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Adapting Al-driven solutions in customer services (CS) is becoming increasingly important to counter the
combined impact of increased workload and management expectations. Addressing copious text volumes, text
analytics (TA) assumes an important supporting role within CSs. However, the absence of TA and NLP appli-
cation guidelines slows progress. Utilization of Al advancements in linguistically intricate languages and less
digitally developed regions presents challenges.

Using a systematic in-depth review of the literature and expert feedback, this study presents the TA/NLP
landscape in the context of CS. The paper discusses challenges, open issues, and active research areas in TA/NLP,
mainly in customer service, and validates its findings with a country example and industry experts. In addition to
the theoretical and practical value of the Al-driven customer service landscape, a unique methodological
approach, which includes Al-assisted content mining with BERTopic, systematic literature review, domain expert

validation, and the example contributes to methodology development.

1. Introduction

As a result of the networked digital economy of the 21% century, the
role of customer services has widened, and their importance has
increased in both reaching customer satisfaction and delivering higher-
quality service (Cassandra et al., 2019). The changing role and the
appearance of new technologies and communication channels (web
forms, online feedback, social media, chat, video chat, etc.) brought on
new responsibilities, increasing pressure on this organizational function
(Saberi et al., 2017). The new channels, especially the general avail-
ability of various forms of social media, have increased the number of
incoming messages, requests, complaints and questions. In addition,
depending on the business profile, the number of inquiries to be handled
can be exceptionally high for days or weeks at a time during specific
"campaign" periods. Moreover, these incoming messages often need to
be dealt with at short notice precisely because of the periodic nature of
the issues.

One possible way out is to digitalize customer services (Correani
et al., 2020). While most digitalization projects have their strategic aim
to improve the quality of customer experience, they often focus on sales,
marketing, and logistics aspects, while back-end support of customer
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care often lags behind (Hryhorak et al., 2020; Kim & Lee, 2024). The
latest artificial intelligence (AI) developments offer many new oppor-
tunities for customer service (Chung et al., 2020; Davenport et al., 2020;
Inavolu, 2024; Lazo & Ebardo, 2023; Xu et al., 2020), including CRM
customization, robo-advisors, recommendation systems, chatbots,
self-service options, faster response time and issue resolution, opera-
tional efficiency enhancement and fraud detection. According to Huang
and Rust (Huang & Rust, 2018), there are two dominant characteristics
of Al that matter most to service: (1) self-learning and (2) connectivity.
Self-learning in artificial intelligence means a machine that can auto-
matically evolve with experience, like some machine learning models.
Networked Al is creating the emerging phenomenon of collective in-
telligence, like the Internet of Things (IoT), that enables smart
service-based simple sensors.

To counter the combined impact of the increased workload, espe-
cially regarding text processing and heightened expectations in
customer service, there is a growing emphasis on using Al, more spe-
cifically text analytics (TA) and natural language processing (NLP) so-
lutions, so we focus on this Al area in this article. Recently, the rapid
development of TA and NLP has been transforming not only the field of
scientific research but also the services companies provide and, indeed,
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all aspects of our lives (Chin et al., 2023). Generative artificial intelli-
gence tools, in particular, Large Language Models (LLM) such as
OpenAl's ChatGPT (Ray, 2023) promise to provide effective solutions in
customer service as well.

Given the nature of the work of customer helplines, like the need for
written and spoken communication and the pressure to process vast
amounts of text, various forms and techniques of NLP, text mining (TM)
and text analytics enjoy special attention (Borg et al., 2021). Text mining
is a semiautomated process of extracting patterns from large amounts of
unstructured data sources, while text analytics is a broader term; it is
text mining extended with information retrieval (Sharda et al., 2021).
Text mining and text analytics are often used interchangeably, so we use
text analytics in this paper. However, the application of these can bring
additional burdens, especially in the case of a failed Al solution. The
most common option in customer service context is the use of chatbots
(Klopfenstein et al., 2017), which come in three forms: rule-based
(question-and-answer or keyword search), NLU-based (limited)
open-text chatbots/voicebots/phonebots, and the most recent
LLM-based pretrained Al models. NLP is an essential component of TA
and is a field of AI and computational linguistics. NLP addresses the
problem of "understanding" human language, formalising it to make it
easier for computer programs to process (Sharda et al., 2021). In
customer service fields, it could be used in many ways for the inter-
pretation of telephone conversations, the analysis of social media posts,
or the categorization, preparation or even answering of incoming mes-
sages based on their content (Belk et al., 2023; Hese, 2022; Kumar et al.,
2021).

While the latest Al-driven NLP solutions are widely discussed in the
literature, these works are often not connected to the daily tasks of
customer service. Managers and decision-makers of customer service
units are not always able to utilize the latest results of Al research,
especially in the case of small languages and in those countries where
digitalization is not in a mature phase (Kim, 2023). The most advanced
NLP and TA solutions are developed for the English language, while
solutions available for small languages are fewer, typically due to the
size of the market (Joshi et al., 2020). Another barrier to spreading these
solutions is the level and status of digitalization in a given country,
especially when the adoption of relevant digital technologies is low for
industry and the public.

This paper assesses the utilization of text analytics and NLP solutions
in customer service based on literature feedback from customer service
experts, and using an example country, the case of Hungary. It details
the suitable and typical NLP solutions in a particular customer service
domain and the possibilities for an extension. The rapid growth of NLP
and text analytics can only be fully exploited in customer service if we
understand the current state of their application. This research helps to
assess such a situation, and beyond this snapshot, it discusses the chal-
lenges, barriers, and opportunities of using TA and NLP in customer
service.

