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Abstract: The rapid growth of Digital Financial Services (DFS) has revolutionized the financial 
landscape in developing countries, including Bangladesh. Despite its growing importance, 
understanding the factors influencing DFS adoption remains limited, particularly when leveraging 
advanced analytical frameworks. This study investigates the key drivers affecting the adoption of 
DFS in Bangladesh by employing Structural Equation Modeling (SEM) and Artificial Neural 
Network (ANN) approaches. Using survey data collected from 340 DFS users, the SEM analysis 
validates the proposed relationships, identifying financial literacy, trust, access to capital, digital 
payment usage, and digital financial inclusion as significant factors driving DFS adoption. ANN 
modeling further highlights the relative importance of these predictors, revealing financial literacy 
as the most influential factor, closely followed by digital financial inclusion, trust in digital financial 
services, access to capital and digital payment usage. This dual-method analysis provides nuanced 
insights for policymakers, financial institutions, and technology providers, aiming to enhance DFS 
adoption and promote financial inclusion in Bangladesh. 

Keywords: Digital Financial Services; Financial Literacy; Access to Capital; Digital Payment Usage; 
Digital Financial Inclusion  

 

1. Introduction 

The advent of Digital Financial Services has brought transformative changes to the global 
financial ecosystem, offering accessible, cost-effective, and secure financial solutions to individuals 
and businesses alike [1-3]. These services, which include mobile banking, digital wallets, and online 
payment platforms, have emerged as critical tools for achieving financial inclusion, particularly in 
developing economies [4-6]. In countries like Bangladesh, where traditional banking infrastructure is 
often limited, DFS presents an unparalleled opportunity to bring financial services to underserved 
populations, including those in rural and low-income urban areas. However, despite the potential of 
DFS to revolutionize financial systems and promote equitable economic development, its adoption 
has been inconsistent and influenced by a myriad of factors. This inconsistency raises pressing 
questions about the barriers and enablers of DFS adoption in the context of a developing economy 
like Bangladesh.  

Bangladesh has witnessed significant advancements in digital infrastructure and a growing 
awareness of DFS in recent years [7]. Government initiatives, private sector innovations, and 
widespread mobile penetration have contributed to an environment conducive to DFS growth [8]. 
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Yet, challenges remain in understanding the complex of adoption behaviors among various 
demographic and socio-economic groups [9]. These challenges necessitate a deeper exploration of the 
factors influencing DFS adoption, including individual, technological, and institutional variables. 
Identifying these factors and evaluating their relative importance can provide actionable insights for 
stakeholders aiming to enhance the reach and effectiveness of DFS. 

Despite numerous studies exploring various facets of digital financial service adoption [10-13], 
this research offers a holistic perspective by combining SEM and ANN approaches to uncover both 
linear and nonlinear relationships, ensuring a comprehensive analysis tailored to the Bangladeshi 
context. This study aims to evaluate and rank the factors that affect DFS adoption in Bangladesh, 
thereby addressing critical gaps in the literature and practice. Specifically, the study is guided by two 
primary research questions: (1) How do factors such as financial literacy, trust in digital finance, 
access to capital, digital payment use, and digital financial inclusion influence DFS adoption? and (2) 
How do these factors rank in importance in terms of their normalized impact on DFS adoption? These 
questions reflect the need for a holistic understanding of both the enabling and constraining factors 
that shape DFS usage in a rapidly digitizing economy. 

To address these research questions, this study adopts a robust mixed-method analytical 
framework that combines Structural Equation Modeling and Artificial Neural Networks. The SEM 
approach allows for the identification and validation of statistically significant factors influencing 
DFS adoption, providing a theoretical foundation based on causal relationships [14]. Subsequently, 
the ANN method is employed to quantify the relative importance of these factors, leveraging its 
capacity to capture non-linear relationships and rank predictors in terms of their impact [15]. This 
integrated methodology ensures a comprehensive analysis that bridges theoretical insights with 
practical implications. 

Key factors under investigation in this study include financial literacy, trust in digital financial 
systems, access to capital, the extent of digital payment usage, and overall digital financial inclusion 
[16]. Financial literacy, which reflects individuals’ understanding of financial products and services, 
is critical for enabling informed decision-making and fostering confidence in DFS. Trust, a pivotal 
element in the digital ecosystem, determines users’ willingness to engage with DFS platforms, 
particularly in contexts where security concerns are prevalent. Access to capital, encompassing both 
formal and informal financial sources, influences the economic feasibility of using DFS, while the 
usage of digital payments serves as an indicator of technological adoption and behavior. Lastly, 
digital financial inclusion underscores the role of institutional and infrastructural support in ensuring 
equitable access to DFS across different segments of the population [17]. 

The findings of this study hold significant implications for a range of stakeholders, including 
policymakers, financial institutions, technology providers, and development practitioners. By 
identifying the most influential factors and their rankings, this research provides a roadmap for 
designing targeted interventions to enhance DFS adoption. For policymakers, the results can inform 
the development of regulatory frameworks that address systemic barriers and promote trust and 
accessibility. Financial institutions can leverage these insights to tailor their product offerings and 
outreach strategies to better align with user needs. Technology providers, on the other hand, can 
prioritize features and functionalities that address user concerns, such as security and usability. 

Therefore, this study makes four significant contributions to the field of digital financial service 
adoption research. First, it develops a conceptual model that integrates financial literacy, trust in 
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digital finance, access to capital, digital payment usage, and digital financial inclusion as 
determinants of DFS adoption in Bangladesh. Second, the research uniquely employs a dual-method 
approach, combining Structural Equation Modeling and Artificial Neural Networks, to validate 
relationships and rank the normalized impact of these factors, offering a robust and nuanced 
understanding. Third, it provides empirical evidence by analyzing the interplay between these 
factors, particularly in the context of a developing country. Finally, the study delivers actionable 
insights for policymakers and financial institutions to enhance DFS adoption, promoting financial 
inclusion and advancing digital transformation in Bangladesh. 

The paper is organized as follows: Section 1 introduces the study; Section 2 reviews the relevant 
literature and outlines the theoretical framework; Section 3 explains the methodology; Section 4 
presents the results and discusses the findings; and Section 5 concludes by highlighting implications, 
limitations, and suggestions for future research. 

2. Review of Literature and Theoretical Background  

2.1. Literature Review 

Digital financial services adoption (DFSA) refers to the process by which individuals, businesses, 
and organizations begin to use digital platforms and technologies for financial transactions. These 
services include mobile banking, digital wallets, online money transfers, contactless payments, and 
access to credit and savings through digital means [18]. DFSA is a critical driver of financial inclusion, 
particularly in underbanked or unbanked populations, as it enables easier, faster, and more secure 
financial transactions [19, 20]. Several factors influence DFSA, encompassing technological, 
socioeconomic, behavioral, and institutional dimensions [21, 22]. 

