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1. Introduction 

Financial institutions that provide mobile financial services are compelled to establish their 
presence in the cloud and online, engage with their user base, prompt governments to implement e-
government initiatives, and drive their presence on mobile devices and social media because of the 
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ABSTRACT 
This paper investigates the relationship between user perception factors and AI-driven user experience in 
Bangladeshi mobile financial services. Two factors for AI-driven user experience (AI-hedonic user 
experience and AI-recognition user experience) and five factors for user perception—user-friendliness, 
personalization, trust, relationship commitment, and user satisfaction—are used in the research. The 
population of this study was the users of the MFS industry in Bangladesh. The study comprises 226 
respondents, using a convenience sampling technique. The study showed that three user perception 
variables—user-friendliness, relationship commitment, and user satisfaction—positively and 
significantly affected AI-driven hedonic and recognition user experiences. Alone, the trust generated a 
positive, significant impact on AI-driven hedonic user experiences. Personalization, however, was found 
to have no substantial or positive effect on the hedonic, recognition, and AI-driven user experiences 
among Bangladeshi MFS users. Therefore, mobile financial organizations should increase customer trust 
and implement more customized AI-driven solutions to enhance brand competency and gain a 
sustainable competitive advantage. 

mailto:tamanna774-bus@sust.edu
https://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.61606/BJMIS.V11N1.A


 

Pg. 48 
 

Akter, M. T. (2025). Bangladesh Journal of MIS, 11(1)  
https://doi.org/10.61606/BJMIS.V11N1.A3 
 

"Digital Age," which was initiated by the Internet and mobile technologies. E-business, which 
includes O-signatures, e-invoices, e-commerce, the Internet, mobile banking, and e-payments, is a 
significant revolution in conducting online business. This revolution significantly improves efficiency 
in both the corporate and individual realms. The business environment, on the other hand, is 
compelled to assess big data and respond simultaneously, utilizing CRM systems, as a result of the 
growing amount of information that is being generated every day. Despite the fact that the digital era, 
which includes fields such as mechatronics, nanotechnology, and genetics, contributes to "Space 
Economics." Emerging technologies such as artificial intelligence, semantic analysis, 
advancements in robotics and mechatronics, big data analytics, cloud computing, and neural 
networks, along with current trends like social media, will propel the future trajectory of banking and 
financial services. According to Porter's work "Value Creation and Competitive Advantage Theory" 
(Porter, 1985), this will force humanity and business sectors, including governments and affiliated 
organizations, to investigate new opportunities for lowering costs and increasing revenues through 
increased efficiency and productivity. Porter's theory was articulated in his work. Companies can 
achieve increased profitability and sustainability only through the implementation of two strategies: 
either the reduction of costs or the enhancement of value.  

Artificial intelligence (AI) is a vast and varied field, encompassing a number of subfields that focus 
on various aspects of intelligence simulation. Due to the fact that artificial intelligence (AI) is set to 
drastically revolutionize the interactions between machines and humans (Paschen, 2019), 
computers will be able to make effective decisions with minimum or no intervention from humans 
(Duan & Dwivedi, 2019; Park & Park, 2003). Artificial intelligence (AI) is defined by Lopez and Casillas 
(2013) as computer systems that are capable of developing feasible automated solutions for 
challenges that typically require human intellect. It is becoming increasingly evident that artificial 
intelligence is a crucial force that has the potential to disrupt corporate environments. It is becoming 
increasingly apparent that artificial intelligence is a critical force that has the potential to disrupt 
corporate environments. Studies by Dadouchi & Agard, 2018; Davenport, 2020; Dwivedi, 2021 Pillai 
et al., 2020 and Wilson et al. 2019 have found that artificial intelligence has the potential to 
significantly enhance the operations of existing companies and facilitate the establishment of new 
businesses. Some people believe that the employment of platforms that are enhanced with artificial 
intelligence could potentially reduce these risks and increase user feedback (Zaki, 2021).  

Due to the fact that users are not accustomed to technology-mediated connections (such as the 
utilization of platforms that are enhanced with artificial intelligence), it is essential to determine how 
prepared they are and what their thoughts are about the sharing of personal information as the initial 
stage in the process of establishing limitations (Dyussembayeva, 2020). The overall number of 
mobile phone subscribers in Bangladesh reached 188.78 million at the end of November 2024, 
according to the Association of Mobile Telecom Operators of Bangladesh (AMTOB)2 , which reported 
the data. The mobile Financial Services (MFS) sector in Bangladesh is experiencing annual growth 
due to the increased accessibility of digital financial products and services. Those who provide 
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Mobile Financial Services (MFS) are necessary for Bangladesh to progress in its transformation to a 
digital economy. Through this initiative, a sizeable part of formerly unbanked and economically 
disadvantaged areas have been successfully integrated into the official banking system. These 
populations, which may have been located in either rural or urban areas, have historically been 
denied access to the services offered by regular financial institutions. When it comes to the digital 
era, mobile financial services (MFS) are not a new concept. It has been spread all over the world. The 
Mobile Financial Service (MFS) is a digital wallet that enables users to send funds to other members 
using their mobile phones in a way that is quick, easy, and confidential.  

There is no need for an intermediary because the transactions are carried out online. This means 
that mobile money services are available for all cell phone subscribers. In 2012, Dutch Bangla Bank 
Limited became the first financial institution in the country to offer mobile banking services, marking 
the beginning of a project that would last for ten years. To further the goal of increasing financial 
inclusion for all individuals, the central bank has begun the process of issuing licenses for mobile 
financial services. A total of ten financial institutions and three related organizations are currently 
providing Mobile Financial Services (MFS) as an extra payment method. The MFS providers are 
Rocket, bKash, MYCash, Islami Bank mCash, Trust Axiata Pay (tap), FSIBL FirstPay SureCash, Upay, 
OK Wallet, Rupali Bank SureCash, TeleCash, Islamic Wallet, Meghna Pay, and Nagad. 

2. Literature Review 
Many people in Bangladesh use MFS to share and receive money, pay their bills, top up their phones, 
and pay for things they buy (Lee et al., 2021). When families have domestic migrants, the chance of 
using MFS goes up by about 43%, but women are less likely to use it than men (Akhter & Khalily, 
2020). Few research has examined Bangladeshi users' perceptions of Mobile Financial Services 
(MFS). Also, nowadays, banks have used AI to provide better service to their customers (e.g., 
providing services and products according to individual needs, detecting new business prospects, 
forecasting and detecting risk and fraud, and restructuring tasks). According to Gupta et al. (2021), 
their study looked into how incorporating AI into online shopping on e-commerce sites can improve 
the user experience. The things that affect the user experience when AI is used. The authors used 
exploratory factor analysis to find the factors that affected each variable in the model. 

Contemporary business professionals have recognized the necessity of using information 
technology in their industry. Companies can attain greater profitability and sustainability solely 
through two strategies: cost minimization and value maximization. The advancements in technology 
and various scientific disciplines, facilitated by their convergence, will aid in achieving these 
objectives, and further discoveries will emerge in the coming years, resulting in disruptive 
transformations in business, daily life, and the global economy (Manyika et al., 2013). The research 
delineated the application of AI in B2B marketing innovation into five domains, highlighting principal 
trends in the literature and proposing avenues for future inquiry (Han et al., 2021). The notion of 
artificial intelligence (AI) as a disruptive technology in business has evolved in academic and 
professional literature in a disorganized and unstructured fashion. Despite organizations dedicating 
time, effort, and resources to the implementation process, the anticipated advantages of AI may not 
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materialize (Makarius et al., 2020). Artificial intelligence (AI) encompasses a diverse array of 
technologies that offer numerous benefits for enterprises, including enhanced economic value 
(Papagiannidis et al., 2021). Anand Rao, Global Artificial Intelligence Lead at PWC, said that their 
most recent AI study showed that 86% of businesses were already benefiting from AI by making the 
user experience better 3 . Much study has been done to figure out what AI-CRM means for user 
relationships and, more specifically, what it means for users and stakeholders (Libai et al., 2020). 
84% of users told Salesforce that the way a business treats them is just as important as its goods 
and services. Users are very important to any business, and studies are being done to find out how 
AI tools can help improve the user experience (Sujata et al., 2019). 

Ameen et al. (2020) showed in their study how AI can improve the user experience in online beauty 
and how retailers can benefit from this. Mobile banking, which is the same thing as mobile financial 
services (MFS), is the use of a smartphone or other mobile device to do online banking tasks like 
checking account balances, transferring funds, receiving funds, paying bills, and finding ATMs 
without being in a certain place (Tracy, 2020; Hawrylack, 2021). In 2021, bKash is the biggest MFS in 
Bangladesh, with a 48% market share. Nagad is in second place, with a 28% market share4. There 
were 87.197 million active MFS accounts in October 2024, which is 36.995% of the total registered 
MFS users. Out of all the transactions that happened that month, 452.31989 billion were cash in, 
487.88349 billion were cash out, 76.6735 billion were merchant payments, and 6.0614 were 
government payments. The total number of registered MFS users and active accounts with their 
growth rates are shown in Table 1. 

