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Abstract
Purpose – Customer experience (CX) is a key driver of cost efficiency, revenue growth, and competitive 
advantage in the banking industry. From a service-dominant logic and relationship marketing perspective, 
experience emerges through repeated interactions in which value is co-created over time. However, traditional 
tools such as surveys and Net Promoter Score (NPS) provide only partial insights into value-in-use and 
relationship value and often fail to capture customers’ lived experiences. This study addresses this limitation by 
proposing a data-driven approach that directly captures customer experience from unstructured 
conversational data.
Design/methodology/approach – The study combines competitive learning and generative artificial 
intelligence (GenAI) to analyze 10,062,406 customer–agent conversations collected monthly by a financial 
institution between July 2023 and July 2025. The proposed system allows customer experience specialists to 
query a conversational agent in natural language and receive context-rich responses, enabling exploratory 
customer experience analysis.
Findings – The results show that a conversational agent created through competitive learning and GenAI yields 
richer, more actionable insights into customer experiences than conventional methods. The framework 
demonstrates strong validity based on human evaluation and AI benchmarking against Gemini and DeepSeek 
(human scores >4.4; similarity >0.9 with Gemini; similarity >0.85 with DeepSeek). Compared with BERTopic 
and Top2Vec, it achieves higher computational efficiency, lower costs, and scalable, interpretable outputs for 
managerial use.
Originality/value – This study is among the first to apply competitive learning and GenAI to customer 
experience analytics in banking, offering a scalable pathway to improve service performance and competitive 
positioning.
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Clustering
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1. Introduction
Customer experience (CX) has become a central source of competitive differentiation in 
banking because it shapes customer satisfaction, trust, loyalty, and longer-term firm 
performance. Prior studies, such as Komulainen and Saraniemi (2019), Buhler et al. (2024), 
and Hoang (2024), indicate that customer evaluations of banking relationships are influenced 
by multiple dimensions, including customer centricity in mobile banking and the design of 
technology-mediated service encounters. These dimensions, together with broader loyalty 
drivers, have important consequences for downstream behavioral outcomes.

As financial products become increasingly standardized and digitally accessible, 
competitive advantage has shifted away from product features towards the quality of 
service interactions through which value is created and delivered. Prior research consistently 
demonstrates that positive customer experiences are associated with higher retention, 
increased cross-selling, and improved profitability, whereas negative service encounters 
accelerate customer attrition and undermine institutional trust (Kumar et al., 2022; Manyanga 
et al., 2022; Peruchini et al., 2024). Moreover, industry evidence further indicates that 
approximately 88% of customers consider CX to be as important as, or more critical than, 
product offerings when selecting a bank, and that poor service interactions account for nearly 
20% of customer attrition (10x Banking, 2023; FICO, 2025).

Despite its strategic relevance, CX measurement in banking remains largely grounded in 
structured, episodic instruments such as surveys, Likert-scale evaluations, and Net Promoter 
Score (NPS) metrics. These tools were initially designed to capture post hoc assessments of 
service outcomes rather than the dynamic, interactional processes through which service 
experiences unfold (Chatterjee, 2019). As a result, they provide only a partial representation of 
customer experience and offer limited insight into how customer needs, emotions, and 
expectations emerge and evolve during service encounters. Moreover, survey-based 
approaches are subject to self-selection bias and typically reflect the perceptions of only a 
small fraction of customers, leaving substantial experiential information unobserved. These 
limitations have motivated growing interest in data-driven and AI-enabled approaches capable 
of capturing customer experience at scale and in real time.

Against this backdrop, the emergence of Industry 4.0 technologies has enabled banks to 
enhance traditional CX analysis through more sophisticated data science and artificial 
intelligence solutions (Adeniran et al., 2024). Hentzen et al. (2022), Mogaji and Nguyen 
(2021), and An (2026) suggest that artificial intelligence in customer-facing financial services 
has moved beyond a purely conceptual promise and has become a matter of managerial 
relevance and service design. Banks are increasingly assessing how AI can support marketing, 
customer interactions, and service quality in financial services contexts. Evidence of this can 
be found in machine learning models that have provided more accurate approaches to 
sentiment analysis, churn prediction, identification of statistically significant factors affecting 
satisfaction, and assessment of perceived service quality. Although more robust, these models 
still rely on structured or unstructured data as inputs and produce limited, highly structured
outputs.

To change the structured nature of analytical outputs, conversational agents, primarily
chatbots, have emerged to generate more natural language responses and interactions. 
However, the literature indicates that these chatbots have focused on managing and improving 
customer interactions rather than extracting customer experience (CX) insights, and they 
continue to exhibit performance and reliability limitations (Bhatnagr and Rajesh, 2025).

The preceding discussion reveals a conceptual misalignment between current CX research 
and practice. Customer experience in banking is increasingly produced through ongoing, 
multi-turn interactions across multiple channels. However, it is still analyzed using static, 
outcome-oriented measurement frameworks. Moreover, most existing conversational agent 
solutions are not explicitly designed to extract customer experience insights. Instead, they 
focus on optimizing operational tasks and satisfaction outcomes, thereby overlooking the 
interactional processes through which customer experience is formed (Komulainen and
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Makkonen, 2018; Hamdan, 2025). Relatedly, recent work on generative AI in banking has 
mainly examined questions of organizational integration, reliability, responsiveness, and 
regulatory compliance; while still leaving unresolved the question of how these technologies 
can be used to derive analytically grounded customer-experience insights from large-scale 
customer–service conversations (Moharrak and Mogaji, 2025).

To address this gap, the present study proposes a framework that integrates competitive 
learning with generative artificial intelligence (GenAI) to extract customer experience insights 
from customer–agent conversations. From a marketing and service management perspective, 
customer–agent conversations constitute a rich empirical source, providing direct linguistic 
evidence of trust, frustration, uncertainty, and satisfaction as these states are articulated during 
real service encounters. Consistent with service-dominant logic (S-D logic), value in banking 
is not embedded in products or service outputs. Still, it is co-created through interactions 
between customers and service agents through the contact center, particularly as customers 
seek problem resolution and goal attainment. In this regard, customer–agent conversations 
represent critical moments of value co-creation in which customers integrate institutional 
resources with their own expectations, competencies, and emotional states to construct their 
overall experience (Vargo and Lusch, 2016, 2017).

By identifying recurring interactional conversational contexts at scale, the proposed 
approach operationalizes S-D logic and relationship marketing perspectives by revealing 
stable patterns through which value co-creation and relationships are reinforced or 
undermined over time. Unlike customer-facing chatbots, the system is designed as a staff-
facing analytical tool that enables customer experience specialists to pose natural language 
queries and receive context-rich, natural language responses grounded in large-scale 
conversational evidence.

The framework operates daily on a rolling 31-day window within a global financial 
institution. For reporting purposes, this article presents only the results obtained on the last day 
of each month, from July 2023 to July 2025, using a dataset of 10,062,406 client–agent 
conversations. Validation through human rubric-based evaluation indicates high reliability, 
with accuracy scores ranging from 4.4 to 5, indicating excellent performance. Complementary 
AI-based benchmarking further confirms the robustness of the framework, with accuracy 
levels exceeding 0.85 when compared with DeepSeek and surpassing 0.9 when benchmarked 
against Gemini throughout the analysis period. Moreover, relative to established topic 
modeling approaches such as BERTopic and Top2Vec, the proposed methodology 
demonstrates superior computational efficiency, as evidenced by shorter execution times 
and lower computational costs.

The remainder of this article is organized as follows. Section 2 reviews the relevant 
literature on customer experience in the banking sector and outlines the research objectives. 
Section 3 describes the proposed methodology and data preparation. Section 4 presents the 
experimental results and subsequent discussion. Finally, Section 5 summarizes the main 
conclusions, outlines the implications, and discusses the study’s limitations along with 
directions for future research.

2. Literature review and objectives
Customer experience refers to customers’ perceptions, emotions, and responses that develop 
across their interactions with a financial institution throughout the service lifecycle (Le and 
Nguyen, 2024). Within contemporary service-dominant logic, CX is conceptualized as a 
processual and relational phenomenon that emerges from continuous service interactions 
rather than as a static evaluation of discrete products or services. From this perspective, value is 
not embedded in banking offerings. Still, it is realized in use, as customers integrate 
institutional resources (e.g. service personnel, digital platforms, products, policies) with their 
own skills, expectations, and situational contexts (Vargo and Lusch, 2016, 2017). Hijazi 
(2022) shows, for example, that mobile banking service quality can stimulate customer value
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co-creation intentions, reinforcing the relevance of examining banking interactions as 
participatory and relational processes rather than as isolated transactions. Service encounters, 
therefore, function as critical sites for the realization of value-in-use and the formation of 
experiential meaning.

S-D Logic further emphasizes that customer experience unfolds within service ecosystems, 
where repeated interactions are shaped by institutional arrangements, shared norms, and 
organizational practices that structure how value co-creation occurs over time. In highly 
regulated sectors such as banking, these institutional conditions play a central role in 
influencing how customers perceive fairness, transparency, and reliability across service 
interactions (Vargo and Lusch, 2016). Consequently, CX reflects not only isolated service 
moments but also customers’ cumulative interpretations of how consistently and effectively a 
financial institution supports their goals and needs across channels and over time.

In parallel, relationship marketing theory provides a complementary lens for understanding 
the long-term consequences of customer experience. Relationship-oriented research 
highlights that relational outcomes emerge cumulatively, as repeated service encounters 
contribute to the development of trust, commitment, satisfaction, and perceived relational 
value (Palmatier et al., 2018). These relational assets strengthen customer loyalty by reducing 
uncertainty, decreasing churn, and fostering emotional attachment to the service provider. In 
financial services, where perceived risk and information asymmetry are high, the quality and 
consistency of ongoing interactions are particularly influential in sustaining durable customer
relationships.

