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The rapid expansion of digital financial services in Indonesia has
increased fraud risks and intensified demands for technological
transformation. Although artificial intelligence (Al) is increasingly
applied in fraud detection, the process through which governance
conditions contribute to fraud reduction remains insufficiently
understood. This study examines the development of Al capabilities
within Indonesian financial institutions by integrating the
Technology-Organization—Environment (TOE) framework and the
Information Systems Success Model. Al capability development is
conceptualized through three stages: Al Integration, Al Assimilation,
and Al Effectiveness. Survey data were analyzed using Partial Least
Squares Structural Equation Modeling (PLS-SEM). The findings
show that regulatory pressure does not directly improve fraud
reduction outcomes. Instead, regulatory and organizational
conditions support Data Quality, facilitating Al Integration and
strengthening subsequent Al capability development. Fraud
reduction is achieved only when Al systems reach operational
effectiveness. The results suggest that fraud reduction represents an
outcome of organizational capability development rather than a
direct consequence of regulatory pressure or technological
implementation alone.
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1.  INTRODUCTION

The rapid digitalization of financial services has transformed financial institutions
into highly data-driven environments, particularly in emerging markets with accelerated
fintech adoption and expanding digital payment ecosystems. While digital transformation
improves efficiency and financial inclusion, it also amplifies exposure to increasingly
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sophisticated fraud risks [1], [2], [3]. The growing complexity of digital transactions has
rendered traditional rule-based fraud-detection mechanisms insufficient for addressing
adaptive, technology-enabled fraud schemes. Artificial intelligence (Al) has emerged as a
key tool for fraud detection, enabling real-time monitoring, anomaly detection, and
predictive risk assessment using large-scale transactional data [4]. However, empirical
evidence shows that Al adoption does not consistently translate into measurable reductions
in fraud across organizations [5]. Although Al systems enhance fraud detection
capabilities, organizational benefits arise only when detection effectiveness leads to
measurable reductions in fraud incidents and financial losses [6].

Fraud detection, therefore, represents a technological capability, whereas fraud
reduction reflects an organizational performance outcome. This distinction suggests that
the effectiveness of Al depends not only on technological sophistication but on how it is
embedded within organizational processes and governance structures. Financial institutions
may adopt advanced Al systems yet fail to achieve meaningful fraud mitigation when these
technologies are not effectively integrated into organizational processes and governance
mechanisms [7], [8]. Thus, it becomes essential to examine how Al-enabled detection
capabilities are translated into operational effectiveness that ultimately produces fraud
reduction outcomes.

These challenges are particularly pronounced in emerging market economies,
where rapid technological expansion often exceeds organizational capability development
and regulatory readiness [9]. Indonesia represents one of the fastest-growing digital
financial ecosystems in Southeast Asia, characterized by accelerating fintech innovation,
expanding digital payment usage, and ongoing regulatory transformation aimed at
strengthening financial system resilience [10]. Financial institutions in Indonesia face
increasing supervisory expectations to enhance fraud prevention and risk governance while
simultaneously developing internal technological capabilities. In such contexts, the
effectiveness of Al-based fraud detection may depend not merely on technology adoption,
but also on how governance structures support organizational preparedness and operational
use [11]. Existing studies predominantly emphasize algorithmic performance and
analytical accuracy, while comparatively limited attention has been devoted to governance
and organizational mechanisms that determine whether Al systems generate meaningful
operational value.

Recent Al governance research emphasizes that effective deployment requires
accountability structures, data governance practices, and institutional oversight embedded
throughout the Al lifecycle [12]. Regulatory developments, such as the European Union
Artificial Intelligence Act and regional governance initiatives, signal a global transition
from technology-driven adoption to governance-driven Al implementation [13].
Complementary international initiatives, including regional guidelines such as the ASEAN
Guide on Al Governance and Ethics, further emphasize responsible Al deployment
through institutional readiness, risk assessment, and organizational oversight [14].
However, regulatory pressure may also lead to symbolic adoption, where organizations
implement Al primarily for compliance purposes without achieving operational
effectiveness [15]. Although the use of artificial intelligence for fraud detection continues
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to expand, empirical evidence remains limited in explaining how governance conditions
facilitate Al capability development and translate into measurable reductions in fraud,
particularly in financial institutions operating in emerging markets.

