support within the planning pro-

cess?
2.4.2.2 Use-Case: Project implementation

Long-term decision-making processes and poor communication between
project parties and contractors are risks of project delay. With the help of Al a real-
time analysis of the project can provide a complete picture of upcoming decisions
based on data from similar projects. All available information can be compiled and
made available to the decision maker to speed up the process of the upcoming de-
cision. Based on communication entries from previous projects, suggestions for the
necessary project communication can be derived to keep the contractor and the
project team informed. The extraction of best practices after project completion are
also conceivable use cases to make the knowledge available to other project spon-

SOrs.

3.2 How do you see the use of Al within project implementation, as an early

warning and assistance system, as well as knowledge extraction?



APPENDIX CXV

3.3 Which KPIs are relevant for you?
Own ideas & comments on the use of Al in project management

Do you see further areas of application for Al in the field of project manage-

ment?
3.4 Can you imagine using Al in your own projects to optimize processes?
Customer Service

Next, we look at the process area of customer care. In the literature there are
numerous examples of how Al can be used here. So there is supposedly a lot of
automation and optimization potential in this area. To do justice to this, four use

cases have been worked out, which I would like to discuss with you.

If customers have a problem or question about a product or service, usually
the customer service is contacted for support and a support ticket is created. This

is done in several ways:

— Phone
—  E-mail
— Portal

— API connection

2.4.3.1 Use Case: Ticket Classification

Depending on the input source, these support tickets still have to be classi-
fied, e.g. to differentiate between errors, user questions or change requests (CRQ),
which may also result in chargeable services. Here, appropriately trained models
such as Decision Trees can support Machine Learning and perform this classifica-

tion or validate existing classifications.
How do you see this possible application for the classification of support tickets?
2.4.3.2 Use-Case: Ticket assignment

The next step after the creation and classification of the support ticket is the
assignment of a suitable processor who will quickly bring the request to a success-
ful conclusion. Here too, appropriately trained models can be used to provide ma-

chine learning support in order to identify suitable employees to solve the problem.
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4.1 Do you see potential here for the use of Al'in the area of ticket allocation?
2.4.3.3 Use-Case: Solution suggestion for tickets

Finding solutions for tickets can be time consuming, many hours of work are
spent searching old tickets and FAQ databases to find a solution for a current prob-
lem. Depending on the availability of reliable data within the problem to be solved,
Al will be able to identify similar tickets or FAQs in order to make suggestions for

solving the problem.
4.2 What is your view on the use of Al in identifying suggested solutions?
2.4.3.4 Use-Case: Chatbot

Next I would like to introduce the use of chatbots. Chatbots can be used to
set up 24/7 customer support to solve product or technical problems. It is a dialogue
system for handling questions and answers based on a database. Here, too, Al -
specifically Natural Language Processing (NLP) - is used to extract the core of the
question and compare it with corresponding possible solutions.

4.3 How do you see the application possibilities of chatbots in the field of

customer service?
2.4.3.5 Use-Case: Support volume prediction

Finally, for the use cases of customer support, I would like to look at the pre-
diction of the support volume. For the most cost-efficient operation of customer
support, it is essential to have an effective process organization and to avoid over-
and undercapacities. Even if tickets are processed by chat bots, human monitoring
will probably still be necessary. The expected support volume plays a role in plan-
ning the required capacities. Which factors play a role in determining the support
volume depends on the individual business model of the company. It is therefore
necessary to extract these influencing factors from historical data within the frame-
work of data analyses and then transfer them into an individual forecast model in

order to be able to validate and make predictions on this basis.

4.4 Which influencing factors - if you can assess them - do you see on the

support volume?
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4.5 How do you see the prediction of the support volume in the context of

resource planning in customer support?
Own ideas & comments on the use of Al in customer care

Do you see any other areas of application for Al in the area of customer ser-

vice?
5.6 Can you imagine using Al in your customer service?
Procurement

Next, we look at the area of procurement, especially supplier and incoming

invoice management. For this purpose I will present two use cases.
2.4.4.1 Use-Case: Supplier Management

Electronic infrastructure in the services sector reduces all kinds of costs, im-
proves the relationship between buyer and supplier and facilitates negotiations and
transactions. However, since coordination costs are still high, the use of infor-
mation and communication technologies (ICT) is limited. The use of Al can start
here and help to decide which supplier is best suited, based on collected data such
as supplier evaluations, specific requirements of end customers - especially in the

context of projects - or necessary qualifications or certificates.
5.1 How do you see the potential of Al to identify suitable suppliers?
2.4.4.2 Use-Case: Procurement management

The digitalisation of invoicing processes offers companies a good oppor-
tunity to save costs, optimise administrative tasks and increase competitiveness
and efficiency. The invoice approval process can be automated by using historical
data, so that only conspicuous invoices need to be manually checked by a user dur-
ing invoice verification. In combination with accurate forecasting, the procurement
process can also benefit and obtain reliable figures for estimating future payments
related to incoming invoices from suppliers. This contributes to inventory plan-
ning, which corresponds to the forecasted future demand for deliveries and can be
improved, especially for seasonal goods, by using Al-based forecasting models.

5.2 How do you rate the use of Al in the area of A/P invoice management?
Own ideas & comments on the use of Al in procurement
5.3 Do you see other areas of application for Al in the area of procurement?

5.4 Can you imagine using Al in your procurement processes?
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Accounting

Let's move on to the penultimate area in this interview. We now look at the
processes in the area of accounting. Two use cases were developed for this purpose,

which I would like to discuss.
2.4.5.1 Use-Case: Document entry

The capture of business documents such as receipts and invoices is a time-
consuming routine activity in the area of document capture. This is also necessary
in the area of travel expense recording to ensure correct settlement of travel ex-
penses, which also includes tax aspects. By using suitable scanning methods or dig-
ital receipts in combination with Computer Vision, a pre-categorization can be car-
ried out to extract the relevant information from the documents and provide the
user with suggestions for further processing. The same procedure can also be used
for incoming invoices to generate an account assignment proposal based on the

invoice item texts.
6.1 How do you see the potential of Al in the area of document entry?
2.4.5.2 Default risk analysis

Another application of Al in accounting is the assessment of the default risk
of customers. Al can detect patterns, but especially anomalies in data. For example,
if a customer changes his or her payment behavior, the system can recognize this
and issue appropriate warnings, so that, for example, the risk of insolvency can be
checked by external systems or terms of payment can be changed to advance pay-

ment.
6.2 How do you see the use of Al as an early warning system in accounting?
Own ideas & comments on the use of Al in accounting
6.3 Do you see other areas of application for Al in the field of accounting?
6.4 Can you imagine using Al in your accounting department?
Controlling

Finally, we look at the area of controlling. For this purpose, two use cases
were again developed, which I would like to discuss with you.
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2.4.6.1 Use Case: Interpretation of reports

The correct interpretation of reports is an essential aspect of decision making.
For example the contribution margin is an important indicator of the financial con-
dition of the company and forms the basis for the break-even analysis. This indica-
tor can be defined as the difference between net revenues and total variable costs
for a given period, when used as a one-step calculation. Adding further levels such
as fixed costs to the calculation gives a more differentiated picture as total contri-
bution margin. This is usually a key figure in retrospective, but it is also possible to

make forecasts of future contribution margins by using different data sources.

As already discussed in the sales forecast, Al can increase the accuracy of the
forecast, which leads to more reliable predictions, but the benefits of Al do not end
with the predictions. Using configurations for KPIs, it is not only possible to visu-
ally prepare the underlying data, but it is also possible to interpret this data in con-
text and explain the displayed information to the user using speech synthesis com-
bined with visual highlighting. The system is able to detect discrepancies and
anomalies in the data and to alert the user to them through audio-visual interaction.
Critical values can be directly identified by comparing them with KPI specifica-
tions, giving the user a contextual assessment of the contribution margin and spe-

cific information on cost blocks or sales forecasts.

For this purpose, I would like to present the current implementation within
the prototype and then discuss it with you.

Interaction: Call V-IP-A: “What is the current situation of the company?
7.1 What do you think of the application example just shown?

7.2 How do you see the use of IPAs in the area of evaluations?

2.4.6.2 Use-Case: Data-informed decision making

As a final use case, we now deal with the topic of decision making. In this
context we consider the term “data-informed decision making”. The fundamental
change in decision-making processes makes it necessary to look at this area. In or-
der to obtain a balanced basis for decision making, the combination of intuition -
based on appropriate expertise - and a solid database is now often chosen. The pre-
vious use case showed how decisions can be prepared on the basis of summarized
data and corresponding pre-configurations. Based on this scenario, the user can

perform a comprehensive “deep-dive” through the data. Voice interaction can be
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used to drill down to obtain detailed information about individual processes, al-

lowing the user to make better decisions based on the data and their own intuition.
Interaction: Call V-IP-A: “Show me details about July
7.3 What do you think of the application example just shown?
7.4 How do you see the use of Al and IPAs in the field of decision making?
7.5 Which data is relevant?
Own ideas & comments on the use of Al in controlling
7.6 Do you see further areas of application for Al in the field of controlling?
7.7 Can you imagine using Al in your controlling processes?
Other areas
This concludes the main part of the interview.

8.1 In conclusion, I would therefore like to ask you whether you see any other
business processes, beyond the areas you have just gone through, in which, in your
opinion, Al can be used in medium-sized service companies in general and in your
company in particular?

8.2.1 Do you see your company well positioned in the field of digitisation in

general and in the field of Al in particular?
8.2.2 Which aspects of digitisation are particularly relevant?

8.3 Do you have appropriate internal know-how for AI implementations?
If not, who do you see as your first contact person in the field of digitisation? If yes,
how

8.4 What expectations do you have of your ERP system provider in the Al
area?

8.5 Do technological developments also influence your products and ser-
vices? If so, on which ones and in which form?

8.6 How do you see the acceptance of the use of Al by your employees?

8.7 Do you see in the long run rather a cooperation between human and Al
or will Al take over more and more tasks completely autonomous?

8.8 Will Al make important decisions on its own or will the human being

remain the “gatekeeper”?
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8.9 How do you deal with the concerns of some employees that AI will re-
place jobs?
9.1 What impact does the CORONA pandemic have on your internal pro-

cesses? Will digitalisation be accelerated by it?

9.2 What effects does the CORONA pandemic have on your business model?

Review
<summary>

Thank you very much for your time and your valuable contribution!

Outlook

Further interviews with experts will be conducted, followed by a qualitative

content analysis, which will be evaluated and published within the dissertation.

Goodbye and see you soon!



CXXII DANIEL HUSSON

Interview 1

Interviewpartner: Herr Kothes
Firma: Kothes! GmbH
Datum: 07.08.2020 14 Uhr

Datenschutz

Dieses Interview aufgezeichnet und protokolliert. Wenn Sie mdchten, kon-

nen Thr Name und der Name Ihrer Firma anonymisiert werden.
Bitte teilen Sie jetzt mit, dass Sie mit der Aufzeichnung einverstanden sind.