Table 1: Number of registered MFS Users’ and Active Accounts5 

Year 
Total No. of 

Registered MFS 
Users (Million) 

Growth Rate 
(%) 

Total Active 
Accounts 
(Million) 

Growth Rate 
(%) 

2021 109.627 — 40.064 — 

2022 188.574 41.87 56.559 29.16 

2023 220.086 14.32 82.498 31.44 

2024 235.705 6.63 87.197 5.39 
 

According to Bashir & Muhammad (2023), their study has shown that mobile financial services 
greatly correlate with social influence, performance expectation, risk perception, and trust view and 
thus support financial inclusion. The study has also found that the more contact of mobile banking 
consumers with devices corresponds with the expansion of mobile financial services, acceptance 
of technical advancements, and a higher possibility of adoption.  

 
3 Forbes report, 2020. https://www.forbes.com/sites/tomtaulli/2020/12/12/artificial-intelligence-ai-whats-in-store-for-
2021/ 
4  The Daily Star Report, 2021. https://www.thedailystar.net/supplements/mfs-and-financial-inclusion-
bangladesh/news/how-mobile-money-reshaping-financial-inclusion-bangladesh-3529986 
5 Bangladesh Bank, https://www.bb.org.bd/en/index.php/financialactivity/mfsdata  
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A study by Himel et al. (2021) found that consumers' opinions on the acceptance of mobile financial 
services (MFS) depend much on perceived utility (PU), perceived ease of use (PEOU), and perceived 
trust (PT). Furthermore, affecting consumers' attitudes and intentions to utilize are the adoption's 
challenges.  Though perceived ease of use, self-efficacy, and expenditures are not very important, 
perceived usefulness and trust are the main drivers of attitude. This study has provided insightful 
analysis to financial institutions, service providers, and authorities, and it has improved 
understanding of MFS adoption inside local communities (Hayat & Kashem, 2024). The results of the 
study have shown that consumer satisfaction is mostly influenced by perceived utility, followed by 
perceived safety and regarded simplicity of use. Successful influence on both continuity intention 
and referral intention is provided by customer contentment, followed by perceived usefulness and 
personal creativity (Ahmed et al., 2022). Researchers have discovered that during the COVID-19 
epidemic, users' perceived risk, performance expectation, and effort expectation all influenced how 
much they valued MFS platforms.  

However, users' plans to use mobile financial services (MFS) platforms are strongly linked to social 
influence, perceived trust, and perceived value. The study findings have shown that customers' 
propensity to use MFS systems during the outbreak is unaffected by their perceived risk (Yan et al., 
2021). As Akturan and Tezcan (2012) have said, perceived usefulness, perceived social risk, and 
perceived attitudes towards mobile banking are influenced by performance risk and perceived 
advantage; perception is the main determinant of utilizing mobile banking. Moreover, no direct link 
exists between the financial risk, temporal risk, perceived simplicity of use and disposition, 
perceived utility and use intention, attitudes, and security and privacy threats that are noted.  
Hassan et al. (2014) have focused on the factors influencing the Mobile banking services that are 
being implemented in Bangladesh. They have assessed five criteria: apparent value, Subjective 
norms, perceived simplicity of use, perceived trustworthiness, and consumer mobile banking 
knowledge, which are all important factors.  There are potential risks associated with using mobile 
banking services. 

The study has shown that consumers' approval of mobile banking services is influenced by these 
parameters significantly and favorably, as Kweyu and Ngare (2013) have observed a factor analysis 
of customer impressions and have investigated the variables driving Kenyan mobile banking service 
adoption.  The focus is on Kenyan banking products. The study has shown that demographic factors 
and consumer views might have different impacts. The findings of the study have shown no notable 
differences in the impression of risk of use and ease of use between genders in the decision-making 
process.  According to Tulcanaza-Prieto et al. (2023), their study has shown five segments for user 
perception: ease of use, personalization, trust, user loyalty, and user satisfaction. It also had two 
sections for AI-enabled user experience: AI-hedonic user experience and AI-recognition user 
service. To sum up, the study has shown that all five factors affecting how users feel have a positive 
and significant effect (at least at the 5% level) on AI-enabled user experience, AI-hedonic user 
experience, and AI-recognition user service in the Ecuadorian banking industry. 
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Based on the above literature reviews, the following users' perception factors are found. As no 
literature has investigated important factors of users' perception that influence AI-driven user 
experience for Mobile Financial Services (MFS) in Bangladesh, thus the study concentrated on a 
single, significant research challenge based on the research gap: What factors influence AI-driven 
user experience for Mobile Financial Services (MFS) in Bangladesh? Here, user-friendliness, 
personalization, trust, relationship commitment, and user satisfaction are the five users' perception 
factors. AI-driven user experience has two parts: AI-hedonic user experience and AI-recognition user 
experience. 

3. Motivation of the Study 

This study has been perceived, conceptualized, and driven toward implementations through some 
academic factors, emerging technologies, and their practical implications. Most of the research 
focused on how companies utilized the AI. Insufficient empirical research exists to understand how 
AI in mobile financial services may improve the user experience. Mobile financial services research 
is scarce, indicating possibilities for additional study. The utilization of AI signifies enhancements in 
marketing strategies and offerings that are capable of swiftly discerning the preferences of economic 
agents (Kaartemo & Helkkula, 2018). Artificial intelligence can replicate intuitive and empathetic 
jobs by developing cognitive neural networks that can discern user personalities and engage with 
individuals to generate value (Kucharska, 2019; Hair et al., 2010).  Mujeri and Azam (2018) have found 
numerous major and noteworthy factors that influence economic inclusion in Bangladesh for mobile 
financial services. Many requirements are necessary to maintain the quality and variety of MFS 
products: (i) the invention of MFS products, (ii) a competitive ecosystem enabling market 
accessibility, and (iii) better quality services providing value for money.  

The research goal for this study is to identify the factors that influence user perception in the mobile 
financial services sector, specifically their experience with AI-powered virtual/mobile applications 
and how this AI-driven user experience changes user perception. This study offers crucial insights 
for MFS managers, as user perceptions and opinions regarding AI financial services provided by MFS 
favorably impact the AI-driven user experience. This research offers a comprehensive analysis of the 
essential aspects of user perception that influence the AI-driven user experience. This study will 
guide representatives and managers in the mobile financial service sector in formulating and 
executing a strategic plan incorporating AI technology into their financial goods and services. 
Furthermore, it offers empirical evidence regarding the factors users favor when utilizing 
virtual/mobile applications and accessing digital services in the mobile financial service sectors. 

4. Objectives of the Study 

The main objective of this study is to identify the users perception factors that influence AI-driven 
user experience for mobile financial services (MFS) in Bangladesh. The specific objectives of this 
study were as follows: 

i. To identify the demographic profiles of the active virtual app users of mobile financial services 
(MFS) in Bangladesh. 
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ii. To identify the relationship between user perception factors and AI-driven user experience in 
Bangladesh’s MFS sector. 

iii. To recommend and provide some suggestions for future studies. 
 

5. Description of the Factors and Hypothesis Development  

5.1 Users Perception Factors  

Interactive information retrieval systems are evaluated using user behavior and perception criteria. 
User perception includes understanding cloud e-learning applications' appearance, activities, 
content, and technological features. User perception is usually associated with satisfaction, 
usability, and post-interaction evaluations of certain events, systems, or activities (Zhuang et al., 
2016). A person's opinion of a company is called user perception. The user perception component 
includes user-friendliness, personalization, trust, relationship commitment, and user satisfaction. 
(Cheriyan et al., 2022;  Ameen et al., 2021 ; Sanjuk et al.,2020 ; Jarek & Mazurek, 2019; Zhen et al., 
2017 ; Colwell, 2008) 

User-friendliness means clients save time and effort when buying and using services (Berry et al., 
2002). User-friendliness design reduces user effort. For example, a chatbot interacting with a user 
instantly upon accessing the virtual/mobile app is convenient. Some chatbots are intelligent enough 
to refuse to answer a client's question based on the tone of the discussion, effortlessly redirecting 
the user to a human agent. The user is ignorant, but convenient technology has been invented. 
Instead of asking for identification, a company can use speech recognition to identify and 
authenticate users. User service comfort can be improved in several ways. User service agent 
response time is a major convenience factor. Due to their 24/7 accessibility, AI-driven services 
reduce users' sacrifice. Personalization refers to the provision of customized information that aligns 
with a user's desires and preferences and fosters a positive consumption experience (Bilgihan et al., 
2016). Prior studies demonstrate that personalizing AI-driven services enhances brand competency, 
user perceptions of quality, sensitivity to user sacrifice, and favorable firm attributions, thereby 
cultivating client trust in the brand and the business. (Aguirre et al., 2015; Shen & Dwayne, 2009; 
Komiak & Benbasat, 2006).   

Trust necessitates robust benevolence, product reliability, and service integrity. It depends on client 
benefits and confidence in a company's product or service assertions. Users disclose their personal 
information because they trust in confidentiality, which enhances the user-firm relationship (Ponder 
et al., 2016). E-commerce trust includes both brand integrity and technological reliability. 
Companies must meticulously consider their management of client data throughout digital 
interactions (Tulcanaza-Prieto & Morocho-Cayamcela, 2021). Prior research indicated that AI needs 
confidence. It guarantees product or service acceptance, enhances productivity through 
advancement, stimulates corporate innovation, and fosters technological development (Siau & 
Wang, 2018). Recent dimensions of trust in AI-driven user service encompass technology and 
understanding, brand identity, and purpose (confidence in intentions) (Henseler et al., 2015; Lee & 
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See, 2004;). The relationship between the brand and the user is contingent upon the user's 
experience and trust, which is advantageous for both current and future interactions (Keiningham et 
al., 2017; Hengstler et al., 2016). AI in user experience reduces fraud through technological 
automation and cyber security, identifies user needs and behaviors for better targeting, and analyzes 
industry data using machine learning applications, boosting firms' competitive advantage and 
relationship commitment. AI techniques that improve perceived value, cognitive trust, affective 
trust, and client satisfaction, which are all influenced by service quality in information systems, can 
increase relationship commitment and improve the AI-driven user experience. (Chen et al., 2023; 
Chen et al., 2022; Yau et al.,2021)  

User satisfaction is the difference between product or service performance, realization or injustice, 
and expectations or confirmation (Xu et al., 2007). This study measures post-purchase user behavior 
and satisfaction, including the service environment (Krystallis & Chrysochou, 2014). AI can improve 
user engagement, increase upsell and cross-sell opportunities, and lower the cost of service. It has 
been shown that an AI-driven user experience enhances business performance and user 
satisfaction (Javed & Cheema, 2017; Sayani, 2015). 