Financial literacy plays a critical role in the adoption of digital financial services [23]. It equips 
individuals with the knowledge and confidence to effectively use digital platforms for financial 
transactions [24, 25]. Financial literacy is a fundamental enabler that strengthens the connection 
between individuals and the digital financial ecosystem [2]. Individuals with higher financial literacy 
are more likely to understand the benefits of DFS, such as convenience, security, and cost efficiency, 
which in turn fosters greater adoption [26]. Financial literacy reduces perceived risks and barriers, 
such as fears of fraud or lack of trust in digital systems, enabling informed decision-making regarding 
financial technology [27]. In developing countries like Bangladesh, where a significant portion of the 
population remains unbanked, improving financial literacy can bridge the knowledge gap and 
empower individuals to leverage DFS for financial inclusion. Moreover, targeted financial education 
campaigns can address specific challenges, such as digital literacy and trust-building, which will 
enhance DFS adoption rates [28]. The following hypothesis thus can be proposed:  

Hypothesis 1.  Financial literacy has a positive impact on digital financial services adoption. 
Trust in digital financial services is another pivotal factor influencing their adoption, particularly 

in emerging economies [29]. Trust mitigates perceived risks associated with data breaches, fraud, or 
system failures, which often deter potential users from engaging with digital financial platforms [30]. 
When individuals trust the reliability, security, and transparency of digital financial services, they 
are more likely to embrace these technologies for transactions, savings, and other financial activities. 
Factors such as robust consumer protection policies, positive user experiences, and reputation of 
service providers significantly enhance trust [31]. In Bangladesh, building trust is particularly 
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important due to limited financial literacy and prevalent concerns about online fraud. The service 
providers who establish credibility through secure platforms and transparent practices can foster 
greater adoption of digital financial services [32]. Accordingly, the hypothesis to be tested is as 
follows: 

Hypothesis 2.  Trust in digital financial services has a positive impact on digital financial services 
adoption. 

Access to capital is a significant determinant of digital financial services adoption [33]. Limited 
access to financial resources often restricts the affordability of devices like smartphones and internet 
services, which are prerequisites for engaging with DFS [34]. Moreover, access to capital enables 
small businesses and low-income individuals to leverage DFS for credit, savings, and investment 
opportunities, fostering greater adoption [35]. In developing countries like Bangladesh, where 
financial inclusion remains a challenge, improving access to capital can empower underbanked 
populations to transition from traditional cash-based systems to digital platforms. Microfinance 
initiatives and government-backed financial schemes that integrate DFS can further enhance 
accessibility and adoption, particularly for marginalized groups [36]. Thus, access to capital not only 
facilitates the initial adoption of digital financial services but also sustains their usage as a tool for 
economic empowerment and financial inclusion. Based on the preceding discussion, the following 
hypothesis is formulated: 

Hypothesis 3.  Access to capital has a positive impact on digital financial services adoption. 
Digital payment usage is closely linked to digital financial services adoption, serving both as a 

driver and a key indicator of DFS integration [37]. The convenience, speed, and cost-effectiveness of 
digital payment systems encourage individuals to explore and adopt other financial services offered 
on digital platforms. Regular use of digital payments, such as mobile money transfers and online bill 
payments, familiarizes users with the broader DFS ecosystem and increases their trust and confidence 
in these technologies. In Bangladesh, where digital payment solutions are widely accessible, their 
usage has played a pivotal role in promoting financial inclusion by reaching unbanked and 
underbanked populations [38, 39]. Moreover, the COVID-19 pandemic has accelerated the reliance 
on digital payments, further boosting DFS adoption as individuals adapt to contactless and remote 
financial transactions [40, 41].  Accordingly, the hypothesis to be tested is as follows: 

Hypothesis 4.  Digital payment usage has a positive impact on digital financial services adoption. 
Digital financial inclusion is a critical enabler of digital financial services adoption by focusing 

on providing underserved populations with affordable and convenient access to financial tools 
through digital platforms [2]. By bridging the gap between traditional banking services and 
unbanked or underbanked individuals, digital financial inclusion lays the foundation for widespread 
DFS adoption. Access to services like mobile money, digital wallets, and microcredit not only 
increases financial literacy but also builds trust and confidence in digital systems, motivating 
individuals to adopt DFS [42]. In Bangladesh, initiatives promoting digital financial inclusion have 
targeted rural populations and low-income groups, leveraging mobile banking platforms to enhance 
accessibility [7]. The following hypothesis is thus postulated based on the literature review: 

Hypothesis 5.  Digital financial inclusion has a positive impact on digital financial services adoption. 

2.2. Theoretical Underpinning 
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The adoption of Digital Financial Services can be effectively explained through the Technology 
Acceptance Model (TAM), a well-established framework that helps in understanding the factors 
influencing individuals’ acceptance and usage of new technologies. According to TAM, two key 
determinants drive the adoption of technology: Perceived Ease of Use and Perceived Usefulness [43]. 
In the context of DFS adoption in Bangladesh, these factors are critical in shaping user decisions and 
behaviors toward engaging with digital financial platforms. 

Perceived ease of use refers to the degree to which a user believes that using a particular 
technology will be free of effort [43]. For DFS, this translates into the user’s ability to understand and 
navigate digital platforms with minimal difficulty. Access to mobile phones and internet services, 
combined with user-friendly interfaces of DFS platforms through mobile banking, can significantly 
impact the perceived ease of use, thereby encouraging adoption [44]. 

On the other hand, perceived usefulness is the degree to which a person believes that using 
technology will enhance their financial transactions or provide additional benefits [45]. In the case of 
DFS, perceived usefulness can be associated with benefits such as convenience, speed, cost-
effectiveness, and the ability to make financial transactions without visiting physical banking 
institutions. Trust in digital platforms, security measures, and positive user experiences can enhance 
the perceived usefulness of DFS, motivating users to adopt them [46].  

Further, trust and financial literacy are external variables that affect both perceived ease of use 
and perceived usefulness in the context of DFS adoption. Trust in digital platforms influences users’ 
willingness to engage with DFS, as individuals are more likely to adopt technologies, they believe 
are secure and reliable. Likewise, financial literacy equips individuals with the knowledge to 
understand and utilize digital financial services effectively, which in turn enhances both their 
perception of ease of use and usefulness. 

 

 

Figure 1. Conceptual framework (Author’s construction). 

Additionally, digital financial inclusion serves as an important context in the TAM framework, 
as it addresses the barriers to access, such as affordability, geographic constraints, and lack of 
infrastructure, which can influence perceived ease of use and usefulness [47]. By improving access to 
capital and promoting policies that support digital financial inclusion, more individuals are able to 



Nafis Sadik and Md. Mominur Rahman / Journal of Risk Analysis and Crisis Response, 2024, 14(4), 404-422  

DOI: https://doi.org/10.54560/jracr.v14i4.555                                                          409 

perceive DFS as useful and easy to use, thus increasing adoption rates. Based on the literature review 
and theoretical understanding of the Technology Acceptance Model, the following conceptual 
framework is developed in Figure 1. 

3. Methodology 

3.1. Data and Sample 

The study targeted five key groups as its population: digital financial service users, providers, 
practitioners at banks, NGOs, and government officials, all based in Dhaka city. A convenience 
sampling method was employed to select participants. Following Hair et al. [48] and Rahman et al. [49], 
the required sample size was set at a minimum of ten times the number of questionnaire items, 
necessitating at least 180 respondents. To ensure sufficient data for analysis, 400 questionnaires were 
distributed. Data collection spanned from April 30, 2024, to June 1, 2024, utilizing a structured 
questionnaire. Out of the 400 questionnaires, 340 valid and complete responses were received and 
included in the analysis. The study strictly adhered to the ethical standards outlined by the BIGM 
Institutional Review Board, ensuring participant anonymity throughout the research process. 

Table 1. Demographic profile of the respondents. 

