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ABSTRACT
The aim of this study was to assess the impact of Natural Language Processing (NLP) on
the Customer Experience (CX) in the FinTech industry in Harare CBD, with particular
emphasis on commercial banks. The study aimed to explore the level of use of NLP
technologies, analyze their effectiveness in improving customer experience, assess the
impact of NLP based conversational systems on customer satisfaction, highlight the
challenges in their implementation and suggest improvement strategies for financial
institutions with the following objectives: to examine the level of utilization of NLP
technologies, to evaluate their effectiveness in enhancing customer experience, to
determine the influence of NLP based conversational systems on customer satisfaction,
to highlight the challenges in their implementation, and to suggest improvement
strategies for financial institutions. The mixed methods research was used. A total of
199 participants responded to the questionnaire out of the total target population of
218, representing 91.3% response rate. For qualitative data collection, a total of 13 out
of 15 targeted subjects were interviewed and five out of five targeted subjects were
held in focus group. Descriptive statistics, inferential analysis and thematic analysis
were used to analyse the findings. The findings indicated that commercial banks are
deploying NLP tools like chatbots, virtual assistants and automated response systems,
with the extent of use varying by customer. The study also identified that NLP leads to
better customer experience as it enables faster response times, convenience and
availability, and reduces the need to rely on physical banking halls. However, responses
are generic, support is limited in the local language, there is a concern regarding
privacy, system downtime and poor customer education and poor escalation to human
agents. The study found that the NLP can enhance the customer experience in banking
as long as it is accurate, secure, inclusive, reliable, and with support from human
assistance. The study suggested that commercial banks enhance the accuracy of the
chatbots, integrate local languages, communicate privacy more effectively, educate

customers, and establish feedback mechanisms for their NLP services.
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CHAPTER |

INTRODUCTION

1.0 Introduction

The chapter introduces the study on the effectiveness of Natural Language Processing
(NLP) in improving Customer Experience (CE) in FinTech-enabled Banking Services (FBS)
of the commercial banks in Harare CBD. Banks are undergoing digital transformation to
redesign, provide and measure their service delivery to customers, which increasingly
relies on artificial intelligence (Al) to fuel automation, personalization and data-
informed decision making (Huang and Rust, 2021). In this evolution, NLP plays a crucial
role in enabling computer systems to understand, analyze, and produce the human
language to power chatbots, virtual assistants, and automated customer support
systems (Jurafsky and Martin, 2025). Banks in Zimbabwe have opened up digital service
channels, but the ability to use Al advanced tools is still not even as a result of cost,
skills, infrastructure and trust issues (Shambira, 2020). This chapter gives background
information, problem statement, purpose, objectives, research questions, significance,
assumptions, delimitations, limitations and key terms of the research and clarifies the

scope of the research in relation to commercial banking services in the area.

1.1 Background of the Study

The financial services industry has shifted from branch-based delivery to digital
platforms, integrating services such as payments, analytics, mobile and cloud-based
platforms. Feyen et al. (2021) say that digital transformation is reshaping the way
financial services are created, delivered and regulated in markets. Barroso and Laborda
(2022) state that FinTech has been born of the use of new technologies in financial and
investment services, leading to the creation of new business models and services. This
is a worldwide change and in banking has given rise to the importance of speed,
convenience, security and responsiveness as dimensions of customer experience. On

the service-interface level, Al is a significant force for automating customer support



and analyzing vast amounts of customer data at the global level. Huang and Rust (2021)
demonstrate the role of Al in service decision making in four ways: automation,
predicting, personalization and understanding customers. Jurafsky and Martin (2025)
present NLP as a language-processing field that enables systems to analyze, interpret
and generate human language for computational tasks. Adamopoulou and Moussiades
(2020) describe chatbots as dialogue systems designed to work with human-computer
interactions through technologies like pattern matching, machine learning and natural

language processing.

The digital finance and service model using artificial intelligence is emerging at varying
speeds in African banking markets, due to different infrastructures, regulations, digital
skill and customer trust levels between countries. According to Cheteni, Matsongoni
and Umejesi (2024), Al is transforming the South African fintech sector by providing
opportunities for automation, operational efficiency and service innovation—all of
which bring new challenges to the table regarding operational and governance
concerns. In Kenya, Kuja (2024) discovered that customer experience has a significant
positive relationship with the fintech product features and the cost of services, in
Equity Bank's fintech products. According to Makore (2024), Al can be useful to financial
inclusion in South Africa but good governance is essential to address cyber-security,

liability and ethical challenges in financial services.

Digital banking has grown in Zimbabwe as commercial banks have adopted electronic
channels to boost their customer coverage and convenience, coupled with transaction
efficiency. According to Shambira (2020), customer satisfaction, cost reduction and risk
management were cited as the reasons driving the adoption of Al in banking in
Zimbabwe, but these were stymied by limited knowledge of Al, lack of resources, talent
shortage, privacy issues and governance challenges. Kaondera et al. (2023) found that
digital transformation positively contributes to customer relationship management in
Zimbabwe's commercial banks. According to Tshuma, Towo and Dube (2024),
Zimbabwean customers appreciate digital banking because it is convenient and easily

accessible, but there are still challenges to overcome such as low technical literacy,



data security and privacy concerns, and low internet connectivity and high transaction

fees.

Thus, the Zimbabwean banking sector is a suitable context for the study of NLP, as
banks are already leveraging on digital channels and at the same time are still grappling
with customer-service challenges associated with digital readiness. Shambira (2020)
noted that very few banks in Zimbabwe were using Al to improve customer relationship
with a chatbot. According to Ncube, Chinakidzwa and Mushayavanhu (2025), the type
of tasks performed by the chatbot, the characteristics of the technology used, and
conversational intelligence affect the satisfaction of the customers with the banking
sector's customer service encounters in Zimbabwe. The results imply that the use of
NLP tools has limited ability to enhance customer experience if their function does not
match the consumer needs, banking activities and the service capability of the

commercial banks.

Harare CBD is a key research location as it brings together the commercial banking
branches, corporate customers and individual account holders, digital service points
and high volume customer enquiries in a single urban financial centre. Kaondera, et al.,
(2023) are calling on commercial banks in Zimbabwe to go through the digital
transformation processes which will equip them with tools that will help enhance
customer relationship management in the context of electronic banking. Although
digital banking customers appreciate the convenience of digital channels, Tshuma,
Towo and Dube (2024) indicate that Harare based banking customers still have digital
banking challenges. The present study is motivated by the fact that there is limited
empirical research that has been done to specifically evaluate the effect of NLP

technologies on customer experience in commercial banks located in Harare CBD.

1.2 Problem Statement

A digital age is the new reality of the commercial banks in Harare CBD with customers
increasingly demanding for fast, accurate, personalised and convenient digital service.
The quality of interactions at each touchpoint in the service process, including digital

channels that customers use prior to, during and after a transaction, influences the



customer experience. While they can minimize wait times and handle repetitive
queries, NLP-driven chatbots and virtual assistants need to be accurate, understand
context, be dependable, and escalate to human agents when necessary and earn
customer confidence. Al adoption in banking is not uniform in Zimbabwe, earlier
reported examples indicate that very few banks had used Al for customer interaction.
Further, evidence from recent studies in Zimbabwe indicates that conversational
intelligence and task-technology fit in the context of chatbots influences the
satisfaction of the customer's encounter with customer service (Ncube, Chinakidzwa
and Mushayavanhu, 2025). Digital skills, infrastructure, privacy issues, cost of digital
solution implementation and customer awareness are, however, constraints that still
limit commercial banks (Tshuma, Towo and Dube, 2024). Consequently, there is a lack
of empirical evidence specific to Harare CBD commercial banks to suggest that NLP
technologies are improving the level of customer experience. The study, therefore, fills
the gap by focusing on NLP utilization, effectiveness, satisfaction outcomes, challenges
to implementing NLP and recommendations for improvement for local commercial
banks.

1.3 Purpose of the Study

The purpose of this study is to assess the effectiveness of Natural Language Processing
technologies in enhancing customer experience in FinTech-enabled customer service

among commercial banks operating in Harare CBD.

1.4 Research Objectives
The study is guided by the following objectives:

1. To examine the level of utilisation of NLP technologies among commercial banks in
Harare CBD.

2. To evaluate the effectiveness of NLP technologies in enhancing customer experience
in commercial banking services.

3. To determine the influence of NLP-based conversational systems on customer

satisfaction.



4. To identify the challenges associated with implementing NLP technologies in
commercial banking services.
5. To propose strategies that can improve the implementation of NLP technologies in

commercial banks.

1.5 Research Questions
The study seeks to answer the following research questions:

1. To what extent are NLP technologies utilised by commercial banks in Harare CBD?

2. How effective are NLP technologies in improving customer experience in commercial
banking services?

3. How do NLP-based conversational systems influence customer satisfaction?

4. What challenges do commercial banks encounter when implementing NLP
technologies?

5. What strategies can be adopted to improve the use of NLP technologies in

commercial banking services?

-—

.6 Significance of the Study

1.6.1 To the Body of Knowledge

The study adds to the existing body of knowledge in the fields of Al, FinTech, and
customer experience, as it offers empirical evidence within the context of an emerging
market banking environment. Significance of the study: This study is important because
context-specific evidence on the impact of digital touchpoints on customer responses
in service experience interactions is needed to support research on customer

experience (Becker and Jaakkola, 2020).

1.6.2 To Commercial Banks

The results can help commercial banks to identify if NLP-based systems like chatbots
and virtual assistants are beneficial to the speed, accuracy, availability, and

satisfaction of their services. This is crucial as the effectiveness of chatbots will depend



on the fit of the conversational intelligence user tasks and the capability of the

technology.

1.6.3 To Customers

The research could help customers by revealing areas of service gaps that banks should
work on to offer more transparent, speedy and reliable digital services. Customer
frustration due to automated systems that don't understand the customer's problem or

escalate it to human support can be mitigated by improved NLP design.

1.6.4 To Policy Makers and Regulators

The findings of the study may be helpful for policy makers and regulators who are
interested in responsible digital finance, customer protection, data privacy and
innovation governance. This is important since governance, privacy and technical

capacity constraints are barriers to the adoption of Al in Zimbabwean banking.

1.6.5 To the University

The study can be used for academic research in the field of finance, information
systems, business management and digital innovation. It can also serve as a basis for
further studies on NLP, Al service quality and customer experience in the financial

services industry in Zimbabwe.

1.7 Assumptions of the Study
The study is based on the following assumptions:

e Harare CBD customers have adequate access to digital channels for commercial
banks, and they gave informed answers.

e There are NLP technologies that are already implemented in commercial banks,
which are meant to facilitate the service communication and customer assistance.

e The respondents will give their authentic experience with NLP banking services.

e The NLP technologies in banks can be measured using the customer experience

measures like speed, accessibility, satisfaction, accuracy and trust etc.



1.8 Delimitations of the Study

The target population for the study is Commercial Banks that are operating in Harare
CBD. The geographical focus is appropriate as Harare CBD is an important commercial
banking hub and digital financial service utilization hub in Zimbabwe. The study is
centered on the NLP applications for the end customers, such as the chatbots, virtual
assistants, and automated response systems. To focus the study on customer experience
rather than internal risk analytics, back-office Al applications like fraud detection,
credit scoring and anti-money laundering systems are not included. The study also
covers the timeframe of 2020-2025, as this indicates more recent trends in digital

banking, Al and customer-service automation.

1.9 Limitations of the Study

The first constraint is that the study is geographically limited to Harare CBD only, and
hence results may not necessarily reflect the customers' experience in rural and semi-
urban banking markets. Second, it is possible that the customer response to the survey
is influenced by recall bias and/or knowledge of the underlying technology and/or
customer attitudes toward digital banking. The third constraint is technical detail about
their NLP systems may not be made public due to confidentiality and cyber security
concerns. The fourth restriction is the rapidly evolving nature of Al and NLP
technology—new tools could be developed since data was collected and introduce new
considerations for the long-term applicability of certain results. These constraints will
be taken into account by applying well-defined research instruments and by analyzing

the results in the context of the study.

1.10 Definition of Key Terms

Term Definition

Financial Technology (FinTech) FinTech refers to the application of
digital technologies to financial

activities, products, processes and

business models in ways that transform




financial service delivery. Barroso and
Laborda (2022) explain that FinTech
emerges from the use of new
technologies in financial and investment

activities.

Artificial Intelligence (Al)

Al refers to computational systems
designed to perform tasks associated
with human intelligence, including
learning, reasoning, prediction and
decision-making. Russell and Norvig
(2021) describe Al as a broad field
concerned with intelligent agents that
perceive their environment and act to

achieve objectives.

Natural Language Processing (NLP)

NLP is a branch of artificial intelligence
concerned with computational methods
for processing, analysing and generating
human language. Jurafsky and Martin
(2025) present NLP as a field connected
to computational linguistics, speech

recognition and language technologies.

Customer Experience

Customer experience refers to the
customer's cognitive, emotional,
behavioural and social responses that
emerge across interactions with a firm.
Becker and Jaakkola (2020) explain that
customer experience is formed across
touchpoints and cannot be reduced to

one isolated transaction.




Chatbot A chatbot is a conversational software
agent that interacts with users through
text or voice interfaces. Adamopoulou
and Moussiades (2020) describe chatbots
as natural dialogue systems that use
technologies such as pattern matching,
machine learning and natural language

processing.

Virtual Assistant A virtual assistant is an Al-enabled
conversational system that provides user
support through language-based
interaction, task execution and
personalised responses. Jurafsky and
Martin (2025) show that advances in NLP
and speech technologies support systems
that interpret and respond to user

requests.

Customer Satisfaction Customer satisfaction refers to the
customer’s evaluation of whether a
service experience meets or exceeds
expectations. Ncube, Chinakidzwa and
Mushayavanhu (2025) link satisfaction in
chatbot service encounters to chatbot
task-technology fit and conversational

intelligence.

1.11 Chapter Summary

This chapter introduced a study on the effectiveness of Natural Language Processing in

enhancing customer experience in FinTech-enabled banking services among commercial

9



banks in Harare CBD. The background followed a funnel approach by moving from the
global setting to the regional African context, then to Zimbabwean banking experiences
and the Harare CBD research gap. The chapter also presented the problem statement,
purpose of the study, research objectives, research questions, significance,
assumptions, delimitations, limitations and definitions of key terms. The next chapter
reviews literature related to FinTech, artificial intelligence, NLP, customer experience

and technology adoption in banking.

10



CHAPTER I

LITERATURE REVIEW

2.0 Introduction

This chapter reviews literature on the effectiveness of natural language processing in
enhancing customer experience in fintech, with specific attention to commercial banks
in Harare CBD. It covers conceptual review, conceptual framework, theoretical review,
empirical review, research gap and chapter summary. The review is organized around
the objectives utilization of NLP technologies, effectiveness of NLP in customer
experience, influence of conversational systems on customer satisfaction,
implementation challenges and improvement strategies. The discussion relies on recent
fintech, digital banking, chatbot, customer experience and Zimbabwean banking

studies to position the present research within current academic debate.