The growing strategic emphasis on customer experience (CX) in banking has unfolded in
parallel with the sector’s broader digital transformation. As CX is increasingly understood as
an interactional and relational process that evolves across service encounters, banks have 
sought analytical approaches capable of capturing customer experiences at scale and in real 
time. Conventional CX assessment tools, such as surveys and Net Promoter Score (NPS) 
metrics, are therefore progressively complemented and in some cases supplanted by artificial 
intelligence (AI)–driven methods that can process unstructured customer interactions and 
generate actionable insights.

Advances in AI technologies, including natural language processing (NLP), machine 
learning (ML), and, more recently, generative AI, have expanded organizations’ abilities to 
extract, interpret, and operationalize customer experience signals embedded in large volumes 
of conversational data.

Reflecting this evolution, academic research on AI applications for CX in banking has 
developed along three principal streams: sentiment analysis, conversational agents, and 
generative AI. The following literature review synthesizes recent peer-reviewed studies within 
these streams, highlighting how AI-based approaches have contributed to the analysis of 
customer experience, as well as the conceptual and methodological limitations that motivate 
the present study.

2.1 Sentiment analysis
Text mining and sentiment analysis of unstructured customer feedback are among the earliest 
and most influential artificial intelligence techniques applied in customer experience (CX) 
research within the banking sector. Ghadiridehkordi et al. (2025) and Çallı (2023) show that 
unstructured customer text can reveal service-specific satisfaction patterns and service-quality 
dimensions that are difficult to capture through conventional instruments. Kaur (2021) shows 
that a sentiment analysis pipeline using NLP and machine learning can effectively classify 
e-banking customer reviews, though persistent class imbalance limits the accurate detection of 
negative sentiments. In a related approach, Akter et al. (2024) propose a comprehensive, data-
driven AI framework for customer experience analytics that integrates sentiment analysis with 
deep learning. Their findings reveal that applying machine learning to online banking reviews 
can uncover underlying CX dimensions, including trust, ease of use, and responsiveness.
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Expanding on these methodologies, Mittal and Agrawal (2022) conduct regression analysis to 
examine the effects of multiple service attributes on customer satisfaction ratings, providing 
explanatory insights into variables with statistically significant impacts on CX. Further 
methodological diversity is observed in the work of Andrian et al. (2022), who develop a 
binary classification model to predict sentiment in Twitter reviews about digital banking, using 
demographic features and word-frequency data as input variables. Similarly, Leem and Eum 
(2021) apply Naive Bayes and other supervised learning techniques for sentiment 
classification, supplementing these methods with keyword frequency and network analysis 
to identify thematic structures. Their approach involves determining sentiments in mobile 
banking application reviews, evaluating classifier accuracy, and assessing service quality 
based on the classified sentiments. Mahmood et al. (2023) extend this line of inquiry by 
implementing three supervised machine learning classifiers and an ensemble model to 
determine sentiment polarity (positive, negative, or neutral) in mobile banking reviews. 
Building on these developments, Akter et al. (2024) investigate the role of sentiment analysis 
in the banking sector, focusing on leveraging customer feedback to enhance service quality 
and CX. In a comparative analysis of traditional machine learning algorithms and the 
Bidirectional Encoder Representations from Transformers (BERT) model, they report that 
BERT significantly outperforms conventional approaches. The model achieves 88% accuracy 
and an F1 score of 0.86. These results underscore BERT’s ability to capture nuanced sentiment 
patterns. Similarly, Mozumder et al. (2024) compare traditional models with BERT for 
classifying customer feedback into distinct satisfaction drivers in the Fintech industry, again 
finding that BERT is superior. Additional empirical support for these conclusions is provided 
by Bhuiyan et al. (2024).

Across these studies, a consistent reliance on natural-language inputs, such as reviews, 
opinions, and other customer-generated texts, is observed. However, analytical outputs remain 
constrained to predefined sentiment classes, predictive labels, or statistically significant 
drivers. While these approaches offer benchmarking value, they provide limited insight into 
how customer experience unfolds during service interactions. Besides, such models struggle to 
capture value-in-use, relational value, and resource integration, as established by service-
dominant logic and relationship marketing theory.

2.2 Conversational agents
Conversational agents represent an attempt to engage customers in interactive service 
exchanges through which value co-creation and experiential meaning may emerge. In 
banking, chatbot studies show that customer satisfaction is shaped by interface quality, ease of 
use, and the chatbot’s ability to support the service encounter effectively. This highlights the 
relevance of these systems for service delivery, while also indicating that much of the evidence 
remains focused on satisfaction with the interface itself (Eren, 2021). These systems facilitate 
customer engagement through natural language interactions and, in doing so, function not only 
as service interfaces but also as valuable sources of real-time data on customer preferences, 
expectations, and behavioral patterns. However, while these systems can improve customer 
satisfaction by providing personalized, immediate responses, they may also lead to 
dissatisfaction if interactions are perceived as impersonal or unhelpful. Trivedi (2019) 
examines the influence of information quality, system quality, and service quality on CX in 
banking chatbot interactions, and the subsequent effect on brand love. The study finds that all 
three quality dimensions significantly shape CX, with system quality encompassing response 
time, usability, reliability, availability, and adaptability emerging as the most influential factor. 
Moreover, positive CX is shown to strongly contribute to enhanced brand love. Adam et al. 
(2021) conduct a quantitative analysis of customer interactions with AI-driven chatbots in 
retail banking, identifying personalization, contextual understanding, and the relevance of 
responses as critical determinants of chatbot effectiveness and customer satisfaction. Despite 
their efficiency and scalability, chatbots do not always meet customer expectations.
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Qureshi et al. (2023) report that customers often perceive chatbots as less effective than human 
agents or traditional self-service technologies, resulting in lower satisfaction. Petersson et al.
(2023) analyze chatbot interactions for both simple and complex tasks, finding that human-like 
features such as personality, politeness, emojis, and helpfulness enhance user experience, 
while miscommunication errors, especially in simple tasks, negatively affect satisfaction. Le 
and Nguyen (2024) present survey-based evidence from Vietnam on how chatbot 
characteristics influence both intrinsic and extrinsic customer values, as well as behavioral 
outcomes, including satisfaction and continued use. Other regional studies further illustrate 
chatbot adoption patterns and outcomes. Salem (2024) investigates the role of chatbots in 
improving CX among 337 banking clients in Gaza, concluding that chatbots enhance CX 
through continuous availability, rapid responses, and personalized assistance. Park et al.
(2024) examine factors influencing customer intention to use chatbot services and associated 
satisfaction levels, finding that anthropomorphism and personalization have significant direct 
and indirect effects. Makudza et al. (2024) employ structural equation modeling on data from 
389 Zimbabwean consumers with prior chatbot experience, demonstrating that reliability, 
responsiveness, and ease of use, especially when integrated into widely used messaging 
platforms, are key drivers of CX enhancement. Pfoertsch and Sulaj (2023) study chatbot and 
virtual assistant interactions in Albania and Cyprus, highlighting empathy as a critical factor in 
AI-driven banking interactions that significantly improves satisfaction and service quality.

Taken together, these studies provide valuable insights into the quality of chatbot–customer 
interactions, particularly in terms of satisfaction, usability, and relational outcomes. However, 
the primary emphasis remains on the conversational interface as a service-delivery mechanism 
and on its immediate outcomes, rather than on systematically capturing the customer 
experience as it unfolds through repeated interactions with products and services. 
Consequently, while conversational agents facilitate interaction, they are not designed to 
interpret, synthesize, and communicate the experiential meanings that underpin long-term 
relationship development.

2.3 GenAI solutions
Building on the limitations of earlier conversational agents, recent advances in generative AI 
have opened new possibilities for understanding and enhancing customer experience in 
banking. Thus, the use of Generative AI in the context of CX in banking remains an emerging 
but rapidly evolving research domain.

While much of the evidence currently originates from preprints and industry reports, 
academic contributions are beginning to outline its potential. Fieberg et al. (2023), Abdullin 
et al. (2024), Eustaquio-Jim�enez et al. (2024), and Hettiarachchi (2025) examine the 
application of models such as GPT-3 and GPT-4 in the banking and service domains. Their 
studies highlight use cases that include generating synthetic customer dialogs for training 
service agents, summarizing customer complaints to accelerate issue resolution, and 
delivering personalized financial advice in real time. In parallel, Landolsi et al. (2025) 
document the adoption of GenAI by banking institutions for generating text, images, voice, 
and video content to enhance customer engagement.

Despite these technological advancements, research initiatives remain scarce. Few studies 
specifically employ GenAI to conduct in-depth analyses of customer experience (CX) with the 
explicit objective of identifying and addressing customer dissatisfaction. This gap highlights a 
critical direction for future research. It underscores the importance of integrating advanced AI 
methodologies with conversational and behavioral datasets to generate richer and more 
actionable insights into customer experiences in the banking industry.

2.4 Objectives of the study
The general objective of this research is multifaceted and is therefore articulated through a set 
of specific objectives (SO).
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2.4.1 SO1: operationalization of service-dominant logic and relationship marketing.
Customers engage with financial institutions through multiple digital and non-digital 
touchpoints while concurrently using banking products and services. These repeated and 
ongoing interactions collectively constitute the customer experience, which is explicitly 
enacted across physical branches, digital chats with service agents, and, most saliently, 
telephone conversations. These interactions represent episodes of value co-creation in which 
value-in-use emerges through the integration of firm and customer resources. Simultaneously, 
such recurring interactions contribute to the development of relational value by fostering 
continuity, trust, and relationship commitment over time.

Building on these premises, this study seeks to surface customer experience as expressed in 
telephone calls by leveraging competitive learning and generative artificial intelligence 
(GenAI). By integrating large-scale conversational data with these methods, the proposed 
analytical framework operationalizes key theoretical constructs, namely value-in-use, 
resource integration, and relational value, within a real-world banking context. In doing so, 
the study demonstrates how interaction-level customer experience analytics can support a 
process-oriented understanding of both value co-creation and long-term relationship 
development between customers and financial institutions.
2.4.2 SO2: To prioritize contextual interpretation through generative CX extraction.

