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Collecting data is not enough to generate value, because data needs to be turned into in-
formation and insights to be valuable. Particularly unstructured data, such as text, is diffi-
cult to turn into valuable insights due to its lack of predefined structure. The goal of this
case study was to explore how text analytics, specifically topic modeling and sentiment
analysis, could be used to measure and improve customer experience of the case company.

The study consists of a literature review that focuses on text analytics and customer experi-
ence, and an empirical portion that is based on qualitative research; involving interviews
with customer experience managers, focus group sessions, and secondary data from the
case company. The results from research were used to form an understanding of the case
company’s current state of customer experience, develop a topic model and a way to utilize
it, and lastly implement improvement suggestions.

The research indicates that text analytics offers an additional method for measuring cus-
tomer experience, complementing traditional measures like NPS and CES. It can also be
integrated to a customer journey to measure touchpoints more accurately and gather cus-
tomer understanding more efficiently. A topic model should be built iteratively by follow-
ing a set of guidelines and in cooperation with experts that can provide business under-
standing. Furthermore, integrating the topic model with customer journey data and map-
ping facilitates evaluation of customer experience’s continuous improvement. To evaluate
continuous improvement, text analytics should be used in touchpoint monitoring and prior-
itization, and implementing the suggestions can guide the case company to monitor touch-
points more effectively, provide enhanced customer understanding, and make prioritization
more data-driven.
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Datan kerddminen itsessdan ei tuota arvoa, silla data tulee muuntaa tiedoksi ja nakemyk-
siksi ollakseen arvokasta. Erityisesti strukturoimatonta dataa kuten tekstia on vaikea muut-
taa arvokkaiksi nakemyksiksi sen ennalta maaritellyn rakenteen puutteen vuoksi. Tdman
tutkimuksen tavoitteena oli tutkia kuinka tekstianalytiikkaa, erityisesti aihemallinnusta
sekd sentimenttianalyysia, voidaan hyddyntad asiakaskokemuksen mittaamiseen ja kehit-
tdmiseen kohdeyrityksessa.

Tutkimus koostuu kirjallisuuskatsauksesta, joka keskittyy tekstianalytiikkaan ja asiakasko-
kemukseen, seka empiirisesta osiosta, joka toteutettiin kvalitatiivisena tutkimuksena; sisal-
tden haastatteluita asiakaskokemuksen johtajien kanssa, kohderyhméatapaamisia, seka se-
kundééridataa kohdeyritykseltd. Tutkimuksen tuloksia hyddynnettiin kohdeyrityksen asia-
kaskokemuksen tilan ymmartamiseen, aihemallin rakentamiseen ja sille optimaalisen hyo-
dyntdmistavan suunnittelemiseen, seka kehitysehdotuksien muodostamiseen.

Tutkimus osoittaa, ettd tekstianalytiikka tarjoaa yliméaardisen keinon asiakaskokemuksen
mittaamiseen, tukien perinteisia mittaamisen keinoja kuten NPS ja CES. Se voidaan mygs
integroida asiakaspolkuun kosketuspisteiden tarkempaa mittaamista sekd laajemman asia-
kasymmarryksen ker&damistd varten. Aihemalli tulisi rakentaa iteratiivisesti noudattaen
viitekehystd ja yhteistyossa liiketoiminnan asiantuntijoiden kanssa. Aihemallin integroimi-
nen asiakaspolkuun ja asiakaspolun kartoittaminen mahdollistavat asiakaskokemuksen
jatkuvan kehittdmisen arvioinnin. Siind tekstianalytiikkaa tulisi k&yttad kosketuspisteiden
seuraamiseen ja priorisoimiseen, ja kehitysehdotuksien toteuttaminen voi ohjata kohdeyri-
tyst& kosketuspisteiden tehokkaampaan mittaamiseen, tarjota parempaa asiakasymmarrysta
ja tehd@ priorisoinnista datalahtéisempaa.
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1 Introduction

The organization that this thesis is conducted for, is a large Finnish insurance company.
The company interacts with thousands of customers during various stages of the customer
journey on a daily basis, which is why customer experience is important to understand.
Customers leave feedback, both numeric and textual, but so far, the company has concen-
trated on measuring customer experience through quantitative measures, such as net pro-
moter score (NPS) and customer effort score (CES). Textual feedback has been underuti-
lized and its processing has been manual work. These challenges have led the company to
seek help from text analytics to increase the utilization of customer feedback.

1.1 Background

We are currently living in the era of data, surrounded by it in various forms, with its
amount increasing at a growing rate, compelling companies to make substantial invest-
ments to create value from this data (Mikalef et al., 2019). The data that companies face
every day has evolved from being dominated by structured data to being dominated by
semi-structured and unstructured data, such as textual data. The vast amount of textual data
contains information that can be extracted for better decision-making and other activities.
(Ittoo et al., 2016) However, despite companies being rich in data and information, they are
struggling to convert the data and information into actionable knowledge (Caesarius &
Hohenthal, 2018).

Technological advancements have also meant that customers have more ways to interact
with companies across various channels, which form customer journeys that are more per-
sonalized than before. Customer interactions are crucial in the formation of customer expe-
rience; thus, it is crucial for companies to understand and control them. (Barwitz & Maas,
2018)

Customer experience is a holistic concept, which is why measuring it is difficult. One form

of data that businesses collect to understand customer experience better, is customer feed-
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back, which gives businesses important information on what customers think of their ser-
vices. However, generating insights from vast amounts of textual feedback is resource in-
tensive, hence text analytics, which attempts to automatically extract information from
textual data, has garnered attention. Still, it often fails in delivering businesses value. (Or-
denes et al., 2014)

An example of text analytics is topic modeling, which is described by Chen et al. (2023) as
using algorithms that automatically identify underlying categories from large textual da-
tasets. However, a dictionary-based approach where keywords are manually assigned to
form topics can be used to build a topic model as well. (Eshima et al., 2023; Ryan et al.,
2023; Baden et al., 2022; Guo et al., 2016) Sentiment analysis can be used to identify cus-
tomer opinions from text, such as positive, and negative emotions (Giatsoglou et al., 2017).
In this thesis, the emphasis is on customer experience, which is explored through a case
study that researches the optimal utilization of topic modeling and sentiment analysis on
customer feedback to gain a deeper understanding of customer journeys and enhance over-

all customer experience.

1.2 Research objectives and limitations

The study’s objective is to investigate how text analytics could be used optimally to meas-
ure and improve customer experience in the case company. The company’s processes have
an oversight as customer experience along the customer journey has not been measured to
its full potential, which has provided an opportunity to conduct this study. Based on the

research objective, the study has been set a main research question of:

e How can text analytics be utilized in the measurement and improvement of custom-

er experience?

Based on the main research question, four sub-research questions were set to help answer

the main research question, and they are:
¢ Inwhat areas can text analytics help with customer experience improvement?

e How should a topic model be built for customer experience improvement?
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e How can a topic model be integrated to a customer journey?

e How can text analytics that is integrated to a customer journey be utilized in evalu-

ating continuous improvement of customer experience?

The first sub-research question focuses on studying text analytics and what kind of poten-
tial it has regarding customer experience improvement. To answer this question, prior sci-
entific research on combining text analytics with customer experience management (CXM)

is studied, as well as using the insights gained from the empirical chapter.

The second sub-research question is answered through the literature review on topic mod-
eling and the thesis’ empirical section of building a topic model. The topic model is built
through an iterative process, which means that the findings can be used to answer this

question.

The third sub-research question focuses on the thesis’ empirical part of creating a topic
model that is integrated to the case company’s customer journeys through focus groups and
secondary data. Scientific research regarding customer journeys and topic modelling is

utilized to support a comprehensive answer to the research question.

The fourth sub-research question builds on the previous two and focuses on making an
improvement suggestion to the case company based on scientific research on the subject,
and the findings from the empirical chapter. This improvement suggestion’s purpose is to
replace the old method of analyzing customer feedback, as well as support the process of

measuring and improving customer experience.

The thesis focuses on a case company that operates in the insurance business and the fi-
nancial industry; thus the research may not be applicable to other industries. Despite the
empirical study focusing on an insurance company, the theory of the thesis does not limit
itself only to one industry, but instead focuses on finding the most important aspects re-
garding customer experience and text analytics. This is due to scientific research on the
subjects in the insurance business being limited and not offering enough material for a
complete picture. The thesis studies customer experience both in the insurance business
and overall, thus creating an opportunity to compare whether parts of customer experience

are universal across industries or unique to the insurance business.
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The thesis does not focus on common methods of measuring customer experience, such as
NPS or CES, since these are already in use in the case company. Rather, the study aims to
concentrate on a new approach to measuring customer experience. It also does not concen-
trate on a specific customer journey, but rather the company’s generic customer journey. In
the case study, a topic model was built using a dictionary-based approach where the topics
were manually formed, and keywords assigned to the topics. The terms dictionary-based
and keyword-based are used interchangeably to refer to the same manual and non-
algorithmic method. Therefore, in this thesis a distinction is made whenever discussing
topics models built through algorithms. Since the thesis emphasizes sentiment analysis and
topic modeling, it does not cover other areas of text analytics with as much detail. The
study concentrates on building the capabilities for using text analytics to measure and im-

prove customer experience; thus, measuring the benefits of the implementation are limited.

1.3 Research design

The empirical part of the thesis is a case study, which according to Crowe et al. (2011) is a
suitable option when a comprehensive understanding of a specific issue, event or phenom-
enon is needed to be obtained in its real-world context. This study will employ a qualitative
research approach, as it is well-suited for exploring the case company's customer experi-
ence development and the application of text analytics for it. This exploration will be con-
ducted through the use of focus groups, interviews, and case materials. Kuada et al. (2012,
p. 93-95) state that qualitative research focuses on gathering material through examining
cases and interpreting them through techniques such as focus groups, observation and in-

terviews.

The project for applying text analytics to customer experience development, which this
thesis is based on, began with planning what the project’s goals are and how they are going
to be reached. This was followed by gathering material for building a topic model, which
acts as secondary data in this thesis. Once the planning on how the project was going to
proceed was done and enough material had been gathered, the topic model’s construction
commenced. The process for creating the model followed the plan, do, check, act (PDCA)

methodology for continuous improvement and involved regular meetings with focus
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groups. Deming (2000, p. 88) defines PDCA as a cycle which aims at improvement
through a series of steps; beginning with planning, then carrying out the plan, followed by
observing the effects of the previous step, then studying the results, and continuing the
cycle from step one again. Furthermore, customer experience managers from different
segments of the company were interviewed to investigate the managers’ stances on the
case company’s customer experience, its development, data and customer journeys. Once
the topic model had been built and its performance was at an adequate level, a report was
created on Power BI for stakeholders to utilize the topic model in customer experience
development and reporting. This part of the project provided the thesis with empirical ma-
terial, which then could be supported by scientific research on customer experience devel-

opment and text analytics to form improvement suggestions.

1.4 Research structure

The thesis contains seven chapters, with chapters two and three providing the theoretical
foundation of the study on customer experience and text analytics. The fourth and fifth
chapters are empirical, with chapter four representing the study’s research methodology
more in depth, and chapter five exploring the process of deploying text analytics for CXM
in the case company. Chapter six discusses the theoretical and empirical findings of the

thesis, and chapter seven concludes the study. The structure is explained further in figure 1.

4 ) 4 )

Background, research
objectives and limitations.

1. Introduction research design and

structure
J -
N 4
Customer experience
2. Customer definition, customer
experience journeys and customer

experience management

- J - J




3. Text analytics

15

(

Definition of text analytics,
topic modelling, and
utilization of text analytics
in customer experience
development

~N

Y,
N
4. Research
methodology
Y,
5. Case study
\_ Y,
~
6. Discussion
Y,
7. Conclusions
_ Y,

Figure 1. Structure of the thesis
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-

Findings from the
theoretical and empirical
sections, along with

suggestions to the company

-

Addressing the research
guestions and concluding
the findings from the thesis

J

The thesis begins with an introduction, where the reader is familiarized with the thesis’

background, research objectives and questions, research design, and lastly the structure of

the thesis. Chapter two is dedicated to theory regarding customer experience in order to

address the research questions’ parts about customer experience improvement. The chapter

first defines customer experience and tells the reader the essentials in order to understand

the rest of the thesis. This is continued with information regarding customer journeys and

modelling them, followed by customer experience development and how it should be ap-
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proached. The chapter utilizes both books by respected authors and scientific research on
the matter. The third chapter is also a theoretical chapter and supplies the thesis with
knowledge on text analytics to help answer the research questions’ parts about topic mod-
eling and text analytics. First, text analytics and its components are defined and explained
thoroughly. This is followed by an in-depth look into scientific research on topic model-
ling, which is one area of text analytics. The additional emphasis on topic modelling is due
to the empirical part of the thesis focusing on building a topic model. To finalize the litera-
ture review of the thesis, research combining text analytics and customer experience is
studied to understand what has been done previously on the subject, and to explore a theo-
retical basis for improving customer experience in the case company through text analyt-

ics.

After the literature review, a chapter is dedicated to research methodology, where the
study’s background is explained, continuing with a presentation of the case study’s imple-
mentation and research methods. The empirical part of the thesis continues in the fifth
chapter by studying the case company and its CXM through interviews and secondary data.
The chapter continues with an in-depth explanation of building a topic model and an inter-
active report for customer experience measurement and improvement through the PDCA
process. The sixth chapter discusses the findings from theory and the empirical study to
form improvement suggestions to the case company. The thesis ends with a chapter that
concludes the entire thesis, addresses the research questions initially posed at the start of

the study, and discusses the thesis’ limitations and future research directions.
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2  Customer experience

This chapter focuses on defining the concepts of customer experience, customer journey,
customer experience development and their continuous improvement. Customer experi-
ence is a broad concept, hence explaining what it means is important. Customer journeys
are an important aspect of customer experience and understanding them is necessary to be
able to successfully integrate a topic model to a customer journey. Going through literature
regarding customer experience development and its continuous improvement help in creat-

ing suggestions to the case company for improving customer experience.