The main contribution is that the paper provides an overview of the
utilization of NLP solutions in customer service through a unique
methodological approach. This approach includes a systematic litera-
ture review, BERT-based topic modelling, and validation of the results
with domain experts. Finally, trends and challenges for customer service
in TA and NLP utilization are identified based on the exploration.

2. Al in customer care - emerging technologies and linguistic
challenges

In recent years, customer service has become heavily reliant on
technology and has experienced significant changes, primarily due to
the advancements in artificial intelligence technologies (Huang & Rust,
2018). On the analytical side of customer care, the application of TA,
information extraction, and various knowledge-representation tech-
niques, while from a communication point of view, speech recognition,
voice generation, question/answering, and chatbot-based techniques
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are being discussed in the literature (Fu et al., 2021; Saberi et al., 2017)
as potential Al-based language technologies and tools that are becoming
mature and ready for deployment in customer service contexts. The most
popular solutions are based on various question-answer techniques,
while the fastest-growing segment is chatbots (Mnasri, 2019; Nguyen,
2019). The underlying models are typically based on machine learning
(ML) approaches, which are usually utilized as supervised learning,
which requires tagged training data (often created due to laborious
manual work). In simple cases, a smaller training set might be adequate,
but performance can be improved using more extensive data sets and
longer training processes. While "over-training" could be an issue,
another challenge relates to the length of the text, which is often limited
by the size of the model's input layer.

Beyond the traditional machine learning techniques, growing inter-
est is gained by the more complex solutions such as GPT and BERT
models and their spin-offs. These massive models utilize deep learning
based on a so-called "transformer" architecture using "attention-based"
model elements and build a language model using an auto-regressive
approach. They have potentially hundreds of millions (or even bil-
lions) of parameters, use massive datasets of Terabytes in size for
training, and run on dedicated, expensive hardware. Building such a
language model thus requires a lot of resources: time, money, technol-
ogy, and human labour, including specialized expertise (Kim, 2023).
The resulting solution, however, can extract information related to the
context of text pieces and be able to interpret words and sentences in
relation to their immediate or even broader textual environment
(depending on the number of input parameters). A pre-trained generic
model can be fine-tuned to a specific goal. Although they are available
online for limited free use and there is a lot of research focusing on
investigating their abilities, their application in the context of customer
care is yet to be explored (Senese et al., 2020).

Since most techniques and models mentioned above are resource
intensive (including a massive input corpus to be prepared), one issue
considers the limited availability of solutions for small languages. An
emerging research area at the intersection of NLP applications and
customer care addresses the issue of small languages (Joshi et al., 2020).
The problem is rooted in the size of the market, that is, the population
speaking a given language. In the context of digital presence, "small" is
understood as a language with less than ten million speakers. Such small
languages are disadvantaged both from a technical and an economic
point of view. In a small market, it is not immediately economically
feasible to develop NLP technologies as they require considerable time
and effort to develop a sufficient language-specific base (the language
corpus).

Even with an acceptable starting corpus, domain or profession-
specific frameworks (such as a legal, health, or telecom corpus) would
also be needed before the final development of a particular application
or solution. Considering the European Union, only 5 of its 27 members
have more than 20 million inhabitants (speaking the same language),
and 15 have a population below 10 m. This issue also impacts several
Asian and African countries as well.

The size of the target population also impacts the cost of develop-
ment compared to the potential number of users. In addition, small
languages would more likely face problems rooted in the lack of general
NLP solution tools that special industries could rely on. Small languages
often do not hit the break-even point of the economies of scale for
manufacturers and service providers. The result is that the choice and
the quality of applications for small languages are vastly poorer than
that of large ones (Akdemir et al., 2022; Chiang & Trimi, 2020). There is
no place here to compare commercial products, but a quick look at the
number of articles in the English and Latvian Wikipedia will be
convincing enough (2567,509 versus 17,527).

In addition, in small countries and the context of smaller languages,
smaller organizations face extra hurdles. This does not mean that big
firms do not have difficulties, but they, especially those backed by
multinationals, will have more resources to at least try to utilize the
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advantages of Al and NLP. Still, skill shortages further add to the diffi-
culties. One additional challenge considers linguistic accuracy: although
beyond a certain point, which is not necessarily a high priority to all
applications of NLP. Suppose the task is summarising the content of
many documents or extracting their elements, and the client accepts the
risk in exchange for a quicker or cheaper survey. In that case, a recall
rate of 80 % might be sufficient for many uses (but, for example, 70 %
may not).

To demonstrate the point, one may consider the specific context of
Hungary, where the challenge of supporting customer service digitali-
zation discussed so far is clearly present, making it a suitable example
case. Most NLP solutions are developed for English, and Hungarian ones
are rare. As is typical in such countries, there are only a few working Al
language models, even with the emergence of attention-based genera-
tive LLMs (and even reports about them do not reach the general sci-
entific community, as papers are typically written in their native
tongue). In Hungary, there are only two widely known models, and they
are indeed reported in the local language (Nemeskey, 2022; Yang, Dodé,
Héja, et al., 2024). Even if reports are published in English (Yang, Dodé,
Ferenczi, et al., 2024), they get little attention in the mainstream.
Additionally, text analytics and NLP solutions for the Hungarian lan-
guage raise some computer linguistics issues, which must be managed.
The Hungarian language is morphologically rich and agglutinative, like
Finnish, Estonian, and Turkish. Words with 3-4 suffixes are quite
common, and morphological units include essential information rather
than syntax (Akdemir et al., 2022). The additional constraint of
spreading these solutions is the level and status of digitalization.
Hungary was positioned 23rd out of 27 EU Member States in the Digital
Economy and Society Index (DESI) 2021, while the rank was 22nd in
2022. Although these challenges are specific to the Hungarian customer
service sector, they can be generalised and interpreted broadly, as will
be shown in the findings and discussion sections.

