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Customer experience is one of the most crucial factors for determining a business’s
competitive advantage and driving long-term success. The importance of customer
experience has been widely acknowledged. However, there is a significant gap between the
measurement of customer experience and application of the information for strategic and
operational decision-making. Traditional measurement strategies tend to simplify the
multifaceted nature of customer experience, providing only a glance into the challenges that
customers encounter in their journey.

This research explores how recent technological advancements in the subfield of artificial
intelligence, natural language processing can be utilized in the customer service to improve
customer experience. The aim is to provide tools for customer experience improvement by
enhancing transparency into the customer interface. This is achieved by capturing the state
of customer experience directly from its source—customers themselves.

The research is conducted as design science research, incorporating a literature review,
interviews, and the design and development of a software architecture. The literature review
examines the relationship between customer service, customer experience, and its
measurement. The literature review explores how natural language processing applications
can improve customer experience in the customer service. The empirical part combines this
knowledge into software artefact. The system delivers actionable insights and the state of
customer experience across all interaction channels in the customer service environment.

The study concludes that, through natural language processing, businesses can both improve
and measure the state of customer experience in customer service. With a combination of
sentiment analysis, intent recognition, customer journey extraction, and issue-resolution
summaries businesses can understand the needs and challenges of their customers. This
provides insights for targeted process improvements leading to better customer experience
in the future. Future research directions include expanding the proposed solution with
operational, and outcome-based measurements, as well as adopting multimodal approaches
for customer experience measurement.
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Asiakaskokemus on yksi térkeimmistd yrityksen kilpailukyvyn ja pitkdaikaisen
menestymisen kulmakivista. Asiakaskokemuksen tarkeys on laajalti tunnistettu. Kaikesta
huolimatta asiakaskokemuksen mittaamisen ja saadun tiedon hyddyntamisessa strategisen ja
operatiivisen padtoksenteon tukena on edelleen merkittdva Kkuilu. Perinteiset
mittausmenetelmat yksinkertaistavat asiakaskokemuksen moniulotteista luonnetta ja
tarjoavat ainoastaan pintapuoleisen ndkymén asiakkaiden kohtaamiin haasteisiin
asiakaspolun aikana.

Tama tutkimus kasittelee, kuinka tekoalyn alakategorian, luonnollisen kielen kasittelyn
teknologisia edistysaskeleita voidaan hyodyntdd asiakaspalvelussa asiakaskokemuksen
parantamiseksi. Tutkimuksen tavoitteena on tarjota keinoja asiakaskokemuksen
kehittdmiseen lisdaméallad l&pindkyvyyttd asiakasrajapintaan. Tam& saavutetaan
analysoimalla asiakaskokemuksen nykytilaa suoraan sen lahteestd—asiakkailta itseltaan.

Ty06 suoritetaan suunnittelutieteellisend  kehittdmistutkimuksena, mihin  siséltyy
kirjallisuuskatsaus, haastattelu, sekd ohjelmistoarkkitehtuurin suunnittelu ja kehitys.
Kirjallisuuskatsauksessa tarkastellaan asiakaspalvelun, asiakaskokemuksen ja sen
mittaamisen valista suhdetta. Kirjallisuuskatsaus pureutuu luonnollisen kielen késittelyn
kayttokohteisiin asiakaspalvelussa asiakaskokemuksen parantamiseksi. Empiirisesséa
osiossa kirjallisuuskatsauksen tieto yhdistetddn kaytdnnon toteutukseksi, joka tarjoaa
oivalluksia asiakaskokemuksen tilasta asiakaspalvelun eri vuorovaikutuskanavissa.

Tutkimuksen tuloksina voidaan havaita, ettd luonnollisen kielen kasittelyn avulla yritykset
voivat sekd parantaa, ettd mitata asiakaskokemusta asiakaspalveluymparistossa.
Hyodyntaméalla sek& sentimentti-, ettd juurisyyanalyysid, asiakaspolun vaiheiden
tunnistamista, sekd yhteenvetoa ongelmista ja ratkaisuista yritykset Kkykenevat
ymmartdmaan asiakkaiden tarpeita ja haasteita. Tama tarjoaa mahdollisuuden prosessien
kohdennettuihin ~ parannuksiin  tulevaisuuden  asiakaskokemuksen  kehittamiseksi.
Jatkotutkimuksena luotua ratkaisuarkkitehtuuria voidaan laajentaa operatiivisilla ja
tulosperusteisilla mittareilla, sek& moniulotteisilla asiakaskokemuksen mittauskeinoilla.
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Artificial Intelligence
Application Programming Interface
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Customer lifetime value
Customer relationship management
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Structured Query Language
Speech-To-Text
Text-To-Speech

Text-To-Text

Word-of-mouth



Table of contents

Abstract
Acknowledgements
Abbreviations
R 11 40T (1o A o] o TSRS 10
1.1 BaCKGrOUNG........eoieee e 10
1.2 Research objective and limitationS ...........ccooviiiiiiieic e 11
1.3 Methodology and data ............c.eceeieiieiieerece e s 12
1.4 RESEAICN SIIUCTUIE ... ettt ns 14
A OV 1S (o] T =D o L= =T o= TSR 16
2.1 Understanding CUSLOMEr EXPEITENCE .......ccuruirieieierieste st 16
2.2 Customer experience and CUSLOMET SEIVICE........c.ccvereeiverieerieaieeieseeseaeesaeseeas 19
2.3 Customer experience MEASUIEMENT ..........curieierierieirenie st 22
3 Natural language processing in CUSLOMEr SEIVICE .......cccvevveiieieerieiiesieesie e sre e 28
3.1 Introduction to natural language ProCesSING........cccoerererererienieenene e 28
3.2 Natural language understanding and natural language generation...................... 30
3.3 Natural language processing applications in customer Service ...........c.cceveveveenne. 33
3.3.1  SeNtiMENt ANAIYSIS ...vvecveeieiie e 36
3.3.2  Maching tranSIatioN...........coueiieiiiie e 38
3.3.3  Named entity reCOgNItION.........cccoiiieiiieie e 39
3.3.4  VOICE IECOGNMITION......itiiitiitieti ettt ettt eneas 39
KT BT O 1 (=T [0 12 11 o] 1SS 40
3.3.6  AUtOMALIC SUMMANZALION. ....ccueeieiieieieeeie e e e sae e nrs 41
3.3.7  Chatbots and Virtual @SSISTANTS...........ccouriiiriierire e 41
3.4 Challenges of natural language processing in customer Service...........cc.cceeevenenn 44

4 Improving customer experience in customer service with natural language processing
48
4.1 Design science research method............ccocvviiiiiicc e 48

4.2 Design SCIENCE rESEAICH PIOCESS .......ccveviriiriiaieeiieeei ettt 51



4.3 Problem identification and objective definition.............c.ccocoevveviiie i,

4.4 SolUtion artefact AESION ......cviieieee e

4.5 Solution deVelOPMENL ..........cviiiece e

4.6 Solution demonstration and eValUatioN. ........ccooeeeeeeeeeee e

B DHSCUSSION. ..ottt e e et e e e et e e e et e e e —eeeeeene e e e —————aaeaaaaaa

B CONCIUSIONS et et et e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e aaaeas

R T I EINICES. .. e et e e ettt a e e e e e ————

Appendices
Appendix 1. Semi-structured interview topics, questions, and goals
Appendix 2. Chat interaction transcript

Appendix 3. VVoice channel interaction transcript



Figures

Figure 1:
Figure 2:
Figure 3:
Figure 4:
Figure 5:
Figure 6:
Figure 7:
Figure 8:

Figure 9:

Figure 10:
Figure 11:

Figure 12:

data

Figure 13:
Figure 14:
Figure 15:
Figure 16:
Figure 17:
Figure 18:
Figure 19:
Figure 20:

Figure 21:

Reference count by year

Customer experience definition touchpoints, context, and qualities
Customer-centric support experience

Customer experience measurement framework

Relationship between Al, ML, DL, LLMS and NLP

Broad classification of NLP

Simplest view of NLG

NLP application implementation framework to customer service
Example of Sentiment Analysis

Levels of Sentiment Analysis

Example of Named Entity Recognition

Example architecture of chatbot with NLP capabilities connected to company

DSR Methodology process model

Conducted Design Science Research process

Problem identification and objective definition process of the research
High-level solution architecture diagram

Entity-Relationship diagram of the Dynamics Omnichannel Customer Service
Synapse Data Pipeline

Data transformation and enrichment process for chat and voice channel

Data transformation and enrichment process for support tickets and emails

Customer experience measurement dashboard in Microsoft Power Bl



Tables

Table 1: Research structure

Table 2: NLP applications in Customer Service

Table 3: Semi-structured interview background

Table 4: Requirements for the DSR artifact

Table 5: Sentiment analysis from chat conversation

Table 6: Sentiment analysis from voice channel conversation
Table 7: Chat conversation issue and resolution summary

Table 8: Voice channel conversation issue and resolution summary
Table 9: Intent recognition results

Table 10: Customer journey categorization results



10

1 Introduction

The purpose of this thesis is to investigate how natural language processing (NLP) can be
utilized to improve customer experience (CX) in the context of customer service. Within the
study, a solution architecture is designed and developed that continuously ingests and
analyses data from various channels of customer service. These channels include chats,
emails, support tickets and voice channel. The analysis tools used involve sentiment analysis
(SA), intent recognition, customer journey stage extraction and issue-resolution
summarization. The goal for this solution is to provide a better understanding of the state of

CX and provide actionable insights for future CX improvement.

1.1 Background

CX and customer satisfaction have a status as critical differentiator in today’s highly
competitive business environment. Companies that excel in delivering outstanding CX can
often see improved customer loyalty and satisfaction leading to better financial performance.
(Inavolu 2024; McColl-Kennedy et al. 2019) CX is holistic by nature, and it remains
challenging to measure and evaluate comprehensively (McColl-Kennedy et al. 2019).
Traditional methods for measuring and evaluating CX such as Net Promoter Score (NPS),
customer feedback forms and other types of satisfaction surveys offer limited insights and

tend to have low response rates (Saarijarvi & Puustinen 2020, pp.150).

While traditional feedback surveys might not capture the total level of customer satisfaction
and experience, customer service is most likely the first point of contact for both positive
and negative experiences. Therefore, customer service offers an excellent opportunity for
companies to not only understand their customers better but also transform a negative
experience into a positive. Each customer interaction provides valuable information about
customer needs, preferences and challenges or pain points. This knowledge provides an
opportunity for businesses to improve services and enhance customer satisfaction. While

utilizing all the data that is flowing through a company’s customer service to measure and



11

enhance customer satisfaction may sound straightforward, the process involves advanced

data analytics and technology to extract meaningful insights.

1.2 Research objective and limitations

The research conducted in this thesis is a smaller step in a journey to investigate the
possibilities of artificial intelligence (Al) in the customer service of the research company.
The potential of Al has been recognized. There is a thriving need to leverage its capabilities
from improving CX, developing internal processes and provide more personalized customer
interactions. One major pain point in the current situation is the opacity of the customer
interface especially in terms of the CX. The existing CX measurement methods tend to have
low response rates and contain limited insights into the quality of service and customer
satisfaction. The objective of this study is to dive more in depth how subfield of Al, NLP,
can improve the current state of CX and its measurement within an omnichannel customer

service environment. Based on the research objective, the main research question is set as:

e How natural language processing can be utilized in the customer service to improve

and measure customer experience?

The main research question, is explored through three sub-research questions, which guide

this investigation:

e What is the relationship between customer service, customer experience and its

measurement?

e What are the different natural language processing applications in the customer

service, and how do they improve customer experience?

e How natural language processing can be used to analyze customer interactions and

measure customer experience?

The first sub-research question is focused setting up the groundwork for understanding the
nature of CX, the role of customer service in CX, and exploring methods for measuring CX.
To address this question, existing literature, and scientific research will be reviewed and

analysed to identify key concepts and foundational theory around CX.
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The second sub-research question takes a step further into CX development in the customer
service with the assistance of NLP technology. This question is answered with the literature
review combining knowledge from individual use-case scenarios and existing studies that

explore the integration of NLP in customer service environment.

The third sub-research question combines the knowledge gained from the previous questions
and applies it in empirical research. This question is answered by designing and developing
a software architecture. The solution utilizes various NLP capabilities to analyze customer
interactions and provide CX measurement capabilities in the context of customer service.
The focus of the implementation is to develop a functional system that will demonstrate the

concepts discussed in earlier questions and create value for the business.

The focus of this study is on customer service environment, including all the interaction
channels integrated to the customer service workspace application used by the research
company. From the technological perspective, the artefact designed and developed is limited
to Microsoft technology. This includes tools such as Azure, Power Platform, Microsoft

Dynamics business applications, and Power BI.

1.3 Methodology and data

This research utilizes mostly qualitative research methods. The research methods involved
are literature review, interview, and design science research (DSR). In the DSR unstructured,
and semi-structured interviews are conducted to understand better the problem context. DSR
is a research method that combines technology and prior knowledge into innovative artifacts
that solve problems and improve the environment in which they are used. The outcome of
DSR includes the newly designed solutions and design knowledge which offers better
understanding of how and why the solution works in the specific context. (vom Brocke et al.
2020, pp.1) The purpose of the literature review is to act as foundation of this study by
exploring models, theories and frameworks related to the thesis. The literature review deals
with topics such as CX, relationship between customer service and CX, CX measurement,
and NLP applications in customer service environment. The source of the review is based

on peer- and non-peer-reviewed journal articles, books, conference proceedings, online
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articles, industry reports and handbooks. The results of the review guarantee that the design
and development of the software architecture in the latter stage of the research is guided by

the existing research and design knowledge.

The references utilized in this research are shown in figure 1 below. The topic of this research
is closely related to leveraging advanced technology for a business problem solution.
Therefore, it is important that the part of literature review that focuses on exploring
technological advancements are up to date and relevant for the research. Most of the
references used in this thesis were published in between years 2020 and 2024 making up
around 70% of the total references used. The reference count from 2020 to 2024 is
highlighted in the figure.

19
12
9
7
6 6
4
3
2 2 2 2
1 1 1 1

2007 2009 2010 2011 2012 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Publish year

Reference count

Figure 1: Reference count by year

The empirical part of the study involves DSR, which guides the design, development, and
evaluation of the NLP software architecture in customer service. Through DSR, the research
develops a technical artefact for customer service environment that utilizes various sources
of interaction data. This data is then used for continuous reporting and measurement of CX.
The DSR approach enables iterative refinement and development of the system, ensuring
that the solution meets all the requirements. Such a development approach is typical for

software development projects, where the outcome is continually revised and improved. The
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DSR strategy used in this study is discussed in a separate chapter within the empirical part

of the study.

The data utilized in the empirical part of the research includes interview transcripts, and
customer service contact data from test use-cases. The interview transcripts and metadata
are not provided, to keep the thesis company anonymous. The customer service interaction
data originated from testing the customer service application. These test interactions are
conducted in Finnish language. The validation of the study is based on controlled data
scenarios. These scenarios may not fully reflect the real-world customer interactions
between the customer and business. The software source code including the structured query
language (SQL) scripts, Python code as part of the Synapse Notebooks, and data analysis
expressions (DAX) inside the Power Bl report are not available due to intellectual property

constraints and confidentiality.

In this research Al tools including Microsoft Copilot and ChatGPT were used following the
guidelines given by LUT university. The tools were used to understand technical concepts

and improve the grammar and vocabulary of this research paper.