2.1 The definition of customer experience

Lemon and Verhoef (2016) define customer experience as a subjective experience that is
built through various touchpoints along the customer journey. They highlight that the
whole customer journey should be looked at; before purchasing, during purchasing, and
after purchasing, instead of just one step along the customer journey. Another characteris-
tic of customer experience is that it is a multidimensional experience of cognitive, emo-
tional, social, and sensory nature. (Lemon & Verhoef, 2016) Becker and Jaakkola (2020)
argue that a clear definition of customer experience is not agreed upon in literature, and
that uncertainty exists on whether customer experience is a reaction to an offering or an
evaluation of the offering’s quality. The implication of this is that some studies overlap
customer experience with variables such as satisfaction, while others see it as its own vari-
able that leads to satisfaction (Becker & Jaakkola, 2020). Teixeira et al. (2012) add that
customer experience can be considered a holistic concept, which is affected by all elements
of a company’s products and services. To help understand customer experience, Saarijérvi
and Puustinen (2020, p. 61-64) divide customer experience into several subcategories,

which are:

e Brand experience
e Consumption experience

e Purchasing experience
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e Service experience
e Price experience

e Usage experience

e Delivery experience

e Online experience

Different companies place their focus on different areas of customer experience. Smart
phone manufacturers are interested in the usage experience of their phones, hair salons in
the service experience, and premium car manufacturers on both the consumption and brand
experience. From a customer’s point of view, experiences are often more dynamic. For
example, the usage experience of a smart phone is determined by multiple factors, such as
the manufacturer, internet operator, operating system, and the applications on the phone.
These can all be offered by different companies, determining the overall usage experience
of the phone. (Saarijarvi & Puustinen, 2020, 61-65) Brand experience is important as
brands play a vital role in shaping the relationship between a company and its customers.
Brands represent customer perceptions and emotional associations about a product. (Kotler
& Armstrong, 2017, p. 264)

In addition to customer experience having multiple sub-categories, Rossman and Duerden
(2019, p. 32-33) discuss different types of experiences that customers may have while us-
ing a product or while going through a customer journey. Their framework is composed of

five types of experiences that each have their own characteristics (figure 2).
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s Prosaic experiences

= Mindful experiences

= Vlemorable experiences

mm  Meaningful experiences

me Transformational experiences

Figure 2. Types of experiences (Rossman & Duerden, 2019, p. 32-33)

The unique characteristic of prosaic experiences is that the customer acts on an autopilot,
which happens as prosaic experiences are basic, everyday experiences that are neutral to
the customer and often not even thought of. When an activity requires the disengagement
of the autopilot mode and causes the individual to use some of their mental capacity, the
experience becomes mindful. The key characteristic of memorable experiences compared
to mindful experiences is the emotional factor; customers often remember the parts of an
experience that were particularly good or bad, and the ending of an experience. This can be
referred to as the peak end rule, as it claims that the strongest memories are formed from
the moments that produce the strongest emotions. Meaningful experiences differ from
memorable ones in the key characteristic of discovery. These experiences are often active
and cause a customer to learn a new insight about themselves or about the world. Trans-
formational experiences are the most profound experiences a human can have, and their
key characteristic is significant change. An example of this is someone having a nearly
fatal heart attack, which causes them to change the way they eat and exercise or live life
altogether. Essentially, they cause customers to change their views, attitudes, or behavior.
(Rossman & Duerden, 2019, p. 33-39)

Saarijarvi and Puustinen (2020, p. 78) argue that customer experience is not only about the
customer getting what they want, but that it also includes what the customer feels or expe-
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riences with their eyes, ears, nose, what the social interactions with other customers or staff
feel like, and what kind of emotions occur during the customer journey. Hence, customer

experience can be said to have four dimensions:

e Cognitive
e Emotional
e Social

e Sensorial

Verhoef et al. (2009) mention that these dimensions are affected by factors that the compa-
ny can control, such as price or user interface, but also by factors outside the company’s
control, such as other customers or the customer’s goals. The cognitive dimension is con-
nected to customers accomplishing their goals set for the product or service. The extent to
which these customer expectations are met defines the cognitive dimension. (Saarijarvi &
Puustinen, 2020, p. 78) The cognitive factor can also concern the customer’s prior experi-
ences, influencing the formation of their experience throughout the customer journey (De
Keyser et al., 2020). Interactions between the firm and the customer have the potential to
evoke strong emotions, whether positive or negative. These emotions are often remem-
bered very well, which highlights the importance of keeping the emotional dimensions in
mind. The social dimension is relevant as customer experience is not formed purely on just
the interaction between the firm and the customer; other customers have an impact on the
customer experience as well. The sensorial dimension is important as humans have multi-
ple senses, such as sight, hearing, smell or touch, that they use to form the customer expe-
rience. Depending on the industry and situation, different dimensions can have a more sig-
nificant impact than others. A company’s strategy can also define what kind of approach
on customer experience is taken and which dimension is focused on. (Saarijarvi &
Puustinen, 2020, p. 78-81)

Customer experience is important due to several factors; Holma et al. (2021, p. 39-40)
mention that it can be a source of competitive advantage as many business models and
product features can be copied, but customer experience can act as a differentiation factor.
They argue that achieving success with customer experience can be attributed to three fac-
tors: company strategy, a well-defined brand, and work culture, including employee expe-
rience. Kotler and Armstrong (2017, p. 38) claim that the creation of customer value and

satisfaction lead to long term retention of customers. This is because customers that are
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satisfied are more likely to stay loyal. Customers choose the company that offers the best
customer perceived value, which refers to a customer’s perception of the difference be-
tween all the advantages and disadvantages of an offering compared to similar alternatives.
Customer satisfaction on the other hand is dependent on the perceived value of the product
relative to the expectations had towards it. (Kotler & Armstrong, 2017, p. 38-39)

Lemon and Verhoef (2016) highlight the significance of customer expectations in manag-
Ing customer experience, and mention that past experiences can affect the current customer
experience, which in turn can affect future usage of the service or product. Furthermore,
Lemon and Verhoef (2016) suggest that customer expectations also have the potential to
extend across different companies or even industries, but more research on the topic is

needed.

2.2 Customer journey

As mentioned in the definition of customer experience, customer journeys are a significant
part of the formation of customer experience. Kuehnl et al. (2019) add that the effort re-
quired to go through several touchpoints along a customer journey has a significant impact
on customer experience. The reason for this is that from the pre-purchase to post-purchase
stages of the customer journey, customer experience builds cumulatively through their per-
ception of the touchpoints. A positive perception results in behavior that enhances custom-
er loyalty. (Kuehnl et al., 2019)

The customer experience process happens over multiple stages, resulting in a customer
journey. This process can be divided into three stages: pre-purchase, purchase and post-
purchase. In each of these stages, there are touchpoints where the customer and a firm in-
teract either directly or indirectly. These touchpoints are not always under the firm’s con-
trol as they can be outsourced to partner companies, be owned by the customer themselves
or be affected by other customers. (De Keyser et al., 2020; Lemon & Verhoef, 2016).

According to Lemon and Verhoef (2016), pre-purchase is the first stage, which includes all
of the customer’s interactions with the brand and product before a purchase. Purchase is
the second stage, and it includes all interactions between the customer and the company

during the purchase process. Behaviors such as choosing, ordering, and paying are includ-
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ed in this process. Post-purchase is the third stage and it includes all interactions after the
purchase between the customer and the company. Some of the behaviors included in this
process include usage, consumption, post-purchase engagement and service requests. In
this stage, it is important to recognize the importance of behaviors that are not directly re-
lated to the purchase itself, such as word of mouth and customer loyalty. (Lemon &
Verhoef, 2016) An important element of customer journeys are triggers. They are crucial
to customer loyalty, as triggers can either cause the customer to stay as a customer or go
back to the pre-purchase stage and consider their options. (Court et al., 2009; Lemon &
Verhoef, 2016)

These stages consist of touchpoints, which can be categorized into four different types. The
first ones are brand-owned touchpoints, which are directly under the company’s control.
The second are partner-owned touchpoints, which are managed in cooperation with a part-
ner company. Customer-owned touchpoints are parts of the customer experience, that are
not directly controlled by the company or its partners. Choosing a payment method or dis-
cussing a company’s services are examples of these kinds of touchpoints. External touch-
points are those that are affected by other customers or other external factors. (Lemon &
Verhoef, 2016) Saarijarvi and Puustinen (2020, p. 74) further mention that other customers

in a restaurant or reviews online for a product are examples of external touchpoints.

Despite each touchpoint being a chance to build or destroy customer experience, all touch-
points along the customer journey are not of similar significance. For example, from a cus-
tomer’s point of view, the background music in a restaurant is not as important as the taste
of the meal. Hence, in developing customer experience, focusing on the important touch-
points is smart. Companies often outsource some touchpoints to partners. Despite this
providing cost savings and being easier to manage, it can also have its disadvantages. Cus-
tomer service is one of the key customer experience touchpoints and often outsourced.
However, the partner company is not likely to have the same commitment to customer ex-
perience and its development as the company itself. From a customer’s point of view, who
owns the service is not relevant, but the service quality. Hence, outsourcing a touchpoint
can result in a lot of untapped potential to deliver a great customer experience. (Saarijarvi
& Puustinen, 2020, p. 75-78)

Becker and Jaakkola (2020) argue that customer journeys in the modern world happen in

multiple different channels with a lot of variability occurring in each touchpoint. Some of
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these touchpoints are offline, some online and some are controlled by the company and
some not. Customers also have a lot of control over their desired customer journey, result-
ing in more complexity and personalization. Hence, only looking at a small number of se-
lected touchpoints will not capture the complete customer experience. (Becker & Jaakkola,
2020)

Cues

Touchpoints

Customer journey

Consumer journey

Figure 3. Customer experience stimuli on multiple levels (Becker & Jaakkola, 2020)

To resolve this, Becker and Jaakkola (2020) suggest analyzing customer experience stimuli
on multiple levels. As can be seen from figure 3, the first level are cues, which can be any-
thing small that affects customer experience. Touchpoints are the second level, meaning
interactions between the customer and company. The third level is the customer journey,
which is made up of touchpoints before, during and after a service interaction. One level
above this, is the consumer journey level, which goes beyond just the interactions between
the company and customer and adds the customer’s life outside the interaction and interac-

tions with other companies as well. (Becker & Jaakkola, 2020).

Kuehnl et al. (2019) highlight the importance of customer journey design and mention
three factors that can be considered the most impactful for customers during the customer
journey. The first one is the thematic cohesion of touchpoints. This refers to whether cus-
tomers perceive multiple touchpoints to belong under the same value proposition of the
brand. If a company wants to have thematic cohesion of touchpoints, customers should be
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able to easily connect each touchpoint to the brand’s value proposition. The second factor
mentioned is the consistency of touchpoints; customers should be able to receive consistent
service across the whole customer journey. The third factor is the context sensitivity of
touchpoints, which refers to the company’s ability to provide personalized customer jour-

neys depending on the situation’s context. (Kuehnl et al., 2019).

One important tool to understand customer experience better, is to map the customer jour-
ney. It is common for organizations to be production focused, instead of customer focused,
and customer journey mapping helps an organization understand the touchpoints a custom-
er goes through from a customer’s perspective. It also helps find out what kinds of expecta-
tions, needs and thoughts customers have. (Saarijarvi & Puustinen, 2020, p.207-208). Vil-
lani (2019, p. 84-85) adds that customer journey mapping can help with identifying pro-
cesses that require reviewing and are subject to continuous improvement. A customer jour-

ney map can include many things, such as those seen in table 1 below.

Table 1. A template for a customer journey map (Villani, 2019, p. 89)

Steps Step 1 Step 2 Step 3 Step 4 Step 5

Sentiment

Touchpoints

Moments of
truth

Pain points

Points of de-
light

Metrics

Timeline

Villani (2019, p. 87-88) discusses customer journey mapping in detail and mentions that
there is no one correct way to do a customer journey map as they can vary a lot in com-
plexity depending on the intended purpose. Two examples are mentioned, one of which is
using the map to better understand customer interactions, process stages, and identify pain
points. The other purpose can be to use the map for exploring future aspects of customer

experience and its changes.
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2.3 A managerial approach to customer experience

Saarijérvi and Puustinen (2020, p. 56-57) argue that there are two different theoretical ap-
proaches to customer experience. One of them sees customer experience as a heavily sub-
jective phenomenon, which is different for every customer based on their everyday lives,
making it difficult to improve customer experience. The other approach is the managerial
approach, which tries to find ways to develop customer journeys and touchpoints to build a
better customer experience. These two approaches do not contradict each other, but rather
their focus is different, with the former focusing on the customer’s context and the latter on

the business’ context. (Saarijarvi & Puustinen, 2020, p. 56-57)

De Keyser et al. (2020) discuss CXM and the lack of literature on it. The term can be de-
fined as “the process of strategically managing a customer’s entire experience with a prod-
uct or company” (Schmitt, 2003, p. 17, cited in De Keyser et al., 2020). Schmitt (2003, p.

17) presents a framework for managing customer experience and it is composed of five

steps:
1. Analyze how customers experience the service
2. Build an experiential platform
3. Create a brand experience
4. Structure the customer experience
5. Continuous innovation

De Keyser et al. (2020) note that touchpoints are not noted in this framework, however the
study of Homburg et al. (2017) discusses the definition of CXM and says that it refers to
the company’s cultural mindset toward customer experiences, strategy to design customer
experiences, and the company’s capabilities towards continuous renewal of customer expe-

rience, with the goal of long-term customer loyalty.

De Keyser et al. (2020) discuss how companies have a goal of creating customer experi-
ences that are perceived as intended by the customer. However, companies are struggling
to develop successful customer experience practices and top management’s support is lack-
ing. The growing number of data can help solve these issues, but methods that make cus-
tomer experience actionable and help understand intended customer experiences are need-
ed as well. (De Keyser et al., 2020) Lemon and Verhoef (2016) add that one factor that
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makes the management of customer experience increasingly difficult, is the large number
of touchpoints in multiple channels that customers interact with companies in. In customer
experience development, Korkiakoski (2023, p. 86) notes a common oversight where the
customer’s point of view is forgotten, and the development is only based on an internal
view of the needed changes. Placing emphasis on customer understanding ensures that the

development focuses on the right things (Korkiakoski, 2023, p. 86).

Patricio et al. (2011, cited in Teixeira et al., 2012) argue that customer experience should
thought of as something that cannot be completely designed by a company, but rather the
company’s services can be designed for customer experience. Saarijarvi and Puustinen
(2020, p. 39) discuss this as well and emphasize that customer experience cannot be direct-
ly managed, since the customer defines their own customer experience, but rather, compa-

nies can manage the touchpoints that form the customer experience.

Homburg et al. (2017) studied CXM and found out that an important part of it to survive in
the competitive landscape companies are facing, is the continual renewal of customer ex-
periences. To have long-term customer loyalty, customer experiences should be redesigned
continually. This can be done through four capabilities: touchpoint journey design, prioriti-
zation. monitoring, and adaptation. Their finding was that these capabilities interact closely
in companies and that companies should pay attention to their cooperation instead of view-
ing them as separate capabilities. This can be the difference between incremental and radi-
cal innovations. Additionally, they claim that short-term cycles of monitoring, adapting
and prioritizing touchpoints result in incremental innovations while a longer cycle of plan-
ning and designing entire journeys result in more radical innovations. (Homburg et al.,
2017)

De Keyser et al. (2020) conducted a literature study on customer experience and argue that
customer experience can be linked to three building blocks, forming the TCQ perspective.
Customer experience is formed through touchpoints (T) which occur in a certain context
(C) and are characterized by qualities (Q) that collectively contribute to the customer’s
assessment of value. They mention that one application of TCQ is in conducting a custom-

er experience audit, which has four phases:

1. Make an overview of touchpoints. Tools such as customer journey mapping can be

utilized.
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2. Assess the context of touchpoints. Analyzing whether touchpoints are context-

adaptive and whether the company has the means to collect contextual data.

3. Assess the qualities of touchpoints. Data regarding customer value across touch-
points can help in this.

4. Evaluate and act based on previous steps. Only identifying the issues and success of
the current customer experience is not enough, hence using a framework such as

TCQ to fix, improve or remove elements of customer experience is suggested.