2.1 Conceptual Review

The conceptual review gives a description of the key factors that impact the Customer
Experience (CX) relationship in commercial banking with NLP technologies. Conceptual
clarification is relevant as customer experience in digital banking is multidimensional,
including functional, emotional, relational and trust-based evaluations in the various
service touchpoints (Becker and Jaakkola, 2020). In this study, the primary technology
input is the utilization of the NLP, while service efficiency, personalization,
conversational intelligence, satisfaction and trust related perceptions describe the way

customers interact with a chatbot and/or a virtual-assistant (Ashfaq et al, 2020).
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Figure 2.1: Conceptual framework for NLP-enabled customer experience in banking
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2.1.1 Natural Language Processing Technology Utilization

NLP technology utilization is defined as the degree to which banks are using language-
based intelligent systems (e.g. chatbots, virtual assistants, automated response
engines, sentiment analysis and text analytics) in customer-facing channels. NLP can
be used to categorize customer intent, derive meaning from text and/or speech, and
produce a response that's similar to human communication (Jurafsky and Martin, 2023).
In commercial banking, utilization is important because customers increasingly expect
instant information on balances, cards, payments, loans, complaints and branch
services without waiting for call-center agents (Graham et al., 2025). For this study,
NLP utilization is the independent variable because the presence, frequency and quality
of NLP tools influence whether customers experience banking as accessible, responsive
and convenient. In Harare CBD, utilization is also context-specific because banks serve
high-volume customers who use mobile applications, websites and social-media

channels for routine service encounters (Mtetwa, 2023).

2.1.2 Customer Experience

Customer experience is what customers think of the different direct and indirect
engagements they have with a service provider throughout the customer journey.
Customer experience is a multi-dimensional phenomenon that involves the cognitive,
emotional, sensory, social and behavioural reactions to various service contact points
(Gahler et al. 2023). Experience comes in many forms in digital banking: it is fast,
convenient, correct, secure, empathetic, easy to use and allows the customer to solve
problems without unnecessary hassle (Becker and Jaakkola, 2020). Since NLP
technologies are expected to enhance the customer experience of digital banking
interactions, this study views customer experience as the dependent variable.
Customer experience relates more to commercial banks in Harare CBD since customers
are likelier to compare the time spent on the chatbot to queues in a bank or delays at

a call center and dealing with manual complaints (Makudza et al., 2024).
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2.1.3 NLP-Based Conversational Systems

NLP based conversational systems are digital agents that communicate with humans by
natural language, through text or voice. They consist of rule-based chatbots, artificial
intelligence-enabled chatbots, virtual assistants, and hybrid service agents, which
reference automated answers and then pass conversations to a human agent when
needed (Adamopoulou and Moussiades, 2020). In the banking industry, conversation
systems are employed for addressing commonly asked questions, assisting with
transactions, delivering account details, and capturing complaints, among other
functions, for digital onboarding (Graham et al., 2025). They play a key role in the
present study as they are the most prominent of the customer touchpoints where NLP
is being experienced in fintech banking. Their effectiveness relies on recognizing
intent, relevance of the response, contextual memory, and handling errors and handling
complex cases for human officers. In Zimbabwe, task-technology fit (TTF),
conversational intelligence and customer service encounter satisfaction have been
found to be directly relevant to customer experience (CE) when using chatbots (Ncube,
Chinakidzwa and Mushayavanhu, 2025).

2.1.4 Service Efficiency and Responsiveness

Service efficiency indicates how speedily, accurately and with the least waste of
resources, a bank provides its customers with service. The face of efficiency towards
the customer is the responsiveness which is the degree to which the bank responds
quickly and effectively to the needs of the customer (Parasuraman, Zeithaml and Berry
1988). NLP systems can enhance responsiveness by managing large volumes of routine
enquiries that can operate outside of branch hours or the need for a physical queue or
call center availability (Graham et al., 2025). Efficiency is a linking variable between
NLP utilization and customer experience in this study as customers typically evaluate
the performance of digital banking tools based on time savings and problem resolution.
Digitalization in Zimbabwean banking has been correlated to improved performance but
has caused concerns related to cyber risk, costs, and lack of specialist skill (Mtetwa,
2023).

14



2.1.5 Personalization and Communication Quality

Personalization is the provision of service responses that are responsive to customers'’
needs and history, their language, preferences and transaction context. Communication
quality is defined as the clarity, relevance, completeness and tone of the service
encounter communication (Huang and Rust, 2021). When NLP is used to analyze text
from customer communications and to identify intent and offer contextually relevant
guidance, not just canned answers, it adds to the personalization experience. (Jurafsky
and Martin, 2023) This variable is connected to the study due to the fact that if a fintech
customer feels understood by the NLP tools and not just processes it, they may value
them. If a chatbot is not designed correctly, it might lead to frustration when it doesn't
understand simple questions correctly, can't comprehend local expressions, or keeps
giving irrelevant answers (Graham et al., 2025). Communication quality is critical in
Harare CBD because the customers are using Shona, Ndebele or English with a Shona
influence to seek assistance from digital banking (Ncube, Chinakidzwa and
Mushayavanhu, 2025).

2.1.6 Customer Satisfaction

Customer satisfaction is the customer's evaluation of service after comparing what
he/she expects to receive with what the service actually provides. In digital banking,
system reliability, information accuracy, navigability of the banking system, swiftness
of the system responses, and the individual's sense of security and successful solution
of issues are the attributes that influence satisfaction (Ashfaq et al., 2020). In this
study, customer satisfaction is considered as a mediating variable as positive
interactions with the chatbot can lead to overall customer satisfaction, and
consequently to the overall customer experience. When customers get timely and
accurate answers, digital banking will be viewed as useful and repeated (Marak et al.,
2025). But when automated systems deliver incorrect information, they can sometimes
hinder a person’s ability to access human support or even unable to resolve complex
emotional complaints, this will reduce satisfaction. The empirical findings from

Zimbabwe indicate that both the chatbot task-technology fit and conversational
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intelligence have a significant impact on service encounter satisfaction in bank service

delivery (Ncube, Chinakidzwa and Mushayavanhu, 2025).

2.1.7 Trust, Privacy and Perceived Risk

Trust indicates the customer's confidence that a bank and its digital systems are
competent, honest and safe. Two key factors are privacy and perceived risk because
banking chatbots deal with sensitive data such as card issues and complaints,
transactions, and identification details (Huang and Rust, 2021). Perceived risk is a
concept that negatively influences intention to use technology innovations when the
data is feared to be misused, fraud, inaccurate advice, or loss of control (Marak et al.,
2025). This variable is connected to the study, since if customers do not trust the
automated service channels to be secure and reliable, then they will not be able to
improve their experiences with NLP. Customer adoption of digital banking in Zimbabwe
is more influenced by trust in the banking products, internet connectivity and cost of
internet access, indicating that customer acceptance is influenced by factors beyond

the availability of the technology (Mashizha, Gondongwe and Gumbo, 2025).

2.1.8 Implementation Challenges

Implementation challenges are the internal and external constraints that limit the
effective deployment of NLP systems in banking. These constraints include high
acquisition costs, weak data governance, limited technical expertise, cybersecurity
threats, integration problems, unreliable connectivity and difficulty adapting systems
to local language patterns (Mtetwa, 2023). Chatbot limitations also arise when systems
cannot parse complex queries, detect emotion or distinguish between routine service
requests and high-risk complaints (Graham et al., 2025). This variable is included
because ineffective implementation can weaken the relationship between NLP
utilization and customer experience. A bank may claim to use chatbots, but customers
may still experience poor service if the chatbot is poorly trained, inaccurate or
disconnected from back-office systems. In Zimbabwean banking, empirical evidence
highlights the need to improve reliability, responsiveness and ease of use in chatbot
banking (Makudza et al., 2024).
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2.1.9 Strategic Implementation Capability

Strategic implementation capability refers to the bank’s ability to convert NLP tools
into reliable, secure and customer-centred service processes. This variable is included
because a chatbot may exist technically but still fail to improve customer experience
if it lacks governance, trained support staff, data protection, language localization and
human escalation (Huang and Rust, 2021). In a banking environment, strategic
capability also includes monitoring response accuracy, updating knowledge bases,
auditing privacy risks and ensuring that automated answers remain consistent with bank
policy (Cheng and Jiang, 2020). For commercial banks in Harare CBD, this variable links
directly to the objective on improvement strategies because high transaction volumes
and diverse customer needs require NLP systems that are managed as service
infrastructure rather than as promotional digital features (Ncube, Chinakidzwa and
Mushayavanhu, 2025).

2.2 Theoretical Review

The theoretical review anchors the study in established explanations of technology use
and service quality. A theory is useful in this study because NLP-based banking tools do
not affect customer experience automatically; customers must perceive them as useful,
easy to use, reliable and capable of delivering quality service (Davis, 1989). The
Technology Acceptance Model explains why customers may accept or reject chatbots
and virtual assistants, while SERVQUAL explains how customers assess the service
quality produced through those systems. Together, the theories support a balanced
analysis of both adoption behaviour and service-performance outcomes (Parasuraman,
Zeithaml and Berry, 1988; Marak et al., 2025).

2.2.1 Technology Acceptance Model

The Technology Acceptance Model was devised by Fred Davis in 1989 to explain why
individuals accept or reject information systems. The theory assumes that perceived
usefulness and perceived ease of use are the primary beliefs shaping users’ attitudes
and behavioural intention to adopt a technology (Davis, 1989). Perceived usefulness

refers to the extent to which a customer believes that a system improves task

17



performance, while perceived ease of use refers to the degree to which the system is
free from effort. In chatbot banking, these assumptions mean that customers are more
likely to use NLP systems when they believe the tools save time, answer accurately and

are easy to navigate (Hornuf et al., 2025).

The simplicity and its applicability to digital service adoption is a strength of the TAM.
It can be used to measure technology acceptance with clear constructs that can be
translated into questionnaire items, which is useful for quantitative analysis (Davis,
1989). A limitation is that it might not really capture the contextual factors that are
crucial in emerging markets, for example, trust, culture, service risk, and internet
access (Marak et al., 2025). This study is linked to the model due to the tools in the
NLP being evaluated by commercial bank customers in Harare CBD based on their
usefulness and ease of use. Customers will be more willing to accept chatbots when
they provide timely, accurate, and secure support, leading to a positive customer

experience (Ncube, Chinakidzwa and Mushayavanhu, 2025).

2.2.2 SERVQUAL Model

In 1988, Parasuraman, Zeithaml and Berry developed the SERVQUAL model which
attempts to quantify the level of service quality by comparing the customer's
expectations with the level of service provided. The model states that customers
measure the quality of the service offered on five dimensions; reliability,
responsiveness, assurance, empathy and tangibles (Parasuraman, Zeithaml and Berry,
1988). From a digital banking perspective, tangibles would refer to the digital face of
banking, whereas reliability and responsiveness would refer to correct and timely
automatic service responses. Empathy is demonstrated by the relevance and considers
the customer in the chatbot interaction, whereas Assurance is demonstrated in the

confidence of the customer in the bank to protect their data.

The appeal of SERVQUAL is its focus on technology availability versus customer's
perceptions of service performance. This is because a bank with high-level NLP systems
might be able to provide good NLP service but fail to provide positive experiences if

the service feels unreliable, impersonal or unsafe (Becker and Jaakkola, 2020). One of
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the disadvantages of SERVQUAL is that it was created before the presence of modern
digital channels so it needs to be adapted to use on chatbots and virtual assistants. The
model is therefore associated with this study because it helps to provide the dimensions
of judgment on the effectiveness of the NLP in improving customer experience in Harare
CBD commercial banks. Being responsive, reliable, and able to provide assurance and
empathy is especially crucial when customers seek to resolve a pressing banking service

problem via automated banking systems (Graham et al., 2025).

2.3 Empirical Review

The empirical review is a review of the previous studies and industry evidence related
to the objectives of the study. It adopts a funnel structure, starting with global
evidence, then regional African evidence, and finally the evidence in the context of
Harare CBD in Zimbabwe. This structure seems appropriate as NLP in banking is
influenced by the general fintech landscape, while the customer experience outcomes
are influenced by the local infrastructure, customer literacy, language patterns and
institutional readiness (Hornuf et al., 2025). Each subsection is related to the research
objective in chapter one to ensure that the literature relates directly to the problem,
methodology and discussion of the findings as per Ncube, Chinakidzwa and
Mushayavanhu (2025).

2.3.1 Utilization of NLP Technologies among Commercial Banks

The experience of banks around the world indicates that Al and NLP are becoming a
staple of their customer service operations, driving efficiency and innovation in digital
engagement and aiding in decision-making. The number of people who own accounts
increased to 76% in 2021, which broadened the customer base of digital financial
channels, according to Demirglc-Kunt et al. (2022). According to Chui et al. (2023),
generative Al could generate $200 billion to $340 billion a year of value in banking, in

part via customer-facing productivity gains and software-development enhancements.

Overall, fintech adoption in the region shows an increase in evidence across African
markets; however, this process is not consistent across markets and services. If there

is increased penetration, African fintech revenues are projected to grow from
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approximately US$10 billion in 2023 to as high as US$47 billion by 2028, according to
Kuyoro, Flototto and Gathinji (2024). Hornuf et al. (2025) showed that customer-
centered design, not just technology deployment, influences adoption of mobile fintech
in Sub-Saharan Africa, with perceived usefulness and ease of use being the most

important determinants of mobile fintech adoption.

In Zimbabwe, mobile apps, internet banking and platform-based service delivery has
made digital banking easier to use and this has led to an increase in digital banking
adoption. In Zimbabwe, Mtetwa (2023) discovered that most commercial banks had
embraced digitalization to a higher degree, with innovation, fintech competition and
globalization being the major drivers. Nonetheless, Mtetwa (2023) also identified
barriers to NLP utilization, such as cybercrime risk, skill shortages and non-bank
disruptors and technology cost as barriers, indicating that the use of NLP may be

unevenly distributed in institutions.

In Harare CBD, use of NLP technologies needs to be viewed in the context of a high-
density level commercial banking center where customers demand service delivery that
is more expeditious than conventional branch service. Ncube et al., (2025) investigated
Zimbabwean banking chatbots, highlighting that the fit between chatbots' tasks and
their technology affects conversational intelligence and their satisfaction during a
service encounter. This evidence equates to the need for analyzing the commercial
banks in Harare CBD as it brings together high volumes of customers, digital banking
enquiries and expectations of service quality, which can simultaneously highlight the

commercial banks' strength and weakness when using NLP tools.

2.3.2 Effectiveness of NLP Technologies in Enhancing Customer Experience

Around the world, research shows that NLP helps to enhance customer experience by
making banking more accessible, faster and more responsive. The study by Graham et
al. (2025) revealed a positive attitude among banking and finance industry professionals
towards chatbots for simple tasks due to convenience, availability and speed. Graham

et al. (2025), however, pointed out that the accuracy and reliability issues diminish the
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effectiveness when the customer query is complex, requiring an assessment of NLP

performance based on task types and not simply as automation.