Demographic Variable Category n=340 % 

Gender Male 200 58.8  
Female 140 41.2 

Age 18–25 80 23.5  
26–35 120 35.3  
36–45 90 26.5  
46–55 30 8.8  
56+ 20 5.9 

Education Non-formal 10 2.9  
Diploma 40 11.8  
Secondary 70 20.6  
Higher Secondary 60 17.6  
Bachelor 100 29.4  
Master 50 14.7  
Others 10 2.9 

Table 1 provides a detailed demographic breakdown of the study’s respondents (n=340). 
Regarding gender, the majority were male, comprising 58.8% (n=200) of the sample, while females 
accounted for 41.2% (n=140). In terms of age distribution, the largest proportion of respondents fell 
within the 26–35 age group, representing 35.3% (n=120). This was followed by the 36–45 age group at 
26.5% (n=90), and the 18–25 age group at 23.5% (n=80). Respondents aged 46–55 accounted for 8.8% 
(n=30), while those aged 56 and above represented the smallest group at 5.9% (n=20). 

When considering educational attainment, a significant portion of the respondents held a 
bachelor’s degree, making up 29.4% (n=100) of the sample. This was followed by secondary education 
at 20.6% (n=70) and higher secondary education at 17.6% (n=60). Respondents with master’s degrees 
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accounted for 14.7% (n=50), while those with diplomas comprised 11.8% (n=40). A small percentage of 
respondents reported having non-formal education or other forms of education, each representing 2.9% 
(n=10). This demographic profile highlights a diverse sample in terms of gender, age, and education, 
with a significant representation of young and middle-aged individuals as well as varying levels of 
educational attainment. 

3.2. Operationalization of Measurement Scales 

The study incorporates six latent variables: “Financial Literacy,” “Trust in Digital Financial Service,” 
“Access to Capital,” “Digital Payment Use,” “Digital Financial Inclusion,” and “Digital Financial 
Service Adoption.” These variables represent key constructs designed to capture various dimensions of 
digital financial service within the research framework. Each variable plays a distinct role in examining 
the relationships and impacts relevant to the study’s objectives. Following Rahman and Sadik [16], each 
of the variable is constructed using 3 items in this study. 

Financial literacy (FL) is evaluated by analyzing individuals’ ability to acquire and apply financial 
knowledge and skills effectively. This involves examining the extent to which respondents actively seek 
financial knowledge and skills to make informed decisions (FL1), their familiarity with various digital 
financial services (FL2), and their awareness of the critical role financial literacy plays in achieving 
financial stability (FL3). Collectively, these metrics provide a comprehensive overview of financial 
literacy and its contribution to informed financial behaviors. 

Trust in digital financial services (TDFS) is assessed by capturing users’ perceptions of the 
reliability and security of these platforms. The evaluation includes whether respondents trust the 
security of their personal information when using these services (TDFS1), perceive providers as reliable 
and trustworthy (TDFS2), and feel confident in the accuracy and efficiency of transaction processing 
(TDFS3). These items collectively measure the confidence users place in digital financial services, 
influencing their adoption and continued use. 

Access to capital (AC) is measured through respondents’ perceptions of and experiences with 
financial resources. This assessment considers whether individuals believe financial institutions are 
willing to provide loans or credit when needed (AC1), recognize the importance of access to capital in 
achieving financial goals (AC2), and find the process of obtaining financial resources through digital 
platforms to be straightforward and user-friendly (AC3). These metrics highlight how accessibility to 
capital affects financial empowerment. 

Digital payment usage (DPU) focuses on understanding the frequency and user perceptions of 
digital payment methods. It evaluates whether respondents frequently use digital payment systems 
like mobile wallets and online banking (DPU1), perceive these methods as more convenient than 
traditional cash transactions (DPU2), and believe digital payments improve expense tracking (DPU3). 
These factors reflect how digital payment solutions streamline financial transactions for users. 

Digital financial inclusion (DFI) is analyzed by exploring respondents’ access to and perceptions 
of digital financial services. This includes assessing whether respondents have easy access to digital 
services like mobile or Internet banking (DFI1), feel included in the financial system with access to 
tailored products (DFI2), and perceive these services as equitable, providing opportunities irrespective 
of socioeconomic status (DFI3). Together, these items, rated on a Likert scale, offer insights into the 
breadth and equity of digital financial inclusion. 
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Lastly, digital financial service adoption (DFSA) is measured through individuals’ usage 
experiences and perceptions. This involves determining whether respondents find digital financial 
services convenient for transactions (DFSA1), believe these services have improved their financial 
management efficiency (DFSA2), and recognize their positive impact on financial activities (DFSA3). 
These indicators collectively represent the extent to which users have embraced digital financial 
platforms in their financial practices. 

Each item, evaluated on a 5-point Likert scale, offers a detailed assessment of digital financial 
service adoption and the various factors that influence it. The 5-point scale provides a clear and 
structured way to capture varying degrees of agreement or disagreement, allowing for a more nuanced 
understanding of respondents’ attitudes and perceptions. 

3.3. Analysis Approaches 

This study adopts a multi-method approach, combining PLS-SEM with ANN to rigorously test the 
proposed hypotheses [50]. PLS-SEM is preferred over Covariance-Based SEM (CB-SEM) due to its 
suitability for exploratory research, especially when the model is complex and the sample size is limited, 
as in this study [51-53]. PLS-SEM effectively handles non-normal data distributions and can assess both 
reflective and formative constructs, making it ideal for exploring the complex relationships between 
variables in sustainability research [51, 54]. Following PLS-SEM, ANN is used to further strengthen the 
analysis by identifying non-linear relationships and interactions that traditional linear models might 
overlook. ANN’s capacity to capture complex patterns and interactions provides a powerful framework 
to validate the results from PLS-SEM, offering a comprehensive understanding of the factors that 
influence DFS [55]. 

3.4. Common Method Bias 

For ensuring the reliability and validity of the results, this study took comprehensive measures to 
address potential common method bias (CMB). It is a concern when the same data collection method is 
used for multiple variables. Two primary strategies were implemented to detect and minimize CMB. 
First, Harman’s single-factor test was conducted, as suggested by Karatepe [56], to determine whether 
a single factor dominated the variance in the data. The analysis showed that the largest factor accounted 
for only 34.27% of the total variance, which is significantly below the 50% threshold commonly accepted 
in the literature [57], indicating that CMB was not a major issue. Second, the full collinearity test, 
recommended by Kock [58], was employed to calculate the variance inflation factors (VIFs) for the latent 
variables. All VIF values were below 3.0, further confirming that multicollinearity is absent and CMB 
did not pose a significant problem in this study.  

4. Results and Discussions 

4.1. Measurement Modeling 

In this study, the PLS-SEM approach was employed to evaluate the relationships between 
observed indicators and their respective latent variables [51, 59]. A key aspect of this analysis is the 
measurement model, which serves to validate the reliability and validity of the constructs. The 
measurement model enables researchers to ensure that the indicators accurately capture the underlying 
concepts and relationships, facilitating robust structural modeling [60]. 
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The reliability of the constructs was assessed using two metrics: Cronbach’s Alpha (CA) and 
Composite Reliability (CR). These measures ensure internal consistency, verifying that the constructs 
reliably measure what they are intended to measure. The results, summarized in Table 2, show that all 
constructs exceed the recommended threshold of 0.70 for both CA and CR, indicating satisfactory 
reliability [51, 61]. For example, the CR values range from 0.86 for Access to Capital to 0.91 for Digital 
Financial Service Adoption, while CA values are similarly strong, ranging from 0.79 to 0.87. 

Table 2. Measurement model summary. 