Traditional CX analytics in banking rely on predefined categories. This approach reduces rich 
conversational data to binary or ordinal outcomes, such as labeling interactions as either 
“satisfied” or “unsatisfied,” thereby losing important context. To address this limitation, the 
proposed framework foregrounds contextual interpretation through generative CX extraction. 
Drawing on advanced natural language processing techniques, it identifies latent themes. It 
generates coherent, domain-specific representations of customer interactions that reflect not 
only the expressed content but also the underlying intent, tone, and emotional nuance. By 
making these interactional meanings accessible, the framework supports a richer 
understanding of customer experiences as co-created phenomena. It enables non-technical 
stakeholders to better interpret customer value perceptions without requiring specialized 
analytical expertise.
2.4.3 SO3: To employ natural language for both input and output. A defining feature of the

proposed framework is its exclusive reliance on natural language for both input and output. 
Consistent with an end-to-end natural language approach, the framework differs from 
conventional systems that require structured data inputs or produce numerical outputs that 
require further interpretation. Instead, it directly processes unstructured textual inputs and 
generates interpretable textual outputs. This design enhances practical usability and 
accessibility. It enables insights to be readily understood and operationalized by service 
teams, product designers, and customer experience (CX) strategists, without requiring 
additional analytical translation.

Additionally, by implementing an entirely natural-language-processing pipeline, the 
framework addresses a significant gap in current banking practices. Although banks collect 
large volumes of conversational data through call centers and digital service channels, much of 
this data remains underexploited due to challenges associated with large-scale text processing 
and insight extraction. The proposed approach offers an automated, scalable mechanism for 
converting conversational data into actionable strategic knowledge while preserving the 
richness and authenticity of customer natural language.
2.4.4 SO4: To develop a novel application of generative AI in banking CX. Generative

artificial intelligence (AI) models, such as GPT, have demonstrated strong performance across 
a range of open-domain tasks, including text summarization, question answering, and content 
generation. Despite these advances, their application within the financial services sector, 
particularly for the systematic extraction of customer experience (CX) insights, remains 
limited. Addressing this gap, the present study develops a novel application of generative AI to 
analyze and interpret customer interactions in banking contact centers. Specifically, it
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proposes an intelligent conversational agent designed to operate within the linguistic, 
procedural, and regulatory constraints characteristic of the banking industry.

The model is trained on domain-specific conversational data, enabling it to generate 
outputs that maintain semantic fidelity, employ accurate financial terminology, and adhere to 
institutional communication standards. The resulting CX extractions yield operationally 
relevant insights, including recurrent service issues (e.g. authentication failures, lost cards, and 
delayed transfers), emotional friction points (e.g. dissatisfaction with automated services and 
concerns over unrecognized transactions), and explicit customer requests (e.g. faster 
resolution times and refund processing). Collectively, these outputs demonstrate the 
potential of generative AI to support more informed and responsive CX management in 
banking contexts.
2.4.5 SO5: To create strategies and mitigating measures to make clients self-sufficient.

Banks are increasingly pursuing strategies that shift customer interactions from human-agent-
assisted channels to digital and self-service alternatives. This shift is intended to improve 
scalability and reduce the substantial human-resource costs associated with telephone and live 
chat support. However, persistent customer reliance on direct service agents indicates that 
existing services and channels often fail to adequately support customers in achieving their 
goals independently. This reliance not only increases operational costs but also signals 
unresolved problems, unmet needs, and friction points within current customer journeys. 
Traditional customer experience analytics provide limited insight into why customers struggle 
with self-service or repeatedly seek human assistance. The proposed interaction-level 
generative CX method is therefore needed to capture customer experience in greater depth 
from contact center calls. In doing so, it reveals the underlying problems, value-in-use, 
relationship value, needs, and goals that shape customer behavior. By enabling a richer 
understanding of how customers experience banking services, the method supports the 
creation of innovations, mitigating measures, strategies, services, new functionalities, and 
channels that improve existing interactions. These improvements may increase customer 
satisfaction and loyalty, make customers more self-sufficient, and simultaneously reduce 
dependence on costly human service resources.

The above objectives mentioned show that the novelty of the proposed framework lies not 
in any single component taken in isolation, but in its integration into a unified customer-
experience analytics pipeline tailored to banking contact-center data. Specifically, the 
framework combines competitive-learning-based topic organization, the cluster-proportional 
construction of a retrieval document through an analytical method, and evidence-grounded 
generative analysis through Hybrid RAG, metadata filtering, semantic re-ranking, and 
prompt-guided generation. This integration is designed to satisfy the operational requirements 
for scalability, interpretability, and institutional compliance in regulated financial services 
environments (An, 2026).

3. Methodology and data
3.1 Method
Banks provide a specific and finite range of products and services, represented by 
P ¼ fp 1 ; p 2;:::; p p g. Products are tangible or contract-based offerings that customers can own, 
access, or enroll in, typically related to money management and may include credit and debit 
cards, mortgage loans, and investment funds. Services refer to non-physical, value-added 
activities provided by a financial institution to help customers manage their products, such as 
making transactions and investing money. This implies that customer needs and complaints 
concerning products and services are generally well-defined, finite in scope, and prone to 
recurrence across different customers within a specific context. Moreover, an increase in the 
number of products and services a customer acquires is typically accompanied by a 
proportional rise in the corresponding needs and claims (Sedunov, 2020; Birkenmaier and 
Stratman, 2025).
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A customer claim or need expressed in a banking context comprises three core textual 
components: verbs, functional adjectives, and nouns. Verbs refer to the specific request the 
customer makes to the institution. It represents the action the customer demands from the bank. 
For example, “I want to obtain my account statement,” “I want to report an unrecognized 
transaction,” or “I would like to open an account.” The verbs “obtain,” “report,” and “open” 
explicitly express the customer’s request. Conversely, functional adjectives, typically past 
participles such as lost, stolen, or blocked, serve to describe the condition or status of the noun 
(i.e. products and services) involved in the claim. This helps clarify the customer’s problem or 
situation, giving essential context to their request. Nouns represent the primary objects 
mentioned in the claim, which, in most cases, correspond to the products and services 
involved.

Thus, the set of verbs and functional adjectives used by customers in their claims will be 
defined and finite, represented by V ¼ fv 1; v 2 ; :::; v v g and C ¼ fc 1; c 2 ; :::; c c g, respectively.

With the foregoing considerations in mind, the methodology proposed in this study 
comprises the following stages, shown in Figure 1.

The details of each stage are explained below.
3.1.1 Stage 1-vector representation of conversations. Each phone conversation between

agents and customers is represented by a concatenated vector VCP ¼ concat
ðV; C; PÞ ∈ f0; 1g vþcþp , where V, C, and P encode the presence or absence of verbs, 
functional adjectives, and nouns, respectively. This representation is invariant to conversation 
length and word order, as it captures whether a term appears at least once in the interaction.

Let τ denote the set of tokens (words) extracted from a given conversation after
preprocessing. Let fv i gv

i¼1, fc i g
c
i¼1, and fp i g

p
i¼1 denote the vocabularies of verbs, functional

adjectives, and nouns terms, defined by the institution respectively. The binary indicator 
components are defined as follows:

Figure 1. Method flow. Source(s): Authors’ own work
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V i ¼ f ðv i Þ ¼ η½v i ∈ τ� for i ¼ 1; 2; :::; v (1)

C i ¼ gðc i Þ ¼ η½c i ∈ τ� for i ¼ 1; 2; :::; c (2)

P i ¼ hðp i Þ ¼ η½p i ∈ τ� for i ¼ 1; 2; :::; p (3)

Where η½·� denotes the indicator function, which equals one if the condition inside the brackets 
holds and zero otherwise.

Binary vectorization is well-suited for text analysis tasks in which the primary objective is 
to identify the presence or absence of specific lexical elements while maintaining low 
computational complexity. Accordingly, the proposed binary lexical vectorization offers a 
computationally efficient and financially sustainable alternative to transformer-based and 
embedding-centric methods for large-scale cloud deployment in banking contact center 
analytics. This approach only encodes whether functionally relevant lexical elements appear in 
a conversation. Consequently, vector construction scales linearly with the conversation length 
and can be performed on standard CPU infrastructure, resulting in predictable latency and 
reduced cloud costs. In contrast, transformer models, such as BERT, rely on self-attention 
mechanisms with quadratic computational complexity and typically require GPU-enabled 
resources, which increases the inference time, energy consumption, and financial cost when 
processing long conversational transcripts (Schwartz et al., 2020; Jim et al., 2024; Krishnan 
and Easwarakumar, 2025). The same applies to Top2Vec, which incurs additional overhead 
due to the generation of dense embeddings and iterative clustering. This makes it more 
expensive in scenarios involving rolling window updates and frequent retraining (Krishnan 
and Easwarakumar, 2025). Prior research in service and customer experience analytics 
underscores the importance of scalable, interpretable, and operationally transparent analytical 
methods, particularly in regulated financial environments, where cost predictability and 
continuous execution are essential (Verhoef et al., 2021). The proposed representation 
emphasizes computational efficiency and deployment feasibility, while preserving sufficient 
discriminative capability for downstream clustering and trend analysis in customer experience 
research. Recent banking research has likewise shown that text-mining and machine-learning 
pipelines can uncover service-quality and experience patterns from large-scale customer-
generated text, supporting the practical relevance of parsimonious, scalable analytical designs 
in service analytics (Çallı, 2023).

In this case, the concatenation order VCP is used. Still, any order can be applied since this 
vector is intended to capture the presence or absence of words regardless of their order.