One of the key aspects of developing customer experience is to effectively measure and
model it. Understanding customers and their needs is crucial and the key to making the
correct decisions regarding customer experience development. (Spiess et al., 2014) Villani
(2019, p. 145-146) mentions five steps that should be taken in customer experience devel-

opment to support data-driven decision making:

e Define the problem

e Measure it

e Monitor the data

e Educate stakeholders with insights

e Improve customer experience with insights

This should be an iterative process that is part of customer experience development. It al-
lows a company to understand customers and their needs better and implement the neces-

sary actions for continuous improvement. (Villani, 2019, p.145-146)

Potential areas for customer experience development can be segmented into three areas:
emotions, easiness and functionality. The greatest potential lies in focusing on the custom-
er’s emotions instead of just functionality. Functionality is about standard methods of op-
eration, such as a customer relationship management system, availability, delivery times,
reclamation procedures. These are not aspects that offer a competitive edge in terms of
customer experience, but rather basic things that customers expect businesses to have
working without problems. Easiness is not just about how easy it is to interact with the
company, it is also about ways of operating that ensure that customers’ expectations are
met. If this fails, customers can face long queues, difficulty to find information or complex

processes. When easiness and functionality are in order, the emotional aspect should be
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focused on. This can be done by having highly skilled employees and giving them respon-
sibility, offering customers experiences that they remember, and finally personalization of
the service. (Brodeur-Johnson et al., 2021, cited in Korkiakoski. 2023, p. 91-94)

An important element of development is innovation. In a competitive landscape, it is not
enough to just remove problems that customers are facing, but rather have the ability to
produce memorable experiences to customers. Innovation helps in building a competitive
advantage, while fixing problems and improving aspects of customer experience helps in
maintaining the current market standing. This innovation should bravely aim for new solu-
tions that concretely affect customer experience, and it should be based on customer under-
standing and feedback. (Korkiakoski, 2023, p. 94-96)

Becker and Jaakkola (2020) argue that instead of companies aiming to create positive or
memorable customer experiences, they should define their desired customer experience
that takes into account subtle nuances. Companies can decide what kind of customer feed-
back they aim to trigger, depending of course on the value proposition of the company.
Depending on the company and industry, some touchpoints would be preferable to receive
a weak or nonchalant response, such as an office’s cleaning service. Some touchpoints
should trigger a stronger response, such as going for a ride at an amusement park. Hence,
companies should measure different types of customer experiences differently, instead of
relying on a measure that does not reflect the customer’s experience. (Becker & Jaakkola,
2020)

The next step after the desired customer experience has been decided upon is customer
journey mapping. The goal of this is to find out what kind of stimuli related to offering are
expected to influence customer experience and feedback. It is suggested to start with anal-
ysis of offering stimuli on multiple levels of aggregation and focusing on the flow of
touchpoints and stimuli instead of individual touchpoints or cues. It should be noted that
the customer responses to stimuli are situational and can vary depending on the customer
and the sociocultural contingencies. Hence, customer experience development should first
determine what kind of customer feedback is desired and then the suitable stimuli for ac-
complishing that goal. (Becker & Jaakkola, 2020)

Customer experience improvement projects can be looked through a matrix (figure 4)

where one axis is the speed at which the project can be executed and the other is how much
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the change affects customers. The biggest changes to customers and quickest can be done
by improving customer interactions, while process changes can be quick to execute, their
effect is often mostly internal. Strategy changes can have a big effect on customers, but
they are often slow to execute, and core systems renewals, similarly to process changes,
have effects that are mostly internal, but they are much slower to execute. (Korkiakoski,
2023, p. 89-90)

Customer
sees changes

Customer

interactions SR

Quick to
execute

Slow to
execute

Core
systems
renewal

Process

changes

Customer is
unlikely to
see changes

Figure 4. Prioritization matrix for customer experience development. Based on Kork-
iakoski (2023, p. 89)

2.4 Continuous improvement of customer experience

An element of customer experience development is doing it on a continuous basis, which
the framework consisting of plan, do, check, act (PDCA) is designed for. The first phase,
planning, should be done with an end goal in mind. Imagining the outcome helps in focus-
ing on the important things. The do-phase is about executing the plan and is closely linked

to the previous phase. Planning is crucial to achieve an outcome, but just planning will not
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yield results. Executing the planned actions and checking their effectiveness, as well as

making necessary adjustments based on the prior steps leads to a successful realization of

the plan. (Palmes, 2004, p. 11)

Act Plan

Check Do

Figure 5. PDCA cycle. Based on Deming (2000, p. 88)

Chatzopoulos and Weber (2021) discuss combining Lean thinking and customer experi-
ence into Lean customer experience, and Lean thinking and CXM into Lean CXM. The
terms are quite new and not much academic research has been done on them, but the terms
can be defined as a combination of the two concepts where non-value-added tasks in
touchpoints within the customer journey are identified (Chatzopoulos & Weber, 2021).
They add that Lean Thinking’s principles can be modified together with CXM to form the

principles of Lean CXM, which should be done in the entire customer journey:
1. Define customer value
2. Determine the Value Stream
3. Set up a data flow
4. Implement data pull mechanisms

5. Strive for perfection
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Chatzopoulos and Weber (2021) have listed best practices for implementing Lean CXM.
Waste should be reduced or eliminated completely, and this can be done by identifying
value and non-value added tasks, as well as collecting data on resources used in each of the
tasks. Bottlenecks and waste should be identified on the Value Stream, and also the pain
points and negative emotions of customers in the customer journey. Utilizing Lean Six
Sigma methodology, such as Failure Modes and Effects Analysis (FMEA) for identifying
these risks is suggested. (Chatzopoulos & Weber, 2021)

According to Thakkar (2021, p. 339) FMEA is one of the most important tools for contin-
uous improvement in risk analysis, as it is a tool to prioritize risks by multiplying the prob-
ability of the risk occurring (P) with its severity (S) and detection (D). Zhan and Ding
(2016, p.103) mention that in addition to FMEA being a tool for identifying risks, it is also

often used in prioritizing actions that should be taken.

1

Likelihood
Low - 1/3 Medium 2/3 High

0 - Low 1/3 Medium 2/3 High 1
Consequence

Figure 6. 3x3 risk matrix (Bao et al., 2022)

Bao et al. (2022) discuss assessing risks in a quantitative manner through a risk matrix,
which has two dimensions: severity and probability. Different types of matrixes can be
used with varying numbers of categories, such as 3x3 or 5x5. Figure 6 above is an example
of a 3x3 matrix, with the green boxes’ risk categorized as low, yellow boxes’ risk as medi-
um and the red box as high. Risk matrices have two functions; they can be used to either

determine the acceptability of risks or prioritize risks. (Bao et al., 2022, p.2-7; p. 103)
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3 Textanalytics

This chapter aims to provide a theoretical background to the thesis’ empirical chapter. The
chapter is a literature review on text analytics, topic modeling, sentiment analysis and their
use in CXM. First, the thesis explains the significance of text analytics and outlines its key
components. Next, it defines the concept of topic modeling and presents the different
methods by which it can be implemented. Considering the integral role of sentiment analy-
sis in the text analytics project, it is essential to establish a strong theoretical foundation on
it. Previous literature regarding text analytics and customer experience development is re-
searched to help form improvement suggestions to the case company and answer the re-

search questions.

3.1 Text analytics

Text analytics, which is often referred to as text mining, can be defined as discovering new
information from unstructured textual data automatically. Text analytics aims to derive
information from textual data in three main steps: data collection, processing the data and
extracting relevant information, and finally interpreting the relevant information. (Anan-
darajan et al., 2019, p. 1-2; lezzi & Celardo, 2020, p. 4) According to Lamba and
Madhusudhan (2022, p. 9) sources exist that claim there to be a slight difference between
text analytics and text mining, which is that in text mining the emphasis is more on the
process itself, while in text analytics the emphasis is more on the results of the process. In
the case of text mining and data mining, the difference is the types of data; text mining
uses text data, which is often semi-structured or unstructured, while data mining focuses on
data from databases, which is structured. The unstructured type of data adds complexity to
the text analytics process. (Anandarajan et al., 2019, p. 1-2) lezzi and Celardo (2020, p. 4)
also mention the complexity of gaining insights from the text analytics process, but high-

light its notable benefits, as it can result in real time information to help with decision mak-

ing.
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Text analytics has the potential to yield many insights for companies, as it has been esti-
mated that around 80 % of a company’s information is stored in a natural language format,
otherwise known as text data. Addressing such scenarios is part of natural language pro-
cessing (NLP), which refers to dealing with and analyzing human language data. (Aldunate
et al., 2022) Zong et al. (2022, p.1) consider text analytics to be an integral part of NLP
and machine learning (ML). Aldunate et al. (2022) mention that text analytics can provide
analysis on textual data in several ways, such as categorizing or clustering texts, concept
extraction, summarization of text or sentiment analysis. Zong et al. (2022, p. 3-6) add topic

modeling, text classification and topic detection and tracking to the list.

Zong et al. (2022, p. 6-8) discuss the challenges that a successful implementation of text
analytics faces. One of the biggest problems is that words can have several meanings based
on context, which can make it harder to process text accurately and degrade the perfor-
mance of text analytics. Another difficulty particularly ML methods face is the amount of
suitable and labeled samples required for training as copyright and privacy need to be ac-
counted for. (Zong et al., 2022, p. 6-8)

- . beyond 2020
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* Text mining * big data
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Figure 7. Text analytics timeline (lezzi & Celardo, 2020, p. 7)

As can be seen from figure 7, text analytics is not a new concept and its history dates back
to the 1940s. In the beginning, text analytics focused on content analysis, computational
linguistics, and NLP. In the 1980’s, early forms of probabilistic text analysis emerged,

such as latent semantic analysis. In the 1990°s the amount of textual data grew tremen-
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dously as the Internet became widely adopted, which lead to more advanced methods for
text analytics, such as text mining and ML, to become more popular. Text analytics con-
tinued growing in the early 2000’s and techniques such as topic modeling with Latent Di-
richlet Allocation (LDA) and sentiment analysis emerged. In the 2010’s the amount of data
grew immensely, due to which the decade can be referred to as the age of big data. (lezzi &
Celardo, 2020, p. 7-8; Anandarajan et al., 2019, p. 3-4)

Holmlund et al. (2020) further discuss big data analytics and categorize it into four differ-
ent levels: descriptive, diagnostic, predictive, and prescriptive. The difference between

these levels is how profound the analysis is and what kind of question do they answer:

e Descriptive: what happened?
e Diagnostic: why did something happen?
e Predictive: what could happen?

e Prescriptive: what should happen?

In order to successfully conduct data analytics and answer these questions, a series of steps
should be taken. Anandarajan et al. (2019, p. 8-10) present the text analytics process and

break it down to four parts:

e Planning
e Preparation and preprocessing
e Analysis

e Reporting

The planning step is crucial as it acts as a foundation for the rest of the process. One way
of doing this is content analysis, which is a technique for researching texts and making
useful and rational conclusions from them. The planning consists of data collection and
defining a goal for the analysis step. After this, the data should be prepared and prepro-
cessed for analysis, and depending on the context, several actions can be done such as
cleaning, standardization, or lemmatization. Lemmatization addresses a common problem
in text analytics, which is that a word can have multiple meanings depending on the con-

text, by grouping together different forms of a word. (Anandarajan et al., 2019, p. 8-10; 56)
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Table 2. Lemmatization of the word “fluffy”. Based on (Anandarajan et al., 2019, p. 56)

Word Lemmatization
Fluffy Fluffy

Fluffier Fluffy
Fluffiest Fluffy
Fluffiness Fluffiness

According to Anandarajan et al. (2019, p. 9), the analysis itself can be done with several
methods, which can be categorized into either unsupervised or supervised methods. The
supervised analysis method uses categories based on knowledge of the true classification
for predictive modelling, while unsupervised analysis methods do not have prior infor-
mation of the text data’s true classification. Examples of analysis methods that are often
unsupervised are latent semantic analysis and cluster analysis, while classification analysis
and sentiment analysis are often supervised methods of analysis. Some methods can be
either supervised or unsupervised, such as topic modeling. The final step of the process is
to report and communicate the findings, which is often done through data visualization.
(Anandarajan et al., 2019, p. 8-10; 45-46)

Text Mining Process

Text Corpus Text Pre- Exploratory NLP
Sources Format Processing ;I’Eo;; )Analysls Annotations Models Visualization

The
Database

Figure 8. The text mining process (Lamba et al., 2022, p. 80)

Lamba et al. (2022) present a slightly different version of the text analytics process as can

be seen in figure 8. Essentially the idea behind it is the same as Anandarajan et al. (2019)
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have about consisting of planning, preprocessing, analysis and reporting, but the represen-
tation of Lamba et al. (2022) focuses more on the actual process once planning has been
completed. First text data needs to be converted from its source format to a corpus format,
which refers to a collection of text that can be used as a dataset for the next steps. Diction-
ary creation can be a part of this process as well, depending on whether one has a specific
focus in mind when processing a dataset consisting of text or the goal is exploratory text
analysis (ETA). For ETA, utilizing unsupervised methods is suggested, otherwise using a
dictionary-based method can be more helpful. A dictionary-based approach has two op-
tions: either using third party dictionaries or creating your own dictionary. A self-made
dictionary is able to capture specifically those words that the users want to analyze further.
The next steps of the text mining process are similar to those of Anandarajan et al. (2019)
who mentioned text data needs to be preprocessed to be analyzed through various methods,
and finally visualized. (Lamba et al., 2022, p. 79-82)

3.2 Topic modeling and sentiment analysis

Topic modeling is a way to cluster words that have something in common, and its goal can
be to do analysis on vast amounts of unstructured text data. Depending on the topic model,
they can also be used to connect words that are alike and differentiate similar words that
have more than one meaning. (Fortino, 2021, p. 23) A collection of words that share a
theme is referred to as a topic, while a topic model extracts topics from text to represent the
text dataset (figure 9). A corpus is a collection of several documents, and a document con-

sists of unstructured text data, such as an article or a dataset. (Jiang et al., 2023, p. 27)

Jiang et al. (2023, p. 135-140) mention 79 different kinds of topic models, and that the his-
tory of topics models dates back to 1990s. Both Churchill and Singh (2022), as well as
Lamba and Madhusudhan (2022, p. 110) mention latent semantic indexing (LSI) to have
acted as a basis for topic models back in the 1990s. LSI enabled the creation of topic sets
from documents (Churchill & Singh, 2022). Zong (2022) mentions that both LSI and prob-

abilistic latent semantic indexing are often referred to as latent semantic analysis.
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Corpus Documents Word Vocabulary Topic

- wocabulary Topic 1 Topic 2 Topic 3

@}ali &% 4{

Topic Model

Figure 9. The concept of topic modeling (Jiang et al., 2023, p. 28)

Amat-Lefort et al. (2022) mention that topic modeling is a good method to analyze re-
views, and particularly one of the most popular methods is to use LDA, which is an unsu-
pervised and probabilistic method that models pieces of text into topics and topics into
words. Compared to previous versions of a topic model, the difference is that LDA as-
sumes that a document has multiple topics instead of just one, and then it generates the
topics based on probabilities. Many current topic modeling variations are based on LDA,
and it has been applied to many instances. (Churchill & Singh, 2022) LDA ignores word
order and instead documents are represented as a bag of words (BOW), which is good at
gathering a document’s main themes, but lacks the capability to capture nuances. As can be
seen in figure 10, it simplifies the text content and focuses on word frequency. (Lamba &
Madhusudhan, 2022, p. 87, p. 111)

The quick brown fox jumps over the lazy dog

quick

brown
fox dog lazy

animal

Figure 10. Example of BOW (Lamba & Madhusudhan, 2022, p. 87)
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Lamba and Madhusudhan (2022, p. 113) mention that topic modeling can be done through
various methods, such as unsupervised, semi-supervised or supervised learning methods.
Assisting a topic modeling algorithm such as LDA with a dictionary of words for topics
would be an example of a supervised learning method. A semi-supervised method would
include first running the algorithm to look for trends and then guiding it with additional
words. (Lamba & Madhusudhan, 2022, p. 113)

Smith et al. (2018) mention that topic models can also be constructed with a combination
of human input and ML. These are so called human-in-the-loop topic models, which are
built with humans refining the topics of the model (Smith et al., 2018). Studies have been
made using a group of participants and giving them the tools and instructions to modify a
topic model, which is what Smith et al. (2018) have done by utilizing a visual interface in

which users can refine the topic model by:

e Adding a word to a topic

e Removing a word from a topic

e Changing the word order in a topic

e Removing a document from the dataset
e Merging topics

e Splitting topics

e Excluding a specific word

Their study focused on finding out what kind of problems users attempting to modify a
topic model with an interactive system have. Lee et al. (2017) on the other hand studied
what kind of modification possibilities users would prefer to have in an interactive human-
in-the-loop topic modeling approach; they found that simple modifications were preferred
by non-expert users, but still their modifications were effective in improving the topic

model. An example of a topic model’s topics and keywords is presented in figure 11.