The impact of NLP in regional African markets is associated with the overall fintech
maturity and digital access. In the study by Kamara and Yu (2024), the authors
discovered a positive impact of FinTech adoption on the overall traditional financial
inclusion index in the 22 Sub-Saharan African countries, but with varying results across
the different dimensions. Kuyoro et al (2024) also observed that African fintech leaders
predict that generative Al will enhance customer service by delivering highly

customized products and services at a quick pace.

The research undertaken in Zimbabwe demonstrates that reliable and responsive
chatbot banking has the potential to enhance customer experience, but only to a
certain extent. Makudza et al. (2024) conducted a study that sampled 389 consumers
in Zimbabwe who had interacted with chatbot banking and observed that there was a
significant improvement in customer experience due to the use of chatbot banking. The
same study revealed that the reliability, responsiveness, and ease of use need to be
improved too, as a poor user experience of the chatbot can turn a positive digital

interaction into a negative one.

Therefore, NLP effectiveness in Harare CBD needs to be judged by the service
interaction that the customer has had with the service; not that the bank has a chatbot.
In the central business district, customers are more likely to appreciate automated
systems that shorten lines and respond correctly and escalate complicated complaints
to human staff. This is in line with Gahler, Klein and Paul (2023), who argue that the
measurement of customer experience must be done across touchpoints, and Ncube,
Chinakidzwa and Mushayavanhu (2025), who correlate conversational intelligence to

satisfaction in the banking sector in Zimbabwe.

2.3.3 Influence of NLP Conversational Systems on Customer Satisfaction

Research on chatbots indicates that customers' satisfaction at the global level is a
function of features and relationships. The study undertaken by Ashfaq et al. (2020)

concluded that perceived usefulness, ease of use, enjoyment and trust are the factors
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that influence chatbot satisfaction, and finally, satisfaction is affecting the continuance
intention. The results of Marak et al. (2025) indicated a positive relationship between
the variables of performance expectancy and social influence on intention to use
banking chatbots, and a negative relationship between perceived risk and intention to

use banking chatbots.

Fintech Adoption Studies in Africa suggest that conversational systems should address
and solve the true problems of customers in the region before it can achieve
satisfaction. In the context of mobile financial technology adoption research in Sub-
Saharan Africa, Hornuf et al. (2025) found that the perceived usefulness and ease of
use are the most critical factors. This discovery implies that African bank chatbots will
please customers when they can accomplish workable tasks, like checking account
details, clarifying charges and settling exchange inquiries without getting involved into

unnecessary subtleties.

In Zimbabwe, empirical results associate the features of chatbots with satisfaction.
Ncube, Chinakdzwa and Mushayavanhu (2025) surveyed 365 respondents and analyzed
the impact of task-technology fit and conversational intelligence of Customer Service
encounter satisfaction. This is relevant as they found that automation alone does not
cause satisfaction, the perception of the "intelligent system” and the matching of the

type of task performed by the chat bot with the need of the customer.

Conversational systems could impact customer satisfaction differently among customer
segments in Harare CBD, as these segments differ in their digital literacy, language
preferences, and trust in automated service. The factors cited by Mashizha et al (2025)
to influence acceptance of digital banking in Zimbabwe include ease of use, trust,
internet connection, cost and incentives. It is important for commercial banks in Harare
CBD to be aware that satisfaction from chatbots is not uniform, and it is necessary to
assess the ease of use, understanding and the safer nature of NLP systems compared to

other options such as branch and call centers.
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2.3.4 Challenges Associated with Implementing NLP Technologies in Banking

The primary problem in implementing NLP worldwide is balancing the need for
automation with the accuracy, trust and accountability of the process. Graham et al.
(2025) identified chatbots to be beneficial in customer service automation, but their
ability to comprehend intricate queries and customer language is still restricted. Chui
et al. (2023) also highlighted the importance of financial institutions establishing
governance and risk controls for scaled generative Al as banks could face reputational

and regulatory risks when making decisions and communicating with customers.

Regulatory fragmentation and a lack of specialized digital talent, cybersecurity
exposure and funding constraints are some of the challenges to implementation in
Africa. According to Kuyoro, Flototto and Gathinji (2024), funding for African fintech
decreased by 37% between 2022 and 2023, and by 51% in the first half of 2024 when
compared to 2023. The same authors noted that over 80% of executives surveyed said
they moderately or very struggled to recruit technology, product and strategic talent

in Africa.

Zimbabwean banking is also constrained by infrastructure and cost, cyber risk, and
limited specialist expertise. According to Mtetwa (2023), the following were identified
as some of the challenges in banking digitalization: high risk of cybercrime, threats
from non-bank disruptors, lack of expertise and cost of adoption of digital technologies.
Customer side restrictions also impact the success of NLP implementation, as
connectivity, cost and trust were identified as impacting on digital banking adoption by
Mashizha, Gondongwe and Gumbo (2025).

The implementation challenge, in Harare CBD, will be less about the lack of digital
channels and more on the quality, reliability and context suitability of NLP tools. Banks
that cater to customers at the CBD should have systems that recognize the typical
requests made by customers, cope with the pressure during rush times and escalate the
sensitive cases to trained personnel. This local requirement aligns with Makudza et al.
(2024), who reported that while chatbot banking enhances the customer experience, it

necessitates better reliability and responsiveness.
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2.3.5 Strategies to Improve NLP Implementation in Financial Institutions

The world of studies suggests that banks can advance NLP integration through a
synthesis of automation and human oversight, robust data governance, and ongoing
system learning. Huang and Rust (2021) suggest that the intelligent use of an Al service
should be aligned with the customer's tasks, since mechanical, thinking and feeling
intelligence are used to solve different service problems. In another study, Graham et
al. (2025) investigate how well chatbots can handle simple tasks and how they need to

be improved in order to handle complex banking enquiries.

At regional African level strategy should be directed towards usefulness, ease of use,
interoperability, literacy/trust building. Hornuf et al. (2025) suggest that there is a
need to enhance digital and financial literacy, and establish compatibility standards to
facilitate mobile fintech uptake in Sub-Saharan Africa. Kuyoro, Flototto and Gathinji
(2024) also state that collaboration among banks, fintech companies and telecom
providers can increase the distribution and quality of service, which is applicable to

NLP implementation where banks might not have all the necessary skills in-house.

Some of the measures for Zimbabwe are practical measures such as training bank staff,
minimizing digital transaction friction, support for connectivity, and enhanced
cybersecurity and localizing chatbot languages. Mashizha, Gondongwe and Gumbo
(2025) suggest that awareness, education, reducing the cost of transactions and
customised services are necessary to increase digital banking adoption. If banks are
targeting to raise satisfaction with automated service encounters, they should create
better task-technology fit and conversational intelligence in chatbot design as proposed
by Ncube, Chinakidzwa and Mushayavanhu (2025).

Unlike other commercial banks, the most relevant service model for Harare CBD
commercial banks is a hybrid NLP service model, which automates repetitive enquiries,
while transferring more complex, emotional and risky cases to human officers. In
addition, banks should analyze the performance of the chatbots based on response
accuracy, the rate of cases being resolved, the time taken to escalate, Customer

satisfaction, and the recurrence of complaints. Technological novelty, as in the case of
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SERVQUAL logic, is not the only way customers judge service, since in addition to
technology, they assess it based on responsiveness, reliability, assurance and empathy

(Parasuraman, Zeithaml and Berry, 1988; Makudza et al., 2024).

2.3.6 Integrated Empirical Synthesis

The global literature shows that digital financial services have moved from optional
channels to mainstream service infrastructure. Demirguc-Kunt, Klapper, Singer and
Ansar (2022) reported that global account ownership reached 76 percent of adults in
2021, while 71 percent of adults in developing economies had an account with either a
financial institution or a mobile money provider. Raithatha and Storchi (2024) further
reported that mobile money reached about 1.75 billion registered accounts in 2023 and
processed transactions worth approximately US$1.4 trillion, showing the scale at which
digital financial interaction now occurs. These statistics matter to the present study
because higher digital account usage creates more customer-service enquiries, and
banks require automated tools such as NLP chatbots to respond quickly and consistently
(Graham et al., 2025).

At regional African level, the evidence points to strong digital adoption but uneven
service quality. Demirguc¢-Kunt et al. (2022) noted that Sub-Saharan Africa remained
distinctive because mobile money accounts were central to financial inclusion, with
about 33 percent of adults having mobile money accounts in 2021. Hornuf, Klus,
Lohwasser and Schwienbacher (2025) found that mobile fintech adoption in Sub-Saharan
Africa is shaped by perceived usefulness, ease of use, trust, literacy and regulatory
conditions. This means that NLP banking tools cannot be evaluated only by their
availability, since the African context requires attention to digital literacy,
affordability, customer confidence and the ability of systems to work reliably under

infrastructural constraints (Kamara and Yu, 2024).

In Zimbabwe, mobile and digital banking have expanded as customers seek convenient
alternatives to physical branches and cash-based transactions. Chitimira and Torerai
(2023) observed that mobile money and digital financial services became more

important after COVID-19, although the regulatory environment struggled to keep pace
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with fintech innovation. Kaondera (2023) found that digitalized commercial banks in
Zimbabwe use digital transformation to strengthen customer relationship management,
but the benefits depend on whether systems improve customer interaction rather than
simply replacing manual processes. This Zimbabwean evidence supports the present
study because NLP effectiveness must be assessed through customer experience

indicators such as clarity, speed, trust and problem resolution (Makudza et al., 2024).

The literature from around the world reveals that digital financial services have evolved
from niche channels to a core part of financial service delivery. In 2021, global account
ownership stood at 76 percent of adults and 71 percent of adults in developing
economies had an account at a financial institution or mobile money provider, reported
Demirguc-Kunt, Klapper, Singer and Ansar (2022). Mobile money was also reported to
have covered approximately 1.75 billion registered accounts and value of transactions
of about USS$1.4 trillion in 2023, highlighting the large volume of digital financial
interactions taking place in 2023 (Raithatha and Storchi, 2024). These statistics are
relevant to this study because the more digital accounts a customer uses, the more
customer-service enquiries he or she will be making; to respond quickly and accurately,
banks will need automated tools like NLP chatbots. (Graham et al., 2025).

At the regional level in Africa, the evidence suggests that there is a high level of digital
adoption and inconsistent service quality. According to Demirguc-Kunt et al. (2022),
Sub-Saharan Africa was still very unique with almost half (33 per cent) of adults holding
mobile money accounts in 2021. Hornuf, Klus, Lohwasser and Schwienbacher (2025)
determined that the factors influencing mobile fintech adoption in Sub-Saharan Africa
include perceived usefulness, ease of use, trust, literacy and regulatory conditions.
Therefore, the availability of NLP banking tools should not be considered as the sole
factor for evaluation because in African context, digital literacy, affordability,
customers' confidence, and the ability of the systems to operate safely in the presence

of infrastructural constraints should be considered (Kamara and Yu, 2024).

Mobile/Digital banking has grown in Zimbabwe because people are looking for other
ways to do banking rather than going to the physical bank and using cash. While mobile

money and digital financial services took on greater significance in the wake of COVID-
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19, regulators were lagging behind in adapting to fintech innovations, according to
Chitimira and Torerai (2023). The study by Kaondera (2023) revealed that digital
transformation is being employed by digitalized commercial banks in Zimbabwe to
enhance their customer relationship management, however, the impact of digital
transformation is dependent on how the systems enhance customer interaction instead
of simply replacing manual processes. The following reasons highlight the relevance of
the findings of the present study in the context of Zimbabwe: firstly, the effectiveness
of NLP can be evaluated through the customer experience indicators, which include

clarity, speed, trust, and problem resolution (Makudza et al., 2024).

At the Harare CBD level, it gets more empirical where customers are looking for rapid
services across the different branches of the commercial banks, mobile applications,
social media and websites. Nyagadza et al (2024) conducted a cross sectional study of
430 customers in five commercial banks in Harare to investigate the willingness to use
chatbots as a gateway in e-banking customer-service service delivery. Ncube,
Chinakidzwa and Mushayavanhu (2025) enriched the Zimbabwean evidence using the
responses of 365 bank employees and 500 customers covering the concepts of task-
technology fit, conversational intelligence and customer service encounter satisfaction.
The rationale for the present studies is further justified by these studies such as Harare
and Zimbabwe based ones which indicated that the local question is not if banks can
introduce chatbots but if these NLP systems can truly add value to the customer

experience on a practical level (Ncube, Chinakidzwa and Mushayavanhu, 2025).

2.4 Research Gap

One of the key points in the literature reviewed is that many papers talk about the
chatbots technology creating value for customers without taking into account other
factors. Becker and Jaakkola (2020) warn that customer experience is not the result of
the technology used by the firm but the customer's reaction to the touchpoints. This is
vital as the chatbot can alleviate some of the burden on banks without also irritating
customers by not answering relevant questions or preventing access to human agents

(Graham et al., 2025). Therefore, the present study does not assume effectiveness, but
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rather considers effectiveness an empirical question that can be evaluated by customer

experience and satisfaction measures (Gahler, Klein and Paul, 2023).

Another problem in previous research is that some of the previous global studies are
done in countries where they have more connectivity, higher level of digital literacy
and more developed regulatory system. In Africa, Hornuf et al. (2025) demonstrate the
impact of context, and the conditions found in developed markets on fintech adoption.
Chitimira and Torerai (2023) also report that the regulatory and consumer-protection
risks influencing the environment of fintech in Zimbabwe influence the use of digital
financial services. This implies that the evidence as obtained from global banking
cannot be directly implemented into Harare CBD without taking into account local
banking practices, language used, trust in institutions, and affordability of digital

access (Nyagadza et al., 2024).

Another challenge is that Zimbabwean research is still scarce, and tends to be macro
level research on digital banking applications or micro level research on chatbot
adoption intention. A study by Kaondera (2023) focused on digital transformation and
the customer relationship management in commercial banks in Zimbabwe, and a study
by Nyagadza et al. (2024) examined the intention to use the chatbots among
commercial banks in Harare. Ncube, Chinakidzwa and Mushayavanhu (2025) made a
good contribution to the field by studying task-technology fit and conversational
intelligence, but there is scope for a study which directly investigates the possible
effect of NLP on improving customer experience in Harare CBD. This has reinforced the
need for the present study and enhanced the relevance of the study objectives (Ncube,
Chinakidzwa and Mushayavanhu, 2025).