3. Research design

Based on the previous theoretical review, our main research objec-
tive was to identify the key challenges and opportunities of using text
analytics to support customer services as part of digitalization efforts. To
this end, the research questions put forward by the work reported here
to address the objective are:

RQ1: In what key industrial domains are text analytics techniques
utilized during customer service digitalization?

RQ2: What text analytics techniques can support customer service
operations?

RQ3: What main customer service channels are relevant when using
text analytics techniques?

RQ4: How do customer service managers in a small-language
country see the applicability of text analytics techniques?

The research used a hybrid approach to achieve the objective: it
mixed qualitative and quantitative techniques. The research method
consisted of three main phases (see Fig. 1). RQ1 and RQ2 are answered

12,140
articles

Preprocessing data

10,113 articles

BERT-based topic
model

Phase 1: Domain
specification

Meta topics

January, 2013-February, 2024

Phase 2: Building
research framework

Scopus dataset
narrowing
48 articles

Manual literature
review
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during Phases 1-2, while RQ3 and RQ4 are answered in the discussion of
Phase 3.

3.1. Phase 1: domain specification

To ascertain pertinent study areas, we conducted an Al-assisted
content mining analysis of scholarly findings published over the past
decade pertaining to the field of customer service. We collected the
author, title, year of publication, abstract of refereed journal articles,
and conference proceedings from the Scopus database. The following
search term (Search-term#1) was used to locate articles:

TITLE-ABS-KEY ("customer support") OR TITLE-ABS-KEY ("con-
tact center") OR TITLE-ABS-KEY ("call center") OR TITLE-ABS-KEY
("customer helpline") OR TITLE-ABS-KEY ("customer service")

A list of 12,140 records published between January 2013 and
February 2024 was extracted. The collected data were pre-processed,
duplicate (n=27) and non-English records (n=1667) were removed,
and records without abstracts (n=333) were deleted. This left a total of
10,113 records. We concatenated the title with the abstract for each
record and considered it our corpus. (The specific steps are detailed in
Appendix Fig. A3).

This work utilizes BERTopic (Grootendorst, 2020a, 2022), a
cutting-edge topic modelling technique to extract topics. Our topic
modeling approach involved four steps.

m First, the corpus was converted to its embedding representation a
384-dimensional vector space using a pre-trained sentence-trans-
formers language model "all-MiniLM-L12-v2".

= Second the dimensionality of the resulting embedding is reduced to
optimize the clustering process. Although principal component
analysis (PCA) is perhaps the most popular method for reducing
dimensionality, the uniform manifold approximation and projection
(UMAP) method was used to maintain the local and global structure
of the data sets. Based on UMAP, our research selects the 15 nearest
neighbours to emphasize local structures preferentially.

m Third, the reduced embedding is clustered using hierarchical
density-based spatial clustering of applications with Noise
(HDBSCAN), which allows noise to be modelled as outliers. This
prevents unrelated documents from being assigned to any group. The
minimum size of the clusters is set at 55 to identify a sufficiently
large number of articles to increase the relevance of our results.

m As a fourth step to characterize the resulting clusters, we merged the
abstracts belonging to the clusters. Using quantized LLM technology,
including KeyBERT extraction technique (Grootendorst, 2020b;
Sammet & Krestel, 2023), and the class-based frequency-inverse
document frequency approach (c-TF-IDF) to characterize the
forty-three resulting clusters. Quantized LLM was used for
fine-tuning and enhancing the accuracy of topic representation. Our
study utilized the pre-trained LLMs "Open-
Hermes-2.5-Mistral-7B-GGUF". A prompt has been established for

Research
Interview framework
questions

Semi-structured
interviews

Theoretical and

) Practical

implications

Transcripts

Data analysis

Phase 3: Validation

Scopus dataset

Fig. 1. Research phases (Source: prepared by the authors).
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LLM to utilize in generating topic labels derived from clustering
keywords and abstracts associated with the respective topic.

3.2. Phase 2: building research framework

Following the topic clusters resulting from the BERTopic analysis
based on a comprehensive set of papers, a more focused search was
executed on the Scopus database to identify the text analytics techniques
that support customer services. The selection of articles was made in
four steps as follows (The specific steps are detailed in Appendix
Fig. A3):

1. step: the search string used in the first phase (Search-term#1)
was augmented with adding text analytics techniques related to key-
words and the publication type restricted to articles,

(Search-term#1) AND ((TITLE-ABS-KEY ("nlp") OR TITLE-ABS-
KEY ('matural language processing"’) OR TITLE-ABS-KEY ("text
mining") OR TITLE-ABS-KEY ("text analytics"))

This resulted in a total of 168 records, from which duplicates (n=3)
and non-English articles (m=17) have been removed.

2. step: the title and the abstract of the resulting reference set of 148
were manually reviewed; those not relevant to the research were
excluded (k=33),

3. step: for the remaining 115 articles, full texts were available for 97,
which were subsequently downloaded and examined.

4. step: upon reviewing the complete text, publications featuring
literature reviews or solely comparing various technologies were
excluded from the list. The remaining 48 pertinent articles were
manually classified.

To augment the literature categorization, interviews were conducted
with key representatives of three leading Hungarian consulting firms
specialized in providing customer care improvement services. These
leading experts were engaged to identify and define critical areas rele-
vant to customer service digitalization and text analytics in this lan-
guage context. Interviewees were selected with the support of the
Hungarian Artificial Intelligence (AI) Coalition. We participated in the
"Al in customer service" workgroup research, where we dealt with the
challenges and barriers of NLP applications at the Hungarian Customer
Service. We had an expert team (dedicated representatives from the
main Hungarian customer service centres and their NLP providers) in
this workgroup. Interview questions were generated together with these
experts.