Interviewpartner: Ja

Bitte geben Sie an, ob eine Anonymisierung erfolgen soll.
Interviewpartner:

Nein, Klarnamen diirfen verwendet werden.

Einstiegsfragen
Bitte geben Sie ihr Alter an:
Interviewpartner:

47

Bitte geben Sie Ihre Berufserfahrung an und in welchem/n Bereich(en) diese

Fallen.
Interviewpartner:

Ca. 20 Jahre, technischer Redakteure, dann Geschaftsfithrer

Was ist Ihr hochster Bildungsabschluss?
Interviewpartner:

Diplom Ingenieur
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Wie lange sind Sie bereits insgesamt fiir das Unternehmen tatig?
Interviewpartner:

17 Jahre

In welchem Bereich sind Sie aktuell titig und wie lange?
Interviewpartner:

Geschaftsfiihrer, 17 Jahre

In welchen der genannten Bereiche schatzen Sie sich als Experte ein?
Vertrieb & Marketing

Interviewpartner: Ja

Projektmanagement

Interviewpartner: Ja

Kundenbetreuung

Interviewpartner: Ja

Beschaffung

Interviewpartner: Nein

Buchhaltung

Interviewpartner: Nein

Controlling

Interviewpartner: Ja
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Wie sind Sie technologischen Neuerungen gegeniiber aufgeschlossen?
Interviewpartner:

Positiv

Welche Neuerungen interessieren Sie besonders?
Interviewpartner:

Digitalisierung

Haben Sie bereits personliche Erfahrungen mit KI gemacht?

Interviewpartner: Ja

Welche?

Interviewpartner:

Apple, Siri, Sprachassistenten (internes Forschungsprojekt), Automatisierte

Texterstellung, Machine Translation

Nutzen Sie einen IPA (Google Assistant, Amazon Alexa, Siri, Bixbi, etc.) im

privaten Bereich?
Interviewpartner:

Ja, Siri

Fiir welches Unternehmen sind Sie tatig?
Interviewpartner:

Firma Kothes

Wie viele Mitarbeiter sind fiir Ihr Unternehmen tatig?
Interviewpartner:

160 Mitarbeiter
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In welcher Branche ist Ihr Unternehmen tatig?
Interviewpartner:

Technische Dokumentation

Zahlt Thr Unternehmen nach Definition der EU-Kommission (weniger als 250
Mitarbeiter und Umsatz < 50 Millionen €) zu den KMUs?

Interviewpartner: Ja

Welches ERP-System setzen Sie ein?
Interviewpartner:

Vemas.NET

Wie schitzen Sie Ihr Wissen im Bereich der Einsatzmoglichkeiten von Kl ein?
Interviewpartner:

Gut

Bitte schatzen Sie ein, welchen Stellenwert KI in den nachsten 3 Jahren inner-

halb von Unternehmensprozessen einnehmen wird:
Interviewpartner:

Wird wichtiger, aber nicht in 3 Jahren; 5-10 Jahre, Groffkonzerne Vorreiter
und KMUs folgen.

Wird aktuell in Threm Unternehmen KI eingesetzt bzw. planen Sie den Ein-

satz? Falls ja, in welchen Bereichen?
Interviewpartner:

Machine Translation, Chatbot, Sprachassistent zum Abruf von Benutzerin-

formationen
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Schliisselfragen

Kommen wir zu den Hauptfragen. Entlang der Prozesskette werden wir die
einzelnen Bereiche durchgehen, ich werde dazu Use-Cases fiir den Einsatz von KI
beschreiben und dazu gerne Ihre Ansichten horen, insbesondere ob Sie sich diesen
Einsatzbereich fiir Ihr Unternehmen vorstellen konnen. Gerne konnen Sie nach den
Use-Cases auch noch eigene Ideen und Anregungen fiir den KI-Einsatz einbringen,
entsprechende Fragestellungen sind bereits vorbereitet und werden am Ende jedes
Abschnitts gestellt.

Vertrieb & Marketing

Als erstes schauen wir uns den Bereich Vertrieb & Marketing und Marketing
an. Hierzu wurden drei Use-Cases ausgearbeitet, die ich gerne mit Ihnen themati-

sieren mOochte.

2.4.1.1 Use-Case: Lead Management
Ein wichtiger Aspekt im Bereich Vertrieb & Marketing is das Lead-Manage-

ment, insbesondere die schnelle Identifizierung von potenziellen Kunden, die zii-

gig zu einem Abschluss gebracht werden konnen.

Sehen Sie hier durch den Einsatz von Klassifizierungsalgorithmen aus dem
Bereich des Machine Learning ein Potential diesen Prozess durch Clustering und

Vorbewertungen zu optimieren?
Interviewpartner:

Es kommt nur eine iiberschaubare Menge an Leads pro Monat, daher kein
grofies Optimierungspotential. Einfithrung Content Marketing HubSpot, um Po-

tentiale von Website-Besuchern besser auszuschopfen.
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Welche Informationen sind fiir eine valide Bewertung notwendig und sind
diese iiberhaupt zuganglich?
Interviewpartner:

Personenbezogene Informationen (Adresse, Telefonnummer, E-Mail), Hie-
rarchie im Unternehmen, ist der Kontakt tatsachlich ein Entscheider. Zudem das
Klickverhalten auf der Webseite

Die Bedarfsanalyse fiir die Erstellung von Angeboten wird weiterhin durch
echten Menschen erfolgen, da die Projekte zu individuell sind.

2.4.1.2 Use-Case: Forecasting

Schauen wir uns als ndchstes den Bereich Forecasting an, bei dem die Poten-
tialermittlung aus dem vorangegangenen Beispiel des Lead-Management direkt im
Forecast Berticksichtigung finden sollte. Die Prognose der Nachfrage kann durch
saisonale Einfliisse, Produktlebenszyklen oder komplexer Trends schnell sehr
schwierig werden. Mit Hilfe von Machine Learning kann auf Basis historischer Ver-
kaufszahlen Produktbesonderheiten in Kombination mit 6ffentlich zugénglichen
Daten wie das Wirtschaftswachstum die kurz- und mittelfristige Geschaftsentwick-

lung prognostiziert werden.
Wie sehen Sie diesen Ansatz des Forecasting?
Interviewpartner:

Einsatz Gut vorstellbar, historische Daten sind vorhanden. Entscheidungs-

dauer, Ablehnungs- und Bestellquote als Grundlage.

2.4.1.3 Use-Case: Information input and retrieval

Die Abfrage und Erfassung von Daten sind stellenweise sehr zeitraubend.
Insbesondere die Erfassung von Notizen zu einem Verkaufsgesprach oder nach ei-
nem Kunden bzw. Interessentenbesuch ist in der Regel nicht gerade die Lieblings-
beschaftigung von Vertriebsmitarbeiter. Besonders wenn man unterwegs im Auto
ist, kann jedoch durch die Nutzung eines Sprachassistenten diese Aufgabe auf dem
Weg zum néchsten Termin oder nach Hause erledigt werden. Auch die Informati-
onsabfrage z.B.: in Vorbereitung eines Gesprachstermins, zu dem man gerade un-

terwegs ist, kann durch die sprachgesteuerte Abfrage des aktuellen Forecasts oder
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der letzten Notizen effektiv genutzt werden. Ich wiirde Ihnen dazu kurz den ersten
Prototypen vorstellen, der bereits einen Eindruck vermittelt, wie diese Funktion in

der Praxis genutzt werden kann.

Interaktion: Aufruf V-IP-A, ,Gib mir meine Zusammenfassung” & ,Neue
Akquisition bei <FIRMA>"

Was halten Sie von den soeben gezeigten Anwendungsbeispielen?
Interviewpartner:

Hilfreich, insbesondere die Zusammenfassung fiir Tage und Kunden, je nach

Kontext.

Wie sehen Sie den Einsatz von IPA fiir die Datenerfassung und Informations-

bereitstellung im Bereich Vertrieb?
Interviewpartner:

Einsatz sinnvoll.

Welche Informationen konnten noch interessant sein?
Interviewpartner:

,Schlaue” Zusammenfassung, was bei einem Kunden bislang dokumentiert
wurde. Zusammenfassung von komplexen Texten. Das System soll selbst erken-
nen, welche Informationen im Kontext des Benutzers und Kunden relevant sind

und diese bereitstellen.

Eigene Ideen & Anmerkungen zum Einsatz von KI im Bereich Vertrieb &
Marketing
Nachdem wir die Use-Cases aus dem Bereich Vertrieb & Marketing disku-

tiert haben, wiirde mich interessieren, welches Einsatzpotential von KI Sie in die-

sem Bereich konkret in Threm Unternehmen sehen.



APPENDIX CXXIX

Auf welche Vertriebs- bzw. Marketingprozesse wird sich KI in Ihrem Unter-

nehmen auswirken?
Interviewpartner:
Verwendung von Social-Media-Bots fiir das Teilen von Informationen.

Fur technische Dokumentationen: 3D-Modell anklicken und Text fiir Doku-

mentation erstellen, also Generierung von Dokumentationstexten.

Projektmanagement

Als néchstes betrachten wir den Bereich Projektmanagement. Ich mochte

zwei Use-Cases in diesem Zusammenhang vorstellen und diskutieren.

2.4.2.1 Use-Case: Project planning

Projektplanung ist eine komplexe Aufgabe, die entsprechenden Ressourcen
miissen zur richtigen Zeit, in der notwendigen Menge und am richtigen Ort zur
Verfligung stehen. Die KI kann den Planungsprozess unterstiitzen, indem sie die
notwendigen Ressourcen auf der Grundlage fritherer Projekte ermittelt und Pro-
jektrisiken durch die Analyse von Meilensteinverschiebungen oder Kosten- und

Aufwandstiiberschreitungen bei dhnlichen Projekten identifiziert.

Wie sehen Sie die Moglichkeiten der Unterstiitzung durch KI innerhalb des

Planungsprozesses?
Interviewpartner:

Ahnliche Projekte zu finden ist schwierig, Inhalte, ProjektgroSen und Erwar-
tungen sind zu unterschiedlich. Kundenstrukturen steuern stark in den Projekten
mit ein.