Topica Library Information Multimedia Information Information Online Knowledge Scientometrics
activities technology libraries technology literacy exhibition organization

Words  Desidoc Color Multimedia Library Information User Search Research
Library Technology Digital Cd Library Digital Information University
Drdo Printing Http Libraries Libraries Online Subject Fapers
Research Paper WWwW Information Internet Web Data India
Libraries Printers Classification Services Education WWww Number Publications

Figure 11. Example of a topic model’s results (Lamba & Madhusudhan, 2022, p. 123)
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Churchill and Singh (2022) discuss how a crucial aspect of topic modeling is the evalua-
tion of its performance. Three aspects are mentioned: coverage, coherence, and qualitative.
A topic model’s coverage refers to how much of the text data is represented by the topic
model. Coverage can be split into two types: topic coverage and document coverage. Topic
coverage refers to how well the topic model’s topics represent the actual topics of the da-
taset, while document coverage evaluates how well individual documents are represented
by the topic model’s topic. Measuring a topic model’s coherence is necessary as looking at
just coverage does not ensure that the topics are high-quality. Coherence evaluation refers
to a topic model’s topic quality, which means that individual topics and their keywords are
actually useful for the use case. The third aspect is qualitative evaluation, which means
incorporating a human expert into the construction of a topic model and allowing them to
assess the model’s performance. This is necessary because quantitative analysis is not able
to evaluate topics with common sense and can miss important insights. (Churchill & Singh,
2022)

Another method is to use a semi-automated iterative approach for building a topic model as
Ryan et al. (2023) have done. They used LDA to generate topics, but due to its poor per-
formance with their dataset, they manually modified the topic model to only include rele-
vant topics and keywords. To aid in identifying missing topics and keywords, the text data
was preprocessed by only focusing on the root word and transforming the text to be only
lowercase without punctuation. Additionally, a random sample of unlabeled text data was
inspected to increase coverage of the topic model. As some topics are broader than others,
hierarchies can be used. Their approach had six higher level topics, with each higher-level
topic having three to seven lower level topics, and each lower level topic having several

keywords. This process resulted in a coverage percentage of 71 %. (Ryan et al., 2023)

Hu et al. (2014) discuss the advantages and challenges of topic modeling. A benefit of top-
ics models generated by algorithms is their unsupervised nature, which requires only few
user inputs, such as providing the dataset and choosing the number of topics. The topics
are generated based on probabilities. which results in some topics being semantically co-
herent and others not. A semantically coherent topic can be considered good as its key-
words are related in a way that makes sense to most end users. Semantically incoherent

topics can occur due to many reasons, such as: the topic itself does not make sense, the
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topic contains keywords that are not related to each other, or the topic lacks keywords that
it should contain. (Hu et al., 2014)

Kim et al. (2021) also mentions several challenges of using LDA to create topic models,
one of which is its complexity. Tuning parameters to improve the topic model is not easy
and requires special expertise as even small changes can have unforeseeable side effects.
Another issue is that LDA’s results can be inconsistent across various runs, which can
make it challenging to place trust in the model. (Kim et al., 2021) Lee et al. (2017) discuss
the challenges of topic modeling as well, and mention that topic models are not an out-of-
the-box solution. They state that an effective model requires the specification of topic

amount, words to be excluded, parameters, and pre-processing of the data.

Chen et al. (2023) studied scientific research regarding topic modeling and found that it is
often used together with other text analytics methods, such as sentiment analysis. Accord-
ing to Nassirtoussi et al. (2014), sentiment analysis, which is sometimes referred to as
opinion mining, is the predominant text analytics method to gather subjective insights from
textual data. Sentiment analysis can be defined as measuring the attitudes, emotions, and
opinions of people, or in a business context, classifying customer feedback of a service or
product (Amat-Lefort et al., 2022). Zong et al. (2022, p. 163-164) specify that sentiment
analysis can be divided into two distinct categories of methods, which are rules-based
methods and ML-based methods. The rules-based method conducts sentiment analysis on
varying levels of text granularity by utilizing a sentiment lexicon, which is essentially a
dictionary of words that have been labeled by sentiment. ML algorithms utilize supervised
learning methods that are trained on data that has been labeled positive or negative, such as
movie reviews. (Zong et al., 2022, p. 163-164; 170)

According to Zong et al. (2022, p.164) sentiment analysis tasks can be categorized between
task output, such as sentiment classification and granularity of analysis, which is dividing
the analysis into four levels: document, sentence, word, and aspect level. Shi (2022, p. 423)
and Liu (2012, p. 4) on the other hand only discuss three levels and do not mention the
existence of the word level. According to Zong et al. (2022, p. 164), the document level
aims to capture the sentiment of the whole document. For example, these documents can
be reviews of movies or books, which were the most common early research material of
sentiment analysis. While the document level often contains multiple different topics and

the sentiment might differ between them, the sentence level’s number of different topics is
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smaller, and the sentiment is more likely to be unique. A problem with the sentence level
sentiment is the need for manual annotation of the sentiment, while the document level
often includes it already, such as the rating in a survey. The word level sentiment analysis
aims to categorize the sentiment of words, essentially constructing a sentiment lexicon,
which can be done manually or in a more advanced manner automatically. Aspect level
sentiment analysis aims to identify the attributes within a text and their sentiment. (Zong et
al., 2022, p. 164-167) Shi (2022, p. 423) adds that an example of aspect level sentiment
analysis is when a customer leaves a review of a service and discusses multiple different
aspects, such as the employee, weather, and the atmosphere, and analyzing them separately
as these different aspects can have different sentiments.

Sentiment is often classified between positives and negatives, which is referred to as sen-
timent polarity classification. This type of classification aims to predict whether a text’s
sentiment is positive or negative. The classification should be done on data that is subjec-
tive and not predominantly objective, such as a person’s weight or the date of an event.
Neutral sentiment can be used as well to form the sentiment classification problem into
three levels (positive-neutral-negative), where the neutral sentiment is often comprised of
objective information. These are not the only classification methods, as ratings from one to
five stars can be used or a scale based on human psychological emotions, such as happy or
sad. (Zong et al., 2022, p.164-165) An important element of classification is determining
its accuracy. This can be done with a confusion matrix, where a text is labeled according to
sentiment polarity, such as positive or negative, with one being correct and the other incor-
rect. If a text is classified positive by both the sentiment analysis model and an expert, then
it is a true positive. On the other hand, if the text is classified positive by an expert, but
labeled negative by the model, then it is a false negative. These two options, in addition to
true negative and false positive, form the matrix (table 3). (Contreras et al., 2022)

Table 3. Confusion matrix. Based on Contreras et al. (2022)

Sentiment Predicted positive Predicted negative

Actual positive True positive False negative

Actual negative False positive True negative
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Liu (2012, p. 10) gives an example of sentiment analysis and its issues by using a review:
“I bought a Canon G12 camera six months ago. | simply love it. The picture quality is
amazing. The battery life is also long. However, my wife thinks it is too heavy for her.”
The first part of the sentence is objective information and is neutral, which is followed by
three positive sentences, and ending with a negative sentiment sentence. Classifying the
whole review with one sentiment can thus be difficult and often requires analysis at differ-
ent granularities. (Liu, 2012, p. 10)

3.3 Text analytics and customer experience development

Text analytics has the potential to considerably help in understanding customers better.
Companies collect valuable data constantly, such as reviews, complaints, and emails, to
improve their services, but this data needs to be processed to turn it into knowledge. (Al-
dunate et al., 2022) McColl-Kennedy et al. (2019) add that text analytics has the potential

to offer a better way to measure and manage customer experience.

Holmlund et al. (2020) state that suitable customer experience data can exist in many
forms. They segment these data types into two dimensions, which are structured to un-
structured, and solicited to unsolicited. Solicited customer experience data means data that
an organization has sought out the feedback actively, for example by sending a survey to a
customer. Unsolicited customer experience data is the opposite; a customer has initiated
the interaction, for example by calling a contact center, thus producing speech data. Struc-
tured customer experience data constitutes of data that is in a standardized format and nu-
meric customer satisfaction data is one example of this. Unstructured customer experience
data on the other hand is harder to analyze as it is not standardized, and textual customer
feedback is one example of this. Text analytics is mentioned as a way to help analyze so-
licited and unstructured customer data, as if it were done manually, it would require too
many resources. The most potential for CXM is mentioned to be in unsolicited and un-
structured customer data, but it is also the most difficult to use effectively. Using unsolicit-

ed data for improving services can also raise privacy concerns. (Holmlund et al., 2020)

McColl-Kennedy et al. (2019) argue that customer satisfaction should not be looked at
purely on quantitative data, but rather focus on qualitative data to capture the voice of the

customer. Quantitative measures can be misleading and customers giving high satisfaction
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scores can still actually focus their feedback on complaints. Thus, utilizing text analytics to

automatically capture these details is recommended. (McColl-Kennedy et al., 2019)

One method for capturing these details is sentiment analysis. However, according to Or-
denes et al. (2014), despite sentiment analysis being an important element of text analytics
for customer experience development, purely looking at sentiment of a feedback is less
valuable than the other information contained in it, such as topics. The problem is though
that customer feedback often has multiple different topics and sentiments within the same
feedback. For example, one part of the feedback can appreciate the employee’s friendli-
ness, the second part can complain about one aspect of the firm’s services, and the third
part can praise some other aspect of the firm’s services. Overall, feedback such as this can
be hard to label overall positive or negative, and it does not offer much value for customer
experience development. Hence, the focus should be on segmenting the feedback into sep-
arate topics and then conducting sentiment analysis on the topics, offering more value for

customer experience development decision-making. (Ordenes et al., 2014)

McColl-Kennedy et al. (2019) demonstrated that customer survey data with numeric ques-
tions and an open-ended question, which provides textual data, can be utilized by text ana-
lytics. They recommend analyzing customer feedback to understand the customer journey
better and to build a specialized vocabulary library from that feedback. This library should
be grouped to different topics, such as touchpoints, value creation elements, discrete emo-
tions and cognitive responses. These topics should then be linked to root causes, which are
the most common complaint topics gathered from the customer feedback. Using a general
database of words for text analytics is likely to be too general to capture specific details
that customers care about. (McColl-Kennedy et al., 2019)

Aldunate et al. (2022) used text analytics to analyze similar customer feedback data. Their
approach utilized deep learning (DL), which is an artificial intelligence method, for ex-
tracting knowledge from text data through text classification. More specifically, they uti-
lized DL to classify customer feedback to various categories of customer satisfaction driv-
ers, such as price, responsiveness, atmosphere, and ease of use. According to their study,
this method can help with decision-making through identifying the key drivers of customer
satisfaction in companies. (Aldunate et al., 2022)
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In addition to analyzing customer feedback from surveys, text analytics can also be used
on reviews, such as those from hotels (Gregoriades et al., 2021; Nguyen & Ho, 2023) or
restaurants (Vairetti et al., 2020). According to Gregoriades et al. (2021) reviews are the
most popular approach in the tourism sector, and that most research focuses on the numeric
rating score of the review instead of the textual feedback. Differences exist between re-
views and surveys as types of customer data, such as reviews being more spontaneous and

thus more objective (Gregoriades et al., 2021).

Mao et al. (2023) used topic modeling to identify customer experience themes along the
three stages of the customer journey, pre-usage, usage, and post-usage, in the context of
fitness clubs. Their finding was that topic modeling could successfully be used on custom-
er review data to identify the most crucial elements of each customer journey stage. For
example, topics with a high correlation to satisfaction and perceived value can be used to
identify triggers that may lead to customer loyalty or customer attrition during the post-
usage stage, such as renewal or cancelation of a membership. (Mao et al., 2023) McColl-
Kennedy et al. (2019) name six overall benefits for managing the customer journey from

text analytics:

Extract valuable insights

Identify underlying issues
Customer retention

Capture different kinds of feedback

Prevent decreasing sales

I L T o

Prioritization

First, it allows for obtaining valuable insights from customer feedback and taking the cus-
tomer’s perspective into account. More information about customer behavior can be gath-
ered by helping identify and analyze pain points of the customer journey. The second bene-
fit is root cause identification as text analytics can help in understanding the elements that
create customer value. Third, text analytics can help with customer retention, as it can help
identify customer segments that are at risk of leaving the loyalty loop. Gaining further in-
sight into the customer base and intervening before a customer leaves is important. The
fourth benefit is that text analytics helps with understanding the customers’ cognitive and
emotional feelings towards the company’s products or services. Segmenting cognitive re-

sponses into complains, compliments and suggestions is recommended. Another men-
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tioned benefit is the ability to help with sales as unhappy customers are not likely to buy
products. The sixth benefit from text analytics is that it can help with customer experience
development by helping with prioritization. Which areas of customer experience need
more attention than others and the actions and strategies to fix these issues can be devel-
oped with the help of text analytics. (McColl-Kennedy et al., 2019)

To maximize the effectiveness of text analytics on customer experience development, dif-
ferent kinds of frameworks can be utilized. Ordenes et al. (2014) propose a framework for
analyzing customer feedback that takes into account the most important aspects of value
cocreation: activities, resources and context. This is due to customer feedback being more
than just a customer’s opinion about the company or of the interaction’s result, but rather it
is a holistic evaluation of the whole process and takes into account the company’s re-
sources and activities, but also the customer’s context. Customer context is important to
take into account as it can be situational and personal, and outside of the company’s con-

trol, but it has a big impact on customer experience. (Ordenes et al., 2014)

Holmlund et al. (2020) mention that after an organization has conducted analysis on cus-
tomer experience data and turned these into insights, they can utilize them for actions such
as touchpoint journey monitoring, prioritization, adaptation, and design. The three first
mentioned touchpoint actions help an organization more incrementally in the short term,
while touchpoint journey design actions are more of a strategic decision for the long term,
and more likely to result in radical innovations. Touchpoint journey monitoring consists of
utilizing insights in order to effectively manage and create key performance indicators that
are tied to touchpoints. Another action that can be done is prioritize touchpoint develop-
ment according to customer experience insights, so that the whole customer journey does
not need to be modified. The third action is making modifications to touchpoints, which
can be done proactively from the insights. Touchpoint journey design is the action that has
the biggest effect on long term customer experience development. An example of this ac-
tion is the introduction of completely new touchpoints. (Holmlund et al., 2020)
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4 Research methodology

This chapter discusses the study’s foundation and research methodology in detail. The case
company is introduced and the reasons for conducting the thesis are explained. The process
for conducting the study is presented, followed by information on the collected material.

Lastly, the planning and execution of the interviews are detailed.

4.1 The study’s foundation

The company that the case is conducted on is a large Finnish insurance company, whose
customer experience and its improvement is studied. The organizations that the study fo-
cuses on are customer services and claims services. These two organizations handle a large
part of the company’s customer interactions; hence they are a significant factor of the

overall customer experience.