3.3. Phase 3: validation

Based on the research framework (see Fig. 1), the related literature
review and the experts' feedback, we put together a data collection
method including a more profound survey instrument (see questions in
Appendix Table A1) and options to validate and expand on the findings
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of the first two phases. This validation was done in a selected country,
Hungary (as justified in Section 2). Participating organizations were
determined to be approached based on representativeness in the Hun-
garian economy. Data were collected from participants through semi-
structured interviews (see Table 1). The interviewees were interna-
tional experts, and the companies surveyed were Hungarian, but more
than half of them were foreign-owned.

4. Findings
4.1. Findings of phase 1

Running BERTopic on the Scopus data collected resulted in 43 topics
being extracted. The two-dimensional visualization of the resulting
topics (see Fig. 2) shows their topological structure. The topics created
are succinctly outlined in Table A2 in the Appendix. Each topic is
accompanied by a label assigned by the LLM and a set of 10 keywords
defined by KeyBert.

The top 5 topics account for more than 50 % of all abstracts
considered, and the top 10 topics account for more than two-thirds of all
scientific papers (Fig. 3 Panel A). If we look at the change in the number
of abstracts for the top 5 topics over time (see Fig. 3 Panel B), we see that
the number of topics has been significantly affected by the COVID-19
pandemic that hit in 2019. This could explain the surge in articles on
health (Topic 4) and chatbots (Topic 0), as well as the steep decline in
tourism-related topics (Topic 1). Service quality related to waiting times
(Topic 2) has become less interesting in recent years, while service
quality related to online shopping and customer satisfaction (Topic 3)
has increased interest.

The 43 topics were manually categorized into seven meta-topics,
namely Technology, Communication channel, Industry, TA task, Service
quality, Service characteristics, and Well-being of customer service em-
ployees. The research domain was defined based on four meta-topics
(Technology, Communication channel, Industry, TA task), as the topics of
Service quality, Service characteristics, and Well-being of customer service
employees were irrelevant to this research. Within these four meta-topics
of interest for our research, we have identified five technology cate-
gories, three communication channels, thirteen industry categories and
six NLP task categories.

4.2. Findings of phase 2

Executing the Scopus search string returned 148 items after
removing non-English and duplicates, which were previewed by title
and abstract, and found that 97 articles were relevant to the research.
These 97 articles were evaluated on the basis of their full content. In the
manual assessment, 11 articles were literature reviews, while 38 articles
did not directly contribute to customer service, leaving the remaining 48

Table 1

Facts of the expert interviewees.
Position Relation with customer service Industry Size Owner
Sr. manager Supervisor Government Very large State
Sr. manager Supervisor Retail Very large Foreign
Sr. manager Supervisor Retail Very large Foreign
Sr. manager Supervisor Transportation Large Municipality
Sr. manager Supervisor Finance, insurance Large Foreign
Sr. manager Supervisor Finance, insurance Very large Foreign
Sr. manager Advisor Consultancy Small Domestic
Sr. manager Advisor IT consultancy Medium Domestic
Manager Supervisor Finance, insurance Medium Foreign
Manager Supervisor Finance, insurance Very large Foreign
Manager Customer service Finance, insurance Very large Domestic
Manager Customer service Finance, insurance Very large State
Manager Advisor Consultancy Medium Domestic
Employee Supporting Telecommunications Very large Foreign
Sci. advisor Advisor Telecommunications Very large Foreign
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relevant journal articles to work with (see also in Appendix Fig. A3). All
48 papers were reviewed and categorized using all three dimensions.
BERTopic topics were used as categories when possible; otherwise, new
categories were established as needed. An appropriate name was created
for the category (within its corresponding dimension) in both cases. As a
result:

e The Industry dimension had 14 categories (10 from BERTopic anal-
ysis covering 19 BERTopics, while six new ones were manually
identified).

e The Text Analytics Task dimension ended up having 11 categories (5
of which were from BERTopic covering 7 from BERTopics, and 6
new, manually identified.

e The Channel dimension ended up having six categories (3 of which
were from BERTopic and 3 new, manually identified).

Overall, the manual analysis covered 27 from BERTopics (out of 43),
while 17 new categories were identified manually. Table 2 shows the
final three-dimensional paper groupings after manually categorizing all
articles. Among the industries, finance was cited highest with 7, fol-
lowed by IT, retail, and aviation with 6, 5, and 4. Manufacturing, lo-
gistics, and engineering had 3-3 each. Nearly 20 % of the articles did not
specify a domain or industry from where they acquired their data or
used broad customer care data, such as Twitter comments from
numerous companies. IT services, engineering, logistics, and aviation
were separated and picked up by the preceding phase. However, retail,
public sector, and e-commerce were not. Text analytics seems to be used
for a broad spectrum of domains and in many different industries. None
of the fourteen industries listed in Table 2 seems to dominate (although
Logistics was well covered by the BERTopic analysis).

Classification, topic modeling, sentiment analysis are the most
frequent TA tasks, with 13, 11, 9, and 8 articles, respectively (41 in 67
appearances, over 60 %). Knowledge management and Q&A follow with
5 (7-7 %). Four other activities occurred 1-4 times, while 6 worked on
less popular tasks like voice mining or machine reading. The tasks are
much more unequal than Industry. Tagging and information extraction
seem pointless, too. Conversely, sentiment analysis and opinion mining
"hype" impacted the list.