This representation assumes that, for topic discrimination in banking contact-center 
conversations, the presence of functionally relevant lexical units is more informative than their 
repetition frequency or precise sequential order. This assumption is appropriate for banking 
service calls (it should not be indiscriminately generalized to other forms of text, such as 
books, news articles, or reports), where customers typically contact the center with a relatively 
specific problem or service need that remains the dominant focus of the interaction. For 
example, in a call concerning a lost credit card, that issue typically remains the dominant focus 
of the interaction. However, other topics, such as life insurance, may also arise during the same 
conversation. In such cases, the vector representation may position the call near others that 
contain both sets of terms. As a result, the resulting cluster may reflect the primary service 
issue while also capturing an overlapping service context. For the purpose of this stage, 
however, this does not materially weaken the analysis, because the objective is to organize 
conversations by dominant topic for dimensionality reduction and topic structuring, rather 
than to represent every contextual nuance of the interaction.

Within this setting, term frequency may reflect conversational emphasis, repair, politeness, 
or call duration rather than a substantively distinct service topic. Likewise, sequential 
modeling would add substantial representational complexity without being necessary for the
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clustering objective pursued here. Frequency-based and sequence-aware representations are 
more suitable when the aim is to model contextual relations, semantic dependencies, and 
interpretive depth in greater detail. In the proposed framework, these dimensions are 
intentionally deferred to the GPT stage rather than incorporated into clustering. Conversations 
are retained in their original natural-language form at the retrieval-document stage, allowing 
the subsequent generative model to examine contextual meaning, inter-word relationships, 
and problem interpretation more comprehensively.
3.1.2 Stage 2- cosine distance–adapted competitive learning. Once each conversation is

represented as a concatenated binary vector, a strict competitive learning algorithm is 
implemented, incorporating specific adaptations to utilize the cosine distance. This metric is 
particularly appropriate for assessing the similarity between two non-zero vectors because it 
quantifies their angular separation while remaining invariant to differences in magnitude. In 
addition, in clustering normalized binary textual representations, where each vector encodes 
the presence or absence of words, cosine distance is preferred over Euclidean distance. This is 
because of its theoretical alignment with normalized overlap, resistance to text-length bias, 
and superior discriminative power in sparse high-dimensional spaces. Empirical studies, 
including binary similarity surveys (Muniswamaiah et al., 2023; Garcia-Morato et al., 2025) 
and silhouette-based clustering evaluations (Moufok et al., 2025), demonstrate that cosine 
distance outperforms Euclidean metrics, particularly in variable-length, sparse input contexts. 
Furthermore, recent analytical work by Ismael (2025) emphasizes the limitations of Euclidean 
distance in such data regimes and underscores cosine interpretability and scale-invariance. 
Thus, for topic-based text clustering with binary presence vectors, cosine distance is both 
theoretically grounded and empirically validated.

The objective of competitive learning is to cluster conversations by common topics (a topic 
may encompass multiple issues across several products and services) for dimensionality 
reduction, that is, to represent a set of m conversations using K topics. This approach is 
particularly suitable in the banking sector, where groups of customers often discuss recurring 
issues such as “lost credit card,” “blocked account,” or “malfunctioning mobile application.”

Competitive learning postulates that Kneurons engage in mutual competition to become 
activated by a given input (Du, 2010). In the present study, the winning neuron is selected using 
a cosine-distance criterion. Specifically, the neuron exhibiting the lowest cosine distance to the 
input is designated as the winner and thereby acquires that input as part of its cluster. 
Consequently, at each iteration i, the neurons seek to minimize the cost function defined in 
Equation (4) to secure the input x i .

E i ¼ 
X 

μ k;i 
K

k¼1

� 

1 �
xT

i c k
kx i k kck k 

� 

(4)

Where μ k;i is equal to 1 if the input x i ∈ ℝ d is won by neuron c k ∈ ℝ d and 0 otherwise. The 

expression 1 − xT
i c k

kx i k kck k 
is the cosine distance, that in general terms, ranges from 0 (most similar)

to 2 (most dissimilar). To become more competitive, neuron c k must move in the direction 
where the cost function E i decreases most rapidly. This direction is determined by the negative 
gradient of the function E i with respect to c k , as shown in Equation (5).

−
∂E i
∂c k
¼ − 

X 
μ k;i

K

k¼1

∂

∂ck 

� 

1 �
xT

i c k
kx i k kck k 

� 

(5)

If the vectors x i and c k are normalized to unit length, that is, kx i k¼ 1 and kc k k¼ 1, Equation (5) 
is simplified, as shown in Equations (6) and (7).
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−
∂E i
∂c k
¼ − 

X 
μ k;i

K

k¼1

∂ 

∂c k 

�
1 � x Ti c k 

� 
(6)

−
∂E i
∂c k
¼ − 

X 
μ k;i

K

k¼1
ð−x i Þ (7)

If c w (with w ∈ f1; 2; :::Kg) is the winner, then μ w;i ¼ 1 and μ k;i ¼ 0 for the rest of the neurons 
where, k ≠ w, and the gradient is simplified, as shown in Equation (8).

−
∂E i
∂c w
¼ x i (8)

Equation (8) indicates that, at each iteration, the neurons adjust their positions towards the 
inputs to minimize the cost function and increase their likelihood of winning. Substituting the 
gradient into the conventional learning rule employed in both supervised and unsupervised 
machine learning models (Tian et al., 2023) yields the following expression:

c w ði þ 1Þ ¼ c w ðiÞ � α 
∂E i 
∂c w
¼ c w ðiÞ � αð−x i Þ (9)

Where α denotes the scalar learning rate, which is typically a small positive value. Thus, the 
learning rules for the K competing neurons are defined by Equations (10) and (11).

c w ði þ 1Þ ¼ c w ðiÞ þ αx i (10)

c k ði þ 1Þ ¼ c k ðiÞ for k ≠ w (11)

The gradient of the cosine distance is determined by angular relationships rather than vector 
magnitudes. While generally stable, such gradients may exhibit sparsity or variability across 
different dimensions. The Adaptive Moment Estimation (Adam) algorithm is particularly 
well-suited to these conditions, as it simultaneously estimates the first moment (the gradient 
mean) and the second moment (the gradient variance). This dual estimation enables balanced 
and adaptive parameter updates (D�efossez et al., 2022). It is particularly effective in high-
dimensional spaces where certain features may exert a disproportionate influence on the 
optimization process. Consequently, integrating Adam into the learning rules specified in 
Equations (10) and (11) produces the outcomes reported in Equations (12) and (13).

c wðiþ1Þ ¼ c w ðiÞ � α
b mi
ffiffiffiffi
b vi
p 
þ ∈ 

(12) 

c k ði þ 1Þ ¼ c k ðiÞ for k ≠ w (13)

Where b mi ¼ 
β 1 m i−1 þð1 − β 1 Þg i

1 − βi
1

and b vi ¼ 
β 2 v i−1 þð1 − β 2 Þg i 2

1 − βi
2

are the exponential moving average of

gradients and squared gradients, respectively with bias correction. With g i ¼ ∂E i 
∂c k
, α as the

learning rate, ϵ is a small constant to avoid division by zero, and β 1 ; β 2 ∈ ½0; 1Þ. After each 
update, the winning prototype is renormalized to unit length to preserve the cosine-distance
geometry.

The objective of these learning rules is to identify the optimal centroids that cluster the
conversation vectors into k principal topics.
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Compared with embedding-based topic modeling approaches such as BERTopic and 
Top2Vec, the proposed competitive-learning method offers clear advantages in scalability, 
transparency, and institutional compliance, which are critical in banking environments. 
BERTopic and Top2Vec rely on external public libraries and pre-trained embedding models 
that function as black-box components and are subject to versioning, licensing, and security 
constraints. In contrast, the proposed approach is implemented using native mathematical 
operations, without dependence on third-party NLP frameworks, and therefore aligns with 
strict bank security and data-governance policies. The learning dynamics are explicitly defined 
through analytical cost functions and gradient-based update rules, providing complete 
transparency of the optimization process. Unlike BERTopic and Top2Vec, where adaptive 
optimization is implicit in pre-trained models and not accessible at the topic-learning stage, the 
proposed method explicitly incorporates adaptive learning rules, such as Adam. This explicit 
formulation enables controllable, auditable, and deterministic topic formation. It also supports 
linear scalability to large volumes of customer-service conversations and efficient daily 
execution under constrained computational budgets. By avoiding repeated transformer 
inference and opaque optimization layers, the method reduces computational and energy 
consumption. The latter supports banks’ sustainability objectives and the long-term 
maintainability of customer experience analytics pipelines (Shreyashree et al., 2022; Mohd 
Amin et al., 2025; Yeo et al., 2025).
3.1.3 Stage 3- determination of the optimal number of topics and coherence. The algorithm

is designed to determine the optimal value of K from the set of m representative input vectors, 
as shown in Figure 2. The latter is accomplished by treating the number of clusters as a 
parameter to be estimated, selecting the value that maximizes the Calinski–Harabasz (CH) 
index. The CH index is a widely adopted metric for evaluating clustering quality. It measures 
the ratio of between-cluster dispersion to within-cluster dispersion, thereby favoring solutions 
characterized by high intra-cluster compactness and clear inter-cluster separation (Qiu et al., 
2020; Farea et al., 2024). From a computational perspective, the CH index is considered 
relatively efficient and low in complexity, particularly compared with alternative clustering 
validation metrics such as the Silhouette coefficient.