Constructs Items Loadings CA CR AVE 

Financial Literacy (FL) FL1 0.82 0.81 0.88 0.65 

 FL2 0.75    

 FL3 0.80    

Trust in Digital Financial Service (TDFS) TDFS1 0.85 0.84 0.89 0.67 

TDFS2 0.78    

TDFS3 0.83    

Access to Capital (AC) AC1 0.76 0.79 0.86 0.61 

 AC2 0.80    

 AC3 0.74    

Digital Payment Use (DPU) DPU1 0.79 0.83 0.89 0.66 

 DPU2 0.82    

 DPU3 0.81    

Digital Financial Inclusion (DFI) DFI1 0.77 0.85 0.90 0.69 

 DFI2 0.86    

 DFI3 0.80    

Digital Financial Service Adoption (DFSA) DFSA1 0.81 0.87 0.91 0.71 

DFSA2 0.84    

DFSA3 0.89    

Note: CA: Cronbach’s Alpha, CR: Composite Reliability, AVE: Average Variance Extracted. 

Table 3. Discriminant validity using HTMT. 

Constructs FL TDFS AC DPU DFI DFSA 

FL       

TDFS 0.56      

AC 0.43 0.41     

DPU 0.61 0.36 0.33    

DFI 0.48 0.66 0.49 0.53   

DFSA 0.37 0.74 0.62 0.57 0.68  

Convergent validity was evaluated through the Average Variance Extracted (AVE), which 
measures the degree to which a construct explains the variance in its indicators. All constructs in this 
study achieved AVE values between 0.61 and 0.71, exceeding the minimum acceptable threshold of 0.50, 
as recommended by Hair et al. [51]. These findings confirm that the constructs are valid and capture 
the intended theoretical concepts. 
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Discriminant validity was assessed to ensure that the constructs are distinct and not measuring 
overlapping concepts. The Heterotrait-Monotrait Ratio (HTMT) criterion was used, which evaluates the 
degree of correlation between constructs. As shown in Table 3, all HTMT values are below the critical 
threshold of 0.85, with the highest value being 0.74 between Trust in Digital Financial Services and 
Digital Financial Service Adoption. This indicates strong discriminant validity, supporting the 
uniqueness of each construct in the model [51]. 

4.2. Structural Modeling 

In this study, SmartPLS-4 software is used to examine the relationships between variables and test 
the proposed hypotheses. To ensure the reliability of the results, a bootstrapping technique with 5000 
subsamples was applied. This approach allowed for a detailed assessment of the relationships within 
the model and ensured that the results were robust. Two key metrics were used to evaluate the 
predictive strength of the model: the R-squared value and the Q-squared value [62]. 

Table 4 shows that the R-squared value for the dependent variable, Digital Financial Service 
Adoption, is 0.783. This means that 78.3% of the variance in DFSA can be explained by the independent 
variables in the model. This high R-squared value indicates that the model has strong predictive power 
[63]. Additionally, the Adjusted R-squared value, which accounts for the number of predictors, is 0.759. 
This adjusted value further supports the reliability of the model, showing that the explained variance 
remains strong even after accounting for the complexity of the model. 

Table 4. Model evaluation. 

Variable R-squared Adjusted R-squared Q-squared 

DFSA 0.783 0.759 0.475 

The Q-squared value, which measures the predictive relevance of the model, was found to be 0.475. 
A positive Q-squared value indicates that the model has substantial predictive significance [64]. In this 
study, the Q-squared value suggests that the independent variables in the model contribute 
meaningfully to explaining the dependent variable. These results confirm that the model is capable of 
making accurate predictions about the relationships between the variables. 

The overall fitness of the model was evaluated using several key indicators, as presented in Table 
5. One of the main indicators used in PLS-SEM is the SRMR (Standardized Root Mean Square Residual). 
This value measures the difference between the predicted and observed values in the model [65]. In this 
study, the SRMR value was found to be 0.058, which is well below the acceptable threshold of 0.08. This 
low value indicates that the model fits the data very well, with minimal deviations [51]. 

Table 5. Model fitness. 

Measures Estimated Model 

SRMR 0.058 

NFI 0.931 

d_ULS 0.847 

d_G 0.423 

Chi-square 627.975 
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Another important measure of model fit is the NFI (Normed Fit Index). The NFI value for this 
model was 0.931. Since NFI values closer to 1 indicate better fit, this result suggests that the model 
performs strongly and aligns well with the observed data [66]. 

The d_ULS (Unstandardized Leverage Squared) value, which assesses how well the model fits the 
data, was recorded as 0.847. This value is close to 1, which is the ideal range, indicating that the model 
fits the data appropriately. Similarly, the d_G (Geodesic Discrepancy) value, which measures how well 
the model differentiates between significant and non-significant components, was found to be 0.423. 
This result further supports the model’s ability to distinguish meaningful relationships in the data [51]. 

Finally, the Chi-square (χ2) value was 627.975. In PLS-SEM, a lower Chi-square value indicates a 
better fit between the observed and predicted values. The relatively low value in this study suggests 
that the model has a good fit and that the predicted relationships align closely with the observed data 
[51]. 

Thus, the various metrics used to assess the model’s fit—such as SRMR, NFI, d_ULS, d_G, and 
Chi-square—all confirm that the model is robust and well-suited for examining the relationships 
between the variables. Together with the strong R-squared and Q-squared values, these results provide 
confidence in the validity and reliability of the study’s findings. This comprehensive evaluation ensures 
that the model can accurately explain and predict the interactions among the constructs under 
investigation. 

Table 6 presents the hypothesis testing results, demonstrating the significant direct effects of the 
investigated variables on Digital Financial Service Adoption. The findings highlight the positive 
contributions of each factor, confirming all proposed hypotheses. 

Table 6. Hypothesis testing. 

Hypothesized relationships Coefficients T-value P-value Supported 

H1: FL→DFSA 0.782 15.64 0.000 Yes 

H2: TDFS→DFSA 0.441 7.22 0.000 Yes 

H3: AC→DFSA 0.303 5.85 0.000 Yes 

H4: DPU→DFSA 0.208 4.22 0.000 Yes 

H5: DFI→DFSA 0.578 9.63 0.000 Yes 

Specifically, Financial Literacy (FL) exhibits the strongest positive influence on DFSA (coefficient 
= 0.782, t-value = 15.64, p < 0.001), indicating that enhancing individuals’ financial literacy significantly 
promotes the adoption of digital financial services, thereby supporting H1. Similarly, Trust in Digital 
Financial Services (TDFS) has a notable positive impact (coefficient = 0.441, t-value = 7.22, p < 0.001), 
affirming H2 and emphasizing the critical role of trust in encouraging DFSA. 

Access to Capital (AC) also contributes positively to DFSA (coefficient = 0.303, t-value = 5.85, p < 
0.001), supporting H3 and underscoring the importance of financial resources in driving adoption. 
Furthermore, Digital Payment Usage (DPU) demonstrates a significant positive effect on DFSA 
(coefficient = 0.208, t-value = 4.22, p < 0.001), aligning with H4 and highlighting the role of payment 
behavior in fostering service adoption. 

Lastly, Digital Financial Inclusion (DFI) has a substantial positive effect on DFSA (coefficient = 
0.578, t-value = 9.63, p < 0.001), confirming H5 and showcasing the importance of inclusive financial 
systems in expanding the reach and adoption of digital financial services. 
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4.3. ANN Modeling 

Following the SEM analysis, an Artificial Neural Network approach was applied to validate the 
results and capture nonlinear relationships among the variables influencing DFSA. This analysis used 
latent variable scores derived from SEM as input data, ensuring the constructs were well-calibrated for 
robust predictive modeling. By incorporating these scores, the ANN model leveraged the underlying 
relationships to provide deeper insights into the adoption process. To enhance the model’s reliability 
and generalizability, a ten-fold cross-validation technique was implemented. This method, widely 
recommended for ANN analysis, divides the dataset into ten subsets, using 90% of the data for training 
and 10% for testing in iterative cycles [61]. This process reduces overfitting and ensures consistent 
predictive performance. The ANN architecture included an input layer with five predictor variables—
digital financial inclusion, digital payment usage, financial literacy, trust in digital financial services, 
and access to capital—and an output layer for DFSA. 