1.4 Research structure

The research consists of two sections: literature review and empirical research. The first
chapter is an introduction, which familiarizes the reader with the background of this thesis,
research objectives, scope, methodology and data utilized in the project. The second and
third chapter involves a comprehensive literature review that formulates the theoretical
framework for the study. The second chapter is based on the theory and literature regarding
CX. In the chapter an understanding of CX is formulated, the relationship between customer
service and CX is discussed, and methods for measuring CX are explored. This knowledge
provides the reader with a clear understanding of the multidimensionality of CX, the role of

customer service in CX generation, and how CX is typically measured in businesses.

The third chapter of the research is focused on NLP in customer service. NLP is defined in
a much broader context of Al, and the different components of NLP are discussed. The

chapter explores the different use case scenarios of NLP applications in customer service
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while discussing the benefits and challenges. The fourth chapter of the study is the empirical
part of the research. The chapter combines the CX theory with NLP applications in customer
service in practice by designing and building a software architecture. The main goal for the
solution is to use the data from the various communication channels of customer service and
provide continuous measurement for CX. Finally, the solution is validated in collaboration

with representatives from the company the research is conducted to.

The last two chapters of this research are discussion and conclusions. Within these chapters
the results are interpreted and discussed in-depth. This includes limitations, comparison to
previous research, and suggestions for future research directions. This section provides

answers to the research questions and summarizes the key findings. The research structure

is presented in the input output table 1 below.

Table 1: Research structure

Input

Chapter

Output

Introduction to the research
methods and research topic

1. Introduction

Research background, objectives,
research questions, scope,
research methods and structure.

Literature, and scientific research
related to customer experience,
relationship between customer
service and CX, and CX
measurement.

2. Customer experience

Understanding the definition and
multidimensionality of CX and
methods for its measurement.
Knowledge of where customer
service stands when discussing
CX.

Literature, scientific research, and
articles focused on NLP, and its
applications in customer service.

3. Natural language processing in
customer service

Knowledge of where NLP stands
in broader field of Al, what it
consists of, and how it can be
utilized in the customer service

knowledge from literature review,
research material, and tools for
software development.

with natural language processing
in customer service

environment to achieve CX
improvement.
Theoretical ~ framework  and | 4. Improving customer experience | An architecture design and

implementation for data-analytics
solution that utilizes NLP to
provide meaningful insights
related to customer experience in
customer service.

Findings from the literature
review and empirical research of
the study. Limitations and
constraints that appeared during
the research process. Existing
studies similar to research.

5. Discussion

In-depth analysis and explanation
of the results of this research.
Discussion how the results differ
or relate to similar research.
Consideration of how limitations
and constraints may have affected
the outcome of the study.

The results of the research, and
research questions.

6. Conclusions

A summary of the most important
results and achievements of the
research. Answers to the research
questions, concluding thoughts,
and suggestions for future
research.
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2 Customer experience

In this chapter an understanding of CX is formulated. The chapter discusses the importance
of CX for businesses, and relationship between customer service and CX. In addition, the
role of data and solutions for measuring CX and customer satisfaction are explored. It is
important to describe what CX means due to its multifaceted nature and discuss the different
variables that shape CX. The pivotal role of customer service is introduced due to having
direct impact in customer loyalty and satisfaction. With proper understanding of the factors
of CX consists of, it is easier to measure such complex entity and recognize factors that are

relevant to understand it.

2.1 Understanding customer experience

Understanding customers and their experiences throughout their journey has been
recognized as a critical factor for business success by multiple different studies (Becker &
Jaakkola 2020; Gahler et al. 2023; McColl Kennedy et al. 2019). CX is essential for
businesses to gain competitive advantage, high conversion rates, financial benefits through
satisfied customers, improved loyalty, and word-of-mouth (WOM) (Lemon & Verhoef
2016; McColl-Kennedy et al. 2019). Whereas serving customers better and providing
improved CX might seem straightforward, implementation effective strategies to achieve the
goal can be challenging. The multiple channels in today’s omnichannel business
environments adds extra complexity in managing and measuring CX. (De Keyser et al. 2020;
Gabhler et al. 2023; Lemon & Verhoef 2016).

The complexity of CX does not only imply to the strategies how to improve and measure it,
but also to the definition of CX term. CX definition is highly debated in the existing
literature, and there has been a lack of mutual understanding what it consists of. (Becker &
Jaakkola 2020) Before continuing further to the challenges for understanding and measuring
CX, we must have a well-rounded definition of the distinct aspects and elements that shape
CX.
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Gahler et al. (2023) describes CX as the directed, subjective, and multifaceted mental
reactions a customer has to an interaction with an experience partner at a particular
touchpoint within the customer journey. The subjectivity of these mental reactions means
that each individual customer scales the positivity or negativity of their feelings individually
for each dimension of CX (De Keyser et al. 2020). CX is also highly context-dependent, as
of the responses vary based on the customer, situation, and sociocultural factors (Becker &
Jaakkola 2020). In conclusion CX can be seen as the overall impression that a customer has

of a business, based on the interactions they have with the company.

The above definition of CX can be explored further with the three building blocks defined
by Keyser et al. (2020): touchpoints, context, and qualities (TCQ). Variations and
implications of TCQ has been discussed in the recent literature (Bolton et al. 2022; De
Keyser et al. 2020; Hung et al. 2023; Manthiou & Klaus 2022) and therefore it can be seen
as a well-versed framework to explore CX. Touchpoints reflect the points of interaction
between business and customer across the customer journey. Context indicates the
situationally available resources, both internal and external to the customer. Qualities imitate

the nature of customer responses to interactions with the business. (De Keyser et al. 2020)

Touchpoints can be seen as one of the most critical aspects of CX. If there is not any kind of
interaction between business and customer, CX does not exist. Touchpoints consist of three
different dimensions control, nature, and stage of customer journey. Control can be business-
controlled or non-business controlled, or something in between. (Lemon & Verhoef 2016)
Business controlled touchpoints include all the channels of interaction designed and
controlled by the business e.g., company website, or physically located store. The non-
business-controlled touchpoints are interaction channels that the business is not in control
of. These include other companies, such as retailers and brands e.g., third-party online stores
selling the company’s products. (De Keyser et al. 2020; Lemon & Verhoef 2016) Touchpoint
nature is how business is represented e.g., human, physical, and digital. Touchpoint nature
can be a customer service representative, website, store environment or combination of
these. Touchpoint stage represents the phase of the customer journey, where interaction
happens. (De Keyser et al. 2020) In the existing literature touchpoint stages are broadly
classified into three phases: pre-purchases, purchase, and post-purchase (Jain et al. 2017;
Lemon & Verhoef 2016). Prepurchase includes interactions before the actual purchase

decision. Purchase stage contains interactions during the purchase process, and post purchase



18

consists of interactions related to actual usage and consumption. (De Keyser et al. 2020; Jain
et al. 2017; Lemon & Verhoef 2016)

Whereas touchpoints can be identically same for each customer, the context of the
interactions typically varies between customers (Becker & Jaakkola 2020). This is because
context can be seen to include everything that are particular at certain place and time (Becker
& Jaakkola 2020; McColl Kennedy et al. 2019). The contextual factor is combined from
internal individual context and external dimensions such as social, market and environmental
contexts (Bolton et al. 2022; De Keyser et al. 2020; Hung et al. 2023). Internal contexts rely
highly on the on individuals’ subjective features such as emotions, cognitive factors,
normative, physical, and economic factors (Bolton et al. 2022; Bolton et al. 2014; De Keyser
et al. 2020; Jain et al. 2017; Verhoef et al. 2009). External context elements on the other
hand capture broader perspective of the surroundings such as social relationships with other
people (Verhoef et al. 2009), market-related actors such as competitors and substitutes (De
Keyser et al. 2020), and broader environmental factors like weather or political environment
that influence consumption of a product or service (De Keyser et al. 2020; Lemon & Verhoef
2016). The dynamic external environment has a considerable influence on the perceived CX
(Lemon & Verhoef 2016).

The last building block of CX in the TCQ framework is qualities. Qualities reflect how
customers react and respond to the different touchpoints and contexts (Bolton et al. 2022).
De Keyser et al. (2020) defines five qualities including participation level, dimensionality,
time flow, valence, and ordinariness. Participation level can be defined as high or low, based
on the involvement of the customer (De Keyser et al. 2020). Dimensionality is the type of
the responses such as emotional, cognitive, sensorial, and behavioral that occur between the
customer and business (De Keyser et al. 2020; Lemon & Verhoef 2016; Verhoef et al. 2009).
Time flow on the other hand consists of the customers subjective perception of duration from
short to long and dynamism, monotone to dynamic. Valence refers to whether the customer’s
response to the interaction is negative, neutral, or positive. (De Keyser et al. 2020)
Ordinariness of the experience is how common or extraordinary the interaction is for the
customer; does it occur in a daily basis or is the occurrence rare (Becker & Jaakkola 2020;
De Keyser et al. 2020).

To conclude, each customer journey can be divided into multiple touchpoints, the context in

which the touchpoints occur, and the qualities that these touchpoints and contexts deliver
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(De Keyser et al. 2020). CX can therefore be seen as multidimensional construct that focuses
on customer’s emotional, cognitive, sensorial, behavioral, and social responses to a
business’s offerings during the entire customer journey (Lemon & Verhoef 2016). A

summarization of the CX definition can be found in figure 2 below.

Nature

Control Stage

Touchpoints

Individual

O '
o m
Social °¢_,, CX
%

Market

Environmental

Figure 2: Customer experience definition touchpoints, context, and qualities (Adapted
from De Keyser et al. 2020)

2.2 Customer experience and customer service

The role of customer service has drifted from generic information handling function.
Today’s customer service manages complex customer inquiries, provides information and
insights, facilitates decision-making, builds relationships, and improves sales. (Jasmand et
al. 2012; Sheth et al. 2023; Sheth et al. 2020) Businesses depend increasingly on processes
that deliver, share, and create valuable offerings to diverse range of groups. This highlights
the importance of well-functioning customer service. (Patti et al. 2020) Customer service
has become one of the most important touchpoints for businesses (Saberi et al. 2017)
handling approximately 80% of all customer interactions within a business (Riberio et al.
2024). Furthermore, leva & Ziliani (2018) recognized that customer service has a critical
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role in the customer journey as the most impactful touchpoint. Customer service drives CX
and loyalty, which leads to positive performance of sales, market share and profitability
metrics (Patti et al. 2020).

Due to the importance of good customer service, many experts recommend significant
investments in contact centers. These investments include self-service options, customer
service representative training and development, mobile applications, chatbots to enhance
the cost-effectiveness and quality of customer-facing touchpoints. (Dixon et al. 2017; Dixon
2018; Patti et al. 2020) The importance of customer service is recognized, as it's a 350-
billion-dollar industry. On the contrary, customers dislike reaching out to customer service
because of the hassle and frustration it causes for customers. (Morgan 2017; Patti et al. 2020)
Commonly heard customer complaints are the difficulty of reaching a customer service

representative and lack of understanding of the customers situation (Patti et al. 2020).

Whereas poor customer service can undermine all the company’s efforts to retain and grow
their customer base, a good one improves the quality of customer relationship. Customer
service can provide insightful data on customer needs, improve overall CX and customer
retention. (Goodman 2009, pp.4; Saberi et al. 2017) All the knowledge and data retained by
the customer service can be combined with other sources of information to formulate status
of CX. This assessment can be utilized as a strategic input in various business functions such
as product development, marketing, and sales but also overall management of the whole
customer relationship. (Goodman 2009, pp.4) As customer service is close to the customer
interface, it has a lot to contribute into strategic decision making by providing valuable
insights (Sheth et al. 2020). The importance of customer service to CX has emerged a new
concept of customer service experience (CSX). CSX does not characterize the whole CX,
but it plays a vital role influencing customer satisfaction and loyalty, which are key factors
of the overall CX. (Patti et al. 2020)

Many studies discuss customer service only as a post-purchase touchpoint for the
interactions between customers and businesses (Sheth et al. 2023). The role of customer
service during the customer journey is much broader. There’s significant potential that
today’s digitalized customer service has in each of the phase of customer journey. This
potential includes improved customer acquisition and retention, enhanced CX, and customer

satisfaction, stronger relationships, increased customer lifetime value (CLV), and the
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positive WOM. (Seth et al. 2024 pp. 13-16) An illustration of the impact of customer support

service during the entire customer journey is presented in figure 3 below.

Information and insights
Business: insights for sales and
marketing
Customer: Educate on technical and
functional features

Pre-
purchase
Value added resell, upsell and cross-
sell Re- Facilitate decision making
Business: Opportunity for revenue purchase Purchase Business: Knowledge for the sales team
generation, increase CLV value Customer: Expert support to decide
Customer: Value increasing and product/service suitability
personalized purchase advices
Post-
purchase

Relationship building and agent of
change
Business: Represent firm, cherish
relationships, understand customers
Customer: onboarding, service and
support

Figure 3: Customer-centric support experience (Adapted from Sheth et al. 2023)

In the pre-purchase phase of customer journey customers typically develop their
understanding of a product or service they are interested in (Jain et al. 2017). Seth et al.
(2023) found that customer support service should deliver information, insights and facilitate
the decision-making process of the customer. Pre-purchase phase can be seen as the starting
point for building the relationship between the customer and business. Therefore, pre-
purchase actions play a vital role when a customer is formulating its perception towards the
business brand. (Patti et al. 2020; Seth et al. 2023) Customers pay significant attention to the
functionality of customer service. Especially the accessibility in different channels, speed
and responsiveness have direct impact on the pre-purchase satisfaction. (Huang & Dubinsky
2014) These factors influence the willingness to proceed in the customer journey to conduct
a purchase and eventually improve customer loyalty to the company. From the business
perspective, the pre-purchase interactions contain valuable knowledge of what customers are

interested about. Customer preference information is important for marketing and sales
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teams. This highlights the need for cross-organization collaboration during the pre-purchase
process of customer. (Seth et al. 2024, pp.22; Seth et al. 2023)

The purchase phase can be seen to involve interactions that involve choices, order
processing, and payment transactions between the customer and business. The customer
typically faces challenges due to information overload and excessive number of options
available. This can lead to hesitation and eventually cancelling the purchase. (Lemon &
Verhoef 2016) Customer support service role in the purchase phase is to function as a
facilitator in the decision-making process. This can be achieved by answering customer
questions, providing relevant information and recommendations of products or services. The
main goal is to find a solution that would fit the best in the customer scenario. When this is
conducted in collaboration with the sales team, the overall purchase experience is improved.
In addition, the customer is aware where to contact for the after sales support for future
questions (Sheth et al. 2024 pp. 22; Sheth et al. 2023).

The post-purchase stage of customer journey involves all the interactions after the actual
purchase has been made. This stage involves usage and consumption of the product or
service that has been bought, and the possible service or support requests that might arise.
(Lemon & Verhoef 2016) The role of the customer service during after sales is to represent
the business by building and maintaining the relationships with customers. Eventually the
wanted outcome for post-purchase interactions between the customer and business is to
continue into repurchase stage. This can be achieved by sales lead generation of the new
needs that the customer or customer service have identified. Repurchase decisions of the
customer are much alike reflected by the experiences customer has had during the post-
purchase stage. This highlights the importance of relationship management performed by

the customer service during the whole customer journey. (Sheth et al. 2023)

2.3 Customer experience measurement

Measuring CX is a complex and challenging task (Saarijarvi & Puustinen 2020, pp.139).
Business executives recognize that their current implementations to measure CX are not

enough to satisfy the needs of decision making. A survey conducted by McKinsey states that
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only 6 percent among 260 CX leaders in the US are confident that their CX measurement
approaches support both tactical and strategic decision making. (Diebner et al. 2021) This is
highly related to two root causes: distinct types of businesses reach for diverse kinds of
experiences, which makes it impossible to generate one CX measurement strategy that fits
all (Saarijarvi & Puustinen 2020, pp.140).