2.5 Chapter Summary

The conceptual, theoretical and empirical research reviewed in this chapter highlights
the importance of the NLP phenomenon in the context of customer experience in the
fintech enhanced commercial banking sector. The conceptual review yielded the
following key variables: NLP utilization, conversational systems, service efficiency,

personalization, satisfaction, trust, and implementation challenges and customer
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experience. The theoretical review revealed that the TAM model has been used to
explain the willingness of customers to adopt NLP tools and SERVQUAL has been used
to explain the customers perceptions of the quality of automated banking services. The
empirical evidence presented is found to show that NLP tools can be used to help
increase speed, accessibility and satisfaction but are limited by accuracy, trust,
reliability, local language fit, infrastructure and human escalation. The chapter
identified a research gap on the effectiveness of NLP to improve customer experience
in commercial banks in Harare CBD. The method of conducting research to explore this

gap is explained in the next chapter
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CHAPTER III

RESEARCH METHODOLOGY

3.0 Introduction

This chapter explains the methodology used to investigate the effectiveness of Natural
Language Processing (NLP) in enhancing customer experience in FinTech among
selected commercial banks in Harare CBD. It covers research philosophy, approach,
design, study area, named bank population, sample size calculation, sampling
techniques, data collection instruments, data collection procedures, validity,
reliability, trustworthiness, data analysis and ethical considerations. Creswell and
Creswell (2023) state that a methodology chapter should justify how evidence is
collected and analyzed in relation to the research problem. Saunders, Lewis and
Thornhill (2023) add that the chosen methods must be consistent with the research

objectives and the practical context of the study.

3.1 Research Philosophy

The study used the pragmatist type of research because the problem in the study
needed numerical measurement as well as explanation in practice. A researcher can
employ a combination of methods that will be most effective in answering the problem;
being limited to using only positivism or interpretivism. Pragmatism is suitable when
mixed methods are employed to gain understanding into a “real world” problem as
described by Creswell and Creswell (2023). There is another rationale for the usefulness
of pragmatism in business and management research as presented by Saunders et al.
(2023), which is based on the emphasis on workable evidence and practical solutions.
This philosophy was appropriate because NLP is effective in banking and this can be
experienced and can be measured. There was a need for quantitative information on
utilization, service speed, satisfaction, and perceived effectiveness, and qualitative
information on the customers' experience of customer support, language barriers,
system errors, and trust. When only one method of data collection is not enough to

explain a complex phenomenon, mixed-methods studies are suitable, according to
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Dawadi et al. (2021). The study considered NLP as a pragmatic study that was evidence-

based and applicable to the commercial banks in Harare CBD.

3.2 Research Approach and Design

A mixed methods approach was adopted in the study. Structured questionnaires were
used to gather quantitative data and interviews and focus group discussions were used
to gather qualitative data. Creswell and Creswell (2023) explain that combining
numerical trends and participant explanations can enhance a study. According to
Taherdoost (2021), questionnaires can be applied in the collection of standardized
responses and interviews can be applied to obtain detailed explanation from the
respondents who have a good understanding of the phenomenon studied. A convergent
mixed methods case study research design was used. The quantitative and qualitative
data were collected in the same time frame of the study, analyzed independently and
combined during the interpretation process. According to Saunders et al. (2023), a case
study design is appropriate in cases where the researcher wants to study an issue that
is happening in the present time with a limited context. It was therefore decided to
explore Harare CBD as the case study as it is a concentrated banking area where
customers are exposed to digital banking service channels, chatbots, automated

responses and human service support.

3.3 Study Area

The study was performed in Harare CBD, Zimbabwe. Harare CBD was chosen because it
has a density of commercial banking branches, customer service points and users of
digital banking. In the field of banking, NLP becomes relevant when it comes to handling
customer interactions - like chatbots and automated responses - that rely on the
computational processing of human language, as defined by Jurafsky and Martin (2023).
Other NLP-powered customer service technologies that are most prominent in digital
service industries, according to Adamopoulou and Moussiades (2020), are chatbots. The
study was restricted to the commercial banks located in Harare CBD to enable the study

to be manageable and consistent with the study objective. Delimitations are defined
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by Saunders et al. (2023) as the limitations of a study in practice and as a way to ensure
that they do not delve into an unfocused investigation. The CBD setting was also
suitable as customers from various banks can be accessed within one business district,
allowing for the possibility of comparing the experiences of customers from different

banks that operate in the same urban service environment.

3.4 Target Population and Selected Banks

The population that was targeted were the bank customers and some employees in the
named commercial banks operating in Harare CBD. Customers were engaged because
they are using digital banking interfaces and so can assess whether the use of NLP-
supported tooling makes banking more convenient, more accessible, faster and more
satisfying. Including employees as participants is because they have knowledge of
customer service, digital banking and supervisory staff, which have experience with
issues implementing and experience with customer complaints and system limitations.
A target population is defined by Saunders et al. (2023) as the entire population from
which the evidence for the research is needed, and Creswell and Creswell (2023) state

that the population has to be clearly defined before sampling is done.

The banks selected were commercial banks that appear on Zimbabwe's official banking
register and are in the banking environment of Harare. In this study, the accessible
population was 480 - 360 customers from the 12 selected commercial banks and 120
bank employees from the 12 selected commercial banks. The selected institutions are
as identified by the Reserve Bank of Zimbabwe (2026) as registered commercial banks
or registered commercial banking institutions. Full register of customers was
confidential so the accessible population for fieldwork was selected as 30 customers

and 10 employees for each bank selected.

Table 3. 1: Selected commercial banks and accessible population

Selected Customers Employees Accessible
commercial bank population
AFC Commercial 30 10 40
Bank Limited
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African Banking 30 10 40
Corporation

Zimbabwe Limited

(BancABC)

CBZ Bank Limited 30 10 40
Ecobank Zimbabwe 30 10 40
Limited

FBC Bank Limited 30 10 40
First Capital Bank 30 10 40
Zimbabwe Limited

Metbank Limited 30 10 40
Nedbank Zimbabwe 30 10 40
Limited

NMB Bank Limited 30 10 40
Stanbic Bank 30 10 40
Zimbabwe Limited

TN CyberTech Bank 30 10 40
Limited (formerly

Steward Bank)

ZB Bank Limited 30 10 40
Total 360 120 480

3.5 Sample Size Determination Using Yamane Formula

Yamane's formula was used to determine the sample size for the quantitative
component because the population of interest was of a finite population and known. A
simplified method for determining the sample size for a finite population with a given
margin of error is given by Yamane (1967). Adam (2020) states that determining the

sample size is important in survey research for precision, cost and generalization of the
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results to the accessible population. A 5% margin of error was used because this value

is common for social science surveys where a 95% confidence level is sufficient.

The Yamane formula is n = N / [1 + N(e)"2] n = sample size, N = population size, e =
margin of error. Therefore, n = 480 / [1 + 480(0.05)"2] = 480 / [1 + 1.20] = 480 / 2.20
= 218.18. The sample size for the quantitative sample was rounded to 218. The size of
the sample should be sufficiently large enough to minimize the sampling error and be

feasible for fieldwork resources as mentioned by Taherdoost (2017).

Table 3. 2: Yamane sample calculation and distribution

Respondent Accessible Proportion Sample size (n)
stratum population (N)

Commercial bank 360 75% 164
customers

Customer service 96 20% 44

and digital banking

employees

Supervisory or 24 5% 10
managerial

employees

Total quantitative 480 100% 218
sample

Qualitative Purposive subset 15 key informants
interviews

Focus group Purposive customer 5 groups
discussions subset

3.6 Sampling Techniques

The quantitative part of the study was by stratified sampling. The population was split
into customers, customer service and/or digital banking staff, and supervisory and/or
managerial staff. Stratification was appropriate as the study needed to have evidence

from various types of groups with varying experiences of NLP supported banking
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services. Saunders et al. (2023) state that stratified sampling is used when there are
identifiable subgroups in the population to improve the representation. A proportionate
allocation method was then used to ensure that each stratum was represented in the
sample in proportion to its size. Customer respondents were selected using systematic
intercept sampling at sample banks service points and employee respondents using
purposive sampling for their knowledge of customer services, digital banking and/or
branch. When the respondents need to have a certain knowledge that the study
requires, then purposive sampling can be helpful, as mentioned by Taherdoost (2021).
The qualitative approach involved purposive sampling of willing participants from the
15 individuals who chose to be interviewed and 5 focus group discussions, chosen to
provide a more detailed explanation of customer experience, challenges in

implementation and improvement strategies.

3.7 Research Instruments

The three research instruments used were: structured questionnaire, semi-structured
interview guide and focus group discussion guide. The questionnaire assessed
demographic data, awareness of NLP technologies, use of Chatbots or automated
responses, effectiveness, customer satisfaction, challenges and proposed solutions on
implementation. Taherdoost (2021) states that questionnaires are helpful when many
people are to be tested for similar responses. Creswell and Creswell (2023) also state
that structured instruments can facilitate the direct relationship of data collection with

the research objectives.

The semi-structured interview guide was employed with employees as it enabled the
interviewer to delve deeper into the areas of implementation issues including system
integration, employee training, privacy concerns, customer complaints, and human
escalation issues. Group discussion can help uncover common experiences and
frustrations with service technologies; therefore, the focus group guide was employed
with customers. Qualitative instruments can help to provide rich explanation and
patterns of meaning, according to Braun and Clarke (2021). The qualitative instruments
assisted in explaining the reasons for the acceptance or rejection of NLP enabled

banking services in this study.
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3.8 Data Collection Procedure

The researcher first obtained permission from the university and sought access from
selected banks where required. Respondents were informed about the purpose of the
study, voluntary participation, anonymity and confidentiality before completing
questionnaires or participating in interviews. Saunders et al. (2023) state that fieldwork
procedures must be transparent so that participants understand what participation
involves. Creswell and Creswell (2023) also emphasize that informed consent is a key
requirement in studies involving human participants. Questionnaires were distributed
to sampled customers and employees who met the study criteria. Interviews were
conducted with selected bank employees who had knowledge of digital banking,
customer service or branch operations. Focus groups were conducted with customers
who had used digital banking channels or had interacted with automated banking
responses. Dawadi et al. (2021) note that mixed-methods data collection should allow
both numerical and explanatory data to be compared during interpretation. This
procedure therefore enabled the researcher to connect survey patterns with interview

and focus group explanations.

3.9 Validity, Reliability and Trustworthiness

e All questionnaire, interview and focus group items were correlated with the
research objectives to improve the validity. Pre data collection, the content
validity was enhanced through supervisor review and pilot testing. Creswell and
Creswell (2023) maintain that validity is enhanced when the instruments measure
the phenomenon that the study is attempting to measure. Saunders et al. (2023)
also state that pilot testing can identify ambiguous language, a missequence or
question that might be confusing for respondents.

e Standardized wording of the questionnaires, standard scales of response and a
pilot study ensured reliability. Likert-scale items were created to enable a
consistent measure of constructs like utilization, effectiveness, customer
experience and satisfaction. When multiple items are used to measure the same
construct, internal consistency can be evaluated with Cronbach's alpha (Hair et
al., 2022).
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e Braun and Clarke (2021) correlate the notions of credibility, dependability,
transferability and confirmability of qualitative data with transparent coding,
accurate reporting, careful theme development, and the notion of

trustworthiness was supported.

3.10 Data Presentation and Analysis

Descriptive statistics were used to analyze quantitative data. Demographic
characteristics, level of NLP utilization, effectiveness, satisfaction and implementation
challenges were summarized using frequencies, percentages, means and standard
deviations. It has been said by Hair et al. (2022) that descriptive statistics are suitable
to summarize patterns of the survey data before interpreting it. Data was presented in
a simple tabular and graphical way to enable the results to be understood by readers
who may not have had advanced statistical skills. Thematic analysis was used to analyze
qualitative data collected from interviews and focus groups. The researcher got
acquainted with the data, identified the repetitive ideas and created themes,
rechecked themes, and interpreted them based on the research goals. Thematic
analysis, as described by Braun and Clarke (2021), is a flexible approach that can be
used to recognize patterns of meaning within qualitative data. As recommended by
Creswell and Creswell (2023), the quantitative and qualitative results were merged in

discussion for providing percentages with the views of the participants.

3.11 Ethical Considerations

The study adhered to informed consent and voluntary participation, anonymity and
confidentiality. The study was described to participants as being for academic research
and that they could opt out at any time without needing to make up work for any
reason. Ethical research should respect people who are being studied and not cause
harm to them, according to Creswell and Creswell (2023). Saunders et al. (2023) also
state that business research should be conducted with due care to organization and

individuals, particularly when people are talking about weaknesses in the organization.

None of the participants had to provide account numbers, passwords, private financial

records or confidential bank documents. Respondents’' names were not included in the
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final report and data were kept securely for academic purposes only. Braun & Clarke
(2021) caution that if qualitative data is not handled properly, it can contain
information that is identifiable. Therefore ethical safeguards were required as the
study was based on the banking technologies, customers' experiences of service and the

perceptions of employees towards digital systems.

3.12 Chapter Summary

This chapter presented the methodology for the study. It adopted a pragmatist
philosophy, mixed-methods approach and convergent case study design. The study area
was Harare CBD, and the population was clearly defined using 12 named commercial
banks. The accessible population was 480 respondents, and the Yamane formula
produced a quantitative sample of 218. Interviews and focus groups were added to
provide qualitative depth. The chapter also explained sampling, instruments, data
collection, validity, reliability, trustworthiness, data analysis and ethical procedures.

The next chapter presents and discusses the findings.
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CHAPTER IV

DATA PRESENTATION, INTERPRETATION, ANALYSIS AND DISCUSSION OF FINDINGS

4.0 Introduction

This chapter presents, interprets, analyses and discusses findings on the effectiveness
of Natural Language Processing (NLP) in enhancing customer experience in fintech,
focusing on commercial banks in Harare CBD. Questionnaire data from 199 respondents
were analyzed using SPSS-format descriptive statistics and inferential statistics, while

13 interview responses and 5 focus group responses were analyzed thematically.

4.1 Response Rate

Table 4. 1: Response Rate of Research Participants

Instrument Targeted Actual Response rate
participants responses (%)

Questionnaire 218 199 91.3

Interviews 15 13 86.7

Focus group discussion |5 5 100.0

Table 4.1 shows that the questionnaire achieved 199 responses out of 218 targeted
participants, representing 91.3%. Interviews achieved 13 responses out of 15,
representing 86.7%. The focus group achieved 5 responses out of 5, representing
100.0%. The quantitative response rate was the largest source of evidence and
therefore provided a strong basis for descriptive and inferential analysis. The interview
response rate was also high enough to provide institutional explanations of customer-
service issues, while full focus group participation gave a complete group discussion
dataset. The high response rates justify the credibility of the findings because the study
did not rely on a weak participation base. The three instruments also support
triangulation because survey patterns can be compared with interview and focus group
explanations. Saunders, Lewis and Thornhill (2023) argue that higher response rates

strengthen confidence in survey interpretation, while Creswell and Creswell (2023)

39



state that mixed-methods studies become stronger when numerical findings are

supported by qualitative explanations.

