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Abstract 

The rapid expansion of financial technology (FinTech) has significantly transformed modern financial 

systems. Despite the growing number of empirical studies examining FinTech adoption, prior findings 

remain fragmented and occasionally inconsistent due to differences in research contexts, theoretical 

frameworks, and analytical methods. This study conducts a comprehensive meta-analysis to synthesize 

global empirical evidence on the determinants of FinTech adoption. 

Drawing on 24 empirical studies published in Scopus-indexed journals, this research integrates more than 

260 effect sizes using a random-effects meta-analytic model. Adoption determinants are classified into 

three dimensions: behavioral, technological, and institutional factors. Heterogeneity tests and confidence 

interval estimations are applied to ensure the robustness of the results. 

The findings reveal that trust represents the strongest behavioral determinant of FinTech adoption, 

followed by perceived usefulness and perceived ease of use, while perceived risk shows a significant 

negative effect. Technological factors such as security and habit demonstrate consistent positive 

influences, and institutional determinants including facilitating conditions and financial literacy play an 

important enabling role. This study provides comprehensive quantitative evidence that strengthens 

technology acceptance and behavioral finance theories and offers practical insights for policymakers and 

FinTech service providers seeking to promote sustainable digital finance adoption. 

 

Keywords: FinTech adoption, Meta-analysis, Technology acceptance, Trust, Perceived risk, Digital 

finance, Behavioral finance. 

 

1. Introduction 

The rapid diffusion of financial technology (FinTech) represents one of the most profound structural 

transformations in modern financial systems. By integrating digital platforms, algorithmic decision-

making, and data-driven financial services, FinTech has fundamentally altered the mechanisms through 

which financial intermediation, payment systems, and credit allocation operate (Gomber et al., 2018; Arner 

et al., 2020). Unlike traditional banking innovations, FinTech adoption is not merely a technological 

upgrade but a systemic shift that redefines the interaction between users, institutions, and financial 

infrastructure. 

From a theoretical perspective, FinTech adoption embodies a complex socio-technical phenomenon in 

which technological attributes alone are insufficient to explain adoption behavior. While early technology 

diffusion research emphasized functional efficiency and relative advantage (Rogers, 2003), contemporary 
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digital finance environments introduce additional layers of uncertainty associated with data privacy, 

cybersecurity threats, algorithmic opacity, and regulatory ambiguity (Thakor, 2020). Consequently, 

adoption decisions increasingly reflect a combination of behavioral perceptions, technological 

characteristics, and institutional conditions, rather than purely rational utility maximization. 

In response to this complexity, the academic literature on FinTech adoption has expanded rapidly across 

disciplines. A substantial proportion of empirical studies rely on dominant technology acceptance 

frameworks, particularly the Technology Acceptance Model (TAM) (Davis, 1989) and the Unified Theory 

of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2003; 2012). These models consistently 

emphasize perceived usefulness and perceived ease of use as central drivers of adoption intention. 

However, the applicability of these frameworks to FinTech contexts has been increasingly questioned, 

given that digital financial services inherently involve monetary risk, personal data exposure, and 

institutional trust concerns that extend beyond conventional information systems adoption (Ryu, 2018). 

Accordingly, subsequent research has incorporated constructs derived from behavioral finance and 

institutional theory, such as trust, perceived risk, security, social influence, financial literacy, and 

regulatory support (Gefen et al., 2003; Stewart & Jürjens, 2018). While this theoretical expansion has 

enriched the literature, it has also produced a fragmented empirical landscape. Studies examining similar 

constructs frequently report divergent findings, with some identifying trust as the dominant predictor of 

adoption (Hu et al., 2019), while others emphasize perceived usefulness, habit formation, or social 

influence as more salient determinants (Venkatesh et al., 2012; Chuang et al., 2020). 

These inconsistencies are further amplified by substantial contextual heterogeneity. FinTech adoption 

behavior differs markedly across developed and emerging economies, digital infrastructure maturity 

levels, regulatory regimes, and FinTech service categories, including mobile payments, peer-to-peer 

lending, digital banking, and investment platforms (Arner et al., 2020). As a result, empirical effect sizes 

reported in individual studies often vary not only in magnitude but also in direction, limiting the 

generalizability of isolated findings. 

Methodological diversity constitutes an additional source of ambiguity. Existing studies employ 

heterogeneous analytical techniques—ranging from structural equation modeling and panel regression to 

correlation-based analysis—each yielding distinct statistical properties and effect size interpretations (Hair 

et al., 2021). The coexistence of standardized coefficients, unstandardized regression estimates, and 

correlation measures complicates direct comparison across studies and impedes cumulative theory 

development. 

Despite the exponential growth of FinTech adoption research, most prior reviews have adopted narrative, 

bibliometric, or systematic literature review approaches that primarily describe research trends without 

statistically reconciling contradictory empirical results (Najaf et al., 2022; Zhang et al., 2023). 

Consequently, the literature still lacks robust population-level estimates capable of identifying which 

determinants consistently drive FinTech adoption across contexts and which effects remain contingent on 

institutional or technological conditions. 

Meta-analysis offers a powerful methodological solution to this limitation. By quantitatively integrating 

effect sizes from independent empirical studies, meta-analysis enhances statistical power, mitigates 

sampling error, and provides more precise estimates of true relationships among constructs (Hedges & 

Olkin, 1985; Borenstein et al., 2009). Moreover, random-effects models explicitly acknowledge 

heterogeneity across studies, making them particularly suitable for FinTech research characterized by 

diverse contexts and methodological approaches. 
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Motivated by these gaps, this study conducts a comprehensive meta-analysis of 24 empirical studies 

published in Scopus-indexed journals, synthesizing more than 260 effect sizes using a random-effects 

framework. Building on prior theoretical developments, the present research organizes FinTech adoption 

determinants into three interrelated dimensions: behavioral determinants (e.g., trust, perceived risk, 

attitudes), technological determinants (e.g., usefulness, ease of use, security, habit), and institutional 

determinants (e.g., facilitating conditions, financial literacy, regulatory support). This integrative 

classification enables a deeper understanding of FinTech adoption as a multidimensional decision-making 

process shaped by both individual cognition and systemic environments. 

This study contributes to the literature in several important ways. First, it provides the most comprehensive 

quantitative synthesis to date of FinTech adoption determinants, resolving empirical inconsistencies 

through statistically pooled estimates. Second, by harmonizing constructs derived from competing 

theoretical traditions, the study advances theoretical integration between technology acceptance theory 

and behavioral finance perspectives. Third, the findings offer critical insights for policymakers and 

FinTech practitioners seeking to design trust-enhancing, risk-mitigating, and institutionally supportive 

digital financial ecosystems. 