Understanding the importance of CX measurement is crucial for businesses. This is due to
the relationship between the CX, customer loyalty, WOM, and customer satisfaction. Each
of these variables has been recognized in the literature to correlate with business profitability
and growth indicating success in the market. With effective CX measurement, businesses
can understand the causality between these success factors and CX. This leads eventually to
improvement in leadership and CX management. (Saarijarvi & Puustinen 2020, pp.138 —
139)

The traditional CX metrics fail to capture what customers feel and really think, missing out
the emotional stage of the experience. While these methods provide numeric scores, they
can only be seen as the surface of what customers honestly think and feel. (Zaki et al. 2021)
CX is multifaceted by nature and oversimplifying it into a single key performance indicator
or metric for the sake of reporting is not viable in the long run (Saarijarvi & Puustinen 2020,
pp.139) This highlights the need for utilizing the various data sources whether it’s
operational data, customer contact data or any other relevant data source for CX
measurement. These data sources can assist in understanding customer perspective and
identifying what should be changed to achieve meaningful and seamless CX. (Zaki et al.
2021)

Patti et al. (2020) suggested in their research three types of measurement categories for CX:

1. Perception-based metrics: measurements that are customer’s self-reported metrics

such as loyalty, trust, forgiveness, satisfaction, and effort.

2. Operational metrics: Measurements that consist of business created activities, such

as resolution and wait times.

3. Outcome-based metrics: Measurements that observe customer behavior because of

the perceived CX, like churn, number of complaints, and retention rate.
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The most popular perception-based tools for measuring CX are loyalty and satisfaction
surveys such as Net Promoter Score (NPS) (McColl-Kennedy & Zaki 2022, pp. 732-733;
Patti et al. 2020). The problem with survey based CX measurement is that the customer
might not remember their bad or good experiences after couple of days, or they might
postpone responding and even forget to respond (Saarijarvi & Puustinen 2020, pp.150). NPS
method is often asked with a question “How likely are you to recommend this company to a
friend or colleague?” and the response is given on a scale from one to ten. While NPS
provides the percentage of customers that would recommend a business, it can be seen overly
simplified measurement of CX. Therefore, NPS can be seen more of a gauge of positive
word of mouth. (McColl-Kennedy & Zaki 2022, pp. 732-733)

Customer effort score (CES) is another widely used perception-based metric to measure CX.
CES evaluates how much effort customer need to put in to have their requests handled by
the business. It is measured on a scale from very low effort to very high effort. When
comparing CES with NPS, CES can be directed to certain interaction and therefore provide
more information about the potential friction points that customers face. (McColl-Kennedy
& Zaki 2022, pp. 734) However, research conducted by de Haan et al. (2015) found that
CES performs the worst of all customer feedback metrics in terms of predicting customer
retention. While customer retention and customer churn does not particularly indicate the
level of CX, it is commonly thought that the customers will not leave if they are having a
pleasant experience (McColl-Kennedy & Zaki 2022, pp. 734). In addition to NPS and CES
there is many more perception-based measurements, with different strengths and weaknesses
(Patti et al. 2020).

The operational metrics to measure CX are an important complement to the perception-based
measurements (Patti et al. 2020). While the perception-based measures can help business to
understand the status of CX, operational metrics can provide the reason. An example is a
scenario where the CX in a restaurant has significant variance between weekdays and
weekends. Operational metrics such as the average time to serve customers or the amount of
food discarded to bio-waste might reveal cause for the variance of CX. (Saarijarvi &
Puustinen 2020, pp. 140) Operational metrics are typically time-based. This is because time
is a valuable resource for customers, and time can be seen to have direct cost relation to a
business. Examples of operational metrics include average wait time, average resolution

time, first call resolution (FCR), and the percentage of call escalations. Average waiting time
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measures how long a customer must wait before a problem resolution process begins.
Average resolution time is the amount of time needed to resolve or escalate the problem
further. Operational metrics also reflect the efficiency and productivity of the business. A
decline in average handling time often means improvement in the capability to resolve
problems. (Patti et al. 2020)

Outcome-based metrics are based on the thought that improvement and deterioration of CX
should be seen from the behaviors of customers. As mentioned, the customer retention rate
measures the number of customers that remain active over a specific period and an increase
in retention can indicate improved CX. The opposite of retention is customer churn, which
can correlate with the status of CX. Other outcome-based measurements are CLV, number
of complaints, number of incoming calls, profit and sales margin, and market share. (Patti et
al. 2020)

While the measurement of CX is already a challenge, it becomes even more complex when
dealing with business-to-business (B2B) environments. In business-to-customer (B2C) CX
can be directed to a certain person, but in B2B the formulation of CX involves more
dimensions and variables. In B2B CX measurement it is hard to determine who is the right
person to evaluate the overall CX. This becomes especially complex when talking about a
relationship between two enterprise size business. (Saarijarvi & Puustinen 2020, pp.142-
143). To answer this challenge, CX measurement research suggests focusing on aspects of
CX that can enhance the performance of the customer company, like average resolution time.
When emphasizing the outcome-based CX metrics, it is easier to capture the strategic value
that the B2B relationship delivers, for example in terms of operational efficiency, cost

savings, and business growth. (Saarijarvi & Puustinen 2020, pp. 142; Zolkiewski et al. 2017)

Starting to evaluate the status CX with these three types of measurements is a good starting
point. To achieve the most benefits, CX measurement should be systematic and well-
planned. Businesses need to choose the right measurements, which provide insights related
to that stage of the customer journey and their goals in terms of CX. (Saarijarvi & Puustinen
2020; pp. 143-144) The perception-based measurements can be seen to work in each stage
of the customer journey, outcome-based metrics tend to work the best as post-purchase CX
measurements. Churn is not the best measurement to get insights about customers in the pre-
purchase phase. Customer satisfaction is a more appropriate measurement for understanding

the customer before purchasing. With the alignment of the CX metrics to the relevant stages
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of customer journey, businesses can get much more meaningful insights for the status of CX.
(Patti et al. 2020)

A framework for CX measurement within the customer service is illustrated in the figure 4
below. The framework captures the theory discussed within the whole chapter including the
role of customer service formulating CX. In the figure touchpoints between customer service
and customer are presented. In addition, suggestions for CX measurement metrics for each
phase of customer journey are given. In the pre-purchase stage, customer service initiates
the relationship building between customer and business, by providing information
regarding products and services. The possible touchpoints between customer service and
customer during this phase are business website visits, customer inquiries from various
channels, and interactions related to marketing campaigns. From the CX measurement
perspective, effective metrics are NPS, CES, average wait and hold time, number of
enquiries and incoming calls. (Patti et al. 2020; Seth et al. 2023)

Pre-purchase Purchase Post-purchase

Role of customer service

* Relationship building * Facilitate purchase * Represent company and

* Provide information decision-making maintain relationship
regarding products and * Smooth transition to e Customer support
services sales team * Transition to re-purchase

Customer experience measurement metrics

* NPS&CES * NPS & CSAT * NPS & CSAT
* Avg. wait/hold time ¢ Ticket volume & * FCR, resolutiontime,
* Number of enquiries resolution time ticket volume

and incoming calls * CLV & profit / margin * Churn, CLV, Retention

rate
Customer service touchpoints

* Business website visit * Order processing * Productusage
e Customerinquiries ¢ Customer support * After-sales support
* Marketing interactions * Paymenttransactions * Feedbackand reviews

Figure 4: Customer experience measurement framework (Adapted from Patti et al. 2020;
Seth et al. 2023)
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The customer service role during the purchase phase is to facilitate the purchase decision-
making process. This involves recommendations for the customer and providing smooth
transition to the sales team when necessary. The possible touchpoints are order processing,
payment transactions, and general customer support by assisting customers with their
purchase related inquiries. Metrics that could be used to capture the state of CX in this phase
include NPS, CSAT, ticket volume, resolution time, CLV, profit and sales margin. (Patti et
al. 2020)

During the last phase of customer journey, post-purchase, the role of customer service is to
represent the company and maintain the relationship. This is done by providing support,
assistance, and eventually transitioning the customer into re-purchase. Touchpoints between
customer service and customer are the actual product usage, after-sales support, feedback
and reviews. Suggested metrics to capture the state of CX are NPS, CSAT, FCR, resolution
times, ticket volumes, CLV, churn, and retention rate. (Patti et al. 2020; Seth et al. 2023)

All the measurements discussed above can provide a well-rounded view of CX. Though,
only the open-ended customer feedback can best articulate what customers honestly think,
feel, like, and do not like about their experiences with the business. By giving the customer,
opportunity to elaborate, businesses can understand why this is the case. This leads to the
full understanding of CX. None of this can be explained and explored through numeric
scores, whether its operational, outcome or perception based CX metric. (McColl-Kennedy
& Zaki 2022, pp. 734)

Traditionally analyzing and understanding perception-based CX measurements from open-
ended data has been time-consuming and required manual labor (McColl-Kennedy et al.,
2019). Although, such analysis has turned out to be much more reliable and precise
compared to other methods (McColl-Kennedy & Zaki 2022, pp. 734). There is a need for
CX measurement that captures the voice of the customer. The need is highlighted in the era
of digitalization, where businesses can collect precise and real-time data about the customer
journeys. In the future, the amount of data available for businesses is only increasing. This
indicates the need to re-think the approaches businesses use to measure CX. (McColl-
Kennedy & Zaki 2022, pp. 734-735)
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3 Natural language processing in customer service

This chapter describes NLP, defines it within the much broader context of Al and discusses
the recent advancements. The chapter explores the different use cases of NLP in customer
service and discusses the advantages and challenges of such methods. To understand why
recent advancements in NLP applications are important, it is essential to define NLP in
broader context. With theoretical framework it easier to dive into the use cases of NLP in
customer service. This literature review will help the research company to understand how
NLP has been utilized in the customer service and provide suggestions how to implement it

in their context to improve CX.

3.1 Introduction to natural language processing

The relationship between buzzwords such as Al, machine learning (ML), deep learning
(DL), large-language models (LLMs) and NLP can be confusing. To gain better
understanding of each term and explore NLP further, a definition for each is given and the
connection between these terms is illustrated in the figure 5. Al is a field of computer science
that focuses on mimicking human intelligence in computers. Al research includes topics
such as logics, decision science, and problem solving. ML is a subdomain of Al that focuses
on identifying patterns in data that can be used to recognize similar patterns or more complex
patterns in new data. In ML computer learns from original data source and uses this
knowledge to make more precise predictions or classifications on future data inputs.
(Shoenbill et al. 2023, pp. 469) DL is a subfield of ML. DL is characterized by a multi-
layered neural network. Neural network is a human brain like architecture to learn and make
predictions on data (Di et al. 2018, pp.8). NLP is a subdomain of Al. NLP focuses on
converting spoken or written language into datasets that computers can interpret. NLP
methods might include the use of ML. (Shoenbill et al. 2023, pp. 469) LLM is a combination
of the concepts of ML, NLP, and DL (Amartunga 2023, pp.6). LLMs are typically based on

a DL architecture and contain knowledge from extensive amounts of textual data. (Zhao et
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al. 2023) With the utilization of NLP LLMs can succeed better with complex tasks such as
question answering, SA, translation, text analysis, and text generation (Raiaan et al. 2024).

Figure 5: Relationship between Al, ML, DL, LLMs and NLP (adapted from Amaratunga
2023, pp.7; Pruneski et al. 2023)

NLP technique was originally developed to ease user’s work with a solution where user can
communicate with computer on their natural language rather than machine language
(Khurana et al. 2023). NLP enables computers to understand, analyse and generate human
language (Khurana et al. 2023; Sharma et al. 2023). To accomplish NLP system Feng (2023,
pp.4) describes four steps:

1. Formalization: The research problem should be studied in terms of linguistics and
formal model with strict expressions should be established to present it in

mathematical form.

2. Algorithmizing: Converting the linguistical rules defined into mathematical form and

present it as an algorithm.

3. Programming: Writing a program based on the algorithm and implementing that on

computers to formulate practical NLP systems.
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4. Practicalization: Evaluating the established NLP system, and continuously

improving the performance and quality based on the users’ requirements.

As the steps indicate NLP consist of knowledge from linguistics, mathematics, and computer
science. This makes it broad and interdisciplinary field of research. (Feng 2023 pp. 3-4;
Kang et al. 2020)

NLP has gained a lot of attention recently due to the advancements in LLMs. The reason is
the emergence of transformer architecture in 2017. Transformer architecture is a type of
neural network, which relies on attention mechanism and parallel computation. Attention
mechanism and parallel computation allows LLM to interpret input data with human like
behavior by assigning different degrees of importance to the input and processing it in
parallel. Thisenables model to understand what is important in the given input without losing
the context of the whole input. Compared to the previous NLP techniques and algorithms,
transformer architecture enables bigger and scalable model sizes, better performance, and
reduced training times. LLMs enable pretraining and then fine-tuning models into more
specific tasks, which makes single model reusable for range of NLP tasks. As a result, LLMs
have significantly improved language generation capabilities and popularity of NLP

applications. (Raiaan et al. 2024)

3.2 Natural language understanding and natural language generation

While being a broad topic NLP can be classified into two parts: natural language
understanding (NLU) that is also known as linguistics and natural language generation
(NLG) (Kang et al. 2020; Khurana et al. 2023). The figure 6 presents a classification for
NLP. NLU is the field of NLP that focuses on comprehending and interpreting human
language. This includes extracting emotions, meanings, and keywords that are presented
either verbally or in writing. NLG on the other hand is the process of generating meaningful
text from an internal representation of data or information. (Khurana et al. 2023)
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Figure 6: Broad classification of NLP (Khurana et al. 2023)

To understand how machines can utilize NLU, we must define the levels that make the
various aspects of language. NLU consists of five factors: Phonology, Syntax, Morphology,
Pragmatics, and Semantics. Phonology is the part that studies of how sounds are used in
different languages. It researches how sounds are organized, combined, and how it changes
in different context, such as in case of accents. (Nadkarni et al. 2011) Syntax is the
knowledge that describes rules for the structure between words, sentences, and explains how
words form sentences (Feng 2023, pp.4). Morphology on the other hand is the research
focusing to the structure of words and rules constructing words (Mitkov et al. 2014, pp.30).
This includes rules and usage of suffixes, root of word, and prefixes. For example, the
meaning of a verb changes when a suffix -ed is added, suggesting that something has
happened in the past (Khurana et al. 2023). Semantics base on understanding the meaning
of sentences words and sentences (Fend 2023, pp.4; Mitkov et al. 2014, pp.94). Humans use
their knowledge of language to understand the meaning of sentences. On the contrary,
computers rely on analysing the structure and identifying individual words and the relations
between them. Importance of semantics in NLU can be highlighted in a situation where a
machine recognizes that a sentence is about movies. The sentence might not contain word
movie, but related concepts such as actor, dialogue, or script that the NLU uses for semantic

understanding. Pragmatic level of NLU focuses on the information that comes outside
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beyond the actual content, e.g. what speaker or writer means and what the listener or reader
understands. (Khurana et al. 2023)

NLG is the opposite of understanding language but requires similar linguistical knowledge
as NLU (Khurana et al. 2022). NLG tasks involve transforming knowledge from a non-
linguistic source such as raw data, into linguistic formats, like text or speech to achieve a
certain goal (Mitkov etal. 2014, pp.747). Khurana et al. (2023) describes the process of NLG
in four steps: identifying the goals, planning how to achieve the goals, evaluating the
available communication resources and situation, and last realizing the plan as text (Khurana

et al. 2023). The NLG process is shown in the figure 7 below.

WHY COMMUNICATE?