5.2 AI-driven User Experience 

Modern technologies and AI can help mobile financial service sectors handle client data. One can 
predict user emotions, preferences, and brand engagements by analyzing user surveys, emails, and 
social media interactions (Oh et al., 2012). Artificial intelligence (AI) technologies like machine 
learning and natural language processing can help merchants improve user satisfaction by 
emphasizing their competitive advantages. This will enhance user satisfaction. Prior research has 
identified at least four components that makeup user experiences: cognitive perception (e.g., 
functionality, speed, and service availability), emotional response (e.g., positive or negative 
sentiments elicited by the service), physical and sensory interaction (e.g., lighting, layout, signage, 
technological attributes, intuitive design, and user-friendliness interface), and social influences. AI 
tools analyze profiles, preferences, and prior user interactions to improve user-manager 
communication and forecast future consumption patterns. Since AI-driven experiences interact and 
integrate, they may enhance the user experience. Hedonic user experience and recognition user 
experience (HUE and RUE) make up the AI-driven user experience.  

Hedonic consumption emphasizes subjective acquisition aspects like sensations, memories, 
emotions, and imagination. AI may imitate users' perceptions during product or service purchases 
by providing ratings or comments on their most memorable experiences (Foroudi et al., 2018; Oh et 
al., 2012; Verhoef et al., 2009). The main barrier to AI integration in economic sectors is human 
contact, which must be recognized in the digital age. It cannot match the human touch's depth, 
empathy, comprehension, and emotional bond. AI-hedonic user experience may reflect client views. 
Technology cannot fully capture the essence of human connection given by touch, the global 
language for expressing emotions, developing relationships, and improving well-being (Song et al., 
2022; Ashfaq et al., 2020). User acknowledgment shows appreciation for a company's users. The 
company's use of this strategy helps retain loyal and engaged users. Recognition includes safety, 
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relevance, connection, hospitality, and aesthetics (Foroudi et al., 2018; Rose et al., 2012). A 
company's client recognition increases user interest in buying its products and services. 
Corporations can easily gain a competitive edge.  

5.3 Hypothesis Development and Research Diagram 

A statement that poses a question and offers a prediction is known as a research hypothesis. While 
new ideas and hypotheses are acknowledged as crucial instruments for scientific advancement, a 
universally agreed definition or formal framework for categorizing and methodically tracking 
hypotheses in academic literature is lacking (Karunarathna et al., 2024). In 1973, the U.S. National 
Library of Medicine established "Research Design" as a structured keyword through its Medical 
Subject Headings (MeSH). This concept inherently connected hypothesis development to data 
collection, testing, ethics, methodologies, and standards. Marketing, advertising, reviews, and 
social media comments affect product perceptions. The AI-driven user experience will be shaped by 
user-friendliness, personalization, trust, relationship commitment, and user satisfaction. AI is used 
in all company activities and is praised for improving service quality by capitalizing on user 
perceptions, preferences, and expectations. AI has the potential to alter users' perceptions of 
products, services, and brands, influencing their purchasing and payment decisions. Managers may 
optimize all internal processes using this vital data, which reveals the firm's potential and difficulties 
and leads to competitive financial ratios. Finally, the last hypotheses (H6, H6a and H6b) covered the 
many consequences of all factors on the AI-driven user experience. In accordance with the literature 
review, the study formulates the following hypotheses (Table-2) to gain the specified objective. 

Table 2: Hypotheses of the study 
Factors Name Hypothesis  

User-Friendliness 
(UF) 

H1 User-friendliness features will positively impact the AI-
driven user experience. 

H1a User-friendliness features will positively impact the AI-
Hedonic user experience. 

H1b User-friendliness features will positively impact the AI-
recognition user experience. 

Personalization 
(PER) 

H2 Personalization features will positively impact the AI-driven 
user experience. 

H2a Personalization features will positively impact the AI-
Hedonic user experience. 

H2b Personalization features will positively impact the AI-
recognition user experience. 

Trust (TRU) H3 Trust features will positively impact the AI-driven user 
experience. 

H3a Trust features will positively impact the AI-Hedonic user 
experience. 

H3b Trust features will positively impact the AI-recognition user 
experience. 

H4 Relationship commitment features will positively impact 
the AI-driven user experience. 
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Factors Name Hypothesis  

Relationship 
Commitment (RC) 

H4a Relationship commitment features will positively impact 
the AI-Hedonic user experience. 

H4b Relationship commitment features will positively impact 
the AI-recognition user experience. 

User Satisfaction 
(US) 

H5 User satisfaction features will positively impact the AI-
driven user experience. 

H5a User satisfaction features will positively impact the AI-
Hedonic user experience. 

H5b User satisfaction features will positively impact the AI-
recognition user experience. 

User Perception 
Factors (UPF) 

H6 User Perception Factors will positively impact the AI-driven 
user experience. 

H6a User Perception Factors will positively impact the AI-
Hedonic user experience. 

H6b User Perception Factors will positively impact the AI-
recognition user experience. 

 
The following research model indicates the relationship between user perception factors and AI-
driven user experience, including AI-hedonic and AI-recognition user experience elements in the 
Bangladeshi mobile financial services (MFS) sector (Figure 1). 

 
Figure 1: Research Framework (Author work) 

 

6. Methodology, Data Collection & Limitations 

Both primary and secondary data are important for conducting research. By using a pre-defined set 
of survey questionnaires, the researcher can collect the primary data. The researcher has collected 
the secondary data from various sources, such as articles published in recognized journals, e-
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journals, online publications, newspapers, and websites (Ajayi, 2017). In this study, the researcher 
used both primary and secondary data for collecting the research data. A survey instrument was 
created based on the research constructs to collect the primary data. The population of this study 
was active users of the MFS sector in Bangladesh. More quickly and economically feasible, the 
survey used a convenience sampling approach, including a sample size of 226 people. Table 1 shows 
the number of registered and active MFS users; yet, it was difficult to identify the people who were 
actually active MFS virtual application users who knew artificial intelligence.  Convenience sampling 
was therefore chosen because of its simplicity of use and the possibility of finding easily available 
participants.  Participants were asked to articulate their opinions on the incorporation of AI in their 
virtual or mobile applications. The survey employed a five-point Likert scale and included basic 
demographic information. The researcher subjected the instrument to pre-testing, and users were 
excluded from the final sample. Upon completion of the pre-test, the questionnaire was revised to 
enhance clarity. 

The study comprised five constructs related to user perception (user-friendliness, personalization, 
trust, relationship commitment and user satisfaction), and two constructs pertaining to AI-driven 
user experience had two parts: AI-hedonic user experience and AI-recognition user experience. The 
study included 35 items to assess the total seven dimensions, employing a five-point Likert scale for 
each item, with one indicating strongly disagree and five indicating strongly agree. The researchers 
developed the scoring range of a 5-point Likert scale of the survey in which 0.1 - 1 shows strongly 
disagree, 1.1 - 2.0 shows disagree directs, 2.1 – 3.0 shows neutral, 3.1 – 4.0 shows agree, and 4.1 – 
5.0 indicates strongly agree. Descriptive statistics (mean value) has been measured to identify the 
most important factors that influence AI-driven user experiences. Google Forms and IBM SPSS 
(Statistical Package for the Social Sciences) Statistics 20 were utilized to gather and analyze all 
questionnaire results. A total of 226 questionnaires were documented. The final sample comprises 
220 records, accounting for repeated observations and incorrect responses. This study was 
comprised of the following subdivisions: demographic analysis, descriptive statistics of the seven 
dimensions, reliability analysis of the 33 items, validity analysis, correlation analysis, and regression 
analysis to substantiate the study hypothesis. 