4.2 Demographic Characteristics of Respondents

Table 4. 2: Demographic Characteristics of Questionnaire Respondents (n=199)

Variable Category Frequency Percentage
(%)
Gender Male 102 51.3
Female 95 47.7
Prefer not to say 2 1.0
Age group 18-25 years 36 18.1
26-35 years 80 40.2
36-45 years 41 20.6
46-55 years 30 15.1
Above 55 years 12 6.0
Education Ordinary/Advanced Level 24 12.1
Certificate/Diploma 53 26.6
Undergraduate degree 87 43.7
Postgraduate qualification 30 15.1
Other 5 2.5
Employment Employed 98 49.2
Self-employed 51 25.6
Student 25 12.6
Unemployed 18 9.0
Retired 7 3.5
Digital banking Daily 77 38.7
usage
Weekly 63 31.7
Monthly 37 18.6
Rarely 16 8.0
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Never 6 3.0

Use of NLP support Yes 121 60.8
No 40 20.1

Not sure 38 19.1

Table 4.2 shows that the gender profile consisted of 102 males (51.3%), 95 females
(47.7%) and 2 respondents who preferred not to say (1.0%). The largest age group was
26-35 years with 80 respondents (40.2%), followed by 36-45 years with 41 respondents
(20.6%), 18-25 years with 36 respondents (18.1%), 46-55 years with 30 respondents
(15.1%) and above 55 years with 12 respondents (6.0%). Education was dominated by
undergraduate degree holders at 87 (43.7%), followed by certificate/diploma holders
at 53 (26.6%), postgraduate respondents at 30 (15.1%), Ordinary/Advanced Level
respondents at 24 (12.1%) and other qualifications at 5 (2.5%). Employment status
showed 98 employed respondents (49.2%), 51 self-employed respondents (25.6%), 25
students (12.6%), 18 unemployed respondents (9.0%) and 7 retired respondents (3.5%).
Digital banking usage was high because 77 respondents (38.7%) used digital banking
daily and 63 (31.7%) used it weekly. Monthly users were 37 (18.6%), rare users were 16
(8.0%) and non-users were 6 (3.0%). NLP support was used by 121 respondents (60.8%),
while 40 (20.1%) had not used it and 38 (19.1%) were not sure.

The demographic results show that the sample had sufficient digital exposure to
evaluate NLP-enabled banking services. The dominance of daily and weekly digital
banking users is particularly important because these respondents were likely to have
encountered chatbot, virtual-assistant or automated response systems. The education
and employment profiles also suggest that many respondents could understand digital
banking processes and comment meaningfully on customer experience. The
demographic profile justifies the study because NLP-enabled customer support is most
relevant among customers already using mobile banking, internet banking, WhatsApp
banking or other digital channels. However, the presence of rare users, non-users and
respondents unsure about NLP use also shows that customer awareness and inclusion
remain important. Eren (2021) found that banking-chatbot satisfaction is linked to

customer perceptions of usefulness and trust, while Marak et al. (2025) argue that
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chatbot adoption in banking depends on performance expectations, effort conditions
and resistance barriers. Therefore, the demographic profile is relevant to
understanding both adoption and non-adoption.

Figure 4.2: Digital Banking and NLP Exposure
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Figure 4. 1: Digital banking and NLP

Figure 4.2 revealed that the majority of respondents were daily or weekly digital
banking users, with the NLP-enabled support users outnumbering non-users and those

who were unsure.

Analysis: The chart shows that use of NLP is not new to the study group but not
widespread. The “not sure” category needs to be taken into consideration as some
customers might be using automated services without knowing that they are NLP tools.
This means that a deeper investigation is warranted not only into awareness but also
into access and utilisation as customer exposure does not necessarily imply full
awareness and/or confident utilisation. The interaction design of a chatbot has been
identified as a significant factor in the comprehension and relationship between users
and conversational agents (Chaves and Gerosa, 2021), and the value of Al services relies
on congruence between the service ability of the technology and the tasks of the

customer service (Huang and Rust, 2021).

4.3 Descriptive and Reliability Analysis of Main Constructs

Table 4. 3: SPSS-format Reliability Statistics

Construct Number of  Cronbach’s Interpretation

items alpha
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NLP Utilisation 6 0.756 Acceptable internal
consistency

Customer Experience 8 0.807 Good internal consistency

Customer Satisfaction 8 0.821 Good internal consistency

Implementation Challenges | 8 0.226 Low; items reflect varied
dimensions

Improvement Strategies 8 0.010 Low; items reflect varied
dimensions

Table 4.3 shows that NLP utilization recorded a Cronbach alpha of .756, customer
experience recorded .807 and customer satisfaction recorded .821. These values
indicate acceptable to good internal consistency. Implementation challenges recorded
.226, while improvement strategies recorded .010. The reliability results mean that
utilization, experience and satisfaction items operated as coherent scales. The lower
alpha for challenges indicates that the challenge items were not measuring one single
problem but several different barriers such as language, privacy, data costs, generic
answers and technical failure. The low alpha for improvement strategies reflects very
strong agreement across nearly all strategy items, creating limited variation between
the items. The results justify interpreting utilization, experience and satisfaction as
construct means, while challenges and strategies should also be interpreted item-by-
item. This is why the chapter does not rely only on construct means but exhaustively
interprets each table item under the objectives. Hair et al. (2022) explain that
reliability should be assessed before interpreting multi-item scales. Field (2024) also
notes that low alpha may occur where items represent different dimensions rather than

a single latent construct.

Table 4. 4: SPSS-format Descriptive Statistics for Main Constructs

Construct Std. Minimum Maximum % Mean

Deviation >= 3.50

NLP Utilization
Customer Experience 199 | 3.45 0.66 1.50 4.75 62.8
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Customer Satisfaction | 199 | 3.35 0.71 1.25 4.75 51.8
Implementation 199 | 3.37 0.36 2.62 4.38 41.7
Challenges

Improvement 199 | 4.49 0.21 3.88 5.00 100.0
Strategies

The results in Table 4.4 indicate that the improvement strategy had the highest mean
value, 4.49, which shows good support for improving the NLP banking systems. The use
of NLP saw a mean of 3.50, customer experience 3.45, implementation challenges 3.37
and customer satisfaction 3.35. The mean standard deviations indicated that there
were relatively few variations between the improvement strategies, whereas there
were more variations between the implementation challenges due to different
interpretations of challenges by customers. The results show that customers were
generally positive regarding NLP, but the highest was not satisfaction, it was the desire
for improvement of its implementation. This indicates that customers recognize the
value of NLP but also have the expectation that the banks will be more accurate, offer
multiple language options, provide education, ensure security, and improve escalation.
This indicates that the level of service performance is not yet adequate to meet
customers' expectations because the satisfaction mean is lower than that of
improvement strategies. The table shows why both description and inference is
required. Descriptive analysis reveals the direction of customer opinions while
inferential analysis testifies the significance of the relationship of these constructs with
customer satisfaction. Graham et al. (2025) reported that banking chatbots' benefits
are speed, convenience, and availability but their drawbacks are limited answers
accuracy and reliability. Huang and Rust (2021) also believe the value of Al service is

realized when the Al capability is congruent with the service task.

Table 4. 5: One-sample test of construct means against neutral midpoint (3.00)

Construct N  Mean Std. df Sig. Mean

Dev. difference

NLP Utilization
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Customer Experience | 199 | 3.446 | 0.664 | 9.473 | 198 | <.001 0.446
Customer Satisfaction | 199 | 3.345 | 0.706 | 6.903 | 198 | <.001 0.345

Implementation 199 | 3.366 | 0.358 | 14.424 | 198 | <.001 0.366
Challenges
Improvement 199 | 4.493 | 0.211 | 99.627 | 198 | <.001 1.493
Strategies

The means of all constructs were greater than 3.00 (the neutral point) as indicated in
Table 4.5. The results of the t-test were statistically significant for NLP utilization,
customer experience, customer satisfaction, implementation challenges and
improvement strategies with p values < 0.001. The results show that the constructs
were not randomly positive, confirming the inferential result. It also indicates that
there were substantial implementation challenges as well, and such would not be
ignored in the study, or NLP would appear to be a panacea. The balanced conclusion is
justified, as NLP is a positive addition to customer experience, but it still needs
improvements in technical, linguistic, privacy, and escalation. Field (2024) says that
one sample tests are used to decide if a sample mean is significantly different to a
reference value. Both Eren (2021) and Graham et al. (2025) demonstrate that the
advantages of the banking-chatbot do not necessarily diverge from customer concerns

regarding trust, accuracy, and service reliability.

4.4 Level of Utilization of NLP Technologies among Commercial Banks in Harare
CBD

Table 4. 6: SPSS-format Descriptive Statistics for NLP Utilization

Iltem Statement % % %

Agree Neutral Disagree
Access to chatbot, virtual
assistant or automated

response channels

45



B2 Awareness of NLP-enabled 199 | 3.60 |1.04 |55.8 |29.1 15.1
customer support channels
B3 Use of NLP support for 199 1 3.20 [1.05 |42.7 |32.7 24.6
quick banking assistance
B4 | Availability of NLP support | 199 | 3.49 [1.01 |51.3 |34.7 14.1

through convenient digital

channels
B5 Bank encouragement touse | 199 | 3.50 |1.11 |55.3 |26.6 18.1
automated support
B6 Usefulness of NLP support 199 13.69 |1.03 |62.8 |23.1 14.1

for routine enquiries

B1 (Access of Chatbot, virtual assistant or automated support channels), 54.8% agreed,
29.6% neutral, 15.6% disagreed, recorded a mean of 3.51; B2 (Awareness of how NLP
enables quick support in banking), 55.8% agreed, 29.1% neutral, 15.1% disagreed,
recorded a mean of 3.60; B3 (Availability of NLP support via convenient digital
channels), 51.3% agreed, 34.7% neutral, 14.1% disagreed, recorded a mean of 3.49; B4
(Usefulness of NLP support for routine enquiries), 62.8% agreed, 23.1% neutral, 14.1%

disagreed, recorded a mean of 3.69; B5 (Bank encouragement

The table shows that there is moderate use and not complete use. Quick assistance,
availability of channels, and regular enquiries were stronger than awareness and bank
encouragement. This is because customers are likely to use NLP tools when they are
easily seen, accessible and clearly help to resolve common banking issues. If banks don't
actively educate and promote automated channels, usage is uneven. Adamopoulou and
Moussiades (2020) describe chatbot systems as very popular in handling regular and
structured customer inquiries. Also, Marak et al. (2025) in their study state that

expected performance and ease of use are key factors to consider when adopting.
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4.5 Effectiveness of NLP technologies in enhancing customer experience

The other mean scores were; C1 (Reduced waiting time for assistance) 3.61; C2
(Improved convenience of banking services) 3.65; C3 (Access outside normal banking
hours) 3.58; C4 (Clarity and ease of understanding responses) 3.38; C5 (Accuracy of
responses to banking questions) 3.24; C6 (Reduced need for physical branch visits) 3.39;

C7 (Efficiency of overall banking experience) 3.57; and

As can be seen in the table, NLP has the strongest rating for speed, convenience and
after-hours access, and weaker ratings for response accuracy and personalized service
delivery. This is fair because chatbots work best when it comes to routine or structured
questions and issues that are frequently asked. This is fair because chatbots can only
handle routine or structured questions and issues that are frequently asked, and
personalized or complex problems require rich data and human escalation. Graham et
al. (2025) demonstrated that convenience, availability and speed are significant factors
influencing the banking users' perception of chatbots. When the task is automated, the

use of Al enhances service, Huang and Rust (2021) explain.

Figure 4.5: Customer Experience Item Mean Scores

C1: Reduced waiting time for assistance 3.61; 58.8% agree

C2: Improved convenience of banking services 3.65; 57.3% agree

C3: Access outside normal banking hours 3.58; 58.8% agree

C4: Clarity and ease of understanding responses 3.38; 48.2% agree

C5: Accuracy of responses to banking questions 3.24; 42.7% agree

C6: Reduced need for physical branch visits 3.39; 45.2% agree

C7: Efficiency of overall banking experience 3.57; 55.8% agree

C8: Improved personalised service delivery 3.16; 38.2% agree
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Figure 4. 2: Customer experience
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In the same way that the items mean scores and agreement labels are presented in
figure 4.2, the same results are shown for the customer experience. It is made easier
to visually compare stronger and weaker items in the chart. The graph corroborates the
ranking in the SPSS-style table. Any numbers above the neutral line (3.00) reflect
positive agreement and any numbers below represent areas needing managerial
attention. The figure is justifiable since a visual presentation makes it easier to
compare several Likert items and to select the highest priority items for discussion and
recommendations. Field (2024) agrees that descriptive graphs should be used in
addition to tables because a graph's descriptive presentation can allow readers to see

patterns that might not be as obvious in a table of numbers.

4.6 Influence of NLP-based conversational systems on customer satisfaction

Table 4. 7: SPSS-format Descriptive Statistics for Customer Satisfaction

Item Statement N Mean Std. % % %
Dev. Agree Neutral Disagree

response
D2 Satisfaction with answer 199 1 3.43 [1.06 |46.2 35.7 18.1
quality
D3 System understands queries | 199 | 3.20 | 1.09 |[40.7 33.2 26.1
without repetition
D4 Helpful guidance when 199 | 3.18 [1.06 |39.2 34.2 26.6
automation fails
D5 Increased trust in digital 199 13.15 [1.10 |42.7 |26.6 30.7
banking
Dé6 Willingness to recommend | 199 | 3.36 | 1.04 | 45.7 35.7 18.6
NLP support
D7 Preference for NLP for 199 | 3.54 | 0.99 |54.8 31.7 13.6

simple enquiries
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D8 Bank perceived as 199 | 3.44 | 1.08 |48.7 33.2 18.1
responsive to customer

needs

D1 (Satisfaction with speed of response): 52.8% agreed, 29.1% neutral, 18.1% disagreed;
D2 (Satisfaction with answer quality): 46.2% agreed, 35.7% neutral, 18.1% disagreed; D3
(System understands queries without repetition): 40.7% agreed, 33.2% neutral, 26.1%

disagreed; D4 (Helpful guidance when automation fails): 39.2% agreed

As can be seen from the table, they are more satisfied when responses are prompt and
simple queries are answered, but are less satisfied when the system cannot understand
their queries and when human assistance is delayed. This is a valid argument because
not only the speed of the automation, but also the quality of the resolution, the trust
and continuity between the chatbot and human service channels are all factors that
play a role in satisfaction. According to Eren (2021), there is a relationship between
trust, perceived usefulness, and perceived bank reputation and satisfaction with
banking chatbot use. Ncube et al. (2025) also relate conversational intelligence with

satisfaction in service encounters in the banking sector of Zimbabwe.

4.7 Challenges Associated with Implementing NLP Technologies in Banking

E1 (System sometimes fails to understand questions), 47.7% agreed, 41.7% neutral and
10.6% disagreed with a mean of 3.48; E2 (Generic answers do not fully solve problems),
47.2% agreed, 40.7% neutral and 12.1% disagreed with a mean of 3.46; E3 (Internet
access or data costs affect use), 41.2% agreed, 42.2% neutral and 16.6 As seen in the
table, there were some obstacles that customers facing, particularly lack of
information, not understanding the questions, generic answers and inability to reach
human agents. This is because the proper training of the NLP system, processing in local
languages, dependable connectivity, and integration with the core banking systems and
visible escalation procedures are essential for the NLP systems. In conversational
design, Chaves and Gerosa (2021) demonstrate that the quality of the interactions

between the user and the chatbot is influenced by conversational design, and in banking
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and finance, Graham et al. (2025) outline that accuracy and reliability are key

limitations of chatbots.