—>
Problem (Reason - motivation)

y

WHAT TO SAY?
(Content - message)

y

HOW TO SAY IT?
(Linguistic resources)

y

SAYIT!

Solution <— .
Formulation

Figure 7: Simplest view of NLG (Mitkov et al. 2014, p.748)

The motivation behind the NLG process is typically driven by the application or user’s
intention. In the content selection phase “What to say?”” information is collected, which will
be used in the text under construction (Khurana et al. 2023). The NLG system might contain
more information in a much more detailed level than needed. Therefore, the data must be
filtered, which may depend on the target audience and intent of the communication. (Gatt &
Krahmer 2018, pp.72) Then, in the “How to say?” phase the filtered information is arranged

to text based by the grammatical rules. Textual organization is supported by linguistic
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knowledge by choosing the appropriate words, idioms, and syntactic constructs. (Khurana
et al. 2023). This will include steps for determining in which order the information is
presented, what will be presented in individual sentences, and finding the right words to
express information (Gatt & Krahmer 2018, pp.73-75). Eventually the information is

organized and combined as a voice or text output (Khurana et al. 2023).

The process of NLG might seem simple, but the practical implementation of converting non-
linguistic input into a language contains multiple complex decisions. In NLG, a single
decision can have many unpredictable and far-reaching consequences due to
interdependencies across the choices. When this idea is thought more thoroughly, it can be
said that there are many things in common between being a politician and speaking and
communicating well. In both scenarios the right choices, such as choice of words, must be
made at the right moment. The choices made in the past can have many unpredictable and
far-reaching consequences. Therefore, understanding the decisions and their timing can be

seen as a cornerstone of a successful NLG system. (Mitkov et al. 2014 pp. 747)

3.3 Natural language processing applications in customer service

Modern contact centers are built to manage customer interactions from multiple sources
across various interaction channels (Shah et al. 2023). Customer service typically functions
as the primary point of contact between a company and customer (Saberi et al 2017). Whilst
being the main connection between a company and customer, contact centers have a
significant role in customer relationship management (Saberi et al 2017). It is critical that
customer service delivers seamless and effective service, which improves the overall CX
and satisfaction. Though, achieving this goal is challenging because customer service as part
of business must be financially profitable. Businesses spent too much of their time
optimizing the direct costs of customer service resulting in frustrated customers, reduced
customer loyalty, and missing out on cross-sell and up-sell opportunities. (Shah et al. 2023)
There is a thriving need for smarter contact center solutions that can both provide operational

efficiency and deliver extraordinary CX.
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NLP has a significant role in the next big leap in the digitalization of customer service.
Customer service has traditionally required a lot of human resources. NLP enables machines
to understand customer queries, interpret conversations, and respond without human
involvement. This reduces the need for human labor by releasing resources into much more
complex tasks and leaving simpler ones for NLP systems to manage. (Olujimi & Ade-Ibijola
2023) In addition to reducing the need or human labor, NLP technology has seen potential
in delivering strong and engaging CX (Shah et al. 2023), enhancing operational efficiency,
improved customer insights, scalability, 24/7 availability, faster response times and issue

resolution, and improved self-service options (Inavolu 2024).

Juglan et al. (2023) has developed a nine-step implementation framework to achieve a
successful NLP application deployment for customer service. The framework starts with the
definition of problem and objective, why NLP should be used in customer service at the first
place. The second step is to identify scenarios in customer service, where the NLP can be
appliedto. If built from scratch NLP applications need training data, that should be collected
to train a model for the chosen purpose. Collecting data, and training a model consists of
steps three and four. The fifth step is evaluation and testing how well the proposed solution
achieves the goal. The sixth step involves integrating the NLP application into the customer
service systems such as customer relationship management (CRM) module. As with any
other software, NLP applications need to be monitored and optimized over time. The NLP
application must be trained with the employees, so that the results can be interpreted
correctly. Lastly, when new data from user feedback or other sources is gathered over time,
the model can be continuously improved for better results. (Juglan et al. 2023) The

implementation framework is shown below in figure 8.
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Figure 8: NLP application implementation framework to customer service (adapted from
Juglan et al. 2023)

Industrial NLP applications can be classified into three distinct categories: conversational
systems, text analytics, and machine translation (Dale 2017; Kalyanathaya et al. 2019).
Conversational systems typically refer to virtual assistants and chatbots, that can automate
processes and offer 24/7 support to the users (Inavolu 2023; Olujimi & Ade-Ibijola 2023).
Text analytics, however, focuses on extracting meaningful content from textual data, which
can be emails, text messages, customer queries or documents (Dale 2016). Machine
translation is the process of converting spoken or written language to another language
(Olujimi & Ade-Ibijola 2023). It is important to acknowledge that some NLP applications
have direct use cases, and some are used as subtasks in much larger applications (Khurana
et al. 2023). An example of such a use case is machine translation that can be implemented
as part of a conversational system. Each of the applications found will be discussed more in

depth in the following subchapters.
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3.3.1 Sentiment analysis

SA also known as opinion mining is one of the use case scenarios of NLP in customer service
(Juglan et al 2023). It is a tool that is used to detect feeling or emotional tone expressed in
the input data such as text or speech. Typically, this is done by classifying the input data in
one of the three categories neutral, negative, or positive sentiment (Inavolu 2023; Juglan et
al. 2023; Rosca & Ariciu 2023). Depending on the context of use the categorization can be
extended and customized to include more defined categories (Saha et al. 2022 pp. 333). SA
can be utilized for multiple data sources including customer reviews, social media posts, and
case history or support inquiries (Inavolu 2023). An example of SA categorization is shown

in figure 9 below.

Negative Neutral Positive
“Why is my order delayed “How can | reset my “I'll definitely recommend
again?” password?” your products!”

Figure 9: Example of sentiment analysis (Adapted from Inavolu 2023; Juglan et al. 2023,
Rosca & Ariciu 2023)

SA is typically implemented in distinct levels on the input data: document level, sentence
level, and feature level, or combination of mentioned. Document level SA refers to
classifying the emotion in a single document or dialogue. Sentence level focuses on
evaluating what emotion a single sentence represents. Feature level classification intends to
detect sentiment for a certain entity or feature. An example of such can be found in a sentence
“The film had a good story” — where the film is the feature, and story is one aspect of the

feature. (Raghunathan & Saravanakumar 2023) The levels are shown in figure 10 below.
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Document level

Sentence level

Figure 10: Levels of Sentiment Analysis (Adopted from Raghunathan & Saravanakumar
2023 classification)

In customer service there are multiple ways to utilize SA, including customer feedback
analysis (Inavolu 2023; Juglan et al. 2023), real-time emotion-based quality monitoring (Guo
et al. 2024), brand reputation management (Juglan et al. 2023), personalize customer
interactions (Inavolu 2023), analyze customer interactions such as support tickets, chat logs
and other conversations (Diekson et al. 2023; Khatri 2023), and identify common issues or
problems in the company’s services and products (Inavolu 2023; Juglan et al. 2023; Olujimi
& Ade-Ibijola 2023).

SA can be applied in customer service as an early warning system to identify problems in
processes, products, or services (Khatri 2023). Example scenario is a situation where a
product is causing customer dissatisfaction. SA can help businesses to recognize the
problematic product and address the problems quickly. In addition to recognizing problems
from customer queries, SA can also identify positive feedback from the data. The statistics
from positive feedback can be utilized in marketing campaigns, shown on the website or in
social media to improve brand communication. (Juglan et al. 2023) SA plays a vital role in
today’s fast paced business environment, where customer opinions can quickly influence

business performance and public perceptions (Khatri 2023).

In addition to generating valuable insights as a standalone application SA can be combined
with other NLP applications. An example of such is combining chatbots and virtual
assistants with SA for personalized interactions. The role of SA in chatbot is to detect

sentiment from user queries and feedback and use that knowledge while constructing the
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response for customer query. With such a function, the chatbot or virtual assistant can
consider the emotional state of a customer and provide better CX. (Raghunathan &

Saravanakumar 2023)

In conclusion SA is an effective method for enterprises to supervise and control customer
satisfaction across the different channels of customer service. It helps businesses to improve
CX, reduce churn, and develop customer relationship management (Jim et al. 2024)

3.3.2 Machine translation

Machine translation, also known as language translation, is the process of converting written
or spoken language from one language to another (Olujimi & Ade-Ibijola 2023; Patwardhan
et al. 2023). Translating individual words from language to another is straightforward.
Translating sentences while keeping the meaning intact along with proper grammar is a more
challenging task that involves utilization of NLP. (Khurana et al. 2023) NLP translation can
understand the context, idioms and nuances of the source language leading to accurate and

relevant translations (Khatri 2023).

In customer service language translation can be used to automatically translate customer text
or speech from inquiries, feedback, and request tickets. It can be integrated with other NLP
methods such as text generation, NLP, summarization, and chatbots (Juglan et al. 2023;
Olujimi & Ade-Ibijola 2023; William et al. 2023). Automatic translation is helpful especially
for companies with a global customer base. (Juglan et al. 2023; Khatri 2023; Olujimi &
Ade-Ibijola 2023) By translating interactions across different geographical and linguistic
markets, companies can analyze, and extract insights used for global marketing strategies
(Khatri 2023). Besides improved insights, the capability to offer service for customers in
their native language improve the CX, service accessibility (Inavolu 2023), and customer
loyalty (Khatri 2023).
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3.3.3 Named entity recognition

Named Entity Recognition (NER) is an NLP task that involves identifying named entities
such as locations, time, organizations, customer names from input data (Naseer et al. 2021;
Patwardhan et al. 2023). Named entities can include industry or domain specific entities,
such as medical information, food entities, or custom defined entities by the users. (Naseer
et al. 2021) The quality of NER is affected by the ambiguity of the entity names, presence,

and context where they are expressed (Patwardhan et al. 2023).

In customer service, NER can be used to extract valuable information from the customer
queries including product and service names, account numbers, and contact information
(Olujimi & Ade-Ibijola 2023). This information can then be used for more personalized and
precise responses for the queries (Naseer et al. 2021). An example use case of utilizing NER,
is extracting product name or identification number from customer query, and retrieving data
about the product such as price, availability, or quantity. Similar method can be used to fetch
data with account name to provide personalized services. (Olujimi & Ade-Ibijola 2023). An

example of NER classification is shown in figure 11 below.

"Hello, It's John Smith from BitTech Inc regarding order #100543 that was placed on June 15th."
PERSON ORGANIZATION ORDER NUMBER DATE

Figure 11: Example of Named Entity Recognition

3.3.4 Voice recognition

Voice channel (phone) is the most used communication channel in the customer service
(Shah et al. 2023). When comparing voice channel to the other communication channels of
customer service, there is a significant difference in the format of data. VVoice recognition
utilizes NLP to understand spoken language in real-time and converting the audio into text.
Converted data then can be analysed more in-depth with other NLP methods such as SA or
language translation (Juglan et al. 2023).
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In the customer service, there’s multiple ways to utilize voice recognition to improve CX
and service efficiency (Inavolu 2023). First, voice recognition is typically used to make
transcriptions from customer service calls (Inavolu 2023; Juglan et al. 2023). When
transcriptions are implemented in real time, it improves the ability of service agent to
understand customer needs more precisely. In addition, the conversation transcriptions can
be used for service agent training, quality assurance, or in-depth analysis of customer. VVoice
recognition can be combined with chatbots and virtual assistants to enable customers
communicate with speech. This improves the service accessibility and improves the ease of
use. (Juglan et al. 2023)

3.3.5 Categorization

Categorization also known as text classification is the process of categorizing text into
predefined categories based on the content of the textual data. By automatically assigning
category labels to textual data, the data can be organized for further analysis and processing.
Models used for text categorization are trained with already categorized data to learn the
relationship between labels and content. After this the model can be utilized to classify new
data inputs. The commercial text categorization applications typically vary by the use case,
but typically the tasks belong to one of the following: document classification or cause and
effect classification. Document classification refers to the process assigning category label
to a full document, including customer tickets. Cause and effect classification identifies the
causal relationship between two events in a paragraph or sentence. (Patwardhan et al. 2023)
Intent recognition can also be seen as a classification problem (Tran & Luong 2020). The
objective of intent recognition is to identify and understand the goal or purpose that is

expressed in a sentence or document (Chandrakala et al. 2024).

In customer service text classification has been utilized for customer ticket classification
(Arias-Barahona et al. 2023), customer service call routing and classification (Tran et al.
2016), email spam filtering (Khurana et al. 2023), and as part of conversational chat bot
systems (Chandrakala et al. 2024; Tran & Luong 2024). Text categorization has been seen

to improve the efficiency of customer service. With proper classification customer questions
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and issues are overseen by qualified personnel leading to enhanced CX and reduced response
times. (Hossain Mondal et al. 2023)

3.3.6 Automatic summarization

Information overload is a real problem affecting individuals’ capacity to access meaningful
knowledge and information. However, automatic summarization provides a solution for this
problem. (Khurana et al. 2023) NLP based text summarization provides capability to
condense textual input into concise and short output. This output contains the most valuable
information from the original text. With summarization NLP can provide overview of the

content for the user without need to read the whole text. (Patwardhan et al. 2023)

Automatic summarization offers multiple use case scenarios in customer service. For
instance, by summarizing customer complaints and feedback, businesses can understand
themes among the challenges customers are facing (Juglan et al. 2023). In addition,
automatic summarization has been applied to generate summarization from call contacts
(Uma & Sityaev 2022). Summarization can increase the operational efficiency, while
reducing the time that service agent needs to process customer queries. The time saved

reduces the response time, which improves the overall CX.

3.3.7 Chatbots and virtual assistants

When discussing about chatbots it is important to diminish the difference between a rule-
based chatbots and Al-Chatbots. Rule based chatbots rely on if-then logic, which enables
chatbot to provide answers for predefined questions. If the response has not been defined,
the chatbot cannot provide answer. Al-Chatbots on the other hand are built more humanlike.
Use of NLP enable the chatbot to frame custom responses for complex user queries and learn
from the previous conversation and user data to create enhanced responses. (Nirala et al.
2022) The review in this study focuses on the Al-Chatbots.

As already mentioned in the previous subchapter chatbots and virtual assistants is one

application of NLP in customer service. Chatbots are often used as a first point of contact
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for the customers regarding to companies’ products and services (Olujimi & Ade-Ibijola
2023). Another use case is use them as an internal tool for customer service representatives.
Chatbots and virtual assistants are typically found in company websites, social media
channels, portals, and other digital channels of businesses available for customers (Inavolu
2023; Olujimi & Ade-Ibijola 2023). With chatbots and virtual assistant’s customers can
receive instant assistance in the preferred channel, which increases the availability of service,

and shortens the customer waiting time. (Inavolu 2023)

Based on the query and response requirements the technical architectures of chatbots can be
categorized into either one of the following categories: text-to-text bot (TTT), text-to-speech
bot (TTS), speech-to-text bot (STT), and speech-to-speech bot (STS). TTT chatbots are built
on architecture where the user queries as well as the responses are passed in text formats.
TTS bots take text as input but provide responses with speech. STT bots take input as speech
and provides responses in textual format. STS bots take input as speech and provide response
in speech. (Nirala et al. 2022)

Chatbots and virtual assistants can be connected to a company knowledge base, customer
relation management systems or other data sources. These systems contain answers for
frequently asked questions, historical data of customer cases and solutions for cases. With
such architecture, virtual assistant can provide more accurate and relevant responses to the
customer queries. (William et al. 2023) A generic example architecture of chatbot with NLP

capabilities is shown in the figure 12 below.