The topic of the study is important as the company is placing a significant emphasis on
enhancing customer experience and improving its omnichannel capabilities. Compared to
looking at channels such as online and in-person separately, omnichannel places the focus
on the customer and aims to integrate the channels into one smooth experience (Hickman
et al., 2019). The technological feasibility study had been conducted prior to this thesis,
and an aspect of this thesis was to conduct a business feasibility study on text analytics and
the two organizations. The formation of customer experience is a result of many processes
that are not measured from a customer experience standpoint, and text analytics is seen as a
method to help fix this problem. The company had a text analysis platform by a third party,
but it had been deemed insufficient for giving enough value to customer experience devel-
opment. This text analytics project’s purpose was to replace the old platform, revamp the
current customer feedback categorization process, and help enhance customer experience

development through increased customer understanding. This thesis’ case focuses on un-



47

derstanding the company’s CXM, building a text analytics solution, and offering a sugges-

tion how text analytics can be used to its full potential in the company.

4.2 Conducting the study

The study was conducted as a case study and the material was collected using qualitative
methods. According to Woodside (2017, p. 2) a case study is a research approach that fo-
cuses on the individual, whether it is a company, process or an industry. Empirical studies
can collect data either through quantitative or qualitative research methods. Qualitative
methods do not use statistical methods, but rather examine cases and interpret them
through techniques such as focus groups, observation and interviews. (Kuada, 2012, p.93-
95). Merriam and Tisdell (2016, p. 135) mention the same techniques, but also add mining
data from documents to qualitative methods. Quantitative methods on the other hand col-
lect numerical data through various techniques, such as surveys or content analysis and use

statistical techniques to investigate the results. (Walliman, 2022, p. 156).

The methods to collect material in this empirical study were interviews and focus group
sessions, which were primary data sources, but also secondary data from the company was
used as well. Persaud (2010, p. 1095-1097) says that the difference between primary and
secondary data is that primary data has been created directly for the research’s purposes,
while secondary data existed prior to the research and it was intended for a different pur-
pose, and/or it is used by someone who did not collect the original data. The secondary
data and focus groups are further described in the next chapter 4.3, and the planning and
implementation of the interviews in the chapter 4.4. The process of conducting the study is
shown in figure 12. The study began with a formation of the research problem, research

questions, and then a research plan on how to find answers to these.
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Figure 12. The parts of conducting the study

A literature review was started to help support the understanding of the project in terms of
customer experience and text analytics. The literature review was a continuous process
throughout the project. The project’s empirical part began with collection of secondary
data, such as Microsoft Excel files related to customer feedback categorization, process
charts, and information regarding customer journeys. The topic model was created follow-
ing a PDCA process of first planning in focus groups, building the topic model with topics
and keywords, validating its performance with both qualitative and quantitative approach-
es, making improvements to the model based on the validation, and then starting the loop
again. Interviews were conducted after the topic model was considered sufficient for the
business areas and its ability to capture a significant part of customer feedback was deemed
to be on a good level. Lastly, the theoretical and empirical material were analyzed to form
improvement suggestions to the case company, and to form concluding answers to the re-

search questions.

4.3 Secondary data and focus groups

In addition to interviews, the case study utilized secondary data and focus groups as
sources of information. The secondary data utilized in the study were information regard-
ing customer feedback in the case company, and files created by customer experience ex-
perts during the process of categorizing customer feedback. Merriam and Tisdell (2016, p.
181-182) mention that documents are often secondary data, but they can still be the best
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source of data regarding a subject and contain information that would take vast resources
to collect otherwise. Gaudet and Robert (2018, p. 26) state that focus groups are interview

situations where participants discuss with each other to explore a material comprehensive-

ly.

The secondary data for building the topic model were three Microsoft Excel formatted files
that contained customer feedback which had been segmented to positive and negative
feedback, as well as different topics. They were given from both of the organizations that
participated in the project, which were customer services and claims services, but also one
file was given, which had not been used by experts to categorize feedback for reporting,

but rather for the development of the company’s current text analysis platform.

Part of the process for building a topic model and a reporting platform was having focus
group meetings with different stakeholders. These meetings allowed the stakeholders to get
an understanding of what text analytics and a topic model are, what kind of problems it can
solve, and give feedback on what they wish to see in the model. They also provided the
stakeholders a view into the topic model’s and the project’s current progress and gave the
project managers information on what should be improved. In addition to gathering infor-
mation in the focus group meetings with a higher number of participants, two key stake-
holders, one each from the business areas the project focused on, were scheduled addition-
al focus group meetings to work on a so-called reporting level for a visual presentation of
the customer experience results from text analytics. The process for developing customer
experience through text analytics with the help of secondary data and focus groups sup-

ported the planning and conducting of the interviews.

The process for utilizing the preliminary files consisted of several parts, which started with
getting acquainted with the file’s information. After that the topics were gone through one
by one, along with the keywords. This process was done with an assumption that the ex-
perts have the best knowledge on customer feedback and thus know what kind of key

words a topic should have.

Both files had been formed based on a batch of approximately 1000 textual feedbacks,
which had been manually labeled into topics and sentiment. Some feedback had received
both negative and positive topics, which reflects the nature of customer feedback where

one aspect of the service can be criticized while another aspect can receive praise.
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However, the difference in the material from the two business areas was in how the feed-
back had been categorized. Claims services’ topic categorization was broader, with 41 top-
ics for positive feedback and 39 for negative feedback, totaling 72 unique topics as some
could be both positive and negative. Customer services’ file though was not as detailed
with the file having three positive topics and nine negative topics. Their topics were also
on much higher level, with each feedback only given at a maximum one positive and one
negative category, while claims services had chosen a different approach in giving each
feedback potentially up to five topics. In addition to this, claims services had done some

preliminary work on some of the topics and had suggested keywords for them.

Both of these files helped form an understanding of what customers discuss in feedbacks
and what kind of topics should be made. Essentially, since only one of the files contained
some keywords, and the two others only contained topics, it was required to go through
customer feedback manually to gather more keywords for the defined topics, as well as

form additional topics to suit the model.

4.4 Planning and conducting the interviews

Merriam and Tisdell (2016, p. 109) state that interviews can be categorized in multiple
ways, such as by structure to highly structured, semi structured, and unstructured. The
questions and their order have been determined in advance with highly structured inter-
views, which can be said to resemble surveys. Semi structured interviews on the other hand
are a mix of more or less structured interview questions, which can be adapted during the
interview depending on the situation. Unstructured interviews are exploratory with no pre-
planned questions. (Merriam & Tisdell, 2016, p. 109-111).

In this study the interviews were done in a semi-structured manner. The interviews con-
tained questions that had been planned beforehand, but additional, clarifying questions
could be asked as well. The interviewees did not know the questions beforehand, but they
had been told the subject of discussion, which were customer experience and its develop-

ment with text analytics.
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The interviews were held in Microsoft Teams and they were recorded in order to let the
interviewer focus on the interview instead of making notes and to provide the most accu-
rate form of information gathering. The interviews were scheduled for a maximum of one
hour and the actual duration of the interviews ranged from 30 to 60 minutes, depending on
how extensive the answers to the questions were and how much additional discussion
arose. The interviews were later transcribed using an open source text analytics software

specifically designed for text-to-speech.

The experts were chosen based on their knowledge of the company’s customer experience,
its challenges, and their vision for its development. They were also chosen based on each
of the experts working in different areas of the company. The person first interviewed acts
as a customer experience manager with a view to the whole company’s customer experi-
ence and shall be referred to as expert 1. The second person interviewed oversees customer
experience processes and shall be referred to as expert 2. The third interviewed person is
responsible for the claims services’ customer experience and shall be referred to as expert
3. The interviews provided additional information regarding CXM in the company from a
broader level than what had been focused on previously, as the project had focused on
more of the operational side. The experts were asked to speak on their own view of things
regarding customer experience, its development, text analytics, data, and what kind of

challenges currently exist and what should be done to fix them.
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5 Case study — improving customer experience management ca-

pabilities with text analytics

The goal of the thesis is to find out how text analytics can help the case company in the
measurement and improvement of customer experience. The empirical part consists of
three parts: research on the current state of customer experience development in the com-
pany, presenting the creation process of the topic model, and introducing how the topic

model can be used to increase customer understanding with a business intelligence tool.

Analysis on the current state of customer experience development was done by interview-
ing three customer experience experts on their opinions of customer experience, its devel-
opment, data, and the challenges associated with these. The construction of the topic model
was crucial to be able to provide the case company with a method to evaluate customer
experience through text analytics. The building process was iterative and thus it is divided
into four parts along the PDCA cycle of plan, do, check, and act. An interactive Power Bl
report was made to provide the case company with a tool to utilize text analytics. In addi-
tion to providing increased customer understanding, the report’s purpose was to replace the
old process of manually categorizing customer feedback, which will be presented in chap-
ter 5.1.1.

5.1 Current state of customer experience and its development in the company

This chapter focuses on forming an understanding of the current state of CXM in the case
company. The understanding is formed through exploring secondary data, the discussions
that occurred in the focus groups, and by analyzing the interviews with customer experi-
ence managers. These can be divided into three tiers based on the level of analysis; the
manager interviews focus on the bigger picture, while the focus groups concentrated on the
operational side. The most specific level focuses on customer experience data in the case

company.
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5.1.1 Customer feedback’s role

The case company collects customer feedback in many ways, such as after interactions and
on a relationship level. Some feedback is also left spontaneously, which is given by the
customer during an interaction, which then needs to be noted into a separate system by the
employee, or it can be left in a written form through digital channels. The most important
method the company has for collecting customer experience data, is by sending surveys to
customers after interactions. These surveys have several fields that customers can fill, such
as the effort required to interact with the company on a scale from one to seven (CES),
how much the customer would recommend the company on a scale of zero to ten, and an
open feedback field. Despite the possibility of customers having multiple interactions with-
in a short period of time, they will not receive multiple surveys to avoid disturbing the cus-
tomer. A feature of the current system is that the customer survey data’s attributes are

based on interpretation and manual input from customer service agents.

An open feedback field is considered necessary as only looking at numerical feedback does
not give information on what part of the customer journey went well or badly. A customer
can find one part of the process excellent, but some other part of the process terrible, which
is not always reflected in the numerical review given after an interaction. Therefore, to
effectively use customer feedback to improve customer experience, textual feedback needs
to be collected as well and analyzed to its full potential. Textual feedback is currently used
to improve the services of the case company, but the problem has been that the amount of
data causes the analysis and categorization to require a lot of manual work. Most of this
work was done by only a few individuals overseeing customer experience on a higher lev-
el, and took a lot of their resources, but duplicate work occurred as well since different
business areas wanted to analyze and categorize their own feedbacks. The number of re-
sources used for this process was significant, but so was the risk, as the whole process re-

lied on just a few individuals.
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Figure 13. Current process for tracking customer feedback topics

Customer experience development cannot be done effectively without understanding what
customers’ opinions on the company’s services are. Part of this process is tracking the
numbers of different topics, both positive and negative, to understand customer experience
better. The collected data is feedback from the respective business areas of the experts,
from a specific time period. In addition to textual feedback, it also includes the customer’s
recommendation rating, CES, and information on what part of the company’s service offer-

ing the interaction was in.

In figure 13, a simplified version of the process is showcased. The first part is gathering the
feedback data from a data source and initiating the review of the feedback. After the data
has been collected, it is opened in Microsoft Excel for reading through each feedback. The
feedback categorization is a process that includes multiple steps as each feedback can be
considered either positive or negative, and to belong under one or more topics. The process
required a significant amount of resources, after which it was possible to analyze the topics
to gain an understanding of what exactly customers are collectively discussing in the sur-
veys. This process facilitated the evaluation of topic amounts over time, enabling the crea-

tion of a report to visually represent the results.
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5.1.2 Customer experience formation and data’s role

The experts were interviewed to gather their insights on customer experience, its for-
mation, and the role of data. Each of the experts mention that customer experience is a
broad concept that consists of multiple aspects and highlight the importance of customer
journey touchpoints. Expert 2 mentions the fact that touchpoints can be in multiple chan-
nels and expert 3 that the touchpoints can be handled by partner companies as well, so eve-
rything is not under their direct control. In addition to this, customer experience is seen to
be formed either directly or indirectly. Not all touchpoints involve direct contact with the
company, such as calling customer service or visiting a website. Some touchpoints occur
indirectly, such as through advertisements or word of mouth. While the experts note that
these indirect touchpoints may not be the most critical elements in forming customer expe-

rience, they are still considered important.

When asked on customer experience’s formation specifically in the target company and
whether it differs from others, expert 3 sees that customer experience is not very firm spe-
cific, since customer experience is always formed in the customer’s context. On the other
hand, expert 2 sees that especially the insurance industry’s customer experience differs
from others in the sense that the most crucial customer experience, claims services, is
formed with a delay. In the insurance business, customer satisfaction is highly dependent
on the touchpoint of claims services, which is when damages have occurred, and insurance
is needed. The expert compares this to the purchase of a bicycle; one’s customer experi-
ence forms quickly after trying out the bicycle, but the insurance business is based on trust
in the insurance company. The expert continues that the customer relies on what they have

been told whether it is online or from an insurance salesman.

Regarding data’s impact on customer experience development, all the experts consider it
crucial. The most valuable data to improve customer experience is seen to be customer
feedback, but the forms of customer feedback differ. Expert 1 sees the feedback data that is
not yet collected as the most valuable one. One of the data sources she mentions is speech
recognition, which is a way of gathering vast amounts of feedback. The expert mentions
that it is currently not utilized, and customers leave tons of feedback on the phone, but it is
not written down systematically to improve services. Another data source that is men-

tioned, is customer relationship level feedback. Only customers that interact with the com-
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pany are asked for their feedback, leaving the customer experience of those customers that

merely pay their insurance bills unknown.

Experts 2 and 3 comment that customer feedback from surveys that are sent after customer
interactions are the most important source of data for customer experience development.
Both experts mention that combining customer feedback and the customer journey would
be the most valuable source of data for customer experience development. Expert 2 men-
tions that being able to look at different processes along the customer journey and deter-
mining what the process’ feedback contains, but also what works and what does not would
grant immense amounts of customer understanding to the company. Expert 3 mentions the
exact same thing and adds that customer feedback without context and the customer’s situ-
ation can be hard to analyze. In addition to being hard to analyze, she mentions that it can
lead to false conclusions.

Regarding data and customer experience, expert 3 mentions that the technical capabilities
of the company’s systems limit many things. It can be impossible to directly link infor-
mation between different data sources, thus requiring non-optimal solutions to be built. A
more modern system could allow more data sources to be used for customer experience
development. Expert 1 mentions the limitations of the company’s systems as well but urges
to develop customer experience around the current systems’ limitations instead of waiting

for system updates.

The experts stressed the complexity of customer experience, and based on the experts’
comments, customer expectations can be said to be a particularly important element of
customer experience in the insurance business. All of the experts recognized the crucial
impact of data, particularly customer feedback. More information on customer journeys

was seen as important.

5.1.3 Customer experience development

Regarding customer experience development and its most important aspects, each of the
experts highlight the importance of focusing on the customer, their context and opinion to
gain insights for development. Expert 3 highlights the holistic aspect of customer experi-



S7

ence development, the fact that it involves the whole company, such as the development of
its systems, processes, and expertise of the employees. The level of customer-centricity in
the company reflects into processes and the customer journey. She adds that customer ex-
perience development is not only about optimization and that it of course involves looking
at individual touchpoints, but what happens behind those touchpoints reflects into the actu-
al encounter and customer journey, which is why customer experience development should

be done throughout the whole company.