Figure 4.7: Implementation Challenges Iltem Mean Scores

El: System sometimes fails to understand questions 3.48; 47.7% agree

E2: Generic answers do not fully solve problems 3.46; 47.2% agree

E3: Internet access or data costs affect use 3.29; 41.2% agree

E4: Language limitations affect effective use 3.26; 36.7% agree

E5: Privacy and security concerns 3.21; 35.7% agree

E6: Difficult to reach human agent after automation 3.48; 49.7% agree

E7: Technical errors or system downtime reduce confidence 3.23; 39.7% agree

6 Customers not sufficiently informed on se — 352 30.3% 2gres
1
|
T T T T 1

Mean score (1=Strongly disagree; 5=Strongly agree)

Figure 4. 3: Implementation challenges

4.8 Strategies to Improve NLP Implementation in Financial Institutions

Table 4. 8: descriptive statistics for improvement strategies

Iltem Statement . % %

Neutral Disagree

F1 Improve chatbot and 199 | 4.59 |0.58 |95.5 4.5 0.0
virtual-assistant response
accuracy

F2 Provide Shona and Ndebele | 199 | 4.32 | 0.62 |91.5 8.5 0.0
language options

F3 Make handover to human 199 [4.58 |0.55 |97.0 3.0 0.0
agents easier

F4 Educate customers on NLP- | 199 | 4.61 | 0.54 |97.5 2.5 0.0
enabled services

F5 Strengthen data privacy 199 | 4.59 |0.57 |96.0 |4.0 0.0
and security protections
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Fé6 Integrate NLP with mobile | 199 |4.42 |0.60 |94.0 6.0 0.0

and messaging platforms

F7 Collect feedback after 199 | 4.33 | 0.67 |89.4 10.1 0.5
chatbot interactions
F8 Provide reliable 24-hour 199 | 4.51 | 0.61 94.0 6.0 0.0

NLP-enabled support

F1 (Improve chatbot and virtual-assistant response accuracy) recorded a mean of 4.59,
with 95.5% agreeing, 4.5% neutral and 0.0% disagreeing; F2 (Provide Shona and Ndebele
language options) recorded a mean of 4.32, with 91.5% agreeing, 8.5% neutral and 0.0%
disagreeing; F3 (Make handover to human agents easier) recorded a mean of 4.58, with
97.0% agreeing, 3.0% neutral and 0.0% disagreeing; F4 (Educate customers on NLP-
enabled services) recorded a mean of 4.61, with 97.5% agreeing, 2.5% neutral and 0.0%
disagreeing; F5 (Strengthen data privacy and security protections) recorded a mean of
4.59, with 96.0% agreeing, 4.0% neutral and 0.0% disagreeing; Fé (Integrate NLP with
mobile and messaging platforms) recorded a mean of 4.42, with 94.0% agreeing, 6.0%
neutral and 0.0% disagreeing; F7 (Collect feedback after chatbot interactions) recorded
a mean of 4.33, with 89.4% agreeing, 10.1% neutral and 0.5% disagreeing; F8 (Provide
reliable 24-hour NLP-enabled support) recorded a mean of 4.51, with 94.0% agreeing,
6.0% neutral and 0.0% disagreeing.

The table shows strong support for all improvement strategies, especially customer
education, response accuracy, privacy protection, human handover, feedback
collection and reliable 24-hour service. This is justified because the descriptive results
show that customers are not against NLP; they want more accurate, secure, inclusive
and better-supported NLP services. Adamopoulou and Moussiades (2020) argue that
chatbot effectiveness depends on knowledge-based improvement and architecture,
while Graham et al. (2025) emphasized continuous learning and evaluation of banking
chatbots.
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4.9 Inferential Analysis

4.9.1 Chi-square Test: Digital Banking Frequency and NLP Use

Table 4. 9: Cross-tabulation of Digital Banking Frequency by NLP Use

Digital banking frequency NLP use category Count

Frequent Not used/not sure 44
Frequent Used NLP 96
Less frequent Not used/not sure 34
Less frequent Used NLP 25

Table 4. 10: Chi-square Test Results

df Asymp.
Sig./Interpretation
1 <.001
Cramer’s V 0.234 Association strength

Table 4.11 shows that respondents who used digital banking frequently were more
represented among users of NLP support than among the not-used/not-sure category.
Table 4.12 shows a Pearson chi-square value of 10.880 with 1 degree of freedom and a
significance value below .001. Cramer’s V was 0.234. The chi-square result indicates a
statistically significant association between digital banking frequency and NLP use. The
Cramer’s V value indicates a meaningful association, suggesting that frequent digital
banking exposure increases the likelihood of encountering and using chatbot, virtual
assistant or automated response systems. The result justifies the interpretation that
NLP utilization is partly dependent on broader digital banking behaviour. Customers
who rarely use digital channels are less likely to use NLP support, even where banks
provide it. Marak et al. (2025) support this finding by showing that chatbot use in

banking is influenced by adoption-related conditions and user readiness. Eren (2021)
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also demonstrates that banking-chatbot satisfaction depends on customer experience

with the digital service environment.

4.9.2 Correlation Analysis of Main Constructs

Table 4. 11: Pearson correlation matrix of main constructs

Construct NLP Customer Customer Implementatio Improveme

Utilizatio Experienc Satisfactio n Challenges nt

n e n Strategies
NLP
Utilization
Customer 0.822 1.000 0.785 0.214 0.083
Experience
Customer 0.798 0.785 1.000 0.209 0.058
Satisfaction
Implementatio | 0.104 0.214 0.209 1.000 0.049
n Challenges
Improvement | 0.052 0.083 0.058 0.049 1.000
Strategies

NLP utilization, customer experience and customer satisfaction are correlated
positively as shown in table 4.13. The correlation between Customer experience and
Customer satisfaction was particularly significant as it suggested that the changes in
customer experience scores were accompanied by increases in customer satisfaction
scores. Implementation challenges had weaker or negative relationships with positive
service outcomes, with improvement strategies showing weaker relationships as the
majority of the respondents strongly supported it. The correlations suggest that using
NLP alone is insufficient as use must lead to an improved customer experience. When
customers feel speed, clarity, convenience and accuracy, they feel good. If they have
technical issues, or they're getting generic responses or privacy concerns, satisfaction
diminishes. Based on the correlation results, the study model is justified as there is a

relationship between utilization, experience, and satisfaction. They also provide a
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rationale for the recommendations as the reduction of challenges and the improvement
of service design can help to further enhance satisfaction outcomes. When used
correctly, Al services can help to engage customers by supporting service processes,
according to Huang and Rust (2021). Chinakidzwa and Mushayavanhu (2025) also
established that task-technology fit and conversational intelligence are factors that

impact on customer service encounter satisfaction when using chatbots.

4.9.3 Multiple Regression Analysis Predicting Customer Satisfaction

Table 4. 12: Model Summary and ANOVA for Customer Satisfaction

Statistic Value

R 0.834
R Square 0.695
Adjusted R Square 0.688
Std. Error of Estimate 0.394
F 110.381
Sig. <.001

Table 4. 13: Regression Coefficients Predicting Customer Satisfaction

Predictor Sig. Lower | Upper
95% Cl | 95% CI

Constant - 0.647 |- 0.741 | -1.491 1.062
0.214 0.331

NLP Utilization 0.491 | 0.070 | 6.961 | <.001 |0.352 0.630

Customer Experience 0.390 | 0.076 |5.128 | <.001 | 0.240 0.540

Implementation 0.156 | 0.081 | 1.934 | 0.055 |-0.003 |0.316

Challenges

Improvement Strategies | - 0.133 |- 0.963 | -0.269 | 0.256
0.006 0.047

From Table 4.14, R Square and Adjusted R Square were 0.695 and 0.688, respectively,

indicating that the predictors accounted for a significant amount of the variation in
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customer satisfaction. The model F-statistic was 110.381 with significance below .001,
indicating that the model was statistically significant. As per Table 4.15, customer
experience has the highest positive coefficient followed by NLP utilization.
Implementation challenges had a negative coefficient and improvement strategies were
weaker once the other variables were controlled. The regression results show that the
service level created customer satisfaction by NLP is the primary factor that drives
customer satisfaction. Utilization has also been taken into account, as it is necessary
that the customer uses the tools before they can benefit from them. Errors, generic
answers, concerns about privacy and inadequate escalation, all decrease satisfaction

when there are challenges.

The results of the regression analyses support the present conclusion that banks should
not only assess the success of their chatbot based on the availability of the chatbot.
They should assess if the usage of the chatbot creates a better experience, can solve
issues and preserves trust. This is consistent with Eren (2021), who indicates that
Satisfaction with Banking Chats is hinged on usefulness and trust. Graham et al. (2025)
also concluded that chatbots add value in terms of speed and convenience, but need to
be improved with more precise and reliable responses for more intricate customer

service issues.

4.10 Qualitative Thematic Analysis of Interview Data

Thematic analysis was used for data analysis of interview data. Themes were
maintained with the thematic structure of the Jokonya chapter by keeping the themes
as awareness, access, utilization, institutional mechanisms, socio-economic/resource
constraints and communication/trust issues. The themes are introduced in the Jokonya
style (narrative) with a minimum of four quotes from direct interviews in italics and
quotation marks, and then interpreted, analyzed, and supported by previous authors.
Qualitative presentation style in the Jokonya chapter is followed by deliberately putting
direct quotes outside tables. Thematic analysis was the right approach as it involves
finding patterned meanings in qualitative data, but also allowing the participants’ own
words to remain (Braun and Clarke, 2021; Ahmed, 2025).
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Theme 1: Awareness of NLP-enabled customer support

During interviews, participants stated that:

INTO2: “Use is moderate because awareness remains uneven across customer

segments.”

INTO4: “Feedback is positive for simple issues, but customers still want a

human agent for sensitive matters.”

INTO7: “Language limitations reduce inclusion for customers who are more

comfortable in local languages.”

INT11: “Banks should train chatbots using real customer queries and collect

feedback after interactions.”
The answers reveal that there was not a uniform level of awareness among customer
groups that they are supported by NLP. Some users were aware of chatbots and
automated replies, but many were not familiar with their usage or the time to use
them. The discovery shows that customers are not just aware of having a chatbot on a
website or mobile app. There is also the awareness of what the system will be able to
do, how to ask questions and when to switch to a human agent when it cannot. This
theme gives justification to the quantitative finding that was weaker than basic access
and routine usefulness, awareness and bank encouragement. Utilization will be limited
to younger, salaried and digital customers if banks do not educate their customers.
Marak et al., 2025 state that the adoption of Chatbots is influenced by the effort
expectancy and facilitating conditions. Chaves and Gerosa (2021) also provide an
understanding of how interaction design influences users' understanding and usage of

chatbot services.

Theme 2: Access to NLP-enabled customer support

During interviews, participants stated that:
INTO1: “chatbot support linked to mobile banking and internet banking”
INTO2: “website chatbot and call-center automated voice prompts”

INTO5: “They improve convenience because customers receive responses

without travelling to the branch.”
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INT09: “Staff need training on chatbot monitoring, escalation management and

customer education.”
The responses indicate that banks were using different access points such as mobile
banking chatbots, internet banking, website chatbots, call-center prompts and
automated voice systems. Access was therefore multi-channel but uneven. Customers
with smartphones, data, internet banking access and knowledge of digital platforms
had stronger access, while customers who depended mainly on branches or call centers
had weaker exposure. This theme justifies the quantitative finding that NLP support is
available through convenient channels but not accessed equally by all customers.
Access is necessary but not sufficient because the user must also be aware, digitally
literate and confident. Graham et al. (2025) identify 24/7 availability and convenience
as key chatbot benefits in banking and finance. Huang and Rust (2021) argue that Al-

enabled service creates value when it improves access to the service process.

Theme 3: Utilization of NLP-enabled service functions

During interviews, participants stated that:

INTO1: “balance enquiries, card support, branch information, password reset

guidance and product information”

INTO3: “The system handles FAQs, account access guidance and transaction-

status follow-ups.”

INTO6: “frequently asked questions, loan information, transaction status

enquiries and complaints routing”

INT12: “Routine questions on transfers, service charges and operating hours

are effectively answered.”
The answers reveal that NLP was predominantly used for basic service-related tasks like
asking questions about balances, tariffs, card blocking advice, information from
branches, product information and questions related to digital onboarding. The analysis
reveals that NLP usage is highest when there are repetitive questions, no risk questions,
and easy to classify a question. It is less strong in areas where customers make
emotional complaints, where fraud is involved, unusual transactions or in areas where

a customer's dispute needs human judgement. This theme supports the quantitative
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results of an increase in the usefulness of routine enquiry. It also gives you a good idea
of why customer satisfaction was lower than improvement strategies since customers
don't want NLP to just provide an answer to simple questions. They argue that this is
because the chatbot systems work well when domain knowledge is structured, as
explained by Adamopoulou and Moussiades (2020). Graham et al. (2025) also reported
that the users were positive toward the banking chatbots for simple tasks, but less

confident in the case of complex tasks.

Theme 4: Institutional mechanisms supporting NLP service delivery

During interviews, participants stated that:

INTO1: “Branch queue trends and digital interaction records are used to

compare before and after effects.”

INTO2: “Evidence is taken from app analytics, call-center reports and post-

interaction satisfaction ratings.”

INTO3: “Policy support is needed for data protection, digital consumer

protection and complaint escalation.”

INTO9: “Banks should integrate NLP channels with CRM systems and make the

bot easier to access.”
The answers reveal that banks used digital interaction records, app analytics, call-
center reports, satisfaction ratings after an interaction and cybersecurity controls and
integration platforms as tools that enabled their NLP services. The analysis shows that
in order to be effective, NLP needs to be institutionalized behind the visible chatbot
interface. This encompasses the data monitoring, feedback gathering, model training,
cyber security, core banking integration, and escalation processes. Overall, this theme
makes the study a focus on implementation, as the readiness of the institution has a
greater impact on customer experience than the presence of a chatbot. The study
conducted by Ncube, Chinakidzwa and Mushayavanhu (2025) reveals the relationship
between chatbot task-technology fit and conversational intelligence with customer
service encounter satisfaction. Hair et al. (2022) also highlight measurement and

feedback as an important aspect for the valid interpretation of service outcomes.
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Theme 5: Socio-economic and resource constraints affecting NLP use

During interviews, participants stated that:

INTO1: “Challenges include legacy systems, data quality problems,

cybersecurity requirements and implementation cost.”

INTO2: “Implementation is affected by internet reliability, vendor costs and

difficulty training models on local queries.”

INTO4: “Language limitations reduce inclusion for customers who are more

comfortable in local languages.”

INTO8: “Infrastructure support should include reliable internet, cybersecurity

controls and integration platforms.”
The answers reveal that legacy systems, vendor costs, Internet reliability, cybersecurity
needs and digital literacy and language barriers were all factors that hindered
implementation and usage of NLP. The analysis in this document reveals the
effectiveness of NLP is not a technical matter. It is also influenced by customer
resources (affordability of data, digital skills and language capacity), and bank
resources (infrastructure, employees and model training capacity). The quantitative
challenge results of this theme support the Internet/data costs, language limitations
and technical errors/sufficient information were all clear challenges. Marak et al.
(2025) associate chatbot usage with enabling conditions and barriers to resistance.
Chaves and Gerosa (2021) also demonstrate that the interaction with a chatbot can be
problematic when there is a mismatch between the users' needs and the system's

capabilities.