There were some limitations in this study. Some respondents were hesitant to give the required 
information because they were afraid it would be used illegally. This study entirely samples the 
whole country, so the results may not represent a specific region of Bangladesh. Research with 
strong or favorable conclusions may be overrepresented in the literature due to journals' preference 
for publishing such studies. Negative or inconclusive results may not be published in research 
papers, which can distort the evidence. The way the data for this study was gathered—through online 
surveys—may have caused some bias in the results. Age, gender, and education are among the 
particular traits of the target group that could be under-represented or over-represented. Such an 
event may happen even with a well-organized sample strategy, as this method depends on the 
participants' will and willingness to interact with the survey. Although it generates probable bias that 
may affect the external validity of the results, convenience sampling was used due to practical 
restrictions. One has to consider the small sample size and the use of a convenience sampling 
technique as limitations on the interpretation of the results. Time and budget constraints 
necessitated the use of convenience sampling as the only practical solution. One of the main 

https://doi.org/10.61606/BJMIS.V11N1.A


 

Pg. 58 
 

Akter, M. T. (2025). Bangladesh Journal of MIS, 11(1)  
https://doi.org/10.61606/BJMIS.V11N1.A3 
 

problems is that some groups may not be reflected in online surveys because of their lack of internet 
access or inadequate understanding of the subject. The survey questions used in this research were 
developed for simplicity and clarity in order to handle this last concern. The sampling approach 
helped to provide a range of responses; nonetheless, many conceivable biases might affect the 
results. The respondents' knowledge of AI might vary greatly; those who have more technological 
awareness are probably more optimistic about AI-driven MFS technologies. In order to solve this, the 
poll included a question on familiarity with artificial intelligence, and the answers were examined 
suitably. Geographic differences in financial literacy might also affect customers' understanding and 
use of mobile financial services (MFS). Urban respondents often show more financial knowledge and 
experience with mobile banking services, therefore perhaps biasing the results. For respondents 
who have not used the virtual app of MFS or are familiar with AI, the researcher could not collect 
proper data to meet the secondary objective of this study.  

 

7. Results  

7.1 Demographic Analysis 

The demographic information analysis was done to identify the respondents’ particular 
characteristics. The characteristics included respondent gender, age distribution, level of 
education, occupation, income level, whether respondents are familiar with the definition of AI, the 
number of MFS companies that the respondents frequently use, and whether the MFS company uses 
AI to design the MFS products and services. The following table shows the demographic information 
of the mark respondent. 

Table 3: Demographic Analysis of the Respondents 

Demographic factors Frequency Percent Valid 
Percent 

Cum. 
Percent Mean Std. 

Deviation 

Gender 
Male 95 43.2 43.2 43.2 

1.57 .496 
Female 125 56.8 56.8 100.0 

Age 

18 - 28 164 74.5 74.5 74.5 

1.32 .597 29 - 39 41 18.6 18.6 93.2 

40 - 50 15 6.8 6.8 100.0 

Level of 
education 

HSC 16 7.3 7.3 7.3 

2.68 .709 

Hon's 
(BS/BBA/BA) 

54 24.5 24.5 31.8 

Master's 
(MS/MBA/MA) 

135 61.4 61.4 93.2 

Ph.D. 15 6.8 6.8 100.0 

Monthly 
personal 

income(Tk) 

0 - 10000 105 47.7 47.7 47.7 

2.54 1.854 10001 - 20000 32 14.5 14.5 62.3 

20001-30000 16 7.3 7.3 69.5 
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Source: Author’s Survey Result 

Table 3 illustrates the gender distribution of respondents, with just 43.2 percent identifying as male. 
Furthermore, the proportion of female respondents is 56.8 percent. The age distribution of the 
participants in the table encompasses the following ranges: The age ranges include 18-28, 29-39, 
40-50, and over 51 years. It indicates that 74.5 percent of respondents are between 18 and 28 years 
old. Only 18.6% of the respondents are between 29 and 39 years old. Merely 6.8% of the respondents 
are between 40 and 50 years old. No respondents were identified in the remaining age categories. 
The participants' educational attainment is presented in the table. The distribution of responses is 
as follows: 7.3% hold H.S.C., 24.5% possess Hon's degrees (BS/BBA/BA), 61.4% have Master's 
degrees (MS/MBA/MA), and 6.8% are PhD holders. No respondents were identified from the 
remaining educational groups. The table includes the monthly personal income of members. The 
highest percentage of respondents, 47.7%, belong to the first income category, while 14.5% fall into 

Demographic factors Frequency Percent Valid 
Percent 

Cum. 
Percent Mean Std. 

Deviation 
30001-40000 22 10.0 10.0 79.5 

40001 - 50000 16 7.3 7.3 86.8 

Above 50000 29 13.2 13.2 100.0 

Occupation 

Student 77 35.0 35.0 35.0 

2.43 1.231 
Private Job 33 15.0 15.0 50.0 

Govt. Job 48 21.8 21.8 71.8 

Others 62 28.2 28.2 100.0 
Familiar with 

the 
definition of 

Artificial 
Intelligence 

(AI) 

Yes 168 76.4 76.4 76.4 

1.39 .735 
No 19 8.6 8.6 85.0 

Maybe 33 15.0 15.0 100.0 

Which MFS 
service do 
you use 
frequently? 

Rocket 12 5.5 5.5 5.5 

3.25 3.373 

bKash 169 76.8 76.8 82.3 

MYCash 3 1.4 1.4 83.6 
Islami Bank 

mCash 
9 4.1 4.1 87.7 

Upay 5 2.3 2.3 90.0 

Nagad 22 10.0 10.0 100.0 
Do you think 

your MFS 
company 
uses AI to 
design the 

MFS 
products 

and 
services? 

Yes 111 50.5 50.5 50.5 

1.87 .933 

No 26 11.8 11.8 62.3 

Maybe 83 37.7 37.7 100.0 
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the second category. Additionally, 13.2% are classified in the last category, 10% in the fourth 
category, and 7.3% are represented in both the third and fifth categories simultaneously. The table 
includes the occupations of the participants. In this context, 35.0% are students, 15% are employed 
in the private sector, and 21.8% are government employees. Of job holders, 28.2% represent other 
job holders. The biggest percentage of respondents, 76.8%, frequently utilize the MFS (bKash) 
service. The lowest rate of respondents who usually use the MFS (MYCash) service is 1.8. 
Approximately 76.4% of respondents are familiar with the definition of artificial intelligence (AI). Only 
8.6% of respondents are unfamiliar with the definition of artificial intelligence (AI), whereas 15% may 
have some familiarity with it. Ultimately, 50.5% of respondents believe that their MFS company 
employs AI in the design of MFS products and services. Only 11.8% of respondents believe that their 
MFS company uses AI in the design of MFS goods and services.    

7.2 Descriptive Statistics Analysis 

The succeeding table shows the descriptive statistics outcome; it showed that user-friendliness, 
personalization, trust, relationship commitment and user satisfaction are the five variables of users' 
perception factors. AI-driven user experience had two variables: AI-hedonic user experience and AI-
recognition user experience. The researchers have constructed a scoring range of values to identify 
the most significant target variables. The study has shown a mean value between 3.41 and 4.20, 
that’s why five variables are regarded as the target variables (Akter & Mia, 2023). Here, seven 
variables possess a mean value ranging from 3.1 to 4.0; hence, these variables are considered the 
consensus components for identifying the target users' perception factors.  

Table 4: Descriptive Statistics of the Variables 

 
Factors Name 

N Mean Std. 
Deviation Variance Skewness Kurtosis 

Statistic Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error 

UF 220 3.4500 1.04434 1.091 -.645 .164 -.074 .327 
PER 220 3.4040 1.06493 1.134 -.578 .164 -.248 .327 
TRU 220 3.3264 1.02509 1.051 -.661 .164 .009 .327 
RC 220 3.3064 1.09984 1.210 -.447 .164 -.483 .327 
US 220 3.3445 .93184 .868 -.634 .164 .295 .327 

HUE 220 3.4400 1.06939 1.144 -.738 .164 .019 .327 
RUE 220 3.3582 1.06092 1.126 -.595 .164 -.176 .327 

Valid N 
(listwise) 220              

Source: Author’s Survey Result 

7.3 Reliability Analysis  

It is necessary to have a reliability threshold of 0.7 or higher in order to proceed with the research. 
Cronbach's alpha is utilized to evaluate the internal consistency of questionnaires. According to the 
information shown in Table 5, Cronbach's alpha for the seven variables, which includes a total of 33 
items (five items for each variable), is .975. It indicates that there is a high degree of internal 
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consistency among the items that were chosen. Additionally, as shown in Table 6, the Cronbach's 
alpha rating for every item is higher than 0.7. Every single item may be relied upon. 

Table 5: Reliability Statistics 

Cronbach's 
Alpha 

Cronbach's Alpha Based on 
Standardized Items 

N of 
Items 

.975 .975 33 
 

Table 6: Summary of the Cronbach's Alpha Rating of the Items 

Items 
Scale Mean 

if Item 
Deleted 

Scale Variance 
if Item Deleted 

Corrected Item-
Total 

Correlation 

Cronbach's Alpha 
if Item Deleted 

UF1 107.75 846.086 .584 .975 
UF2 107.75 846.086 .584 .975 
UF3 107.87 849.823 .551 .975 
UF4 107.89 847.248 .613 .975 
UF5 107.89 847.248 .613 .975 

PER1 107.79 843.000 .753 .974 
PER2 107.79 843.000 .753 .974 
PER3 108.12 841.392 .736 .974 
TRU1 108.00 834.689 .742 .974 
TRU2 108.00 834.689 .742 .974 
TRU3 108.00 834.543 .803 .974 
TRU4 108.01 846.361 .679 .974 
TRU5 107.76 840.677 .753 .974 
RC1 108.06 841.996 .613 .975 
RC2 108.06 841.996 .613 .975 
RC3 107.76 840.677 .753 .974 
RC4 108.09 831.303 .796 .974 
RC5 107.90 829.767 .816 .974 
US1 108.00 838.863 .728 .974 
US2 108.00 838.863 .728 .974 
US3 107.84 845.443 .702 .974 
US4 107.85 849.629 .639 .974 
US5 108.01 846.361 .679 .974 