It is not surprising that chat channel is a popular means of allowing
customers to access helpline services, as 13 of the 48 papers (more than
25 %) reported using this. It might be somewhat surprising, however,
that Chat is as popular as another well-investigated channel, Social
media (also with 13). This is because many NLP research uses Twitter
data as a starting point for analysis. Phone access, Online feedback, and
Email appeared to have high importance in technology-based Customer
support, with these channels being mentioned 7, 5, and 4 times
respectively. Quite a few (6) Al-text research covered several (or even
all) channels. These works took an integrated view and typically
investigated a mix of tasks too.

After analysing the findings of the systematic literature review
(outlined in Table 2), informal discussions were conducted with three
Hungarian experts involved in the customer service industry to validate
further data collection. They confirmed that

e there is a perception that core activities can function without
customer service;

CS is often seen as a hygiene factor;

innovation in this area has been absent in the last few years;
helplines in Hungarian enterprises rely heavily on personal contact
rather than sophisticated Al solutions like chatbots;

Hungarian firms do not formally utilize online feedback and social
media for customer service helplines but rather for marketing and
informational purposes;

while chat (such as online chat started from corporate web pages) is
growing, chatbot use is not customary, and penetration is low (from
the consulting experts' clientele of 250 leading Hungarian
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Table 2
Manual sorting of 48 papers into categories along the three dimensions (BT ID is
the ID of the BERTopic from Phase 1).

MANUAL CATEGORIES BT ID REFERENCES

INDUSTRY

Aviation 28 (Gunarathne et al., 2022; Liau &
Tan, 2014; Lucini et al., 2020; Zhou
et al., 2022)

e-Commerce None (Palese & Usai, 2018)

Utility 20;21; (Papadia et al., 2022; Rebelo et al.,

26;36 2022)
Manufacturing and 40 (Akella et al., 2017; Ittoo & Bouma,
Engineering 2013; Ohata et al., 2022)

Finance, banking, insurance 19; 33;42 (Aattouri et al., 2023; Asano et al.,
2017; Chakrabarti & Luger, 2015;
Fan & 11k, 2020; Liao et al., 2020;
Quattrocchi et al., 2023)
(Kelahan et al., 2016; Lal &
Neduncheliyan, 2023; Ram Kumar
et al., 2023)
(Ali Zaidi et al., 2022; Borg et al.,
2021; Ilk et al., 2020; Jabr et al.,
2014; Kecht et al., 2023; Tanaka
et al., 2019)
(Mabhr et al., 2019; Ramsey &
Bapna, 2016)
(Bruni et al., 2023; Nirala et al.,
2022)
(Ashton et al., 2013; Manchaiah
et al., 2019; Mao, 2021; Ngai et al.,
2021; Zhan et al., 2021)
Logistics and Supply chain 9;17; (Aman et al., 2021; Luo & He, 2021;

25;35; Wang et al., 2023)

39;41
Tourism, hospitality 1;13

Healthcare, fitness 4;6

IT and telecommunication None

Marketing 38
Public sector None

Retail None

(Chen & Tussyadiah, 2021; Kar

et al., 2021)

(Rose et al., 2019)

(Hardalov et al., 2019; Lin et al.,
2023; Miiller et al., 2016; Nordheim
et al., 2019; Przegalinska et al.,
2019; Raeesi Vanani, 2019; Shah
et al., 2023)

Fast food None
General None

TexT ANALYTICS TASK

Categorization None (Akella et al., 2017; Ali Zaidi et al.,
2022; Borg et al., 2021; Bruni et al.,
2023; Gunarathne et al., 2022;
Kelahan et al., 2016; Lucini et al.,
2020; Mao, 2021; Ohata et al.,
2022; Przegalinska et al., 2019;
Quattrocchi et al., 2023; Ramsey &
Bapna, 2016; Rose et al., 2019)
(Chen & Tussyadiah, 2021; Kar
etal., 2021; Liau & Tan, 2014; Mahr
et al., 2019; Manchaiah et al., 2019;
Palese & Usai, 2018; Rebelo et al.,
2022; Teng & Khong, 2021)

(Fan & 11k, 2020; Mahr et al., 2019;
Manchaiah et al., 2019)

(Ashton et al., 2013; Chen &
Tussyadiah, 2021; Ilk et al., 2020;
Ittoo & Bouma, 2013)

(Asano et al., 2017; Chakrabarti &
Luger, 2015; Mahr et al., 2019; Ngai
et al., 2021; Zhou et al., 2022)
(Hardalov et al., 2019; Kecht et al.,
2023; Lal & Neduncheliyan, 2023;
Rebelo et al., 2022)

(Aattouri et al., 2023; Asano et al.,
2017)

(Aman et al., 2021; Kar et al., 2021;
Liao et al., 2020; Liau & Tan, 2014;
Lucini et al., 2020; Raeesi Vanani,
2019; Ram Kumar et al., 2023; Shah
et al., 2023; Zhan et al., 2021)
(Mao, 2021)

(Aman et al., 2021; Kar et al., 2021;
Liao et al., 2020; Lin et al., 2023;

Clustering 36

Concept linking None

Information extraction None

Knowledge management 21

Question answering None

Speech recognition 22
Sentiment analysis, Emotion 5;24

recognition and Opinion
mining

Tagging None
Topic modelling 37

(continued on next page)
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Table 2 (continued)

MANUAL CATEGORIES BT ID REFERENCES

Lucini et al., 2020; Luo & He, 2021;
Mabhr et al., 2019; Miiller et al.,
2016; Palese & Usai, 2018; Papadia
et al., 2022; Zhan et al., 2021)
(Jabr et al., 2014; Nordheim et al.,
2019; Tanaka et al., 2019; Teng &
Khong, 2021; Wang et al., 2023)