Table 7 presents the root mean square error (RMSE) metrics for the training and testing phases of 
the ANN model. The RMSE values for the training phase ranged between 0.086 and 0.094, while the 
testing phase exhibited values between 0.057 and 0.083. These results indicate a high level of precision, 
as all RMSE values fall well below the critical threshold of 0.50 [67, 68]. The proximity of RMSE values 
between the training and testing phases highlights the model’s consistency and reliability in capturing 
relationships among the variables. 

Table 7. ANN-RMSE values. 

 Training (90%) Testing (10%) Total Samples 

Network SSE RMSE N SSE RMSE N  
1 2.336 0.089 296 0.171 0.062 44 340 

2 2.580 0.094 293 0.154 0.057 47 340 

3 2.276 0.088 292 0.156 0.057 48 340 

4 2.271 0.088 295 0.255 0.075 45 340 

5 2.386 0.090 297 0.237 0.074 43 340 

6 2.384 0.088 305 0.196 0.075 35 340 

7 2.611 0.093 303 0.213 0.076 37 340 

8 2.150 0.086 288 0.296 0.075 52 340 

9 2.463 0.090 306 0.233 0.083 34 340 

10 2.316 0.088 297 0.246 0.076 43 340 

Mean 2.377 0.089  0.216 0.071   
SD 0.135 0.002  0.044 0.008   

Figure 2 illustrates the RMSE values for both training and testing phases across 10 different ANNs 
in the study focused on digital financial service adoption. The RMSE is a measure of the model’s 
predictive accuracy, with lower values indicating better performance [69]. In this chart, the orange line 
represents the RMSE for training, while the gray line shows the RMSE for testing. 
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From the figure, it can be observed that the RMSE for training data fluctuates around 0.086 to 0.094, 
suggesting stable performance across most training iterations. The testing RMSE shows more variability, 
ranging from 0.057 (lowest in ANN 2 and 3) to 0.083 (highest in ANN 9). This difference between 
training and testing RMSE values indicates how well the models generalize to unseen data. Although 
there is some variation in the testing RMSE, the results suggest that the ANNs perform consistently 
without significant overfitting, as the testing RMSE remains reasonably close to the training RMSE for 
most models. 

Figure 2. RMSE values for training and testing ANNs. 

To identify the most influential factors affecting DFSA, a sensitivity analysis was conducted as part 
of the ANN approach. This analysis measures the relative importance of each predictor variable in 
determining the dependent variable. Table 8 summarizes the sensitivity analysis results, presenting 
both the average and normalized importance of each variable. 

Table 8. Sensitivity analysis for ranking. 

Network DFI DPU FL TDFS AC 

1 0.618 0.106 0.850 0.596 0.596 

2 0.578 0.217 0.850 0.697 0.697 

3 0.669 0.095 0.850 0.456 0.456 

4 0.850 0.398 0.622 0.404 0.381 

5 0.789 0.394 0.850 0.575 0.406 

6 0.787 0.501 0.850 0.583 0.399 

7 0.850 0.303 0.571 0.601 0.601 

8 0.850 0.397 0.843 0.678 0.499 

9 0.850 0.134 0.619 0.596 0.596 

10 0.834 0.331 0.850 0.506 0.506 

Average Importance 0.767 0.288 0.775 0.569 0.514 

Normalized Importance (%) 99% 37% 100% 73% 66% 

Ranking 2 5 1 3 4 
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The findings reveal that financial literacy is the most critical factor, with a normalized importance 
of 100%, followed closely by digital financial inclusion at 99%. Trust in digital financial services ranks 
third with 73%, while access to capital and digital payment usage are ranked fourth and fifth, with 
normalized importance values of 66% and 37%, respectively. These rankings underscore the 
hierarchical impact of these factors on DFSA, with financial literacy and inclusion emerging as 
dominant predictors. 

The ANN analysis, supported by sensitivity testing, reinforces the findings from SEM by 
highlighting the significant and nonlinear contributions of the investigated variables. The robust RMSE 
values confirm the model’s predictive accuracy, while the sensitivity analysis provides actionable 
insights into prioritizing strategies for promoting digital financial service adoption. These results 
collectively validate the importance of enhancing financial literacy and inclusion as primary drivers in 
the adoption process. 

4.4. Discussions 

This research investigates the factors influencing the adoption of digital financial services in 
Bangladesh using Structural Equation Modeling and Artificial Neural Networks approaches. The 
findings underscore the importance of multiple variables, with financial literacy, trust in digital 
financial platforms, access to capital, digital payment usage, and financial inclusion emerging as 
significant predictors. 

The results reveal that financial literacy is the most critical factor influencing DFS adoption. In 
Bangladesh, where awareness and knowledge about financial tools and systems remain limited, 
improving financial literacy can empower users to access and utilize DFS effectively. Financial literacy 
showed the highest impact in both SEM results and ANN sensitivity analysis, with a normalized 
importance score of 100%. This highlights the necessity of educational interventions focused on 
equipping individuals with the skills to navigate digital financial tools. This emphasis on the pivotal 
role of financial literacy aligns with the conclusions drawn by earlier studies as well [70-72].  

Trust plays a vital role in increasing adoption rates. Many users in Bangladesh are apprehensive 
about the security and reliability of digital platforms, which poses a barrier to widespread adoption. 
This study confirms that trust significantly influences the willingness to adopt DFS, emphasizing the 
need for service providers to implement secure systems and ensure transparency to build user 
confidence [16]. 

The study also finds that access to financial capital and the frequency of digital payment usage 
contribute positively to DFS adoption. While access to capital is more directly linked to economic 
empowerment, the habitual use of digital payments indicates a shift toward financial inclusion and 
digital literacy. These factors point to the importance of creating an enabling environment where 
individuals, especially in rural and underserved areas, can access the infrastructure required for DFS. 

Financial inclusion significantly impacts the adoption of DFS, aligning with the broader objectives 
of fostering equitable access to financial services. The study highlights that increased financial inclusion 
initiatives can bridge the gap between urban and rural populations, ensuring that marginalized groups 
benefit from digital finance. 

Thus, the findings emphasize the interplay between financial literacy, trust, access to capital, 
digital payment usage, and financial inclusion, enriching the theoretical discourse on technology 
acceptance and financial behavior. By focusing on Bangladesh, the study fills a significant gap in the 
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literature, offering insights that are highly relevant for other developing economies with similar socio-
economic contexts. 

This study also identifies several critical priorities for policymakers to consider in order to 
accelerate the adoption of digital financial services in Bangladesh. Financial literacy emerged as the 
most influential factor, indicating the need for nationwide educational initiatives focusing on financial 
awareness and digital competence. Policymakers can collaborate with educational institutions, non-
governmental organizations, and financial service providers to implement targeted programs that 
equip individuals with the knowledge and skills to use DFS effectively. Additionally, improving trust 
in digital platforms is essential. Ensuring robust cybersecurity measures, transparent policies, and 
customer-centric services can significantly build user confidence. Regulatory bodies should also focus 
on creating an inclusive financial environment by extending digital infrastructure to underserved rural 
areas and promoting equitable access to capital. These initiatives can collectively foster a supportive 
ecosystem for DFS adoption, aligning with broader goals of financial inclusion and economic 
empowerment. 