HUE1 107.94 830.056 .836 .973 
HUE2 107.82 838.971 .831 .974 
HUE3 107.82 838.971 .831 .974 
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Items 
Scale Mean 

if Item 
Deleted 

Scale Variance 
if Item Deleted 

Corrected Item-
Total 

Correlation 

Cronbach's Alpha 
if Item Deleted 

HUE4 107.82 838.971 .831 .974 
HUE5 107.81 836.810 .763 .974 
RUE1 107.95 834.280 .828 .973 
RUE2 107.95 834.280 .828 .973 
RUE3 107.95 834.280 .828 .973 
RUE4 107.95 842.837 .744 .974 
RUE5 107.84 839.544 .763 .974 

Source: Author’s Survey Result 

7.4 Hypothesis test Analysis  

A summary of the hypothesis test among the variables' has been found in Table 7. The value of the 
first user perception component, which is referred to as User-friendliness (UF), is 640, which 
indicates that there is a moderately positive linear correlation with the AI-driven user experience (AI 
UE). In contrast, the value .616 demonstrates a moderately positive linear connection between AI 
recognition user experience (RUE) and the number.609 indicates that UF has a moderately positive 
linear correlation with AI-hedonic user experience (HUE). The value of .220 for the second user 
perception component, which is referred to as Personalization (PER), indicates that there is a positive 
linear link with AI-driven user experience (AI UE). A positive linear connection exists between PER 
and AI-hedonic user experience (HUE), as indicated by the value.209, while a positive linear 
correlation exists between PER and AI-recognition user experience (RUE), as highlighted by the 
value .232 in the Table 7. There is a strong positive linear link between the third user perception factor, 
Trust (TRU), and the AI-driven user experience (AI UE), as indicated by the user perception factor's 
value of .816.  

While the value of.777 shows a strong positive linear relationship with AI recognition user experience 
(RUE), the value of.786 indicates that TRU has a strong positive linear relationship with AI-hedonic 
user experience (HUE). The value of the fourth user perception factor, Relationship Commitment 
(RC), is 794, which indicates that there is a significant positive linear correlation with AI-driven user 
experience (AI UE). A substantial positive linear correlation exists between RC and AI-hedonic user 
experience (HUE), as indicated by the value 778. On the other hand, the value.743 indicates a 
significant positive linear correlation between RC and AI-recognition user experience (RUE). There is 
a strong positive linear link between the fifth user perception factor, user satisfaction (US), and AI-
driven user experience (AI UE), as indicated by the value of.821 for this factor. The value of 806 
demonstrates a strong positive linear correlation between user satisfaction (US) and the AI-
recognition user experience (RUE), while the value.766 indicates a robust positive linear correlation 
between user satisfaction (US) and the AI-hedonic user experience (HUE). 

In the end, the significance of users' perception factors (UPF) indicates that there is a strong positive 
linear link between UPF and AI-driven user experience (AI UE). On the other hand, the value of.841 
demonstrates a strong positive linear correlation between UPF and AI-recognition user experience 
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(RUE), while the value of.834 indicates a robust positive linear association between UPF and AI-
hedonic user experience (HUE). 

Table 7: Correlations among variables 
Factors Name  HUE RUE AI_UE 

UF Pearson Correlation 1 .609** .616** .640** 
PER Pearson Correlation 1 .209** .232** .220** 
TRU Pearson Correlation 1 .786** .777** .816** 
RC Pearson Correlation 1 .778** .743** .794** 
US Pearson Correlation 1 .766** .806** .821** 

UPF Pearson Correlation 1 .834** .841** .874** 
**. Correlation is significant at the 0.01 level (2-tailed). 

Source: Author’s Survey Result 

7.5 Regression Analysis  

Model Estimation  

In Table 7, personalization (PER) showed a positive but weaker relationship with AI_UE (r = .220). 
Strong correlations between other predictors and usage experience highlight the importance of these 
factors. PER had a weaker correlation and shared variance with stronger predictors, so it did not have 
a significant effect on the regression analysis. Although PER was positively related to AI usage 
experience in a simple analysis, it did not add unique value to the multiple regression model. PER 
overlapped with other predictors. Removing PER did not reduce the model's overall performance. 
Personalization (PER) was excluded from the regression model due to its non-significant effect. The 
revised regression model includes User Friendliness (UF), Trust (TRU), Relationship Commitment 
(RC), and User Satisfaction (US) as predictors of AI-driven User Experience (AI_UE), as presented 
below: 

AI_UE = Constant (D)+β1UF+β3TRU+β4RC+β5US+Error(ei) 

Table 8: Model Summary 

Model R R Square Adjusted R 
Square 

Std. Error of the 
Estimate 

1 .881a .776 .772 .48716 

a. Predictors: (Constant), US, UF, RC, TRU 
Source: Author’s Survey Result 

Here, the R-value is 0.881. It demonstrates a straightforward correlation, indicating a robust positive 
linear relationship between the correlated variables and the independent variables. 

The R square value is .776. The value signifies the extent to which the dependent variable (AI-driven 
user experience) may be elucidated by the independent variables: user-friendliness (UF),  trust (TRU), 
relationship commitment (RC), and user satisfaction (US). The independent variables explain 77.6 
percent of the variance in AI-driven user experience. The total is substantial in percentage terms.  
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The adjusted value is 0.772, indicating that the inclusion of extra independent variables enhances 
the experience of AI-driven users. The modified value illustrates the impact of including 
supplementary independent factors on the dependent variable. Incorporating additional 
independent variables will improve the AI-driven user experience, provided that the adjustment is 
proximate to the optimal value. 

 

   Significance Testing 
𝐇𝟎  : 𝐑𝐩𝐨𝐩

𝟐   = 0 (There is no association between AI-driven User Experience with user-
friendliness (UF), trust (TRU), relationship commitment (RC) and user satisfaction (US) ) 

𝐇𝟏  : 𝐑𝐩𝐨𝐩
𝟐      ≠ 0 (There is a significant association between AI-driven User Experience with 

user-friendliness (UF),  trust(TRU), relationship commitment(RC) and user satisfaction(US)) 
 

Table 9: ANOVAa 

Model Sum of 
Squares df Mean Square F Sig. 

1 
Regression 176.815 4 44.204 186.259 .000b 

Residual 51.025 215 .237   
Total 227.840 219    

a. Dependent Variable: AI_UE 
b. Predictors: (Constant), US, UF, RC, TRU 

Source: Author’s Survey Result 

The aforementioned ANOVA table can be used to examine the hypotheses. In an analysis of variance 
(ANOVA) table, a 0.000 significant value rejects the null hypothesis. Accordingly, the researcher 
rejects the null hypothesis. Indeed, accepting the alternative hypothesis is necessary. The 
independent factors have a strong correlation with the AI-driven user experience. 

Table 10: Coefficientsa 

Model 
Unstandardized 

Coefficients 
Standardized 
Coefficients t Sig. 

B Std. Error Beta 

1 

(Constant) .084 .132   .634 .527 

UF .133 .043 .136 3.090 .002 

TRU .202 .068 .203 2.959 .003 

RC .291 .049 .313 5.876 .000 

US .366 .068 .334 5.414 .000 

a. Dependent Variable: AI_UE 
Source: Author’s Survey Result 
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The total value of the Regression Model is given below: 
 
AI-driven User Experience = .084 + .133(user-friendliness) + .202(trust)+ .291(relationship 

commitment) + .366(user satisfaction) = 1.076 
 
The AI-driven user experience's overall score of 1.076 indicates that the dependent variable is 
positive. Additionally, this model demonstrates that users' perceptions are an important criterion for 
obtaining a completely positive rating for the AI-driven user experience. The unstandardized 
coefficient value for UF (0.133) indicates that the MFS firms provide each additional user-friendly 
service to the virtual app users. Thus, the AI-driven user experience is expected to increase by 0.133 
points.  TRU (0.202) indicates that each additional user trust, e.g., increases app security, and the 
MFS firms provide reliability, etc., to the virtual app users.  

Thus, the AI-driven user experience is expected to increase by only 0.202 points. RC (0.291) indicates 
that each additional relationship commitment, e.g., emotional and personal attachment, recognized 
with MFS firm etc., increases, thus the AI-driven user experience is expected to increase by only 
0.291 points. US (0.366) indicates that each additional user satisfaction, e.g., quality of service, 
focus on customer interest, etc. increases. Thus, the AI-driven user experience is expected to 
increase by only 0.366 points. 