Eher im Bereich Projektplanung von Projekten einsetzbar. Proaktive Infor-
mation an Projektleiter, “schlaue” Planung der notwendigen Ressourcen. Skillpla-
nung nicht praktikabel, da Kundenspezifisches Know-How relevant ist. Projektlei-
ter sucht Personal aus und KI plant die Mitarbeiter und eskaliert, wenn Lieferter-

min nicht eingehalten werden kann.
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2.4.2.2 Use-Case: Project implementation

Langfristige Entscheidungsprozesse und schlechte Kommunikation zwi-
schen Projektparteien und Auftragnehmer sind Risiken fiir eine Verzogerung des
Projekts. Mit Hilfe der KI kann eine Echtzeitanalyse des Projekts ein vollstandiges
Bild der anstehenden Entscheidungen auf der Grundlage von Daten aus dhnlichen
Projekten liefern. Alle verfiigbaren Informationen kénnen zusammengestellt und
dem Entscheidungstrager zur Verfligung gestellt werden, um den Prozess der an-
stehenden Entscheidung zu beschleunigen. Auf der Grundlage von Kommunikati-
onseintrdgen aus fritheren Projekten konnen Vorschlége fiir die erforderliche Pro-
jektkommunikation abgeleitet werden, um den Auftragnehmer und das Projekt-
team auf dem Laufenden zu halten. Auch die Extraktion von Best Practices nach
Projektabschluss sind denkbare Anwendungsfalle, um das Wissen anderen Pro-

jekttragern zur Verfiigung zu stellen.

Wie sehen Sie den Einsatz von KI innerhalb der Projektimplementierung, als

Frithwarn- und Assistenzsystem, sowie der Wissensextraktion?
Interviewpartner:

Direkt den Kunden informieren ist zu heikel. Zunachst soll der interne Pro-
jektleiter informiert werden. Erkennung von Anomalien auf Basis von Vergangen-

heitswerten und Wertebereiche.

Welche KPIs sind fiir Sie relevant?
Interviewpartner:

Lieferverzogerung: Liefertermin und Restzeitmenge stimmen nicht {iberein,

daraus erkennt KI eine Verzdgerung.

Aufwandstiberschreitung, das geplante Budget wird voraussichtlich {iber-
schritten.



APPENDIX CXXXI

Eigene Ideen & Anmerkungen zum Einsatz von KI im Projektmanagement

Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Projektmanage-

ment?
Interviewpartner:

,Schlaue Informationen” an das Projektteam, weiter zusammengefasste In-
formationen. Nicht kritische Informationen sammeln und zusammenfassen. Infor-
mations- und Eskalationsflut eindammen und mehr mit zielgerichteten Zusam-

menfassungen arbeiten und nicht jede einzelne Uberschreitung direkt eskalieren.

Konnen Sie sich vorstellen in Thren eigenen Projekten KI einzusetzen, um Ab-

laufe zu optimieren?

Interviewpartner:

Ja.

Kundenbetreuung

Als néchstes betrachten wir den Prozessbereich der Kundenbetreuung. In der
Literatur finden sich dazu zahlreiche Beispiele, wie hier KI zum Einsatz kommen
kann. Vermeintlich steckt also viel Automatisierungs- und Optimierungspotential
in diesem Bereich, um dem gerecht zu werden, wurden fiinf Use-Cases herausge-

arbeitet, die ich gerne mit Ihnen besprechen wiirde.

Wenn Kunden ein Problem oder eine Frage zu einem Produkt oder einer
Dienstleistung haben, wird in der Regel der Kundendienst zur Unterstiitzung kon-

taktiert und ein Support-Ticket erstellt. Dies erfolgt tiber mehrere Wege:
Telefon
E-Mail
Portal
API-Anbindung
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2.4.3.1 Use-Case: Ticket-Classification

Je nach Eingangsquelle miissen diese Support-Tickets noch klassifiziert wer-
den, um z.B. zwischen Fehlern, Anwenderfragen oder Change-Requests (CRQ) zu
differenzieren, aus denen sich ggf. auch kostenpflichtige Leistungen ergeben. Hier
kann durch entsprechend trainierte Modelle wie Decision Trees Machine Learning
unterstiitzen und diese Klassifizierung vornehmen oder bestehende Klassifizierun-

gen validieren.

Wie sehen Sie diese Einsatzmoglichkeit zur Klassifizierung von Support-Ti-
ckets?

Interviewpartner:

90% des Supports machen die Projektleiter. Mehrwert wiirde entstehen
durch Erkennung von CRQs.

2.4.3.2 Use-Case: Ticket assignment

Als weiterer Schritt nach der Erstellung und Klassifizierung des Support-Ti-
ckets ist die Zuweisung eines geeigneten Bearbeiters, der die Anfrage schnell zu
einem erfolgreichen Abschluss bringt. Auch hier kann durch entsprechend trai-
nierte Modelle eine Unterstiitzung durch Machine Learning erfolgen, um geeignete
Mitarbeiter zur Losung der Fragestellung zu ermitteln.

Sehen Sie hier Potential fiir den Einsatz von KI im Bereich der Ticket-Zuwei-
sung?
Interviewpartner:

Nicht relevant, da nur 3 Leute in der Hotline und somit Optimierungspoten-

tial zu gering.

2.4.3.3 Use-Case: Solution suggestion for tickets

Die Suche nach Losungen fiir Tickets kann zeitaufwandig sein, es werden
viele Arbeitsstunden damit verbracht, alte Tickets und FAQ-Datenbanken zu
durchsuchen, um eine Losung fiir ein aktuelles Problem zu. Je nach Verfiigbarkeit
zuverlassiger Daten innerhalb des zu 16senden Problems ist KI in der Lage, ahnli-
che Tickets oder FAQs zu identifizieren, um Vorschldage zur Losung des Problems

zu unterbreiten.
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Wie ist Thre Sicht auf den Einsatz von KI im Bereich der Ermittlung von Lo-
sungsvorschlagen?

Interviewpartner:

Jira ist im Einsatz und schlédgt bereits dahnliche Losungen vor. Aus Tickets mit
hoher Wiederverwertungswahrscheinlichkeit sollen ein FAQ-Eintrag erzeugt wer-

den.

2.4.3.4 Use-Case: Chatbot

Als vorletzten Use-Case mochte ich die Nutzung von Chatbots vorstellen.
Chatbots konnen dazu verwendet werden, um einen 24/7-Kundensupport einzu-
richten, um Produkt- oder technische Probleme zu 16sen. Es handelt sich dabei, um
ein Dialogsystem zur Behandlung von Fragen und Antworten auf der Grundlage
einer Datenbank. Auch hier wird KI — konkret Natural Language Processing (NLP)
-verwendet, um den Kern der Fragestellung zu extrahieren und mit entsprechen-

den Losungsmoglichkeiten abzugleichen.

Wie sehen Sie die Einsatzmoglichkeiten von Chatbots im Bereich der Kun-
denbetreuung?

Interviewpartner:

Problemstellung: Zu vielfaltige Themen, unterschiedliche Software sind zu
supporten. Daher lohnt es sich wirtschaftlich nicht in eine umfangreiche Chatbot-
Funktion mit entsprechendem Knowledgebase zu investieren, da durch Versions-
spriinge viel Wissen vorgehalten wird.

Einsatzbereich Hotline wird mit Sprachassistenten , unterstiitzt” jedoch inte-

ressant.

2.4.3.5 Use-Case: Support volume prediction

Abschliefsend fiir die Use-cases der Kundenbetreuung mochte ich die Vor-
hersage des Supportvolumens betrachten. Fiir einen moglichst kosteneffizienten
Betrieb der Kundenbetreuung ist neben einer effektiven Ablauforganisation auch
die Vermeidung von Uber- und Unterkapazititen unerlasslich, auch wenn ggf. Ti-
ckets durch Chatbots bearbeitet werden, ist voraussichtlich eine menschliche Uber-

wachung weiterhin notwendig. Fiir die Planung der bendtigten Kapazitaten spielt
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das zu erwartende Supportvolumen eine Rolle. Welche Einflussfaktoren bei der
Bestimmung des Betreuungsvolumens eine Rolle spielen, hangt vom individuellen
Geschiftsmodell des Unternehmens ab. Es ist daher notwendig, diese Einflussfak-
toren im Rahmen von Datenanalysen aus Vergangenheitsdaten zu extrahieren und
dann in ein individuelles Prognosemodell zu iiberfiihren, um auf dieser Basis Vor-

hersagen validieren und treffen zu konnen.

Welche Einflussfaktoren — sofern Sie diese beurteilen konnen — sehen Sie auf

das Supportvolumen?
Interviewpartner:

Wegen Supportgrofie und Volumen nicht relevant.

Wie sehen Sie die Vorhersage des Supportvolumens im Kontext der Einsatz-

planung in der Kundenbetreuung?
Interviewpartner:
Wegen Supportgrofie und Volumen nicht relevant.
Eigene Ideen & Anmerkungen zum Einsatz von KI in der Kundenbetreuung
Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Kundenbetreuung?
Interviewpartner:

Urlaubsvertretung -> E-Mailbeantwortung anhand Metainformationen wer

ist als Stellvertreter zustandig fiir den Kunden.
Zufriedenheitsbefragung via Chatbot.

Hilfe bei der Beantwortung bei Kundenkorrespondenz, Textbausteine vor-

schlagen, um Beantwortung zu vereinfachen.

Koénnen Sie sich vorstellen KI in Threr Kundenbetreuung einzusetzen?
Interviewpartner:

Ja, als Unterstiitzung, aber nicht Vollautomatisierung.

Beschaffung

Als nachstes betrachten wir den Bereich Beschaffung, speziell das Lieferan-

ten- und Eingangsrechnungsmanagement. Hierzu stelle ich zwei Use-Cases vor.
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2.4.4.1 Use-Case: Supplier Management

Die elektronische Infrastruktur im Dienstleistungssektor reduziert alle Arten
von Kosten, verbessert die Beziehung zwischen Kaufer und Lieferant und erleich-
tert Verhandlungen und Transaktionen. Da die Koordinationskosten jedoch immer
noch hoch sind, ist der Einsatz von Informations- und Kommunikationstechnolo-
gien (IKT) begrenzt. Der Einsatz von KI kann hier ansetzen und helfen zu entschei-
den, welcher Anbieter am besten geeignet ist, basierend auf gesammelten Daten
wie Lieferantenbewertungen, spezifischen Anforderungen der Endkunden - insbe-
sondere im Rahmen von Projekten - oder notwendigen Qualifikationen oder Zerti-

fikaten.

Wie sehen Sie hier das Potential von KI um geeignete Lieferanten zu ermit-
teln?

Interviewpartner:

Beschaffung im Bereich Ubersetzung, da Ubersetzer eingesetzt werden ist
Verfiigbarkeit nicht im Zugriff. Es kann aber die Auswahl verbessert werden, da
das Arbeitsvolumen abgeschitzt wird und eine Prognose iiber Verfiigbarkeiten ab-

gegeben werden kann.