5. Conclusions and Implications 

This study investigates the determinants of digital financial service adoption in Bangladesh, 
examining key variables such as financial literacy, trust in digital platforms, access to capital, digital 
payment usage, and financial inclusion. By employing an integrated methodology combining 
Structural equation modeling and artificial neural networks, the research provides a detailed 
understanding of these factors’ roles and relative significance. The findings indicate that financial 
literacy is the most influential factor, followed by digital financial inclusion, trust, access to capital, 
and digital payment usage. This consistency between SEM and ANN results highlights the critical 
importance of these elements in facilitating widespread DFS adoption. 

The study makes theoretical contributions by emphasizing the interplay among key factors such 
as financial literacy, trust, and inclusion within DFS adoption frameworks. The prominent role of 
financial literacy underscores its necessity in fostering digital financial participation, particularly in 
emerging economies like Bangladesh. The hybrid methodological approach—integrating SEM to 
identify causal relationships and ANN to rank variable importance—offers a robust framework for 
future research exploring financial inclusion and DFS adoption. These findings not only validate 
existing theories but also extend them by integrating advanced analytical tools to uncover both linear 
and non-linear relationships. 

From a practical perspective, the study offers valuable insights for policymakers, financial 
institutions, and service providers. Targeted educational initiatives are needed to enhance financial 
literacy, especially in underserved and rural areas, to empower individuals to utilize DFS effectively. 
Trust in digital platforms must be bolstered by ensuring system security, transparency, and reliability. 
Policymakers should address infrastructural challenges to promote financial inclusion and equitable 
access to DFS. Furthermore, facilitating access to financial capital and encouraging habitual use of 
digital payment systems can drive adoption rates and contribute to economic empowerment. 

Methodologically, the study showcases the utility of combining SEM and ANN, offering a 
comprehensive approach to analyzing both direct and ranked effects of predictors. This dual 
approach provides a richer understanding of the dynamics influencing DFS adoption, laying a 
foundation for future research to incorporate additional variables or contexts. Expanding the 
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methodological toolkit enhances the precision and applicability of financial inclusion studies across 
diverse economic settings. 

Despite its contributions, the research has limitations. Its reliance on cross-sectional data restricts 
the ability to observe long-term adoption trends, and the focus on Bangladesh may limit the 
generalizability of findings to other regions. Future research should employ longitudinal designs to 
capture temporal dynamics and explore cultural, technological, and policy factors influencing DFS 
adoption. Expanding the geographic scope to include comparative studies across different countries 
could further enrich the global discourse on digital financial inclusion.  

Contributions: N.S.: Writing – original draft, Writing – review & editing. M.M.R.: Conceptualization, Fromal 

analysis, Investigation, Software, Validation, Supervision, Writing – review & editing.  

Acknowledgments: The author would like to thank the data collectors, and trainers.  

Funding: This work was supported by Bangladesh Institute of Governance and Management (Grant numbers 

[BIGM/Re & Pub/Digital Finance/01–02–2024]. M.M.R. has received research support from Bangladesh Institute 

of Governance and Management. 

Conflicts of Interest: The authors declare no conflict of interest.  

References 

[1] Arner, D.W., Buckley, R.P., and Zetzsche, D.A. (2018). Fintech for financial inclusion: A framework for 
digital financial transformation. UNSW Law Research Paper (18-87).  
https://dx.doi.org/10.2139/ssrn.3245287  

[2] Pazarbasioglu, C., Mora, A.G., Uttamchandani, M., Natarajan, H., Feyen, E., and Saal, M. (2020). Digital 
financial services. World Bank, 54, 1-54.  

[3] Xu, A., Siddik, A.B., Sobhani, F.A., and Rahman, M.M. (2024). Driving economic success: Fintech, tourism, 
FDI, and digitalization in the top 10 tourist destinations. Humanities and Social Sciences Communications, 
11(1), 1549. https://doi.org/10.1007/s43621-024-00675-8   

[4] Ediagbonya, V. and Tioluwani, C. (2023). The role of fintech in driving financial inclusion in developing 
and emerging markets: issues, challenges and prospects. Technological Sustainability, 2(1), 100-119.  
https://doi.org/10.1108/TECHS-10-2021-0017  

[5] Wang, C., Rahman, M.M., Siddik, A.B., Wen, Z.G., and Sobhani, F.A. (2024). Exploring the synergy of 
logistics, finance, and technology on innovation. Scientific Reports, 14(1), 21918. 
https://doi.org/10.1038/s41598-024-72409-9   

[6] Rahman, M.M. (2024). Moderating effects of energy poverty on financial inclusion, FinTech lending, and 
economic growth: Evidence from fsQCA, NCA, and econometric models. Environmental Challenges, 15, 
100867. https://doi.org/10.1016/j.envc.2024.100867   

[7] Mujeri, M.K. and Azam, S. (2018). Role of Digital Financial Services in Promoting Inclusive Growth in 
Bangladesh: Challenges and Opportunities. Institute for Inclusive Finance and Development, Working 
Paper, 55.  

[8] Hossain, M. (2022) Transformative Impact of Digitalization on Selected Sectors, in Digital Transformation 
and Economic Development in Bangladesh: Rethinking Digitalization Strategies for Leapfrogging, 
Springer.197-223. https://doi.org/10.1007/978-981-19-2753-9_10  

[9] Karim, K.S., Islam, M.E., Ibrahim, A.M., Pan, S.-H., and Rahman, M.M. (2024). Online Marketing Trends 
and Purchasing Intent: Advances in Customer Satisfaction through PLS-SEM and ANN Approach. 
Advances in Decision Sciences, 27(4), 24-54. https://doi.org/10.47654/v27y2023i4p24-54    

[10] Jünger, M. and Mietzner, M. (2020). Banking goes digital: The adoption of FinTech services by German 
households. Finance Research Letters, 34, 101260. https://doi.org/10.1016/j.frl.2019.08.008  

[11] Kingiri, A.N. and Fu, X. (2020). Understanding the diffusion and adoption of digital finance innovation in 
emerging economies: M-Pesa money mobile transfer service in Kenya. Innovation and Development.  
https://doi.org/10.1080/2157930X.2019.1570695  



Nafis Sadik and Md. Mominur Rahman / Journal of Risk Analysis and Crisis Response, 2024, 14(4), 404-422  

DOI: https://doi.org/10.54560/jracr.v14i4.555                                                          420 

[12] Kaur, S.J., Ali, L., Hassan, M.K., and Al-Emran, M. (2021). Adoption of digital banking channels in an 
emerging economy: exploring the role of in-branch efforts. Journal of Financial Services Marketing, 26(2), 
107. https://doi.org/10.1057/s41264-020-00082-w  

[13] Bongomin, G.O.C. and Ntayi, J.M. (2020). Mobile money adoption and usage and financial inclusion: 
mediating effect of digital consumer protection. Digital Policy, Regulation and Governance, 22(3), 157-176.  

[14] Machfudiyanto, R.A., Kim, S., Latief, Y., Rachmawati, T.S.N., and Laksono, N.B. (2023). Analysis of design-
for-safety implementation factors in the Indonesian construction industry: A two-staged SEM-artificial 
neural network approach. Heliyon, 9(11). https://doi.org/10.1016/j.heliyon.2023.e21273  

[15] Swarnkar, D.C., Singh, A.K., and Shubham, K. (2024). Application of ANN for prediction of settlement of 
ring foundation. Signal, Image and Video Processing, 18(11), 7537-7554.  