Other None

COMMUNICATION CHANNEL
Chat 0;12 (Asano et al., 2017; Chakrabarti &
Luger, 2015; Hardalov et al., 2019;
1k et al., 2020; Lal &
Neduncheliyan, 2023; Ngai et al.,
2021; Nirala et al., 2022; Nordheim
et al., 2019; Przegalinska et al.,
2019; Rebelo et al., 2022; Shah
etal., 2023; Wang et al., 2023; Zhou
et al., 2022)
(Ashton et al., 2013; Jabr et al.,
2014; Lucini et al., 2020;
Manchaiah et al., 2019; Palese &
Usai, 2018)
(Ali Zaidi et al., 2022; Borg et al.,
2021; Ittoo & Bouma, 2013; Ohata
et al., 2022)
Phone 2;4; 6;24; (Aattouri et al., 2023; Fan & 11k,
37 2020; Kelahan et al., 2016; Liao
et al., 2020; Miiller et al., 2016;
Papadia et al., 2022; Ramsey &
Bapna, 2016)
(Aman et al., 2021; Chen &
Tussyadiah, 2021; Gunarathne
et al., 2022; Kar et al., 2021; Kecht
et al., 2023; Liau & Tan, 2014; Luo
& He, 2021; Raeesi Vanani, 2019;
Ram Kumar et al., 2023; Rose et al.,
2019; Teng & Khong, 2021; Zhan
et al., 2021)
(Akella et al., 2017; Bruni et al.,
2023; Lin et al., 2023; Mahr et al.,
2019; Quattrocchi et al., 2023;
Tanaka et al., 2019)

Comment, review, online None
survey

Email None

Social media 14

All (or most — e.g. any text in None
general)

companies, 1/3 (78) had chat function on their website, but only 10
% (24) had chatbots (only 3 used Al).

They recommended three more typical communication channels
relevant to this context that were not apparent in the literature: in-
person, video chat, and mobile app.

4.3. Findings of phase 3

A survey instrument was developed and implemented using 15 semi-
structured interviews (see Appendix A2). The answers showed that
telephone customer services are dominant, with almost half of re-
spondents' workplaces, 43 %, using them predominantly. This is fol-
lowed closely by two channels: face-to-face customer service (22.5 %)
and email (19.6 %). These are followed by the mobile app channel (8.7
%), which is well behind. Chat is only 3.3 % but is making a noticeable
appearance as a potential future growth area.

Significant industry differences could be noticed as telecommuni-
cation is far ahead of other industries and is ahead of other digitalization
solutions in general. In the financial sector, it is not necessarily true that
companies wish to reduce personal contacts as they consider secondary
customer effects and private banking prefers face-to-face encounters
with lead customers. Although voice analytics solutions are on the
market, few firms are moving in this direction. The primary argument is
that there is no capacity and no time to train such solutions from scratch,
and no pre-trained, "standard" systems are available.

However, respondents expect significant changes and innovations in
customer services soon. In addition to assessing the current state, the
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most significant changes are expected to be in the rise of the chat
channel (appearing in various chat interfaces and applications) along
with the decline of the in-person and phone channels — while they expect
the constancy of email. Although professionals predict significant
changes and progress, there is also considerable concern about the task
size ahead. Interviewees unanimously perceive any development as a
critical but complex step. A reassuring response to this concern is
required, considering the need for training to support the development
and use of Al-based solutions. Responding quickly to customer requests
has become a critical challenge, and knowledge bases have been
developed to support this. To speed up communication, some companies
use predefined templates.

On the positive side, there is no risk of not finding suitable suppliers
in the domestic market. From an end-to-end operational point of view,
respondents prefer systems developed by external suppliers that are then
operated in-house.

5. Discussion

Based on the data collection and reflecting on the literature, we have
identified the following theoretical and practical implications (including
challenges, open issues, and active research areas) for NLP in the context
of CS.

5.1. Practical implications - challenges

The field of NLP has significantly improved recently, mainly because
of the appearance and spread of LLMs, especially ChatGPT, but most
companies are not satisfied or ready to use them because of their limi-
tations and potential but often hidden biases (Hadi et al., 2023; Ray,
2023; Tamkin et al., 2021). This observation in the literature is further
emphasized by our experts, who confirmed that several issues and lim-
itations could be identified concerning these solutions. These include
unavailability of training data, quality issues of the data source
(incomplete or outdated knowledge), lack of domain knowledge, diffi-
culties with managing factual accuracy, lack of handling the context,
moral and ethical challenges, inability to incorporate users' expertise,
lack of customization regarding feedback, and issues with meeting
resource requirements for training and deployment.

5.1.1. Training data issues

Morphologically rich and agglutinative languages have special re-
quirements regarding training data, and they need about four times
more data during the training to have equal results with the English
language (Akdemir et al., 2022). Training data for particular domains is
usually unavailable, and it is time- and resource-intensive to produce
them. Hungarian customer services are also faced with these challenges
if they plan to prepare their own LLM solutions. Supervised learning
requires tagged training data, where tagging is usually provided
manually. LLM is not always a perfect solution in this case because its
training data may contain outliers, as it learns from unusual or extreme
examples that are not representative, which can potentially distort
overall modelling results. Most datasets are private, which makes
reproducibility, credibility, and transparency of results difficult (Winata
et al., 2022). Because of these issues, training is usually time- and
resource-consuming and requires special hardware and software envi-
ronments (Hadi et al., 2023).