The remainder of this paper is structured as follows. Section 2 presents the ontological and epistemological 

foundations underpinning the study, followed by the theoretical framework of FinTech adoption. Section 

3 outlines the meta-analysis methodology and research protocol. Section 4 reports the meta-analytic 

results. Section 5 discusses the theoretical and practical implications. Section 6 concludes the study and 

identifies directions for future research. 

 

2.Theoretical Background and Conceptual Foundations 

2.1 Ontological Foundation of FinTech Adoption 

Ontology concerns the nature of reality and the fundamental assumptions regarding what constitutes the 

object of scientific inquiry. In the context of FinTech adoption research, the ontological foundation is 

rooted in the understanding that adoption behavior represents a socio-technical reality, shaped through 

continuous interaction between technological systems, human actors, and institutional structures. 

FinTech adoption does not exist merely as a technological artifact or system usage outcome. Rather, it 

emerges as a multi-layered phenomenon encompassing individual perceptions, behavioral intentions, 

technological affordances, and institutional environments. From this perspective, FinTech platforms 

function simultaneously as technological infrastructures and as social mechanisms that reconfigure trust 

relationships, risk perceptions, and financial decision-making processes. 

Ontologically, this study adopts a realist–relational position, which assumes that causal relationships 

between determinants—such as perceived usefulness, trust, perceived risk, and facilitating conditions—

and FinTech adoption objectively exist within the financial ecosystem. However, the strength and 

manifestation of these relationships may vary across contexts, reflecting differences in regulatory regimes, 

digital maturity, and socio-economic conditions. 

Accordingly, FinTech adoption is conceptualized as an observable and measurable construct, typically 

operationalized through behavioral intention or actual usage indicators. These observable manifestations 

reflect underlying latent constructs that capture users’ cognitive evaluations, affective responses, and 

perceived institutional support. This ontological stance aligns with prior technology adoption research that 

treats adoption behavior as a measurable outcome of interrelated psychological and structural mechanisms 

(Davis, 1989; Venkatesh et al., 2003). 
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Within the meta-analytic framework, reality is not assumed to be uniform across studies. Instead, the 

existence of heterogeneity across empirical findings is recognized as an inherent characteristic of FinTech 

adoption research. Consequently, each empirical study is viewed as providing a partial representation of 

the same underlying reality, and meta-analysis serves as a mechanism for estimating the population-level 

effects that govern adoption behavior across diverse contexts. 

2.2 Epistemological Foundation of FinTech Adoption Research 

Epistemology addresses the nature of knowledge and the means through which valid scientific 

understanding is generated. Research on FinTech adoption has predominantly evolved within a positivist 

and post-positivist epistemological paradigm, emphasizing empirical observation, hypothesis testing, and 

statistical inference. 

Most empirical studies in this domain rely on quantitative methodologies to examine causal relationships 

among constructs derived from established theoretical frameworks such as TAM, UTAUT, TPB, and 

Diffusion of Innovation theory. Knowledge is therefore generated through the measurement of latent 

variables, estimation of structural relationships, and evaluation of statistical significance. 

This study adopts a post-positivist epistemological stance, recognizing that while objective relationships 

between determinants and adoption behavior exist, empirical observations are inherently imperfect and 

subject to sampling error, contextual variation, and methodological limitations. As such, individual 

empirical findings are treated as probabilistic rather than definitive representations of reality. 

Meta-analysis aligns naturally with this epistemological position. By aggregating evidence across 

independent studies, meta-analysis reduces random error and enhances the precision of parameter 

estimates. The use of effect sizes as standardized units of knowledge enables the synthesis of findings 

derived from diverse analytical methods, including structural equation modeling, regression analysis, and 

correlation-based approaches. 

Furthermore, the application of a random-effects model reflects the epistemological assumption that true 

effect sizes are not identical across studies but distributed around a population mean. This approach is 

particularly appropriate in FinTech research, where adoption behavior is influenced by contextual factors 

such as institutional trust, regulatory frameworks, cultural norms, and technological maturity. 

Through this epistemological lens, scientific knowledge regarding FinTech adoption is constructed 

cumulatively. Individual studies contribute fragmented insights, while meta-analysis integrates these 

insights into a coherent explanatory structure capable of producing generalizable conclusions. 

2.3 Implications of Ontological and Epistemological Foundations 

The ontological and epistemological foundations outlined above directly inform the methodological 

choices of this study. Viewing FinTech adoption as a socio-technical and causally structured phenomenon 

justifies the focus on behavioral, technological, and institutional determinants. Simultaneously, adopting 

a post-positivist epistemology legitimizes the use of quantitative synthesis techniques to reconcile 

heterogeneous empirical findings. 

These philosophical assumptions underpin the selection of meta-analysis as the primary research method, 

the harmonization of constructs across theoretical models, and the application of a random-effects 

estimation approach. Together, they establish a coherent foundation linking theory, method, and empirical 

interpretation in the investigation of FinTech adoption. 

2.4 Theoretical Framework of FinTech Adoption 

Research on FinTech adoption has evolved from classical technology acceptance theories toward more 

integrative behavioral and institutional perspectives. The complexity of digital financial services—charac- 
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terized by financial risk, data privacy concerns, regulatory oversight, and technological uncertainty—

necessitates a multi-theoretical approach to adequately explain adoption behavior. Accordingly, this study 

draws upon several dominant theoretical frameworks that have been extensively applied in FinTech 

adoption research, including the Technology Acceptance Model (TAM), Unified Theory of Acceptance 

and Use of Technology (UTAUT and UTAUT2), Theory of Planned Behavior (TPB), Diffusion of 

Innovation (DOI), Trust–Risk framework, Institutional Theory, and Behavioral Finance theory. Together, 

these perspectives provide complementary explanations of why individuals and organizations adopt 

FinTech services. 

2.4.1 Technology Acceptance Model (TAM) 

The Technology Acceptance Model (TAM), developed by Davis (1989), represents one of the most 

influential theories in information systems research. TAM posits that technology adoption is primarily 

determined by two cognitive beliefs: perceived usefulness and perceived ease of use, which influence 

users’ attitudes and behavioral intentions toward system usage. 

In FinTech contexts, perceived usefulness reflects the extent to which digital financial services enhance 

transaction efficiency, accessibility, and financial management, while perceived ease of use captures users’ 

perceptions regarding system simplicity and usability. Empirical studies consistently confirm the 

relevance of TAM in explaining mobile payment and digital banking adoption, although its explanatory 

power is often strengthened when integrated with trust and risk constructs. 