This study addresses this gap by examining the role of governance in Al adoption
for fraud reduction, in which regulatory pressure and organisational support enhance Data
Quality, enabling Al Integration, assimilation, and effectiveness, ultimately leading to
fraud reduction. Using survey data from Indonesian financial institutions analyzed using
PLS-SEM, this study demonstrates that fraud reduction is not driven solely by Al adoption,
but by how financial institutions support effective Al implementation through regulatory
alignment, organisational support, and Data Quality management.

2. LITERATURE REVIEW & HYPOTHESIS DEVELOPMENT
2. 1 Artificial Intelligence in Financial Fraud Detection

Financial fraud detection has evolved significantly with advances in data mining
and machine learning. Traditional rule-based detection systems are increasingly considered
insufficient to handle complex, adaptive fraud patterns in digital financial environments
[16]. The integration of artificial intelligence (Al), particularly machine learning and
predictive analytics, has enhanced fraud detection accuracy, anomaly identification, and
real-time transaction monitoring [17], [18], [19]. Al-based fraud detection systems
leverage large volumes of transactional data to identify abnormal patterns that may indicate
fraudulent behavior [20]. Empirical studies consistently demonstrate that Al models
outperform conventional statistical methods in detecting financial irregularities [18].

However, improvements in fraud detection accuracy do not necessarily translate
into organizational fraud reduction outcomes. While Al systems strengthen analytical
detection capabilities, their effectiveness depends not only on technological sophistication
but also on organizational readiness, Data Quality, and operational integration. Despite
increasing adoption within financial institutions, existing literature predominantly
emphasizes algorithmic performance rather than organizational and governance
mechanisms that determine whether Al systems generate operational value. This limitation
highlights the need to examine Al-enabled fraud detection within a broader institutional
and capability-based framework [6], [21].

Although prior studies generally report positive impacts of Al adoption on fraud
detection performance, empirical evidence indicates that technological adoption does not
automatically produce organizational performance improvements [22]. In this study, Al
capability development refers to the organization’s ability to integrate, operationalize, and
effectively utilize Al systems within fraud detection processes, reflected through Al
integration, Al assimilation, and Al effectiveness. Financial institutions may develop
technological readiness without achieving effective system utilization or measurable fraud
mitigation outcomes. These inconsistencies suggest that the value of Al emerges through
progressive organizational capability development rather than direct technological
deployment [23]. Given these arguments, understanding how governance conditions
influence Al integration, assimilation, and effectiveness is essential for explaining how Al-
enabled detection capabilities ultimately contribute to fraud-reduction outcomes. Based on
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this perspective, the following hypotheses are developed to examine the sequential
relationships underlying Al capability development and fraud reduction.

2.2 Regulatory Pressure and Organizational Support

Regulatory pressure plays a critical role in shaping organizational responses to
technological and risk management requirements. Institutional theory suggests that
organizations adapt their structures and practices in response to coercive pressures imposed
by regulatory authorities [24]. In highly regulated industries such as financial services,
regulatory bodies increasingly require institutions to strengthen fraud prevention, data
governance, and risk management capabilities [25]. Beyond compliance, regulatory
pressure also influences internal organizational readiness. External expectations often drive
management commitment, resource allocation, and strategic prioritization of technology
initiatives, including the adoption of artificial intelligence (Al) [26]. Within the
Technology—Organization—Environment (TOE) framework, environmental pressure serves
as a key driver of organizational preparedness and technological alignment [27].
Consequently, regulatory pressure is expected to enhance organisational support by
encouraging internal alignment and resource mobilization for Al implementation [28].
Drawing upon these arguments, the following hypothesis is proposed:
Hi: Regulatory pressure positively influences organizational support.

2.3 Regulatory Pressure and Data Quality

In addition to influencing organizational support, regulatory pressure also plays an
important role in improving Data Quality practices. Regulatory frameworks increasingly
emphasize data governance, transparency, and accountability, particularly in the context of
Al-based risk management systems [29]. These requirements compel organizations to
establish structured data management processes, ensuring that data used for analytical and
decision-making purposes is accurate, complete, and reliable. In financial institutions,
regulatory scrutiny of fraud prevention further underscores the need for high-quality
transactional data [30]. Therefore, regulatory pressure may encourage organizations to
strengthen data governance mechanisms and improve overall data quality. As such, the
second hypothesis is stated as follows:
H.: Regulatory pressure positively influences data quality.

