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AI Assistant Usage Disclosure

Introduction

Performing work or conducting research at the Chair of Software Engineering for Business
Information Systems (sebis) at TUM often entails dynamic and multi-faceted tasks. At sebis,
we promote the responsible use of AI Assistants in the effective and efficient completion of
such work. However, in the spirit of ethical and transparent research, we require all student
researchers working with sebis to disclose their usage of such assistants.

For examples of correct and incorrect AI Assistant usage, please refer to the original,
unabridged version of this form, located at this link.

Use of AI Assistants for Research Purposes

I have used AI Assistant(s) for the purposes of my research as part of this thesis.

x Yes No

Explanation:

• DeepL: Translation of words and sentences.

• ChatGPT: Improvements and modifications of (parts of) prompts. Each usage is detailed
in the thesis.

I confirm in signing below, that I have reported all usage of AI Assistants for my research,
and that the report is truthful and complete.

Location, Date Author
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Abstract

This thesis touched upon three topics in the area of customer service in collaboration with
a large European insurance company: channel decision factors, Large Language Model
(LLM)-powered channel preference prediction and generation of reasons for such preferences.
A structured literature review was conducted to uncover potentially relevant customer
choice determinants for channel selection and combined with a workshop and interviews
in the case study company. An LLM-based communication channel classifier for incoming
requests in customer service was developed and various prompt and input strategies tested
for appropriateness. The inclusion of many user related data points, examples (few-shots)
and Chain-of-Thought prompting proved to be a strong combination and delivered on-par
performance with simple learning-based approaches such as regression, albeit both scored
moderate results in general. The LLM was further tested for its capability of generating
similar reasons to those provided by real humans which worked well for simple reasons but
seems to be challenging overall.
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Kurzfassung

In dieser Arbeit wurden in Kollaboration mit einem großen europäischen Versicherungsun-
ternehmen drei Themen im Bereich Kundenservice behandelt: Faktoren für Kanalentschei-
dungen, Vorhersage von Kanalpräferenzen mit Hilfe von Großen Sprachmodellen (Large
Language Models, LLMs) und Generierung von Gründen für solche Präferenzen. Eine struktu-
rierte Literaturrecherche wurde durchgeführt, um potenziell relevante Entscheidungsfaktoren
für die Kanalwahl zu ermitteln, und mit einem Workshop und Interviews in dem Fallstudien-
unternehmen kombiniert. Es wurde ein LLM-basierter Kommunikationskanal-Klassifikator
für eingehende Anfragen im Kundenservice entwickelt und verschiedene Prompt- und
Eingabestrategien auf ihre Nützlichkeit getestet. Die Einbeziehung von möglichst vielen
Nutzerdaten, Beispielen (few-shots) und Chain-of-Thought-Prompting erwies sich als eine
aussichtsreiche Kombination und lieferte eine vergleichbare Leistung wie einfache lernba-
sierte Ansätze wie z.B. Regression, obwohl beide im Allgemeinen eher mäßige Ergebnisse
erzielten. Das LLM wurde außerdem auf seine Fähigkeit hin getestet, ähnliche Gründe zu
generieren, wie sie von echten Menschen angegeben werden, was bei einfachen Gründen gut
funktionierte, aber insgesamt eine Herausforderung darzustellen scheint.
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1. Introduction

1.1. Problem

Steve Jobs famously said: “Get closer than ever to your customers. So close that you tell
them what they need well before they realize it themselves” [1]. In the world of customer
service, knowing what the customer needs goes beyond answering a question or service
fulfillment. It can also mean the selection of the appropriate communication channel to
address the concerns in. For service providers such as insurance companies or banks,
customer service often provides the interface towards its customers and thus has a great
influence on the reputation and perception of the company [2, 3]. Hence, the quality of the
provided service has real business impact which can be assessed by for example looking at the
time it takes for the company to answer the customer’s request and the level of satisfaction
customers experience when receiving assistance [4]. While companies provide an array of
communication channels such as the traditional (call) hotline, chat services or self-service
opportunities via websites and apps, the most natural one is the hotline [4]. For companies
with high quality service standards and majority human agents handling the incoming phone
calls, this poses a series of problems: significant workforce resources, potentially long waiting
times or bottlenecks in highly frequented periods and an under-usage of other channels which
have been carefully designed to handle certain workflows as efficient as possible. To this end,
we are collaborating with a large European insurance company to address the problem of
finding the right channels for each customer individually. The case study company has not
yet implemented any system to automatically route customers to different channels in case it
deems this appropriate (or suggest the option) nor was any structured data available to aid in
the development of such a system.

1.2. Objectives

In the context of the case study company, we aim to answer three questions:

• In customer service centers, what are relevant factors for deciding the optimal channel
for customer service requests?

• How do different input factors and prompt strategies influence the effectiveness of
LLMs in selecting appropriate communication channels for customer service requests?

• How well do LLMs predict the reasons for choosing a customer service channel?

1



1.3. OUTLINE

Analyzing determinants of customer channel choice will allow for a better understanding
of the research area and provide a basis for the type of information that will need to be
collected to create an exhaustive dataset. This will then need to be annotated and labeled with
real customer data which is the goal of a data collection process. The implemented Large
Language Model (LLM)-based channel suggestion agent is designed to analyze a situation
in which a customer is calling the (phone) hotline and predicts whether other channels may
be appropriate for issue resolution. This opens interesting further investigations into the
usability of LLMs in customer service processes such as predicting the actual reasoning of
a customer behind a channel choice. The indicated solution also presents a first step into a
seamless (omni-)channel switching experience.

1.3. Outline

Chapter 1 motivates the thesis and its objectives. The Theoretical Foundation in Chapter 2
describes important concepts for the field of customer service and insights into the emergence
and capabilities of Large Language Models to lay a basis and common understanding of the
examined topics. This is followed by Chapter 3 - an overview of the Related Work. In Chapter
4, the approach to the problem is described as design science research inspired and explains
the mode of collaboration with the case study company. The synthesis of the customers
decision factors in channel choice is described in detail (Chapter 5) as well as the development
of the LLM-based channel concierge and reason prediction agent (Chapter 6). In Chapter
7, the process of how the data was obtained is described along with a characterization of
the data set. In Chapter 8, the LLM agent is then evaluated based on the data to show the
usability of the proposed solution and investigate the appropriateness of LLMs in this field of
application. In Chapter 9, the implications of this work and future research directions are
explored and Chapter 10 draws a conclusion.
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2. Theoretical Foundation

This thesis touches upon two major streams of research: customer service/care1 and Large
Language Models (LLMs). Customer care constitutes the domain of the problem whereas
LLMs are providing the solution space. Understanding the history and state of the art in
both areas is key to tap into the possibilities and challenges that present itself in the customer
care channel choice space. The following sections will provide an overview of the relevant
developments in both customer care and LLMs.

2.1. Customer Care

Customer care entails a company’s provisioning of information, tools and services to its
customers [5]. In its realm, the quality of the provided services is highly important because
of the effects it has on customer retention or financial performance [6]. The methods used
for the communication between company and customers are called channels and can take the
form of physical stores, websites, chat and phone support, online communities and more
[7]. Companies, especially retailers, have reacted to the upcoming of the online channel by
adopting multi-channel approaches, evolving from mere addition of new channels to the
channel portfolio towards cross-channel customer management [8]. This is succeeded by
the move towards omni-channel strategies which seeks to provide a cohesive cross-channel
experience to the user [9, 10]. Gerea et al. [11] additionally argue that the adoption of the
omnichannel approach through established companies was motivated by the intent to keep
pace with new and very successful digital players (the likes of Google and Amazon) and
improve their customer service [11].

Multi- and Omnichannel research is a broad field with a variety of different focus points.
Topics range from analyzing integration quality and switching behavior in omni- and multi-
channel environments [12, 9, 13] to customer channel behavior in the context of buy-and-return
[14, 15] or complaining [16]. A significant amount of effort has also been made to understand
channel choice determinants from a customer point of view although a comprehensive collec-
tion of the involved factors has yet been only addressed by Wolf and Steul-Fischer [17].

On top of the changes in the number of available channels and their integration, technological
advances have enabled numerous innovations in the channels itself [18]. Improvements in
technology have led to increased personalization and thus better service quality in general
[18]. Conversation channels such as chat and phone calls between the customer and the

1Customer care and service are used mostly synonymously throughout the thesis
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2.2. LARGE LANGUAGE MODELS

company constitute an especially interesting field of advances. Chat services have become
a very popular method of communication for the real-time provision of information or
assistance. While these can be human operated, efforts have been made to use software
instead. [19] Weizenbaum [20] already built a rudimentary chatbot in the 1960s which
employed a rule-based conversation system hinging on keywords appearances [20]. From
there, chatbots continuously improved with technological advances and have evolved into
digital assistants with increasingly more natural interactions [19, 21, 22, 23]. Today�s chatbots
equipped with AI technology can automatically handle a variety of customer requests with a
significantly reduced workforce [24]. Similarly to chat services, call centers have evolved as
well. Traditionally, these were operated with an interactive voice response (IVR) system that
enables users to navigate to its services by the means of the phone keypad with the fallback
option being a routing to a human call agent. With the adoption of AI systems, users can
now engage in human-like conversations to obtain the required services through Natural
Language Processing. [25]

2.2. Large Language Models

Natural Language Processing (NLP) is a field of reseach in the general realm of Artificial
Intelligence (AI) which is concerned with both the analysis and manipulation of human
language or speech [26, 27]. Two important subfields are Natural Language Understanding
(NLU) and Natural Language Generation (NLG), researching the automated meaning extrac-
tion of language and the process of generating natural language respectively [28]. Language
modelling (LM) in particular “aims to model the generative likelihood of word sequences,
so as to predict the probabilities of future (or missing) tokens“ [29]. These models are of
special interest since developments in Large Language Models (LLMs) and large Pre-trained
transformer-based Language Model (PLMs) specifically are heavily influencing the entire
field of NLP [30, 27]. Karanikolas and Tousidou even argue that LLMs are closely entangled
with the foreground of research in AI in general [27].

2.2.1. Recent History

To contextualize recent advances and accomplishments in this field, understanding the
processes that lead to them are crucial. Zhao et al. [29] identified four stages of development
in the field of language modelling research: Statistical Language Models (SLM), Neural
Language Models (NLM), Pre-trained Language Models (PLM) and Large Language Models
(LLM) [29]. Statistical Language Models leverage the Markov assumption to predict the next
word dependant on the previous context. This is called an n-gram language model in case a
context of length n is considered [29]. The Markov assumption states, that the probability of
a next word is (assumed to be) dependant only on the one before [31]. The probability of a
word can thus be approximated as follows (N being the n-gram size) [31]:

P(wn|w1:n�1) ⇡ P(wn|wn�N+1:n�1)

4



2.2. LARGE LANGUAGE MODELS

Borrowing an example from Jurafsky and Martin [31], we can approximate the probability
P(blue|The water of Walden Pond is so beautifully) with the probability P(blue|beautifully).
Neural Language Models make use of neural networks to describe the likelihood of word
sequences [29]. Bengio et al. [32] for example address some shortcomings of the n-gram
approach: not accounting for words outside of (before) their limited context and ignoring
similarity between words. They try to overcome these by representing words as real-valued
feature vectors with a fixed and finite dimension. The probability distributions used for
deciding on the next word are calculated using neural networks that process the feature
vectors of the previous words (context) [32]. Pre-trained Language Models build on the concept
of transfer learning in which knowledge gained from one problem can be leveraged in new
settings [33]. In language modelling, this translates to training generative models on large
text corpora and applying the resulting representations to problems where there are fewer
labeled data [34]. Prominent examples such as the Generative Pre-trained Transformer (GPT)
[35] combine unsupervised pre-training on large unlabeled text-corpora with supervised
fine-tuning for the target tasks [35]. GPT models employ the Transformer architecture [36]
which has improved treatment of long-term dependencies over previous approaches such as
recurrent networks [35]. Scaling PLMs yields impressive results which has led to the creation
of the term Large Language Model [29]. Kaplan et al. [37] show that scaling of the following has
the greatest effect on the performance of the (Transformer architecture) models: “the number
of model parameters N (excluding embeddings), the size of the dataset D, and the amount of
compute C used for training” [37]. The performance boosts hold as long as both N and D are
increased in parallel (though not necessarily with the same scaling factor) [37]. This brought
about models such as GPT-3 [38] that features 175 billion parameters and was trained on
several datasets with cumulative 300 billion tokens or PaLM with 540 billion parameters and
780 billion of training tokens [38, 39]

2.2.2. Use Cases

Large Language Models prove to be very versatile. They are capable – in varying degrees
- of “language generation, knowlegde utilization,[. . . ] complex reasoning” [29], “human
alignment, interaction with the external environment, and tool manipulation” [29]. Language
generation includes language modeling (finding the next tokens), conditional text generation
(such as translation, summarization or question answering) and code synthesis (formal
computer programs). Knowledge utilization tasks may relate to question answering in open-
and closed-book settings (i.e. the LLM having access to external resources such as documents
or not) as well as knowlegde completion which pertains to filling-in incomplete knowlegde
artefacts. Complex reasoning in the realm of LLMs (may it be knowlegde, symbolic or
mathematical) allows for making decisions based on some logic or facts and the ability of
human alignment comprises the conformity to values and needs. Through interactions with
the external environment (s.a. feedback) and tool manipulations like API-calls, LLMs increase
their area of influence.[29] This makes them useful in a variety of application areas. Code
generation tools like GitHub CoPilot [40] are able to provide real-time code and comment
suggestions for source code creation. GitHub CoPilot is powered by Codex, a GPT model

5



2.2. LARGE LANGUAGE MODELS

fine-tuned on code [41]. Systems like TransLlama [42] leverage (minimally) fine-tuned
LLMs to achieve impressive language translation results. Bing2 uses an LLM to present a
comprehensive view of search results [43].