Table 11: Summary of the Hypotheses Testing Result 

Factors Name Hypothesis 
No. t value P value Decision 

User Friendliness 
(UF) 

H1 12.288 .000 significant 
H1a 11.328 .000 significant 
H1b 11.560 .000 significant 

Personalization 
(PER) 

H2 3.497 .001 significant 
H2a 3.156  .002 significant 
H2b 3.529 .001 significant 

Trust (TRU) 
H3 20.828 .000 significant 

H3a 18.759 .000 significant 
H3b 18.201 .000  significant 

Relationship 
Commitment 

(RC) 

H4 19.299 .000 significant 
H4a 18.281 .000 significant 
H4b 16.390 .000 significant 

User Satisfaction 
(US) 

H5 21.208 .000 significant 
H5a 17.604 .000 significant 
H5b 20.088 .000 significant 

User Perception 
Factors (UPF) 

H6 26.620 .000 significant 
H6a 22.283 .000 significant 
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Factors Name Hypothesis 
No. t value P value Decision 

H6b 22.972 .000 significant 
Source: Author’s Survey Result 

Table 11 shows that Hypothesis H1 and its sub-hypotheses (H1a and H1b) are supported with high t-
values (11.328 to 12.288) and p-values below .001. This shows how easy it is to use and how clear 
the interface is, which has a big effect on the outcome variable, indicating how important these 
factors are in getting people to respond. Hypothesis H2 and its associated sub-hypotheses (H2a, 
H2b) have statistical significance (p ≤ .002). The findings indicate a favourable correlation between 
personalization and the dependent variable. However, the regression analysis shows that this effect 
is not significant when other variables are taken into consideration. This suggests that there is shared 
variance with more important predictors. Hypothesis H3, which includes H3a and H3b, has strong 
statistical support, as shown by t-values above 18 and p-values below .001. This research 
underscores trust as a critical factor and highlights its influence on user outcomes Hypothesis H4 
and its sub-hypotheses (H4a, H4b) are significantly supported (p < .001). The high t-values indicate 
that relationship commitment is an important predictor of the dependent variable. This shows how 
important relational elements are in the study framework. There is very strong statistical evidence (p 
< .001) that supports hypotheses H5, H5a, and H5b. This indicates that content users are 
significantly more likely to report favourable outcomes, consistent with accepted theories of post-
adoption and user experience. Finally, Hypothesis H6 and its sub-hypotheses (H6a, H6b) have the 
greatest t-values in the table, all of which are significant at p < .001. This means that the overall user-
perception components are strongly linked to the dependent variable, indicating their importance in 
shaping user ratings. 

8. Discussion on the findings   

The above analysis shows that MFS companies should focus on the five users' perception factors to 
boost AI-driven user experience. The study showed how the respondents are linked to many socio-
economic factors. The descriptive Statistics showed that the five factors under users' perception 
factors, named user-friendliness, personalization, trust, relationship commitment and user 
satisfaction and also the two factors under AI-driven user experience, named AI-hedonic user 
experience and AI-recognition user experience, have a mean value of between 3.1 to 4.0 Which 
indicates all the respondents agree with the items that selected for all the factors. The practicality of 
the findings in the MFS sector will rely on the user's degree of knowledge and experience. This paper 
identifies users of a virtual/mobile application inside a mobile financial service sector as having 
exceeded factors. MFSs must reach user preferences and demands by data analysis if they are to 
offer tailored services and instantly answer user questions.  

This study examined user perceptions of AI usage in mobile financial services with a modified 
multiple regression model. The findings indicate that user-friendliness, trust, relationship 
commitment, and user satisfaction have a substantial and favorable impact on AI_UE; however, 
Personalization does not show a substantial independent impact. The updated model accounts for 
a significant portion of the variance in AI usage experience, validating its considerable explanatory 
power and reliability.  All the hypotheses aligned with the previous study of Tulcanaza-Prieto et al. 
(2023), which means the results can be trusted. Their analysis revealed that all five customer 
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perception factors positively and significantly affect AI-enabled customer experience, hedonic 
customer experience, and recognition of customer service. The results also aligned with earlier 
studies and showed how users view the tangible and intangible advantages of AI-driven banking 
capabilities, as well as the digital infrastructure supplied by banks, define AI-driven financial services. 
Research conducted in many Asian countries, European cities, India, the UK, Canada, Nigeria, and 
Vietnam has shown a strong association between AI-driven user experience and consumer 
perception aspects. Furthermore, AI techniques can improve user perception factors (Noreen et al., 
2023; Chen et al., 2023; Mogaji & Nguyen, 2022; Cheriyan et al., 2022; Ameen et al., 2021; Juwaheer 
et al., 2012 ). Furthermore, there have not been any similar studies done in Bangladesh, so it is not 
possible to compare results.  

The presumptions of this study were mostly accurate as users' opinions of their experiences could 
alter the pursuit usage of AI-driven mobile financial services. The more the virtual app of MFS firms 
is personalized, the MFS products and services (e.g., fund transfer, cash-in and out, pay bill) are 
designed in accordance with users consumption preferences, chatbot and self-help customer 
service are provided solutions as per users expectations, the virtual app is adjusted itself according 
to the device users used, the more the users may rely on the virtual app for fulfillment their needs. 
Therefore, experienced users aided by AI are more influenced in the direction of MFS enterprises. 
Users should be more sensitive and conscious; the AI-assisted and AI-driven experience could be 
improved. An AI-driven user experience that meets user expectations helps to become more 
competitive than rivals. The MFS sector must thus evaluate users' data privacy and security, provide 
relevant variables to AI training models, and offer a user-friendly chat interface or virtual platform to 
ensure that mobile financial services are easy to use and safe for users. Moreover, there is little 
difference if related studies are conducted. Businesses in the mobile financial services sector can 
get a boost in terms of investing in and applying artificial intelligence to their banking operations with 
the fresh knowledge acquired from this study. A better user experience with these services will 
captivate users. 

9. Conclusions 

This paper evaluates the beneficial influence of the factors influencing user perception on AI-driven 
user experience by means of a thorough and strong statistical model. This paper delves into a topic 
that has not received much attention in the local context: it presents theoretical and empirical data 
on the correlation between user perception factors and AI-driven user experience for Mobile 
Financial Services (MFS) in Bangladesh. This paper emphasized the importance of incorporating AI 
into the design of financial products and services, utilizing consumer preferences and purchase 
behavior as primary sources of information to gain sustainable competitive advantage. Modern 
technology and strategies combined with an integrated representation of the customer perspective 
help to develop the AI-driven customer experience. This strategy shows how users perceive AI 
capabilities, therefore fostering a user-centric viewpoint on the technology. Users may raise their 
standards for goods and services, which could make the market more competitive and lead to a 
constant rise in customer needs and wants. It could be helped by using AI techniques. As such, AI 
virtual/mobile apps must ensure confidentiality, privacy, and data integrity are guaranteed. 

Furthermore, AI systems incorporate decision-making and evaluation procedures, which could 
replace human approaches. Ethics training for AI professionals must be included in current laws, 
societal conventions, and ethical standards in order to match. AI's research and implementation 
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must be guided by established regulatory frameworks that also provide direction to the government 
and encourage public debate, thus defining ideas. 

10. Future Scope of Research 

Research on the factors that users believe affect the quality of AI-driven mobile financial service 
(MFS) user experiences in Bangladesh has a wide range of potential avenues to explore in the future. 
The rapid growth of mobile financial services in Bangladesh is driven by factors such as the 
increasing number of people using smartphones and mobile internet, together with the introduction 
of AI technologies that enhance the user experience. If researchers want to get a better picture of the 
population at large, they should consider using stratified or random sampling in their future studies. 
Moreover, applying multivariate statistical methods will help to improve understanding and enable 
the control of confusing elements. Additionally, the study examines direct effects only; future 
research could explore mediating or moderating roles of personalization, trust, or satisfaction. For 
more research, it would be helpful to have a sample that is more representative of the larger 
Bangladeshi MFS user community and shows the range of geography and financial knowledge. 
Further research suggests how technological understanding of AI affects users' opinions and 
experiences with AI-driven items. How much does users' understanding of AI ideas impact their 
adoption and trust in AI systems? Also, how can AI systems meet the unique needs of different 
domains while ensuring the best possible user experience? When trying to influence users' 
perceptions of AI, what domain-specific challenges arise, and how may they be addressed through 
design? 

Funding 

No organization has funded this research. 

Conflict of Interest 

The author declares no conflict of interest. 

Citation 

Akter, M. T., (2025). The AI-Driven Future of Mobile Finance: Understanding User Perceptions in 
Bangladesh. Bangladesh Journal of MIS, 11(1). 47-72. 
https://doi.org/10.61606/BJMIS.V11N1.A3 

 

References  
Aguirre, E., Mahr, D., Grewal, D., De Ruyter, K., & 

Wetzels, M. (2015). Unraveling the 
personalization paradox: The effect of 
information collection and trust-building 
strategies on online advertisement 
effectiveness. Journal of retailing, 91(1), 34-49. 
DOI: https://doi.org/10.1016/j.jretai.2014.09.00 

Ahmed, A., Uddin , S., & Hassan, S. (2022). Factors 
Affecting Consumer Behaviour In Mobile 
Financial Services In Bangladesh. Asia-Pacific 

Sustainable Development Journal, Vol. 29, No. 1, 
142 -167. DOI:  
https://doi.org/10.18356/26178419-29-1-7 

Ajayi, V. (2017). primary source of data & secondary 
source of data. SAGE journals. 
doi:10.13140/RG.2.2.24292.68481 

Akhter, N., & Khalily, M. B. . (2020). An analysis of 
mobile financial services and financial inclusion 
in Bangladesh. Indian Journal of Human 

https://doi.org/10.61606/BJMIS.V11N1.A
https://doi.org/10.61606/BJMIS.V11N1.A
https://doi.org/10.1016/j.jretai.2014.09.00
https://doi.org/10.18356/26178419-29-1-7


 

Pg. 69 
 

Akter, M. T. (2025). Bangladesh Journal of MIS, 11(1)  
https://doi.org/10.61606/BJMIS.V11N1.A3 
 

Development, 14(2), 213-233. DOI: 
10.1177/0973703020946706 

Akter, M. T., & Mia, M. A. H. (2023). Satisfaction Level 
of the Debit Card Users in Bangladesh. Journal of 
Business, 8(02), 16-25. DOI: 
https://doi.org/10.18533/job.v8i02.309 

Akturan, U., & Tezcan, N. (2012). Mobile Banking 
Adoption of the Youth Market: Marketing 
Intelligence & Planning. 30 (4), 4. DOI 
10.1108/02634501211231928 