2.4 Organisational Support and Data Quality

Organisational support reflects the extent to which management provides resources,
infrastructure, and strategic direction for technology implementation. Prior studies
emphasize that strong internal support is essential for effective data governance practices,
including data accuracy, completeness, and consistency [31]. Without sufficient
organisational commitment, data management practices may remain fragmented, limiting
the effectiveness of advanced analytical technologies such as Al [32]. Therefore,
organisational support is expected to enhance data quality by enabling coordinated data
governance and ensuring the availability of reliable information. In line with this argument,
the third hypothesis is proposed as follows:
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Hs: Organisational support positively influences Data Quality.

2.5 Data Quality and Al Integration

Data Quality is a fundamental prerequisite for successful Al adoption. Al systems
rely on accurate, complete, and structured data to generate reliable outputs. Poor Data
Quality can lead to biased models, inaccurate predictions, and ineffective decision-making
regardless of technological sophistication. In fraud detection contexts, high-quality data
enables effective Al Integration by allowing systems to process relevant transaction
patterns. Thus, data quality plays a critical role in facilitating the initial implementation of
Al within organizational processes [33]. These arguments suggest that organizations with
higher data quality are more likely to achieve effective Al integration. Thus, the following
hypothesis is developed:
Ha: Data quality positively influences Al integration.

2.6 Al Integration and Al Assimilation

Al adoption is a multi-stage process. Al Integration refers to the initial
implementation of Al systems, while Al Assimilation reflects the extent to which these
systems are embedded in daily operations. Research in information systems suggests that
assimilation is a stronger predictor of performance outcomes than mere adoption [29] [34].
Organizations that successfully integrate Al into their workflows are more likely to
routinize its use, leading to deeper assimilation. Taken together, the following hypothesis
is stated:
Hs: Al integration positively influences Al assimilation.

2.7 Al Assimilation and Al Effectiveness

According to the Information Systems Success Model, system effectiveness
depends not only on technical quality but also on actual usage and integration [35][29]. Al
Assimilation reflects the extent to which Al systems are actively utilized in organizational
processes. When Al systems are deeply embedded in decision-making processes, they
improve detection accuracy, responsiveness, and reliability. Greater Al adoption may
enhance Al effectiveness by promoting routine use and deeper operational integration of
Al systems into fraud detection activities. Accordingly, the sixth hypothesis is stated as
follows:
He: Al assimilation positively influences Al effectiveness.

2.8 Al Effectiveness and Fraud Reduction

Fraud reduction represents the ultimate organizational outcome of Al-based fraud
detection systems. IS success theory suggests that system effectiveness translates into
measurable organizational benefits [29], [35]. When Al systems produce accurate and
timely outputs, financial institutions can identify suspicious transactions more effectively,
reduce fraud incidents, and minimize financial losses. As a result, higher Al Effectiveness
may contribute to stronger Fraud Reduction outcomes. Based on this reasoning, the
seventh hypothesis is proposed as follows:
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Hy7: Al effectiveness positively influences fraud reduction.

2.9 Proposed Model Summary

Based on the preceding arguments, this study proposes a framework in which
regulatory pressure and organisational support strengthen Data Quality and facilitate Al
capability development through Al Integration, Al Assimilation, and Al Effectiveness,
ultimately contributing to Fraud Reduction outcomes. The study's conceptual framework is
presented in Figure 1.
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3.  RESEARCH METHODOLOGY
3.1 Research Design

This study employs a quantitative research design to examine the organizational
capability pathway of Al-based fraud reduction within financial institutions. The research
model investigates how Regulatory Pressure, Organisational Support, and Data Quality
contribute to Al capability development through Al Integration, Al Assimilation, and Al
Effectiveness, ultimately leading to fraud reduction outcomes. To test the proposed
hypotheses, this study uses variance-based Structural Equation Modeling (PLS-SEM).
PLS-SEM is appropriate for predictive and capability-oriented research models,
particularly when examining complex relationships involving sequential mediation effects.
In addition, PLS-SEM does not require strict multivariate normality assumptions and is
suitable for exploratory and theory-extension research contexts. The data were analyzed
using SmartPLS 4.1 following a two-step approach: (1) evaluation of the measurement
model and (2) evaluation of the structural model [36].