2.4.4.2 Use-Case: Procurement management

Die Digitalisierung von Rechnungsstellungsprozessen bietet Unternehmen
eine gute Moglichkeit, Kosten zu sparen, Verwaltungsaufgaben zu optimieren und
die Wettbewerbsfahigkeit und Effizienz zu steigern. Der Rechnungsfreigabepro-
zess kann durch die Verwendung historischer Daten automatisiert werden, so dass
bei der Rechnungspriifung nur aufféllige Rechnungen von einem Benutzer manu-
ell gepriift werden miissen. In Kombination mit einer prazisen Prognose kann auch
der Beschaffungsprozess profitieren und erhalt verladssliche Zahlen zur Abschat-
zung kiinftiger Zahlungen im Zusammenhang mit Eingangsrechnungen von Lie-
feranten. Dies tragt zur Lagerbestandsplanung bei, die dem prognostizierten zu-
kiinftigen Bedarf an Lieferungen entspricht und insbesondere bei saisonalen Wa-
ren durch den Einsatz von Kl-basierten Prognosemodellen verbessert werden

kann.
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Wie beurteilen Sie den Einsatz von KIim Bereich des Eingangsrechnungsma-
nagements?

Interviewpartner:

Rechnungsfreigabe , nette Funktion”, ist aber nicht entscheidender Prozess.

Kein Mehrwert fiir Vorhersage von zukiinftigen Ausgaben.

Eigene Ideen & Anmerkungen zum Einsatz von KI in der Beschaffung

Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Beschaffung? Be-

schaffung von Kleinkram, auf Basis von Waren, die Anwender angefragt haben.
Interviewpartner:

Vertragspriifung und Priifung von Bestellungen gegen Rahmenvertrag, fal-
sches Zahlungsziel o.a. Plausibilitatscheck, ob Bestellung zu Auftrag passt.

Kénnen Sie sich vorstellen KI in Ihren Beschaffungsprozessen einzusetzen?

Interviewpartner: Ja

Buchhaltung

Kommen wir zum vorletzten Bereich in diesem Interview. Wir betrachten
nun die Prozesse im Bereich Accounting. Hierzu wurden zwei Use-Cases erarbei-

tet, die ich gerne diskutieren wiirde.
2.4.5.1 Use-Case: Document entry

Die Erfassung von Geschiftsdokumenten wie Quittungen und Rechnungen
ist eine zeitaufwandige Routinetatigkeit im Bereich der Belegerfassung. Dies ist
auch im Bereich der Reisekostenerfassung notwendig, um eine korrekte Abrech-
nung der Reisekosten zu gewahrleisten, die auch steuerliche Aspekte einschliefst.
Durch geeignete Scanning-Verfahren oder digitale Belege in Kombination mit
Computer Vision kann eine Vorkategorisierung vorgenommen werden, um die re-
levanten Informationen aus den Dokumenten zu extrahieren und dem Anwender
Vorschladge fiir die weitere Verarbeitung zu geben. Das gleiche Verfahren kann
auch bei Eingangsrechnungen angewendet werden, um auf Basis der Rechnungs-

positionstexte einen Kontierungsvorschlag zu generieren.
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Wie sehen Sie das Potential von KI im Bereich der Belegerfassung?
Interviewpartner:
Belegerfassung von Reisekostenbelege via Smartphone (Spendesk)

Vorkontierung von Eingangsrechnungen via OCR.

2.4.5.2 Default risk analysis

Eine weitere Anwendung der KI in Buchhaltung ist die Bewertung des Aus-
fallrisikos von Kunden. KI kann Muster, vor allem aber Anomalien in Daten erken-
nen. Andert ein Kunde z.B. sein Zahlungsverhalten, kann das System dies erken-
nen und entsprechende Warnungen ausgeben, so dass z.B. das Insolvenzrisiko
durch externe Systeme tiberpriift werden kann oder Zahlungsbedingungen auf Vo-

rauszahlung geandert werden konnen.
Wie sehen Sie den Einsatz von KI als Frithwarnsystem in der Buchhaltung?
Interviewpartner:

Nicht relevant, da wenig Mehrwert auf Grund der Kundenstruktur (viele

Grofskonzerne).

Eigene Ideen & Anmerkungen zum Einsatz von KI in der Buchhaltung
Sehen Sie noch weitere Einsatzgebiete von KI im Bereich der Buchhaltung?

Interviewpartner: Nein

Konnen Sie sich vorstellen KI in Ihrer Buchhaltung einzusetzen?

Interviewpartner: Ja
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Controlling

Abschlieflend betrachten wir den Bereich Controlling. Dazu wurden wiede-

rum zwei Use-Cases erarbeitet, die ich gemeinsam mit Ihnen besprechen mochte.
2.4.6.1 Use-Case: Interpretation of reports

Die richtige Interpretation von Berichten ist ein wesentlicher Aspekt der Ent-
scheidungsfindung. Beispielsweise ist der Deckungsbeitrag ein wichtiger Indikator
fiir den finanziellen Zustand des Unternehmens und bildet die Grundlage fiir die
Break-even-Analyse. Dieser Indikator kann als die Differenz zwischen den Netto-
einnahmen und den gesamten variablen Kosten fiir einen bestimmten Zeitraum
definiert werden, wenn er als einstufige Berechnung verwendet wird. Fiigt man
weitere Stufen wie Fixkosten in die Berechnung ein, ergibt sich ein differenzierteres
Bild als Gesamtdeckungsbeitrag. In der Regel ist dies eine Kennzahl in der Retro-
spektive, jedoch ist es moglich durch die Verwendung verschiedener Datenquellen

auch Prognosen iiber den zukiinftigen Deckungsbeitrag vorzunehmen.

Wie bereits im Rahmen des Vertriebs-Forecast besprochen, kann die KI die
Genauigkeit der Prognose erhohen, was zu verldsslicheren Vorhersagen fiihrt, aber
der Nutzen der KI endet nicht mit den Vorhersagen. Mit Hilfe von Konfigurationen
fiir KPIs ist es nicht nur moglich, die zugrundeliegenden Daten visuell aufzuberei-
ten, sondern es ist auch moglich, diese Daten im Kontext zu interpretieren und dem
Benutzer die angezeigten Informationen mittels Sprachsynthese in Kombination
mit visueller Hervorhebung zu erklaren. Das System ist in der Lage, Abweichun-
gen und Anomalien in den Daten zu erkennen und den Benutzer durch audiovisu-
elle Interaktion auf diese hinzuweisen. Kritische Werte kénnen durch den Ver-
gleich mit KPI-Spezifikationen direkt identifiziert werden, so dass der Benutzer
eine kontextbezogene Beurteilung des Deckungsbeitrags und spezifische Informa-

tionen zu Kostenblocken oder Umsatzprognosen erhalt.

Dazu mochte ich Thnen die aktuelle Implementierung innerhalb des Prototy-

pen vorstellen und anschlieffend mit Ihnen diskutieren.

Interaktion: Aufruf V-IP-A: ,Wie ist die aktuelle Situation des Unterneh-

mens?”
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Was halten Sie von dem soeben gezeigten Anwendungsbeispiel?
Interviewpartner:

Kein grofier Mehrwert, eher als storend, da kaufméannisches Know-How vor-

handen ist.
Nichts vorlesen, sondern eher Textanzeigen und Anomalien highlighten.

Vorlesen von Zahlen nicht sinnvoll, auch Erkldren von Zusammenhéangen

nicht relevant.

Wie sehen Sie den Einsatz von IPAs im Bereich von Auswertungen?
Interviewpartner:

Anomalien bunt einfirben oder Kommentarfenster anzeigen, aber keine

Textausgabe.

Vereinfachtes Aufrufen von Ubersicht. IPA als Navigationsersatz.

2.4.6.2 Use-Case: Data-informed decision making

Als letzten Use-Case befassen wir uns nun mit dem Thema der Entschei-
dungsfindung. In diesem Zusammenhang betrachten wir den Begriff , der daten-
informierten Entscheidungsfindung”. Die grundlegende Veranderung der Ent-
scheidungsprozesse macht es notwendig, diesen Bereich zu betrachten. Um eine
ausgewogene Grundlage fiir die Entscheidungsfindung zu erhalten, wird mittler-
weile hdufig die Kombination von Intuition - basierend auf entsprechendem Fach-
wissen - und einer soliden Datenbasis gewahlt. Der vorangegangene Anwen-
dungsfall zeigte, wie Entscheidungen auf der Grundlage von zusammengefassten
Daten und entsprechenden Vorkonfigurationen vorbereitet werden konnen. Auf
der Grundlage dieses Szenarios kann der Anwender einen umfassenden , deep-
dive” durch die Daten durchfiihren. Durch Sprachinteraktion kann ein Drill-Down
aufgerufen werden, um detaillierte Informationen zu einzelnen Prozessen zu er-
halten, so dass der Benutzer auf der Grundlage der Daten und seiner eigenen Intu-
ition bessere Entscheidungen treffen kann.

Interaktion: Aufruf V-IP-A: ,Zeig mir Details zu Juli”
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Was halten Sie von dem soeben gezeigten Anwendungsbeispiel?
Interviewpartner:

Mausklick ist einfacher als Sprachdrilldown.

Wie sehen Sie den Einsatz von KI und IPAs im Bereich der Entscheidungs-

findung?

Interviewpartner:
Kurze textuelle Annotation, anstelle von Sprachausgabe.

Die Entscheidungsfindung wird nicht beeinflusst, aber unterstiitzt.

Welche Daten sind relevant?
Interviewpartner:

Anomalien, also alles was von der ,,Normalitat” abweicht.

Eigene Ideen & Anmerkungen zum Einsatz von KI in der Beschaffung
Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Controlling?
Interviewpartner:

Visualisierung von Daten via KI, Handling von Informationen, Aufruf Vor-

jahresvergleich. , Schlaue Darstellungsform”. Aus Zahlen eine Grafik erzeugen,

durch eine schlaue KI. Vorjahresvergleiche, allgemein das Handling von Daten

und Darstellungsform. Gegeniiberstellung von Daten, summierte Gruppieren etc.
ist hilfreich.

Dynamische Daten-Abfrage auf Basis von Text oder Spracheingabe.

Koénnen Sie sich vorstellen KI in Thren Controlling-Prozessen einzusetzen?
Interviewpartner:

Ja, Erkennung von Anomalien.
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Andere Bereiche
Damit schliefSen wir den Hauptteil des Interviews ab.

Abschlieflend mochte ich Sie daher fragen, ob Sie {iber die soeben durchge-
gangenen Bereiche hinaus noch andere Unternehmensprozesse sehen, in denen KI
Ihrer Meinung nach in mittelstandischen Dienstleistungsunternehmen im Allge-

meinen und in Threm Unternehmen im Speziellen eingesetzt werden kann?
Interviewpartner:

Im Bereich Redaktion wurde ein Test durchgefiihrt, hat aber nicht geklappt.

Sehen Sie Thr Unternehmen im Bereich Digitalisierung allgemein und im Be-

reich KI im Speziellen gut aufgestellt?

Interviewpartner: Ja.

Welche Digitalisierungsaspekte sind besonders relevant?
Interviewpartner:

Vorreiter im Bereich Digitalisierung. Projektplanung als néchstes Projekt.

Haben Sie entsprechendes internes Know-How fiir KI-Implementierungen?
Interviewpartner:

Implementierung bzw. Anbindung von bestehender Kl ja, eigene KI erstellen

eher nicht.