Ameen, N., Tarhini, A., Reppel, A., & Anand, A. (2020). 
Customer experiences in the age of artificial 
intelligence. Computers in Human Behavior,1-
14.              doi:10.1016/j.chb.2020.106548 

Ashfaq, M., Yun, J., Yu, S., & Loureiro, S. M. C. (2020). I, 
Chatbot: Modeling the determinants of users’ 
satisfaction and continuance intention of AI-
powered service agents. Telematics and 
Informatics, 54, 101473. 
https://doi.org/10.1016/j.tele.2020.101473 

Bashir, B. K., & Muhammad, T. (2023). Factors 
Influencing the Adoption of Mobile Financial 
Services in Enhancing Financial Inclusion: Using 
Structural Equation Modelling for the Decision-
Making Approach. Innovare Journal of Social 
Sciences, 11(2), 19-27. DOI: 
http://dx.doi.org/10.22159/ijss.2023v11i2.4734
9 

Chen, Q., Lu, Y., Gong, Y., & Xiong, J. (2023). Can AI 
chatbots help retain customers? Impact of AI 
service quality on customer loyalty. Internet 
Research, 33(6), 2205-2243. DOI 
10.1108/INTR-09-2021-0686 

Chen, Y., Prentice, C., Weaven, S., & Hisao, A. (2022). 
The influence of customer trust and artificial 
intelligence on customer engagement and 
loyalty–The case of the home-sharing industry. 
Frontiers in Psychology, 13, 912339. DOI: 
10.3389/fpsyg.2022.912339 

Cheriyan, A., Sharma, R. K., Joseph, A., & Kappil, S. R. 
(2022). Consumer acceptance towards AI-
enabled chatbots: Case of travel and tourism 
industries. J. Posit. Sch. Psychol, 6, 3880–3889. 
https://www.journalppw.com/index.php/jpsp/a
rticle/view/2221/1362  

Colwell, S. R., Aung, M., Kanetkar, V., & Holden, A. L. 
(2008). Toward a measure of service 
convenience: multiple‐item scale development 
and empirical test. Journal of Services Marketing, 
Vol. 22 No. 2, pp. 160-169. doi: 
https://doi.org/10.1108/08876040810862895 

Dadouchi, C., & Agard, B. (2018). Lowering penalties 
related to stock-outs by shifting demand in 
product recommendation systems. In Decision 
Support Systems (Vol. Vol. 114, pp. pp. 61-69.). 
DOI: https://doi.org/10.1016/j.dss.2018.08.004 

Davenport, T., Guha, A., Grewal, D., & Bressgott, T. 
(2020). How artificial intelligence will change the 
future of marketing. Journal of the Academy of 
Marketing Science, Vol. 48 No. 1, pp. 24-42. 
https://doi.org/10.1007/s11747-019-00696-0 

Davenport, T. H., & Ronanki, R. (2018). Artificial 
intelligence for the real world. Harvard business 
review, 96(1), 108-116. 
https://www.bizjournals.com/boston/news/20
18/01/09/hbr-artificial-intelligence-for-the-
real-world.html 

Duan, Y. E., & Dwivedi, Y. (2019). Artificial Intelligence 
for Decision Making in the Era of Big Data–
Evolution, Challenges and Research Agenda. 
International Journal of Information 
Management, 48: 63–71. 
https://doi.org/10.1016/j. 
ijinfomgt.2019.01.021 

Dwivedi, Y. I. (2021). Setting the future of digital and 
social media marketing research: perspectives 
and research propositions. International Journal 
of Information Management, Vol. 59. 
doi:10.1016/j.ijinfomgt.2020.102168. 

Dyussembayeva, S., Viglia, G., Nieto-Garcia, M., & 
Invernizzi, A. C. (2020). It makes me feel 
vulnerable! The impact of public self-disclosure 
on online complaint behavior. International 
Journal of Hospitality and Management, 88, 
102512. 
https://pure.port.ac.uk/ws/portalfiles/portal/20
360031/NIETO_GARCIA_2020_cright_It_makes
_me_feel_vulnerable.pdf 

Foroudi, P., Gupta, S., Sivarajah, U., & Broderick, A. 
(2018). Investigating the effects of smart 
technology on customer dynamics and 
customer experience. Computers in Human 

https://doi.org/10.61606/BJMIS.V11N1.A
http://dx.doi.org/10.22159/ijss.2023v11i2.47349
http://dx.doi.org/10.22159/ijss.2023v11i2.47349


 

Pg. 70 
 

Akter, M. T. (2025). Bangladesh Journal of MIS, 11(1)  
https://doi.org/10.61606/BJMIS.V11N1.A3 
 

Behavior, 80, 271-282. 
https://doi.org/10.1016/j.chb.2017.11.014 

Gupta, A., Toteja, R., & Gupta, Y. (2021). Bioscience 
Biotechnology Research Communications, Vol. 
14, No. 5, 104 - 112. 
http://dx.doi.org/10.21786/bbrc/14.5/21 

Hair, J., Black, W., Babin, B., & Anderson, R. (2010). 
Multivariate Data Analysis (7th ed.). NJ,USA: 
Prentice-Hall: Upper Saddle River. 

Han , R., Lam, H., Zhan, Y., Wang, Y., Dwivedi, , Y. K., & 
Tan, K. (2021). Artificial intelligence in business 
to-business marketing: a bibliometric analysis of 
current research status, development and future 
directions. Industrial Management & Data 
Systems, Vol. 121, No. 12, pp. 2467-2497. DOI: 
10.1108/IMDS-05-2021-0300 

Hassan, M. M., Rahman, A., Afrin, S., & Rabbany, M. G. 
(2014). Factors Influencing the Adoption of 
Mobile Banking Services in Bangladesh: An 
Empirical Analysis. International Research 
Journal of Marketing, 2 (1), 9-20. DOI: 
10.12966/irjm.02.02.2014 

Hawrylack, S. (2021). Mobile Banking: What is Mobile 
Banking? Retrieved December 2024, from 
Available at: 
https://investinganswers.com/dictionary/m/mo
bile-banking 

Hayat, M., & Kashem, M. (2024). Adaptation of Mobile 
Financial Services (MFS): Scenario of Regional 
Bangladesh. Research Journal of Finance and 
Accounting, Vol.15, No.2. DOI: 
10.7176/RJFA/15-2-01 

Hengstler, M., Enkel, E., & Duelli, S. (2016). Applied 
artificial intelligence and trust—The case of 
autonomous vehicles and medical assistance 
devices. Technological Forecasting and Social 
Change, 105, 105-120. 
https://doi.org/10.1016/j.techfore.2015.12.014 

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new 
criterion for assessing discriminant validity in 
variance-based structural equation modeling. 
Journal of the academy of marketing science, 43, 
115-135. DOI 10.1007/s11747-014-0403-8 

Himel, M. T. A., Ashraf, S., Bappy, T. A., Abir, M. T., 
Morshed, M. K., & Hossain, M. N. (2021). Users' 

attitude and intention to use mobile financial 
services in Bangladesh: an empirical study. 
South Asian Journal of Marketing, 2(1), 72-96. 
DOI 10.1108/SAJM-02-2021-0015 

Jarek, K., & Mazurek, G. (2019). Marketing and artificial 
intelligence. Central European Business Review, 
8(2), 46-56. DOI: 10.18267/j.cebr.213 

Javed, F., & Cheema, S. (2017). Customer satisfaction 
and customer perceived value and its impact on 
customer loyalty: the mediational role of 
customer relationship management. Journal of 
Internet Banking and Commerce, 22(S8).  

Juwaheer, T. D., Pudaruth, S., & Ramdin, P. (2012). 
Factors influencing the adoption of internet 
banking: a case study of commercial banks in 
Mauritius. World journal of science, Technology 
and sustainable development, 9(3), 204-234. 
https://doi.org/10.1108/20425941211250552 

Kaartemo, V.; Helkkula, A. . (2018). A systematic 
review of artificial intelligence and robots in 
value co-creation: Current status and future 
research avenues. Creat. Value J. , 4, 211–218. 
DOI: 10.1177/2394964318805625 

Karunarathna, I., Gunasena, P., Hapuarachchi, T., & 
Gunathilake, S. (2024). The role of scientific 
hypotheses in shaping modern research and 
innovation. Uva clinical research/research 
methodology/scientific hypotheses, 1-7. 
https://www.researchgate.net/profile/Indunil-
Karunarathna/publication/383205323_The_Rol
e_of_Scientific_Hypotheses_in_Shaping_Moder
n_Research_and_Innovation/links/66c16f4b2ff
54d6c9ed9fbf5/The-Role-of-Scientific-
Hypotheses-in-Shaping-Modern-Research-and-
Innovation.pdf 

Keiningham, T., Ball, J., Benoit, S., Bruce, H. L., Buoye, 
A., Dzenkovska, J., & Zaki, M. (2017). The 
interplay of customer experience and 
commitment. Journal of Services Marketing, 
31(2), 148-160. DOI 10.1108/JSM-09-2016-
0337 

Komiak, S. Y., & Benbasat, I. (2006). The effects of 
personalization and familiarity on trust and 
adoption of recommendation agents. MIS 
quarterly, 941-960.  

https://doi.org/10.61606/BJMIS.V11N1.A


 

Pg. 71 
 

Akter, M. T. (2025). Bangladesh Journal of MIS, 11(1)  
https://doi.org/10.61606/BJMIS.V11N1.A3 
 

Krystallis, A., & Chrysochou, P. (2014). The effects of 
service brand dimensions on brand loyalty. 
Journal of Retailing and Consumer Services, 
21(2), 139-147. 
https://doi.org/10.1016/j.jretconser.2013.07.00
9 

Kucharska, W. (2019). Online brand communities’ 
contribution to digital business models: Social 
drivers and mediators. J. Res. Interact. Mark., 13, 
437–463. https://doi.org/10.1108/JRIM-05-
2018-0063 

Kweyu, M., & Ngare, P. (2013). Factor analysis of 
customer perception of Mobile Banking Services 
in Kenya. Journal of Emerging trends in 
economics and management Sciences 
(JETEMS), 5 (1), 1-8 (ISSN: 2141-7016). 