2.2.3. Limitations

Despite the promising technology and broad range of applicability, LLMs face a series of
limitations. Hadi et al. [44] compiled a list of noteworthy drawbacks. We would like to point
out a selection of these deemed most relevant to the application at hand: bias, resource needs,
explainability and hallucinations. Biases existent in training data can lead to their presence
in the corresponding machine learning algorithms [45]. Caliskan et al. [46] demonstrated
the existence of a series of linguistic biases in a word embedding model. Amongst their
findings were the implicit association of European American names with pleasant words
and those of African American names with unpleasant ones. Also, they uncovered gender
biases such as the association of female names with family words and male names with
corresponding career words. [46] Additionally, the vast resource needs of LLMs are not to be
underestimated. The energy used in training the BLOOM [47] LLM is reported to have ben
around 433000 kWh3 and resulted in the emission of close to 25 tonnes of CO2 equivalents.
During deployment, not only the actual processing of requests but also the idle time (no
requests) has a significant energy consumption. [49] In terms of explainability, LLMs pose a
challenge because of the high model complexity and in-transparent underlying processes [50].
Doshi-Velez and Kim [51] define interpretability4 in the context of machine learning “as the
ability to explain or to present in understandable terms to a human” [51]. Compared to even
regular deep learning algorithms, the sheer size of LLMs (both in number of parameters and
amount of training data) complicates the understanding of the concrete processes that lead
to the results [50]. Finally, hallucinations pose another threat to the applicabiltiy of LLMs.
Hallucinations in NLG are traditionally categorized into intrinsic and extrinsic. Instrinsic
hallucinations alter information from the input while extrinsic halluconations refer to the
inclusion of information that is not present in the input [52, 53]. Huang et al. [53] further
propose a redefined categorization for hallucinations to address more LLM-specific challenges:
factuality and faithfulness. Factuality hallucinations describe outputs which are contradicting
exsiting facts or cannot be verified. On the other hand, faithfulness hallucinations refers to
the deviation of the LLM output from the user’s intent or inconsitencies within the (LLM)
answer. [53]

2Search engine from Microsoft; https://www.microsoft.com/en-us/edge/features/the-new-bing
3For reference: in 2023, the per-person power consumption in Germany was approximatley 6100 kWh [48]
4Consider synonymous to explainability, as in [50]
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3. Related Work

Literature on automated channel switching or suggestion is – to the best of the author’s
knowledge – sparse and there is no record of Large Language Model usage for classification
in the channel navigation space. Nevertheless, either space – LLMs for classification and
automated channel navigation – has been researched before individually.

3.1. LLM Classification

Despite the generative nature of language models (with respect to the output), LLMs have
been applied to various classification tasks such as intent classification [54, 55], sentiment
analysis [56, 57] or product categorization [58]. In health care for example, Rao et al. [59] have
tested the viability of LLMs in clinical decision support to select the appropriate radiology
service in the area of of breast pain and breast cancer screening. They provided OpenAIs
ChatGPT with some patient data (such as the patients lifetime risk of cancer) and asked
for a suitable radiology service for this situation [59]. In finance, Fatemi et al. [60] further
investigate how (different modified and fine-tuned) LLMs can proof useful on a variety of
financial text classification problems such as hawkish-dovish or deal completion classification
[60].

3.2. Automated Channel Navigation

The idea of using NLP methods (such as automatic speech recognition and machine-learning
classifiers) to route calling users to the correct human agent or alternatively self-service
options is not new as Tyson and Matula [61] have already demonstrated in 2004 with their
Latent Semantic Indexing approach. They do not, however, open the possibility to switch
the communication channel [61]. More recently, Liu et al. [4] leveraged deep reinforcement-
learning to create channel recommendations for calling customers at a financial technology
company based on information about the available channels (estimation of the incoming
request volume) and the user (age, gender, province, household car, assets and credit limit).
The proposed solution outperforms the baseline mechanism which is a rule-based system
built by the business in terms of number of people accepting a channel switch suggestion. The
main goal here is to avoid congestion in bottleneck channels. The authors suggest potential
improvements to their approach by - amongst others - additionally considering the actual
user request in text form on top of the previously mentioned attributes. [4]

7



4. Methodology

According to Hevner et al. [62], information system (IS) research is operating in the field of
action of its environment (s.a. business organizations) and the knowledge base (foundations
and methodologies). While the environment provides the relevance with their business needs,
the applicable knowledge of the knowledge base defines the rigor. IS research on the one
hand allows the application of its results in the respective environment while enriching the
knowledge base on the other hand. Within this framework, two (complementary) paradigms
influence the research cycle: behavioral-science and design-science. Design-science research
is concerned with building of artifacts and their evaluation while behavioral science develops
and justifies theories. [62]

Given the case study companies’ need for a solution in the customer service channel naviga-
tion space without extensive training data available, the chosen approach for this thesis is
leaning on design-science research specifically. To understand customer choice determinants,
a literature review is conducted and a workshop and interviews at the case study company
are held. This yielded decision factors which are then in turn used as input to the developed
LLM-based channel suggestion agent and guided the information collected in a user survey
for evaluation. Hevner et al. [62] outline seven guidelines for design science in information
systems research which they provide to facilitate the understanding of the basis for effective
research in this specific area. Despite the fact that attending to these guidelines in some
form or another is considered obligatory for complete research, the authors advocate for a
liberal use [62]. Table 4.1 outlines the guidelines (design as an artifact, problem relevance, design
evaluation, research contributions, research rigor, design as a search process and communication
of research) along with their original descriptions. To show compliance with the proposed
design-science research framework, the following will detail what has been done to address
each guideline individually.

Design as an artifact. Key goals of the research project are both the compilation of customer
service channel choice determinants (factors) and the process and creation of an LLM-enabled
decision algorithm for finding appropriate channel suggestions. Hevner et al. [62] argue
that also the “methods applied in the development and use of information systems” [62] are
considered IT artifacts for this purpose. Hence, the process for obtaining both training data
and prompt input also falls within this scope.

Problem relevance is indicated by the case study company which aims to harmonize a great
customer journey with optimal resource allocation in its customer service. Liu et al. [4] point
to the fact that due to a strong user bias towards call hotlines in customer services, both the
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Design Science Research Guidelines
Guideline Description
Guideline 1: Design as
an Artifact

Design-science research must produce a viable artifact in the form
of a construct, a model, a method, or an instantiation.

Guideline 2: Problem
Relevance

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

Guideline 3: Design
Evaluation

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

Guideline 4: Research
Contributions

Effective design-science research must provide clear and veri-
fiable contributions in the areas of the design artifact, design
foundations, and/or design methodologies.

Guideline 5: Research
Rigor

Design-science research relies upon the application of rigorous
methods in both the construction and evaluation of the design
artifact.

Guideline 6: Design as
a Search Process

The search for an effective artifact requires utilizing available
means to reach desired ends while satisfying laws in the problem
environment.

Guideline 7: Communi-
cation of Research

Design-science research must be presented effectively both to
technology-oriented as well as management-oriented audiences.

Table 4.1.: DSR Guidelines [62]

customers and the company face drawbacks. From the end user perspective this channel
means longer waiting times and the company faces non-optimal usage of their channel
spectrum. Solutions based on extensive rule sets are both in-flexible and often unaware of the
conflicting goals of customer happiness and business resources. [4]

Design evaluation. The environment of the case study company currently does not feature a
system for automated and personalized channel navigation nor was any data collected for this
purpose. Hence, there is no benchmark system available. Consequently, during this thesis,
data was collected for this specific task through a user survey facilitated and executed by
the case study company. This was then analyzed and transformed into a data set usable for
development and testing of the LLM-powered channel decision agent. Performance was then
reported using various classical classification metrics (F1-score etc.) and literature inspired
custom scoring (see 8.1.1) and compared with learning-based approaches.

The research contributions of this thesis are threefold. Firstly, the research on customer channel
choice determinants is enriched with a more recent and focused (customer care and service)
overview of factors influencing customer channel choice present in the literature. This is
extended by the inside-view of the experts from the case study company. Secondly, this
research project yields a software artifact for predicting individual channel preferences based
on LLM-technology operational with little training data in the realm of customer service.
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This includes detailed evaluations regarding the usefulness of detailed customer situation
descriptions in the LLM input and benefits of company specific channel descriptions in the
prompts. Thirdly, approaches for generating human-level reasons for channel choices are
investigated.

Research rigor is upheld by basing the factors of customer channel choice on previous research
and input from relevant stakeholders. A structured literature review is conducted to identify
all relevant articles related to decision factors which is then refined through interviews in the
case study company to fit the results to the given situation and processes. Influencing factors
on the prompt and input for the LLM-agent were independently tested for their impact on
task performance and the reported results for an optimized prompt were based on strictly
overlap-free datasets for optimization and testing to avoid over-fit and bias.

Design as a search process. The process of finding a suitable solution started with the definition
of the problem. This was done in a step-by-step fashion as the most pressing issue of the
company was uncovered by iteratively discussing problems and potential solutions in call
routing and channel navigation. The eventually stated goal was a solution for predicting
customers channel preferences based on to be determined factors. Restricting the selection of
tools for this purpose was the desire to work without extensive training data, privacy and
compliance considerations and the lack of an existing solution as comparison. The provided
solution thus uses a compliant LLM working on input factors that were determined through
literature research and a company internal workshop and interviews. The evaluation of the
solution is based on data collected through resources available to the company.

Communication of research. Each step of the development of the solution, including technical
details, is documented in this thesis to ensure reproducibility. Furthermore, managerial
implications are derived for a less technology-oriented audience to inform about the necessity
to allocate resources for an implementation in production setting.

4.1. Case Study

The context in which this research is conducted is provided by a large European insurance
company. To reduce the organizational complexity of the problem (channel navigation), the
scope is narrowed to one specific department and country. The examples and structures thus
pertain to the German branch of damage claims and customer care.
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5. Relevant Decision Factors

There has been a large amount of research dedicated to examining various aspects of the
ever evolving channel landscape that connects consumers and end users with companies [63,
64, 65, 16]. In telephony especially, human call agent touch points are ressource intensive
and provide limited scalability with a given set of human operators. Ideally, not each person
calling the hotline must be served by this specific channel eventually but could be asked to
proceed in a different channel such as chat or online self-service.

In the context of this thesis we specifically aim at combining the customer experience with
the company’s perspective in customer service channel delivery. To this end, we conduct
a workshop and interviews within the case study company to analyze what determines
optimal customer channel choice from their point of view. To build on existing research, we
additionally undertake a structured literature review to further source customer decision
factors. Understanding the decision factors that drive customer channel choice in the first
hand is crucial to investigate alternative channel pathways without ruining the customer
journey.

In addition to an improved understanding of the overall customer behavior, this yields a
framework for developing scenarios that can be used for development and testing of respective
solutions in the domain. In terms of building machine learning classifiers and predictors, the
resulting list of channel decision determinants also provide a basis for identifying relevant
features.

5.1. Company Perspective

To include the company specific perspective on the situation, we set up one workshop with
five participants and three subsequent one-on-one interviews (see Table 5.1). The goal was to
let relevant stakeholders voice their opinion. In close collaboration with the customer care
department we were working with, we reached out to experts in the scope of the insurance
product we were focusing on. The primary way of contact establishment was through network
connections and planning interviews for identifying the appropriate set of participants. All
experts that were not able to join the workshop due to scheduling conflicts agreed to a
follow-up one-on-one interview to collect their opinion. In both formats, we specifically
asked what factors can or should play a role in deciding the optimal channel for a customer.
While some of the mentioned factors were business related (such as process cost, . . . ) the
vast majority of answers were focused on the customer and their perspective. An important
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5.2. LITERATURE RESEARCH

Position Experience (years) Participation
Capacity Manager 20 Workshop
Capacity Manager 25 Workshop
Process Lead 18 Workshop
Project Lead 5 Workshop
Product Owner 18 Workshop
Product Owner 5 Interview
Product Owner 9 Interview
Business Owner 20 Interview

Table 5.1.: Workshop and interview participants

observation from the interactions was the strong desire of all participants to make sure that
the customer journey is as good as it can be and that it should be prioritized over business
interests such as cost considerations.

The 90-minute workshop was set-up in a hybrid mode: both virtual (video conference) and
on-site participation was possible. The 30-minute interviews were all conducted online via a
video conferencing tool. During the sessions, a MIRO1 board was shared with all participants
where the factors that were deemed relevant for channel choice could be collected on note-like
objects. Following the raw collection of factors through the brainstorming sessions on the
MIRO board, all of them were documented using Microsoft Excel. Duplicates or very similar
topics (shared concepts) were grouped together for the workshop and each interview. The
aggregated results together with the factors from the literature review can be seen in Table
5.3.

5.2. Literature Research

Wolf and Steul-Fischer [17] have created the most extensive and to our knowledge presently
most recent systematic literature review in the field of determinants of customer channel
choice. They do however not narrow their focus on a specific part of the customer journey
or area of product / service. Instead, they aim to combine existing knowlegde about the
factors that drive customer channel choice in a mulit- and omnichannel environment across
all sectors and customer journey stages. This yielded 66 factors (divided into five main and
14 sub-categories) from 128 papers. [17]

In this part of the thesis we aim to extend their research until the present day (October 2024)
and focus on the customer care and service application areas specifically, because this fits the
purpose of the case study company. Therefore we conducted a systematic literature review
to pinpoint relevant factors for customer channel choice in a multi- and omnichannel en-

1https://miro.com; popular collaboration platform
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vironment currently present in literature that focuses on customer care and services in general.

5.2.1. Methodology

Since we accept the overall premise of the research of Wolf and Steul-Fischer [17] but would
like to narrow the results down to a more topic focused (customer care and service) list of
decision factors and more recent findings, we follow a similar approach for the structured
literature review.