Figure 2. K-topics from m-phone call conversations. Source(s): Authors’ own work
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The proposed method is expected to yield coherent topics from banking contact center data 
because it is explicitly aligned with the linguistic and operational structures of service 
interactions. Banking conversations are not free-form text; instead, they are lexically 
constrained and dominated by operational verbs (e.g. block, transfer, reverse, cancel, 
activate), functional adjectives (e.g. pending, fraudulent, overdue, authorized), and domain-
specific nouns (e.g. card, charge, account, balance, limit). By restricting textual 
representations to these parts of speech, the method induces lexically tight topic 
boundaries. This is further confirmed by computing the C v metric, which ensures that the 
generated topics and their associated conversations exhibit actual coherence. C v topic 
coherence evaluates topic interpretability by quantifying the extent to which a topic’s most 
representative terms co-occur within a reference corpus. The metric integrates normalized 
pointwise mutual information (NPMI), sliding-window co-occurrence statistics, and cosine-
similarity aggregation over word context vectors. Higher C v values indicate semantically 
coherent topics whose term groupings align closely with human judgments. As a result, C v is 
widely used to compare topic models and to guide the selection of the number of topics in 
applied text-mining research (Mahdikhani and Meena, 2024).

Although individual conversations may involve multiple purposes or intents, the 
competitive-learning stage is designed to capture the dominant interactional context 
underlying contact-center demand for each topic. As a result, a given topic can contain 
different service requests and resolution patterns that co-occur within the same conversation. 
After topic assignment, the retrieval stage does not transform or decompose the conversations 
into separate intent units; instead, the original transcripts are retained in natural language and 
used directly for plain-text retrieval. Consequently, when a conversation contains multiple 
intents, these are represented jointly within the cluster to which the conversation is assigned, 
rather than being split across multiple topics. This hard-assignment strategy may introduce 
some degree of topic dilution in especially complex cases, but it remains consistent with the 
study’s objective of identifying the main drivers of demand at scale and dimension reduction. 
At the same time, secondary issues are not lost, because they remain embedded in the original 
transcripts and can still be accessed during the downstream retrieval and generative analysis 
stages, even when the conversation is mapped to a single winning neuron.
3.1.4 Stage 4- creation of an aggregated text, the retrieval document. Once the

conversations have been clustered according to their representative vectors, a proportion r 
of random samples is drawn from each cluster. These samples are then combined to form the 
retrieval plain-text dataset used by the RAG process. This approach accounts for the frequency 
effect of the topics addressed in the contact center. For instance, if a larger number of 
customers contact the center to report a lost credit card, whereas only a few inquire about 
insurance purchases, more conversations will be extracted from the former topic. This ensures 
that it carries greater weight in the final aggregated text, which compiles all sampled 
conversations.
3.1.5 Stage 5- GPT model with hybrid RAG, semantic re-ranking, metadata filtering, and

prompt. The GPT model processes the retrieval document generated in the previous step by 
incorporating these four components.

(1) Hybrid Retrieval-Augmented Generation (Hybrid RAG). Hybrid RAG defines how 
candidate conversational evidence is retrieved from the plain-text corpus. It combines 
BM25 lexical retrieval with semantic vector similarity in Azure AI Search. This 
captures both exact banking terminology and semantically similar customer 
expressions. The approach maximizes recall and grounding at the retrieval stage.

(2) Metadata filtering. Metadata filtering is applied at retrieval time using structured 
fields in Azure AI Search. It restricts which subsets of the plain-text corpus are eligible 
for retrieval using structured attributes such as product category, channel, jurisdiction, 
period, and topic. It does not analyze text content; instead, it ensures that only
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contextually comparable and institutionally valid conversations are used as evidence. 
In CX analysis, this grounds insights into the correct service context and regulatory 
scope.

(3) Semantic re-ranking. After hybrid retrieval, candidate conversations are re-ranked 
using Azure AI Search’s semantic ranking capabilities. It re-orders candidate 
conversations based on contextual relevance to the user’s analytical query. This step 
improves precision by prioritizing conversations that most directly reflect the 
customer experience dimension of interest (e.g. dissatisfaction, effort, resolution 
quality, pain points, emotions), while demoting marginal or tangential interactions.

(4) Prompt-guided generation. Prompt-guided generation governs how retrieved 
conversational evidence is synthesized. A structured, evidence-constrained prompt 
instructs the GPT model to extract predefined customer-experience insights from the 
retrieved text. It answers predefined questions on satisfaction, sentiment, service 
quality, loyalty, and product interactions. This produces interpretable, decision-
relevant insights rather than free-form summaries.

Hybrid RAG, metadata filtering, semantic re-ranking, and prompt-guided generation are four 
interdependent components that operate sequentially on the plain-text retrieval corpus. 
Together, they ensure that customer insights are representative, contextually valid, 
semantically precise, and grounded in banking contact center conversations. At the same 
time, computationally intensive algorithms are avoided, thereby lowering operational costs.

Such a design is also aligned with recent evidence that AI-enabled service systems in 
banking must remain controllable and governance-aware. This is particularly important 
because operational deployment unfolds amid socio-technical and regulatory tensions that 
shape how AI can be integrated into frontline service processes (Sathiskumar and 
Andersen, 2025).

3.2 Data
The dataset analyzed in this study derives from audio recordings of interactions between 
customers and service agents at the contact center of a major financial institution with a global 
presence. To demonstrate the functioning and accuracy of the proposed methodology, only 
conversations from one English-speaking country where the institution operates are 
considered. These recordings capture authentic banking service scenarios, including 
account-related inquiries, transaction dispute resolution, product consultations, and 
complaint handling. The dataset comprises monthly recordings collected between July 2023 
and July 2025, totaling 25 months, and encompassing 10,062,406 calls. For confidentiality and 
in accordance with the institution’s privacy policies, the bank’s name cannot be disclosed.
3.2.1 Data extraction. The dataset is derived from call recordings captured through the 

institution’s contact center telephony system. Each interaction is stored in a standardized 
digital audio format, typically as compressed files (e.g. MP3 or OGG). Structured metadata, 
including call identifier, timestamp, duration, and agent identifier, also accompanies it. The 
extraction procedure involves securely transferring the audio files from the call management 
repository to a controlled private cloud environment. All transfers adhere strictly to the 
institution’s internal security protocols and to relevant financial and data protection 
regulations. This ensures data integrity and confidentiality.
3.2.2 Audio-to-text conversion. Following extraction, the audio files were converted to text 

using speech-to-text processing, producing transcripts suitable for analysis. This process is 
implemented through a hybrid processing pipeline combining Python and PySpark, enabling 
efficient large-scale transcription. The conversion workflow comprises the following 
sequential stages:
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Audio Standardization – All recordings are converted to a consistent format (WAV, 16 kHz, 
mono channel) to ensure compatibility and optimize transcription accuracy. Standardization is 
performed using the Python libraries pydub and librosa.
Segmentation – Segments of audio containing promotional messages, automated 

announcements, and survey prompts are removed to enhance recognition accuracy and 
reduce memory consumption. The segmentation process employs pydub for local processing 
and pyspark.ml.feature utilities for distributed large-scale execution.
Noise Reduction – To mitigate background noise common in contact center environments, 

spectral noise suppression techniques are applied using the librosa and noisereduce libraries in
Python.
Speech Recognition – Transcription is conducted using a multi-engine strategy. For small-

scale datasets, the speech_recognition library in Python is employed to enable efficient 
synchronous processing. For large-scale datasets, the OpenAI Whisper API and the Vosk 
speech recognition engine are integrated into PySpark workflows, enabling distributed, 
parallel execution across multiple nodes. This architecture ensures high transcription accuracy 
while maintaining the scalability needed to process large volumes of conversational data.
3.2.3 Masking of sensitive information. To comply with applicable privacy legislation and 

institutional confidentiality requirements, all personally identifiable information (PII) is 
systematically anonymized before analysis. An anonymization pipeline is implemented using 
a hybrid Named Entity Recognition (NER) approach that combines rule-based methods with 
machine learning techniques. NER, a core methodology in NLP, enables the detection and 
classification of entities within unstructured text, assigning them to predefined categories such 
as personal names, organizations, dates, and numeric identifiers.

Detected sensitive elements are substituted with standardized tokens as follows:

PHONE – telephone numbers (mobile or landline)

ADDRESS – physical or mailing addresses

ACCOUNT – bank account numbers

EMAIL – email addresses

ID_NUMBER – government-issued identification numbers

CARD_NUMBER – debit or credit card numbers

DOB – dates of birth

AMOUNT – monetary amounts linked to specific accounts

COMPANY – any company or organization name mentioned

NAME – any person’s name mentioned in the conversation

The masking protocol combines regular expressions for pattern-based detection with domain-
specific dictionaries to capture banking-related terminology. It also leverages pre-trained NER 
models from spaCy and Hugging Face’s transformer-based architecture, fine-tuned on 
financial domain corpora. This integrated approach achieved high recall, capturing the vast 
majority of PII instances, while maintaining high precision to minimize false positives.

All libraries and modules referenced in this section for data processing are implemented in 
the cloud environment using Python or PySpark.
3.2.4 Text normalization. Following transcription and anonymization, all text is normalized 

to ensure consistency and suitability for downstream NLP tasks. The normalization pipeline 
involves:

Case Standardization – Converting all text to lowercase.
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Token Cleaning – Removing extraneous punctuation, transcription artifacts, and non-linguistic 
symbols.

Stopword Removal – Removing non-informative words through an internally defined set of stopword 
lists established according to expert criteria. For example, when the customer pauses to think and 
produces expressions such as “uh” or “mmh,” or when laughter occurs, which is represented in the 
transcript as “haha.”

The final dataset consists of fully anonymized and normalized textual transcripts. Each 
transcript is associated with metadata that includes anonymized agent and customer 
identifiers, the call date, and the call duration. No original audio files or unmasked 
transcripts are retained. Table 1 presents an example of how the original conversation 
transcripts are processed to remove as much noise as possible. The processed transcript is then 
used as input for the proposed methodology.

The anonymization procedure shown in Table 1 protects sensitive data while preserving the 
nature and context of the original information, which is essential to the proposed methodology. 
For the methods and the extraction of customer experience insights, specific details such as 
customer addresses with street and number are not required. Similarly, it is unnecessary to 
retain the exact name of an online store where a product was purchased or the personal names 
of customers or agents. The model requires only general indicators, such as a word or key 
phrase, to identify whether an address, an online store, or a proper name is mentioned.