3.2 Sample and Data Collection

The study was conducted in the Indonesian financial sector, including banking,
fintech, insurance, and investment institutions. A total of 151 respondents participated in
this study, consisting of professionals such as data scientists, auditors, risk managers, 1T
personnel, compliance officers, fraud analysts, customer service staff, and operational
officers. Respondents were selected using purposive sampling, targeting individuals
directly involved in financial operations, risk management, fraud detection, or information
systems to ensure the relevance and reliability of the data.
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Data were collected between 1 February and 17 February 2026 using a cross-
sectional survey approach. A structured questionnaire was distributed online via Google
Forms through professional networks, email invitations, and LinkedIn groups related to
finance and technology. The instrument employed a five-point Likert scale, where 1
indicates strongly disagree, and 5 indicates strongly agree. [37]

Table 1. Respondent Profile

Category Frequency Percentage
Financial Sector

Banking 64 42.4%
Fintech 31 20.5%
Insurance 20 19.9%
Investment 26 17.2%
Work Experience

<1 year 23 15.2%
1-3 years 49 32.5%
3-5 years 47 31.1%
> 5 years 32 21.2%

3.3 Data Analysis Procedures

The analysis followed a three-step approach. First, multicollinearity and common
method bias were assessed using inner model collinearity statistics (VIF). Second, the
measurement model was evaluated through reliability and validity assessment, including
Cronbach’s alpha, Composite Reliability (CR), Average Variance Extracted (AVE), and
Heterotrait-Monotrait ratio (HTMT). Third, the structural model was assessed using
bootstrapping procedures to examine path coefficients, coefficient of determination (R?),
effect size (f2), and mediation effects.

4.  RESULTS
4.1 Descriptive Statistics

Table 2. Descriptive Statistics
Std.

Constructs Mean L Min Max Skewness
Deviation

Regulatory Pressure 3,63 1,07 1,00 5,00 (0,47)
Organisational Support 3,60 1,04 1,00 5,00 (0,41)
Data Quality 3,64 1,05 1,00 5,00 (0,52)
Al Integration 3,60 1,06 1,00 5,00 (0,44)
Al Assimilation 3,68 1,04 1,00 5,00 (0,52)
Al Effectiveness 3,63 1,03 1,00 5,00 (0,46)
Fraud Reduction 3,62 1,07 1,00 5,00 (0,41)

Table 2 presents the descriptive statistics of the study variables. The mean values
range from 3.60 to 3.68, indicating moderately positive perceptions among respondents
regarding Al adoption, governance conditions, and fraud reduction practices within
Indonesian financial institutions. Al Assimilation reported the highest mean value (3.68),
suggesting that Al systems have been relatively embedded within organizational
operations. Standard deviation values ranging from 1.03 to 1.07 indicate moderate
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variability across responses. Furthermore, skewness values ranged from -0.41 to -0.52,
indicating slight negative skewness and suggesting that respondents generally provided
favorable assessments of the measured constructs.

4.2 Model Evaluation
4.2.1 Multicollinearity and Common Method Bias Assessment

Multicollinearity and common method bias were assessed using inner model
collinearity statistics (VIF). As presented in Table 3, all VIF values ranged from 1.000 to
1.206, which are below the recommended threshold of 3.3. These results indicate that
multicollinearity is not a concern in the structural model and that common-method bias is
unlikely to affect the study's findings.

Table 3. Inner Model Collinearity Statistics (VIF)

Structural Path VIF
Al Assimilation — Al Effectiveness 1.000
Al Effectiveness — Fraud Reduction 1.000
Al Integration — Al Assimilation 1.000
Data Quality — Al Integration 1.000
Organisational Support — Data Quality 1.206
Regulatory Pressure — Data Quality 1.206

Regulatory pressure — Organisational Support 1.000

4.2.2 Measurement Model Assessment

The measurement model was assessed to evaluate the reliability and validity of the
constructs. Internal consistency reliability was examined using Cronbach’s alpha and
Composite Reliability (CR) [37].