Expert 1 argues that the most important aspect of customer experience development is un-
derstanding the customer and listening to their feedback. She adds that in order to do this
properly, the management needs to be on board as well. If something is seen as a problem
at the operational level, it is important for the management to take a customer-centric
stance and prioritize fixing issues that customers are facing. Management is the one plan-
ning the resources, ways of operating and prioritizing, therefore their support in developing
customer experience is crucial. Another aspect mentioned by expert 3, is that CXM should
not be done short-sighted, based on panic when something unexpected happens, but rather
by looking at the long-term perspective through data-based prioritization.

Expert 2 emphasizes that two crucial aspects of customer experience development include
ensuring the customer understands the product, and that the company understands the cus-
tomer. Insurances can be complicated, thus making the customer understand the compa-
ny’s offering and what the insurance covers can help in improving customer experience.
She adds that the company also needs to understand that different customers have different

needs and personalization is required.

To understand customer experience development in the company better, the experts were
asked to give their opinions on the biggest challenges the company is facing in the devel-
opment of customer experience. Two of the experts share the same view that customer-
centric thinking has not received enough attention. They both argue that customer experi-
ence is such a vital part of the company’s business that it deserves a greater representation
in the strategy, and its development should be its own entity rather than a byproduct of
improving products and services. Expert 3 does not directly mention these issues, but ra-
ther focuses on system capabilities and insufficient data. She notes that real time infor-
mation on customer journeys is missing; being able to track the customer across the whole

customer journey, and having more information from touchpoints would help in providing
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a better customer experience. She also comments on the need for swift information on the
two previous elements, and on how long these steps along the customer journey have tak-
en, instead of having to search for all this information manually. Another issue mentioned
by expert 3 is that it is not always possible to execute customer experience development
tasks due to technical debt. According to her, some other development tasks might be con-
sidered more important or it is not technologically possible to implement fixes to the issues

customers are facing.

To determine whether text analytics could provide help in prioritizing customer experience
development tasks, the experts were asked to comment on prioritization and how it should
be done. The experts mention that prioritization should happen based on customer feed-
back, but each of them mention other factors as well. Expert 1 highlights that the factors
that affect customer experience measures the most should be prioritized. In order to do this,
she suggests a method where different development tasks’ effect on customer experience
would be measured and if they were fixed, how big of an effect it would have on customer
experience. The reason she gives for this is that in order for management to prioritize cer-
tain development tasks, they prefer knowing its effect on customer experience, customer
retention, and costs. The development tasks’ benefits need to outweigh the costs. Expert 2
hopes for a more end-to-end approach to looking at the customer journey, and that despite
the channel or insurance business area, things would be prioritized from a customer’s point
of view. She mentions the value stream; what are the things that are waste and what are the
things bringing value. According to her, customer feedback should provide information to
the value stream, therefore acting as a way to prioritize development efforts. Expert 3 ar-
gues that prioritization should happen based on the issue’s significance on the customer’s
ability to return to normal, everyday life, after an accident. Also, the more customers an
issue affects, the more its fixing should be prioritized. She adds that customer experience
development is not always about choosing certain issues to fix, but rather bringing the per-
spective of customer experience onto different development projects alongside costs and

efficiency.

The experts were asked to talk about the company’s capabilities on measuring customer
experience along the customer journey, to find out what kind of role text analytics could
have in it. Interestingly, all of the experts agree that this is an area that the company is
lacking capabilities on. Expert 1 says that currently this is done manually , and not to its
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full potential. She suggests that perhaps AB-testing could help in providing information on
this. Expert 3 discusses the same problem of having to manually analyze individual touch-
points along the customer journey and hopes for a report, which would show this infor-
mation automatically. She adds that measuring customer experience is currently done in all
touchpoints, but it has not been thought through a customer journey lens, which makes

analysis difficult.

The experts highlighted the importance of customer understanding and customer-centricity,
but also several challenges related to these. The experts hope customer feedback could be
utilized better in prioritizing development efforts. A need for better monitoring of the cus-
tomer journey was seen as important, which is an area where text analytics holds the poten-

tial to offer value.

5.2 Creation of a topic model for customer experience development

Before the project for building a topic model started, a technical feasibility study had been
done and it had determined that a possibility existed for utilizing text analytics on the com-
pany’s customer feedback data. The company’s business side had a problem; the company
is collecting a lot of customer feedback, but the textual part of the feedback is handled
manually, which requires a lot of resources, and makes analysis on large amounts of data
difficult. As could be seen in figure 13, customer experience experts gather customer feed-
back to Microsoft Excel and categorize the feedback into topics based on their own judge-

ment.

This part of thesis was done iteratively as a case study; thus, its sub-chapters have been
divided according to the PDCA cycle. The topic model in this empirical section is built on
a dictionary-based, manual approach and as such does not focus on methods to modify or
create a topic model through ML. The sentiment analysis used in the project is presented as
well, and it is used together with topic modeling to form the text analytics capabilities for

the case company.
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5.2.1 Plan — steering the topic model in the right direction

The first steps of the planning phase were determining the goals and forming a plan for the
project. The project contained multiple goals, with the main goal being a deeper customer
understanding, which can then be used to improve the company’s services. Multiple small-
er goals were set to achieve the main goal. Two smaller steps were to gain access to the
data for the customer surveys’ open feedback and gathering the material on topic categori-
zation by different organizations within the company. These steps formed the basis for
building text analytics capabilities in the project. The next step was to start iteratively
building the topic model by forming topics, adding keywords, validating its performance
and making corrections. After this would be done, the plan was to create a method for
stakeholders in the company to utilize text analytics to gather customer understanding and

improve customer experience.

There are many ways of gathering customer understanding, such as various kinds of sur-
veys, email, chat, and speech. Each of these are different in some ways; surveys are the
easiest as they are structured to contain fields for numeric feedback, and a specific question
to the customer to explain the reasoning for the feedback. Emails and chat are not as struc-
tured, and are not necessarily feedback regarding the company’s services, but rather cus-
tomers communicating their problems. The most natural way humans communicate, is
through speech. The problem with speech, and to an extent, emails, and chat, is that they
contain unstructured data, which is not as easy to turn into analyzable information in a
technical sense. Thus, surveys that are sent after a customer interaction with the company,

were chosen as the textual data source for the project.

Based on the available data and material, a dictionary-based approach to building a topic
model was chosen, as it is easy to control, modify and understand for all parties involved
compared to more methods utilizing algorithms. It does not make illogical mistakes, and if
some keywords are not suitable, they can be changed with ease. To build such a topic
model, appropriate topics and keywords are required. Therefore, stakeholders working in
CXM were asked for material on topics occurring in insurance customer feedback. The
plan was to use these materials as a basis for building a more comprehensive topic model
for the whole insurance organization. As part of the plan, regular meetings with stakehold-

ers were scheduled to review the progress of the topic model's development. These meet-
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ings were set one month apart to allow time for the advancement of the model. A total of
four meetings were held with approximately ten stakeholders from different areas of the

insurance organization, once a month from March to June 2023.

The first focus group session was held in March and the plan for the session was to intro-
duce the background of the project, show the first version of the topic model and statistics
on its performance in labeling textual data. This was done to familiarize the stakeholders
with the process and to show the work that had been put into the project so far. Another
goal of the focus group session was to gather feedback on how the topic model could be
improved and discuss the next steps of the project. The discussion part of the session re-
volved around higher level category groupings of topics and whether specific categories
should be regarded both as a factual category and an emotional category. As the time was
limited, it was decided to give two customer experience experts a task to go through the
topic model and modify it as they see fit. This was due to them having good knowledge on
business matters, which is required to form valuable topics and apply suitable keywords to

them.

The second focus group session was held in April and this session’s plan was to discuss the
validation performed by the business experts as well as show the current topic model’s
results. The results discussed in the session included topic count distribution per text as
well as topic count distribution over the whole dataset. The ratings of different topics were

presented as well, and the validation results of five topics related to the phone channel.

The third focus group session was held in May and this session focused on presenting the
results of the manual topic validation performed on the whole topic model after the last
session. The meeting also consisted of presenting the sentiment model of the text analytics
project and its performance on labeling customer feedback positive or negative. In addition
to these, the session discussed integrating text analytics into customer journeys, and find-

ing a way to group topics into larger categories to help with reporting.

A significant outcome of this focus group session was the discussion leading onto incorpo-
rating other business areas’ topics into the topic model. Many issues that cause customers
to contact customer services or claims services are due to problems in self-service channels
such as the digital channel. It was suggested that their point of view should be considered

as well since their role keeps growing due to customers being pushed into using digital
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channels. Another point that arose was the need for discussing the text analytics project
with customer service operations managers as they have firsthand knowledge on what kind

of issues currently exist in developing customer experience.

Both of these focus group sessions were planned in advance to contain a presentation of
the project, and after that discussion on how text analytics could provide help in develop-
ing customer experience in the respective business area. For this discussion, multiple ques-

tions were planned beforehand to seek out information regarding:
e The biggest issues in customer experience the managers are facing
e What is the most common customer complaint in their view
e How is customer experience data currently used to improve services

The customer service operations managers highlighted that the biggest customer experi-
ence problem they are facing is that there is not enough data based knowledge on the cus-
tomer’s motive for calling. Knowing whether a call has been made to purchase something
or to resolve an issue would be an important information. One of the biggest customer

complaints according to the managers was that customers are not called back. **

The final focus group session was held in June. As with the previous sessions, this focused
on presenting what had been done on the project during the previous month as well as dis-
cussing what should be done next. In this case, the previous month had focused on building
a reporting level for the two organizations, customer services and claims services, but also
making the necessary preparations to start building a Power Bl report, which utilizes text
analytics. The reporting level was formed by grouping topics into relevant groups for re-
porting, such as channels, claims service process or insurance products. The Power BI re-
port prepared for this session was a minimum viable product, with the intention of gather-

ing feedback from the stakeholders on what they would like to see in a Power BI report.

5.2.2 Do — creating the topic model

The creation of the topic model was an iterative process that consisted of multiple phases,

such as: planning and gathering business understanding, creating the topic model, validat-
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ing, and making actions based on the previous steps. This sub-chapter focuses on the crea-
tion process of the topic model by forming categories, topics, and keywords. In a hierar-
chical tree structure, the categories would be at the top, followed by topics, and then key-
words. Based on experience of NLP and through iterative learning, several guidelines were
followed in the formation of each of these parts, and overall, the topic model. In forming

the categories, two guidelines were followed:
1. Topics can be grouped into categories to help with various aspects.
2. Form the categories based on business expertise and their needs

Various topics share a common theme; thus, they can be logically grouped together. This
project opted for forming topics first and then categorizing them into larger categories.
This is not the only suitable way, and particularly if the business experts have a clear view
of the categories that they want to inspect, the categories can be formed first and the topics
after. These categories were specifically designed to facilitate reporting, based on the pref-

erences of end-users. Grouping topics has several benefits in building a topic model:

1. Higher-level understanding of the model. A topic model can contain vast numbers
of topics, which can result in difficulty interpreting the model.

2. Finding key themes. In this project, grouping condensed the number of themes by

90 %, which helped in finding the main themes from customer feedback.

3. Simpler visualization. Visualizing hundreds of topics is difficult unless they are

grouped under a smaller number of categories.

4. Integration into the customer journey. Larger groups of topics can be mapped into

different stages to represent parts of the customer journey.

Categories consist of topics, which the project placed a lot of emphasis on to be valuable
and high-quality. Compared to a human categorizing feedback, a topic model has no prob-
lem classifying possibly hundreds of different topics, which can then be evaluated. It was
noted that a human expert could handle up to 72 different topics depending on the use case,
whereas a topic model technically has no limit. Another benefit is that a keyword-based
topic model will always categorize the text in the same manner, whereas a human will use
its own judgement, which can result in unwanted variance. In order to have a functional

topic model, several guidelines were followed:
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1. A topic should rather be too specific than too vague. A vague topic does not offer

as much value.

2. A topic should be understandable. A too complex topic results in more questions

than answers.
3. Splitting large topics is encouraged.

4. A topic should be relevant to business. A topic for non-relevant things clutters the

model’s quality.

5. Different use cases can, and depending on the circumstance, should, have different

versions of topics with different keywords.

These guidelines enabled building an effective topic model for this project’s use case. Cre-
ating specific topics allows for analysis on specific issues. Having very vague topics can
provide value, but a topic model’s benefit is that it allows for the categorization of more
specific topics with no variance. Therefore, it is recommended to leverage this feature, and
if needed, the specific topics can be grouped together later. A topic should not be too large.
This means that a single topic should not cover a large part of feedback, and if it does, it
should be split into more specific parts. Despite the possibility of forming topics for many
different things, the topic model should not contain unnecessary topics. Unnecessary topics
are those, for which there is no business use, and their issue is the fact that they can make it

more complex to analyze the model’s results and thus reduce the provided value.
In forming keywords, several guidelines were followed:
1. A keyword should not exist twice in the topic model under different topics.
2. Adding as many forms of a keyword as possible is encouraged.
3. A topic should not have both positive and negative keywords.
4. Validate unclear keywords before adding them to the model.

5. A topic contains keywords which do not have to mean the same thing, but they

should have the same outcome.

Adding the same keyword to multiple topics was deemed unnecessary and to be defeating

of a topic’s purpose. It could also lead to confusion regarding which topic a keyword is
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more representative of and therefore reduce the topic model’s effectiveness. In order to
increase the coverage of the topic model, which means the percentage of textual data that
was labeled by the topic model, as many different variations of a keyword as possible
should be added to the topic. As the topic model was built in Finnish, each word can have
many locative forms, therefore they were added as well. Common slang words were added
as well since customer feedback is not always formal text. A topic’s keywords should be
similar to each other in their meaning; thus, a topic should not include words with both a
positive and negative connotation. In such case, the topic along with the keywords should
be split. Lastly, a topic does not necessarily have to include words that are synonymous
with each other. This would inflate the number of topics, and as discussed earlier, each
topic should have a need for it. Instead, all the keywords in a topic should result in the

same outcome.

Despite validation being part of the overall PDCA process of building the topic model,
many keywords were briefly validated before adding them to the model. This was done
particularly in instances where it was unclear what kind of circumstances a keyword was
used in customer feedbacks. This brief validation was done by conducting a search for the

keyword from customer feedback and briefly analyzing what kind of use it got.

An example of this can be a topic such as “technical problem”; a customer can have many
different technical problems, which are not necessarily the same type of problem, but they
all result in the customer having an issue, which affects customer experience. Depending
on the use case, such a topic could be great for evaluating the number of technical prob-
lems, or if an end-user was interested in the number of certain types of technical problems,
then the topic and its keywords could be split accordingly. In addition to having guidelines
on categories, topics and keywords, guidelines concerning the entire topic model existed as

well:
1. The topic model can be split into factual and emotional topics.
2. Gather feedback and suggestions from the end-users and business side experts.

Splitting the topic model into topics which represent factual things and those which repre-
sent emotions can help understand the topic model better, but also help with its formation

and analysis. A crucial part of building the topic model is involving end-users and business



66

experts into its creation as their expertise enables a successful end product that actually has

business value.

Additionally, different topic models can be built for different uses cases or different ver-
sions of the same topics can be included in the same topic model. A topic model should not
be too generic as the value it offers diminishes. In the case of multiple use cases, each of
them can have their own versions of a topic to not result in the topic trying to serve every-

body and ultimately serve nobody.