Amongst others, Synder [66] provides a comprehensive guideline for such reviews which
is in principle also adapted by Wolf and Steul-Fischer [17]. Accordingly, the process of a
structured literature review consists of four phases: designing the review, conducting the
review, analysis and writing [66]. An important part of designing the review, is to clarify why,
for whom and how this review is conducted [66]. The reason for doing the literature review
in the first place is the desire to synthesize and leverage existing research in the field of
customer channel choice factors. In terms of the audience ortientation, the review is tailored
towards usage within the case study company to complement factors already considered in
existing processes. The “how” of the review is determined by the search strategy which starts
with the search string. This string inlcudes important terms conncted with Boolean operators.
Here, we used the search string from Wolf and Steul-Fischer [17] as basis and refined it for
the purposes of this thesis. This meant narrowing down the mulit- and omnichannel choice
to customer care and service application areas. The concrete search terms were adapated
based on an initial exploratory search and review of the material from [17]. The following
was eventually used: ("Customer Care" OR "Customer Service" OR Hotline OR "Contact
Center" OR "Contact Centre" OR “Client service” OR “Client care” OR “Customer support”
OR “Post purchase” OR Engagement OR “Service usage” OR Request* OR Complaint*)
AND (choice OR choose* OR select* OR use OR usage OR utili* OR adopt* OR prefer) AND
("omni channel" OR "multi channel" OR "cross channel" OR "dual channel" OR omnichannel OR
multichannel OR cross-channel OR dualchannel). The parts in bold indicate the difference to the
one used by Wolf and Steul-Fischer [17].

Figure 5.1 visualizes how the review was conducted following the definition of the search
string. The methodology is almost identical to the one applied by Wolf and Steul-Fischer [17]
who based the search process on the PRISMA guidelines [67]. Three databases were used to
query relevant papers by means of the above search string on October 14th, 2024: EBSCO
Host, Scopus and Web of Science. Inlcusion criteria were defined as English language only,
peer-reviewed journals from the domain of management or business categories. The search
period was set to start in the year 2000 until the present day since research on digitalized
commercial channels and hence multichannel was scarce beforehand [17, 68, 12]. The initial
database search yielded 273 papers (EBSCO Host = 61, Scopus = 119, Web of Science = 93)
which included 70 duplicates. For the papers which were published before or in 2021, we
cross-checked whether they were included in the final review selection of Wolf and Steul-
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- Search string = ( "Customer Care" OR "Customer Service" OR Hotline OR "Contact 
Center" OR "Contact Centre" OR “Client service” OR “Client care” OR “Customer 
support” OR “Post purchase”  OR Engagement OR “Service usage” OR Request* OR 
Complaint*) AND  (choice OR choose* OR select* OR use OR usage OR utili* OR 
adopt* OR prefer) AND ("omni channel" OR "multi channel" OR "cross channel" OR 
"dual channel" OR omnichannel OR multichannel OR cross-channel OR dualchannel) 

- Language = English
- Search period = 2000 – 2024 (October)
- Source type = Peer-reviewed journals
- Domain = Management or Business Categories

EBSCO Host 
(n = 61) 

Scopus
(n = 119) 

Web of Science
(n = 93) 

203 articles after duplicates 
removed

Source quality = Impact factor of journals 
>= 1.0 or Scopus Q1/Q2 classification (13 

removed) 

88 remaining after cross checking 
with Wolf and Steul-Fischer 

(those from < 2021)

75 articles after low-quality 
jourmals removed

75 articles screened 51 articles exluded based on title and 
abstract

24 full-text articles assessed for 
eligibility

12 full-text articles excluded (either they did 
not focus on customer channel choice or did 

not include any customer care or service 
aspect at all)

4 papers identified through backward search
3 papers identified through forward search19 articles included in the 

analysis and synthesis 

Figure 5.1.: SLR Overview based on [17] and [67]

Fischer [17]. This was possible due to our search string yielding a strict subset of their results
because of the additional requirements being added via an AND operator and having the
same inclusion criteria otherwise. This left 88 papers for further examination of which 13
were removed due to insufficient journal quality. The quality was assessed by an impact
factor greater or equal to 1 (verified via the Journal Citation Report (JCR) by Clarivate [69])
or the declarance of being a Q1/Q2 journal on Scopus if no JCR rating was available [70].
The remaining articles (n=75) were screened by reading the titles and abstracts and evaluated
whether they considered choice of (interaction) channel from the customer side specifically
and addressed either customer care or service applications. This left 24 papers for a more
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detailed analysis of which 12 were futher excluded after reading the entire article. Backward
and forward search on this set of articles yielded additional 7 papers.

5.2.2. Results

In-depth analysis of the final list of articles (n=19) yielded 47 factors (after merging similar
concepts) which were gathered and analyzed using Microsoft Excel. Table 5.3 shows the final
list of factors. Each unique factor is shown with a collection of the corresponding papers in
which it was analyzed. The shown name is thus a generic term for the different expressions
used in the articles. Whenever a term is not clear on its own, a short explanation is added.

Table 5.2: Customer channel determinants identified through SLR

Generic Term Explanation Referencing Papers

Sex [71],[72], [73], [74], [75]

Age [71], [72], [73], [76], [74],
[75], [77]

Convenience Ease and speed for completing tasks
incl. waiting time

[71], [78], [16], [76], [79],
[74], [77]

Channel experience /
affinity

Prior experience with the channel
technology

[9], [73], [80], [78], [16],
[76], [79], [65]

Redress seeking Aiming for some kind of compensa-
tion

[71], [16]

Frequency of use [73]

Integration quality How well are the channels inte-
grated between each other

[81], [9]

Type of inquiry E.g.: service or admin usage [82], [73]

Marital Status [72]

Information need (de-
gree)

How strong is the need for informa-
tion?

[82], [77]

Venting anger Does the customer want to release
frustration?

[71]

Social / personal connec-
tion

[71], [78], [16], [80], [76],
[79], [74], [65], [77]

Customer engagement
level (service usage level)

How many products does the cus-
tomer have?

[73], [76], [77]

Trust in security [80], [74]

Continued on next page
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Table 5.2: Customer channel determinants identified through SLR (Continued)

Privacy [80], [78], [80]

Previously used channels [83], [16], [77]

Mobile Identity "manifests the importance of mobile
technologies in defining and hold-
ing individual identity"[81]

[81]

Relationship quality Relationship with company [83]

Individual’s assertiveness Inclination to assert opinions with
conviction

[16]

Infrastructure Access to enabling respective hard-
and software

[80], [74]

Channel awareness [80]

Openess / willigness to
change

[80]

(Hidden) charges [80], [76], [84], [74]

Region [72]

State per capita income [72]

Perceived Necessity [80]

Perceived Reliability [80]

Current Satisfaction [16]

Perceived media richness
of channel

How much information can be con-
veyed?

[85]

Culture [86]

Service complexity [76], [74]

Product risk Is it a large (monentary) decision? [76]

Income [76], [74]

Work-hours [76]

Ethical stance Perceived unfairness of upcoming
channels due to staff reduction etc.

[76]

Company image / Stance [76]

Range of channel provi-
sion

[76]

Personal control [84]

Continued on next page
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Table 5.2: Customer channel determinants identified through SLR (Continued)

Channel usefulness [79]

Availability [74], [78]

Service quality [74]

Recommendations by oth-
ers

[74]

Error Risk [74], [76]

Shopping innovation [77], [75]

Physical restrictions (PR) [65]

Claim already filed (insur-
ance)

[77]

Capabilities Believing in one’s own capabilities [65]

5.3. Synthesis

Following the collection of factors from both industry experts as well as the literature,
they were merged and analyzed for overlap. Each factor from each source was considered
individually for assessing whether there are similar concepts in the other sources. If so,
they were merged while noting that both the company and the literature pointed towards
it. Together with the factors that were mentioned exclusively either by the literature or the
company, three categories were created to group the factors by source: shared, company-
and literature exclusive (see Table 5.3). Incidated in bold are the factors which will be used
in the development of the LLM agent to inform about the user and the situation at hand.
These particular factors are: age, intent, previously used channels, infrastructure, complexity,
innovativeness and existing claim. They were chosen for three reasons. Firstly, they are both
mentioned by experts in the company and previous studies about customer channel choice
behavior, indicating some general agreement about their importance. Secondly, the chosen
set is both describing customer characteristics and specifics about the situation, thus differing
between customers and claims. Thirdly, the majority is accessible by the company or could be
calculated from other input factors.
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Factor Overview
Only in Literature Mentioned in Both Only in Company
Gender Age App registration
Redress seeking Comfort Digital channels used before
Usage frequency Channel affinity End-customer vs. intermedi-

ary
Marital status Integration quality Patience
Information need Intent Acute danger
Engagement level Venting anger Customer has all necessary

data for process
Trust in security Social / Personal connection Customer authenticated
Privacy Previously used channels Digital process exists
Mobile identity Infrastructure Customer satisfaction with

process
Relationship to company Channel awareness Process-transparency
Personal assertiveness Openness to change (Process cost)
(Hidden) cost Perceived necessity (to use

other channels)
Prioritization

Region Complexity Customers’ uncertainty
Income per region Product risk Potentially not saying the

truth
Perceived reliability Range of channel provision Time already spent in channel
Current satisfaction Channel usefulness How visible is the phone

number vs. other channel en-
tries

Perceived media richness Availability Pre-filled data available
Culture of customer Service quality Customer vs. family/...
Income Error risk Multiple contact attempts in

same channel
Working hours Innovativeness Language barrier
Ethical considerations Previous claim Multiple conctact attempts

across channels
Company reputation (Upselling potential)
Personal control (Conversion rate)
Recommendation
Physical constraints
Cognitive abilities

Table 5.3.: Synthesis of factors based on source overlap. Factors in bold will be used for the
developed LLM agent. Those in brackets are not relevant for the customer choice.
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6. Agent Development

In the following, we detail the development and decision process for building the LLM-agent
for channel navigation and reason prediction in the context of the case study company. For
the evaluation of the solution, please refer to Chapter 8.

6.1. Motivation

The first problem at hand – deciding the correct customer prediction for each communication
channel – is a typical classification problem. Addressing this with machine learning algorithms
usually requires some sort of training data. The goal of the desired solution in this case
though is to be independent of available data sources and should also work in data scarce
environments. Building a deterministic business logic based on handwritten rules requires
full coverage of all possible scenarios and scales badly to other application areas (different
business units or companies) in addition to requiring a comprehensive understanding of the
decision process on the customer side. Instead, we investigated how well Large Language
Models perform in this area of customer care with little data available about the customer
preferences a-priori. For the second problem – predicting reasons for the channel choice – we
can harness the core capability of LLMs: generating text. By inquiring about the reasons for a
certain decision and potentially derivate a reason from the user information alone, far more
insight could be generated about a customer request than the preference only.

6.2. Channel Preference Prediction

6.2.1. Prompting Approach

System Prompt

Given the goal of a scalable solution in data-scarce environments and API-only access to
the LLM, the remaining development and optimization possibilities are mainly targeted
towards prompt engineering. Prompts refer to “textual instructions and examples of [. . . ]
desired interaction”[87] which are prepended to the input [87]. Prompt engineering refers
to the strategic designing of prompts to direct the output of the model [88]. There is a
plethora of different prompt engineering techniques available. Sahoo et al. [88] have collected
and categorized 29 distinct variants covering – among others – topics such as hallucination
reduction, reasoning or code generation. The categories of highest interest for this work are
“New Tasks Without Extensive Training” [88] and “Reasoning and Logic” [88]. The first one
covers Zero- and Few-Shot prompting which rely on the internal knowledge of the LLM and
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6.2. CHANNEL PREFERENCE PREDICTION

the addition of some exemplary input-output pairs respectively. For the reasoning techniques,
we selected Chain-of-Thought (CoT) and Tree-of-Thoughts (ToT) prompting which try to
induce a reasoning process. [88]

The initially designed prompt was hand-crafted but loosely based on a prompt from An-
thropic’s1 prompt library for a review classifier [89]. It contains details regarding the names
of currently available communication channels, the names of the labels that should be as-
signed to each channel and instructions regarding the desired output format (for details, see
Appendix B). Listing 6.1 showcases the expected result format (JSON) of an LLM call with
<Label> being one of either preferred, acceptable or undesired2. Multiple channels with the same
label were possible because the eventual test data features this as well.

Listing 6.1: Desired output structure of the LLM agent
1 {

2 "Call": <Label>,

3 "Chat": <Label>,

4 "Self-Service Web": <Label>,

5 "Self-Service App": <Label>,

6 }

To aide the process of finding a good prompt, a series of variants were created with all of them
containing above mentioned information (albeit in different forms). Four different variables
were tested for their influence on the performance on the end-task: type of instructions/prompts,
inclusion of few-shots, channel description type and inclusion of reasons. The type of instruction
referred to the wording of the overall task description within the prompt. The baseline type
was the one which was hand-crafted based on the prompt library. One alternative was a
text generated through a meta-prompt3 provided by OpenAI. The goal of this prompt is to
incorporate best practices for prompt creation in the generation of a new prompt based on an
existing one [90]. Hence, the hand-crafted prompt was given as input for the meta prompt
which yielded an LLM-generated prompt to serve as an alternative. The other alternatives
were CoT- and ToT-prompting. For CoT-prompting we specifically addressed zero-shot-CoT
[91] since we did not want to interfere with the few-shot prompting. In zero-shot-CoT no
concrete example needs to be provided but only the additional sentence “Let’s think step by
step” [91] before the answer [91]. As we additionally tried a zero-shot-CoT variant in which
we explicitly name a series of steps to analyze the user input, the former (original) zero-shot
variant is called short zero-shot-CoT here. For Tree-of-Thought-prompting, we used a version
from Hulbert [92] which tries to induce multiple reasoning paths and self-evaluation in one
promp [92]. The details for the prompts and steps can be found in Appendix B. Furthermore,
the inclusion of few-shots enriched the given instructions with input-output examples – here:

1Anthropic is an AI safety and research company providing the Claude LLM family. https://www.anthropic.com
2The respective German labels were Mein präferierter Weg, Nicht ideal aber akzeptabel and Würde ich nicht nutzen.