As presented in Table 4, all constructs exceeded the recommended threshold of
0.70 across both reliability measures. Cronbach’s alpha values ranged from 0.704 to 0.909,
while Composite Reliability values ranged from 0.836 to 0.936, indicating satisfactory
construct reliability. Additional reliability assessment using rho_A also demonstrated
acceptable reliability across all constructs. Convergent validity was evaluated using outer
loadings and Average Variance Extracted (AVE). Most indicator loadings exceeded the
recommended threshold of 0.70, while one indicator under Al Effectiveness (Al-Eff9 =
0.546) was retained because the construct continued to demonstrate satisfactory reliability
and convergent validity. Furthermore, all AVE values exceeded the recommended
threshold of 0.50, ranging from 0.516 to 0.805, confirming adequate convergent validity.

Table 4. Measurement Model Assessment

Construct Item  Outer Loading Cronbach’s Alpha Composite Reliability AVE
Regulatory Pressure RP1 0.879 0.900 0.930 0.770
RP2 0.897
RP3 0.858
RP4 0.874
Organisational Support Orgs1 0.871 0.704 0.836 0.631

OrgS2 0.789
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Construct Item Outer Loading Cronbach’s Alpha Composite Reliability AVE
OrgS3 0.714
Data Quality DQ1 0.882 0.909 0.936 0.785
DQ2 0.905
DQ3 0.855
DQ4 0.900
Al Integration Al-Intgl 0.872 0.903 0.932 0.774
Al-Intg2 0.882
Al-Intg3 0.864
Al-Intg4 0.900
Al Assimilation Al-Al 0.874 0.894 0.926 0.758
Al-A2 0.874
Al-A3 0.863
Al-Ad 0.872
Al Effectiveness Al-Effl 0.718 0.884 0.905 0.516
Al-Eff2 0.746
Al-Eff3 0.724
Al-Eff4 0.708
Al-Eff5 0.768
Al-Eff6 0.751
Al-Eff7 0.723
Al-Eff8 0.753
Al-Eff9 0.546
Fraud Reduction FR1 0.900 0.879 0.925 0.805
FR2 0.897
FR3 0.894

4.2.3 Discriminant Validity Assessment
Discriminant validity was assessed using the Heterotrait-Monotrait ratio (HTMT) as

presented in Table 5.

Table 5. Discriminant Validity Assessment

Constructs RP 0s DQ AllIntg Al Assm Al Effect FR
Regulatory Pressure (RP) —
Organisational Support (OS) 0.515 —
Data Quality (DQ) 0.435 0.616 —
Al Integration (Al Intg) 0.456 0.561 0.485 —
Al Assimilation (Al Assm)  0.481 0.512 0.458  0.510 —
Al Effectiveness (Al Effct)  0.606 0.903 0.581  0.547 0.549 —
Fraud Reduction (FR) 0.388 0.605 0.541 0.437 0.450 0.612 —

The HTMT values were generally below the recommended

threshold of 0.90,

indicating acceptable discriminant validity among the constructs. Although the HTMT
value between Organisational Support and Al Effectiveness slightly exceeded the threshold
(0.903), the confidence interval did not include 1.00, suggesting that discriminant validity

remained acceptable.
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4.2.4 Structural Model Assessment

The structural model was assessed using bootstrapping procedures with 5.000
subsamples to evaluate the significance of the hypothesized relationships. As presented in
Table 6, all proposed direct relationships were statistically significant at the 5%
significance level.

Table 6. Structural Path Coefficients

Hypothesis Structural Path Path Coefficient T- P-
()] statistics  values
H1 Regulatory pressure — 0.414 4.406 0.000
Organisational Support

H2 Regulatory Pressure — Data 0.232 3.087 0.002
Quality

H3 Organisational Support — Data 0.400 5.676 0.000
Quality

H4 Data Quality — Al Integration 0.442 5.221 0.000

H5 Al Integration — Al Assimilation 0.463 5.428 0.000

H6 Al Assimilation — Al 0.514 6.168 0.000

Effectiveness
H7 Al Effectiveness — Fraud 0.597 12.288 0.000
Reduction

Regulatory pressure demonstrated a significant positive effect on Organisational
Support. (B =0.414, p < 0.001) and Data Quality (p = 0.232, p = 0.002). Organisational
Support also positively influenced Data Quality (f = 0.400, p < 0.001). Furthermore, Data
Quality significantly enhanced Al Integration (p = 0.442, p < 0.001), which subsequently
strengthened Al Assimilation (B = 0.463, p < 0.001). Al Assimilation was found to
positively affect Al Effectiveness (B = 0.514, p < 0.001), while AI Effectiveness
demonstrated the strongest direct effect on Fraud Reduction (B = 0.597, p < 0.001). These
findings indicate that fraud reduction is achieved through a sequential capability
development process in which governance and organizational conditions enhance Data
Quality and Al implementation capabilities, ultimately leading to effective fraud reduction
outcomes.