5.2.3 Check phase — validating the topic model

This section focuses on validating the topic model through gquantitative methods. The da-
taset used on the first round of PDCA comprised tens of thousands of customer feedbacks,
and the topic model had 131 topics, of which 88 could be considered subject topics and 43
emotion topics. Figure 14 shows the topic coverage by showing what was the count of top-
ics per text. One feedback can have multiple topics, however, most feedback do not have a
topic. The topic coverage was 45 %, but as this was the first version of the topic model, the
result was not unexpected. After this, the most common number was two topics, followed

by one and three. Having more topics than this was rare.

Figure 14. Topic count per text
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Figure 15 displays how five topics significantly outnumber others, but still the topic with
the highest number of mentions covers only 15 % of feedback. Another thing to note is that
of the six topics with the most mentions, five were emotion-related topics and only one of

them was a subject topic.
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Figure 15. The count of topic mentions

Figure 16 below shows the average recommendation score given by customers for each
topic. The encouraging part of this picture is that the topics which are meant to represent
positive things, such as great or quick service, have a high average recommendation score
and those which are meant to represent poor service, have a low average recommendation

score. This means that the model’s topics are working as intended.

Figure 16. Average recommendation score for a group of topics
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Before any changes were made to the topic model, the results of the model’s performance
were run for a specific use case, the phone channel. This dataset contained fewer than
10000 textual feedbacks and all of them were left by customers that had been in contact

with the company’s customer service or claims service via phone.



68

2500

2000

ml‘ | |
I i =
0 1 2 3 4 5 6 7 8

Figure 17. Topic count per text, phone channel.

Figure 17 indicates that the topic model worked much better on this smaller dataset. The
most common number of topics for feedback were two and three, and differing from the

other dataset, most topics were labeled, with the coverage percentage reaching 94 %.
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Figure 18. Phone channel’s topic validation results.

Figure 18 displays the validation percentages for a selected set of most important phone
channel related topics. The validation was done manually by running the model through
the customer feedback and checking what kind of feedback had been labeled. Each topic
was validated through at least 50 customer feedbacks and analyzing whether the customer
was indeed talking about the topic or whether the topic included a keyword that resulted in
false labeling. As can be seen, most of the topics have good validation scores, but one topic
had a validation score of 26 %. This was due to two keywords ruining the score, which was

relatively easy to fix.

A positive note overall about the first version of the topic model was that no topic’s cover-

age of the feedback exceeded 15 %, since if a topic were to be mentioned in nearly every
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feedback, most of the time the topic is redundant. However, an exception to this could be
an instance where the absence of a topic in the data is cause for concern, such as a standard

procedure during an interaction being neglected.

During the second round of PDCA, changes were made to the model based on the first
round of results. The dataset that was used to check the results of this round was much big-
ger than for the previous round, with over 100000 customer feedbacks used. The data used
for this was the same type as previously, but from a longer timeframe, to not skew the re-
sults. This was the second version of the topic model and the total number of topics had
only increased by two due to the unnecessary topics getting removed after the first round
and the validation mainly focusing on improving the coverage with the addition of key-

words instead of many new topics.
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Figure 19. Distribution of most common topics of the second round of PDCA.

The top topics were different on this round, and the topic with the most mentions was la-
beled in 23 % of the feedbacks (figure 19). The positive note regarding this round of re-
sults was that the coverage had increased to 92 %, which meant that most of the feedbacks
had been labeled by the topic model at least once (figure 20). This was a significant im-
provement over the previous round’s result of 45 %. Since the coverage had reached a sat-
isfactory level, it was time to validate the whole topic model, as had previously been done

to a selected set of phone channel topics.
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Figure 20. Count of topics per text in the second round.

The third round of PDCA’s check phase focused on validating all the topics and finding
out how well the sentiment model worked. The topic model at this stage contained approx-
imately 150 topics, each with a varying number of keywords. The model was run through a
dataset that contained over 100 000 customer feedbacks with a program that marked “1” if
the feedback contained the topic and “0” if it did not. A minimum of 20 and a maximum of
60 feedbacks were selected for further analysis per topic. If a topic did not have 20 feed-
backs, it was marked as a small topic for coverage improvement purposes, and validated
with as many feedbacks as it did have. The validation was done similarly to the previously
selected set for the phone channel, but the number of feedbacks chosen for validation was
reduced to 20. This was because the number of topics was much higher and thus the work-

load per topic needed to be smaller due to limited resources.

Each topic was examined with a goal of finding out whether the feedback matches the top-
ic or not. In essence, each feedback will contain the topic’s keywords, but the goal is to
determine whether these keywords should be in the topic or not. Some words can have
multiple meanings, which can cause a topic to contain feedback that has nothing to do with
the intended purpose of the topic. One example of a blunder, which resulted in a terrible
validation score, was having the word “I want” as a keyword for the topic “Customer con-
tact request”. The word is simply too common in many other contexts to just be limited to

this topic, thus it was removed.

As seen in table 4, the majority of topics were ranked with a high accuracy score, defined

as at least 4 out of 5 feedbacks being labeled correctly. Topics with a poor validation score,
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indicating that more than half were inaccurately labeled, were very rare. On the other hand,
topics that fared adequately and had an accuracy of 50 to 80 % were infrequent and consti-
tuted 18 % of the data. Out of the 128 topics, only twelve’s coverage was too small to get a
sample size of 20 feedbacks. These topics were noted and later their coverage was im-
proved by increasing their number of keywords. The only common theme between the top-
ics in the poor and medium categories were the fact that nearly every one of them were

subject topics instead of emotion topics.

Table 4. Validation scores.

Accuracy Number of topics Percentage
Good, >80 % 100 78 %
Medium 50-80 % 23 18 %

Poor <50 % 5 4%

Total 128 100 %

The third round of the check phase was the last time the topic model was validated for the
claims service’s and customer service’s use case. After this round of results, the project
focused on fixing the topics that were considered bad, and forming suitable categories for

reporting, as well as building a reporting platform on Power BI.

5.2.4 Act phase — making corrections to the topic model

Once each topic had been validated, the next step was modifying the topic model. In a case
where a keyword was identified to be too common and cause a topic to include unrelated

feedback, three options to deal with the problem were identified, either:
e The keyword needs to be removed
e |t needs to be modified to be more specific
e It should be changed to its own topic

Depending on the context, each of these options were used to improve the topic model. A

note made during the validation process was that some topics could not be found in the
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dataset, or they were found under 20 times, which was considered the lower limit for suc-
cessful validation. This meant that more keywords needed to be added into the topic, which
could be done by adding more synonyms, grammatical cases or finding more ways that

customers are discussing a specific topic.

After the first meeting, the customer experience developers were given a version of the
topic model to go through more thoroughly and make their own modifications and add
comments to the model before the next meeting. Essentially, the experts were asked to
check and evaluate the first version of the topic model, but not deep dive into validating it,
as it would have required unavailable resources. This was part of the first act phase of the
PDCA cycle.

The first check phase resulted in the need for multiple modifications to the topic model,
such as that the coverage percentage needed to be increased. In the first round, more than
half of the text data did not have a topic. As this was the first version, the solution to this
was to increase the number of topics and keywords. Second, it was noted that some of the
topics were either not valuable to business or too complex. For example, topics such as
“service” and “‘superlative” were very common, with “Service” containing different varia-
tions of the keyword “service” and “superlative” containing keywords which are used in
text to emphasize a word’s meaning, such as “very”, “extremely” and “always”. Yet, a
customer mentioning these topics was deemed to not offer any additional value, and in the
case of “superlative” it was also deemed too complex by the stakeholders, which resulted

in the topics being removed from the model.

After the check phase of the second round of PDCA, it was noted that some topics that had
been created to increase the coverage of the topic model, did not suit the use case. The two
topics with the most mentions were scrapped after discussion that they bring no additional
value. Furthermore, as many more keywords had been added after the first round, it was
noticed during the validation process that fixes needed to be made. These fixes were par-
ticularly done to those topics with a poor or medium accuracy score. Certain topics were
combined to get rid of synonymous topics and some topics were renamed to better reflect
their current keywords. Despite the overall number of topics not rising much, new topics

that business stakeholders saw fit were created, while unnecessary ones were removed.



73

The third round of PDCA’s act phase focused on fixing issues noticed during validation
and incorporating topics that had been suggested in the monthly focus group meeting. As
could be seen in table 4, 22 % of the topic model’s topics had room for improvement, and
some topics had too few keywords to be found even once from the test dataset. Thus, these
topics were focused on for improvements, such as changing the keywords that had been the
cause for the topic’s inferior performance and adding new ones to increase coverage. In-
corporating topics from the digital channel was done in a focus group, in order to gather
information on relevant topics for the channel. As a result, 15 new topics were added to the
topic model. This not only allowed another part of the company to enhance their customer
insights through text analytics but also improved the evaluation capabilities of the compa-

ny's omnichannel customer experience.

5.2.5 Sentiment analysis

A core element of text analytics is sentiment analysis, which was used to complement topic
modeling in this project. A customer's positive recommendation rating does not ensure that
the sentiment in the textual feedback is also positive, and it is worth noting that a feedback
can contain both negative and positive aspects. Therefore, to assess the effectiveness of the
sentiment model, its performance was evaluated against manually labeled data. As is de-
picted in table 5, the model predicted correctly 96,6 % of the time. Instances where the
model predicted a negative sentiment, when the actual sentiment was positive were rare,

occurring in only 3,1 % of cases, and very few false positives were detected.

Table 5. Confusion matrix of the sentiment model.

Sentiment Predicted positive Predicted negative

Actual positive

Actual negative
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To assess the sentiment model’s proficiency in predicting customer ratings, correlations
between them were calculated. As can be seen from figure 21, the correlation coefficient
(r? value) between sentiment analysis and the recommendation rating given by customers is
very high, 0,91, which indicates a very strong correlation. Therefore, sentiment analysis
can be used to successfully predict customer ratings, even for feedback that has no rating

present.
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Figure 21. Performance of the sentiment model in predicting recommendation rating.

5.3 Building evaluation capabilities of customer experience’s continuous improvement

Building the topic model was the prerequisite for providing the case company a method for
evaluating customer experience through text analytics. Once the topic model had been
deemed satisfactory by the stakeholders, the construction of a Power Bl report began.
Power BI was chosen as the platform since it is the company’s chosen software for visual-
izing data. Power Bl also makes it possible to automate the reporting of customer experi-
ence data, that has been run through the topic model, from the cloud. This is important as
reporting results that are as close to real-time as possible is beneficial for making swift
improvements to issues that customers are facing. The process for building reporting capa-

bilities for textual data analysis was done following the PDCA cycle:

e Figuring out a suitable reporting level
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e Finding out the informational needs of the stakeholders
e Building a Power BI report
e Gathering feedback on the report

e Improving the report based on feedback

As the topic model consisted of over a hundred topics, a way to reduce the number of top-
ics for reporting was deemed necessary. This categorization was done in cooperation with
stakeholders that were going to be end-users of the Power BI report, and that had done
reporting on customer experience topics manually before the topic model’s existence. This
ensured that the categories would be relevant and understandable for other users as well.
The categories can be seen in figure 22, and they have been mapped out according to a

generic customer journey.

Foundation

* Company/Brand
» Competitor/Retention
* Insurance products

* Insurance terms

* Partnerships
|

Pre interaction Customer interaction After interaction

 Accessibility/Reachability * Channel . Bi.Hing

* Self service problems * Staff . Dlsagreemt.ent on
» Call requests » Customer service compensation

* Price * Bad service

* Claims service process
* Sales

* Purchase
* Resolution ability

N S/

Figure 22. The topic model mapped to the case company’s generic customer journey.

The reporting level was deemed to be such that the number of different categories was re-
duced from approximately 150 topics to 20 categories. Two goals existed behind the cate-
gorization; first of all, make it easier to analyze feedback trends of certain themes, and sec-
ond make it easier to integrate the topic model into customer journeys as certain topics
represented touchpoints and certain categories comprised of those topics represented parts
of a customer journey. Some categories are considered foundational, which means they are

not directly related to a particular phase of the customer journey.
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Once the reporting level had been set together with the stakeholders, it was time to find out
the type of information end-users would like to gather from the report. This was done in a

focus group meeting and during the meeting it was established that the needs were:
e Topic amount trends
¢ Negative and positive sentiment trend
e Key driver analysis
e Ability to filter based on several criteria, such as department and CES
e A view for most common categories

These needs were acknowledged while building the Power BI report, but an important el-
ement of development is iteratively making the product better. Therefore, once a version of
the report had been built, it was reviewed together with stakeholders and suggestions to
increase the report’s value were gathered. The changes were then implemented as close to

the stakeholders’ wishes as possible.

The Power Bl report’s purpose was to provide the organization with a tool to evaluate cur-
rent and past customer experience trends and gain a better understanding of what issues
customers have, but also which parts of the customer journey need to be improved. The
report also replaced the old process depicted in figure 13, which required vast amounts of
resources. Hence, to evaluate customer experience and find issues to improve, it is no
longer required to perform steps one, two and three or five of the process. These steps in-
volved the manual loading of the data, reading the feedback, categorizing it into negatives
and positives, and also categorizing it into various different topics. Rather, it is possible to

delve straight into the analysis phase and use the report’s visualizations for reporting.
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6  Discussion and suggestions

The literature review revealed that academic research has focused on using supervised and
unsupervised ML methods to build topic models, which are different from the method used
in this thesis. This thesis used a dictionary-based approach where keywords and topics
were formed manually based on the data in an iterative process with input from stakehold-
ers. The approach chosen for this project has its benefits and flaws; the topic model was
successfully integrated into the customer journey and managed to capture valuable infor-
mation for customer experience development, but its creation process was resource inten-
sive. Starting from scratch without the help of secondary data from the case company, the
formation of high-quality topics and keywords for the topic model would have taken long-
er, in which case using a ML based method to build the topic model would have saved a lot

of resources.

The literature review also indicated that academic research on the utilization of text analyt-
ics on improving customer experience and customer journeys is lacking, as few sources
were found to directly discuss the subject. The literature review of Holmlund et al. (2020)
indicated this as well, since it found only one study discussing the combination of custom-
er journey, touchpoints, data, and analytics. The literature review also indicated that vari-
ous text analytics technigues have been used more to analyze customer feedback from both
surveys and reviews, in order to understand customer experience better, but not to integrate

text analytics into customer journeys.

The literature review on customer experience helped form a theoretical basis for the thesis’
empirical chapter. Part of the empirical study was gathering information on the case com-
pany’s current state of customer experience to aid in answering the research questions. The
interviews of three customer experience managers from the case company revealed that
many of the issues the case company is facing, cannot be solved with text analytics. These
issues included: a need for a more customer-centric approach in strategy, capabilities of
certain old systems, silos between departments, and an emphasis on short term fixes over

long term solutions. On the other hand, issues that text analytics has the potential to help



78

with were identified as well: a lack of customer experience measurement in touchpoints
along the customer journey, and difficulties in prioritization based on customer experience.
The literature review indicated that a lack of customer-centricity is a common problem for

other companies as well.

The first suggestion is to go deeper in customer journey mapping to integrate the topic
model’s topics to specific touchpoints and then make use of the Power BI report introduced
in chapter 5.3 to evaluate the results. To maximize the report’s effect and succeed in con-
tinuous improvement, the customer experience actions that Homburg et al. (2017) and
Holmlund et al. (2020) discuss are suggested to be utilized, which were to continuously
improve customer experience through touchpoint journey monitoring, prioritization, adap-
tation, and design. Text analytics was identified as having the potential to assist in each of
these aspects. However, the suggestions which have been formed based on the literature
review and empirical study, concentrate on addressing the identified issues in touchpoint

journey monitoring and prioritization.