The English labels were chosen based on their translation and succinct token representation
3https://platform.openai.com/docs/guides/prompt-generation, Last accessed: 25/01/2025
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list of factors with user and situation information and expected JSON. The considered options
were none (zero-shot), three and five shots. The list of examples for the few-shots were picked
from the survey data (see 7) to include each available intent (liability case, accident, . . . .) at
least once. The other factors were varied as much as possible between the examples. For
the 3-shot version, the intents were chosen to be break-in, pipe damage and accident as they
were deemed the most distinct among the available options. To inform the LLM about the
details of each available channel (Call, Chat, Self-Service Web, Self-Service App), experts
from the case study company were interviewed for their input (for details, see 6.2.2). The
way this information was conveyed in the prompt is referred to here as channel description
type. Four different variants were tried: bullet-point list (original), plain text, JSON format
and no descriptions of the channel at all. Finally, the inclusion of reasons collected from the
conducted survey (for details, see 7.3) enabled the provision of frequently mentioned reasons
for preference choice by the users in the prompt. For each combination of channel and
preference label (e.g.: Call & preferred), the generated summary of the most frequent reasons
was given.

For each variable, their influence on the performance was tested separately to learn more
about helpful prompt construction. The results can be found in Chapter 8.

Input

The input (user prompt) consists of a dictionary style string representing various factors about
the user and the situation. The concrete selection of factors is based on the literature review
and internal interviews with the case study company regarding customer channel choice
determinants (for details, see 5.3). In the current version of the agent – in addition to the user
utterance itself – seven pieces of information can be provided as input: age, innovativeness,
available devices, previously used channels, intent, complexity, existing claim. The first four factors
refer to the customer while the last three are describing the issue for which the customer is
approaching the company. Innovativeness is given on a 5-point Likert scale from very high to
very low and the available devices and previously used channels are lists of the respective
items. The intent is the category of the claim (e.g.: accident), complexity is either high or low
being an attribute of the insurance situation at hand and existing claim describes whether this
communication is about something that has already been mentioned to the company or not.

Similarly to the approach for the system prompt, these factors were individually tested for
their influence on the model performance. To this end, more information was incrementally
added to the user utterance only to observe potential differences in the respective outcome.
The first addition to the user utterance were the three situational factors: intent, complexity
and existing claim. This was then considered the baseline as it roughly matches the descriptive
information the user saw in the survey scenarios. Following this, the remaining four customer
related factors: age, innovativeness, available devices and previously used channels were
independently added to the baseline and the respective model performance was observed.
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6.2.2. Collection of Expert Input

To adapt the prompt to the reality of the case study company, three subject matter experts
were interviewed to receive detailed information about the communication channels. In
these semi-structured interviews – all conducted online with a video conferencing tool – four
questions were discussed: Which information is necessary to operate in the given channel?, In
which cases should this channel be used and why?, What are the advantages of the channel? and
What are the disadvantages of the channel? The results were noted with bullet points and shared
with the interviewees afterwards for potential corrections. This information was then used
verbatim for the prompts in the format question: answers in bullets. To investigate the influence
of different textual presentations of the information, two additional variants were created.
The JSON format was identical in the wording of the bullets but each question was a separate
JSON object (under the keys: “information”, “use-cases”, “advantages”, “disadvantages”).
Each object then had a description which was the exact wording of the question and details
which was a list containing the bullets. To provide another alternative, a plain text version for
each channel was created. This was done by asking OpenAI’s GPT-4o model to provide a
concise paragraph containing the information from the bullet-points.

6.2.3. Technical Realization

Due to company rules and restrictions, the only available LLM setups includes the models
from OpenAI through the corporate Azure API. The models are easily accessible by their
Python bindings. System and user instructions are passed to the respective Python function.
To ensure a high degree of reproducibility (despite inherent probabilistic traits), the seed
parameter for the model was set to 42 and it’s temperature to 0.00001. Lower values (closer
to zero) for the temperature will make the model more deterministic although setting it to
zero will lead to an automatic and unknown increase in the background [93]. The value
of 0.00001 was chosen because of its existence in the openly available source code for the
comparable DeepSeek V3 model4. The result is then parsed into a Python object with a
custom parsing function. The potentially available structured-output5 functionality which
would allow the result of the API call to be a syntactically correct Python object was not
used to decrease the reliance on OpenAI and open up the possibility to switch to other
providers without the need for large modifications. The parsing function first extracts the
JSON string from the result string. Afterwards, the expected channel-preference pairs were
collected and stored in a Python dictionary. To account for potential typos in either the chan-
nel or the preference label, Python’s difflib library was used to find the most likely target word.

To showcase the ability of the LLM agent and the feasibility of its integration into the existing
pipeline, two demo applications were developed (see Figure 6.1). For demonstrating the
functionality of the agent, a Streamlit6 demo application was built. Here, various factors

4https://github.com/deepseek-ai/DeepSeek-V3/blob/main/inference/generate.py, Last accessed: 22/02/2025
5https://platform.openai.com/docs/guides/structured-outputs, Last accessed: 26/01/2025
6Simple Python app framework, https://streamlit.io
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about the situation and user (intent, age, previously used channels, . . . ) can be specified to
view the respective result of the LLM agent given this input. This is meant to interactively test
the developed application and derive insights for the prompt in the future. To integrate the
LLM agent into the call channel as incoming communication mode, Cognigy7 is used. The
software provides (call and chat) flow management and allows to plug in arbitrary services
and additional workflows. To make the channel suggestion engine (LLM agent) available here,
a dedicated Python web server (for development of the prototype, flask is used) hosts the re-
spective API-calling functionality. The Cognigy call flow includes an automated authorization
of the customer and NLP-enabled intent recognition (from a fixed set of intents). Once the
intent has been recognized, the flow queries the web server running the channel suggestion
engine with the intent and any number of available information about the conversation (such
as the customer identifier). Here, further information could be queried from the core database
of the company based on the identifier and passed to the LLM. The list of channels for the
LLM to choose from is dynamically adapted based on the concrete intent to only include
viable options for the concrete use case. During the course of this thesis, a prototype of this
setup was built that includes the flask web server with the LLM agent and the integration
into an exemplary Cognigy flow to showcase a blueprint for production integration. The
connection to the companies’ core database with the provision of actual customer data was
not realized due to compliance and time reasons. Instead the necessary user information is
mocked for demonstration purposes.
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Figure 6.1.: High level overview of the involved components for the demo applications

6.3. Reasons Prediction

The availability of free text answers for the questions why the users chose a certain label for a
channel opened the opportunity to investigate how well the LLM could generate these. To
this end, two approaches were tested. First, the LLM was given the input factors (user and
situation information) and the respective decision the user made for this situation. Since each
survey participant was only asked for the reasoning behind one channel, the LLM is then
asked to generate a justification for this decision from the perspective of the user. In a second
approach, the decision of the user was additionally masked (effectively only providing the

7https://www.cognigy.com
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6.3. REASONS PREDICTION

factors) to prompt the LLM to first provide a channel prediction and then answer the question
why this was suitable here.

For the first approach (explain user decision), the LLM was given the following prompt: You
are an analyst in an insurance company. Your job is to predict why a customer labeled a certain commu-
nication channel with a preference. The possible channels are: Call, Chat, Self-Service Web, Self-Service
App. The possible labels are preferred, acceptable, undesired. You will be given some information about
the user and his or her problem along with the respective decision for a certain channel. Respond with
a short explanation why this was chosen. Answer in German. Speak as if you were the customer
who asked this question. Be colloquial. Restrict your answer to one very short sentence maximum.
The last four sentences were necessary to guide the results towards the style of the answers
provided by the users. The input was then given in the form: User info: <user_info>. The
user chose the label <preference> for the channel <channel> with user_info being the factors and
preference and channel the respective preference label and channel name that was chosen here.

In the second approach the LLM was first queried for the classification of the channels based
on the user input with the regular prompt. Following this, a second query was created to
retrieve the reason. This prompt started with the exact same first four sentences of the prompt
from the first approach. To adapt to the new setting, it continues as follows: You will be
given the information about the user and his or her problem along with the respective decision you
made for him or her. Respond with a short explanation why you chose the label <preference> for the
channel <channel>. Answer in German. Speak as if you were the customer who asked this question.
Be colloquial. Restrict your answer to one very short sentence maximum. The respective input then
was: User info: <user_info>. Your decision was: Call (<label>), Chat (<label>), Self-Service Web
(<label>), Self-Service App (<label>).
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7. Data Collection

To develop and test the envisioned solution, test data is required. However, since no such
data currently exists, test cases need to be generated. Here, tests pertain to a certain situation
in which a customer calls (or contacts) the company and the respective preferences regarding
channels in the answering of the issue – with the preferences serving as the labels. As no
such data can be collected from the company’s live systems for compliance reasons, the
situation shall be presenteted to end users in form of a survey with corresponing questions for
retrieving the preferences. This process leans on experimental vignette methodology, which in-
volves providing participants with carefully synthesized, realistic scenarios for evaluation [94].

7.1. Scenarios

To structure and guide the process of creating these scenarios, previously identified factors
(see 5.3) are used to differentiate between cases and ensure that as much relevant information
as possible is considered. Instantiating a scenario involves selecting values for these factors.
Realizing all possible combinations of factor values is infeasible due to the magnitude of
labeling required. To address this, a selection of relevant and sufficiently broad situations
were chosen based on their importance for the case study company. Hence the scenarios were
related to the liability, accident, pipe-damage, break-in and lost-key insurances. For each
of the five topics, four variations were hand-crafted based on the level of complexity (low,
high) and whether this has been a new claim or already reported to the insurance. All of
these were exemplary situations not based on existing customer data. Each scenario starts
with the request to imagine oneself in the situation in which one is calling the insurance
company with the mentioned issue but has not been connected to an employee yet. Table 7.1
shows the four scenario variants based on the lost-key insurance. The difference in complex-
ity in this case is realized by varying the amount of damage and the associated (perceived)
level of administrative effort. The full list of scenarios (20 in total) can be found in Appendix A.

7.2. Survey

To translate scenarios into test cases, they must be tied to user-based channel preferences. To
this end, the case study company offered logistic support in conducting a survey based on the
identified scenarios and user-related factors to generate insights into the channel (switching)
preferences of customers. N=709 people, identified and contacted by the case study company,
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7.2. SURVEY

Scenario combinations
High complexity Low complexity

Existing claim Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben der Versicherung
bereits vor einiger Zeit einen kom-
plizierten Schadenfall gemeldet. Sie
haben einen Schlüssel der zentralen
Schließanlage Ihres Büros verloren.
Der Verlust zieht sehr hohe Kosten
mit sich. Jetzt wollen Sie sich bei
Ihrem Versicherungsunternehmen
über den aktuellen Bearbeitungs-
stand erkundigen.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter ver-
bunden. Sie haben der Ver-
sicherung bereits vor einiger Zeit
einen simplen Schaden gemeldet.
Sie haben letzte Woche den Woh-
nungstürschlüssel in Ihrer Woh-
nung vergessen und haben sich
ausgesperrt. Deshalb mussten
Sie einen Schlüsseldienst beauftra-
gen. Jetzt wollen Sie sich bei
Ihrem Versicherungsunternehmen
über den aktuellen Bearbeitungs-
stand erkundigen.

New claim Bitte stellen Sie sich folgende Situa-
tion vor: Sie rufen die Schadens-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben einen Schlüssel der
zentralen Schließanlage in ihrem
Büro verloren. Der Verlust zieht
sehr hohe Kosten mit sich. Diesen
komplizierten Schaden wollen Sie
Ihrem Versicherungsunternehmen
melden. Bisher hatten Sie die Ver-
sicherung noch nicht kontaktiert,
um diesen Schaden zu melden.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter ver-
bunden. Sie haben letzte Woche
den Wohnungstürschlüssel in Ihrer
Wohnung vergessen und haben sich
ausgesperrt. Deshalb mussten Sie
einen Schlüsseldienst beauftragen.
Diesen Schaden wollen Sie Ihrem
Versicherungsunternehmen melden.
Bisher hatten Sie die Versicherung
noch nicht kontaktiert, um diesen
Schaden zu melden.

Table 7.1.: Exemplary scenarios for the intent: lost keys
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received a questionnaire (based on our questions) via e-mail and were presented with three
randomly selected scenarios. The survey was originally conducted in German. Questions
and answers are reported in English here for better readability. Each scenario had six
associated follow-up questions to retrieve information about contact/communication channel
preferences:

1. You want to notify the insurance company about this situation. This can happen via
a call but also via different communication channels. There is also the possibility to
switch communication channels during one claim. How do you assess the following
communication channels for reporting the previous situation? The listed channels are:
call/call-back, chat, website, app. Each channel can be given one of three categories:
“preferred”, “not ideal but acceptable”, “would not use”.

2. Please justify why you chose <preference> for channel <channel>?

3. For the description of the situation you were given various information. Please rank the
information according to their importance (complexity, intent, previous claim).

4. How would you describe the situation if asked: “What can we help you with?" (relating
to the aforementioned scenario)

5. Was there any information missing to make a good decision about the communication
channel you are choosing?

6. Which information was missing?

Question 1 allowed for several channels to have the same labels. For question 2, exactly one
of the four answers was chosen to not tire-out the participants. The decision was made by
sampling with a 40% probability an answer that was either “preferred” or “would not use” to
obtain more pointed answers.

The resulting answers were collected in a dataset which comprises of 2127 individual answers.
In addition to the questions regarding the situation, a series of self-assessments for example
regarding one’s innovativeness or waiting time patience were asked to build a customer
profile and provide values to the aforementioned factors. All available variables in the
resulting data set along with their type and possible values are recorded in Table 7.2. A rough
characterization of the involved participants as presented in Figure 7.1 and 7.2 shows that
almost all age categories between 23 and 87 are present with higher density distributed around
40 and 60 (mean: 53.3, median: 54). When it comes to self-assessing the personal innovative-
ness, the participants seemed to be leaning towards being open to use new technology and
consider it easy to use new software. The interest in artificial intelligence (AI) is less distinct
with more people resonating with being absolutely not interested in AI than the opposite.
Each scenario (intent + complexity + existing previous claim) was answered between 104 and
109 times1. The answer distribution for each channel (see Figure 7.3) reveals that only a small

1The counts are not exactly equal due to random sampling of the situations in the creation of the questionnaire
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7.3. PREFERENCE REASONS

Figure 7.1.: Age distribution

(a) Proneness to use new
technology

(b) Ease to use new software (c) Interest in AI

Figure 7.2.: Participant answer distribution for a 5-Point Likert Scale. 1 means full agreement,
5 means full disagreement, 3 is neutral

fraction of users would not consider using the call channel at all with around 70% choosing it
as a preferred channel. This is in stark contrast to the answers given for the chat and app
channel. Although the app channel is the only one, where more people would not use it
than any other option, both for the app and chat, less than half of the number of people who
would not use it would consider it a preferred option.