Falls nein, wen sehen Sie als ersten Ansprechpartner im Bereich Digitalisie-

rung?
Interviewpartner:

Know-How vorhanden.
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Welche Erwartungshaltung haben Sie an Thren ERP-System-Anbieter im Be-
reich KI?
Interviewpartner:

ERP-Anbieter als Vorreiter im Bereich KI.

Haben die technologischen Entwicklungen auch Einfluss auf Ihre Produkte

und Dienstleistungen?

Interviewpartner: Ja

Falls ja, auf welche und in welcher Form?
Interviewpartner:
In allen Bereichen, vor allem Informationsprozesse.

KI in der Ubersetzung, virtuelle Beratungsworkshops.

Wie sehen Sie die Akzeptanz des Einsatzes von KI bei Ihren Mitarbeitern?
Interviewpartner:

Im Bereich Ubersetzung hat es gedauert, bis die vorbehalte {iberwunden wa-
ren, jetzt lauft es. Ist auf andere Bereiche iibertragbar. KI wird als Arbeitserleichte-

rung wahrgenommen, nicht als Bedrohung fiir die Arbeitsplitze.

Sehen Sie langfristig eher eine Zusammenarbeit von Mensch und KI oder

wird die KI immer mehr Aufgaben vollstandig autonom tibernehmen?
Interviewpartner:

Kreative Jobs werden eher nicht automatisiert. KI ist aktuell nicht im Stande

die aktuellen Aufgaben zu automatisieren.
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Wird KI eigenstandig wichtige Entscheidungen treffen oder bleibt der
Mensch als ,,Gate-Keeper” erhalten?

Interviewpartner:

Kommt auf den Anwendungsfall an, wenn menschliche Beziehungen eine
Rolle spielen, dann nicht. Entscheidungen im DAX-Konzern, auf Basis von Daten-
mengen. Entscheidungsfindung durch Data-Driven-Desicionmaking, Intuition +
Daten. Wichtig ist die Herleitung der Entscheidung. Erfahrung, Intuition und Vi-
sion eines KMU GF kann nicht durch KI ersetzt werden.

Wie gehen Sie mit den Bedenken mancher Mitarbeiter um, dass die KI Ar-

beitsplatze ersetzt?
Interviewpartner:

Aufgaben verandern sich, aber nicht vollstandig automatisiert.

Welche Auswirkung hat die CORONA-Pandemie auf Ihre internen Prozesse?
Interviewpartner:

Mehr Home-Office, aber Infrastruktur war bereits da. Online-Workshops

statt Prasenz.

Wird die Digitalisierung dadurch beschleunigt?
Interviewpartner:

Waren bereits vorab hoch digitalisiert.

Welche Auswirkungen hat die CORONA-Pandemie auf Ihr Geschaftsmo-
dell?

Interviewpartner:

Keine direkten Auswirkungen, aber Hoffnung auf Auftrage durch Digitali-

sierung.
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Interview 2

Interviewpartner: Herr Wendt
Firma: Microfin GmbH
Datum: 04.09.2020 10 Uhr

Datenschutz

Dieses Interview aufgezeichnet und protokolliert. Wenn Sie mdchten, kon-

nen Thr Name und der Name Ihrer Firma anonymisiert werden.
Bitte teilen Sie jetzt mit, dass Sie mit der Aufzeichnung einverstanden sind.

Interviewpartner: Ja

Bitte geben Sie an, ob eine Anonymisierung erfolgen soll.
Interviewpartner:

Nein, Klarnamen diirfen verwendet werden.

Einstiegsfragen
Bitte geben Sie ihr Alter an:
Interviewpartner:

53 Jahre

Bitte geben Sie Ihre Berufserfahrung an und in welchem/n Bereich(en) diese

Fallen.

Interviewpartner:

30 Jahre; Diplom Informatiker, Anwendungsentwickler, Systemberatung, 20
Jahre Management-Beratung; 18 Jahre GF
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Was ist Ihr hochster Bildungsabschluss?
Interviewpartner:

Diplom-Informatiker

Wie lange sind Sie bereits insgesamt fiir das Unternehmen tatig?
Interviewpartner:

18 Jahre

In welchem Bereich sind Sie aktuell tiatig und wie lange?
Interviewpartner:

Geschaftsfihrer

In welchen der genannten Bereiche schétzen Sie sich als Experte ein?
Vertrieb & Marketing:
Interviewpartner:

Vertrieb Ja, Marketing nein

Projektmanagement:

Interviewpartner: Ja

Kundenbetreuung:

Interviewpartner: Ja

Beschaffung:

Interviewpartner: Ja

Buchhaltung;:

Interviewpartner: Nein
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Controlling:

Interviewpartner: Ja

Wie sind Sie technologischen Neuerungen gegeniiber aufgeschlossen?
Interviewpartner:

Sehr interessiert, auch im eignen Kontext.

Welche Neuerungen interessieren Sie besonders?
Interviewpartner:

KT, im Kontext Sourcing; Chatbot, Fraud-management

Haben Sie bereits personliche Erfahrungen mit KI gemacht?

Interviewpartner: Ja

Welche?
Interviewpartner:

Smart-Home, Heizung, Lampen

Nutzen Sie einen IPA (Google Assistant, Amazon Alexa, Siri, Bixbi, etc.) im

privaten Bereich?
Interviewpartner:

Apple Siri und Amazon Alexa

Fiir welches Unternehmen sind Sie tatig?
Interviewpartner:

Microfin
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Wie viele Mitarbeiter sind fiir Ihr Unternehmen tatig?
Interviewpartner:

40 intern + 10 externe

In welcher Branche ist Ihr Unternehmen tétig?
Interviewpartner:

Finanzdienstleister / Energieversorger / Industrie

Zahlt Thr Unternehmen nach Definition der EU-Kommission (weniger als 250
Mitarbeiter und Umsatz < 50 Millionen €) zu den KMUSs?

Interviewpartner: Ja

Welches ERP-System setzen Sie ein?
Interviewpartner:

Vemas.NET

Wie schétzen Sie Ihr Wissen im Bereich der Einsatzmoglichkeiten von KI ein?
Interviewpartner:

Breiter Marktiiberblick, kein KI-Experte: Skala 1-10: 7

Bitte schatzen Sie ein, welchen Stellenwert KI in den nachsten 3 Jahren inner-

halb von Unternehmensprozessen einnehmen wird:
Interviewpartner:
Deutschland: defensiv / USA/UK: starker

Rantasten und ausprobieren; Hypewelle die beginnt und Use-Cases miissen

erst manifestiert werden.
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Wird aktuell in Threm Unternehmen KI eingesetzt bzw. planen Sie den Ein-

satz? Falls ja, in welchen Bereichen?
Interviewpartner:

Nicht im Einsatz, nur Use-Case zum Ausprobieren. Bilderkennung fiir Team-
Mitarbeiter (Gesichtserkennung); Einsatzbereiche evaluieren. RPA Robotic Process

Automatsation, Arbeitsabldaufe mit Algorithmen unterstiitzen

Schliisselfragen

Kommen wir zu den Hauptfragen. Entlang der Prozesskette werden wir die
einzelnen Bereiche durchgehen, ich werde dazu Use-Cases fiir den Einsatz von KI
beschreiben und dazu gerne Ihre Ansichten horen, insbesondere ob Sie sich diesen
Einsatzbereich fiir Ihr Unternehmen vorstellen konnen. Gerne konnen Sie nach den
Use-Cases auch noch eigene Ideen und Anregungen fiir den KI-Einsatz einbringen,
entsprechende Fragestellungen sind bereits vorbereitet und werden am Ende jedes
Abschnitts gestellt.

Vertrieb & Marketing

Als erstes schauen wir uns den Bereich Vertrieb & Marketing und Marketing
an. Hierzu wurden drei Use-Cases ausgearbeitet, die ich gerne mit Ihnen themati-

sieren mochte.

2.4.1.1 Use-Case: Lead management

Ein wichtiger Aspekt im Bereich Vertrieb & Marketing is das Lead-Manage-
ment, insbesondere die schnelle Identifizierung von potenziellen Kunden, die zii-
gig zu einem Abschluss gebracht werden konnen.

Sehen Sie hier durch den Einsatz von Klassifizierungsalgorithmen aus dem
Bereich des Machine Learning ein Potential diesen Prozess durch Clustering und

Vorbewertungen zu optimieren?
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Interviewpartner:

Wenig Leads im eigenen Unternehmen, daher eher nicht relevant, aber bei
Massenklassifizierung. Projekte entstehen bei individuellem Kundengesprach,
personlicher Kontakt und Verstandnis fiir die Herausforderungen des potenziellen
Kunden.

Welche Informationen sind fiir eine valide Bewertung notwendig und sind
diese iiberhaupt zuganglich?
Interviewpartner:

Unternehmensgrofse

2.4.1.2 Use-Case: Forecasting

Schauen wir uns als ndchstes den Bereich Forecasting an, bei dem die Poten-
tialermittlung aus dem vorangegangenen Beispiel des Lead-Management direkt im
Forecast Berticksichtigung finden sollte. Die Prognose der Nachfrage kann durch
saisonale Einfliisse, Produktlebenszyklen oder komplexer Trends schnell sehr
schwierig werden. Mit Hilfe von Machine Learning kann auf Basis historischer Ver-
kaufszahlen Produktbesonderheiten in Kombination mit 6ffentlich zuganglichen
Daten wie das Wirtschaftswachstum die kurz- und mittelfristige Geschaftsentwick-

lung prognostiziert werden.
Wie sehen Sie diesen Ansatz des Forecasting?
Interviewpartner:

Steht Einsatzmoglichkeit neutral gegeniiber. Viele Unwégbarkeiten, wenig

valide Daten.

2.4.1.3 Use-Case: Information input and retrieval

Die Abfrage und Erfassung von Daten sind stellenweise sehr zeitraubend.
Insbesondere die Erfassung von Notizen zu einem Verkaufsgesprach oder nach ei-
nem Kunden bzw. Interessentenbesuch ist in der Regel nicht gerade die Lieblings-
beschiftigung von Vertriebsmitarbeiter. Besonders wenn man unterwegs im Auto
ist, kann jedoch durch die Nutzung eines Sprachassistenten diese Aufgabe quasi

auf dem Weg zum néachsten Termin oder nach Hause erledigt werden. Auch die
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Informationsabfrage z.B.: in Vorbereitung eines Gesprachstermins, zu dem man
gerade unterwegs ist, kann durch die sprachgesteuerte Abfrage des aktuellen Fo-
recasts oder der letzten Notizen effektiv genutzt werden. Ich wiirde Ihnen dazu
kurz den ersten Prototypen vorstellen, der bereits einen Eindruck vermittelt, wie

diese Funktion in der Praxis genutzt werden kann.