CRM system
database

. Query —» Chatbot User ) Chatbot backend
Interface (Ul) (NLP capabilities)
- <—Response — L

User

Knowledge base

Figure 12: Example architecture of chatbot with NLP capabilities connected to company
data (Adopted from Meshram et al. 2021; William et al. 2023)
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Chatbot user interface is responsible for communication with the user. It provides responses
to the user and receives inputs from the user. The chatbot backend is the component that
utilizes NLP techniques for parsing user queries with NLU and generating answers to the
user with NLG. Backend can be connected into company knowledge base, which contains
information that the chatbot can utilize if needed when creating responses. (Nirala et al.
2022)

The benefits of utilizing chatbots and virtual agents for businesses are extensive, but for
customer service context the main advantage is improving efficiency of service (Khatri
2023). Chatbots and virtual assistants can operate 24/7, provide customer assistance around
the clock without extra costs, and operate on multiple languages. This will free customer
service representatives from repetitive tasks decreasing customer wait times. (Juglan et al.
2023; Khatri 2023; William et al. 2023) These features are useful especially for global
businesses that have customers from different countries. Chatbots guarantee that support is
always available in customers language. (Inavolu 2023; William et al. 2023) The different

applications found in the literature are combined and summarized into the table 2 below.



44

Table 2: NLP applications in the Customer Service

NLP method | Category Technique | Use case scenarios References
Sentiment Text analytics | NLU Feedback analysis, Real-time | Inavolu 2023,
Analysis emotion-based quality | Jim et al. 2024,

monitoring, Brand reputation | Juglan et al. 2023,
management, Personalized | Khatri 2023,

customer interactions, | Olujimi & Ade-Ibijola
identify issues from services | 2023

and products.
Machine Machine NLU & | Translate text or speech from | Juglan et al. 2023,
translation translation NLG customer inquiries, | Olujimi & Ade-Ibijola
feedback, and request tickets | 2023,

from language to another, | William et al. 2023

and integration with other
NLP methods.

Named Entity | Text analytics | NLU Extract valuable information | Naseer et al. 2021,

Recognition from customer inquiries, | Olujimi & Ade-lbijola
automation, personalization. | 2023

Voice Conversational | NLU & | Automatic transcriptions | Inavolu 2023,

Recognition systems NLG from calls or combined with | Juglan et al. 2023

other NLP methods.

Categorization | Text analytics | NLU Customer request | Arias-Barahona et al.
classification, call routing | 2023,

and classification, email | Chandrakala et al. 2024,
spam filtering and intent | Khurana et al. 2023,

recognition. Tran et al. 2016
Automatic Text analytics | NLU & | Summarize customer | Juglan et al. 2023,
Summarization NLG complaints, feedback, or call | Uma & Sityaev 2022
transcripts.
Chatbots and | Conversational | NLU & | Self-service for customers in | Inavolu 2023,
virtual agents | systems NLG various contact channels. Juglan et al. 2023,
Khatri 2023,
Olujimi & Ade-Ibijola
2023,

William et al. 2023

3.4 Challenges of natural language processing in customer service

NLP has huge potential for improving customer service processes, service quality, customer
satisfaction and operational efficiency. In addition, limitations of NLP applications and
techniques can be found. The challenges can be broadly categorized into three different
classes: complexity of natural language, challenges related to the data, and challenges related

to the adaptation of Al systems in general.
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Main challenge in NLP is the complexity of human language. Especially the challenge to
understand contextual words and phrases that have multiple meanings has been seen
problematic. (Juglan et al. 2023; Olujimi & Ade-lbijola 2023) Synonyms can also cause
trouble since humans use different words to express the same ideas. This makes it hard to
process language in a standardized way. An example is managing levels of complexity in
words such as large, huge, and big. Especially in question answering and speech-to-text
applications homonyms cause trouble due to similar sounding words have different meaning.
(Khurana et al. 2023) Aswell as sarcasm and irony that are sometimes hard for humans to
understand, is a challenge for NLP systems. For instance, in terms of SA the sarcasm in “The
service was so slow that I had all the time in the world” signals a negative sentiment, despite
being constructed with positive words. (Jim et al. 2024) Sentences and phrases that contain
any kind of ambiguity mentioned, or grammatical issues are problematic for NLP
applications. (Khurana et al. 2023)

In addition to the generic linguistical problems, language containing culture specific lingo
that varies between geographical areas or industries limits the generic usage of NLP models
(Khurana et al. 2023; Olujimi & Ade-Ibijola 2023) The NLP systems are often developed
with major languages such as English, Spanish, or Mandarin. The performance of the model
is significantly lower when applied to less common languages. Variations in syntax,
vocabulary and semantics across languages often require specialized models for accurate
language understanding and processing. (Selvaraj et al. 2022) NLP models perform at their
best when used to specific geographic area, language, and industry. Companies with
specialized industries and customer bases might need to develop and train their own model,

which requires a lot of resources. (Khurana et al. 2023; Olujimi & Ade-l1bijola 2023)

The emergence of emojis, especially in the text-based communication channels causes
challenges for NLP applications, due to the added complexity for interpreting text-based
emotions (Jim et al. 2024). The emotion the emoji represents may not be in line with the
accompanied text (Shaik et al. 2024). An example of such is “I’m fine”” message with a sad
emoji. The challenge with these visual symbols is that models must understand the different
emotional contexts they might add to statements. Misinterpreting the emotional meaning of
emojis can result in inaccurate NLU. Misinterpretation makes it harder to accurately

determine overall sentiment or intent of text. (Jim et al. 2024) All the challenges mentioned
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can negatively affect CX. Especially scenarios, where NLP application misunderstands

customer query and results to inaccurate outcome. (Olujimi & Ade-1bijola 2023)

Olujimi & Ade-Ibijola (2023) and Shah et al. (2023) found in their research multiple studies
that reported NLP applications facing challenges while utilizing massive amounts of data.
The problem with the data was related to data labeling, and the lack of a unified way of
storing important data. This led to NLP application having tough time extracting precise and
relevant insights from the data. Especially in scenarios where data was spread across
different systems and data storages, training and developing an NLP application for the use
of customer service was time consuming. (Olujimi & Ade-Ibijola 2023; Shah et al. 2023)
Creation of such labeled datasets involve labor-intensive processes such as manual tagging,
validation, and quality control (Selvaraj et al. 2022). Sometimes, businesses are required to
transform and develop their data architecture and policies to new ones that support better
NLP development (Olujimi & Ade-Ibijola 2023; Shah et al. 2023)

Another problem related to the data utilized in the NLP applications is quality. Specifically
audio processing and converting audio formatted data into high quality transcripts for further
utilization has been seen as a challenging task for NLP (Shah et al. 2023). Without decent
quality training data, the performance and quality of an NLP application will suffer (Juglan
et al 2023). In addition, the data privacy laws and regulations make it challenging for
businesses to share their confidential data with third parties, including research institutions
(Shah et al. 2023). In the domain of customer service, this data privacy and security
represents a relevant concern. Customer service processes sensitive customer information
such as personal data, financial details, and even medical information. The data sensitivity
highlights the need for data privacy and NLP model compliancy with legal and regulatory

requirements. (Selvaraj et al. 2022)

The third challenge that NLP and other Al applications face when used in customer service
is the resistance to adoption. Customer preference human agents over chatbots. As said, this
NLP challenge occurs for chatbots, since they are the only customer facing NLP application
available. Utilizing NLP powered chatbots in customer service can improve the efficiency
of customer service operations. Though, the benefits will go to waste if customers do not

feel comfortable using or trusting such communication channels. (Song et al. 2022)
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Customers have been found to be more willing to accept human beings as service agents
than chatbots. In addition, the researchers found that customers have a higher perception of
communication capability for human agents compared to chatbots. The customers tend to
believe that human agents understand their needs and concerns better, resulting in much
more positive CX. The primary advantage of chatbots in customer service is their availability
and capability to provide quick answers to the user queries. If a chatbot cannot succeed in
such task and meet the user expectations, the attraction weakens. To improve the CX, there
should be an easy and seamless transition option from chatbot to human agent for more

satisfying interaction. (Song et al. 2022)
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4 Improving customer experience in customer service with natural

language processing

The goal of this thesis is to explore in practice how NLP can assist the research company to
enhance CX in the context of customer service. As the previous chapter states, there are
multiple NLP applications to improve CX. However, the goal for the research company is
to establish a continuous model of CX improvement. Such approach guarantees that
understanding of customer challenges are noticed and addressed, eventually leading to
improved customer satisfaction over time. The empirical part consists of research
methodology and process, problem identification and objective definition, design and

development of solution architecture, solution demonstration and validation.

4.1 Design science research method

The empirical part of this thesis in constructed with DSR research process, based on most
widely referenced model introduced by Peffers et al. (2007) (vom Brocke et al. 2020, pp. 4).
The DSR process utilized in this study integrates qualitative approaches including an
unstructured interview, semi-structured interview and evaluating the results from the artefact

designed and developed.

The unstructured interview is the most informal interview method characterized by
flexibility. Unlike the other interview methods, the unstructured interview does not have
predetermined set of interview questions, allowing conversation to flow much naturally. (Qu
& Dumay 2011) In this research the unstructured interview was used to identify potential

topics for research from the challenges that the research company is facing.

Semi-structured interviews are an excellent for gathering qualitative data, due to the
versatility and flexibility (Kallio et al. 2016). In semi-structured interview the researcher
must have sufficient understanding of the topics that are being discussed (Kelly 2010, pp.
319). The researcher knows what subjects need to be explored during the interview, which

serves as a guide for the interview. Though the semi-structured interviews are not fixed to a
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certain script. (Kallio et al. 2016) The pre-defined questions are typically open-ended, which
offers room for follow-up questions based on the interviewee’s responses (Adams 2015, pp.
493-494). Semi-structured interviews are valuable for understanding the current situation.
They provide information of problem context and challenges through increased participant

involvement.

The DSR process consists of six different steps: identifying the problem, defining the goals
and objectives for solution, designing and developing solution to achieve the goal,
demonstration, evaluation, and communication. The problem identification purpose is to
define the research problem and justify the value of the research problem. By doing so, the
problem definition motivates the researcher of the study, but also captures the interest of the
research audience. Problem identification requires understanding the problem current state
and significance for finding solution. (Peffers et al. 2007; vom Brocke et al. 2020, pp. 4) The
DSR process is presented in figure 13 below.
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Figure 13: DSR Methodology process model (Adapted from Peffers et al. 2007)

The objectives for the solution are typically gathered from the problem statement along with
awareness of what is possible and feasible with the available resources. The objectives can

be either quantitative or qualitative. Quantitative objectives specify how the desired solution
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outperforms existing ones. Qualitative objectives describe how the new solution is expected
to address problems that were not addressed before. There should be a clear link between
objectives and problem statement, which ensure that the design and development are both

guided by the original problem. (Peffers et al. 2007; vom Brocke et al. 2020, pp. 4)

The design and development phases include creating the actual artifact. The artifact in DSR
can be anything that is designed that involves research contribution. This can range from
models, methods, frameworks, software tools and systems, which are meant to address a
specific problem. (Peffers et al. 2007; vom Brocke et al. 2020, pp. 4) The creation of the
artefact incorporates knowledge from the existing theories, which ensures an effective
solution (Peffers et al. 2007).

Demonstration phase consists of displaying the use of the artefact to solve the problem, or
any of its instances that was defined in the first phase. The demonstration can involve
simulation, case study, proof, experimentation, or any kind of activity that effectively
displays the functionality and addresses the problem in practice. (Peffers et al. 2007; vom
Brocke et al. 2020, pp. 4)

Evaluation measures tell how well the demonstrated artifact supports the solution of the
problem. This is often conducted by comparing the stated objectives and observed results
from using the artifact in the context of the problem. The evaluation can be done in several
ways such as quantitative performance measures, satisfaction surveys, feedback,
simulations, or quantifiable measurements for system performance. It can be done with any
appropriate logical proof or empirical evidence. In the end of evaluation, a decision should
be made if the solution is good enough in the solving the problem or whether the research
should be iterated back to design and development. (Peffers et al. 2007; vom Brocke et al.
2020, pp. 5) The research environment can also determine whether iteration is possible or
not. Factors such as time constraints and available resources can limit the amount of iteration
cycles. (Peffers et al. 2007)

The last step in the DSR process is communication. This includes communication of the
problem, the artifact developed, and its effectiveness in the problem solution.
Communication can be done in various forms, depending on the goals and the audience of
research. (vom Brocke et al. 2020, pp.5)
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The DSR process is organized in a structure that follows a nominally linear order. However,
the DSR framework can be used by starting at almost any step and then moving to the other
steps of the process. The most basic; problem-centred approach starts from the problem
identification and can be initiated from previous research. Objective-centred solution can be
triggered by a need that can be addressed with a solution artifact. A design and development-
centred DSR approach typically results from a previously developed artifact, which will then
be applied into different problem context. The last possible starting point for DSR is from
demonstration. When starting from demonstration a previously built artifact is seen to work
is some other use case. In such situation the DSR process is implemented backwards.
(Peffers et al. 2007)

4.2 Design science research process

The DSR process conducted as part of the thesis reflects the methodology discussed in the
previous chapter. The process consists of 10 individual steps, including the stages linked to
the DSR or knowledge gathering. During the process, a few iterations round were conducted
within the design, development, demonstration, and evaluation. More in-depth discussion of
each step and reasoning behind the process is done in the following chapters. The sources of

knowledge and research steps are shown in the process flow figure 14 below.
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Figure 14: Conducted Design Science Research process

The process started with initial discussions in the form of an unstructured interview to scope
the possible thesis subject and high-level goals. Then a literature review was conducted to
understand the research topic. The knowledge was used to formulate unstructured interview
to get top of the problem context and requirements for the solution development. All the
knowledge was combined into business and technical requirements during the object
definition. These requirements were turned into a system architecture, that eventually was

developed, demonstrated and evaluated.

During these steps iteration cycles were conducted, due to the technical problems that arose,
and feedback based on the thesis project stakeholders. The different versions of the artefact
are not discussed thoroughly in this paper. This is because most of the enhancements and
tuning was done into the artefacts source code and scripts that are not provided as part of
this research paper. Eventually the good enough solution was achieved, and the results were

communicated between the stakeholders in the form of this thesis and business presentations.
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4.3 Problem identification and objective definition

The topic of this thesis originates its roots from an unstructured interview on how Al is
eventually going to have an effect in basic business processes such as customer service. In
that discussion, both parties agreed that whether we want it or not, at some point there is no
need for human customer service representatives. Eventually the new norm of customer
service is full automation, where an Al powered service representative will manage all the
queries, feedback, and customer interactions. While building such an Al powered service
agent as part of the thesis, might have been tempting, the situation in the company was
challenging. Their customer service gathers really much data about their customers in form
of support tickets, chats, and phone calls but the data is not really used in the business
decision-making processes. Especially the open-ended unstructured data sources were not
used in analysis of any kind. There is a lack of meaningful insights to support decision

making.

The first step in the journey of Al, was agreed to get to know better their customers and the
data that customer service contains. The business needed a comprehensive review of how
the unstructured and structured data that their customer service system, can be utilized now
and in longer run. This led to the initial problem statement for this research: How the
customer service data could be used to improve CX and provide insights how their customers

are doing.

The initial problem statement was still a high-level abstraction. Therefore, a literature review
was conducted at first. The goal was to gain better understanding of viable solutions for such
problems, and to shape understanding of the problem space. By doing so, the semi-structured
interview questions could be scoped to be much more specific and interview discussions
could be led by the solutions that are possible with the available resources. The semi-
structured interviews were used as a source of knowledge to the more in-depth problem
formulation and object definition for the solution. A visual demonstration of the problem

and objective definition process of this study can be found in the figure 15 below.
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Figure 15: Problem identification and objective definition process of the research

During the literature review overview was gained in terms of what has been done in the field
of CX, especially with the latest technologies in customer service. This assisted with more
precise problem formulation, objective definition and setting up the questions of the semi-
structured interviews. After the literature review, a semi-structured interview was conducted.
The goal for the interview was to understand better the problem context, such as current state

of CX measurement, but also the requirements for the solution artifact development.