To apply the customer experience actions of Homburg et al. (2017) and Holmlund et al.
(2020), the case company is suggested to follow a series of steps, beginning with utilizing
the Power BI report presented in chapter 5.3 to monitor touchpoint journeys, which was an
issue mentioned by the experts in the interviews. As the topic model that the Power Bl
report uses has been built with the case company’s customer journeys in mind, it should be
able to measure the customer experience of individual touchpoints to a certain degree.
However, the topic model’s capabilities to measure individual touchpoints of all the differ-
ent customer journeys that the case company has, has not been tested. As demonstrated in
chapters 5.2 and 5.3, the topic model’s creation focused on capturing customer feedback
effectively and making sure the higher-level customer journey of pre-interaction, interac-
tion, and after-interaction were covered from the two organizations. Thus, it is suggested to
evaluate the topic model’s current capabilities and if needed, improve the topic model to
better capture and monitor the various touchpoints the company has. Once this has been
done, the Power BI report can then be used to effectively in evaluation of customer experi-

ence’s continuous improvement.

The literature review also revealed that customer experience has multiple different types
and dimensions, and that particularly the emotional aspect is important. The difference

between an interaction that is memorable and one that is not, is the fact that memorable
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interactions cause emotions to occur. Both positive and negative emotions cause memora-
ble experiences, and Korkiakoski (2023) mentions that this is the area where a company

can gain a competitive advantage over its rivals.

Therefore, it is suggested to start utilizing text analytics to measure customers’ emotions
along the customer journey. Before the tools showcased in this thesis, the case company
did not have capabilities to properly monitor individual touchpoints, and customer experi-
ence was measured only with common measures such as NPS and CES, which are numeric
ratings given by the customer. The problem with numeric values is that they do not tell
what aspect of the customer experience went great or poorly. Thus, in addition to the sug-
gestion of mapping functional topics onto specific touchpoints from the customer journey,
such as invoices or due dates to their respective touchpoints, the touchpoint mapping
should take into account emotional topics as well. As can be seen from figure 22, there is
no specific category for emotional topics and they have been scattered over different cate-
gories. Hence, creating a category for emotional topics, both negative and positive sepa-
rately, is suggested in order to track the trend of different emotions along the customer

journey better.

As Becker and Jaakkola (2020) mentioned, companies should define what kind of custom-
er experience they wish to create. Thus, it is suggested that the company defines what kind
of emotions different touchpoints should create. Determining the types of emotional topics,
such as those related to difficulty, empathy, or happiness, that a specific touchpoint should
attract is up to the case company’s process experts to define. However, text analytics can
be used to measure these aspects. Following the sentiment of functional topics, such as
invoicing or due dates can be beneficial as well but will ultimately lack information that

incorporating different kinds of emotional topics can bring.

Homburg et al. (2017) highlight that touchpoint prioritization should be as agile as possible
and focus on allocating resources to modifying the touchpoints that have the highest need
for change and impact on customer experience. Thus, to effectively conduct the touchpoint
prioritization, it is suggested to utilize the Power Bl report to first identify pain points from
the customer journey, and second, evaluate them and make prioritization decisions based
on the data. As mentioned by Becker and Jaakkola (2020), all touchpoints are not as im-

portant and it is recommended to define the expected customer experience. Text analytics
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can help measure the sentiment and topic amounts of specific touchpoints, thus helping

define their importance on customer experience and aid in prioritization decisions.

The case company could improve its data-based decision making by utilizing a modified
version of the FMEA matrix in touchpoint prioritization. This matrix would make use of
text analytics’ potential in determining which issues are the most impactful in terms of
customer experience. The matrix would include two dimensions; severity and probability,
of which the former would be calculated by the sentiment score and the latter by the
amount of mentions. Currently the sentiment analysis presented in chapter 5.2 gives feed-
back only a binary value; zero for a negative sentiment and one for a positive sentiment.
However, to only examine those feedbacks that have been labeled negative, the sentiment

score as one of the axis would need to be changed to a continuous scale.

Table 6. Example of a text analytics prioritization matrix.

Occurrence User interface

high

Occurrence | Homeinsurance | Partner com pany
Occurrence

low

Severity low Severity medium Severity high

The topics could be placed on the matrix depending on the priority score given from multi-
plying severity times probability. Those topics with the lowest sentiment score and highest
amount should be in the red category, which indicates immediate action. On the other
hand, those topics with the highest sentiment score and lowest amount should be in the
green category, indicating that no action is required. The topics in the middle of the spec-
trum should be supervised more closely and they are placed in the yellow category. This
suggests that in the case of table 6, a closer examination of travel insurance is necessary to
determine why many customers are mentioning it and expressing a negative sentiment in
their feedback. Another option, in addition to indicating which areas of customer experi-
ence need to be prioritized and adapted through topics, is that the matrix could be formed

with touchpoints instead of topics. This would particularly help in evaluating touchpoint
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performance so that touchpoint prioritization and adaptation decisions can be made based
on data. As mentioned by Korkiakoski (2023), the changes to customer experience that
affect touchpoints are likely to be the quickest to execute and have a significant impact on
customer experience. Therefore, it is suggested to deploy text analytics with the aforemen-
tioned suggestions to measure touchpoints, identify the pain points and prioritize the im-

provement projects.
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7 Conclusions

Customer experience is a holistic concept, which can act as a source of competitive ad-
vantage for companies. To improve customer experience, companies collect customer data
in various forms, of which customer feedback is one of the most important. However,
simply gathering customer data is not sufficient for creating value; it must be transformed
into meaningful information and insights. Unstructured data, such as textual customer
feedback, poses a challenge in extracting valuable insights due to the absence of a prede-

fined structure.

The objective of this case study was to explore how text analytics could address the chal-
lenge and to evaluate its potential in measuring and improving the customer experience of
the case company. The thesis focuses on two text analytics methods to extract information
from textual data: topic modeling and sentiment analysis. More specifically, the research
seeks for an optimal way the case company can use these methods to understand their cus-
tomer journey better and evaluate the continuous improvement of customer experience

more efficiently.

The study used a qualitative research approach, which involved interviews with the case
company’s customer experience managers, focus group sessions, and secondary data from
the case company. The gathered material was utilized to gain an insight into the case com-
pany’s current state of customer experience, develop a topic model for the use case and an

effective utilization method for it, and ultimately, implement suggestions for improvement.

The research indicates that text analytics can provide an additional method for measuring
customer experience, increased customer understanding and help in CXM. Quantitative
measures such as NPS or CES give insight into customer experience, but lack the voice of
the customer, which text analytics has the potential to measure. Increased customer under-
standing can be achieved through integrating text analytics to customer journeys. This al-

lows gathering information on touchpoints, such as what are the pain points of the custom-
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er journey. The information can be used in CXM to identify what changes should be made

to the customer journey and how the changes should be prioritized.

The research also indicated how a topic model should be built to achieve these tasks. Uti-
lizing an iterative approach by regularly gathering input from experts and validating the
model enabled it to capture the most important elements of customer feedback. Integrating
the topic model to a customer journey through customer data and customer journey map-
ping enables the evaluation of customer experience’s continuous improvement. TO evalu-
ate continuous improvement, it was deemed that text analytics can enhance touchpoint
monitoring, prioritization, and adaptation. Suggestions were made to better evaluate con-
tinuous improvement; mapping of individual topics to touchpoints, utilizing emotional
topics, and prioritizing development through a text analytics matrix. These suggestions can
guide the case company to monitor touchpoints more effectively, provide enhanced cus-

tomer understanding, and make prioritization more data-driven.

7.1 Research objectives and answers to research questions

The study’s objective was to conduct research on how text analytics could be used optimal-
ly to measure and improve customer experience in the case company. The study was con-
ducted together with the case company as a project and involved a literature review, as
well as an empirical chapter consisting of research on the company’s current state of cus-
tomer experience, and the creation of a report for utilizing text analytics. The empirical
study was conducted as a case study, which included interviews and secondary data gath-
ered during the project. Both the literature review and empirical study helped answer the

main research question:

e How can text analytics be utilized in the measurement and improvement of custom-

er experience?
The main research question is answered through the following sub-research questions:
e In what areas can text analytics help with customer experience improvement?

e How should a topic model be built for customer experience improvement?
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e How can a topic model be integrated to a customer journey?

e How can text analytics that is integrated to a customer journey be utilized in evalu-

ating continuous improvement of customer experience?
The research provided answers to these questions:

Sub-research question 1: In what areas can text analytics help with customer experi-

ence improvement?

Based on the research, there are multiple areas of customer experience that text analytics
can assist with. Three key areas were identified: unstructured data utilization, customer
understanding and CXM.

Solicited and structured forms of customer data, such as the quantitative measures NPS or
CES, are often gathered through surveys to measure customer experience. Text analytics
enables companies to leverage other forms of data as it allows using unstructured data,
from both solicited and unsolicited sources, to capture the voice of the customer, thus
providing an additional method of measuring customer experience. Compared to structured
data, utilizing unstructured data is more complex and resource intensive. Hence, using text
analytics to automate processes, such as feedback categorization and customer journey
analysis, enables a company to direct its resources to more productive tasks while unlock-
ing the potential value of customer feedback.

Customer understanding is another area where text analytics can help as it provides an en-
hanced method in extracting valuable insights from the customer journey. This can be done
by gathering information about the pain points of the customer journey as well as those
things that have the biggest effect on customer experience. It was noticed that topic model-

ing together with sentiment analysis is able to provide these insights.

A part of CXM is an organization’s capabilities to continually renew customer experienc-
es, which the insights gained through text analytics can then be used for. Additionally, or-
ganizations can struggle in gathering customer data from touchpoints along the customer
journey, which text analytics can help in solving. CXM is also about monitoring the level
of customer experience, which topic modeling and sentiment analysis was identified to

help with, particularly when combined with a reporting platform utilizing these methods.
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Sub-research question 2: How should a topic model be built for customer experience

improvement?

Based on the research, many options exist when opting to build a topic model. These op-
tions can be categorized into three main categories: algorithmic, human-in-the-loop, and
keyword-based topic models. Many different methods to build a topic model within these

categories exist, thus it should be chosen depending on the use case’s needs.

Improving customer experience is not a simple process and as research suggests, algorith-
mic topic modeling, particularly those using unsupervised methods, is unlikely to provide
topics that offer much additional value. Therefore, it is suggested to incorporate personnel
with expertise in the company’s customer experience into the process. The literature study
showed that this has been successfully done in other fields outside CXM with human-in-
the-loop systems, and based on the empirical chapter of this study, the method would have
good potential to succeed in improving customer experience as well. Though, as human-in-
the-loop topic models are based on output from algorithms, they face the same problems,
and additionally users often have difficulties modifying the model as they wish. Manually
building a topic model through keywords does not suffer from these issues, but it is a more
resource-intensive method for improving customer experience. Relying heavily on an itera-
tive process with expert input proved to be a valid method for customer experience im-
provement. This was because the experts have the knowledge of what kind of topics are

valuable to them and what kind of topics are not.

Several best practices were identified throughout the process of building an effective topic
model tailored for the use case. Higher level categories are likely to be utilized particularly
in reporting and as such the end-users should be involved in the process of forming them.
To create effective topics, they should be made to convey valuable information. A topic
should be specific, understandable, and relevant to end users. Keywords define the effec-
tiveness of the topic model; hence resources should be placed on forming keywords that
ensure the coverage and quality of the topic model. This can be achieved through having

enough keywords and validating the model.

Sub-research question 3: How can a topic model be integrated to a customer journey?
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Based on the research, integrating a topic model to a customer journey can be made
through building it of data from the customer journey, utilizing customer journey mapping
and by cooperating with stakeholders that have expertise in the area. Utilizing customer
feedback from customer interactions that have occurred during the customer journey ena-
bles the topic model to account for what kind of topics are included in different touch-

points.

Customer journey mapping should be utilized to integrate a topic model to it. These maps
help to see the customer’s steps from a customer’s perspective, which helps in forming
suitable keywords, topics, and categories for the topic model. The model’s integration
should depend on the customer journey map’s specificity; on a higher level, mapping cate-
gories is recommended, while on a more specific level, mapping topics is recommended. A
successful integration requires the topic model to match the specificity of the map accord-

ingly, and if needed, the model should be made more specific to generate value.

Integration to a customer journey requires creating topics that account for the fact that a
customer journey can consist of different kinds of experiences. A customer can have an
experience ranging from prosaic to transformational, and capturing the difference between
these experiences can be difficult without incorporating emotional topics into the topic

model as well, and by making use of sentiment analysis.

Sub-research question 4: How can text analytics that is integrated to a customer

journey be utilized in evaluating continuous improvement of customer experience?

Based on the research, continuous improvement of customer experience can be described
as consisting of four elements: touchpoint monitoring, prioritization, adaptation, and de-
sign. In evaluating continuous improvement, the integration of text analytics into customer
journeys enhances its potential to provide additional value, particularly to the first three

mentioned elements.

In monitoring and adapting touchpoints, text analytics can be utilized best when the topic
model is specific enough to measure distinct touchpoints. A business intelligence tool, such
as Power BI, can be used to help text analytics provide information regarding a touch-
point’s sentiment and pain points to help form insights for customer experience improve-

ment. To properly evaluate progress, customer emotions should be monitored as well. A
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topic model can be made to include different kinds of emotional subjects that customers
experience during the customer journey, which can then help track and evaluate customer
experience on a new level. Text analytics can help with identifying and evaluating pain
points that occur in touchpoints, which can then be used to make touchpoint prioritization
more data-driven. To help in prioritization decisions, a text analytics matrix with two di-
mensions of sentiment score, indicating severity, and number of mentions, indicating prob-
ability, can be used. The matrix would improve data-driven decision-making in prioritizing

the allocation of resources to specific topics or touchpoints.

The research indicated that continuous improvement of customer experience benefits great-
ly from the end-users being able to personally delve into the results provided by text ana-
lytics. The text analytics in this thesis’ project focused on delivering topics and sentiment
analysis from customer feedback, but users still saw the need for seeing the whole feed-
back. This indicates that text analytics is not yet able to completely eliminate the need for
manually reading customer feedback to improve customer experience, but it can enhance

the process and help decision-making become more data-driven.

7.2 Research limitations and future research directions

The empirical study conducted in the thesis focused on one company’s situation, which
means that the applied methods might not be available or suitable in other industries or
companies. The study used customer feedback data from surveys that are sent after interac-
tions with the company; however, other types of customer data could have different results
and require different types of approaches. Also, the customer data utilized in this study
might not represent customer experience as a whole due to the nature of surveys, which is
that only a small percentage of customers answer to them. Therefore, using other types of

customer data for the same purpose would be an interesting future research direction.

One future research direction could be utilizing supervised or unsupervised ML to build a
topic model for customer experience development. Most likely a human-in-the-loop ver-
sion would need to be used or a supervised method, since based on the literature review,

algorithms such as LDA rarely form topics that provide increased value to business.
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Hence, using algorithmic topic modeling and utilizing the knowledge of experts to guide

the model could prove successful.

Another interesting future research direction could be measuring the benefits that text ana-
lytics has had in improving customer experience. This thesis focused on building the capa-
bilities to utilize text analytics in improving customer experience, but one of its limitations

was that it did not measure its benefits after the capabilities had been built.
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