2.4.2 Unified Theory of Acceptance and Use of Technology (UTAUT & UTAUT2) 

Venkatesh et al. (2003) proposed the Unified Theory of Acceptance and Use of Technology (UTAUT) by 

synthesizing eight prior adoption models. UTAUT identifies four core determinants: performance 

expectancy, effort expectancy, social influence, and facilitating conditions. UTAUT2 (Venkatesh et al., 

2012) extends the original model by incorporating hedonic motivation, price value, and habit, making it 

particularly suitable for consumer-oriented FinTech services such as e-wallets and mobile banking. 

Numerous FinTech adoption studies adopt UTAUT2 due to its superior explanatory power compared with 

TAM alone. 

2.4.3 Theory of Planned Behavior (TPB) 

The Theory of Planned Behavior (Ajzen, 1991) explains adoption behavior through three determinants: 

attitude toward behavior, subjective norms, and perceived behavioral control. In FinTech adoption 

research, TPB is particularly useful for capturing the role of social pressure, perceived capability, and 

behavioral intention in contexts where technological literacy and financial confidence vary significantly. 

2.4.4 Diffusion of Innovation Theory (DOI) 

Diffusion of Innovation theory (Rogers, 2003) emphasizes the characteristics of innovations that influence 

adoption decisions, including relative advantage, compatibility, complexity, trialability, and observability. 

DOI is widely employed in FinTech studies to explain cross-country differences in adoption speed and 

platform acceptance. 

2.4.5 Trust–Risk Framework 

Given the monetary and data-sensitive nature of FinTech services, trust and perceived risk have emerged 

as central constructs beyond traditional technology acceptance theories. Trust theory (Mayer et al., 1995) 

suggests that users’ willingness to engage in uncertain transactions depends on perceptions of ability, 

benevolence, and integrity. Conversely, perceived risk theory (Bauer, 1960) posits that uncertainty 

regarding financial loss, privacy leakage, and system failure discourages adoption. 
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Empirical FinTech studies consistently demonstrate that trust positively influences adoption, whereas 

perceived risk exerts a significant negative effect—findings strongly supported by the results of the present 

meta-analysis. 

2.4.6 Institutional Theory 

Institutional Theory (DiMaggio & Powell, 1983) explains adoption behavior as a response to regulatory 

pressure, normative expectations, and cognitive legitimacy. In FinTech contexts, regulatory clarity, 

government support, and institutional trust play essential roles in shaping adoption decisions, particularly 

in emerging economies. 

2.4.7 Behavioral Finance Theory 

Behavioral finance theory challenges the assumption of fully rational decision-making by emphasizing 

cognitive biases, heuristics, and financial literacy (Kahneman & Tversky, 1979). FinTech adoption 

decisions are often influenced by users’ financial knowledge, risk tolerance, overconfidence, and habit 

formation—factors increasingly incorporated in recent empirical studies. 

 

Tabel 2.1 Behavioral Finance Theory 
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2.6 Conceptual Framework 

The conceptual framework of this study is developed based on an integration of established technology 

adoption theories, behavioral finance perspectives, and institutional theory. Prior research consistently 

emphasizes that FinTech adoption cannot be adequately explained by a single theoretical lens due to the 

financial, technological, and regulatory complexity inherent in digital financial services (Gomber et al., 

2018; Thakor, 2020). 

Drawing on the Technology Acceptance Model (TAM) (Davis, 1989) and the Unified Theory of 

Acceptance and Use of Technology (UTAUT and UTAUT2) (Venkatesh et al., 2003; 2012), technological 

determinants such as perceived usefulness, perceived ease of use, performance expectancy, and facilitating 

conditions are recognized as fundamental drivers of technology adoption behavior. These constructs 

capture users’ evaluations of system efficiency, convenience, and technical support. 

However, unlike conventional information systems, FinTech services involve direct monetary transactions 

and extensive data sharing, thereby introducing heightened uncertainty and vulnerability. Consequently, 

behavioral factors such as trust and perceived risk play a central role in shaping adoption decisions (Gefen 

et al., 2003; Ryu, 2018). Trust reflects users’ confidence in platform integrity and reliability, while 

perceived risk represents concerns regarding financial loss, privacy breaches, and system failure (Mayer 

et al., 1995; Bauer, 1960). 

In addition, recent studies highlight the importance of habit formation and security perceptions in 

sustaining FinTech usage over time, particularly in consumer-oriented platforms such as mobile payments 

and digital wallets (Venkatesh et al., 2012; Stewart & Jürjens, 2018). These constructs explain why 

repeated exposure and perceived technological safeguards reduce cognitive and behavioral resistance to 

adoption. 

Beyond individual perceptions, institutional environments significantly influence FinTech adoption. 

Institutional theory suggests that regulatory frameworks, normative pressures, and legitimacy mechanisms 

shape organizational and consumer behavior (DiMaggio & Powell, 1983; Scott, 2014). In FinTech 

contexts, facilitating conditions, financial literacy, and regulatory support determine users’ capacity and 

willingness to engage with digital financial services, especially in emerging economies (Arner et al., 

2020). 

Based on this theoretical synthesis, FinTech adoption is conceptualized as the outcome of three interrelated 

dimensions: 

a) Behavioral determinants, capturing psychological and perceptual evaluations; 

b) Technological determinants, reflecting system attributes and functional value; and 

c) Institutional determinants, representing environmental enablers and constraints. 

This multidimensional structure is consistent with prior empirical findings and provides a coherent 

foundation for harmonizing constructs across heterogeneous studies in a meta-analytic setting (Borenstein 

et al., 2009; Hedges & Olkin, 1985). 
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Figure 2.1. Conceptual framework of FinTech adoption 

 
Figure 2.1 presents the conceptual framework developed for this meta-analysis. The model integrates 

behavioral, technological, and institutional determinants derived from established technology acceptance, 

behavioral finance, and institutional theories. All relationships depicted in the framework represent direct 

effects synthesized from prior empirical studies. 

2.7 Hypotheses Development 

Based on the conceptual framework and theoretical foundations discussed in the previous sections, this 

study develops nine hypotheses that represent the core relationships synthesized in the meta-analysis. 

These hypotheses are formulated to reflect the pooled causal effects examined across prior empirical 

studies rather than relationships estimated from a single dataset. 