The semi-structured interview was conducted for three experts in the field of CX from
different points of view. These people have background in customer service, CX
management and leadership, sales and marketing. The background of the interview session,
and the interviewees’ is summarized in the table 3 below. The raw data, such as transcript
and interview notes, are unavailable to maintain the anonymity of the research company. A
high-level interview guide, including a summarization of the semi-structured interview
topics, questions and goals can be found in appendix 1. All the questions in the interview
guide were asked from each of the participants to receive broader understanding. Interview
gave insight of the current state of CX measurement and management within the research
organization. Topics such as current CX measurement tools, relationship between CX and

customer service, and future vision for CX measurement were discussed.



55

Table 3: Semi-structured interview background

Role of Interviewee Experience | Duration of interview | Date of interview
Head of Fast Track — 16 years

Marketing, Sales, And Customer engagement .

Customer Experience Manager 10,5 years 60 minutes 10.09.2024
Business  Development  Manager - | 20 years

Customer Service

The first theme of the interview was current methods and tools used for CX evaluation. The
existing CX metrics consisted of perception- and operative-based measurements. There was
found to be a lack of outcome-based measurements that are linked to CX or customer
satisfaction. The general state of CX measurement was fragmented. Different business units
and organization levels use different metrics and ways to measure CX. The most important
metric was found to be a recently developed business level program for CX measurement.
This program includes the entire process of CX measurement from the survey to handling
and analyzing the responses. The method was centered around perception-based metrics and
conducted with customer surveys. The challenge with this method was seen to be low

response rates, since customers tend to forget to answer surveys.

The challenges with current methods for CX measurements were fragmentation, but also
data quality and availability. There is a need for a more unified method of CX measurement
all the way from the strategic level planning and management to operational functions of the
business. Establishing a link between the different outcomes and CX development was found
to be important for future CX management. In terms of data quality and availability, it was
found that there are various sources of data related to the different steps of customer journey.
The problem was that there is no integration between the different systems. This explained
the fragmentation of CX measurement. Each business unit was able to produce a metric
based on the data available only for them. In addition, the quality of data in some source

systems such as the current CRM system was questioned.

The second theme of the semi-structured interview was based on the relationship between
CX and customer service, in addition to the general importance of CX. All the interviewees
agreed that customer service and the employees working in the customer interface bring
much value into the CX. It was said that a lot of valuable feedback is received from the
people that the customers interact with, not so much about the processes. In terms of CX

measurement and management, customer service was seen as the most important interface



56

between customer and company. Although key account managers were dedicated to certain
customers, the main line of communication occurred via customer service. The data
generated by customer service was found to be important in the business level decision-

making processes, leadership, and management.

Although the utilization of the customer service data was found to be critical, there was a
lack of solutions and tools to unleash its full potential. Customer service data was used only
for the customer service business unit reporting. This included measurements such as
average wait time, average resolution time, and FCR. Analyzing the unstructured data
produced by the customer contacts was not conducted at any level. The only tool for
analyzing unstructured answers from customers was a standalone CX survey software part

of the unified CX management program.

The last theme of the interview was future vision for CX and its measurement, especially in
customer service. As previously stated, the current CX tools and measurements do not allow
transparency into the customer interface. Each customer service representative has a lot of
knowledge about customer relationships. Particularly about the challenges and satisfaction
customers face during their journey. There is a thriving need for a solution that analyzes the
interaction data produced by customer service. With such analysis capabilities business
would gain transparency into the customer interface. Furthermore, this knowledge could then
be used in decision-making processes. From a broader perspective, there was found to be a
need for unified way to store and analyze all the various sources of customer data. By doing
so, the business would gain a better understanding of the CX during each phase of the

customer's journey.

The findings from the interview lead to more in-depth problem identification and objective
definition for the solution artifact. Several problems were identified and discussed. First, the
fragmentation of data and CX measurements was acknowledged, but also the lack of
utilization of customer service generated data. There is a need for building CX measurements
from the strategic level all the way to operational level measurements and linking them into
the customer journey. In addition, a solution is required for analyzing customer service data,
for CX measurement and development purposes, but also to guide other types of decisions

made in the business.
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The interview did not really provide any direct objectives, or requirements for the solution
architecture, but it outlined the much general level vision and high-level expectations. The
solution architecture should have good integration capabilities with existing systems and
platforms or future platforms. This ensures that the solution does not work only as a
standalone application, but it also supports a unified CX management approach in future. In
addition, the solution should be able to dive into customer interactions with the data
generated by customer service. There were no specific requirements or objectives regarding
what should be analyzed from the interactions. From the CX measurement perspective, SA,
issue and resolution summarization, customer journey categorization and intent recognition

would be a good first step.

The goal for the solution architecture is to create analysis of the state of CX from the
customer interaction data provided by the customer service. When we think in depth about
customer service, there’s multiple channels for customer interactions. From the data
perspective, each of the channels can be categorized as text-based channels such as chat,
support tickets, and emails, or voice-based channels that typically refers to phone calls. The
solution architecture should be able to use both data sources in the analysis. This requires
unified formatting for the different data sources. Formatting on the other hand, requires a
standardization process and data transformation capabilities. The unified data can then be
stored in a data storage and passed forward for further analysis. The results of customer
service data analysis should eventually be shown in Power Bl report for easy access and

visualization capabilities. These requirements are summarized below in table 4.
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Table 4: Requirements for the DSR artifact

Requirement type | Requirement description

There is a need for a solution that analyzes the interaction data produced by customer
service. The goal is to gain transparency into the customer interface and utilize this
knowledge in decision-making processes.

Business There is a need for a unified way to store and analyze all the sources of customer data
requirement to gain understanding of the CX during the customer journey.
There is a need for a unified data storage solution for customer-related data.
There is a need for categorizing the customer interactions in the distinct stages of the
customer journey.
The solution architecture should have capability for integration with existing systems
and platforms or future platforms. This ensures that the solution does not work only
as a standalone application but supports a unified CX management approach.
The solution should be able to analyze customer service generated customer
interactions. This includes opinion mining based on sentiment analysis, intent
recognition, summarization, and categorization.

Technical The solution architecture should be able to utilize both text-based channels such as
requirement chat, support tickets, and emails and voice-based channel for analysis.
The solution requires a standardization process and data transformation capabilities.
The unified data should be stored in a unified data storage and passed forward for
further analysis.
The results of the analysis should be shown in a Power Bl report.
The analysis should support multiple languages, the main language used in the
customer service is Finnish and English.

4.4 Solution artefact design

Based on the problem identification, objectives and requirements set to the artifact, an
architecture design process was initiated. The three main components in the solution
architecture are Microsoft Dynamics 365, Microsoft Power Platform, and Microsoft Azure.
Microsoft Dynamics 365 is a collection of business applications for sales and marketing,
service, finance, and supply chain. Dynamics is designed to help manage entire organizations
in their day-to-day business processes. (Microsoft 2024a) In this solution architecture, the
focus is on the omnichannel customer service business application. The second component
of the architecture is Power Platform, which is a service for low-code to no-code software
development (Microsoft 2024b). In this artefact the components used from Power Platform
are Microsoft Dataverse and Power Bl. Third component of the architecture is Microsoft
Azure. Azure is a cloud computing platform that provides a range of different services for
storage, computing, data storage, networking, Al, and analytics. (Microsoft 2024¢) The high-

level solution architecture is shown in the figure 16 below.
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Figure 16: High-level solution architecture diagram

In the architecture diagram the data flow starts from the four main data sources of the
omnichannel customer service module: chat, email, support tickets, and voice channel. By
default, each of these content types are stored into Microsoft Dataverse. Dataverse is a
unified storage hub within the Power Platform. In Dataverse the interaction data is stored in
a relational database structure, where data entities are represented as data tables. Each time
a new interaction is generated in the customer service, it is stored in the Dataverse. The voice
channel data by default is in audio format and cannot be stored in a relational database.
Therefore, for each voice channel interaction a link is stored to the Dataverse that refers to
Azure Blob Storage. The Blob storage contains the mp4 audio files of the voice interactions.
This link between Azure Blob Storage and Dataverse is not shown in the architecture

diagram.

There is a built-in feature in the Dynamics voice channel to create text transcripts of the
audio interactions. The development plan is first to use that built-in speech-to-text capability
that converts the voice channel interactions into text files. If the quality of the textual data is

found to be insufficient, then the audio files will be used from the Azure Blob storage. Such
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scenario requires changes to the system architecture and custom-built data pipeline for

manually converting speech-to-text.

In the Azure part of the diagram, there is a connection between Dataverse and Azure. The
connection is managed through out-of-the-box solution called Azure Synapse Link. The data
from Dataverse can be ingested by schedule-based trigger, like daily or hourly, or by event
like new data entry in Dataverse tables. Azure Synapse Pipeline is responsible for ingesting
the data from Dataverse. After the data has been ingested into the data pipeline, it will be
stored in Azure Data Lake Gen2. Azure Data Lake can manage both structured and
unstructured formats of data. This means that in the future the mp4 audio files from the voice

channel interactions can be stored in the Data Lake storage.

The reason the data is first ingested from the Dataverse to Azure Data Lake and then analysed
further is traceability and auditing the data. The approach ensures that the data can be
backtracked to the source system: customer service. This makes it more compliant to GDPR
regulations. Separate storage and processing create a clear audit trail, making it easy to track
how data is accessed, processed, and transformed. The other reason the data is stored into
Azure Data Lake is its scalability and flexibility. Azure Data Lake is optimized for storing,
and processing vast amounts of data, which makes it viable choice in the context of customer

service interaction datasets.

From the Azure Data Lake Gen2 the three diverse sources of data are first normalized and
transformed. The interaction data is formatted differently between each data source. Chat
and voice interactions, contain messages from both customer service agent and the customer.
On the contrary, support tickets interactions contain data only from the customer. After the
data has been transformed it is sent for NLP in Azure Al Language service for SA, and issue-
resolution summary. Then the interaction intent will be summarized using an LLM hosted
in Azure Al Studio. The LLM provides the knowledge what was the reason for the
interaction, and the stage of customer journey that the interaction is related to. Afterwards

the analysis results are stored back to the Azure Data Lake.

The last phase of the architecture is showing the insights to the business users. This is done
with Power Bl reports. In Power Bl, the results of SA across different topics and customers

are shown in addition with the summarizations, intents as well as customer journey stages.



61

The end users can interact with the reports via Power Bl portal, or the reports can be

embedded as dashboards within other applications.

The system architecture design has been evaluated in collaboration with senior developers,
and changes to the initial architecture have been made based on their suggestions. During
the evaluation strengths and weaknesses of the solution were addressed. The first strength of
the solution is the scalable data processing capability through Azure Synapse Pipelines and
Azure Data Lake Gen2. The chosen data storage solution supports the storage of
unstructured and structured data, which is essential when managing customer data. Taking
data lake as part of the architecture, supports the future vision of the research company of a
unified platform for storing customer data. In the future, data from other systems can be

ingested to the same storage, for more in-depth customer data analysis and profiling.

The other strength of the solution architecture is the integrations with Azure Al language
service, and Azure Al studio, which consists of advanced NLP capabilities. These two
services consist of various pre-trained models, and opportunity to develop custom models
for various NLP tasks such as SA, summarization, intent recognition and many more. In
addition, the architecture supports utilizing LLM capabilities more complex NLP tasks.
Overall, the architecture provides an end-to-end solution for customer service contact
analysis. This involves data ingestion, storage, processing, enrichment and analysis with

insight generation and end user reporting.

The downside for such architecture is its level of complexity. The integration between
multiple services such as Azure Synapse Pipeline, Azure Data Lake, and Azure Al services
requires technical knowledge including custom scripts and code. This can make the
management and maintenance of the solution challenging, especially if there is a lack of
expertise in Microsoft tools and services. In addition, it was acknowledged that there might
be some latency if the analysis is required in real-time. If the volume of data grows
significantly, the whole solution architecture should be adjusted for the need of real-time

analysis.
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4.5 Solution development

The first step in the development process was to explore the data model of the Dynamics
365 omnichannel customer service to find out the meaningful data tables from the Dataverse.
The exploration was done through the Microsoft Dataverse web application programming
interface (API) documentation (Microsoft 2024d). The web API consists of documentation
for the different data entity types, including column, and relationship descriptions. As a
result, a high-level entity-relationship diagram was drawn based on the findings on the

documentation review found in the figure 17 below.

| Email (Email) ]
PK Activityld
[ Note (annotation) ]
FK regardingobjectid
PK Annotationid
FK Objectld
[ Transcript (msdyn_transcript) ]
PK Trancsript
FK msdyn_liveworkitemidid
[ Customer case (incident) Conversation
(msdyn_ocliveworkitem)
PK Case
PK Activityld
FK Customerid
FK regardingobjectid
FK Channel
[ Contact
PK Contact
Channel (msdyn_channel)
FK Accountld
Y J PK msdyn_channelid
FK msdyn_name

[ Account

PK I Accountld

Figure 17: Entity-Relationship diagram of the Dynamics Omnichannel Customer Service

In the middle of the entity-relationship diagram is the customer case incident, which consists
of one or more interactions between the customer and a business. Each case is connected to
one or more contacts that belong to an account that represents a business. The customer
interactions are connected to the four interaction types: emails, support tickets, chat, and
phone calls, through the conversation and email entities. A support ticket is a type of
interaction where customer sends an email, and a new customer case is initiated

automatically in the system.
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The conversation entity includes both chat and phone call interactions. Conversation entity
is connected to a channel entity that provides reference to the communication channel name
used in the interaction. The actual conversation transcripts are stored in the note entity, which
is linked to the conversation via the transcript entity. The entities have many more
relationships between the tables shown. With the connections presented, tracking the
interactions for each individual customer or customer case is enabled. The provided data
model is scalable and can integrate to other external data sources in the future. An example

is integrating customer feedback survey answers and linking those to the account entity.

During the data ingestion from Dataverse into Azure Data Lake Gen2, it was found that the
built-in connector Azure Synapse Link does not work properly. It did not support data
ingestion of the conversation data encoded as base64 string values due to the length of these
values. Therefore, the data from the Dataverse had to be ingested and mapped with
customized SQL scripts into database view. After the data was ingested and stored into the
Azure Data Lake Gen2 storage, the development continues into processing the interaction
data for further analysis. The last phase of the data pipeline stores the enriched
conversational data back to the data lake in a database view. Overview of the Synapse data

pipeline is shown in figure 18 below.
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Figure 18: Synapse data pipeline

The notebook components in the figure contains a Python script, which transforms and
enriches the conversational data from support tickets, emails, voice channel and chats. Due
to the differing formats of data in chat and voice channel compared to the format of emails

and support tickets, a dedicated notebook was developed for each. Emails and support tickets
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originate from customer contacts, typically consisting of a single email message. The voice

calls and chat interactions involve multiple messages exchanged in a conversational format.