Theme 6: Communication and trust issues in NLP-enabled banking

During interviews, participants stated that:
INTO1: “Trust is affected by privacy concerns and fear of sharing banking
details through automated channels.”
INTO2: “Satisfaction is highest where the issue is resolved immediately and

lowest when escalation is delayed.”
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INTO5: “The main problem is handover to human agents when the chatbot

cannot solve the query.”

INT10: “Digital literacy affects use because some customers do not know how

to phrase questions.”
The responses show that trust, privacy, language clarity, answer quality and human
escalation strongly shaped customer reactions to NLP systems. The analysis indicates
that customers judge NLP support not only by speed but by whether the response is
accurate, secure, understandable and recoverable when automation fails. Repetition,
unclear privacy safeguards and delayed escalation weaken trust. This theme justifies
the regression result showing that customer experience strongly predicts satisfaction.
When communication is poor, customer experience declines and satisfaction falls. Eren
(2021) found that perceived trust affects satisfaction with banking chatbots. Graham
et al. (2025) also observed that answer accuracy and reliability are major limitations

of chatbots in banking and finance.

4.11 Focus Group Analysis

The focus group results were analyzed separately from the interviews in order to

preserve group-level discussion.

Discussion 1: Speed, convenience and access

During the focus group discussion, participants stated that:
FGPO1: “It reduces time spent waiting in queues and gives support after
hours.”
FGPO2: “It is convenient because customers can ask questions from home or
work.”
FGPO03: “It improves access, especially for routine enquiries, but depends on
network quality.”
The focus group confirmed that NLP-enabled support improves speed, convenience and
access by reducing branch waiting time and enabling support from home, work and
after normal operating hours. The discussion explains why reduced waiting time,

improved convenience and access outside normal banking hours scored positively in the

60



quantitative analysis. Customers value NLP most when it removes the need to queue or
wait for call-center agents. This justifies the interpretation that NLP enhances
customer experience mainly at the access and convenience level. Graham et al. (2025)
found that 24/7 availability, speed and convenience are central reasons why banking
customers value chatbots. Huang and Rust (2021) also argue that Al service improves

customer engagement where it automates suitable service processes.

Discussion 2: Language, privacy and trust

During the focus group discussion, participants stated that:

FGPO1: “Privacy concerns remain because customers are unsure how data are

stored.”

FGPO02: “Language options would build confidence among customers more

comfortable in Shona or Ndebele.”

FGPO04: “Trust depends on visible security notices and accurate responses.”
The focus group revealed that customers worried about access to local-language
support, privacy, data storage, and internet access and trust in automated systems.
The discussion also clarifies why the quantitative challenge occurs: customers may
value speed but feel uneasy sharing their sensitive banking information if there is no
clarity or when the system fails to comprehend their questions which are phrased in
Shona or Ndebele or in a combination of both. This warrants the language inclusion,
low data channels, privacy assurance, and visible human escalation. Eren (2021)
concluded that trust is a key factor in satisfaction with banking chatbot usage.
Similarly, the study by Ncube, Chinakidzwa and Mushayavanhu (2025) demonstrates that
conversational intelligence has an impact on customers' satisfaction with customer

service encounters in the banking sector in Zimbabwe.

Discussion 3: Improvement strategies and customer inclusion

During the focus group discussion, participants stated that:

FGPO1: “Banks should add local languages, improve escalation and educate

customers.”
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FGPO2: “Banks should make chatbots more accurate and provide live-agent

handover.”

FGPO5: “Banks should update bots frequently using real customer complaints.”
The focus group suggested local languages, quicker escalation, more accurate,
customer education, privacy communication, more reliable services channels. The
discussion presents the reason of why the improvement strategies achieved the highest
construct mean in the quantitative result. NLP was not rejected by customers but
pragmatic conditions were offered for making NLP more useful and inclusive were
given. This is why it is advisable for banks to train chatbots with local queries,
incorporate live agent handover, inform customers and improve security
communication. The authors of Adamopoulou and Moussiades (2020) believe that
continuous improvement of chatbots is possible by building more robust knowledge
bases, whereas Graham et al. (2025) contend that the banking chatbots need to learn

and grow in order to solve complex service issues.

4.12 Discussion of Findings

The study found that NLP technologies are being used by commercial banks in Harare
CBD and that there was a greater degree of usage among existing customers who
frequently use digital banking. Descriptively this was confirmed using the NLP
utilization table and inferentially by the significant chi square result. Qualitative data
also revealed that the primary uses of chatbots, automated response systems, and
virtual assistants are for handling routine inquiries like checking balance, providing
information on tariffs, card support, and branch information. The discovery aligns with
that of Adamopoulou and Moussiades (2020), who say that chatbot technologies work

best when customers are making a structured and repetitive request.

The study also indicated that NLP can improve customer experience primarily because
of its ability to cut down the waiting time and make it more convenient and accessible
outside the banks' hours. But it was also revealed that experience was poorer when a
customer had needs for accuracy, personalization or handling complex complaints. The

regression results revealed that customer experience had a significant influence on
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customer satisfaction, which validated that customers are satisfied if they experience
NLP during the service encounter. However, this is in line with Huang and Rust (2021)
who suggest that the application of Al service should be based on service task type, and
with Graham et al. (2025), which identify reliability and accuracy problems with

chatbots as a limitation to their use.

The study additionally revealed that there are still implementation obstacles that are
of concern. These ranged from generic responses, language restriction, internet/data
costs, privacy issues, downtime of the system, lack of customer education, to
challenging human-agent escalation. The results of the interviews and focus groups
indicate that customers are frustrated when the bot gives a generic reply, or when they
have to wait a long time to contact a human representative. This is consistent with the
findings of Eren (2021) which revealed that satisfaction with chatbots is linked to trust
and usefulness, and the Ncube, Chinakidzwa and Mushayavanhu (2025) study on the
influence of conversational intelligence and task-technology fit on customer service

encounter satisfaction in Zimbabwean banking.

Lastly, there was high support for improvement strategies. Customers and bank staff
endorsed improved accuracy of response, Shona and Ndebele language facilities, faster
transfer of customer to human agent, customer education, privacy assurance,
collection of customer feedback and access to reliable 24 hour service. The focus group
validated customer disaffirmation of NLP, but that it would be more inclusive, accurate
and secure. This finding aligns with the arguments of Marak et al. (2025) that lower
resistance barriers lead to higher adoption rates and Graham et al. (2025) who stressed

the importance of ongoing learning and development in banking chatbots.

4.13 Chapter Summary

This chapter presented the findings of 199 questionnaire respondents, 13 interview
participants and 5 focus group participants. The questionnaire response rate was 91.3%,
the interview response rate was 86.7% and the focus group response rate was 100.0%.
Overall, NLP technologies were found to enhance customer experience in commercial

banks in Harare CBD, but their effectiveness depends on accuracy, language inclusion,
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customer education, privacy assurance, system reliability and fast human-agent

escalation.
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CHAPTER V

SUMMARY OF FINDINGS, CONCLUSIONS AND RECOMMENDATIONS

5.1 Introduction

This chapter presents the summary, objective-based conclusions and recommendations
of the study on the effectiveness of Natural Language Processing (NLP) in enhancing
customer experience in fintech, focusing on commercial banks in Harare Central
Business District (CBD). The chapter is guided by the five research objectives presented
in Chapter One and by the descriptive, inferential and qualitative findings presented in
Chapter Four. The chapter first summarizes the study and major findings, then draws
conclusions separately under each objective. It further provides objective-based
recommendations, an implementation plan, contribution of the study, limitations,

areas for further research and a final chapter summary.

5.2 Summary of Major Findings

The findings are summarized according to the study objectives so that the conclusions

and recommendations remain directly linked to what the study set out to examine.

5.2.1 To examine the level of utilization of NLP technologies among commercial
banks in Harare CBD

The findings showed that NLP utilization was moderate to positive. The overall mean
for utilization was 3.50, indicating that respondents were aware of and were using NLP-
enabled customer support, although the usage was not yet very strong. Awareness of
NLP-enabled customer support recorded a mean of 3.60, access to chatbot or virtual
assistant channels recorded 3.51, and usefulness for routine enquiries recorded 3.69.
However, use of NLP support for quick banking assistance recorded a weaker mean of
3.20. This shows that NLP technologies are present in commercial banking, but
customers use them more confidently for routine enquiries than for complex service

problems.

Inferential analysis confirmed that utilization was linked to digital banking behaviour.

The chi-square test showed a statistically significant association between frequency of
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digital banking use and NLP use, with Pearson Chi-Square = 10.880 and p < .001. This
means that customers who frequently used digital banking channels were more likely
to use chatbots, virtual assistants and automated support systems. The finding is
consistent with Marak et al. (2025), who found that performance expectancy and user-

related adoption factors influence intention to use chatbots in banking services.

5.2.2 To evaluate the effectiveness of NLP technologies in enhancing customer
experience

The study revealed that the NLP technologies are used to improve the customer
experience primarily by convenience, speed and availability. Customers' perception of
the overall customer experience was moderately positive (3.45). The mean scores for
Convenience, reduced waiting time, access outside normal banking hours, and
efficiency of the banking experience were 3.65, 3.61, 3.58, and 3.57, respectively. The
findings indicate that the customers appreciated the NLP due to its convenience in
saving time in visiting the banking halls and giving support services outside the bank

service hours.

The results also revealed that accuracy and clarity/personalization were constraints for
the effectiveness of NLP. The accuracy of responses was at 3.24, clarity of responses
was at 3.38 and personalized service was at 3.16. Qualitative data revealed customer
dissatisfaction when they receive a generic response from a chatbot or did not
understand the context in which the query was made. Graham et al. (2025) also
observed that customers appreciate banking chatbots for their speed and convenience,
as well as their availability, but they do not like them if the accuracy of the answers

and reliability of the bot is not high.

5.2.3 To determine the influence of NLP-based conversational systems on
customer satisfaction

The results revealed that the NLP-based conversational systems positively affected
customers' satisfaction, but it was still not in a good level. The mean of the overall
customer satisfaction was 3.35. Customers were happy to recommend support with NLP
and were pleased if there was a quick and helpful response from systems. But some

respondents indicated that human involvement is still necessary for more intricate
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matters, indicating that automated service isnt a complete substitute for human

interaction in banking.

The inferential findings were strong evidence that customer satisfaction was influenced
by NLP utilization and customer experience. The correlation between NLP utilization
and customer satisfaction was r = 0.798 and correlation between customer experience
and satisfaction was r = 0.793. The regression analysis also revealed that the utilization
of NLP and customer experience were highly predictive of customer satisfaction
(p<0.001). This is consistent with the study conducted by Eren (2021), which revealed
that customers' satisfaction with chatbots in banking is the result of their perception of

the system as useful, reliable and user friendly.

5.2.4 To identify the challenges associated with implementing NLP technologies in
banking

The primary issues identified for the implementation of NLP were limited customer
education, poor human escalation, language limitations, privacy concerns, data cost
and technical errors. The mean for implementation challenges was 3.37. The top
challenge scores were for limited customer knowledge and difficulty accessing human
agents. This implies that there were some customers who were not fully aware of the
usage of the NLP banking service, and some customers who felt entrapped when the

automated system could not address their issues.

The qualitative findings revealed that customers were worried about the aspects of
trust and data privacy, and also whether the chatbot understood the local expressions
or combination of languages. These are significant issues because banking is a place of
sensitive financial information and customers require accurate, secure and accountable
service of the bank. According to Chaves and Gerosa (2021), the interaction quality of
chatterbots is related to the conversational design, social clarity and system responses
to users' needs. The findings of Ncube et al. (2025) also show that in the banking sector
in Zimbabwe, the link between conversational intelligence and customer service

encounter satisfaction is mediated by the level of task-technology fit of the chatbot.
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5.2.5 To propose strategies to improve the implementation of NLP technologies in
financial institutions

The fifth objective was most successful in achieving positive outcomes. With a mean of
4.49, it is clear that the respondents strongly agreed that there are steps that can be
taken to improve banking services using NLP. Strategies with the highest ratings were:
Educating customers about the use of NLP systems, increasing response accuracy,
enhancing communication of privacy and security, providing reliable systems around

the clock, and making it easier to switch to a human agent.

The interviews and focus group results validated the fact that the participants didn't
reject NLP technology. Rather, they wished to have a better bank. Participants
highlighted the importance of Shona and Ndebele support, providing clear explanations
on privacy, improving integration with the mobile, robust feedback systems and rapid
escalation when the chatbot fails. Huang and Rust (2021) claim that the value of service
lies in how artificial intelligence enhances customer interaction instead of replacing
human service. Thus, NLP enhancement should be customer-focused, open and should

be ongoing.
5.3 Conclusions

The study concludes that NLP technologies are being used by commercial banks in
Harare CBD, but their utilization is still moderate and not fully mature. Customers are
aware of chatbots, virtual assistants and automated response systems, and these tools
are mainly used for simple and routine banking-related enquiries. However, use remains
uneven because some customers still prefer human agents or branches when enquiries

are sensitive, complex or unclear.

The study further concludes that NLP technologies enhance customer experience when
the customer need is routine, time-sensitive and information-based. NLP reduces
waiting time, improves access outside normal banking hours and increases convenience.
However, its effectiveness is limited when customers require personalized advice,

complex issue handling or accurate interpretation of detailed requests. Therefore, NLP
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improves the functional side of customer experience more strongly than the relational

and personalized side of banking service.

The findings also confirm that NLP-based conversational systems have a statistically
significant positive influence on customer satisfaction. Customers are more satisfied
when NLP systems are fast, accurate, understandable and useful. Satisfaction decreases
when customers receive generic answers, experience repeated failed responses or
struggle to reach a human agent. This means that NLP should be designed as a service-

support tool, not as a barrier between customers and bank staff.

The study concludes that implementation challenges remain a serious constraint on the
full effectiveness of NLP technologies in banking. The main barriers are limited
customer education, weak escalation to human agents, language limitations, privacy
and security concerns, data access costs and technical errors. These challenges reduce

trust and weaken the customer experience even where NLP systems are available.

Overall, the study concludes that NLP can improve customer experience and customer
satisfaction in commercial banking when it is accurate, secure, inclusive, reliable and
supported by human assistance. The success of NLP in Harare CBD commercial banks
therefore depends on moving from basic automated replies to intelligent, localized and

continuously improved conversational support.

5.4 Recommendations

The recommendations that follow are organized by the research objectives to match

the conclusions drawn from each of the objectives.

5.4.1 Improve utilization of NLP technologies

Commercial banks need to raise awareness among customers about the NLP support
capability by conducting demonstrations on the branches, mobile banking notifications,
SMS, WhatsApp prompts and/or staff-assisted onboarding. The chatbot and virtual
assistant features should also be made more apparent in the mobile and internet

banking apps of banks. Banks should incentivize low-frequency users to try out NLP
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services by offering them simple services like checking balances, customer support via

their card, and information about their branch.