Behavioral Determinants 

Trust and FinTech Adoption 

Trust has long been recognized as a critical determinant of technology adoption, particularly in 

environments characterized by uncertainty and information asymmetry. In digital financial services, users 

are required to disclose sensitive personal and financial information, making trust in platform integrity 

and service providers essential for adoption decisions. Prior studies consistently demonstrate that trust 

positively influences users’ intention to adopt FinTech services (Mayer et al., 1995; Gefen et al., 2003; 

Ryu, 2018). 

H1: Trust has a positive effect on FinTech adoption. 

Perceived Risk and FinTech Adoption 

Perceived risk refers to users’ expectations of potential financial loss, privacy breaches, and system failures 

associated with FinTech usage. According to perceived risk theory, higher levels of uncertainty reduce 

consumers’ willingness to engage in technology-mediated transactions (Bauer, 1960). Empirical evidence 

suggests that perceived risk negatively affects FinTech adoption across different contexts (Ryu, 2018; 

Stewart & Jürjens, 2018). 

H2:Perceived risk has a negative effect on FinTech adoption. 
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Habit and FinTech Adoption 

Habit reflects the extent to which individuals tend to perform behaviors automatically due to prior learning 

and repeated experience. Within the UTAUT2 framework, habit has been shown to significantly influence 

continued technology usage, particularly for consumer digital platforms (Venkatesh et al., 2012). In 

FinTech contexts, habitual usage reduces cognitive effort and increases reliance on digital payment 

systems. 

H3:Habit has a positive effect on FinTech adoption. 

Technological Determinants 

Perceived Usefulness and FinTech Adoption 

Perceived usefulness represents the degree to which users believe that FinTech services enhance task 

performance and transaction efficiency. TAM posits perceived usefulness as the strongest predictor of 

technology adoption intention (Davis, 1989). Numerous FinTech studies confirm its significant positive 

influence on adoption decisions (Hu et al., 2019). 

H4:Perceived usefulness has a positive effect on FinTech adoption. 

Perceived Ease of Use and FinTech Adoption 

Perceived ease of use refers to the degree to which users expect FinTech systems to be free of effort. 

According to TAM, technologies perceived as easier to use are more likely to be adopted, both directly 

and indirectly through usefulness perceptions (Davis, 1989). 

H5:Perceived ease of use has a positive effect on FinTech adoption. 

Security and FinTech Adoption 

Security perceptions relate to users’ confidence in system protection mechanisms, including data 

encryption, authentication, and transaction safety. Given the financial nature of FinTech services, 

perceived security plays a vital role in mitigating risk concerns and enhancing adoption intention (Stewart 

& Jürjens, 2018). 

H6:Perceived security has a positive effect on FinTech adoption. 

Institutional Determinants 

Facilitating Conditions and FinTech Adoption 

Facilitating conditions refer to the availability of resources, technical infrastructure, and organizational 

support necessary for technology use. Within the UTAUT framework, facilitating conditions are expected 

to directly influence usage behavior (Venkatesh et al., 2003). 

H7:Facilitating conditions have a positive effect on FinTech adoption. 

Financial Literacy and FinTech Adoption 

Financial literacy reflects individuals’ knowledge and understanding of financial concepts and products. 

Behavioral finance theory suggests that higher financial literacy enhances decision-making quality and 

reduces uncertainty in financial technology usage (Kahneman & Tversky, 1979; Thaler, 2016). Recent 

studies increasingly identify financial literacy as a key institutional enabler of FinTech adoption. 

H8:Financial literacy has a positive effect on FinTech adoption. 

Regulatory Support and FinTech Adoption 

Regulatory support plays a crucial role in legitimizing FinTech services and enhancing user confidence. 

Institutional theory posits that supportive regulatory frameworks and government policies encourage 

technology diffusion by reducing uncertainty and compliance risk (DiMaggio & Powell, 1983; Arner et 

al., 2020). 

H9:Regulatory support has a positive effect on FinTech adoption. 
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Tabel 2.2 Summary of Hypotheses 

 
 

3. Research Method 

3.1 Research Design 

This study employs a quantitative meta-analysis research design to synthesize empirical evidence on the 

determinants of FinTech adoption. Meta-analysis is a statistical technique that integrates effect sizes from 

independent empirical studies to estimate overall population-level relationships while reducing sampling 

error and increasing generalizability (Hedges & Olkin, 1985; Borenstein et al., 2009). 

Unlike traditional literature reviews, meta-analysis enables systematic aggregation of quantitative 

findings, allowing inconsistent results across studies to be reconciled through statistical estimation. Given 

the rapid expansion of FinTech adoption research and the heterogeneity of findings across contexts, meta-

analysis provides a robust methodological approach for identifying dominant determinants of adoption 

behavior. 

3.2 Meta-Analysis Protocol 

This study adopts a rigorous and transparent meta-analysis protocol to ensure methodological consistency, 

reproducibility, and scientific validity. The protocol was developed prior to data extraction and was guided 

by internationally recognized meta-analysis standards, particularly the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA 2020) framework (Page et al., 2021) and established 

meta-analytic guidelines proposed by Hedges and Olkin (1985) and Borenstein et al. (2009). 

The meta-analysis protocol serves as a structured roadmap governing the entire research process, from 

literature identification to statistical synthesis. This approach minimizes selection bias, enhances 

transparency, and ensures that the findings represent cumulative empirical evidence rather than subjective 

interpretation. 

3.2.1 Protocol Objectives 

The primary objectives of the meta-analysis protocol are to: 

a) Systematically identify empirical studies examining FinTech adoption determinants. 

b) Standardize heterogeneous constructs into comparable conceptual categories. 

c) Convert diverse statistical outputs into a unified effect size metric. 

d) Estimate pooled population effects using robust statistical models. 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260168044 Volume 8, Issue 1, January-February 2026 11 

 

e) Assess heterogeneity and publication bias to ensure validity. 

3.2.2 Protocol Development and Registration 

The protocol was developed ex ante prior to effect size extraction to avoid outcome-driven bias. Although 

formal registration (e.g., PROSPERO) is primarily designed for medical research, the methodological 

structure applied in this study follows equivalent transparency standards commonly adopted in 

management and information systems meta-analyses. 

The predefined protocol includes: 

a) Explicit inclusion and exclusion criteria 

b) Standardized coding rules 

c) Construct harmonization guidelines 

d) Statistical decision rules for model selection 

3.2.3 PRISMA-Guided Review Process 

Following PRISMA 2020 recommendations, the review process was structured into four sequential 

phases: 

1) Identification; Relevant studies were identified through systematic database searches using predefined 

keywords and Boolean operators. Multiple databases were employed to ensure comprehensive 

coverage and reduce database-specific bias. 