5.1.2. Data source quality issues

New language models such as ChatGPT may provide content on
various topics. However, they can be incomplete or outdated and may
lack the depth of expertise and knowledge in specific fields (Chiang &
Lee, 2023; Liu et al., 2023). This can limit their usefulness in specialized
fields or applications requiring domain-specific knowledge. Semantic
approaches and applications require context management, which LLMs
usually do not provide. There is also no guarantee of factual accuracy.
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The interviewees also highlighted the problem of terminology quality,
primarily referring to the management of context dependency (the
meaning of specific terms may vary depending on context).

5.1.3. Customization issues

Customization is essential in customer services but requires unique
development approaches in specific business situations. Customization
needs structured domain knowledge (usually in the form of semantic
solutions and ontologies), context management, reasoning, communi-
cation possibilities with the users, and the incorporation of the possi-
bility of user knowledge. All these functions are not adequately available
in standard TA solutions: semantic understanding is still poor, even in
GPT-4 (Chang et al., 2023). Customization is also a critical factor in the
context of this study. According to interviewees, it is challenging for
companies to develop their LLM model or use the available solutions.

5.1.4. Moral and ethical issues

While NLP solutions are often poor at addressing moral and ethical
considerations, recent language models do not appear to solve this
problem either (Chiang & Lee, 2023; Hadi et al., 2023; Tamkin et al.,
2021). Traditional ML models often fail to meet equality and fairness
standards (primarily due to biases in the data used). Such problems were
present in the interviews and confirmed by our experts. At the same
time, the new wave of LLMs has been shown to provide content that is
morally ambiguous or does not comply with ethical standards. After
proper human supervision, such content can only be used in customer
service applications. This reminds us that with the advent of LLMs, data
cleansing did not go away; indeed, it may even be amplified due to
limited resources and weaker training corpora in the case of non-central
languages (studied in this research). Another concern to be addressed in
the context of customer helplines using sophisticated chatbots is the
potential violation of data privacy, especially in the context of the Eu-
ropean GDPR regulation and the new AI Act. A further challenge relates
to anthropomorphic chatbots, in other words, whether they should
mimic human customer service agents' verbal, vocal and visual cues as
much as possible or retain more "robotic" features. Indeed, it is a decision
with some moral considerations whether customers should always be
informed when communicating with a bot or when communicating with
a human person. Pushing this line of thinking further leads to the
customer service decision whether customers should be allowed the
option of choosing between a human or a bot — and this should not be
decided on costs only.

5.1.5. Actionable recommendations for Al-driven customer service in
Hungary

Although a significant number of the companies we surveyed have
launched or are planning to launch TA/NLP projects to support customer
services, the solutions available cannot be applied to Hungarian com-
panies on a one-to-one basis. These solutions are too general, do not
adequately address the business context (lack of terminologies and
taxonomies describing domain specialities), and no appropriate data
sets are available for model training purposes. Accordingly, when
designing TA/NLP projects, we recommend that priority is given to
supporting the context-dependency of models, including the develop-
ment of terminology, taxonomies and ontologies for the specific domain.
The development of data sets for teaching models is also necessary. All
this will increase the resource requirements, and duration of projects
and will require specific expertise. Similar considerations can be made
for other countries that face the same challenges, although in each case,
the specific details need to be carefully investigated before drawing
conclusive recommendations.

5.2. Theoretical implications - open issues and active research areas

The literature and the practice under study showed a diverse picture
of using NLP and TA in customer service. Drawing on our assessment

International Journal of Information Management Data Insights 6 (2026) 100395

and the previously discussed challenges, further open issues, opportu-
nities, and research areas can be identified.

5.2.1. Ethical and moral issues

LLMs usually need vast amounts of data for training, which raises
data protection issues. For the protection of user privacy and the pre-
vention of the compromise or misuse of confidential information and
data, it is necessary to implement protection measures. Responsible and
ethical data anonymization techniques, data retention policies, and data
consent mechanisms have to be incorporated into the development and
implementation of LLMs.

5.2.2. Interpretability and explainability

Interpretation of LLM outputs is challenging and complex because
their architectures are usually black-box models, often with billions of
parameters. However, interpretability and explainability are necessary
for customer services, not only in financial and healthcare domains.
Trust and transparency support users to understand the reasoning
behind a given model response. LLMs must be more transparent and
accountable for broader application in practice. Additionally, inter-
pretability contributes to the debugging and improvement of the model.
Al interpretability and explainability are still active research areas.

5.2.3. Human-related functions

It is still an open question how LLMs should deal with human-like
features such as emotion management, empathy, creativity, and crit-
ical thinking. These human interactions are valuable in several appli-
cation fields, particularly customer service.

5.2.4. Training data, data quality and customization

According to Winata et al. (Winata et al., 2022) more than 60 % of
the datasets used in publications are private, which impairs modelling
reproducibility. Domain-specific training data sets are rare in many
cases, and sometimes it is very challenging to prepare them. Consid-
ering, for example, fraud detection in a financial context, it is difficult to
get proper quality data for training. Synthetic data generation can pro-
vide a solution, but its usage raises additional questions. More public
datasets, especially domain-specific ones, are required to enable a
wider-availability of LLMs. Tests should be developed for data quality
checking and management. Developing a system of comparative in-
dicators for training data sets and LLMs would also be helpful. Im-
provements in the integration of semantic layers would facilitate
customization.

5.2.5. Management of the resource and the time-consuming nature of LLMs

Operational issues, like the efforts required by LLMs, are providing
additional research directions. It would be beneficial to investigate the
resource and effort requirements of various specific architectures,
including ways of optimization. Is there any part of text processing
worth automatizing, and what are the consequences of resulting orga-
nizational and process changes regarding resource and time manage-
ment? According to respondents, the technology is available, and
companies are enthusiastic, but are not exploiting the opportunities yet.
Implementation is slow due to the known issues. In addition, customer
service managers are not necessarily aware of the new NLP de-
velopments and have limited power to initiate projects. Respondents
also highlighted the importance of training and the need to change the
corporate culture.