7.3. Preference reasons

The opportunity for survey participants to state their reasons for choosing a particular prefer-
ence label for a channel opens up the possibility of tapping into users’ detailed motivations
regarding their communication channel considerations in the context of insurance claims. For
each channel and preference, there are a varying number of free-text answers on why the
respective label was chosen for the channel. This can be traced back to the different counts of
preference labels per channel and im-balanced sampling of questions which was applied to
bias the number of answers towards the labels preferred and would not use. To find patterns and
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7.3. PREFERENCE REASONS

Evaluation data set
Variable Type Variable Level
Age Numeric
Previously used channels Categorical personal visit at broker,

personal visit at home,
video-call with broker,
call with broker, hotline,
e-mail, WhatsApp, chat
with human, chatbot, cus-
tomer portal, app, sms,
web-form

Maximum waiting time hotline satisfied Numeric [min]
Minimum waiting time hotline dissatisfied Numeric [min]
Proneness to use new technology 5-Point Likert Scale 1-5
Interest for AI 5-Point Likert Scale 1-5
Ease to use new software 5-Point Likert Scale 1-5
Registration at customer portal Binary True, False
Customer type Categorical Proprietary customer

types (4)
Available devices Categorical list tv, pc, laptop, tablet,

e-book, phablet, smart-
phone, regular mobile,
gaming console, voice as-
sistant, media receiver,
streaming box, smart-
watch, hybrid pc

Intent (type of damage) Categorical (liability, lost key, ac-
cident, break-in, pipe-
damage) case

Complexity of claim Categorical Low, High
Existing previous claim Binary True, False
Preference for call channel Categorical preferred, not ideal but ac-

ceptable, would not use
Preference for chat channel Categorical preferred, not ideal but ac-

ceptable, would not use
Preference for web channel Categorical preferred, not ideal but ac-

ceptable, would not use
Preference for app channel Categorical preferred, not ideal but ac-

ceptable, would not use
Reason for choosing preference of channel X Free text
Ranking of relevance of given information Ranking of options complexity, intent, previ-

ous claim
Description of situation in own words Free text
Was there necessary information missing to
decide the preference?

Binary

Information that was missing Free text
Not used: state, job type, school education, household size and number of children

Table 7.2.: Evaluation data set
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re-occuring topics in the reasons (specifically in the training data subset, see Section 8.1.1),
the texts were clustered using hierarchical clustering2. Hierarchical clustering was chosen
over other clustering mechanisms like K-Means to avoid having to pre-define the number of
resulting groupings. Exploratory experiments and investigation of the dendrogram suggested
0.54 to be a good fit for the threshold of the distance criterion of the applied algorithm. The
pairwise comparison of text values was made possible by embedding each reason into an array
of floating point numbers using the AzureOpenAI embedding model text-embedding-3-large
and subsequently applying the cosine function between two arrays to determine the similarity.

(a) Call (b) Chat

(c) Self-Service App (d) Self-Service Web

Figure 7.3.: Participant answer distribution for each channel when asked for their communi-
cation preferences in various situations. Labels shortened for visual reasons.

The resulting clusters for each channel-preference combination were then sorted by the
number of reasons they contained, assuming the size of a cluster indicated its relevance for
the overall understanding of important topics. To aggregate the theme of each prioritized
cluster, the GPT-4o LLM was used to generate one descriptive sentence based on all the
different reasons in the cluster. The final prompt used for this task was: You are a business

2Implemented using the Python package SciPy and the methods cluster.hierarchy.linkage(X, “average”,
metric=”cosine”) and cluster.hierarchy.fcluster(Z, threshold, criterion=”distance”)
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Channel & preference Random example Generated summary
Web & preferred "It’s the fastest" "Speed, Simplicity, No waiting

times, Convenience, 24/7 availabil-
ity, uncomplicated nature"

Table 7.3.: Exemplary reasons

analysis assistant for an insurance company. You will be given a list of customer expressions in the
context of a customer service center. The expressions are answers for the question why the customers
considered the <channel> channel as <preference>. What are the themes that are shared between the
expressions? Only respond with the list of the generic names of the theme(s). Be very brief and concise
and do not add explanations. The result should look like this: [Theme 1], [Theme 2], [Theme 3], ....
The <channel> and <preference> tags were dynamically replaced with their actual channel and
preference labels to set the correct context. If the output did not match the desired structure,
the keypoints were manually extracted (and translated to English if necessary). The answer
for the web channel and label acceptable was rejected by the models content policy and thus
manually summarized. Table 7.3 shows the resulting description for the web channel and the
preferred label along a randomly sampled reason3 that was given in this category.

In addition to the free text answers why a channel was given a specific label, survey partici-
pants were also asked which of the three pieces of information they considered how important
for their decision: complexity of the matter, existence of previous claim and intent. The existence of
previous claim refers to whether the matter at hand had been communicated with the company
already or whether this contact is the first time the insurance company hears about the claim.
The result was a ranking of these factors for each situation. The items most frequently chosen
for the first rank were:

1. intent (41%)

2. existence of previous claim (37%)

3. complexity of the matter (22%)

This gives rise to the conclusion that from the situational characteristics, the intent and the
existence of previous claim are the key factors for making the channel choice (or preference)
decision.

7.4. Statistical Factor Insights

The availability of data also motivated the statistical analysis of the correlation between factors
and channel preferences. For the following considerations, we focused on the situational
factors (intent, complexity and previous claim) as these were the only ones predetermined

3Translated from German and slightly modified for privacy reasons
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by us in the survey with very similar sample sizes. To achieve this, twelve binary variables
were created by combining each channel with each label (call_preferred, call_acceptable, . . . )
which are set to true if the respective combination holds true for the answer of the user.
Subsequently all situational factors were tested for correlation with all dependent variables
(call_preferred, . . . ) using the chi-squared test4 on the basis of the contingency table of the
relation5. Additionally, the association strength between the two variables is reported using
Cramer’s V6. According to Akoglu [95], a corresponding value above 0.05 means a weak
association while a value above 0.1 indicates a moderate association. Values above 0.15 even
hint to a strong association [95]. Since we look at all the calculated results to determine
potentially significant associations (by looking through the p-values), we need to correct for
multiple testing in order to account for the high number of hypothesis we are testing and
reduce the probability of rejecting some true null hypothesis (no association between the
variables) by chance [96]. One way of doing so is with the Benjamini-Hochberg method [97].
Thus, we restrict the respective false discovery rate7 to 0.05 by looking at the adjusted p-values.

Table 7.4, 7.5 and 7.6 show the situational variables that exhibit a significant correlation to
the channel being labeled "preferred", "acceptable" or "would not use" respectively. The
variable intent has been stratified into binary variables for each intent for more granularity.
Additionally, Table 7.7 provides the relevant contingency tables offering insights into the
nature of the relationship between the variables. Table 7.4 thus indicates that the intent
lost-key and the variable previous damage/claim have a statistically significant correlation
with whether the web channel is labeled as "preferred" or not. The share of people preferring
the web channel is lower among people who reported a stolen key or have a previous claim
(damage) than those who did not. Complexity even seems to correlate with the preferred
label for three channels: call, chat and web. People reacting to low complexity situations were
more often preferring the chat and web channel than those answering to high complexity
situations. Similarly, high complexity situations led to more people preferring the call channel
than those with low complexity.

For the presence of the label "acceptable" (see Table 7.5), only the variable complexity and the
call channel seem to be significantly associated. Respondents working with low complexity
scenarios were more likely to favor the acceptable label for the call channel than those with
high complexity scenarios.

The labelling of the web channel with "would not use" (see Table 7.6) seems to correlate with
an intent – similarly as does the labelling the channel with preferred. Here it is the intent

4https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.chi2_contingency.html, Last accessed:
22/02/2025

5https://pandas.pydata.org/docs/reference/api/pandas.crosstab.html, Last accessed: 22/02/2025
6https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.contingency.association.html, Last accessed:

22/02/2025
7https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.false_discovery_control.html, Last accessed:

23/02/2025
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Variable Target p-value adj. p-value Cramer’s V
intent_lost-key self-service web_preferred 0,000531516 0,011161831 0,076350218
complexity call_preferred 0,001233206 0,014798475 0,071092721
complexity chat_preferred 0,001899444 0,018912399 0,068648234
complexity self-service web_preferred 1,30711E-06 5,48985E-05 0,105904148
previous_damage self-service web_preferred 0,002225522 0,018912399 0,067301954

Table 7.4.: Associations with channels deemed "preferred"

Variable Target p-value adj. p-value Cramer’s V
complexity call_acceptable 0,00049704 0,011161831 0,07661136

Table 7.5.: Associations with channels deemed "acceptable"

accident as opposed to lost-key for the preferred case. There appears to be a higher prevalance
of the label "would not use" for the web channel among those dealing with accidents than for
those who are not. The existence of a previous damage or claim also positively correlates with
the label "would not use" for the web channel. Complexity seems associated accordingly with
chat, web and app – for all of which the share of people reacting to high complexity scenarios
and labeling the respective channel as “would not use” is higher than for low complexity
scenarios.

Variable Target p-value adj. p-value Cramer’s V
intent_accident self-service web_no_usage 0,001062861 0,014798475 0,072442888
complexity chat_no_usage 0,000709252 0,011915432 0,074397029
complexity self-service web_no_usage 2,49564E-07 2,09634E-05 0,113015479
complexity self-service app_no_usage 0,002251476 0,018912399 0,067188828
previous_damage self-service web_no_usage 0,0039493 0,030158294 0,063668684

Table 7.6.: Associations with channels deemed "would not use"
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self-service web
(preferred)

False True
False 1080 620intent

lost-key True 310 117

self-service web
(undesired)

False True
False 1385 316intent

accident True 316 110

call
(preferred)

chat
(preferred)

self-service web
(preferred)

False True False True False True
high 275 783 924 134 745 313

complexity low 347 722 881 188 645 424

chat
(would not use)

self-service web
(would not use)

self-service app
(would not use)

False True False True False True
high 639 419 798 260 570 488

complexity low 722 347 903 166 647 422

self-service web
(preferred)

self-service web
(would not use)

False True False True
False 658 401 874 185previous

damage True 732 336 827 241

Table 7.7.: Contingency tables for statistically significant associations
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8. Evaluation

The existence of a comprehensive data set opens up the possibility of evaluating the LLM
agent on actual customer data. First, the channel preference prediction capabilities will be
investigated. This is followed by an examination of the results from the reason prediction.

8.1. Evaluation of Channel Preference Predictions

Although the channel preference prediction approach was build with data scarcity in mind,
analyzing the performance empirically is crucial for making statements about the usability
and potential scalability of the chosen methods in other application areas. In the following,
we will report the methodology of the evaluation and subsequently the results.

8.1.1. Methodology

Data

An important consideration of the evaluation was the treatment of the available data. The
data set features a field which contains the users free-text answer to how they would have
phrased this scenario towards the insurance. Some survey participants did not properly
answer this question in the right format which would have rendered its use in the LLM input
useless. Therefore, the data set was manually filtered to exclude these cases from further
experiments. This affected 571 (=26.8%) of the data points. The remaining 1556 data points
were treated as follows: five examples were set aside for few-shots and the rest was randomly
split into roughly 80% (training/tuning) and 20% (test)1. Accounting for the fact that each
person was responsible for three data points, the split was done on the person instead of the
data rows. Resulting from this was a training data set with 1243 data points and a test set
with 308 data points. This ensured that the data used in few-shot prompting or tuning was
not wrongly biasing the test results.

Automation

To automate and simplify the evaluation process, a series of Python scripts were developed.
Test cases (scenarios) are provided as CSV files and contain all the necessary information
about the situation such as the user factors and the corresponding decision that was made by
the user for the channels. An evaluation run then loops through all relevant test cases and the

1The split was implemented using the Python package scikit-learn and the method
model_selection.train_test_split(person_ids, test_size=0.2)
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results are collected and aggregated. Each test case execution further produces a log file with
all relevant details (model, results, prompts, . . . ). To speed up the processing time, several
different evaluations with different prompt or input strategies could be run in parallel.

Metrics

The output structure of the LLM agent gives rise to various possibilities of reporting the
scores. One holistic approach was inspired from Rao et al. [59]. It introduces a scoring
mechanism that assumes a certain compatibility between answers rather than simply looking
for exact matches [59]. This is applicable here since the difference between labeling a channel
as would not usen and preferred is larger than the difference between preferred and not ideal but
acceptable. Consequently, we opted for the following custom scoring mechanisms of expected
and (LLM-)suggested labels:

• Exact match: 1

• Preferred & not ideal but acceptable: 0.5

• Others: 0

The custom scores reported in the following are always the percentage of the actually ob-
tained points compared to all obtainable points. Other applicable performance measures are
confusion matrix-based metrics such as accuracy, precision, recall and F1-score. These are
be applied on a per-channel basis to compare the correctness of the preference label. While
accuracy for example presents itself as an intuitive metric, it shows weaknesses in the case of
unbalanced data sets [98]. The Matthews Correlation Coefficient (MCC) is less susceptible to
this [98, 99]. The scikit-learn Python library offers implementations for each of the desired
metrics2 with inherent support for the multiclass case (due to three labels per channel). In the
case of precision, F1-score and recall, the respective average parameter of the scoring function
was set to “weighted” to factor in to some degree the balance of the given labels.

8.1.2. Results

The respective scores for the different input and system instruction variants are reported on
the training dataset. A promising candidate from these runs is then selected to be run exactly
once on the test set. This allows for an unbiased reporting of the model performance on the
test set. Initial test runs with various prompt combinations on the training data set quickly
confirmed no relevant difference between the performance of the LLM agent when using
either the GPT-4o or GPT-4o-mini model. Hence, the following experiments were run on
GPT-4o-mini due to considerably lower cost. For full disclosure, the scores for each channel
are reported separately for most evaluations.