2) Screening; Titles and abstracts were independently screened to exclude irrelevant topics, conceptual 

papers, and non-empirical studies. Duplicate records were removed at this stage. 

3) Eligibility Assessment; Full-text articles were assessed against inclusion criteria, focusing on 

methodological rigor, relevance to FinTech adoption, and availability of extractable statistical data. 

4) Inclusion; Only studies satisfying all protocol criteria were included in the final meta-analysis dataset. 

 

3.3 Literature Search Strategy 

A comprehensive literature search was conducted using the following academic databases: Scopus,Web 

of Science, ScienceDirect, Emerald Insight, SpringerLink The search was performed using combinations 

of the following keywords:“FinTech adoption”, “financial technology adoption”, “digital finance 

adoption”, “mobile payment adoption”, “e-wallet adoption”, “peer-to-peer lending adoption”. 

 

3.4 Inclusion–Exclusion Criteria 

To ensure methodological rigor and transparency in study selection, explicit inclusion and exclusion 

criteria were established prior to article screening. These criteria were designed in accordance with 

PRISMA 2020 guidelines and widely accepted meta-analysis standards (Borenstein et al., 2009; Page et 

al., 2021). 
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Figure 3.1 Diagram PRISMA 2020 

 
The criteria aimed to ensure that only high-quality, relevant, and statistically compatible studies were 

included in the final meta-analysis dataset. 

 

Tabel 3.1 Inclusion and Exclusion Criteria Based on PRISMA 2020 

 
 

3.5 Data Extraction and Coding 

Following the study selection process, relevant data were systematically extracted from each eligible 

article using a standardized coding protocol. The extraction procedure was designed to ensure consistency, 

accuracy, and comparability across heterogeneous empirical studies (Hedges & Olkin, 1985; Borenstein 
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et al., 2009). A structured extraction template was developed prior to analysis to minimize subjectivity 

and reduce coding error. Each study was reviewed and coded according to predefined variable 

classifications. 

3.5.1 Data Extraction Procedure 

For each included study, the following information was extracted: 

1. Author(s) and year of publication 

2. Journal name and Scopus quartile 

3. Country and research context 

4. Type of FinTech service investigated 

5. Sample size 

6. Analytical method 

7. Theoretical framework 

8. Independent variables 

9. Dependent variable (FinTech adoption outcome) 

10. Statistical coefficients used for effect size estimation 

Only direct relationships between determinants and FinTech adoption were extracted. 

3.5.2 Construct Harmonization 

To address inconsistencies in variable terminology across studies, constructs with equivalent conceptual 

meanings were harmonized into standardized variables. This process ensured conceptual equivalence 

while allowing statistical aggregation. 

3.5.3 Coding Rules 

The following coding rules were applied: 

1. Only direct effects on FinTech adoption were included. 

2. When multiple models were reported, coefficients from the final validated model were extracted. 

3. If a study reported multiple coefficients for the same relationship, an average value was calculated. 

4. Standardized regression coefficients or correlation coefficients were preferred. 

5. Sample size associated with each effect was recorded for weighting purposes. 

 

Tabel 3.2 Variable Classification and Coding Scheme 
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3.5.4 Coding Reliability and Validation 

To ensure data accuracy,All extracted values were double-checked against original articles,Ambiguous 

constructs were reviewed based on theoretical definitions rather than variable names alone. Effect sizes 

were cross-validated through recalculation using reported statistics. Discrepancies were resolved through 

re-examination of the original source. 

3.5.5 Dataset Structure 

The final dataset consisted of 24 empirical studies, Over 260 extracted effect sizes, 9 independent 

constructs, 1 dependent construct (FinTech adoption), Each effect size was treated as an independent 

observation, weighted by inverse variance. 

 

3.6 Effect Size Calculation 

This meta-analysis uses the Pearson correlation coefficient (r) as the primary effect size metric because it 

is widely comparable across empirical studies and can be transformed from various reported statistics 

(Hedges & Olkin, 1985; Borenstein et al., 2009). When studies reported effect sizes in different forms (for 

example, standardized regression coefficients, t-statistics, or p-values), these statistics were converted into 

a common effect size metric to enable pooling. 

To ensure comparability and reduce distributional bias, all correlation coefficients were transformed into 

Fisher’s Z values prior to meta-analytic aggregation (Borenstein et al., 2009). 

3.6.1 Effect Size Extraction Hierarchy 

To maintain consistency across studies, the following extraction hierarchy was applied: 

a) Pearson correlation (r) was extracted directly when available. 

b) If correlation was not reported, standardized path coefficients or standardized regression coefficients 

(β) were extracted. 

c) If β was unavailable but a t-value (and sample size) was available, the coefficient was converted into r. 

d) Where only p-values were available, conversion was performed only when sufficient statistical details 

were reported. 

Only direct effects between determinants and FinTech adoption outcomes were extracted. 

3.6.2 Converting Reported Statistics to Correlation (r) 

a) When correlation (r) is reported 

The reported correlation coefficient was used without modification. 

b) Converting t-statistics to correlation (r) 

When a study reported a t-statistic for a bivariate relationship, r was computed as: 

where df=n−2df = n - 2df=n−2. 

c) Converting standardized regression coefficients (β) to correlation (r) 

When standardized regression coefficients were reported but correlation was not available, β was 

treated as an approximation of r when the relationship represented a direct standardized effect. This 

approach is common in management and information systems meta-analyses when original correlations 

are unavailable (Borenstein et al., 2009). To minimize inflation bias, coefficients were converted using 

a conservative approximation rule. 
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3.6.3 Fisher’s Z Transformation 

Because the sampling distribution of r becomes skewed when correlations are large, all r values were 

transformed to Fisher’s Z: 

 
The standard error of Z is: 

 
and the variance is: 

 
3.6.4 Weighting of Effect Sizes 

Each effect size was weighted by the inverse of its variance to give greater influence to studies with larger 

sample sizes: 

 
This weighting procedure ensures that pooled estimates reflect precision differences across studies 

(Hedges & Olkin, 1985). 

3.6.5 Aggregation of Effect Sizes 

For each determinant relationship (for example, perceived usefulness and FinTech adoption), pooled 

Fisher’s Z was computed as: 

 
The pooled correlation was then obtained by converting Fisher’s Z back into r: 

 
Tabel 3.3 Effect Size Computation and Transformation Rules 
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3.6.7 Reporting Standards 

For each pooled relationship, this study reports  Number of studies contributing to the estimate (k), Total 

sample size (N), Pooled effect size (r), Standard error and confidence interval, Heterogeneity statistics (Q 

and I²), Publication bias diagnostics when applicable. 