Lee, J. D., & See, K. A. (2004). Trust in automation: 
Designing for appropriate reliance. Human 
factors, 46(1), 50-80. 
https://doi.org/10.1518/hfes.46.1.50_30392 

Lee, J., Morduch, J., Ravindran, S., Shonchoy, A., & 
Zaman, H. (2021). Poverty and migration in the 
digital age: Experimental evidence on mobile 
banking in Bangladesh. American Economic 
Journal: Applied Economics, 13(1), 38-71. DOI: 
10.1257/app.20190067 

Libai, B., Bart, Y., Gensler, S., Kaplan, A., 
Kötterheinrich, K., Hofacker, C., & Kroll, E. 
(2020). Brave new world ? on AI and the 
Management of Customer Relationships. Journal 
of Interative Marketing, 1-13. 
https://doi.org/10.1016/j.intmar.2020.04.002 

Makarius, E. E., Mukherjee, D., Fox, J. D., & Fox, A. K. . 
(2020). Rising with the machines: A 
sociotechnical framework for bringing artificial 
intelligence into the organization. Journal of 
Business Research, 120, 262–273. 
https://doi.org/10.1016/j.jbusres.2020.07.045 

Manyika, J., Chui, M., Bughin, J., Dobbs, R., Bisson, P., 
& Marrs, A. (2013). Disruptive technologies: 
Advances that will transform life, business, and 
the global economy.Vol. 180, pp. 17-21. San 
Francisco, CA: Mckinsey global institute.  

Martinez-Lopez, F., & Casillas, J. (2013). Artificial 
intelligence-based systems applied in industrial 
marketing: an historical overview, current and 

future insights. Industrial Marketing 
Management, Vol. 42 No. 4,, pp. 489-495. 
https://doi.org/10.1016/j.indmarman.2013.03.0
01 

Mogaji, E., & Nguyen, N. P. (2022). Managers' 
understanding of artificial intelligence in relation 
to marketing financial services: insights from a 
cross-country study. International Journal of 
Bank Marketing, 40(6), 1272-1298. DOI 
10.1108/IJBM-09-2021-0440 

Mujeri, M. K., & Azam, S.E. (2018). Interoperability of 
digital finance in Bangladesh: Challenges and 
taking‐off options. Institute for Inclusive Finance 
and Development (InM), 7. 

Noreen, U., Shafique, A., Ahmed, Z., & Ashfaq, M. 
(2023). Banking 4.0: Artificial intelligence (AI) in 
banking industry & consumer’s perspective. 
Sustainability, 15(4), 3682.  

            https://doi.org/10.3390/su15043682 

Oh, L. B., Teo, H. H., & Sambamurthy, V. (2012). The 
effects of retail channel integration through the 
use of information technologies on firm 
performance. Journal of operations 
management, 30(5), 368-381. 
doi:10.1016/j.jom.2012.03.001 

Papagiannidis, E., Mikalef, P., & Krogstie, J. . (2021). 
Structuring AI resources to build an AI capability: 
A conceptual framework. Marrakesh, Morocco: 
European Conference on Information Systems. 
https://www.researchgate.net/profile/Emmano
uil-
Papagiannidis/publication/351069404_Structur
ing_AI_resources_to_build_an_AI_capability_A_
conceptual_framework/links/6082dc7f907dcf6
67bbc4d86/Structuring-AI-resources-to-build-
an-AI-capability-A-conceptual-framework.pdf 

Park, J., & Park, S. (2003). Agent-based merchandise 
management in business-to-business electronic 
commerce. In Decision Support Systems.Vol. 35 
, pp. 311-333. https://doi.org/10.1016/S0167-
9236(02)00111-2 

Paschen, J., Kietzmann, J., & Kietzmann, T. C. (2019). 
Artificial intelligence (AI) and its implications for 
market knowledge in B2B marketing. Journal of 
Business and Industrial Marketing, Vol. 34 ,No 7, 

https://doi.org/10.61606/BJMIS.V11N1.A


 

Pg. 72 
 

Akter, M. T. (2025). Bangladesh Journal of MIS, 11(1)  
https://doi.org/10.61606/BJMIS.V11N1.A3 
 

pp. 1410-1419. DOI 10.1108/JBIM-10-2018-
0295 

Pillai, R., Sivathanu, B. and Dwivedi, Y.K. . (2020). 
Shopping intention at AI-powered automated 
retail stores (AIPARS). Journal of Retailing and 
Consumer Services, Vol. 57, p. 102207. 
https://doi.org/10.1016/j.jretconser.2020.1022
07 

Ponder, N., Bugg Holloway, B., & Hansen, J. D. (2016). 
The mediating effects of customers’ intimacy 
perceptions on the trust-commitment 
relationship. Journal of Services Marketing, 
30(1), 75-87. https://doi.org/10.1108/JSM-04-
2014-0117 

Rose, S., Clark, M., Samouel, P., & Hair, N. (2012). 
Online customer experience in e-retailing: an 
empirical model of antecedents and outcomes. 
Journal of retailing, 88(2), 308-322. 
doi:10.1016/j.jretai.2012.03.001 

Sayani, H. (2015). Customer satisfaction and loyalty in 
the United Arab Emirates banking industry. 
International journal of bank marketing, 33(3), 
351-375. https://doi.org/10.1108/IJBM-12-
2013-0148 

Shen, A., & Dwayne Ball, A. (2009). Is personalization 
of services always a good thing? Exploring the 
role of technology‐mediated personalization 
(TMP) in service relationships. Journal of 
Services Marketing, 23(2), 79-91. 
https://doi.org/10.1108/08876040910946341 

Siau, K., & Wang, W. (2018). Building trust in artificial 
intelligence, machine learning, and robotics. 
Cutter business technology journal, 31(2), 47-
53. 

Sujata, J.; Aniket, D.; Mahasingh, M. . (2019). Artificial 
intelligence tools for enhancing customer 
experience. Int. J. Recent Technol. Eng., 8, 700–
706 . Retrieved from 
https://www.ijrte.org/wpcontent/uploads/pape
rs/v8i2S3/B11300782S319.pdf  

Tracy, P. (2020). Mobile Banking. Retrieved December 
2024, from Available at 
https://investinganswers.com/dictionary/m/ 
mobile-banking 

Tulcanaza-Prieto, A.B.; Cortez-Ordoñez, A.; Lee, C.W. 
. (2023). Influence of Customer Perception 
Factors on AI-Enabled Customer Experience in 
the Ecuadorian Banking Environment. 
Sustainability, 15, 12441. 
doi:https://doi.org/10.3390/su151612441 

Verhoef, P. C., Lemon, K. N., Parasuraman, A., 
Roggeveen, A., Tsiros, M., & Schlesinger, L. A. 
(2009). Customer experience creation: 
Determinants, dynamics and management 
strategies. Journal of retailing, 85(1), 31-41. 
https://doi.org/10.1016/j.jretai.2008.11.001 

Wilson, R.D. and Bettis-Outland, H. . (2019). Can 
artificial neural network models be used to 
improve the analysis of B2B marketing research 
data? Journal of Business and Industrial 
Marketing, Vol. 35 No. 3, pp. 495-507. 
https://doi.org/10.1108/JBIM-01-2019-0060 

Xu, Y., Goedegebuure, R., & Van der Heijden, B. (2007). 
Customer perception, customer satisfaction, 
and customer loyalty within Chinese securities 
business: towards a mediation model for 
predicting customer behavior. Journal of 
relationship marketing, 5(4), 79-104. 
https://doi.org/10.1300/J366v05n04_06 

Yan, C., Siddik, A. B., Akter, N., & Dong, Q. (2021). 
Factors influencing the adoption intention of 
using mobile financial service during the COVID-
19 pandemic: The role of FinTech. Environmental 
Science and Pollution Research, 1-19. 
https://doi.org/10.1007/s11356-021-17437-y 

Yau, K. L. A., Saad, N. M., & Chong, Y. W. (2021). 
Artificial intelligence marketing (AIM) for 
enhancing customer relationships. Applied 
Sciences, 11(18), 8562. 
https://doi.org/10.3390/app11188562 

Zaki, M. M.-K. (2021). Using AI to Track How 
Customers Feel — In Real Time. Harvard 
Business Review. Retrieved from 
https://hbr.org/2021/05/using-ai-to-track-how-
customers-feel-in real-time 

Zhuang, Mengdie & Toms, Elaine & Demartini, & 
Gianlusa. (2016). The Relationship Between 
User Perception and User Behaviour in 
Interactive Information Retrieval Evaluation. 
9626 , 293-305. doi:10.1007/978-3-319-
30671-1_22 

https://doi.org/10.61606/BJMIS.V11N1.A