A limitation of this pipeline is that speech-to-text errors may propagate into lexical 
vectorization, particularly when operational verbs or functional adjectives are misrecognized. 
This risk was mitigated through audio standardization, segmentation, noise reduction, multi-
engine transcription, and subsequent text normalization. Moreover, because topic assignments 
are driven by recurring lexical patterns across large volumes of conversation rather than by 
isolated token occurrences, the effect of occasional transcription errors is attenuated, though 
not fully eliminated.

Table 1. Transcript text processing

Original transcript Processed transcript

Agent: Good morning, thank you for calling Bank 
Name customer service, my name is Laura, how can I 
help you today?

agent: good morning thank you for calling [company] 
customer service my name is [name] how can i help 
you today

Client: Hi, uh, yeah, I think I lost my credit card 
yesterday and I don’t know what to do

client: hi yeah i think i lost my credit card yesterday 
and i dont know what to do

Agent: I’m sorry to hear that. Don’t worry, we’ll take 
care of it. Can I have your full name and the last four 
digits of your account, please?

agent: im sorry to hear that dont worry well take care 
of it can i have your full name and the last four digits of 
your account please

Client: Sure, it’s Carlos Hern�andez, and uh, the last 
four are 4,923

client: sure its [name] and the last four are [account]

Agent: Thank you, Mr. Hern�andez. Before we 
continue I’ll need to verify your identity. Could you 
confirm your date of birth and the billing address on 
file?

agent: thank you [name] before we continue ill need to 
verify your identity could you confirm your date of 
birth and the billing address on file

Client: Yeah, it’s October 14, 1986, and the address is 
125 Avenida Central, uh . . . Monterrey

client: yeah its [dob] and the address is [address]

Agent: Perfect, thank you. I’ve verified your account. 
So you mentioned the card was lost yesterday, right? 

agent: perfect thank you ive verified your account so 
you mentioned the card was lost yesterday right 

Client: Yes, I think maybe I left it at the restaurant or 
taxi, I’m not really sure

client: yes i think maybe i left it at the restaurant or taxi 
im not really sure

Agent: Understood. For your security, I’ll go ahead 
and block this card immediately so no one else can use 
it

agent: understood for your security ill go ahead and 
block this card immediately so no one else can use it

Source(s): Authors’ own work
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4. Results and discussion
4.1 General results
A conversational agent trained using the proposed method is made available to the institution’s 
customer experience analysts, enabling them to extract insights through natural language 
queries. The backend of this conversational agent continuously receives telephone 
conversations between customers and contact center agents.

Topic extraction is implemented through a competitive learning process operating on a 
rolling one-month window of historical data, updated daily. This historical window spans 31 
calendar days and represents the minimum temporal horizon required to capture key 
operational and contextual dynamics in banking contact centers. These dynamics include 
billing cycles and monthly fee assessments (biweekly or end-of-month), card replacements 
and fraud-related incidents (typically resolved within 7–15 days in the institution examined), 
regulatory or policy changes (generally enforced at the beginning of a calendar month), 
application updates or service outages (commonly deployed on a monthly release cycle), and 
marketing campaigns and promotional activities (refreshed monthly). Collectively, these 
factors have been shown to shape the volume and nature of customer interactions with the 
contact center (Voorhees et al., 2017; Zhang et al., 2023; Shamsuzzoha et al., 2025). Although 
a longer temporal window could also incorporate these operational and contextual effects, 
such an extension is not strictly necessary for effective topic extraction. It would introduce 
additional computational overhead and associated costs without a commensurate gain in 
representational relevance. Hourly or sub-daily updates are not adopted because the semantic 
content of customer interactions in bank contact centers evolves over multi-day horizons 
rather than within hours. Intraday variability mainly reflects fluctuations in interaction volume 
rather than substantive changes in customer issues. Prior research in service operations and 
analytics shows that meaningful shifts in customer concerns are driven by operational events, 
service disruptions, and policy interventions whose effects persist over several days. Persistent 
model updates tend to increase noise, reduce topic stability, and introduce unnecessary 
computational overhead without improving interpretability (Pacella et al., 2024; Ranieri et al., 
2024; Rahman et al., 2022).

After the topics and their corresponding conversations are established, a retrieval plain-text 
corpus is constructed by randomly sampling a proportion r of conversations from each topic. 
This corpus is subsequently used as input for the GPT model, integrating hybrid RAG, 
semantic re-ranking, metadata filtering, and prompt-guided generation in Azure AI.

Thus, the optimal number of topics and length of the plaintext corpus may vary daily, 
depending on the nature and context of incoming conversations. This approach ensures that 
queries submitted to the chatbot yield customer experience (CX) insights that reflect the most 
current information.

As mentioned previously, the model is executed daily in practice. To demonstrate the 
performance of the proposed method, this study reports results from the last day of each month 
from July 2023 to July 2025. The analysis uses all conversations collected up to that date, 
totaling 25 months and 10,062,406 conversations.

Figure 3 presents the total of conversations analyzed, classified into service requests and 
problem resolution. Overall, service-related calls are more frequent than problem resolution 
calls. A slight upward trend is observed, attributed to the natural increase in the number of 
clients and contracted products. Importantly, this trend is undesirable, as it implies greater 
demand on contact centers, a greater need for service agents, and longer customer waiting 
times. Ultimately, this hurts both customers and institutions.

Figure 4 illustrates the distribution of conversation frequencies based on word count. For 
the institution under analysis, most conversations range from approximately 500 to 1,000 
words, with a progressively lower incidence of more prolonged interactions. In some cases, 
customer issues are not resolved by the initial agent and are escalated to subsequent agents, 
leading to more extended conversations. These prolonged interactions are also retained in the 
analysis.
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The competitive learning algorithm is provided with a range of 1–200 neurons, allowing it 
to autonomously determine the optimal number of topics based on the Calinski–Harabasz 
(CH) index. Figure 5 presents the optimal number of topics across the entire study period, 
which shows a modest upward trend. This trend reflects the institution’s introduction of new 
products and services, which broadens the range of issues that lead customers to contact the 
service center. In the absence of mitigating measures, this growth reflects the business’s 
natural expansion.

It is observed that, over the analysis period, the optimal number of topics fluctuates 
between 89 and 98. This relatively narrow fluctuation band likely reflects a combination of 
substantive changes in customer demand and normal sensitivity of the Calinski–Harabasz

Figure 4. Histogram of number of words per conversation. Note: Bank contact center data from July 2023 to 
July 2025. Source(s): Authors’ own work

Figure 3. Number of conversations. Source(s): Authors’ own work

International 
Journal of Bank 

Marketing

Downloaded from http://ftp.nowpublishers.com/ijbm/article-pdf/doi/10.1108/IJBM-10-2025-0815/11676017/ijbm-10-2025-0815en.pdf by guest on 25 June 2026



index under rolling-window updates. The absence of abrupt swings suggests that the 
institution’s topic structure remains broadly stable over time, while modest month-to-month 
variation captures both incremental business change and expected index responsiveness to 
updated conversational mixes.

Table 2 presents a sample of the topic classifications identified in July 2023. Of these, 55 
were related to customer service and 34 to problem resolution, corresponding to 
approximately 61% and 39%, respectively. The topic titles are determined through a 
prompt sent to the GPT model via an API in Databricks once the clusters have been created. It 
is important to note that although the results for July 2023 are presented here, the topic titles

Figure 5. Optimal number of topics for July 2023–July 2025. Source(s): Authors’ own work

Table 2. Main topics for July 2023

Service request

Account
balance
check

Request for 
account 
statements

Request for 
international 
money transfer

Enrollment in 
loyalty or 
rewards 
program

Request for 
premium or 
exclusive 
banking 
services 

Request for 
financial advisory 
or consultation

Inquiry on 
recent 
transactions

Addition of 
new 
beneficiaries

Setup of wire 
transfer 
instructions

Redemption of 
reward points

Request for 
promotional 
offers or 
discounts

Request for 
demonstration of 
internet banking 
services

Problem resolution

Unsuccessful 
ATM cash 
withdrawal

ATM debited 
account without 
dispensing cash

Declined 
payment at 
point of sale or 
online 

Dispute regarding 
unauthorized 
transaction

Report of lost 
debit card

Report of 
lost credit 
card

Report of stolen 
card

Mobile banking 
application 
malfunction

Inability to log 
into online 
banking

Account access 
locked

Display of 
incorrect 
account 
balance

Duplicate
debit
transaction

Source(s): Authors’ own work
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remain broadly stable over time due to the bank’s contact center’s limited lexicon and 
constrained context.

4.2 Benchmarking results with other methods
Table 3 reports the results for the C v metric, execution time, and execution cost of the 
proposed methodology, along with comparisons with the BERTopic and Top2Vec methods. 
Only five periods were selected for executing BERTopic and Top2Vec and for comparing the 
aforementioned metrics, due to the budgetary constraints of this study.

BERTopic and Top2Vec are prominent embedding-based approaches to topic modeling 
that rely on dense semantic representations, typically derived from transformer-based 
embeddings or joint document–word vector spaces, to uncover latent thematic structures in 
large-scale unstructured text corpora. These methods are widely adopted in exploratory 
semantic analyses across domains such as social media analytics, customer feedback mining, 
and marketing research, where semantic expressiveness and modeling flexibility are often 
prioritized over strict probabilistic assumptions.

Despite their widespread adoption, prior research highlights that these embedding-based 
text analytics methods are primarily employed for exploratory insight generation, while posing 
challenges related to transparency, reproducibility, cost, execution time, and governance when 
deployed in operational or regulated environments. Consequently, methodological choices 
remain highly context-dependent, and organizations frequently complement or benchmark 
such approaches against more controllable and auditable analytical frameworks (Steidl et al., 
2023; Chen et al., 2026).