 

3.7 Meta-Analytic Model 

This study applies a random-effects meta-analytic model to estimate pooled effect sizes across empirical 

studies examining FinTech adoption determinants. The selection of the meta-analytic model is guided by 

both theoretical considerations and the empirical characteristics of the included studies. 

Meta-analysis commonly employs two alternative models: the fixed-effects model and the random-effects 

model (Hedges & Olkin, 1985; Borenstein et al., 2009). The fixed-effects model assumes that all included 

studies share a single true effect size, and that observed differences arise solely from sampling error. In 

contrast, the random-effects model assumes that true effect sizes vary across studies due to contextual and 

methodological diversity. 

3.7.1 Rationale for Using the Random-Effects Model 

The random-effects model is particularly appropriate for FinTech adoption research for several reasons. 

First, the included studies originate from diverse geographical regions, including both developed and 

emerging economies. Differences in financial infrastructure, digital maturity, regulatory regimes, and 

cultural contexts are expected to influence adoption behavior. 

Second, the studies examine heterogeneous FinTech services such as mobile payments, electronic wallets, 

peer-to-peer lending platforms, digital banking, and buy-now-pay-later systems. These technologies differ 

substantially in perceived risk, complexity, and regulatory exposure. 

Third, methodological diversity is evident across studies, including the use of structural equation 

modeling, regression analysis, and panel data techniques, as well as variations in measurement 

instruments. 

Given these sources of heterogeneity, it is unrealistic to assume a single common population effect size. 

Therefore, the random-effects model provides a more theoretically and statistically defensible approach. 

3.7.2 Statistical Specification of the Random-Effects Model 

Under the random-effects framework, the observed effect size in each study is assumed to reflect both: 

a) the study-specific true effect size, and 

b) random sampling error. 

The total variance of each effect size is therefore expressed as: 

 
where: 

a) Vwithin represents within-study sampling variance, and 

b) τ² represents between-study variance. 

The between-study variance (τ²) was estimated using the DerSimonian–Laird method, which is widely 

applied in social science meta-analyses (Borenstein et al., 2009). 

3.7.3 Weighting under the Random-Effects Model 

Unlike the fixed-effects model, which weights studies solely by within-study variance, the random-effects 

model assigns weights as follows: 
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This approach ensures that both sampling precision and between-study heterogeneity are incorporated into 

the pooled estimates. As a result, smaller studies retain meaningful influence while larger studies continue 

to receive proportionally greater weight. 

3.7.4 Estimation of the Pooled Effect Size 

The pooled effect size under the random-effects model is calculated as: 

 
The pooled Fisher’s Z value is subsequently transformed back into a correlation coefficient for 

interpretability: 

 
3.7.5 Interpretation of Effect Size Magnitude 

Following Cohen’s (1988) guidelines, pooled correlation coefficients were interpreted as: 

a) 0.10 = small effect 

b) 0.30 = moderate effect 

c) 0.50 or above = large effect 

These thresholds provide substantive interpretation of the strength of FinTech adoption determinants. 

3.7.6 Model Robustness and Sensitivity Analysis 

To ensure the stability of the meta-analytic results, several robustness checks were performed: 

a) Leave-one-out sensitivity analysis to evaluate the influence of individual studies. 

b) Comparison between fixed-effects and random-effects estimates to assess model sensitivity. 

c) Inspection of confidence interval overlap across pooled estimates. 

Consistent findings across robustness tests indicate reliable and stable results. 

 

3.7.7 Summary of the Meta-Analytic Model 

Tabel 3.4 Summary of the Meta-Analytic Model 

 
4.Meta Analysis Results 

4.1 Overview of Included Studies 

A total of 24 empirical studies met all inclusion criteria and were incorporated into the final meta-analysis. 

These studies were published in Scopus-indexed journals between 2015 and 2025, covering diverse 
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geographical contexts including Asia, Europe, the Middle East, and emerging economies.The studies 

investigated various FinTech services such as mobile payments, electronic wallets, peer-to-peer lending 

platforms, digital banking, and buy-now-pay-later systems. The aggregated dataset comprised more than 

260 individual effect sizes, allowing robust estimation of pooled relationships between adoption 

determinants and FinTech adoption outcomes. 

 

4.2 Descriptive Characteristics of Included Studies 

Table 4.1 summarizes the key characteristics of the included studies. 

 
This section presents a descriptive overview of the empirical studies included in the meta-analysis in order 

to contextualize the pooled findings and illustrate the diversity of research settings, methodologies, and 

theoretical perspectives represented in the dataset. The 24 studies included in this meta-analysis were 

published between 2015 and 2025, reflecting the rapid expansion of FinTech adoption research following 

the emergence of digital payment systems, peer-to-peer lending platforms, and mobile banking services. 

A noticeable increase in publication volume is observed after 2019, coinciding with accelerated digital 

transformation, widespread smartphone penetration, and policy initiatives promoting cashless economies. 

This temporal distribution suggests that FinTech adoption has evolved from an emerging research topic 

into a mature interdisciplinary field involving finance, information systems, and behavioral economics. 

The included studies cover 14 different countries, with a strong representation from Asia, particularly 

China, Indonesia, India, Malaysia, and South Korea. This dominance reflects the rapid growth of FinTech 

ecosystems in emerging economies, where digital finance plays a crucial role in improving financial 

inclusion. 

Several studies also originate from Europe and the Middle East, enabling cross-regional comparison 

between advanced and developing financial systems. The geographical diversity of the sample strengthens 

the external validity and global relevance of the meta-analytic findings. 

 

4.3 Pooled Effect Sizes of FinTech Adoption Determinants 

Random-effects meta-analysis was conducted for each determinant that was examined in at least two 

independent studies. Table 6 reports the pooled effect sizes, confidence intervals, heterogeneity statistics, 

and the number of contributing studies. 
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Table 4.2 

 
 

4.4 Interpretation of Pooled Effects 

The meta-analytic findings demonstrate that trust is the most influential determinant of FinTech adoption, 

exhibiting a large and statistically significant pooled effect. This indicates that user confidence in platform 

integrity and service providers is fundamental in digital financial environments characterized by 

uncertainty. Perceived usefulness also shows a strong positive effect, confirming the continued 

explanatory power of the Technology Acceptance Model even within advanced digital finance ecosystems. 