2https://scikit-learn.org/stable/api/sklearn.metrics.html, Last accessed: 17.02.2025
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User Input

Table 8.1 details the performance metrics of the different input variable combinations across all
channels on the training data set. Since two specific situations were flagged and subsequently
blocked by OpenAI’s content filter due to alleged violence and jailbreak attempt, these were
removed from all seven runs. Only utterance describes the input which features only the free
text answer of the user to the question of how this situation would be described by them.
The Baseline extends this by the situational factors of intent, complexity and previous claim.
Looking at the metrics across all channels, we can observe that the baseline outperforms the
simple user utterance as input only in precision and Matthews Correlation Coefficient (MCC).
In all other metrics, the utterance variant seems to perform better. Important to notice is
here that the MCC score of the utterance variant is very close to zero strongly indicating
randomness. For the independently added factors age, previously used channels, available
devices and innovativeness, previously used channels seems to contribute slighlty the most to
performance on its own although the results are very close to each other with the exception of
innovativeness which is scoring worse in all metrics but precision and notably worse for the
MCC. The most important result from this experiment is that the combination of all factors
toghether yielded the best performance across all metrics.

System Instructions (Prompt)

For the different prompt strategies the addition of few-shots, commonly named reasons and
channel descriptions was tested as well as some alternative prompt types. The baseline here
is define as the hand-crafted prompt without any additions (for details, see 6.2.1). Table
8.2 shows how the addition of three- and five-shots and inclusion of reasons on top of the
baseline prompt performed in comparison. 5-shot prompting produced a better score for each
metric when considering the across channel values but interestingly even outperforms the
baseline for each metric in the channel specific scores of chat, web and the app. The inclusion
of reasons on the other hand showed no significant added value compared to the baseline
with only being very slightly above the baseline - but in the same region - for the MCC
value (in the across channel metrics). Table 8.3 details the comparison between the baseline
prompt and the addition of channel descriptions as provided by the case study company
experts. Interestingly, the provisioning of this information (in no form) helps to increase the
model performance. The results look differently when changing the prompt type from the
hand-crafted prompt in the baseline to alternatives. As observable in Table 8.4, all alternatives
except the Tree-of-Thought prompt exhibited better scores for accuracy, recall, F1-score, MCC
and custom score than the baseline (averaged across the channels).

Promising Combinations

Following the independent tests of input and prompt strategies, we combine strong candidates
of the prior – namely few-shots and Chain-of-Thought (CoT) prompting – to find a candidate
for the run on the test set. As can be seen in Table 8.5, the 1-shot CoT variant perfomed well
compared to its 3- and 5-shot alternatives. Especially for the F1-score and MCC it shows
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8.1. EVALUATION OF CHANNEL PREFERENCE PREDICTIONS

Separately Added to Baseline
Only
Utterance Baseline +age +channels +devices +innov. All

Accuracy 0,645 0,525 0,570 0,566 0,496 0,500 0,597
Precision 0,534 0,595 0,589 0,601 0,596 0,591 0,603
Recall 0,645 0,525 0,570 0,566 0,496 0,500 0,597
F1-Score 0,570 0,545 0,575 0,578 0,534 0,534 0,599

Call

MCC -0,027 0,095 0,096 0,104 0,081 0,069 0,116

Accuracy 0,434 0,366 0,404 0,469 0,398 0,395 0,469
Precision 0,255 0,265 0,262 0,436 0,267 0,442 0,459
Recall 0,434 0,366 0,404 0,469 0,398 0,395 0,469
F1-Score 0,319 0,301 0,318 0,377 0,318 0,315 0,382

Chat

MCC -0,021 0,030 0,011 0,047 0,034 0,003 0,054

Accuracy 0,276 0,332 0,327 0,355 0,335 0,335 0,397
Precision 0,363 0,403 0,397 0,427 0,454 0,409 0,444
Recall 0,276 0,332 0,327 0,355 0,335 0,335 0,397
F1-Score 0,254 0,267 0,287 0,336 0,265 0,270 0,403

Web

MCC -0,008 0,100 0,088 0,100 0,107 0,103 0,119

Accuracy 0,408 0,340 0,411 0,350 0,345 0,335 0,451
Precision 0,381 0,380 0,420 0,363 0,449 0,336 0,461
Recall 0,408 0,340 0,411 0,350 0,345 0,335 0,451
F1-Score 0,376 0,290 0,359 0,324 0,293 0,284 0,427

App

MCC 0,011 0,054 0,107 0,039 0,069 0,043 0,164

Accuracy 0,441 0,391 0,428 0,435 0,394 0,391 0,479
Precision 0,383 0,411 0,417 0,457 0,442 0,444 0,492
Recall 0,441 0,391 0,428 0,435 0,394 0,391 0,479
F1-Score 0,380 0,351 0,385 0,403 0,353 0,351 0,453
MCC -0,011 0,070 0,075 0,073 0,073 0,055 0,113

Across
Channel

Custom
Score

0,530 0,523 0,544 0,551 0,516 0,516 0,588

Table 8.1.: Evaluation scores for the different input variables. Two test cases were removed
from the training set for these runs due to OpenAI’s content filter policy which
flagged one for violence and one for jailbreak. Entries in bold indicate a row
maximum
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8.1. EVALUATION OF CHANNEL PREFERENCE PREDICTIONS

Few-Shots Reasons
Baseline 3-shot 5-shot Included

Accuracy 0,597 0,445 0,533 0,491
Precision 0,603 0,621 0,626 0,589
Recall 0,597 0,445 0,533 0,491
F1-Score 0,599 0,442 0,543 0,512

Call

MCC 0,116 0,128 0,165 0,068

Chat Accuracy 0,469 0,527 0,497 0,499
Precision 0,459 0,506 0,492 0,474
Recall 0,469 0,527 0,497 0,499
F1-Score 0,382 0,477 0,430 0,468
MCC 0,054 0,151 0,101 0,118

Accuracy 0,397 0,455 0,476 0,376
Precision 0,444 0,480 0,475 0,449
Recall 0,397 0,455 0,476 0,376
F1-Score 0,403 0,416 0,442 0,356

Web

MCC 0,119 0,137 0,151 0,129

Accuracy 0,451 0,462 0,529 0,445
Precision 0,461 0,516 0,530 0,449
Recall 0,451 0,462 0,529 0,445
F1-Score 0,427 0,471 0,525 0,422

App

MCC 0,164 0,205 0,257 0,146

Accuracy 0,479 0,472 0,509 0,453
Precision 0,492 0,531 0,531 0,490
Recall 0,479 0,472 0,509 0,453
F1-Score 0,453 0,451 0,485 0,439
MCC 0,113 0,155 0,169 0,115

Across
Channel

Custom
Score

0,588 0,622 0,639 0,569

Table 8.2.: Evaluation scores for the inclusion of few-shots and reasons. Entries in bold
indicate a row maximum
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8.1. EVALUATION OF CHANNEL PREFERENCE PREDICTIONS

Channel Descriptions
Baseline Bullets JSON Plain

Accuracy 0,597 0,463 0,478 0,448
Precision 0,603 0,593 0,590 0,586
Recall 0,597 0,463 0,478 0,448
F1-Score 0,599 0,513 0,520 0,500

Call

MCC 0,116 0,062 0,063 0,048

Accuracy 0,469 0,451 0,454 0,437
Precision 0,459 0,454 0,418 0,437
Recall 0,469 0,451 0,454 0,437
F1-Score 0,382 0,347 0,339 0,362

Chat

MCC 0,054 0,017 0,002 0,011

Accuracy 0,397 0,335 0,344 0,337
Precision 0,444 0,379 0,431 0,387
Recall 0,397 0,335 0,344 0,337
F1-Score 0,403 0,267 0,279 0,279

Web

MCC 0,119 0,104 0,117 0,101

Accuracy 0,451 0,360 0,358 0,356
Precision 0,461 0,420 0,382 0,396
Recall 0,451 0,360 0,358 0,356
F1-Score 0,427 0,313 0,308 0,316

App

MCC 0,164 0,085 0,075 0,070

Accuracy 0,479 0,403 0,408 0,395
Precision 0,492 0,461 0,455 0,452
Recall 0,479 0,403 0,408 0,395
F1-Score 0,453 0,360 0,361 0,364
MCC 0,113 0,067 0,065 0,058

Across
Channel

Custom
Score

0,588 0,514 0,523 0,509

Table 8.3.: Evaluation scores for the inclusion of channel descriptions. Entries in bold indicate
a row maximum
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8.1. EVALUATION OF CHANNEL PREFERENCE PREDICTIONS

Prompt Types

Baseline LLM
Generated

Zero-Shot
CoT

Zero-Shot
CoT (short)

ToT

Accuracy 0,597 0,599 0,602 0,630 0,584
Precision 0,603 0,603 0,591 0,609 0,591
Recall 0,597 0,599 0,602 0,630 0,584
F1-Score 0,599 0,598 0,596 0,618 0,587

Call

MCC 0,116 0,133 0,090 0,132 0,086

Accuracy 0,469 0,427 0,449 0,449 0,455
Precision 0,459 0,376 0,463 0,476 0,414
Recall 0,469 0,427 0,449 0,449 0,455
F1-Score 0,382 0,335 0,370 0,373 0,399

Chat

MCC 0,054 0,041 0,034 0,056 0,015

Accuracy 0,397 0,434 0,465 0,442 0,375
Precision 0,444 0,437 0,459 0,453 0,454
Recall 0,397 0,434 0,465 0,442 0,375
F1-Score 0,403 0,435 0,459 0,446 0,376

Web

MCC 0,119 0,110 0,134 0,126 0,125

Accuracy 0,451 0,469 0,496 0,467 0,429
Precision 0,461 0,501 0,520 0,487 0,424
Recall 0,451 0,469 0,496 0,467 0,429
F1-Score 0,427 0,475 0,504 0,474 0,398

App

MCC 0,164 0,199 0,219 0,174 0,126

Accuracy 0,479 0,483 0,503 0,497 0,461
Precision 0,492 0,479 0,508 0,506 0,471
Recall 0,479 0,483 0,503 0,497 0,461
F1-Score 0,453 0,461 0,482 0,478 0,440
MCC 0,113 0,121 0,119 0,122 0,088

Across
Channel

Custom
Score

0,588 0,612 0,623 0,611 0,558

Table 8.4.: Evaluation scores for alternative prompt types. Entries in bold indicate a row
maximum
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8.1. EVALUATION OF CHANNEL PREFERENCE PREDICTIONS

Promising Combinations
1-shot
CoT

3-shot
CoT

5-shot
CoT

Accuracy 0,534 0,480 0,507
Precision 0,521 0,522 0,528
Recall 0,534 0,480 0,507
F1-Score 0,503 0,472 0,487
MCC 0,159 0,137 0,153

Across
Channel

Custom
Score

0,636 0,624 0,637

Table 8.5.: Evaluation scores for promising prompt combinations averaged across channels.
Entries in bold indicate a row maximum

strictly better values while being a very close second with the custom score. Consequently,
1-shot CoT was chosen to be ran on the test set.

Final results

The chosen prompt (1-shot CoT) was then run on the test set once to exclude any bias.
Table 8.6 details the results. To set the performance into perspective, three learning-learning
based approaches were trained on the training set and evaluated on the test set: logistic
regression3, support vector classifier4 and random forest5. We can observe that the ran-
dom forest outperforms the LLM for each metric (across channels) but that for example the
LLM scored higher values for the MCC than the regression and support vector classifier
(across channels). This leaves the performance of the LLM-based classifier (given only one ex-
ample through 1-shot) roughly in one range with the approaches trained on the entire data set.

Tables 8.1 - 8.6 showcase the variability of performance across the channels for each metric.
Hence, the evaluation of the test run results calls for a detailed break-down of the classification
per channel. For this purpose, the confusion matrices (CM) for each channel of the 1-shot CoT
LLM run on the test set are shown in 8.1. A perfect classifier would have a diagonal matrix as
confusion matrix which showcases the weakness of the given solution since there are many
non-zero and far-from-zero entries at indexes away from the diagonal. The CM for the call
channel shows that of the cases deemed “preferred” by the user or the LLM the majority are

3https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html, Last ac-
cessed 14/02/2025. Standard parameters taken except: max_iter which was set to 10000

4https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html#sklearn.svm.SVC, Last accessed
14/02/2025. Standard parameters taken except kernel=linear, probability=True, random_state=0

5https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html, Last ac-
cessed 14/02/2025. Standard parameters taken
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Learning Based Approaches
1-shot
CoT

Logistic
Regression

Support Vector
Classifier

Random
Forest

Accuracy 0,662 0,714 0,789 0,763
Precision 0,684 0,673 0,622 0,691
Recall 0,662 0,714 0,789 0,763
F1-Score 0,672 0,693 0,696 0,720

Call

MCC 0,093 0,073 0,000 0,127

Accuracy 0,481 0,455 0,455 0,494
Precision 0,451 0,425 0,379 0,479
Recall 0,481 0,455 0,455 0,494
F1-Score 0,412 0,430 0,412 0,460

Chat

MCC 0,069 0,039 0,014 0,091

Accuracy 0,471 0,494 0,506 0,503
Precision 0,479 0,457 0,409 0,493
Recall 0,471 0,494 0,506 0,503
F1-Score 0,470 0,462 0,453 0,478

Web

MCC 0,154 0,137 0,148 0,154

App Accuracy 0,510 0,568 0,558 0,571
Precision 0,522 0,566 0,534 0,567
Recall 0,510 0,568 0,558 0,571
F1-Score 0,497 0,567 0,542 0,567
MCC 0,245 0,302 0,264 0,296

Accuracy 0,531 0,558 0,577 0,583
Precision 0,534 0,531 0,486 0,557
Recall 0,531 0,558 0,577 0,583
F1-Score 0,513 0,538 0,526 0,556
MCC 0,140 0,138 0,106 0,167

Across
Channel

Custom
Score

0,644 0,659 0,670 0,677

Table 8.6.: Evaluation scores for the comparison of the LLM approach with learning-based
approaches on the test set. Entries in bold indicate a row maximum
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8.2. EVALUATION OF REASONS PREDICTIONS

actually “preferred”. On the other side, almost all cases where the customer labeled “would
not use” (”no usage” in the figure for better visibility) were wrongly classified as “preferred"
and not one case the LLM labeled “would not use” was correct. For the chat channel we see a
similarly biased picture albeit the only label that is mostly predicted correctly is “acceptable”.
If the customer labeled the chat “would not use”, the LLM is very likely to misclassify as
“acceptable” which happened in 83% of the cases. App and web channel paint a slightly
more balanced picture. Albeit still misclassifying more often than not - the “would not use”
discrimination in the web channel works significantly better than for the call and chat channel
while providing the correct predictions for the customer labels “preferred” and “acceptable”
more often than any wrong ones. Interestingly, the second most frequent prediction for either
of these labels is the respective other (which increases the agree-ability of the prediction as
these are more similar than any combination with “would not use”)

8.2. Evaluation of Reasons Predictions

8.2.1. Methodology

Data

Data set splitting to prevent bias is not necessary for this analysis since there is no tuning or
training. This means the entire filtered data set (few-shot examples, train and test set (see
Section 8.1.1)) totaling 1556 data points was used to report the following results.