Interaktion: Aufruf V-IP-A, ,Gib mir meine Zusammenfassung” & , Neue
Akquisition bei <FIRMA>*

Was halten Sie von den soeben besprochenen Anwendungsbeispielen?
Interviewpartner:

Sehr niitzliche Funktion. Wenig Vorbereitungszeit, daher sehr gute Funktion.
Diktatfunktion gut.

Welche Informationen konnten noch interessant sein?
Interviewpartner:

Konfiguration der Themen fiir die Zusammenfassung

Eigene Ideen & Anmerkungen zum Einsatz von KI im Bereich Vertrieb &

Marketing

Nachdem wir die Use-Cases aus dem Bereich Vertrieb & Marketing disku-
tiert haben, wiirde mich interessieren, welches Einsatzpotential von KI Sie in die-
sem Bereich konkret in Threm Unternehmen sehen.

Auf welche Vertriebs- bzw. Marketingprozesse wird sich KI in IThrem Unter-
nehmen auswirken?

Interviewpartner:

Intelligente Schnittstelle zu social-media Xing/Linked-in; Selektion nach
Funktionen;

Datenselektion via ,natiirlicher” Interaktion; Datenclusterung anhand Profi-

linformationen; Nearest Neighbour fiir Funktionsbeschreibung;
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Projektmanagement

Als néachstes betrachten wir den Bereich Projektmanagement. Ich mochte

zwei Use-Cases in diesem Zusammenhang vorstellen und diskutieren.

2.4.2.1 Use-Case: Project planning

Projektplanung ist eine komplexe Aufgabe, die entsprechenden Ressourcen
miissen zur richtigen Zeit, in der notwendigen Menge und am richtigen Ort zur
Verfligung stehen. Die KI kann den Planungsprozess unterstiitzen, indem sie die
notwendigen Ressourcen auf der Grundlage fritherer Projekte ermittelt und Pro-
jektrisiken durch die Analyse von Meilensteinverschiebungen oder Kosten- und

Aufwandsiiberschreitungen bei dhnlichen Projekten identifiziert.

Wie sehen Sie die Moglichkeiten der Unterstiitzung durch KI innerhalb des

Planungsprozesses?
Interviewpartner:

Eher tiberschaubare Anzahl von Projekttypen, daher ist es moglich aus den
Vergangenheitsdaten zu lernen. Anwendbarkeit gegeben, nutzen muss sich her-

ausstellen. Mehrnutzen bei Fixpreis.

2.4.2.2 Use-Case: Project implementation

Langfristige Entscheidungsprozesse und schlechte Kommunikation zwi-
schen Projektparteien und Auftragnehmer sind Risiken fiir eine Verzogerung des
Projekts. Mit Hilfe der KI kann eine Echtzeitanalyse des Projekts ein vollstindiges
Bild der anstehenden Entscheidungen auf der Grundlage von Daten aus dhnlichen
Projekten liefern. Alle verfiigbaren Informationen kénnen zusammengestellt und
dem Entscheidungstrager zur Verfiigung gestellt werden, um den Prozess der an-
stehenden Entscheidung zu beschleunigen. Auf der Grundlage von Kommunikati-
onseintragen aus fritheren Projekten konnen Vorschlége fiir die erforderliche Pro-
jektkommunikation abgeleitet werden, um den Auftragnehmer und das Projekt-
team auf dem Laufenden zu halten. Auch die Extraktion von Best Practices nach
Projektabschluss sind denkbare Anwendungsfille, um das Wissen anderen Pro-

jekttragern zur Verfligung zu stellen.
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Wie sehen Sie den Einsatz von KI innerhalb der Projektimplementierung, als

Frithwarn- und Assistenzsystem, sowie der Wissensextraktion?
Interviewpartner:

Weniger Warn-Funktion, da aktuell manuell abgebildet. Interessanter ware
Projektabschlussbericht. Wichtigste Ergebnisse extrahieren, z.B. Endprasentation

identifizieren.

Eigene Ideen & Anmerkungen zum Einsatz von KI im Projektmanagement

Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Projektmanage-

ment?
Interviewpartner:

Suche in Projektergebnissen (Dokumente), semantische Suche

Ko6nnen Sie sich vorstellen in Ihren eigenen Projekten KI einzusetzen, um Ab-

laufe zu optimieren?
Interviewpartner:

Ja, da Projektgeschéft Haupteinnahmequelle.

Kundenbetreuung

Als néchstes betrachten wir den Prozessbereich der Kundenbetreuung. In der
Literatur finden sich dazu zahlreiche Beispiele, wie hier KI zum Einsatz kommen
kann. Vermeintlich steckt also viel Automatisierungs- und Optimierungspotential
in diesem Bereich, um dem gerecht zu werden, wurden fiinf Use-Cases herausge-

arbeitet, die ich gerne mit Ihnen besprechen wiirde.

Wenn Kunden ein Problem oder eine Frage zu einem Produkt oder einer
Dienstleistung haben, wird in der Regel der Kundendienst zur Unterstiitzung kon-
taktiert und ein Support-Ticket erstellt. Dies erfolgt tiber mehrere Wege:

Telefon

E-Mail

Portal
API-Anbindung
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2.4.3.1 Use-Case: Ticket-Classification

Je nach Eingangsquelle miissen diese Support-Tickets noch klassifiziert wer-
den, um z.B. zwischen Fehlern, Anwenderfragen oder Change-Requests (CRQ) zu
differenzieren, aus denen sich ggf. auch kostenpflichtige Leistungen ergeben. Hier
kann durch entsprechend trainierte Modelle wie Decision Trees Machine Learning
unterstiitzen und diese Klassifizierung vornehmen oder bestehende Klassifizierun-

gen validieren.

Wie sehen Sie diese Einsatzmoglichkeit zur Klassifizierung von Support-Ti-
ckets?

Interviewpartner:

Ja, ServiceNow hat das bereits.

Nicht interessant fiir die eigene Nutzung, aber fiir die Kunden von Microfin.

2.4.3.2 Use-Case: Ticket assignment

Als weiterer Schritt nach der Erstellung und Klassifizierung des Support-Ti-
ckets ist die Zuweisung eines geeigneten Bearbeiters, der die Anfrage schnell zu
einem erfolgreichen Abschluss bringt. Auch hier kann durch entsprechend trai-
nierte Modelle eine Unterstiitzung durch Machine Learning erfolgen, um geeignete

Mitarbeiter zur Losung der Fragestellung zu ermitteln.

Sehen Sie hier Potential fiir den Einsatz von KI im Bereich der Ticket-Zuwei-
sung?

Interviewpartner:

Ja, aber nicht im eigenen Unternehmen.

2.4.3.3 Use-Case: Solution suggestion for tickets

Die Suche nach Losungen fiir Tickets kann zeitaufwandig sein, es werden
viele Arbeitsstunden damit verbracht, alte Tickets und FAQ-Datenbanken zu
durchsuchen, um eine Losung fiir ein aktuelles Problem zu. Je nach Verfiigbarkeit
zuverlassiger Daten innerhalb des zu 16senden Problems ist KI in der Lage, ahnli-
che Tickets oder FAQs zu identifizieren, um Vorschlage zur Losung des Problems

zu unterbreiten.
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Wie ist Thre Sicht auf den Einsatz von KI im Bereich der Ermittlung von Lo-

sungsvorschlagen?
Interviewpartner:

Ja, aber nicht im eigenen Kontext.

2.4.3.4 Use-Case: Chatbot

Als vorletzten Use-Case mochte ich die Nutzung von Chatbots vorstellen.
Chatbots kénnen dazu verwendet werden, um einen 24/7-Kundensupport einzu-
richten, um Produkt- oder technische Probleme zu l16sen. Es handelt sich dabei, um
ein Dialogsystem zur Behandlung von Fragen und Antworten auf der Grundlage
einer Datenbank. Auch hier wird KI — konkret Natural Language Processing (NLP)
-verwendet, um den Kern der Fragestellung zu extrahieren und mit entsprechen-

den Losungsmoglichkeiten abzugleichen.

Wie sehen Sie die Einsatzmoglichkeiten von Chatbots im Bereich der Kun-

denbetreuung?
Interviewpartner:

Ja, auch im eigenen Bereich des internen IT-Service-Desk. Support zu Tages-

Randzeiten.

2.4.3.5 Use-Case: Support volume prediction

Abschliefsend fiir die Use-cases der Kundenbetreuung mochte ich die Vor-
hersage des Supportvolumens betrachten. Fiir einen moglichst kosteneffizienten
Betrieb der Kundenbetreuung ist neben einer effektiven Ablauforganisation auch
die Vermeidung von Uber- und Unterkapazititen unerlésslich, auch wenn ggf. Ti-
ckets durch Chatbots bearbeitet werden, ist voraussichtlich eine menschliche Uber-
wachung weiterhin notwendig. Fiir die Planung der benétigten Kapazitaten spielt
das zu erwartende Supportvolumen eine Rolle. Welche Einflussfaktoren bei der
Bestimmung des Betreuungsvolumens eine Rolle spielen, hangt vom individuellen
Geschaftsmodell des Unternehmens ab. Es ist daher notwendig, diese Einflussfak-
toren im Rahmen von Datenanalysen aus Vergangenheitsdaten zu extrahieren und
dann in ein individuelles Prognosemodell zu iiberfiihren, um auf dieser Basis Vor-

hersagen validieren und treffen zu kénnen.
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Welche Einflussfaktoren — sofern Sie diese beurteilen konnen — sehen Sie auf

das Supportvolumen?
Interviewpartner:

Nicht relevant

Wie sehen Sie die Vorhersage des Supportvolumens im Kontext der Einsatz-

planung in der Kundenbetreuung?
Interviewpartner:

Im eigenen Unternehmen nicht relevant, aber als generelle Funktion sinnvoll.

Eigene Ideen & Anmerkungen zum Einsatz von KI in der Kundenbetreuung
Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Kundenbetreuung?
Interviewpartner:

KI im Bereich Lead-Management / Themen anhand von Cross-Selling via KI
vorschlagen und generieren. Verbesserung Kundenbeziehung durch Vorschldge

zur Kontaktaufnahme -> Kontaktfrequenz priifen und bei Anomalien Vorschlagen.

Koénnen Sie sich vorstellen KI in Threr Kundenbetreuung einzusetzen?
Interviewpartner:

Einsatz sinnvoll, insbesondere fiir Kontaktfrequenz.

Beschaffung

Als nachstes betrachten wir den Bereich Beschaffung, speziell das Lieferan-

ten- und Eingangsrechnungsmanagement. Hierzu stelle ich zwei Use-Cases vor.