The C v metric remains above 0.6 for the proposed methodology across all months of the 
analysis period. This level is considered acceptable by the institution for topic coherence. It 
also slightly exceeds the C v values obtained by BERTopic and Top2Vec, which remain below 
0.6 across the five selected executions. The lower C v coherence values observed for
BERTopic and Top2Vec may be due to some dilution in the embedding space, with topics 
showing more variance and being sensitive to heterogeneous conversation length and content. 
These models group lexically diverse but semantically related terms, thereby weakening local 
word co-occurrence patterns and reducing co-occurrence-based coherence. By contrast, the 
proposed method restricts representations to action-oriented and domain-specific lexical units. 
It also enforces competitive clustering. As a result, topics are lexically compact, and their 
representative terms consistently co-occur in customer–agent interactions.

In the present study, C v coherence is interpreted primarily as an indicator of operational 
interpretability: higher values suggest that the constrained lexical units defining each topic 
form recognizable and managerially meaningful issue groupings within the banking contact-
center context. It should therefore be understood as evidence of an interpretable topic structure 
under the proposed representation, rather than as an exhaustive measure of the full semantic 
relationships present in the conversations.

Regarding execution time, a significant difference is observed between the proposed 
method and the other two approaches across the five executions under the same runtime 
settings. The proposed methodology can be updated without difficulty every 24 h. In contrast, 
the other methods require more than 24 h to produce updated results. These execution times 
directly affect execution costs, which are clearly more efficient under the proposed 
methodology. BERTopic and Top2Vec are slower at scale because they rely on dense 
embedding inference and high-dimensional similarity operations, whose costs grow with both 
corpus size and conversation length. The proposed method avoids embedding generation and 
instead uses sparse lexical representations with analytically defined competitive learning, 
resulting in lower computational overhead and faster convergence.

Because BERTopic and Top2Vec were run over a limited number of periods, the 
benchmarking results should be interpreted with caution. In this study, these comparisons are 
intended primarily to assess computational efficiency, execution cost, and operational
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Table 3. Comparison of metrics across different methods

Month
Number of 
conversations

Proposed
method
(C_v
metric)

BERTopic
(C_v
metric)

Top2Vec
(C_v
metric)

Proposed
method
(hours)

Proposed
method
cost
(USD)

BERTopic
(hours)

BERTopic
cost
(USD)

Top2Vec
(hours)

Top2Vec
cost
(USD)

2023–07 3,59,658 0.610 6 60
2023–08 3,24,064 0.609 6 57
2023–09 3,46,632 0.612 6 58
2023–10 3,53,193 0.600 7 61
2023–11 3,27,631 0.608 6 54
2023–12 3,65,828 0.611 7 62
2024–01 3,58,369 0.614 7 62
2024–02 3,58,070 0.613 7 62
2024–03 4,31,662 0.617 7 71
2024–04 4,44,053 0.615 8 72
2024–05 3,84,893 0.618 6 69
2024–06 3,88,355 0.616 7 70
2024–07 4,15,542 0.615 0.571 0.533 7 71 46 451 64 638
2024–08 4,01,638 0.613 7 61
2024–09 3,98,512 0.611 7 63
2024–10 3,87,253 0.612 0.575 0.533 6 59 41 410 58 615
2024–11 4,06,447 0.619 7 71
2024–12 4,26,391 0.614 7 70
2025–01 4,21,831 0.615 0.573 0.532 7 69 47 463 65 668
2025–02 4,14,878 0.614 7 71
2025–03 4,92,851 0.616 8 84
2025–04 5,11,469 0.617 0.574 0.537 9 85 58 597 78 791
2025–05 4,44,734 0.615 8 72
2025–06 4,31,490 0.613 7 76
2025–07 4,66,962 0.618 0.576 0.536 8 72 52 516 71 703
Note(s): Metrics for the last day of the month. Execution time values and cost may vary from

 
one run to another and across institutions, as cloud-based tools are continuously

updated. Execution times and costs are rounded to the nearest integer
Source(s): Authors’ own work
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feasibility in a regulated banking environment, rather than to claim definitive superiority 
across all topic-modeling contexts.

4.3 Validation
To evaluate the accuracy of the customer experience insights extraction, fifteen key business 
questions are formulated, each corresponding to one of three strategic business areas: 
satisfaction and emotional sentiment, perceived quality and experience, and preferences and 
loyalty indicators.

Satisfaction and emotional sentiment

(1) Do customers express satisfaction after their issue is resolved by the contact center?

(2) What emotions (e.g. frustration, relief, gratitude) are most frequently expressed during 
interactions?

(3) Are there specific products or services that consistently generate positive emotional 
responses?

(4) Which types of issues are most commonly associated with customer frustration or 
dissatisfaction?

(5) Do customers express a sense of trust and confidence in the bank after speaking with 
an agent?

Perceived quality and experience

(6) How do customers describe the overall quality of service received during the call?

(7) What aspects of the interaction (e.g. agent attitude, clarity, speed) contribute most to 
customer satisfaction?

(8) Do customers feel that their concerns were listened to and understood by the agent?

(9) Which moments during the call are most likely to trigger dissatisfaction or 
complaints?

(10) Is there evidence of customers feeling valued or appreciated during the conversation? 

Preferences and loyalty indicators

(11) Do customers express preferences for specific channels (phone, app, in-branch) based 
on previous experiences?

(12) What factors make customers feel loyal to the bank or likely to recommend it to 
others?

(13) Are there indications that a customer is considering switching to a competitor due to 
dissatisfaction?

(14) What product features or service attributes are most frequently associated with 
customer happiness?

(15) Do customers express willingness to use additional products or services based on their 
current satisfaction?

The defined questions are submitted to the developed model, and the responses are evaluated 
using two complementary validation approaches. The first relies on human intelligence for 
rubric validation, while the second involves independent validation using alternative AI
methodologies.
4.3.1 Rubric validation by human intelligence. The inclusion of human evaluators is

theoretically and practically justified. Generative AI systems often exhibit hallucinations and
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overconfidence in unsupported claims, which cannot be reliably detected by automated 
metrics. Moreover, in customer experience contexts, qualitative dimensions such as tone, 
empathy, and compliance with privacy norms are indispensable yet inherently subjective. As 
emphasized in prior studies, human judgment remains the gold standard for evaluating 
contextual quality, particularly in domain-specific applications (Fan et al., 2025; Hashemi 
et al., 2024).

This approach also aligns with emerging calls in generative AI research to adopt rubric-
based evaluations that explicitly encode human values and domain constraints (Hashemi 
et al., 2024).

The rubric validation proposed defines accuracy as a multidimensional construct 
operationalized through five criteria: Correctness, Faithfulness, Completeness, Conciseness, 
and Compliance (Novotna and Libal, 2022). Each response is rated on a 0–5 ordinal scale, 
where 0 denotes non-compliance, and 5 reflects full compliance. This approach is consistent 
with established best practices in natural language generation (NLG) evaluation. These 
practices recommend decomposing quality into interpretable dimensions rather than relying 
solely on single scalar metrics (Fan et al., 2025). The final score for each GPT-generated 
answer is computed as the average across the criteria, enabling a balanced assessment of 
factual, structural, and ethical performance.

The description of each criterion is as follows:
Correctness ensures factual reliability, consistent with factual grounding frameworks 

(Hashemi et al., 2024).
Faithfulness guards against hallucinations by requiring direct support from the underlying 

corpus of customer–agent conversations.
Completeness captures responsiveness to the entire query, addressing concerns of partial or 

selective answering.
Conciseness mitigates verbosity and ensures information is delivered efficiently.
Compliance enforces regulatory and ethical safeguards, particularly against disclosure of 

personally identifiable information (PII), aligning with financial-sector data protection norms.
Human validation is designed as a distributed expert evaluation framework rather than a co-

rating scheme. Thirty trained contact center agents with domain expertise in interpreting 
customer–agent interactions conduct the evaluations each month. At the beginning of every 
month, the agents are assigned to validate GPT-generated responses to 15 predefined 
analytical questions. Each agent reviews a randomly sampled subset of 50 customer–agent 
conversations drawn without replacement from the full monthly corpus, resulting in an 
evidence base of 1,500 conversations per month. Each set of 50 conversations is used to 
construct the plain-text retrieval that feeds the GPT model to generate the responses based on 
that sample in the demo section of Azure AI. This process is repeated over 25 consecutive 
months (July 2023–July 2025), yielding a total of 37,500 distinct conversations (30 
agents 3 50 conversations 3 25 months) reviewed as contextual evidence and 11,250 rubric 
evaluations (30 agents 3 15 questions 3 25 months). Agents are rotated monthly by other 
agents to prevent systematic individual bias and mitigate rater drift over time (Tam 
et al., 2024).

As a single agent evaluates the 15 GPT-generated responses using different conversational 
evidence within a given month, conventional inter-rater reliability statistics (e.g. Cohen’s κ, 
Fleiss’ κ, Krippendorff’s α, or intraclass correlation coefficients) are not statistically defined in 
this setting. Such measures require multiple independent ratings of the same item given the 
same information. Accordingly, the study does not report formal inter-rater reliability 
coefficients. Instead, reliability is addressed procedurally through rubric standardization, 
evaluator training, agent rotation, and large-scale repeated evaluation across time. The rubric’s 
explicit criteria reduce interpretive ambiguity, while the use of trained domain experts ensures 
informed and contextually grounded judgments. Importantly, the scale and temporal 
replication of the validation process provide robustness through aggregation: individual
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judgment variability is averaged out across thousands of evaluations conducted by different 
agents over two years.

Accordingly, the reported rubric-based accuracy scores should be interpreted as evidence 
of procedural reliability and consistency across repeated evaluation periods, rather than as 
population-level estimates of statistical validity. The design supports robustness through 
standardized expert assessment over time, but it does not permit formal inference about 
population-level agreement parameters.