Metric

To enable the comparison of the provided LLM reasons with the original justification of
the user, the strings were first embedded using Azure OpenAIs embedding model text-
embedding-3-large. Subsequently, the similarity between the reasons generated by each
approach and the original user reason was measured using the cosine metric as follows for
embedding vectors a and b6:

cos(q) =
a · b

kakkbk

8.2.2. Results

Table 8.7 shows the cosine similarity scores from the reasons presented by the user compared
to those provided by the LLM. For each channel and preference, we can observe the mean
similarity score for several comparisons. User vs. LLM for User describes the difference
between the actual reason by the user and the one given by the LLM when asked why the user
chose as she did. For the second approach – letting the LLM decide the channel preferences
first and ask for its reasoning – there is a case distinction for the correctness of the decision of

6As on: https://developers.google.com/machine-learning/clustering/dnn-clustering/supervised-similarity,
Last accessed, 23/02/2025
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8.2. EVALUATION OF REASONS PREDICTIONS

(a) Call (b) Chat

(c) Self-Service App (d) Self-Service Web

Figure 8.1.: Confusion matrices for 1-shot CoT performance on test data set. Labels shortened
for visual reasons

the LLM (compared to the decision the user made). The last row specifies the mean values of
the respective similarity scores across all the underlying values. These values might differ
from the average obtained of the shown similarities per group due to different group sizes.
The can see that the group-wise similarities range from 0.318 to 0.463 and general differences
between the magnitudes of the scores between the groups. The reasons the LLM gave for
the label “would not use” for the web channel in either approach seem to be less close to
the original reasons than those given for the label “acceptable” for the call channel likely
hinting at either more uniform reasons by the user in the latter and/or more commonly
known phrases. We additionally observe that the average degree of similarity for the reasons
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8.2. EVALUATION OF REASONS PREDICTIONS

provided by the LLM from two perspectives: for the decision of the user and for the decision
the LLM correctly made are almost identical and both larger than when the LLM provided a
reason for its own wrong decision.

Looking at examples from the ten largest similarities for the reasons the LLM gave for the
users’ decision, we can see similarity scores between 0.72 and 0.76. In the following we want
to give an idea of what the shared topics between the LLM and the user look like in the ten
most similar examples. The most frequently represented combination under these is the chat
channel and the label “would not use”. The overlapping themes for this combination are the
preference of speaking personally with an employee (assumingly via the phone) and that the
chat takes too much time. For the reasons why the call is preferred, the overlapping topics
also include the wish to speak to someone directly and the benefit of instant responses. The
reasons provided by both the LLM and the user for why the app would not be used evolve
around a general dislike of app. The chat is considered as preferred because of its simple
convenience and the web would not be used because both the user and LLM mention to
rather speak to someone personally.

Channel Preference User vs. LLM for User User vs. LLM
(correct decision)

User vs. LLM
(wrong decision)

Call acceptable 0,439 0,414 0,456
Call preferred 0,452 0,460 0,423
Call would not use 0,388 0,463 0,376
Chat acceptable 0,361 0,354 0,364
Chat preferred 0,418 0,427 0,403
Chat would not use 0,417 0,406 0,361
App acceptable 0,387 0,350 0,392
App preferred 0,424 0,428 0,336
App would not use 0,423 0,417 0,353
Web acceptable 0,374 0,322 0,379
Web preferred 0,403 0,407 0,352
Web would not use 0,397 0,389 0,318
Mean across
all underlying values

0,417 0,417 0,368

Table 8.7.: Averaged similarity scores for the reasons that the LLM gave for the users’ decision
and those it gave for its own decision
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9. Discussion

9.1. Interpretation of Results

This thesis provided insights into three topics: channel decision factors, LLM-powered chan-
nel preference prediction and generation of reasons for such preferences. The literature
research and workshop/interviews with the case study company allowed for a more focused
and updated overview of potentially relevant decision factors for customer channel choice
while acknowledging the reality of the case study company with extensive experience in
this field. This provides a basis for further data collection as it shows a wide spectrum of
information that might be relevant for customers in making their decision. A first step was
conducted with the case study company by conducting a survey for obtaining a data set for
this specific use case focused on a subset of the previously identified factors.

The application of Large Language Models in predicting a customer service channel seems to
be unprecedented but provided a first classifier without having to possess a large amount of
training data. The development of the LLM-agent led to the insight that no single previously
identified factor was the alone contributor to the performance of the model when specified
in the model input but the combination of all of them together helped the most. As for the
different prompting strategies, the inclusion of few-shots and alternative prompt types such as
Chain-of-Thought prompting improved the performance compared to a simple hand-crafted
prompt the opposite was true for the inclusion of channel descriptions provided by company
experts. While lacking an approach currently in production to compare the developed solution
with, a set of learning-based approaches such as a random forest provided similar but slightly
better results. This shows how powerful LLMs can be without large amounts of training data.
Nevertheless, on the one hand we could see strong differences in the performance across
the different channels and on the other hand an overall result which does not exhibit the
characteristics of a very good classifier. The final test set performance of around 0.64 for the
custom score corresponds to an average of slightly more than 2.5 out of 4 points. This means
if one label is predicted entirely wrong (considering a preferred choice as “would not use”
resulting in 0 points), at least two of the remaining channels will need to have the correct label
and one will have a somewhat agreeable label (e.g. acceptable instead of preferred). Despite
the drawbacks, the LLM approach provides a portable solution since almost no prepara-
tion in terms of data collection and cleaning is necessary and thus works almost out of the box.

Reflecting on the approach for reason prediction capability, we tried masking different parts
of information and let the LLM fill out the “gaps”. The first approach meant providing the
LLM with the user information and the decision made by the user and only ask for the likely
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reason out of the perspective of the user. In the second approach we did not provide the user
decision but asked the LLM to make this prediction based on the user information alone.
We then inquired about the reasoning behind the LLM’s decision which provided another
reason to compare against the original user reason. Albeit scoring cosine similarities of over
0.7 for the most similar examples and catching common themes like the dislike of apps or
the preference of direct personal contact, the average similarity score revolves around only
0.41. As was to be expected, the similarity of the reason for the decision the LLM made was
notably lower in case a different decision was made by the user.

9.2. Managerial Implications

The findings of this thesis point to several managerial implications. Effective data collection is
a crucial process, as it provides a comprehensive overview of customer behavior and uncovers
opportunities for developing innovative and data driven applications. The results from the
LLM-input experiments suggests that channel preference is best identified by looking at a
holistic picture instead of just a few individual factors, indicating a need for the structured
availability of as much information as possible about the customer in the live systems. To
bridge potential data gaps, managers could explore the use of LLMs for decision making
in data scarce environments until sufficient high-quality data is collected for the use of
(cheaper and faster) traditional ML-based solutions. Ultimately, the development of an
omnichannel strategy would allow in perspective to switch between channels seamlessly
creating a truly integrated customer experience. This requires the build-up of an overarching
data infrastructure independent of the individual channels.

9.3. Limitations

The limitations of the structured literature review for the channel choice determinants revolve
around the fact that only one researcher conducted the screening of articles and synthesis
of factors. The significance and spectrum of the answers in the workshop and interviews is
limited to the participants expertise. The data set obtained through the evaluation is only
as realistic as it can be without collecting live data from the channels. Furthermore, the fact
that each participant answered three scenarios introduces less diversity in the answers. This
was tried to be countered to some degree by splitting the train and test set on the persons
instead of individual answers. Finally, the use of only one LLM by one provider limits the
generalizability.

9.4. Future Work

Future research directions for the channel choice determinants (factors) could include the
expansion to other application areas and companies to achieve a more comprehensive un-
derstanding of channel choice and potentially switching behavior. The approach of this
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project could be replicated and verified with a variety of different LLM models and providers,
especially considering the fast-paced and competitive field of LLM development. Another
interesting approach could be to fine-tune and evaluate LLMs on other use case specific
data. With respect to the overall problem of channel preference prediction, specialized
machine-learning solutions could be developed and fine-tuned based on similar data to
achieve potentially higher classification scores. In terms of improving the data quality, a
system for collecting channel preferences from incoming customer requests could be imple-
mented into a production system. When thinking about omnichannel as a goal in customer
service, an interesting question would be how to enable a fluent transition between channels
by continuously collecting all mentioned data points from the customer independent of the
channel and providing it to the target one.
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10. Conclusion

This thesis was concerned with the use of Large Language Models in the realm of customer
service and communication channel choice specifically. Guided by three research questions,
the first step was to generate an understanding of customer channel choice determinants
by the means of a structured literature review and a workshop and interviews with a large
European Insurance company to answer the question of what relevant factors for deciding
the optimal channel for customer service requests are. This yielded almost 70 factors to be of
interest in making a choice for a communication channel. Building on this, a comprehensive
survey in cooperation with the case study company generated the first comprehensive data set
for channel switching preferences in the company. To address the second research question of
how different input factors and prompt strategies are influencing the effectiveness of LLMs in
selecting appropriate communication channels for customer service requests, an LLM-based
navigation agent was built to determine the channel preferences for incoming requests and
different input and prompt strategies were tested for their influence on performance. In terms
of input to the LLM agent, the results indicated that the inclusion of no single previously
obtained factor individually had an outstanding impact on performance. The best option
here was to include all the factors together. For the different prompt strategies, few-shots
and Chain-of-Thought type of prompts yielded stronger results than a simple handwritten
prompt. The inclusion of detailed channel descriptions collected from channel experts within
the case study company even had a negative impact on model performance. Compared with
learning-based approaches such as logistic regression, support vector classifiers or random
forests the LLM-approach was able to perform competitively in predicting customer channel
preferences. In the light of the third research question – how well do LLMs predict the
reasons for choosing a customer service channel? – the capability of the LLM to produce a
reason for the chosen channel was analyzed. Two different approaches were tested to obtain a
reason like the one given by the user: one by asking the LLM to explain the user decision and
another by letting the LLM decide on its’ own and explain this decision afterwards. When
the LLM decision matched the one by the user, both approaches yielded almost identical
similarity scores compared with the original users’ answer.
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A. Scenarios

The scenarios presented to users in the survey were written in German. Each one starts
with a request to put yourself in the situation of having called the hotline but not yet being
connected to a human employee (i.e. being in the queue). The following shows the English
translation of a liability situation (low complexity and new claim):

"Please imagine the following situation: You call the customer service of your insurance
company, but are not yet connected to an employee. You have accidentally dropped a friend’s
cell phone and it has been damaged. You want to report this simple liability claim to your
insurance company. You have not yet contacted the insurance company to report this claim"

The following tables are showing all the used scenarios in their original wording:
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Scenario combinations
High complexity Low complexity

Existing claim Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben der Versicherung
bereits vor einiger Zeit einen kom-
plizierten Schadenfall gemeldet. Sie
haben einen Schlüssel der zentralen
Schließanlage Ihres Büros verloren.
Der Verlust zieht sehr hohe Kosten
mit sich. Jetzt wollen Sie sich bei
Ihrem Versicherungsunternehmen
über den aktuellen Bearbeitungs-
stand erkundigen.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter ver-
bunden. Sie haben der Ver-
sicherung bereits vor einiger Zeit
einen simplen Schaden gemeldet.
Sie haben letzte Woche den Woh-
nungstürschlüssel in Ihrer Woh-
nung vergessen und haben sich
ausgesperrt. Deshalb mussten
Sie einen Schlüsseldienst beauftra-
gen. Jetzt wollen Sie sich bei
Ihrem Versicherungsunternehmen
über den aktuellen Bearbeitungs-
stand erkundigen.

New claim Bitte stellen Sie sich folgende Situa-
tion vor: Sie rufen die Schadens-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben einen Schlüssel der
zentralen Schließanlage in ihrem
Büro verloren. Der Verlust zieht
sehr hohe Kosten mit sich. Diesen
komplizierten Schaden wollen Sie
Ihrem Versicherungsunternehmen
melden. Bisher hatten Sie die Ver-
sicherung noch nicht kontaktiert,
um diesen Schaden zu melden.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter ver-
bunden. Sie haben letzte Woche
den Wohnungstürschlüssel in Ihrer
Wohnung vergessen und haben sich
ausgesperrt. Deshalb mussten Sie
einen Schlüsseldienst beauftragen.
Diesen Schaden wollen Sie Ihrem
Versicherungsunternehmen melden.
Bisher hatten Sie die Versicherung
noch nicht kontaktiert, um diesen
Schaden zu melden.