[16] Rahman, M.M. and Sadik, N. (2024). Measuring scale for digital financial services, economic growth, 
performance, and environmental sustainability: evidence from EFA and CFA. Quality & Quantity. 
https://doi.org/10.1007/s11135-024-02037-y   

[17] Huang, Y., Shuaib, M., Rahman, M.M., Rahman, M., and Hossain, M.E. (2024). Natural resources, digital 
financial inclusion, and good governance nexus with sustainable development: Fuzzy optimization to 
econometric modeling. Natural Resources Forum, 1-26. https://doi.org/10.1111/1477-8947.12549   

[18] Ong, H.-B. and Chong, L.-L. (2022). The effect of cashless payments on the internet and mobile banking. 
Journal of Financial Services Marketing, 28(1), 178.  

[19] Alam, N., Gupta, L., and Zameni, A. (2019). Fintech and Islamic finance (1st Ed.). Palgrave Macmillan Cham. 
https://doi.org/10.1007/978-3-030-24666-2  

[20] World, B. (2020). How Regulators Respond To FinTech: Evaluating the Different Approaches–Sandboxes 
and Beyond. https://documents1.worldbank.org/curated/en/579101587660589857/pdf/ How-Regulators-
Respond-To-FinTech-Evaluating-the-Different-Approaches-Sandboxes-and-Beyond.pdf  

[21] Smidt, H.J. and Jokonya, O. (2022). Factors affecting digital technology adoption by small-scale farmers in 
agriculture value chains (AVCs) in South Africa. Information Technology for Development, 28(3), 558-584.  

[22] Gbongli, K., Xu, Y., Amedjonekou, K.M., and Kovács, L. (2020). Evaluation and classification of mobile 
financial services sustainability using structural equation modeling and multiple criteria decision-making 
methods. Sustainability, 12(4), 1288. https://doi.org/10.3390/su12041288  

[23] Lyons, A.C., Kass-Hanna, J., Liu, F., Greenlee, A.J., and Zeng, L. (2020). Building financial resilience 
through financial and digital literacy in South Asia and Sub-Saharan Africa. ADBI Working Paper Series. 

[24] Andreou, P.C. and Anyfantaki, S. (2021). Financial literacy and its influence on internet banking behavior. 
European Management Journal, 39(5), 658-674. https://doi.org/10.1016/j.emj.2020.12.001  

[25] Kumar, P., Pillai, R., Kumar, N., and Tabash, M.I. (2023). The interplay of skills, digital financial literacy, 
capability, and autonomy in financial decision making and well-being. Borsa Istanbul Review, 23(1), 169-
183.  

[26] Mpofu, F.Y. (2023). Digital Financial Inclusion and Digital Financial Literacy in Africa: The Challenges 
Connected with Digital Financial Inclusion in Africa. In: Mhlanga, D., Ndhlovu, E. (eds) Economic 
Inclusion in Post-Independence Africa. Advances in African Economic, Social and Political Development. 
Springer, Cham. https://doi.org/10.1007/978-3-031-31431-5_7   

[27] Czech, K., Ochnio, L., Wielechowski, M., and Zabolotnyy, S. (2024). Financial Literacy: Identification of the 
Challenges, Needs, and Difficulties among Adults Living in Rural Areas. Agriculture, 14(10), 1705.  

[28] AbdulKareem, A.K. and Oladimeji, K.A. (2024). Cultivating the digital citizen: trust, digital literacy and e-
government adoption. Transforming Government: People, Process and Policy, 18(2), 270-286.  

[29] Priya, R., Gandhi, A.V., and Shaikh, A. (2018). Mobile banking adoption in an emerging economy: An 
empirical analysis of young Indian consumers. Benchmarking: An International Journal, 25(2), 743-762.  

[30] Krishna, B., Krishnan, S., and Sebastian, M.P. (2023). Examining the relationship between national 
cybersecurity commitment, culture, and digital payment usage: an institutional trust theory perspective. 
Information Systems Frontiers, 25(5), 1713-1741. https://doi.org/10.1007/s10796-022-10280-7  

[31] Aslam, W., Hussain, A., Farhat, K., and Arif, I. (2020). Underlying factors influencing consumers’ trust and 
loyalty in E-commerce. Business Perspectives and Research, 8(2), 186-204.  

[32] Sanyaolu, T.O., Adeleke, A.G., Azubuko, C.F., and Osundare, O.S. (2024). Harnessing blockchain 
technology in banking to enhance financial inclusion, security, and transaction efficiency. International 
Journal of Scholarly Research in Science and Technology, August, 5(01), 035-053.  



Nafis Sadik and Md. Mominur Rahman / Journal of Risk Analysis and Crisis Response, 2024, 14(4), 404-422  

DOI: https://doi.org/10.54560/jracr.v14i4.555                                                          421 

[33] Johri, A., Asif, M., Tarkar, P., Khan, W., and Wasiq, M. (2024). Digital financial inclusion in micro 
enterprises: understanding the determinants and impact on ease of doing business from World Bank 
survey. Humanities and Social Sciences Communications, 11(1), 1-10. https://doi.org/10.1057/s41599-024-
02856-2  

[34] David-West, O., Iheanachor, N., and Kelikume, I. (2018). A resource-based view of digital financial services 
(DFS): An exploratory study of Nigerian providers. Journal of Business Research, 88, 513-526.  

[35] Madan, N. (2020). A review of access to finance by micro, small and medium enterprises and digital 
financial services in selected Asia-Pacific least developed countries.  

[36] Agarwal, R. (2023). The Past & Future of Indian Finance. M-RCBG Associate Working Paper Series.  
[37] Anane, I. and Nie, F. (2022). Determinants factors of digital financial services adoption and usage level: 

Empirical evidence from Ghana. International Journal of Management Technology, 9(1), 26-47.  
[38] Aziz, A. and Naima, U. (2021). Rethinking digital financial inclusion: Evidence from Bangladesh. 

Technology in Society, 64, 101509. https://doi.org/10.1016/j.techsoc.2020.101509   
[39] Siddik, M.N.A., Sun, G., Yanjuan, C.U.I., and Kabiraj, S. (2014). Financial inclusion through mobile banking: 

a case of Bangladesh. Journal of Applied finance and Banking, 4(6), 109.  
[40] Agur, I., Peria, S.M., and Rochon, C. (2020). Digital financial services and the pandemic: Opportunities and 

risks for emerging and developing economies. International Monetary Fund Special Series on COVID-19, 
Transactions, 1, 2-1.  

[41] Sayari, K.T. (2023). Digitalization of the Financial Sector: New Opportunities and Challenges During the 
COVID-19 Crisis. In K. Mehta, R. Sharma, & P. Yu (Eds.), Revolutionizing Financial Services and Markets 
Through FinTech and Blockchain (pp. 78-98). IGI Global Scientific Publishing. https://doi.org/10.4018/978-
1-6684-8624-5.ch006   

[42] Yadav, R.S. and Kalluru, S.R. (2024). Principal–agent trust and adoption of digital financial services: 
Evidence from India. Economic Notes, 53(3). https://doi.org/10.1111/ecno.12247  

[43] Davis, F.D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information 
technology. MIS quarterly, 319-340.  

[44] Rahman, M.R. and Rahman, M.M. (2023). Impact of Digital Financial Services on Customers’ Choice of 
Financial Institutions: A Modified UTAUT Study in Bangladesh. International Journal of Safety & Security 
Engineering, 13(3).  