2.4.4.1 Use-Case: Supplier Management

Die elektronische Infrastruktur im Dienstleistungssektor reduziert alle Arten
von Kosten, verbessert die Beziehung zwischen Kaufer und Lieferant und erleich-
tert Verhandlungen und Transaktionen. Da die Koordinationskosten jedoch immer

noch hoch sind, ist der Einsatz von Informations- und Kommunikationstechnolo-
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gien (IKT) begrenzt. Der Einsatz von KI kann hier ansetzen und helfen zu entschei-
den, welcher Anbieter am besten geeignet ist, basierend auf gesammelten Daten
wie Lieferantenbewertungen, spezifischen Anforderungen der Endkunden - insbe-
sondere im Rahmen von Projekten - oder notwendigen Qualifikationen oder Zerti-

fikaten.

Wie sehen Sie hier das Potential von KI um geeignete Lieferanten zu ermit-
teln?

Interviewpartner:

Normale Google-suche kommt schnell an ihre Grenzen da wichtige Informa-
tionen in den homepage-inhalten stehen, daher Web-Crawler Ansatz. Eine lokale
Datenbank hat nur begrenzte Daten, Lieferanten werden konsolidiert, daher weni-
ger Lieferanten Fiir neue Lieferantensuche bené6tigt man aber eine intelligentere

Suche im Internet.

,Wer-liefert-was” liefert wegen geringer Basis-Funktionen nicht ausrei-

chende Daten zur Bewertung der Eignung. Zusétzlich gibt es zu viele Portale.

2.4.4.2 Use-Case: Procurement management

Die Digitalisierung von Rechnungsstellungsprozessen bietet Unternehmen
eine gute Moglichkeit, Kosten zu sparen, Verwaltungsaufgaben zu optimieren und
die Wettbewerbsfahigkeit und Effizienz zu steigern. Der Rechnungsfreigabepro-
zess kann durch die Verwendung historischer Daten automatisiert werden, so dass
bei der Rechnungspriifung nur auffallige Rechnungen von einem Benutzer manu-
ell gepriift werden miissen. In Kombination mit einer prazisen Prognose kann auch
der Beschaffungsprozess profitieren und erhalt verladssliche Zahlen zur Abschat-
zung kiinftiger Zahlungen im Zusammenhang mit Eingangsrechnungen von Lie-
feranten. Dies tragt zur Lagerbestandsplanung bei, die dem prognostizierten zu-
kiinftigen Bedarf an Lieferungen entspricht und insbesondere bei saisonalen Wa-
ren durch den Einsatz von Kl-basierten Prognosemodellen verbessert werden

kann.
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Wie beurteilen Sie den Einsatz von KIim Bereich des Eingangsrechnungsma-

nagements?
Interviewpartner:

Zuwenig Eingangsrechnungen, aber Einsatz denkbar bei Validierung bei ho-

heren Volumen.

Ausgangsrechnung: Priifung Validitdt der Rechnung, z.B. auf fehlende Rei-
sekosten

Eigene Ideen & Anmerkungen zum Einsatz von KI in der Beschaffung

Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Beschaffung?

Interviewpartner: Nein

Konnen Sie sich vorstellen KI in Ihren Beschaffungsprozessen einzusetzen?

Interviewpartner:

Ja, fiir Lieferanten-Recherche.

Buchhaltung

Kommen wir zum vorletzten Bereich in diesem Interview. Wir betrachten
nun die Prozesse im Bereich Accounting. Hierzu wurden zwei Use-Cases erarbei-

tet, die ich gerne diskutieren wiirde.

2.4.5.1 Use-Case: Document entry

Die Erfassung von Geschiftsdokumenten wie Quittungen und Rechnungen
ist eine zeitaufwandige Routinetdtigkeit im Bereich der Belegerfassung. Dies ist
auch im Bereich der Reisekostenerfassung notwendig, um eine korrekte Abrech-
nung der Reisekosten zu gewahrleisten, die auch steuerliche Aspekte einschlief3t.
Durch geeignete Scanning-Verfahren oder digitale Belege in Kombination mit
Computer Vision kann eine Vorkategorisierung vorgenommen werden, um die re-

levanten Informationen aus den Dokumenten zu extrahieren und dem Anwender
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Vorschlage fiir die weitere Verarbeitung zu geben. Das gleiche Verfahren kann
auch bei Eingangsrechnungen angewendet werden, um auf Basis der Rechnungs-

positionstexte einen Kontierungsvorschlag zu generieren.
Wie sehen Sie das Potential von KI im Bereich der Belegerfassung?
Interviewpartner:

Grundsatzlich sinnvoller Use-Case, im eigenen Unternehmen sinnvoll, um

Fehler zu vermeiden und Aufwand zu reduzieren.

2.4.5.2 Default risk analysis

Eine weitere Anwendung der KI in Buchhaltung ist die Bewertung des Aus-
fallrisikos von Kunden. KI kann Muster, vor allem aber Anomalien in Daten erken-
nen. Andert ein Kunde z.B. sein Zahlungsverhalten, kann das System dies erken-
nen und entsprechende Warnungen ausgeben, so dass z.B. das Insolvenzrisiko
durch externe Systeme iiberpriift werden kann oder Zahlungsbedingungen auf Vo-

rauszahlung gedandert werden konnen.
Wie sehen Sie den Einsatz von KI als Frithwarnsystem in der Buchhaltung?
Interviewpartner:

Idee nachvollziehbar, aber nicht im eigenen Unternehmen, da nur wenige
Rechnungen und viele Rahmenvertrage. Wenn Rechnungen nicht bezahlt werden,
haufig Fehler im Prozess, das die Rechnung.

Eher Validierung der Ausgangrechnung, um Fehler zu vermeiden.

Eigene Ideen & Anmerkungen zum Einsatz von KI in der Buchhaltung

Sehen Sie noch weitere Einsatzgebiete von KI im Bereich der Buchhaltung?

Interviewpartner: Nein

Konnen Sie sich vorstellen KI in Ihrer Buchhaltung einzusetzen?
Interviewpartner:
Fiir Ausgangsrechnungsvalidierung sinnvoll

Auch Scan-Prozess und Vorkontierung sind interessant.
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Controlling

Abschlieflend betrachten wir den Bereich Controlling. Dazu wurden wiede-

rum zwei Use-Cases erarbeitet, die ich gemeinsam mit Ihnen besprechen mdochte.

2.4.6.1 Use-Case: Interpretation of reports

Die richtige Interpretation von Berichten ist ein wesentlicher Aspekt der Ent-
scheidungsfindung. Beispielsweise ist der Deckungsbeitrag ein wichtiger Indikator
fiir den finanziellen Zustand des Unternehmens und bildet die Grundlage fiir die
Break-even-Analyse. Dieser Indikator kann als die Differenz zwischen den Netto-
einnahmen und den gesamten variablen Kosten fiir einen bestimmten Zeitraum
definiert werden, wenn er als einstufige Berechnung verwendet wird. Fiigt man
weitere Stufen wie Fixkosten in die Berechnung ein, ergibt sich ein differenzierteres
Bild als Gesamtdeckungsbeitrag. In der Regel ist dies eine Kennzahl in der Retro-
spektive, jedoch ist es moglich durch die Verwendung verschiedener Datenquellen

auch Prognosen iiber den zukiinftigen Deckungsbeitrag vorzunehmen.

Wie bereits im Rahmen des Vertriebs-Forecast besprochen, kann die KI die
Genauigkeit der Prognose erhohen, was zu verladsslicheren Vorhersagen fiihrt, aber
der Nutzen der KI endet nicht mit den Vorhersagen. Mit Hilfe von Konfigurationen
fiir KPIs ist es nicht nur moglich, die zugrundeliegenden Daten visuell aufzuberei-
ten, sondern es ist auch moglich, diese Daten im Kontext zu interpretieren und dem
Benutzer die angezeigten Informationen mittels Sprachsynthese in Kombination
mit visueller Hervorhebung zu erkldren. Das System ist in der Lage, Abweichun-
gen und Anomalien in den Daten zu erkennen und den Benutzer durch audiovisu-
elle Interaktion auf diese hinzuweisen. Kritische Werte konnen durch den Ver-
gleich mit KPI-Spezifikationen direkt identifiziert werden, so dass der Benutzer
eine kontextbezogene Beurteilung des Deckungsbeitrags und spezifische Informa-

tionen zu Kostenblocken oder Umsatzprognosen erhalt.

Dazu mochte ich Thnen die aktuelle Implementierung innerhalb des Prototy-
pen vorstellen und anschliefsend mit Thnen diskutieren.

Interaktion: Aufruf V-IP-A: ,Wie ist die aktuelle Situation des Unterneh-

mens?”’
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Was halten Sie von dem soeben gezeigten Anwendungsbeispiel?
Interviewpartner:

Fiir Anwender mit wenig Erfahrung durchaus interessant.

Wie sehen Sie den Einsatz von IPAs im Bereich von Auswertungen?
Interviewpartner:

Mit Sprache umschreiben, welche Daten mit welchem Filter angezeigt wer-
den sollen.

2.4.6.2 Use-Case: Data-informed decision making

Als letzten Use-Case befassen wir uns nun mit dem Thema der Entschei-
dungsfindung. In diesem Zusammenhang betrachten wir den Begriff ,der daten-
informierten Entscheidungsfindung”. Die grundlegende Veranderung der Ent-
scheidungsprozesse macht es notwendig, diesen Bereich zu betrachten. Um eine
ausgewogene Grundlage fiir die Entscheidungsfindung zu erhalten, wird mittler-
weile haufig die Kombination von Intuition - basierend auf entsprechendem Fach-
wissen - und einer soliden Datenbasis gewadhlt. Der vorangegangene Anwen-
dungsfall zeigte, wie Entscheidungen auf der Grundlage von zusammengefassten
Daten und entsprechenden Vorkonfigurationen vorbereitet werden koénnen. Auf
der Grundlage dieses Szenarios kann der Anwender einen umfassenden , deep-
dive” durch die Daten durchfiihren. Durch Sprachinteraktion kann ein Drill-Down
aufgerufen werden, um detaillierte Informationen zu einzelnen Prozessen zu er-
halten, so dass der Benutzer auf der Grundlage der Daten und seiner eigenen Intu-

ition bessere Entscheidungen treffen kann.
Interaktion: Aufruf V-IP-A: ,Zeig mir Details zu Juli”
Was halten Sie von dem soeben gezeigten Anwendungsbeispiel?
Interviewpartner:

Mehrwert durch Einsparen Klicks, z.B. durch Drill-Down zu anderen Uber-

sichten wie zugrundeliegende Zeitbuchungen.
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Wie sehen Sie den Einsatz von KI und IPAs im Bereich der Entscheidungs-
findung?
Interviewpartner:

Vorbereitung von Entscheidungen, mit geringer Trageweite.

Eigene Ideen & Anmerkungen zum Einsatz von KI in der Beschaffung
Sehen Sie noch weitere Einsatzgebiete von KI im Bereich Controlling?
Interviewpartner:

Muster und Anomalie-Erkennung, z.B. Personalkosten steigen, ohne Neuein-

stellung.
Dafiir sind natiirlich detaillierte Daten notwendig.