Table A.1.: Exemplary scenarios for the intent: lost keys
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Scenario combinations
High complexity Low complexity

Existing claim Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben der Versicherung
bereits vor einiger Zeit einen
komplizierten Leitungsschaden
gemeldet. Dabei handelt es sich
um einen undichten Warmwasser-
boiler, der zu großflächigen
Feuchtigkeitsschäden in mehreren
Räumen geführt hat. Jetzt wollen
Sie sich bei Ihrer Versicherung über
den aktuellen Bearbeitungsstand
erkundigen und wann dieser
Schaden final von einer Fachfirma
behoben sein wird.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben der Versicherung
bereits vor einiger Zeit einen ein-
fachen Wasserschaden gemeldet.
Dabei handelt es sich um einen ein-
fachen Wasserschaden durch eine
Wasserleitung unter der Spüle in
Ihrer Küche. Jetzt wollen Sie sich
bei Ihrer Versicherung über den ak-
tuellen Bearbeitungsstand erkundi-
gen.

New claim Bitte stellen Sie sich folgende
Situation vor: Sie rufen die
Schadensabteilung Ihres Ver-
sicherungsunternehmens an, sind
aber noch nicht mit einem Mi-
tarbeiter verbunden. In Ihrem
Neubau ist anscheinend der
Warmwasserboiler undicht und
hat in mehreren Räumen zu
großflächigen Feuchtigkeitsschäden
geführt. Diesen umfangreichen
Leitungsschaden wollen Sie Ihrem
Versicherungsunternehmen melden,
deswegen rufen Sie an. Bisher hat-
ten Sie die Versicherung noch nicht
kontaktiert, um diesen Schaden zu
melden.

Bitte stellen Sie sich folgende
Situation vor: Sie rufen den
Kundenservice Ihres Versicherung-
sunternehmens an, sind aber
noch nicht mit einem Mitarbeiter
verbunden. Sie haben aktuell einen
unkomplizierten Wasserschaden
durch eine Wasserleitung unter
der Spüle in Ihrer Küche. Diesen
unkomplizierten Wasserschaden
wollen Sie Ihrem Versicherung-
sunternehmen melden, deswegen
rufen Sie an. Bisher hatten Sie
die Versicherung noch nicht kon-
taktiert, um diesen Schaden zu
melden.

Table A.2.: Exemplary scenarios for the intent: pipe damage
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Scenario combinations
High complexity Low complexity

Existing claim Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben Ihrer Versicherung
bereits vor einiger Zeit einen großen
Einbruch gemeldet. Bei dem Ein-
bruch wurden mehrere wertvolle
Gegenstände und auch Ihr Auto
gestohlen. Die Polizei war vor Ort
und hat den Einbruch aufgenom-
men, aber sich bei Ihnen noch nicht
wieder gemeldet. Jetzt wollen Sie
sich über den Bearbeitungsstand
bei Ihrer Versicherung erkundigen.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben Ihrer Versicherung
bereits vor einiger Zeit einen sim-
plen Einbruch gemeldet. Bei Ih-
nen wurde vor einer Woche in Ihr
Haus eingebrochen. Dabei wurde
lediglich ein Fernseher entwendet.
Die Polizei hat den Einbruch bere-
its aufgenommen. Jetzt wollen Sie
sich über den Bearbeitungsstand
bei Ihrer Versicherung erkundigen.

New claim Bitte stellen Sie sich folgende Situa-
tion vor: Sie rufen die Schadens-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Heute Nacht wurde in Ihr
Haus eingebrochen. Bei dem Ein-
bruch wurden mehrere wertvolle
Gegenstände und auch Ihr Auto
gestohlen. Die Polizei ist bereits
vor Ort, aber untersucht noch den
Tatort. Diesen großen Einbruch
wollen Sie Ihrem Versicherungsun-
ternehmen melden. Bisher hatten
Sie die Versicherung noch nicht
kontaktiert, um diesen Schaden zu
melden.

Bitte stellen Sie sich folgende Sit-
uation vor: Sie rufen den Kun-
denservice Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter ver-
bunden. Bei Ihnen wurde vor
einer Woche in die Wohnung einge-
brochen. Dabei wurde lediglich ein
Fernseher entwendet. Die Polizei
hat den Einbruch bereits aufgenom-
men. Diesen aus ihrer Sicht simplen
Fall wollen Sie Ihrem Versicherung-
sunternehmen melden. Bisher hat-
ten Sie die Versicherung noch nicht
kontaktiert, um diesen Schaden zu
melden.

Table A.3.: Exemplary scenarios for the intent: break-in
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Scenario combinations
High complexity Low complexity

Existing claim Bitte stellen Sie sich folgende
Situation vor: Sie rufen die
Schadenabteilung Ihres Ver-
sicherungsunternehmens an, sind
aber noch nicht mit einem Mi-
tarbeiter verbunden. Sie haben
der Versicherung bereits vor
einiger Zeit einen komplizierten
Haftpflichtschaden gemeldet. Ihr
Sohn ist beim Fahrradfahren
gestürzt und hat dabei mehrere
teure Autos zerkratzt. Jetzt wollen
Sie sich bei Ihrer Versicherung über
den Bearbeitungsstand und die
weitere Vorgehensweise erkundi-
gen.

Bitte stellen Sie sich folgende
Situation vor: Sie rufen die
Schadenabteilung Ihres Ver-
sicherungsunternehmens an, sind
aber noch nicht mit einem Mitar-
beiter verbunden. Sie haben der
Versicherung bereits vor einiger
Zeit einen Haftpflichtschaden
gemeldet. Sie hatten versehentlich
das Handy Ihres Freundes fall-
enlassen, dabei ist es beschädigt
worden. Jetzt wollen Sie sich über
den Bearbeitungsstand bei Ihrer
Versicherung erkundigen.

New claim Bitte stellen Sie sich folgende
Situation vor: Sie rufen die
Schadenshotline Ihres Ver-
sicherungsunternehmens an,
sind aber noch nicht mit einem
Mitarbeiter verbunden. Ihre
Tochter ist beim Fahrradfahren
gestürzt und hat dabei mehrere
teure Autos zerkratzt. Diesen
komplizierten Haftpflichtver-
sicherungsfall wollen Sie Ihrem
Versicherungsunternehmen melden.
Bisher hatten Sie die Versicherung
noch nicht kontaktiert, um diesen
Schaden zu melden.

Bitte stellen Sie sich folgende Sit-
uation vor: Sie rufen den Kun-
denservice Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben versehentlich das
Handy von einem Freund fallenge-
lassen, dabei wurde es beschädigt.
Diesen simplen Haftpflichtschaden
wollen Sie Ihrem Versicherungsun-
ternehmen melden. Bisher hatten
Sie die Versicherung noch nicht
kontaktiert, um diesen Schaden zu
melden.

Table A.4.: Exemplary scenarios for the intent: liability
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Scenario combinations
High complexity Low complexity

Existing claim Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter ver-
bunden. Sie haben der Ver-
sicherung bereits vor einiger Zeit
einen komplizierten Unfallschaden
gemeldet. Sie sind mit dem Auto
gefahren und dabei mit einem
Fahrrad kollidiert. Dabei wurde
der Fahrradfahrer verletzt. Mittler-
weile hat sich herausgestellt, dass
bei dem Unfall noch eine weit-
ere Person zu Schaden gekommen
ist. Jetzt wollen Sie sich bei Ihrer
Versicherung über den aktuellen
Stand erkundigen und dem Ver-
sicherungsunternehmen zusätzlich
melden, dass eine weitere Person
zu Schaden gekommen ist.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie haben der Versicherung
bereits vor einiger Zeit einen sim-
plen Park-Unfall gemeldet. Sie
haben beim Parken ein anderes
Auto touchiert. Dabei ist es zu
einem Blechschaden gekommen.
An dem Unfall war außer Ihnen nie-
mand beteiligt. Jetzt wollen Sie sich
bei Ihrer Versicherung über den
Bearbeitungsstand erkundigen und
die nächsten Schritte besprechen.

New claim Bitte stellen Sie sich folgende Situa-
tion vor: Sie rufen die Schadens-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter verbun-
den. Sie sind gerade eben als Auto-
fahrer mit einem Fahrrad kollidiert.
Dabei wurde der Fahrradfahrer ver-
letzt. Diesen komplizierten Un-
fall wollen Sie Ihrem Versicherung-
sunternehmen melden. Bisher hat-
ten Sie die Versicherung noch nicht
kontaktiert, um diesen Schaden zu
melden.

Bitte stellen Sie sich folgende Situ-
ation vor: Sie rufen die Schaden-
abteilung Ihres Versicherungsun-
ternehmens an, sind aber noch
nicht mit einem Mitarbeiter ver-
bunden. Sie haben beim Parken
ein anderes Auto touchiert. Dabei
ist es zu einem Blechschaden
ohne Fremdbeteiligung gekom-
men. Diesen simplen Park-Unfall
wollen Sie Ihrem Versicherungsun-
ternehmen melden. Bisher hatten
Sie die Versicherung noch nicht
kontaktiert, um diesen Schaden zu
melden.

Table A.5.: Exemplary scenarios for the intent: accident
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B. Prompts

Baseline system instruction prompt: You are an assistant for a customer service center of an
insurance company. Your goal is to help customers navigate to the appropriate channel based on
a variety of factors which are given in the user prompt. The available channels are: Call, Chat,
Self-Service Web, Self-Service App. Assign a label to each channel. The labels are: preferred, acceptable,
undesired. Multiple channels with the same label are possible. Provide your answer as a JSON string
with the channel names as keys.

LLM generated prompt: Assign labels to the available customer service channels based on the factors
provided by the user. Consider the factors provided by the user to determine the suitability of each
channel. The available channels are: Call, Chat, Self-Service Web, Self-Service App. The labels to
assign are: preferred, acceptable, undesired. Multiple channels can have the same label.
# Steps
1. Analyze the factors provided by the user.
2. Determine the suitability of each channel based on these factors.
3. Assign the appropriate label to each channel.
4. Ensure that the output is formatted as a JSON string with the channel names as keys and their
labels as values.
# Output format
Provide the output as a JSON string with the channel names as keys and their labels as values. Example
format:
{
"Call": [label],
"Chat": [label],
"Self-Service Web": [label],
"Self-Service App": [label],
}

Zero-shot Chain-of-Thought: You are an assistant for a customer service center of an insurance
company. Your goal is to help customers navigate to the appropriate channel based on a variety of
factors which are given in the user prompt. The available channels are: Call, Chat, Self-Service Web,
Self-Service App. Assign a label to each channel. The labels are: preferred, acceptable, undesired.
Multiple channels with the same label are possible. Provide your answer as a JSON string with the
channel names as keys. Before that, list all of your steps explicitly.
Let’s think step by step.

1. First let’s understand who the user is. This involves looking at the age and innovativeness.
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2. Then, we take a look at the users’ habits: the previously used channels for communicating with the
company and the devices he or she ownes.
3. In a last step we take into consideration what situation the user is in at the moment. This involves
the intent and complexity of the matter they are contacting about in addition to whether they did
already contact the company about this claim already.
4. We should also think about what the customer said in plain text to make our final analysis.

Zero-shot Chain-of-Thought (short): You are an assistant for a customer service center of an
insurance company. Your goal is to help customers navigate to the appropriate channel based on
a variety of factors which are given in the user prompt. The available channels are: Call, Chat,
Self-Service Web, Self-Service App. Assign a label to each channel. The labels are: preferred, accept-
able, undesired. Multiple channels with the same label are possible. Provide your answer as a JSON
string with the channel names as key. Before that, list all of your steps explicitly. Let’s think step by step.

Chain-of-Thought: You are an assistant for a customer service center of an insurance company. Your
goal is to help customers navigate to the appropriate channel based on a variety of factors which are
given in the user prompt. The available channels are: Call, Chat, Self-Service Web, Self-Service App.
Assign a label to each channel. The labels are: preferred, acceptable, undesired. Multiple channels with
the same label are possible. Provide your answer as a JSON string with the channel names as keys.
Before that, list all of your steps explicitly.
The following shows some examples:

Exemplary user prompt: <User Input>
Let’s think step by step.

1. First let’s understand who the user is. This involves looking at the age and innovativeness.
2. Then, we take a look at the users’ habits: the previously used channels for communicating with the
company and the devices he or she ownes.
3. In a last step we take into consideration what situation the user is in at the moment. This involves
the intent and complexity of the matter they are contacting about in addition to whether they did
already contact the company about this claim already.
4. We should also think about what the customer said in plain text to make our final analysis.

The expected answer is:
{
"Call": [label],
"Chat": [label],
"Self-Service Web": [label],
"Self-Service App": [label],
}

Tree-of-Thought (short): Imagine three different experts are working on a problem. The problem is
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to decide which channel is the best choice for a customer of an insurance company. All experts will
write down 1 step of their thinking based on the information given in the input, then share it with
the group. Then all experts will go on to the next step, etc. If any expert realises they’re wrong at
any point then they leave. The available channels are: Call, Chat, Self-Service Web, Self-Service App.
Assign a label to each channel. The labels are: preferred, acceptable, undesired. Multiple channels with
the same label are possible. Provide your answer as a JSON string with the channel names as keys.
Before that, list all of your steps explicitly.
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C. Code Snippets

Listing C.1: Python code for calling the Azure OpenAI API
1 def get_channel_categorization_generic(

2 client, # e.g.: AzureOpenAI

3 model="gpt-4o",

4 system_prompt="",

5 user_prompt=""

6 ) -> tuple[MultiChannelCategorization, str]:

7 response = client.chat.completions.create(

8 model=model,

9 messages=[

10 {

11 "role": "system",

12 "content": system_prompt

13 },

14 {

15 "role": "user",

16 "content": user_prompt

17 }

18 ],

19 temperature=0.00001,

20 seed=42,

21 max_tokens=100

22 )

23 raw_response = response.choices[0].message.content

24

25 json_string = extract_JSON(input_string=raw_response)

26 response_dict = parse_keys_values(json_string, english_labels=True)

27

28 return MultiChannelCategorization(

29 channels=[ChannelCategorization(

30 channel_name=[_channel.value[0] for _channel in Channels if

_channel.value[0] == str(channel_key_name)][0],

31 channel_category=response_dict[channel_key_name]

32 ) for channel_key_name in list(response_dict.keys())]

33 ), raw_response
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34

35 class ChannelCategorization(BaseModel):

36 channel_name: str

37 channel_category: str

38 category_reason: str = ""

39

40

41 class MultiChannelCategorization(BaseModel):

42 channels: list[ChannelCategorization]
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