The overall accuracy score for a given question is calculated as the average of the scores 
assigned by the agents in the corresponding month. Figure 6 presents the results of rubric-
based validation across the three question types. The average scores fluctuate between 4.4 and 
5, tending towards the upper bound, which indicates a high level of accuracy. These findings 
validate artificial intelligence outputs through natural intelligence.
4.3.2 Artificial intelligence validation. The validation described in the previous section 

demonstrates a high level of accuracy with the selected sample. However, in practice, within 
the chosen institution, the model processes an average of 400,000 conversations between 
agents and customers per execution. It is neither feasible nor practical for a group of 
individuals to analyze a representative sample of such a large volume of texts. For this reason, 
the second validation implemented incorporates alternative artificial intelligence algorithms to 
verify the results produced by GPT-4o Mini. The alternative AI models selected for this 
purpose are Gemini 2.5 Flash and DeepSeek-V3. These validations are used only for 
consistency checks, while human rubric validation remains the primary validation mechanism. 
A comparable validation approach is reported by Laskar et al. (2023).

The Jaccard similarity metric is used to assess the degree of textual overlap between the 
outputs of GPT, Gemini, and DeepSeek. It provides a principled and interpretable method for 
assessing text similarity when documents are represented as sets of tokens, key phrases, or 
k-shingles (Bag et al., 2019). The measure is invariant to document length, which supports its 
use in near-duplicate detection, plagiarism analysis, and other tasks where the presence or 
absence of terms is more informative than frequency (Amirzhanov et al., 2025; Athukorala 
and Mohotti, 2022). Compared with alternative measures such as the Szymkiewicz–Simpson 
coefficient, Euclidean distance, Kullback–Leibler (KL) divergence, and Jensen–Shannon (JS) 
divergence, Jaccard offers several advantages. It provides a conservative, length-normalized 
estimate of lexical overlap, thereby enhancing robustness to sparse, noisy short texts (Jiang 
and Cai, 2024). It also avoids the instability of probabilistic divergences, such as KL and JS, 
when zero values are present. In addition, it is computationally more efficient than edit-based 
measures while maintaining resilience to reordering through shingling (Greenberg et al., 
2023). In addition, its metric properties enable efficient sublinear retrieval using MinHash and

Figure 6. Rubric-based validation for July 2023–July 2025. Source(s): Authors’ own work
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locality-sensitive hashing. Recent advances have further improved sensitivity and scalability 
in large collections (Kucherov and Skiena, 2023; Liu et al., 2024).

Gemini and DeepSeek serve as independent validators and ground truth to assess GPT’s 
accuracy. In this case, the entire conversation is processed by the three AI APIs. Jaccard 
similarity quantifies the proportion of shared elements (words, entities, and concepts) between 
the responses generated by both methods, as expressed in Equation (14).

JaccardðA; BÞ ¼ 
jA \ Bj
jA ∪ Bj

(14)

Where:

A 5 set of unique items from GPT output and B 5 set of unique items from Gemini/
DeepSeek output

Example:

GPT: Product credit card is the most mentioned. Customers complain about lost cards. 

Gemini: Product credit card is most frequent. Clients complain about lost cards.

Token sets:

GPT set 5 {product, credit, card, most, mentioned, customers, complain, about, lost, cards} 

Gemini set 5 {product, credit, card, most, frequent, clients, complain, about, lost, cards}

To improve the accuracy of the Jaccard score, the words in the texts being compared are 
subjected to normalization. Specifically, “lemmatization” converts verbs to their base form, 
“stopwords” such as “a,” “an,” “the,” and others are removed, and all “synonyms” are 
represented by a single canonical word using WordNet (via NLTK). With this word 
normalization, the sets to be compared are defined as follows.

GPT set 5 {product, credit, card, most, mention, customer, complain, about, lose, card}
Gemini set 5 {product, credit, card, most, frequent, customer, complain, about, lose, card}
Calculating the union and intersection.

A \ B 5 {product, credit, card, most, complain, about, lose, customer, card}

A ∪ B 5 {product, credit, card, most, complain, mention, frequent, about, lose, customer,
card}

Thus, the Jaccard score is shown in Equation (15).

Jaccard ¼ 9=11 ¼ 0:8181 ð81:81% overlapÞ (15)

In addition to the above normalization procedures, to ensure a fair comparison across 
generative models, a highly constrained prompting strategy is employed. This strategy 
enforces a fixed output schema, a controlled vocabulary, and evidence-grounded responses. 
Such a design minimizes linguistic variability and stylistic noise. As a result, high Jaccard 
values in Figure 7 should therefore be interpreted as evidence of cross-model agreement under 
constrained prompting and controlled output formatting, rather than as proof of full semantic 
equivalence between models. In this setting, the metric indicates convergence on extracted 
customer-experience signals within a tightly specified response regime.

The 30 agents who conduct the rubric-based validation then pose the 15 rubric-defined 
business-critical questions to the models trained with GPT, Gemini, and DeepSeek. In 
addition, they formulate and submit 30 open-ended questions, with each agent independently 
generating one question. The Jaccard scores for the different comparisons are presented in 
Figure 7.
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In general terms, the proportion of overlap between the results of GPT and Gemini is greater 
than that between GPT and DeepSeek for the analysis period. However, the Jaccard score 
exceeds 0.85 with DeepSeek and 0.9 with Gemini in most months, which is considered 
acceptable for production implementation.

The final product is intended for internal use, specifically within the customer service 
department. The team will have access to an interface that lets them ask targeted questions 
about the customer experience in natural language. They will also receive responses in natural 
language. This functionality enables the extraction of up-to-date insights and knowledge to 
design mitigating measures that enhance client self-sufficiency and improve the 
overall experience. As a result, the number of calls requiring agent intervention is 
minimized. Figures 8 and 9 illustrate a simulation of the current interface, as the internally 
used UX/UI solutions cannot be displayed due to privacy policies. However, the questions and 
answers shown correspond to real executions. It represents an interactive system in which the 
customer experience specialist poses a question, and the bot responds based on conversations

Figure 7. Jaccard score for July 2023–July 2025. Source(s): Authors’ own work

Figure 8. User interface. Note: Question and answer based on conversations from July 2023. Source(s): 
Authors’ own work
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received from the contact center. The bot consistently provides real-time, natural language 
customer insights.

The model proposed in this study has only recently been implemented, and while insights 
are being generated, the adoption of mitigating measures is still underway. Implementation 
requires strategic planning, financial resource allocation, and institutional approvals. These 
processes can be protracted, particularly when they involve modifications to mobile 
applications. Once strategies are finalized and deployed, the expected outcome is a reduction 
in complaints, reflected in a smaller set of main topics, even amid continued expansion of 
products and services.

5. Conclusions
This study demonstrates that integrating competitive learning with generative artificial 
intelligence (GenAI) offers a robust, scalable, and theoretically grounded approach to 
extracting customer experience (CX) insights from large-scale conversational data in banking. 
By analyzing more than 10 million customer–agent interactions, the proposed framework 
demonstrates how unstructured service conversations can be transformed into actionable, 
context-rich knowledge. This knowledge surpasses the explanatory power of conventional 
customer experience instruments such as surveys and Net Promoter Score (NPS), as well as 
machine learning approaches with structured outputs. Rather than capturing isolated post hoc 
evaluations, the approach reveals how customer experience is enacted and interpreted during 
real service encounters, preserving the language, intent, and situational context through which 
customers articulate value.

From a service-dominant logic (S-D logic) perspective, the proposed method views value 
in banking as emerging through use and interaction rather than being embedded in products or 
service outputs. Customer–agent conversations are treated as micro-level episodes of value co-
creation. In these episodes, customers integrate institutional resources with their own goals, 
expectations, and emotions. The framework operationalizes this perspective by identifying 
recurring interactional contexts where value co-creation succeeds or breaks down.

Figure 9. User interface. Note: Question and answer based on conversations from July 2023. Source(s): 
Authors’ own work
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The study also aligns with relationship marketing theory by treating service interactions as 
a source of accumulated relational assets, such as trust, perceived competence, and 
relationship commitment. The generative CX extraction approach captures these relational 
signals directly from conversational evidence, enabling banks to observe how patterns of 
responsiveness, empathy, clarity, and problem resolution influence the ongoing quality of 
customer long-term relationships.

Methodologically, the study advances CX research by demonstrating that competitive 
learning combined with GenAI can achieve the interpretive richness of human face-to-face 
interviews at scale. Rubric-based human evaluation and AI benchmarking confirm the 
reliability, faithfulness, and managerial relevance of the generated insights. Besides, the 
exclusive use of natural language for both input and output enhances transparency and 
accessibility, enabling CX professionals to engage directly with the results.

From a managerial standpoint, the findings highlight conversational data as a strategic 
resource for customer-centric value creation. By continuously monitoring how customers 
experience services during actual interactions, banks can identify emerging friction points, 
anticipate dissatisfaction, and design targeted interventions that improve both operational 
efficiency and relationship quality. Moreover, the ability to pinpoint recurring issues that drive 
contact center demand provides a foundation for redesigning digital services and self-service 
functionalities. Such initiatives not only reduce operational costs but also support customer 
empowerment, a core principle of both S-D logic and relationship marketing, by enabling 
customers to achieve their goals more independently while strengthening their relationship 
with the institution.

Despite these contributions, the study has limitations that suggest avenues for future 
research. The analysis focuses on telephone conversations, excluding other touchpoints such 
as mobile applications, chat interactions, and in-branch encounters that also contribute to the 
overall service ecosystem. While rigorous anonymization procedures were applied, ethical 
and regulatory considerations surrounding conversational data analytics remain an ongoing 
challenge. In addition, human validation was necessarily conducted on a limited sample of 
conversations, and AI-based benchmarking relies on current-generation models that may 
introduce shared biases. Future research should therefore extend the framework across 
multiple service channels, institutions, and cultural contexts to enhance external validity. 
Longitudinal studies examining how changes in service design or policy interventions reshape 
interactional patterns over time would further deepen understanding of value co-creation and 
relationship development in banking.
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