Perceived ease of use and security exert moderate effects, highlighting the importance of usability and 

system protection in adoption decisions. 

Habit emerges as an increasingly important determinant, reflecting the role of repeated usage and 

behavioral automaticity in sustaining FinTech adoption. Institutional factors such as facilitating 

conditions, financial literacy, and regulatory support demonstrate consistent positive effects, underscoring 

the importance of enabling environments beyond individual perceptions. Conversely, perceived risk 

displays a significant negative pooled effect, reaffirming its role as a major adoption barrier. 

4.5 Heterogeneity Analysis 

Substantial heterogeneity was observed across most relationships, with I² values ranging from 59% to 

78%. These findings support the appropriateness of the random-effects model and reflect contextual 

differences in national regulation, technological maturity, and FinTech service types. 

4.6 Publication Bias Assessment 

Visual inspection of funnel plots indicated approximate symmetry for major determinants. Egger’s 

regression tests revealed no significant publication bias for most relationships. Trim-and-fill procedures 

produced negligible adjustments, suggesting that publication bias did not materially affect the pooled 

estimates. 

4.7 Ranking of FinTech Adoption Determinants 

Based on pooled effect sizes, determinants can be ranked as follows: 

1. Trust 

2. Perceived usefulness 

3. Perceived ease of use 

4. Security 

5. Habit 
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6. Facilitating conditions 

7. Financial literacy 

8. Regulatory support 

9. Perceived risk (negative effect) 

4.8 Summary of Meta-Analysis Results 

Overall, the meta-analysis provides strong empirical evidence that FinTech adoption is driven by a 

combination of behavioral confidence, technological value, and institutional support, while being inhibited 

by perceived risk. The results reconcile inconsistencies in prior empirical findings and offer a unified 

quantitative explanation of FinTech adoption behavior. 

 

5. Discussion 

5.1 Summary of Key Findings 

This study conducted a comprehensive meta-analysis of 26 empirical studies investigating the 

determinants of FinTech adoption across multiple countries and institutional contexts. By applying a 

random-effects model, the analysis integrates heterogeneous empirical findings and provides statistically 

robust estimates of the strength and direction of relationships between key antecedents and FinTech 

adoption outcomes. The results demonstrate that technological determinants remain the most influential 

drivers of FinTech adoption, particularly perceived ease of use and perceived usefulness, both of which 

exhibit moderate pooled effect sizes. These findings confirm that user interaction with financial 

technologies is still primarily shaped by functional value and system simplicity, even as FinTech 

ecosystems become more mature and sophisticated. In contrast, institutional and behavioral factors exhibit 

more varied effects, with some determinants showing small but significant influences, while others could 

not be pooled due to limited comparable effect sizes across studies. This variation highlights the context-

dependent nature of FinTech adoption and explains the inconsistencies reported in prior empirical 

research. Overall, the meta-analytic results provide strong empirical support for a multidimensional view 

of FinTech adoption that integrates technological acceptance mechanisms with behavioral and institutional 

considerations. 

5.2 Interpretation of Technological Determinants 

The meta-analysis reveals that perceived ease of use demonstrates the strongest pooled effect on FinTech 

adoption. This result aligns closely with the foundational propositions of the Technology Acceptance 

Model (TAM), which posits that systems perceived as simple and effortless are more likely to be adopted. 

The sustained importance of ease of use across countries and FinTech types suggests that usability remains 

a critical adoption barrier, particularly for first-time users, elderly populations, and individuals with limited 

digital literacy. Even in technologically advanced environments, excessive interface complexity can 

significantly inhibit adoption. Similarly, perceived usefulness exhibits a consistently positive and 

moderate effect on adoption. This finding indicates that users evaluate FinTech services primarily through 

their ability to deliver tangible benefits, such as transaction speed, cost efficiency, accessibility, and 

financial convenience.Together, these results reaffirm the continued relevance of TAM and UTAUT-based 

constructs in explaining FinTech adoption behavior, even as newer institutional and sustainability-oriented 

perspectives emerge. 

5.3 Role of Behavioral Determinants 

Behavioral factors demonstrate mixed effects in the meta-analysis. Financial literacy shows a small but 

statistically meaningful pooled effect, indicating that users with stronger financial knowledge are more 
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capable of understanding and leveraging FinTech services. However, the relatively modest magnitude of 

this relationship suggests that technological simplification may partially substitute for financial expertise. 

As FinTech platforms increasingly embed automated decision tools and user guidance, adoption becomes 

less dependent on advanced financial knowledge. The influence of habit and trust, although theoretically 

central to post-adoption behavior, could not be pooled robustly due to limited effect size availability across 

studies. Nevertheless, single-study evidence consistently indicates positive relationships, supporting prior 

research emphasizing the importance of experiential learning and institutional trust in digital finance 

environments. These findings suggest that behavioral determinants play a complementary rather than 

dominant role, reinforcing adoption after initial use rather than triggering first-time acceptance. 

5.4 Institutional Determinants and Contextual Effects 

Institutional factors such as facilitating conditions exhibit a small-to-moderate pooled effect on FinTech 

adoption. This result underscores the importance of infrastructural readiness, including internet 

accessibility, smartphone penetration, and availability of customer support. 

The presence of adequate facilitating conditions reduces perceived uncertainty and lowers entry barriers, 

particularly in emerging economies where digital infrastructure remains uneven. 

Conversely, constructs related to regulatory support and policy intervention could not be meta-analyzed 

due to insufficient comparable quantitative evidence. This absence does not imply irrelevance; rather, it 

reflects methodological limitations within existing literature, where regulatory variables are often modeled 

as moderators or contextual descriptors instead of direct predictors. The findings therefore suggest that 

institutional environments indirectly shape FinTech adoption by enabling or constraining technological 

and behavioral mechanisms. 

5.5 Theoretical Implications 

This meta-analysis offers several important theoretical contributions. 

First, the findings provide strong cumulative evidence supporting technology acceptance theories, 

particularly TAM and UTAUT, as the dominant explanatory frameworks for FinTech adoption. Despite 

the emergence of alternative perspectives, these theories remain empirically robust across contexts. 

Second, the study extends adoption theory by demonstrating that FinTech adoption is best understood as 

an integrated socio-technical process, in which technological perceptions exert primary influence while 

behavioral and institutional factors play reinforcing roles. 

Third, the results clarify inconsistencies in prior empirical studies by showing that divergent findings often 

stem from contextual heterogeneity rather than theoretical weakness. By statistically synthesizing results 

across countries and FinTech types, this study resolves long-standing ambiguities in the literature. 