The transformation in the chat and voice channel interaction notebook begins by fetching
the conversation transcripts from the Data Lake into a data frame in a Synapse notebook.
Then the encoded base64 transcripts are decoded and parsed into a format that enables
further analysis. For example, the SA is only conducted exclusively for the customer’s
words, which requires that the customer responses are extracted into a separate list. The
transformation process of the conversation data is done with the assistance of Microsoft
documentation (Microsoft 2024e). The data transformation and enrichment process within

the chat and voice channel notebook are shown below in the figure 19.
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Figure 19: Data transformation and enrichment process for chat and voice channel
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The SA, issue and resolution summary modules are called via built-in API. The API takes
the conversational data as input and responds with the analysis results. By leveraging, the
pre-built NLP models provided by Microsoft, the development process does not require any
fine-tuning or training. This speeds up the development process and saves resources. Same
applies to the LLM used for extracting intent and customer journey phase classification. The
LLM model is a privately hosted instance of OpenAl’s GPT-3.5 Turbo, which is deployed
within the Azure Al Studio. The model is called via API, and the variables that are passed
to the model includes system prompt, the conversational data, and few configuration
variables. The system prompt includes instructions for the LLM to extract the customers
intent for contacting the customer service and classifying the contact into one of the three

stages of customer journey: pre-purchase, purchase, or post-purchase.

After the conversational data is enriched the next step within the notebook is to parse the
responses. The results are converted into a structured format, keeping in mind that the results
will be visualized in the Power BI reporting service. Then the data is stored back into the
Azure Data Lake Gen2, and a new view for the database is initiated for the enriched

conversation transcripts.

Similarly, the email and support ticket notebook start by fetching the data from the Data
Lake into the Synapse Notebook. The email interactions are in html format, and the actual
message content needs to be extracted before further analysis. Compared to the notebook
process that was shown above, the conversational issue and resolution summaries could not
be conducted, due to the format of the data. The conversational summary requires both agent
and customer messages. However, this connection is missing in emails and support tickets.
In addition, there is a difference in the system prompt that is passed to the LLM for extracting
the customer intent and the stage of the customer journey. The results of the email and
support ticket analysis are parsed and formatted in a way that they can be easily accessed
and visualized in the Power BI. The process of transforming and enriching the email and

support ticket interactions is provided in the figure 20 below.
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Figure 20: Data transformation and enrichment process for support tickets and emails

To make the analysis results accessible to the data model including all the metadata, and the

enriched conversational data are ingested into the Power BIl. Within Power BI report

Customer Journey
phase categorization
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visualizations are made to demonstrate the results of the analysis. The outcome dashboard

includes aggregation of different customer contacts based on their sentimental scores and

detected customer journey phase associated with the conversation transcript. Additionally,

issue and resolution summaries are provided, and can be cross filtered with the journey stage

and sentimental scores.

The data model in Power BI is constructed so that the analysis results can be shown in

individual contact or customer case level. In the scenario of customer case, the case entity

might include multiple conversations between the customer service and customer. The

sentiment is calculated as the average sentiment score across the interactions. The intent,

customer journey stage, issue and resolution summaries are not aggregated in such situation.

The Power BI visualization dashboard is shown below in the figure 21.
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vaihtaa sen toiseen malliin. johon asiakas suostui. Asiakaspalvelija tarjos

asiakkaalle muutamia vaihtoehtoja tarkistaa ja

shettzs ne sahkopostitse jatkokasittelys varten.

CAS-010S5-N6J2HO  08/10/2024 Pre-purchase  mixed Asiakas ei voi tehds tilausta Agentti tarkisti jarjestelman hairisiden varalta eika Maksuongelma verkkosivuston tilauksen
verkkosivustolla luottokortilla,  18ytanyt mitaan. Suosittelemme tarkistamaan yhteydesss.
saa virheilmoituksen, pankista verkko-ostokset ja kokeilemaan toista Phase: PfE-DufthéSE

maksutapaa. Jos ongelma jatkuu, asiakkaan tulee
ottaa yhteyttd tukeen uudelleen.
CAS-01054-Z8HOS8  08/10/2024 Pre-purchase  positive Asiakas tiedustelee puhelimen  Agentti ilmoitti asiakkaalle, etta puhelin on Customer is inquiring about the durability
tyoh

ttyvaa kestavyyttd ja  suunniteltu kestamaan kovaa kayttaa ja tarfjoaa and extended warranty of a phone before

takuuvaihtoehtoia. isatakuuvaihtoehtoia. Asiakas oli twivwainen makina a purchase.

Figure 21: Customer experience measurement dashboard in Microsoft Power Bl

The original plan was to implement opinion mining and key phrase extraction in addition to
the other analysis. During the development it was found that they did not provide any useful
information. The opinion mining analysis could not recognize opinions properly, which lead
into mostly empty analysis results, or the results were not logical. Similar problem was faced
with the key phrase extraction, where the NLP model returned around 10 to 30 phrases that
were not seen to be valuable or relevant for the analysis. These NLP enrichments were left

out from the synapse notebooks and Power BI reports.

4.6 Solution demonstration and evaluation

The solution demonstration and evaluation were conducted in cooperation with the project
stakeholders from the research company. The demonstration included highlighting the
functionality of the analysis pipeline. This was done by discussing how the pipeline is
constructed, and the challenges that arose during development. In addition, future directions
were discussed. At last, an evaluation whether this kind of solution will help the research

company in their business problem was conducted.
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The demonstration begins by going through the data ingestion from the customer service
source system and each of the features during the enrichment process. This includes a before-
and-after comparison based on the original transcript and outcome of the analysis. The
demonstration with the stakeholders was done by going through the interactive Power BI
report, as well as showing the architectural and process flow diagrams of the solution. In the
scope of this research paper not all test cases are gone through individually, and only few
interactions are chosen to demonstrate the functionalities. The chosen transcripts are from

chat and voice channel and can be found in the Appendix 2 and Appendix 3.

Sentiment analysis

The output from the NLP is both document level and sentence level sentiment labels
accompanied with sentimental confidence scores. Altogether, most of the interactions seem
to be labelled with mixed sentiment. This implicates that there is both positive and negative
sentiments without a dominant tone. The SA was only conducted for the messages from the

customer. The sentence level SA for the chat interaction is shown in table 5 below.

Table 5: Sentiment analysis from chat conversation

. Negative | Neutral Positive
Customer Sentences Sentiment
score score score
Hei, yritan tehdé tilausta verkkosivuillanne, mutta .
y . i Negative 0.69 0.30 0.00
maksuni ei mene l&pi.
| itté ita kertoj i I .
Q en .yrlttgnyt useita kertoja, mutta aina tulee Negative 0.88 012 0.00
virheilmoitus.
Kéaytén luottokorttia, ja olen ta'rkl.stfanut !<ort|n tiedot Negative 0.87 013 0.00
useaan kertaan, mutta maksu ei silti onnistu.
En ole varma, en_ole koskaan kohdannut tallaista Negative 0.58 0.41 0.02
ongelmaa aiemmin.
Selvg, ko.kellen ensin tatd ja otan yhteyttd, jos Neutral 0.08 0.87 0.05
ongelma jatkuu.
Kiitos neuvosta! Positive 0.00 0.03 0.97
Overall Sentiment Score Mixed 0.60 0.20 0.20

By manually reviewing the sentence level sentiment scores, the analysis results are correct.
Although the conversation is held in Finnish, the prebuilt NLP model seems to work well

while detecting sentiments from chat conversations. The overall sentiment score is off. Most
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of the customer messages are labelled as negative, but the overall sentiment is still mixed.
In addition, the conversation level sentiment score indicates that the conversation was mostly

negative, but it is still labelled with mixed sentiment.

When exploring further there is a clear path from negative into positive sentiment throughout
the conversation. This might indicate that the service agent was able to transform the
customer mindset from negative into positive during the discussion. This can make the
conversation level sentiment challenging to detect. The SA results consist of both the
document and sentence level confidence scores. This enables more complex calculations,

measurements, and custom labeling in the future.

Next, we will look at the voice channel interaction, which was also labelled with mixed
sentiment in the conversational level. Compared to chat interaction there is a slight
difference in the quality of transcription. The chat interaction occurs as text by default, but
the voice channel interaction must be converted from speech into text to perform the

analysis. The SA results are shown in table 6 below.

Table 6: Sentiment analysis from voice channel conversation

Customer Sentences Sentiment Negative | Neutral Positive
score score score

No hei muutosta emi tassa mulle hei ma soitin vai
koskelta kun mé& oon soittanut tdnne niin mulle
mternetyht(_ays '_[jcll katlflEI"Il.E.(IE"[ja astl_Ja el_ole mitaan Negative 0.67 0.04 0.28
tapahtunut ja niinku tin t&4& on nyt ihan ihan
turhauttavaa kun tota pitd4 useamman hienolle soitella
soitella kerta toisensa peréan.
Taéhén on tapahtg.nu:t_J? melkein kuukauden ja no en Neutral 0.27 0.72 0.01
osannut tota tehtya toita.
Kotona on niinku kahdenkymmenen vélilla 2 kertaa
yhteystie ja tota se aikaisemmin asiat paljon Neutral 0.01 0.85 0.13
opastetaan.
Tulisi niinkutteknitkan paglle, mutta tota ei ole Negative | 0.58 0.41 0.02
vieldké&an kaynyt eikd mitaén ole tapahtunut.
Niin saataisiin tatd asiaa nyt hoidettua tassa. Neutral 0.02 0.72 0.26
No niin hyva kuultua. Neutral 0.03 0.55 0.42
T0|vott.av.gst| taé nyt nyt. kohtuu tall kertaa sitten Positive 0.01 0.06 0.92
terve vield uudestaan soittaa.
Jes Kiitos. Positive 0.01 0.25 0.74
Ei. Neutral 0.00 0.99 0.00

Overall Sentiment Score Mixed 0.30 0.21 0.49
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When manually reviewing the analysis results, the sentiments seem to weigh more on the
neutral to positive axis. This is confusing due to the conversation is obviously a feedback
call regarding something that was promised but has not been done. This conversation is like
the chat conversation above. The flow from negative into positive can be detected. It seems
that in this case the agent promised the customer to manage the situation, which pleases the
customer. Therefore, a mixed sentiment label might be correct for such scenario: customer

will not be dissatisfied if the task is getting handled now.

Issue and resolution summary

The same examples from the chat and voice channel interactions are used to demonstrate the
capability of issue and resolution summary. The issue summary involves extraction and
summarization of the part of the conversation where the problem or complaint is described.
The issue is typically extracted from the customer’s messages. Resolution summary on the
other hand describes how the recognized issue was resolved. Resolution summary is found
from the customer service agent transcripts. For the issue and resolution summary the whole
conversation transcript was passed to the NLP application including both: customer and
service agent responses. The issue and resolution summary for the chat conversation is found

in table 7 below.

Table 7: Chat conversation issue and resolution summary

Issue Summary Resolution summary
Asiakas ei voi tehdd tilausta verkkosivustolla | Agentti tarkisti jarjestelmén héirididen varalta eiké
luottokortilla, saa virheilmoituksen. [oytanyt mitédn. Suosittelemme  tarkistamaan

pankista verkko-ostokset ja kokeilemaan toista
maksutapaa. Jos ongelma jatkuu, asiakkaan tulee
ottaa yhteyttd tukeen uudelleen.

When comparing the original transcript with the issue and resolution summary for the chat
conversation, the summary is accurate. Both the issue and resolution summary can extract
the meaningful aspects from the conversation. Next up were looking into the voice channel
transcript, which quality was slightly worse compared to the chat transcript. The issue and

resolution summary for the voice channel conversation is found in table 8 below.
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Table 8: Voice channel conversation issue and resolution summary

Issue Summary Resolution summary
Asiakkaalla on ollut Internet-yhteysongelmia l&hes | Virkailija tarkisti varausjarjestelméan ja totesi, etta
kuukauden ajan. teknikon kaynti oli jadnyt véliin. Asiakaspalvelija

vakuutti asiakkaalle, ettd kaynti tekniikan kaytossa
nopeutuu ja hyvitykset ongelmasta hoidetaan
seuraavalla laskulla.

After reviewing the original transcript and the issue and resolution summary, the quality of
the analysis is much better than expected. Though the transcript quality was not the best or
concise, the pre-built NLP summarization model was able extract meaningful issues and

resolutions.

Intent recognition

The intent recognition was done using LLM due to the lack of prebuilt NLP models available
that serve such purpose. The intent recognition primary goal is to identify and summarize
what the user wants to achieve by analysing the given input. A system prompt was formed
to perform such action with the LLM. The output from the LLM is in English. This is because
when the system prompt was adjusted to provide output in Finnish, the output was
combination of Finnish and English. The model forgot the instruction and provided results
in both languages. Therefore, it was strictly configured into the system prompt that the model
would only provide the results in English. The results for both demonstration examples: chat

conversation and voice channel conversation are provided in the table 9 below.

Table 9: Intent recognition results

Conversation type Recognized Intent
Chat conversation: Appendix 3 Assistance with payment issue.
Voice channel conversation: Appendix 4 Technical support for internet connection issues.

Based on the results, both recognized intents were on point when compared to the original
transcriptions. During the demonstration with the stakeholders a question arose regarding

using this knowledge for the company decision-making. While the recognized intents are on
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point and accurate, they might not be sufficient for decision-making point-of-view. In the
future the intents should be mapped into more abstract one-word categories. One-word
category mapping allows gquantifiable measurements and aggregations across the analysis
dataset. When tried to accomplish this by modifying the LLM prompt, the LLM could not
keep the intents as one-word abstractions. Such classification would require a custom-built

ML model, and therefore is not in the scope of this research.

Customer journey stage categorization

In the customer journey stage categorization, the LLM was given a task to determine the
customer journey stage based on the conversational data. The possible stage categories were
pre-purchase, purchase, and post-purchase. The reason the LLM was able to provide a single
word category in this case, was that that these categories were known ahead. By adjusting
the prompt to only use the pre-determined categories as the result, the LLM was able to
provide the results as one-word abstractions. The categorized stages for both conversation

types are shown in the table 10 below.

Table 10: Customer journey categorization results

Conversation type Customer journey stage
Chat conversation: Appendix 3 Purchase
Voice channel conversation: Appendix 4 Post-purchase

When validating the assigned customer journey stages with the transcriptions, the results
was confirmed to be accurate. In the first conversation the customer contacted regarding a
payment issue, while trying to make the purchase. The label given by the LLM in this case
was the purchase stage. The voice channel conversation regarding the internet connection
issue suggests that the customer has already bought services and products, but they are not
working properly. For this conversation, the categorized customer journey stage was post-

purchase, which also is accurate for the given transcription.
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Final evaluation

The evaluation for the proposed analysis results were done manually by reviewing the
different cases through the Power BI report. The only challenge observed from the analysis
results was related to the LLM utilized for intent recognition and customer journey stage
extraction. When the analysis pipeline was executed multiple times, the structure of the LLM
responses was inconsistent. Specifically, the format of the output varied in between pipeline
executions. While this did not affect the quality of the analysis results, the inconsistency in
output structure made it hard to parse the data. The challenge could be seen in the Power Bl
reports, where the intent column contains both the recognized intent and the customer
journey stage. This challenge was tried to be fixed with different prompts, but it did not
resolve. Due to the probabilistic nature of LLM’s, it is difficult to achieve standardized

output format when the number of analysis executions increases.

Despite the lack of statistical validation, the manual evaluation with the stakeholders
demonstrated that the artefact was able to provide valuable information. When reflecting to
the requirements set for the artefact during objective definition, all the requirements were
addressed. The solution provides the transparency and insights from the customer interface
for the decision-making. Artefact addresses the need for a unified way to store all customer
related information in data lake solution. In the future the solution can be extended with
other customer data sources other than customer service for extended CX analysis. The
artefact enables a new way to measure CX from the interactions that the customer has with

the company.