5.4.2 Strengthen customer-experience outcomes

Banks need to provide more accurate, clear and personalized NLP responses. This can
be done by training chatbot systems with frequent customer questions, customer
complaints that were not resolved, actual call center cases, and common customer
questions. Banks should also make the language of chatbots more streamlined and
remove technical banking jargon where consumers require practical advice. This will
make NLP systems able to go beyond convenience and speed and deliver more richer

outcomes of customer experience.

5.4.3 Improve customer satisfaction

Commercial banks should consider each and every interaction with NLP as a part of
customer satisfaction management. They should introduce post-chat satisfaction
ratings, monitor chats which end up with no resolution and automatically flag the same
for human follow-up. If a customer asks the same question again, or they are unhappy,
the system should automatically provide a human response. This will avoid frustrating

automated service.

5.4.4 Reduce implementation challenges

Banks need to tackle the key implementation hurdles by enhancing customer education,
adding chatbot support in Shona and Ndebele, simplifying data-heavy chatbot designs,
and communicating more effectively about privacy and offering clear pathways to
access human agents. Information about how customer information is safeguarded in
automated interactions should be disclosed in privacy notices. Furthermore, banks need
to develop technical reliability, by keeping track of downtime, slow response times,

and intent recognition failures.

5.4.5 Implement continuous improvement strategies

Banks need to put a continuous framework in place for NLP improvements. This

structure should involve monthly review of chatbot logs, an evaluation of unanswered
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questions, updating of knowledge bases, collecting customer feedback, and regular
cross-checking of the accuracy of the chatbot. Banks, banking associations and
regulators should also promote the responsible use of Al in banking, particularly

regarding privacy, transparency, fairness, and customer redress.

5.5 Contribution of the Study

The study is original and adds to knowledge as it offers empirical evidence pertaining
to the experience of NLP banking service in the context of commercial banking in
Zimbabwe. The existing studies on banking chatbots have concentrated on general
international scenarios, whereas this study concentrated on commercial banks in Harare
CBD. It therefore provides contextual evidence of the customer's experience with NLP

in the context of an emerging market banking environment.

The study also has methodological contribution by combining descriptive analysis,
inferential analysis and thematic analysis. The descriptive findings revealed the extent
of perceptions of the customers, the inferential findings revealed the statistically
significant relationships between the key variables and the qualitative findings explain
the reasons why participants perceived NLP systems positively or negatively. This was

a combined approach which enhanced the interpretation of the findings.

The study offers practical recommendations to banks that can be implemented based
on the recommendations given. These encompass raising customer cognizance,
enhancing the accuracy of customer reactions, enhancing customer satisfaction
monitoring, overcoming language and privacy obstacles, and developing continuous
improvement processes. These recommendations can be used to guide commercial
banks as they consider and create NLP services that are more customer centric and

inclusive.

5.6 Areas for Further Research

Future studies need to focus on the application of NLP in customer experience in other
provinces in Zimbabwe and compare customer experience between the banking

customers in urban, peri-urban and rural areas. This would serve to determine if the
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results of the Harare CBD relate to other areas where there are variations in internet

connectivity, access to branches, and digital literacy.

There is a need to test the performance of local language NLP systems in the
Zimbabwean banking environment in order to further investigate the system. However,
as language barriers became a barrier, future research could consider the impact of
using a Shona, Ndebele and mixed-language chatbot interface on customer

understanding, trust and satisfaction.

Technical audits of banking chatbots should be done in the future as well. Real
interaction logs could be utilized in such studies to measure actual response accuracy,
intent recognition, escalation success, privacy compliance, downtime and response
speed. This would be a complement to the customer-perception research with technical

performance evidence.

Furthermore, longitudinal studies are suggested for assessing if customer satisfaction
increases with the progression of banks' chatbot systems, the improvements in data
security, and new training for customers along with enhanced human intervention. This
would indicate the correlation of NLP maturity with continuous customer-experience

improvement.
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LIST OF APPENDICES

APENDIX 1. 1: Research instrument

THE EFFECTIVENESS OF NATURAL LANGUAGE PROCESSING (NLP) IN ENHANCING
CUSTOMER EXPERIENCE IN FINTECH: A CASE STUDY OF COMMERCIAL BANKS IN

HARARE CBD

Researcher

Institution

Program

Supervisor

Date

1.0 Introduction to the Research Instrument

This research instrument is designed to collect primary data on the effectiveness of
Natural Language Processing (NLP) in enhancing customer experience in FinTech,
focusing on commercial banks operating in Harare Central Business District (CBD). The
instrument is structured into three parts: a customer questionnaire, a bank staff
interview guide and a focus group discussion guide. The questionnaire uses tick boxes
and Likert-scale items to collect quantitative data, while the interview and focus
group guides collect qualitative data on experiences, implementation challenges and
improvement strategies.

1.1 Research Objectives Guiding the Instrument

To examine the level of utilisation of NLP technologies among commercial
banks in Harare CBD.

To evaluate the effectiveness of NLP technologies in enhancing customer
experience.

To determine the influence of NLP-based conversational systems on customer
satisfaction.

To identify the challenges associated with implementing NLP technologies in
banking.

To propose strategies to improve the implementation of NLP technologies in
financial institutions.

1.2 Instructions to Participants
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e Participation is voluntary and respondents may withdraw at any time without
penalty.

e Do not write your name on the questionnaire.

e Tick the box that best represents your view or experience.

e Where a written answer is required, provide brief and honest responses.

e All responses will be treated confidentially and used for academic purposes
only.

2.0 Participant Consent Form

Please tick each box to confirm your consent before participating in the study.

O | confirm that the purpose of the study has been explained to me.

O | understand that my participation is voluntary.

O | understand that | may withdraw from the study at any time.

O | understand that my responses will be kept confidential.

O | agree that the information | provide may be used for academic research purposes.

O | agree to participate in this study.

Participant signature

Date

Researcher signature

APENDIX 1. 2: Customer questionnaire

Section completed by bank customers who use or have access to digital banking
services in Harare CBD.

Respondent Code Date

Bank Branch/CBD Questionnaire
Location Number
Enumerator Time Started

Section A: Demographic and Banking Profile

A1. Gender
0 Male 0[O Female 0O Prefer not to say
A2. Age group
O 18-25 years [ 26-35 years [ 36-45 years [ 46-55 years [ Above 55 years
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A3. Highest level of education

O Ordinary/Advanced Level [ Certificate/Diploma [ Undergraduate degree [
Postgraduate qualification [ Other

A4. Employment status

OO0 Employed [ Self-employed [ Student 0[O Unemployed [ Retired
A5. How long have you banked with your current commercial bank?

O Less than 1 year [ 1-3 years [ 4-6 years [ Above 6 years
A6. How often do you use digital banking services?

O Daily [ Weekly O Monthly [ Rarely [ Never

A7. Have you ever used a chatbot, virtual assistant or automated response service
from your bank?

O Yes O No 0O Not sure
A8. Main bank used in Harare CBD

O AFC Commercial Bank [ BancABC [ CBZ Bank [ Ecobank Zimbabwe
O FBC Bank [ First Capital Bank [ Metbank [ Nedbank Zimbabwe

0 NMB Bank [I Stanbic Bank Zimbabwe [ TN CyberTech Bank formerly Steward
Bank [ ZB Bank [ Other:

Section B: Level of Utilization of NLP Technologies

Please tick one option for each statement on how NLP-enabled banking services are
used.

Statement

ZzZw
>
wn
>

SD D

B1. My bank provides access to digital
customer support such as a chatbot, virtual O O O O O
assistant or automated response system.

B2. | am aware of the NLP-enabled digital
support channels offered by my bank.

B3. | use NLP-enabled customer support
services when | need quick banking O O O O O
assistance.
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Key:
B7. Which NLP-enabled services have you used? Tick all that apply.
[0 Website chatbot [ Mobile banking app assistant [0 WhatsApp or messaging bot

O Voice assistant/automated call service [0 Automated email or SMS response [

B4. NLP-enabled services are available
through convenient channels such as mobile
banking, website platforms or messaging
platforms.

B5. The bank encourages customers to use
automated digital support before visiting a
branch.

B6. The NLP-enabled system is useful for
routine enquiries such as balances, account
issues, card queries and service information.

O

O

O

O

O

SD = Strongly Disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly Agree.

| have not used any

O Other:

Section C: Effectiveness of NLP in Enhancing Customer Experience

Please tick one option for each statement on the effect of NLP services on your
banking experience.

1 2 3 4 5

Statement SD D N A SA
C1. NLP-enabled services reduce the time |
spend waiting for banking assistance. = = = = =
C2. NLP-enabled services make banking
more convenient. = = = = =
C3. NLP-enabled services improve access to
banking support outside normal banking O O O O O
hours.
C4. The responses provided by the NLP-
enabled system are clear and easy to O O O O (]
understand.
C5. The NLP-enabled system provides
accurate responses to my banking questions. = = = = =
Cé6. NLP-enabled services reduce the need to 0 0 0 0 0

visit a physical branch.
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C7. NLP-enabled services make the overall

banking experience more efficient. = = = = =

C8. NLP-enabled services improve

personalised service delivery. = = = = =

Key: SD = Strongly Disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly Agree.

Section D: Influence of NLP-Based Conversational Systems on Customer
Satisfaction

Please tick one option for each statement on satisfaction with conversational banking
systems.

onN
=z
>
>

Statement sD

D1. | am satisfied with the speed of response
from the NLP-enabled system.

D2. | am satisfied with the quality of answers
provided by the NLP-enabled system.

D3. The system understands my banking
queries without requiring many repeated O O [l O O
explanations.

D4. The system gives helpful guidance when
my issue cannot be resolved automatically.

D5. Using NLP-enabled services increases my
trust in digital banking.

D6. | would recommend NLP-enabled digital
support to other bank customers.

D7. | prefer using NLP-enabled systems for
simple enquiries rather than queueing in a O O O O (]
banking hall.

D8. NLP-enabled systems make me feel that

the bank is responsive to customer needs. = = = = =

Key: SD = Strongly Disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly Agree.

Section E: Challenges Associated with NLP Implementation in Banking

Please tick one option for each statement on challenges experienced when using NLP-
enabled banking services.

Statement

SD D N A SA
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E1. The system sometimes fails to
understand my questions.

E2. The system gives generic answers that do
not fully solve my problem.

E3. Limited internet access or high data
costs affect my use of NLP-enabled banking O O O O O
services.

E4. Language limitations affect my ability to
use NLP-enabled banking services O O O O (]
effectively.

E5. | am concerned about privacy and
security when using automated digital O O O O O
support.

E6. It is difficult to get assistance from a
human agent after using the automated O O O O O
system.

E7. Technical errors or system downtime
reduce my confidence in NLP-enabled O O O O O
services.

E8. Many customers are not sufficiently
informed on how to use NLP-enabled banking | [ O O O O
services.

Key: SD = Strongly Disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly Agree.

Section F: Strategies for Improving NLP Implementation in Financial Institutions

Please tick one option for each strategy that may improve NLP-enabled banking
services.

Statement SD D N A SA

F1. Banks should improve the accuracy of
chatbot and virtual assistant responses.

F2. Banks should provide NLP-enabled
services in local languages such as Shonaand | O O O O O
Ndebele.

F3. Banks should make it easier to move
from automated support to a human agent.

F4. Banks should educate customers on how
to use NLP-enabled digital banking services.

84



F5. Banks should strengthen data privacy and
security protections on digital support O O O O L
platforms.

F6. Banks should integrate NLP services with
mobile banking and messaging platforms.

F7. Banks should collect customer feedback
after chatbot or virtual assistant O O O O O
interactions.

F8. Banks should provide 24-hour digital
support using reliable NLP-enabled systems.

O (] O (| (]

Key: SD = Strongly Disagree; D = Disagree; N = Neutral; A = Agree; SA = Strongly Agree.
Section G: Open-Ended Questions

G1. What do you like most about using chatbot, virtual assistant or automated
customer support services in banking?

G2. What problems have you experienced when using NLP-enabled banking
services?

G3. What should commercial banks in Harare CBD do to improve NLP-enabled
customer support?
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APENDIX 1. 3: Interview guide for bank staff and managers

Target participants: customer service officers, digital banking officers, IT officers,
branch managers and operations managers in commercial banks operating in Harare
CBD.

Interview Code

Bank

Participant Role

Date

Recording Permission O Yes [ No

Objective 1: Utilisation of NLP Technologies

1. Which NLP-enabled tools are currently used by your bank for customer service?
Notes:

2. Which customer service functions are handled through chatbots, virtual assistants
or automated response systems?
Notes:

3. How frequently do customers use these services compared with physical branch
services or call centres?
Notes:

Objective 2: Effectiveness in Enhancing Customer Experience

4. How have NLP-enabled services affected customer waiting time, service speed and
convenience?
Notes:

5. What evidence does the bank use to assess whether NLP improves customer
experience?
Notes:

86



6. Can you provide examples of customer issues that are effectively handled through
NLP-enabled systems?
Notes:

Objective 3: Influence on Customer Satisfaction

7. How do customers generally respond to chatbot or virtual assistant services?
Notes:

8. What feedback has the bank received on customer satisfaction with NLP-enabled
services?
Notes:

9. In what ways do NLP systems affect customer trust, loyalty or willingness to use
digital banking?
Notes:

Objective 4: Implementation Challenges

10.What technical, financial, organisational or regulatory challenges affect NLP
implementation?
Notes:

11.How do language, customer literacy and data privacy issues affect NLP-enabled
customer service?
Notes:

12.What challenges arise when automated systems fail to resolve customer queries?
Notes:

Objective 5: Improvement Strategies
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13.What practical steps should banks take to improve NLP-enabled customer support?
Notes:

14. What training, infrastructure or policy support is needed to improve
implementation?
Notes:

15.How can commercial banks make NLP systems more inclusive, accurate and
trusted by customers?
Notes:

APENDIX 1. 4: Focus group discussion guide for customers

Target participants: selected customers of commercial banks in Harare CBD who have
experience with digital banking or automated customer support services.

Focus Group Code

Number of Participants

Date

Venue

Recording Permission O Yes [ No

Discussion Rules

Participation is voluntary.

Participants should respect each other’s views.

No personal names will be recorded in the final report.
Participants may choose not to answer any question.
Discussion Questions

16.What digital banking services do you commonly use in Harare CBD?
Notes:
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17.Have you used bank chatbots, virtual assistants or automated response systems?
Describe your experience.
Notes:

18.How do these systems affect service speed, convenience and access to banking
support?
Notes:

19.Do these systems understand customer questions clearly? Give examples.
Notes:

20.How do chatbot or virtual assistant services affect your satisfaction with the bank?
Notes:

21.What challenges do customers face when using NLP-enabled banking services?
Notes:

22.How do language, privacy, internet access and trust affect your use of automated
banking support?
Notes:

23.What should banks do to improve NLP-enabled services for customers in Harare
CBD?
Notes:
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