[45] Lee, M.C. (2009). Factors influencing the adoption of internet banking: An integration of TAM and TPB 
with perceived risk and perceived benefit. Electronic commerce research and applications, 8(3), 130-141.  

[46] Jain, N. and Raman, T.V. (2023). The interplay of perceived risk, perceive benefit and generation cohort in 
digital finance adoption. EuroMed Journal of Business, 18(3), 359-379.  

[47] Islam, M.F., Rahman, M.M., Sultana, S., Nabi, M.N., Rosid, M.H.O., and Alnour, M. (2024). Uncovering the 
impact on environmental challenges through the predictors of m-tourism apps adoption: SEM-NCA 
approaches. Environmental Challenges, 17, 101028. https://doi.org/10.1016/j.envc.2024.101028   

[48] Hair, J.F., Sarstedt, M., Ringle, C.M., and Mena, J.A. (2012). An assessment of the use of partial least squares 
structural equation modeling in marketing research. Journal of the academy of marketing science, 40, 414-
433.  

[49] Rahman, M.M., Islam, M.F., Dyuti, T.I., and Hossain, M.E. (2024). Driving net zero emissions through green 
finance, green logistics, and corporate social responsibility: findings from PLS-SEM approach. Discover 
Sustainability, 5(1), 439. https://doi.org/10.1007/s43621-024-00675-8    

[50] Rahman, M.M. and Jilani, M.M.A.K. (2024). Unveiling synergies: Business intelligence nexus with 
environmental and financial performance in Bangladeshi manufacturing firms. Business Strategy & 
Development, 7(4), e70013. https://doi.org/10.1002/bsd2.70013   

[51] Hair, J.F., Risher, J.J., Sarstedt, M., and Ringle, C.M. (2019). When to use and how to report the results of 
PLS-SEM. European business review, 31(1), 2-24.  

[52] Islam, M.F., Mofiz Uddin, M.M., and Rahman, M.M. (2024). Factors affecting retailer social responsibility: 
a PLS-SEM approach in the context of Bangladesh. Social Responsibility Journal, 20(3), 605-625. 
https://doi.org/10.1108/SRJ-04-2023-0192   

[53] Uddin, K.M.K., Rahman, M.M., and Saha, S. (2023). The impact of green tax and energy efficiency on 
sustainability: Evidence from Bangladesh. Energy Reports, 10, 2306-2318. 
https://doi.org/10.1016/j.egyr.2023.09.050   



Nafis Sadik and Md. Mominur Rahman / Journal of Risk Analysis and Crisis Response, 2024, 14(4), 404-422  

DOI: https://doi.org/10.54560/jracr.v14i4.555                                                          422 

[54] Rahman, M.M. and Hossain, M.E. (2024). Green technology, policy and sustainable finance nexus with 
SDG-12: Moderating effects of stakeholder awareness. Sustainable Futures, 8, 100405. 
https://doi.org/10.1016/j.sftr.2024.100405   

[55] Karim, K.S., Islam, M.E., Ibrahim, A.M., Pan, S.H., and Rahman, M.M. (2023). Online marketing trends and 
purchasing intent: advances in customer satisfaction through PLS-SEM and ANN approach. Advances in 
Decision Sciences, 27(4), 1-31.  

[56] Karatepe, O.M. (2011). Do job resources moderate the effect of emotional dissonance on burnout? A study 
in the city of Ankara, Turkey. International Journal of Contemporary Hospitality Management, 23(1), 44-
65.  

[57] Hair Jr, J.F., Lds Gabriel, M., Silva, D.d., and Braga, S. (2019). Development and validation of attitudes 
measurement scales: fundamental and practical aspects. RAUSP Management Journal, 54(4), 490-507.  

[58] Kock, N. (2015). Common method bias in PLS-SEM: A full collinearity assessment approach. International 
Journal of e-Collaboration (ijec), 11(4), 1-10.  

[59] Afrin, S. and Rahman, M.M. (2024). Does CSR affect investment efficiency? The moderating role of 
company reputation. PSU Research Review, 8(3), 774-793. https://doi.org/10.1108/PRR-03-2023-0024    

[60] Hwang, H., Sarstedt, M., Cheah, J.H., and Ringle, C.M. (2020). A concept analysis of methodological 
research on composite-based structural equation modeling: bridging PLSPM and GSCA. Behaviormetrika, 
47, 219-241.  

[61] Jilani, M.M.A.K., Rahman, M.M., Latif, M.A., and Ahmed, N. (2024). Unveiling the complexity of civil 
service effectiveness index: An asymmetric and ANN modeling. Heliyon, 10(21). 
https://doi.org/10.1016/j.heliyon.2024.e39776   

[62] Rejikumar, G., Aswathy Asokan, A., and Sreedharan, V.R. (2020). Impact of data-driven decision-making 
in Lean Six Sigma: an empirical analysis. Total Quality Management & Business Excellence, 31(3-4), 279-
296.  

[63] Chicco, D., Warrens, M.J., and Jurman, G. (2021). The coefficient of determination R-squared is more 
informative than SMAPE, MAE, MAPE, MSE and RMSE in regression analysis evaluation. Peerj computer 
science, 7. https://doi.org/10.7717/peerj-cs.623   

[64] Ayyashi, N., Alshowkan, A., and Shdaifat, E. (2024). Exploring the relationship between psychosocial 
factors, work engagement, and mental health: a structural equation modeling analysis among faculty in 
Saudi Arabia. BMC public health, 24(1), 1676.  

[65] Ali, F., Rasoolimanesh, S.M., Sarstedt, M., Ringle, C.M., and Ryu, K. (2018). An assessment of the use of 
partial least squares structural equation modeling (PLS-SEM) in hospitality research. International journal 
of contemporary hospitality management, 30(1), 514-538.  

[66] Dakhoul, Z.M. (2018). The determinants of employee performance in Jordanian organizations. Journal of 
Economics Finance and Accounting, 5(1), 137-143.  

[67] Sun, Y., Rahman, M.M., Xinyan, X., Siddik, A.B., and Islam, M.E. (2024). Unlocking environmental, social, 
and governance (ESG) performance through energy efficiency and green tax: SEM-ANN approach. Energy 
Strategy Reviews, 53, 101408. https://doi.org/10.1016/j.esr.2024.101408   

[68] Shmueli, G., Sarstedt, M., Hair, J.F., Cheah, J.-H., Ting, H., Vaithilingam, S., and Ringle, C.M. (2019). 
Predictive model assessment in PLS-SEM: guidelines for using PLSpredict. European journal of marketing, 
53(11), 2322-2347.  

[69] Khan, F., Siddiqui, M.A., and Imtiaz, S. (2022). Role of financial literacy in achieving financial inclusion: A 
review, synthesis and research agenda. Cogent Business & Management, 9(1), 2034236.  

[70] Andarsari, P.R. and Ningtyas, M.N. (2019). The role of financial literacy on financial behavior. Journal of 
accounting and business education, 4(1), 24-33.  

[71] Mutlu, Ü. and Özer, G. (2021). The moderator effect of financial literacy on the relationship between locus 
of control and financial behavior. Kybernetes, 51(3), 1114-1126.  

[72] Lone, U.M. and Bhat, S.A. (2022). Impact of financial literacy on financial well-being: a mediational role of 
financial self-efficacy. Journal of Financial Services Marketing, 1. 

 
Copyright © 2024 by the authors. This is an open access article distributed under the 

CC BY-NC 4.0 license (http://creativecommons.org/licenses/by-nc/4.0/). 

(Executive Editor: Wen-jun Li) 