5.2.6. Theoretical advancements for Al-driven customer support

From the theoretical point of view, based on the literature review
and the discussion with the experts, we set up a three-dimensional (in-
dustry- task- communication channel) model of the applications of text
mining in services management (see Table 2). We didn’t find a similar
approach in the literature. Compared with the previous studies (e.g.
Kumar et al. (2021)) our approach provides a more comprehensive and
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detailed view for the investigation of the applications of text mining in
services management. According to the discussion with domain experts,
the theoretical advances in Al-driven customer service for small lan-
guages aim to overcome the obstacles presented by limited linguistic
resources and data scarcity. Traditional Al models, such as those based
on large-scale neural networks, frequently necessitate massive volumes
of annotated data to attain excellent performance, which is uncommon
for tiny or underrepresented languages. Recent theoretical advances
stress using transfer learning, multilingual models, and low-resource
machine learning techniques to close this gap. For example,
pre-trained multilingual models such as mBERT (Pires, 2019) and
XLM-R (XLM-RoBERTa) (Conneau, 2019) use cross-lingual transfer to
apply information from high-resource languages to smaller ones.
Furthermore, advances in few-shot and zero-shot learning paradigms
enable Al systems to generalize efficiently with less input, making them
better suited to small languages.

Another important theoretical area is the integration of unsupervised
and semi-supervised learning methods, which reduces the reliance on
labelled datasets. Self-supervised pretraining and data augmentation are
being investigated as methods for producing synthetic data or extracting
relevant patterns from constrained corpora. Furthermore, researchers
are looking into the usefulness of linguistically informed models, which
incorporate grammatical and syntactic rules unique to tiny languages,
improving accuracy and contextual comprehension. These theoretical
advances not only increase the feasibility of Al-driven customer support
for small languages but also promote linguistic inclusivity, ensuring that
Al technologies can serve diverse global populations equitably.

5.3. Limitations and future work

Limitations of this research are related to the specialities of the
Hungarian language (small and morphologically rich). However, the
research method and the phases of our research can be repeated for
other languages. Another limitation is the sample size of the interviews.
Future work can include the same investigation for other languages and
the investigation of the possibility of generalization. It is worth
repeating the same research in Hungary and monitoring the progress of
customer service digitalization in terms of using text analytics.

6. Conclusion

Our research shows that advances in Al, especially in TA and NLP,
have fundamentally changed the way customer service works.
Regarding the Industry dimension of our analysis (see Table 2), there is a
good spread of different domains, and while IT, as well as retail or air-
lines, are apparent areas where one would expect the use of advanced
technologies, the area of energy or engineering might be a bit surprising
and less evident. No sophisticated NLP functionality seemed to be
widely used, such as speech recognition or semantic nets. While opinion
mining is prevalent, this can be considered a simple technical solution,
as most papers reflected on positive-negative judgements without
looking deeper and providing any elaborate analysis of emotions. They
search for words and expressions that relate to a narrow set of opinion
indicators but do not look at the emotions behind those words, at least in
CS applications.

Regarding the use of various channels, human chat — either online or
as video chat — appears to replace basic phone conversions. Chatbots are
not widely used and are not expected to grow significantly. This is due
partly to COVID, since during the pandemic, video chat became an op-
tion to replace customers visiting the branch, as it allowed for proper
identification.

Confirming the validity of our multi-stage methodology, the discus-
sion with the experts yielded several new results that were not apparent
from either the BERTopic-assisted or the manual literature review. The
complex methodology we follow is a unique approach compared to
traditional literature analysis. In describing the findings of Phase 3, it
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was mentioned that three additional channels were identified on top of
the channels that appear in the literature. This is understandable, as the
focus of the literature research was to investigate the role of NLP in
customer service. Having these channels put forward by experts, on the
other hand, indicates that many customer services in a country with a
small language still rely on traditional channels - primarily due to the
lack of advanced technologies. They may only be supported if commu-
nication through those channels is available in a format that is accessible
by advanced TA solutions. These channels might be missing from in-
ternational literature because they are not that relevant anymore, but
they are still part of the practice of less digitally advanced countries.

Furthermore, employees working in customer services and managers
of such departments also reported that customer services are often a
"hygiene" factor, a compulsory constraint imposed by law. So, com-
panies are often content to settle for a "good enough", acceptable solu-
tion. Customer helplines are easily seen as cost factors to be minimized
and not being considered to directly affect the bottom line. It is not al-
ways clear what its role is and how it impacts customer retention, churn,
or even cross- and up-sales opportunities. There may also be perceptual
and attitudinal problems behind the lack of clunky automation and Al
solutions. Overall, the CS area is often not a priority in the digitalization
projects of companies. Customer Care units do not have the depart-
mental budgets to initiate digitalization projects. Customer services
depend on other core departmental digitalization initiatives and finan-
cial resources for technological improvements in the back-end work.
This is in line with the observation by Hryhorak et al. (Hryhorak et al.,
2020) mentioned in the Introduction section.

Another interesting finding is that companies do not even plan to
automate specific customer service processes. Typically, these are pro-
cesses where the sector prefers a personalized customer relationship.
Large companies are observed to operate two types of customer service,
one for retail and SME, where they are more likely to use automated, Al-
supported solutions, and the other for so-called "accounts" (highlight
customers), which are managed by account managers and which they do
not even intend to automate.
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