Fragestellungen an das System via Sprache stellen, warum Personalkosten
gestiegen sind.

Konnen Sie sich vorstellen KI in Ihren Controlling-Prozessen einzusetzen?
Interviewpartner:

Einsatz vorstellbar.

Andere Bereiche
Damit schliefSen wir den Hauptteil des Interviews ab.

Abschliesend mochte ich Sie daher fragen, ob Sie iiber die soeben durchge-
gangenen Bereiche hinaus noch andere Unternehmensprozesse sehen, in denen KI
Ihrer Meinung nach in mittelstaindischen Dienstleistungsunternehmen im Allge-

meinen und in Ihrem Unternehmen im Speziellen eingesetzt werden kann?
Interviewpartner:

Kosten-Benchmark fiir IT (In- oder Out-Sourcing), z.B. was kostet 1 GB Sto-
rage (Hardware / Software / DL)

Vergleichbarkeit ist problematisch, da Elemente der Preisstruktur variieren,
fehlende Normierung.

Fehlende Daten extrapolieren und somit Daten vervollstandigen.
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Sehen Sie Thr Unternehmen im Bereich Digitalisierung allgemein und im Be-

reich KI im Speziellen gut aufgestellt?
Interviewpartner:

Gemessen an der Branche (Studie BDU) steht Microfin gut da. Interne Auto-
matisierung ist gut, Kosten-Nutzen steht im Vordergrund. KI wird nicht bewusst

eingesetzt.

Welche Digitalisierungsaspekte sind besonders relevant?
Interviewpartner:

Vermeidung von Medienbriichen insbesondere Papier, aber auch Anwen-

dungstrennungen.

Riickfluss aus Reisekostenabrechnung benétigt Schnittstelle.

Haben Sie entsprechendes internes Know-How fiir KI-Implementierungen?

Interviewpartner:

Know-How im Hause vorhanden, auch als Software-Entwickler.

Welche Erwartungshaltung haben Sie an Ihren ERP-System-Anbieter im Be-
reich KI?

Interviewpartner:

Muss die Moglichkeiten die KI bringt kennen und via Use-Cases Evaluie-

rung.

Prioritat: Verbesserung Usability z.B. via Sprache, Qualitdtssicherung und

Auffalligkeitserkennung fiir Daten.

Haben die technologischen Entwicklungen auch Einfluss auf Thre Produkte

und Dienstleistungen? Falls ja, auf welche und in welcher Form?
Interviewpartner:

Ja, z.B. Cloud-Gate fiir On-Boarding-Prozess inkl. Compliance.
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Wie sehen Sie die Akzeptanz des Einsatzes von KI bei Ihren Mitarbeitern?
Interviewpartner:

80%/90% offen gegeniiber KI, da sich mit KI beschéftigen. Jiingere sind Neu-

gierig, keine Angst vor Automatisierung.

Sehen Sie langfristig eher eine Zusammenarbeit von Mensch und KI oder

wird die KI immer mehr Aufgaben vollstandig autonom tibernehmen?
Interviewpartner:

KI wird zunehmend Bereich tibernehmen, aber tiber mehrere Jahre eher nur
Assistenz-funktionen.

Wird KI eigenstandig wichtige Entscheidungen treffen oder bleibt der
Mensch als ,, Gate-Keeper” erhalten?

Interviewpartner:

Entscheidungen konnen Algorithmen sogar stellenweise besser treffen, aber
Kreativitat und personliche Interaktion. Entscheidung niichterne Fakten und grofie
Datenmengen ist die KI schon heute {iberlegen.

Wie gehen Sie mit den Bedenken mancher Mitarbeiter um, dass die KI Ar-
beitsplatze ersetzt?

Interviewpartner:

Mitarbeiter haben das nicht proaktiv als Bedenken gedufiert. Bei Mitarbeiter
60+ gibt es Beriihrungsangste mit neuen Technologien. Individuelle Gesprache und

Schulungsangebote.

Welche Auswirkung hat die CORONA-Pandemie auf Ihre internen Prozesse?
Interviewpartner:

Waren bereits digital aufgestellt, daher wenig Umstellung notwendig. Kun-

dentermine wurden durch virtuelle Meetings ersetzt.
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Wird die Digitalisierung dadurch beschleunigt?
Interviewpartner:

Ja, zwangslaufig. Biirokapazitdten werden abgebaut.

Welche Auswirkungen hat die CORONA-Pandemie auf Ihr Geschéftsmo-
dell?

Interviewpartner:

Projekt verloren wegen Kurzarbeit, Budgets wurden gestrichen. Aber hohere
Nachfrage durch andere Unternehmen, wirtschaftlich daher nicht betroffen, eher
mehr Geschift da Microfin als Digitalisierungspartner.
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Interview 3

Interviewpartner: Herr Dr. Lewandowski
Firma: cadbas GmbH
Datum: 04.09.2020 15 Uhr

Datenschutz

Dieses Interview aufgezeichnet und protokolliert. Wenn Sie mochten, kon-

nen Thr Name und der Name Ihrer Firma anonymisiert werden.
Bitte teilen Sie jetzt mit, dass Sie mit der Aufzeichnung einverstanden sind.

Interviewpartner: Ja

Bitte geben Sie an, ob eine Anonymisierung erfolgen soll.
Interviewpartner:

Nein, Klarnamen diirfen verwendet werden.

Einstiegsfragen
Bitte geben Sie ihr Alter an:
Interviewpartner:

51

Bitte geben Sie Ihre Berufserfahrung an und in welchem/n Bereich(en) diese

Fallen.
Interviewpartner:

Vertrieb und Unternehmensberatung, Design von Datenmodellen, 30 Jahre

Was ist Ihr hochster Bildungsabschluss?
Interviewpartner:

Doktor, Maschinenbau-Ingenieur
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Wie lange sind Sie bereits insgesamt fiir das Unternehmen tatig?
Interviewpartner:

Seit 1999

In welchem Bereich sind Sie aktuell titig und wie lange?
Interviewpartner:

Geschaftsfiihrer, seit 2008

In welchen der genannten Bereiche schatzen Sie sich als Experte ein?
Vertrieb & Marketing:

Interviewpartner: Ja

Projektmanagement:

Interviewpartner: Ja

Kundenbetreuung:

Interviewpartner: Ja

Beschaffung:

Interviewpartner: Nein

Buchhaltung;:

Interviewpartner: Nein

Controlling;:

Interviewpartner: Nein
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Wie sind Sie technologischen Neuerungen gegeniiber aufgeschlossen?
Interviewpartner:

Sehr offen

Welche Neuerungen interessieren Sie besonders?

Interviewpartner:

Grundsatzliche Offenheit

Haben Sie bereits personliche Erfahrungen mit KI gemacht?

Interviewpartner: Nein

Welche?
Interviewpartner:

Nicht relevant.

Nutzen Sie einen IPA (Google Assistant, Amazon Alexa, Siri, Bixbi, etc.) im

privaten Bereich?
Interviewpartner:

Google

Fiir welches Unternehmen sind Sie tatig?
Interviewpartner:

cadbas

Wie viele Mitarbeiter sind fiir Ihr Unternehmen tatig?
Interviewpartner:

20
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In welcher Branche ist Ihr Unternehmen tatig?
Interviewpartner:

IT & Unternehmensberatung

Zahlt Thr Unternehmen nach Definition der EU-Kommission (weniger als 250
Mitarbeiter und Umsatz < 50 Millionen €) zu den KMUs?

Interviewpartner: Ja

Welches ERP-System setzen Sie ein?
Interviewpartner:

Vemas.NET

Wie schitzen Sie Ihr Wissen im Bereich der Einsatzmoglichkeiten von KI ein?
Interviewpartner:

Mittel

Bitte schatzen Sie ein, welchen Stellenwert KI in den nachsten 3 Jahren inner-

halb von Unternehmensprozessen einnehmen wird:
Interviewpartner:
Automatisierung vieler Prozesse, eher im Fokus der eigenen Endkunden

Effizientere Arbeitsablaufe sollen erreicht werden.

Wird aktuell in Threm Unternehmen KI eingesetzt bzw. planen Sie den Ein-

satz? Falls ja, in welchen Bereichen?

Interviewpartner:

In eigenen Produkten wird KI eingesetzt. Klassifikationssysteme von Bautei-
len. Teile reprasentieren Gruppe zur Klassifizierung. Produktiv bei Kunden mit 1

Mio. Teile. Effizient von mehre Jahre auf 6 Wochen. Hebelwirkung zwischen 50 /
100%.
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Schliisselfragen

Kommen wir zu den Hauptfragen. Entlang der Prozesskette werden wir die
einzelnen Bereiche durchgehen, ich werde dazu Use-Cases fiir den Einsatz von KI
beschreiben und dazu gerne Ihre Ansichten horen, insbesondere ob Sie sich diesen
Einsatzbereich fiir Ihr Unternehmen vorstellen konnen. Gerne konnen Sie nach den
Use-Cases auch noch eigene Ideen und Anregungen fiir den KI-Einsatz einbringen,
entsprechende Fragestellungen sind bereits vorbereitet und werden am Ende jedes
Abschnitts gestellt.

Vertrieb & Marketing

Als erstes schauen wir uns den Bereich Vertrieb & Marketing und Marketing
an. Hierzu wurden drei Use-Cases ausgearbeitet, die ich gerne mit Ihnen themati-

sieren mochte.

2.4.1.1 Use-Case: Lead management

Ein wichtiger Aspekt im Bereich Vertrieb & Marketing is das Lead-Manage-
ment, insbesondere die schnelle Identifizierung von potentiellen Kunden, die zii-
gig zu einem Abschluss gebracht werden konnen.

Sehen Sie hier durch den Einsatz von Klassifizierungsalgorithmen aus dem
Bereich des Machine Learning ein Potential diesen Prozess durch Clustering und

Vorbewertungen zu optimieren?
Interviewpartner:

Wenige Leads und Einzelfallbetrachtung, mehr Aufwand fiir Ermittlung der
Klassifizierung, daher besser manuelle Selektion. Personliches Gesprach und Ein-

schatzung durch Experten.

Welche Informationen sind fiir eine valide Bewertung notwendig und sind
diese tiberhaupt zuganglich?
Interviewpartner:

Hangt zu sehr vom Ansprechpartner und Anwendungsféllen ab. Entschei-

dungs- oder Wissensebene der Person.



CLXX DANIEL HUSSON

2.4.1.2 Use-Case: Forecasting

Schauen wir uns als néchstes den Bereich Forecasting an, bei dem die Poten-
tialermittlung aus dem vorangegangenen Beispiel des Lead-Management direkt im
Forecast Berticksichtigung finden sollte. Die Prognose der Nachfrage kann durch
saisonale Einfliisse, Produktlebenszyklen oder komplexer Trends schnell sehr
schwierig werden. Mit Hilfe von Machine Learning kann auf Basis histor