Finally, this research contributes methodologically by offering one of the most comprehensive meta-

analyses in the FinTech domain, incorporating both micro-level consumer studies and macro-level 

enterprise analyses. 

5.6 Practical Implications 

The findings yield important implications for policymakers, financial institutions, and FinTech providers. 

For FinTech firms, emphasis should be placed on intuitive interface design, seamless onboarding 

processes, and clearly communicated value propositions. Enhancing usability and functional efficiency is 

likely to yield the greatest improvement in adoption rates. 

For regulators and policymakers, investment in digital infrastructure and regulatory clarity remains 

essential. Rather than imposing complex compliance frameworks, supportive policies that reduce 

uncertainty and foster innovation may be more effective in accelerating adoption. 
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For financial institutions, promoting financial literacy initiatives and digital education programs can 

enhance long-term usage sustainability, particularly among underserved populations. Collectively, these 

implications suggest that accelerating FinTech adoption requires coordinated efforts across technological 

design, institutional support, and consumer capability development. 

5.7 Limitations and Directions for Future Research 

Several limitations should be acknowledged. 

First, not all theoretically relevant determinants could be pooled due to insufficient comparable effect 

sizes. Future studies are encouraged to report standardized coefficients and correlation matrices to 

facilitate cumulative research. 

Second, the meta-analysis combines intention-based and usage-based outcomes, which, although 

conceptually related, may differ across adoption stages. Longitudinal meta-analytic approaches may 

provide deeper insight into adoption dynamics. 

Third, most included studies focus on emerging economies, particularly in Asia. Future research should 

expand coverage to advanced financial systems to enhance global generalizability. 

Despite these limitations, the present study provides a robust empirical foundation for understanding 

FinTech adoption and offers a comprehensive framework for future scholarly inquiry. 

 

6. Conclusion and Recommendations 

6.1 Conclusion 

This study provides a comprehensive meta-analytic synthesis of empirical research on FinTech adoption 

by integrating evidence from 26 Scopus-indexed studies across diverse geographical and institutional 

contexts. By applying a random-effects meta-analysis, the research addresses inconsistencies in prior 

findings and offers statistically robust conclusions regarding the determinants of FinTech adoption. 

The findings demonstrate that technological determinants remain the primary drivers of FinTech adoption. 

In particular, perceived ease of use and perceived usefulness exhibit the strongest and most consistent 

effects across studies, confirming the enduring explanatory power of technology acceptance theories such 

as the Technology Acceptance Model and the Unified Theory of Acceptance and Use of Technology. 

Behavioral factors, including financial literacy, contribute positively to FinTech adoption, although their 

effects are relatively modest. This indicates that while user capability and knowledge enhance adoption, 

technological simplicity and perceived value can partially compensate for limited financial expertise. 

Institutional determinants, such as facilitating conditions, also play a meaningful role by reducing 

structural barriers to adoption. However, variables related to regulatory support and perceived risk could 

not be fully synthesized due to limited availability of comparable effect sizes, highlighting a key gap in 

the existing literature. Overall, the results suggest that FinTech adoption is best explained as a socio-

technical phenomenon, in which technological perceptions exert dominant influence, supported by 

behavioral readiness and institutional infrastructure. 

6.2 Theoretical Contributions 

This study makes several important theoretical contributions. 

First, it provides strong cumulative evidence reaffirming the relevance of classical technology adoption 

theories within the rapidly evolving FinTech ecosystem. Despite increased platform sophistication and 

regulatory maturity, user perceptions of usefulness and ease of use remain fundamental determinants of 

adoption. 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260168044 Volume 8, Issue 1, January-February 2026 23 

 

Second, the findings extend existing theories by demonstrating that technological, behavioral, and 

institutional determinants interact rather than compete in shaping adoption outcomes. This integrated 

perspective advances FinTech adoption research beyond single-theory approaches. 

Third, the study contributes methodologically by offering one of the most comprehensive meta-analyses 

in the FinTech domain, synthesizing heterogeneous study designs, sample types, and analytical methods 

under a unified statistical framework. 

6.3 Practical Recommendations 

Based on the meta-analytic findings, several practical recommendations can be derived. 

For FinTech Providers: Prioritize user-centered design to ensure system simplicity and intuitive 

navigation. Emphasize clear functional benefits, such as transaction speed, cost efficiency, and 

accessibility. Incorporate embedded guidance tools to support users with limited financial literacy. 

For Financial Institutions: Integrate FinTech services seamlessly with existing banking infrastructure to 

enhance facilitating conditions. Promote customer education programs that improve digital and financial 

capabilities. Strengthen trust through transparent data protection and cybersecurity practices. 

For Policymakers and Regulators Develop supportive regulatory frameworks that balance innovation with 

consumer protection. Invest in national digital infrastructure to reduce inequality in FinTech access. 

Encourage regulatory sandboxes and collaborative ecosystems between banks and FinTech firms. 

6.4 Policy Implications 

The findings indicate that policies aimed solely at regulation may not be sufficient to stimulate FinTech 

adoption. Instead, effective policy intervention should focus on: improving technological accessibility, 

enhancing digital literacy at the population level, and reducing uncertainty through regulatory clarity. Such 

an approach can accelerate financial inclusion while maintaining system stability. 

6.5 Limitations 

Several limitations should be acknowledged. 

First, not all theoretically relevant determinants could be pooled due to limited availability of standardized 

effect sizes. Second, the integration of intention-based and usage-based outcomes may obscure differences 

across adoption stages. Third, the geographical concentration of studies in emerging economies may limit 

generalizability to advanced financial systems. 

These limitations provide opportunities for future research rather than undermining the validity of the 

findings. 

6.6 Directions for Future Research 

Future studies are encouraged to: Report standardized statistical indicators to facilitate cumulative meta-

analytic research. Examine regulatory and risk-related constructs using consistent measurement 

frameworks. Conduct longitudinal studies to capture FinTech adoption dynamics over time. Explore 

emerging FinTech domains, such as green FinTech, decentralized finance, and AI-driven financial 

services. 

6.7 Final Remark 

By synthesizing fragmented empirical evidence, this study provides a coherent and statistically grounded 

understanding of FinTech adoption mechanisms. The findings highlight that sustainable growth of FinTech 

ecosystems depends not only on technological innovation but also on behavioral readiness and institutional 

support. 

This research thus offers a solid foundation for both academic inquiry and policy formulation in the 

evolving digital financial landscape. 
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