The CX measurement is accompanied with the frequent issues and topics that arise in both
text and voice-based interaction channels. These results can be explored with Power Bl
reports. The company will have a shortlist of the issues in their processes, mapped to the
individual stages in the customer journey. These issues can be addressed in the future to
improve the state of CX. In addition, the artefact supports analysis for interactions in both
languages Finnish and English. From the accuracy perspective, all the analysis results
including SA, issue and resolution summaries, intent recognition and customer journey stage
extractions were aligned with the expected outcomes. Given the promising results, the
company of this research expressed interest for integrating NLP capabilities as part of their

CX measurement process in a larger scale.
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5 Discussion

This thesis researched how NLP could be utilized to improve CX in the context of customer
service. Several findings emerged from this study. One of the findings highlighted the
relationship between customer service and CX. Another involved a framework for
continuous CX measurement in the customer service with a practical measurement
suggestion. Additionally, the study includes a comprehensive exploration of the NLP
applications. The review is accompanied with the business benefits and challenges

associated with these applications.

The study demonstrates how NLP can provide much deeper understanding of the customer
interactions in customer service using SA, intent recognition, issue-resolution summary, and
customer journey mapping. These methods provide actionable insights to improve CX, with
a new CX measurement metric that captures the state of experience from the customer
interactions. As a result, the needs and challenges of customer can be now addressed,

contributing into more pleasant CX in the future.

One of the major challenges when utilizing NLP applications in the customer service, was
found to properly understanding the language. These challenges included business specific
terminology, ambiguity, context, less spoken languages, and sarcasm. (Olujimi & Ade-
Ibijola 2023; Juglan et al. 2023). In the literature, it was suggested that custom-built NLP
models should be utilized especially in the context of less spoken languages (Selvaraj et al.
2022). Despite the suggestion, in this study the prebuilt models seemed to work well with
Finnish language. Especially in the scenario where the voice channel interactions transcripts
quality was found to be slightly off, the pre-built model could provide quality outcomes.
With the utilization of prebuilt NLP models, businesses can speed up their journey for
implementing Al capabilities in their processes. If the difference of custom built and prebuilt
models is negligible, prebuilt models offer more cost-effective solution for many

organizations.

Through the demonstration and evaluation, it was found that the SA, issue, resolution, and
intent summaries were helpful for providing general overview for customer interactions.
However, to perform better reporting and deeper analysis these summaries should be labelled

and categorized with more abstract categories. This would allow much better measurement,
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pattern and trend recognition across all analysis results. Such mapping was recognized to
require a custom built multiclassification ML model, and therefore was not in the scope of

the research.

The SA was found to be a good starting point for analysing customer experience from the
customer service interaction data. The literature regarding CX measurement suggests, the
overall CX measurement should be combined from multiple metrics (Patti et al. 2020). The
SA accompanied with other insights like issue-resolution summary, intent recognition, and
customer journey stage categorization, is an excellent metric to add to the CX measurement
framework. SA alone cannot capture the overall status of CX, and it needs to be

complemented with other CX metrics.

The quality of transcriptions from the voice channel were slightly off, but surprisingly the
quality did not affect the value of further analysis. Converting speech to text was found as a
challenge in previous research (Shah et al. 2023). In the artefact the voice channel transcripts
were provided by the built-in feature of the Dynamics omnichannel customer service. The
quality of these transcripts might have been improved if the speech-to-text conversion had
been done as part of the artefact. Although, the results from the voice channel transcription
analysis were found to be good enough. For the further refinement of the artefact,

implementing custom speech-to-text for voice channel could be investigated.

In the initial investigation of the potential research topics for this thesis, the company stated
that in the future they are eager to have an Al powered customer service agent. At that time
this was a futuristic goal, as the business did not have all the data required to train and build
such system. However, with the results of this analysis, the company was closer to this goal.
By training an Al powered virtual assistant with issue, resolution, and extracted customer
intents the assistant would be able to mimic the actions of human customer service agents.
In practice, this enables virtual assistant to provide accurate resolutions to the customer

inquiries like human agents.

What comes to the limitations of this study, no statistical analysis was done to justify the
results for the prebuilt NLP models or the LLM. In addition, the data used to demonstrate
and validate the analysis capabilities was originated from manually generated test scenarios.
Generating the interactions manually into the customer service system was found to be

resource intensive. Therefore, a statistical analysis for a bigger sample could not be done,
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due to the lack of resources dedicated for the thesis research. To improve the reliability of
the solutions results, more comprehensive validation should be conducted. The accuracy of
the prebuilt NLP models should be validated, and the groundedness of the LLM output

should be accessed.

In addition, if the artefact is taken into larger scale production cost analysis should be
conducted. The DSR artefact utilizes various Microsoft Azure resources. Before expanding
the solution into larger scale, cost estimations should be done to get overview of the analysis
cost per conversation. Azure offers different tiers for the cloud computing resources
deployed. Deploying higher tier resources will improve the computational efficiency and
reduce latency of the data pipeline. A balance between efficiency and cost should be

investigated in the future.

It is worth to mention, that during the time this research was done, Microsoft released new
features in the built-in Al assistant called Copilot for customer service. These features
include SA, conversational summarization, and intent recognition. The features are included
as part of the omnichannel customer service subscriptions. This means that accessing them
do not require any configurations or custom scripts. Despite the immediate availability and
low cost of these features, they the lack opportunity for customization that came with the
artefact developed. While the Copilot NLP features might serve the general needs efficiently,
a customizable NLP solution provides much more flexibility and adaptability. In the end it
comes to the question, does the out-of-the-box features serve the specific needs of a business,

or if more customizable solution is required.
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6 Conclusions

Al has become one of the most sought-after technologies for businesses across different
industries. Companies want to implement Al as part of their processes to achieve greater
efficiency, cost savings, and competitive advantages. In this research a subfield of Al, NLP
was studied in the field of CX in the customer service. In depth review was conducted on
the relationship between CX and customer service along with the measurement practices of
CX. Additionally, technological advancements and NLP solutions for improving CX in

customer service were explored in practice.

The research followed a structured research process adapted from the DSR methodology.
This guided the whole research process including the designing, developing and evaluating
the proposed solution. The research objective was studied with one main research question
and three sub-questions. The research questions and the summarized answers are presented
in the following paragraphs. The first sub-research question investigated the relationship

between customer service, CX and its measurement:

What is the relationship between customer service, customer experience and its

measurement?

Customer service is the first point of contact in-between a business and a customer. It has
been recognized as one of the most important touchpoints, due to the multiple functionalities.
Customer service manages customer inquiries, facilitate customer decisions, builds
relationships, and improves sales. Poor customer service can damage relationships with
customers leading to dissatisfaction, negative reviews, and reputation harm. On the contrary,
a good service experience can be seen as competitive advantage. Good service experiences
not only promote short-term satisfaction but lead into long-term customer loyalty and WOM.
Customer service has a critical role shaping the overall CX. Well-functioning customer
service differentiates business in a competitive market and leads to long-term financial

benefits.

In terms of CX measurement, customer service is one of the data sources that can capture
the full spectrum how customer honestly think, feel, like and do not like in their experiences

with a business. It was found that open ended CX measurements can capture the true voice
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of the customer. They reflect genuine and unfiltered feedback from the customer. Therefore,
by diving into the interaction data produced by the customer service, businesses can
understand their customers better. By analysing the interaction data businesses can evaluate

the state of CX straight from the source — customers themselves.

The second sub-research question explored the different use case scenarios in which NLP
can be applied within the customer service to enhance CX:

What are the different natural language processing applications in the customer service,

and how do they improve customer experience?

NLP applications in the customer service can be broadly categorized into three groups: text-
analytics, machine translation, and conversational systems. The applications that fall into the
text-analytics group focus on extracting meaningful information from textual data. Text-
analytics applications include SA, named entity recognition, categorization, and automatic
summarization. Machine translation applications involve translation process from
converting spoken or written language to another language. Conversational systems refer to
chatbots, virtual assistants and voice recognition systems that can autonomously manage

customer inquiries and offer support 24/7.

The way how NLP applications can contribute to CX, is by understanding of customer needs
and preferences, as well as improving the accessibility of customer service. They allow
businesses to understand customer emotions, and response appropriately to the customer
through SA. By recognizing customer intent, NLP applications can route customer inquiries
to right departments or provide responses quickly via automation. Additionally, NLP can
summarize long conversations and interactions, which makes it easier for customer service
agents to understand customer issues. Moreover, NLP breaks down the language barrier by
enabling multilingual support to customers. When these functionalities are combined into a
conversational system, routine like tasks can be automatized including order processing,

answering frequently asked questions, and solving customer cases.

The third sub-research question investigates how NLP can be used to measure and provide
insights of the state of CX:

How natural language processing can be used to analyze customer interactions and measure

customer experience?
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Within the research, a software architecture was designed and developed. Solution converts
unstructured interaction data with NLP into measurable insights that are captured across
multiple channels of the customer service. With the utilization of NLP technigues such as
categorization, summarization, and SA the system can interpret and quantify various aspects
of customer interactions. The proposed architecture identifies reason behind each
interaction, detects the emotional tone in sentence and interaction level, and categorizes the
conversation to distinct stages of customer journey. Additionally, it provides a
summarization for key issues and their resolutions. This offers valuable insights that help

business to understand customer needs and measure the state of CX.

When all the analysis results are combined into reporting dashboards, patterns and areas for
improvement can be identified. Sentiment scores combined with recognized customer
intents and issues, provide a good overview of the state of CX. This combination brings not
only the emotional context but also the interaction purpose. By understanding why customers
are engaging and how do they feel, businesses enable data-driven decision-making to

improve CX.

With the knowledge from all the sub-research question answers we can provide explore the

main research question:

How natural language processing can be utilized in the customer service to improve and

measure customer expe rience?

Through NLP applications such as text analytics, machine translation and conversational
systems, businesses can improve CX by better understanding of customer emotions, needs,
and intents. Text-analytics provide tools for analysing the various sources of unstructured
data produced by the different channels of customer service. Machine translation enables
multilingual customer environments that break down language barriers between business
and customer. Conversational systems automate routine tasks, provide 24/7 support, and

improve the accessibility of service leading into improved CX.

In terms of CX measurement, NLP can convert the interaction data into quantifiable metrics.
With a combination of customer intent analysis, sentiment scores, and key issues NLP can
provide comprehensive view of CX in the distinct stages of customer journey. Traditional
CX measurement methods have not been able to capture the state of CX straight from the

source. However, NLP enables businesses to access unfiltered state of CX directly from the
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customer interactions. In conclusion, with NLP, businesses can improve the efficiency and
accessibility of their customer service, while gaining insights into CX by analyzing customer

interactions.

The suggestions for future research include further exploration of methods for evaluating
CX from customer interactions and broadening the CX measurement framework. During the
research, it was acknowledged that singular metrics are not sufficient to capture the whole
complexity of CX. However, NLP provides an effortless way to quantify customer emotions
that reflect the general level of satisfaction and dissatisfaction. Exploration of more
sophisticated NLP methods, that potentially incorporate multimodal data such as voice tone
and facial expressions is a potential path for future research. The other direction for future
research is to broaden the CX measurement framework. This can be done by incorporating
operational and outcome-based metrics in addition to the observational metric provided.
Expanding the solution with such metrics, would lead into much comprehensive

understanding of CX, with a clear linkage to business outcomes.
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Appendix 1 Interview topics, questions and goals

Topic

Questions

Goal of the question

Current CX measurement
tools

What tools or methods are used in your
organization to measure customer
experience? (Observational,
Operational, and  Outcome-based
measurement methods) And which of
these are the most important?

Understand the current state,
which tools and methods are used
for CX measurement.

What challenges or limitations do you
encounter in the use of the current tools
or methods intended for measuring
customer experience?

Discover problems and challenges
with current methods, identify
areas for improvement.

Relationship between CX
and customer service

How do you perceive the role of
customer service in shaping and
measuring customer experience?

Explore the business perspective
of customer service shaping and
assessing CX.

Are there CX measurement methods
that utilize data obtained from customer
service?

Determine how the customer
service data is currently used for
CX measurement practices.

How is the data generated from
customer service currently analyzed and
utilized in your organization?

Gain understanding how customer
service data is currently processed
and utilized.

Future vision

Do you believe that a more in-depth
analysis of customer interactions would
be beneficial for measuring and
improving the customer experience?

Overall reasoning why analyzing
customer service produced data
could bring benefits for their
business.




Appendix 2 Chat interaction transcript

Customer: Hei, yritan tehda tilausta verkkosivuillanne, mutta maksuni ei mene l&pi. Olen

yrittanyt useita kertoja, mutta aina tulee virheilmoitus.

Agent: Kiitos viestistd, ja pahoittelut kuulemastasi ongelmasta. Katsotaanpa heti, mika voisi

olla vikana. Voitko kertoa, mitd maksutapaa kaytat?

Customer: Kaytan luottokorttia, ja olen tarkistanut kortin tiedot useaan kertaan, mutta

maksu ei silti onnistu.

Agent: Ymmarran. Tarkistan jarjestelmastdmme, onko meilld talla hetkella
maksujarjestelman hairioita... Ei nayta olevan yleista vikaa. Onko kortilla mahdollisesti

asetettu turvallisuusrajoituksia verkko-ostoksille?
Customer: En ole varma, en ole koskaan kohdannut tallaista ongelmaa aiemmin.

Agent: Suosittelen tarkistamaan pankiltasi, ettd kortilla voi tehdd verkko-ostoksia ilman
rajoituksia. Vaihtoehtoisesti voit kokeilla toista maksutapaa, kuten PayPalia tai tilisiirtoa,

ja jos ongelma jatkuu, voit palata takaisin, niin selvitimme asian pidemmalle.
Customer: Selva, kokeilen ensin tata ja otan yhteytta, jos ongelma jatkuu. Kiitos neuvosta!

Agent: Olkaa hyvat, ndkemiin!



Appendix 3: Voice channel interaction transcript

Customer: Terve.
Agent: Heippa offilla miten voin auttaa?

Customer: No hei muutosta emi téassa mulle hei mé& soitin vai koskelta kun méa oon soittanut
tanne niin mulle internetyhteys tai katkeilleet ja asti ja ei ole mitdan tapahtunut ja niinku tén
tda on nyt ihan ihan turhauttavaa kun tota pitdd useamman hienolle soitella soitella kerta

toisensa peraan.

Agent: Joo, ymmarran turhautumisen sijaan olen todella pahoillani, ettd ongelma ei ole
vield ratkennut. Otetaan tdma nyt yksi kunnolla selvitykseen. Voitko kertoa minulle

tarkemmin milloin yhteys katkeilee ja onko aiemmin tehty jotain korjauksia?

Customer: Taahan on tapahtunut jo melkein kuukauden ja no en osannut tota tehtya toita.
Kotona on niinku kahdenkymmenen valilla 2 kertaa yhteystie ja tota se aikaisemmin asiat
paljon opastetaan. Tulisi niinku tekniikan paalle, mutta tota ei ole vielakaan kaynyt eika

mitaan ole tapahtunut. Niin saataisiin tata asiaa nyt hoidettua tassa.

Agent: Tuo on todella ikdvaa kuulla. Tarkistan heti varausjarjestelméastd. Onko teknikon

kayntia kirjattu?
Agent: Kun odottaa pieni hetki.

Agent: Joo nayttaa siltd, ettd varas on jostain syystd jaanyt tekemattd. Laitetaan asia

valittdmasti kuntoon ja kiire koetan kiirehtia tekniikan vierailua.

Agent: Lisaksi hyvitykset tastd ongelmasta hoidetaan seuraavassa laskussa. Pahoittelut

jalleen aiheutuneesta vaivasta.

Customer: No niin hyva kuultua. Toivottavasti taa nyt nyt kohtuu talla kertaa sitten terve

vield uudestaan soittaa.
Customer: Jes kiitos.
Agent: Kylla. Eikohan tama selvia. Kiitos hei hei.

Customer: Ei.