4.2.5 Coefficient of Determination (R?2)
The coefficient of determination (R2) and adjusted R2 values were used to evaluate
the explanatory power of the structural model.

Table 7. Coefficient of Determination (R?)

Endogenous Construct R2 Adjusted R?
Organisational Support 0.171 0.165
Data Quality 0.291 0.281
Al Integration 0.195 0.190
Al Assimilation 0.214 0.209
Al Effectiveness 0.264 0.259

Fraud Reduction 0.357 0.352
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As presented in Table 7, the model explains 35.7% of the variance in Fraud
Reduction (Adjusted R? = 0.352), indicating moderate explanatory power. The model also
explains 29.1% of the variance in Data Quality, 26.4% in Al Effectiveness, 21.4% in Al
Assimilation, and 19.5% in Al Integration. Regulatory pressure accounts for an additional
17.1% of the variance in Organisational Support. The findings show that the proposed
framework captures the sequential relationships associated with Al capability development
and fraud reduction.

4.2.6 The Effect Size (f?)

The effect size (f2) analysis indicates that Al Effectiveness exerts the strongest
substantive influence on Fraud Reduction (2 = 0.554), followed by the effect of Al
Assimilation on Al Effectiveness (2 = 0.359). Medium effect sizes were observed for Al
Integration — Al Assimilation (f2 = 0.272), Data Quality — Al Integration (2 = 0.243),
Organisational Support — Data Quality (£ = 0.187), and Regulatory Pressure —
Organisational Support (2 = 0.206). In contrast, the effect of Regulatory Pressure on Data
Quality was relatively small (f2 = 0.063). These findings further support the sequential
capability-building mechanism proposed in this study.

Table 8. The Effect Size (f?)

Structural Path f2 Effect Size
Al Assimilation — Al Effectiveness 0.359 Large
Al Effectiveness — Fraud Reduction 0.554 Large
Al Integration — Al Assimilation 0.272 Medium
Data Quality — Al Integration 0.243 Medium
Organisational Support — Data Quality 0.187 Medium
Regulatory Pressure — Data Quality 0.063 Small

Regulatory pressure — Organisational Support 0.206 Medium

4.2.7 Indirect Effect

Indirect effect analysis was conducted to assess the sequential mediation
relationships within the proposed model. The results reveal several statistically significant
indirect effects, indicating that governance and organizational conditions affect fraud
reduction by advancing the development of Al capabilities.

Table 9. Indirect Effect

Indirect Relationship Indirect Effect T-statistics P-values
Al Assimilation — Fraud Reduction 0.307 4.729 0.000
Al Integration — Al Effectiveness 0.238 3.297 0.001
Al Integration — Fraud Reduction 0.142 2.767 0.006
Data Quality — Al Assimilation 0.205 3.061 0.002
Data Quality — Al Effectiveness 0.105 2.205 0.028
Organisational Support — Al Integration 0.177 3.242 0.001
Regulatory Pressure — Al Integration 0.176 2.692 0.007

Al Integration indirectly enhanced Al Effectiveness (fp = 0.238, p = 0.001) and
Fraud Reduction (B = 0.142, p = 0.006) through Al Assimilation and Al Effectiveness.
Similarly, Data Quality indirectly influenced Al Assimilation (f = 0.205, p = 0.002) and
Al Effectiveness (B = 0.105, p = 0.028). Organisational Support and Regulatory Pressure
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also demonstrated significant indirect effects on Al Integration, indicating that governance-
related conditions contribute to the downstream formation of Al capability. However, the
indirect effects of Organisational Support and Regulatory Pressure on Fraud Reduction
were not statistically significant. These findings suggest that governance mechanisms
alone are insufficient to directly reduce fraud unless they are translated into effective Al
implementation, assimilation, and operational effectiveness. Overall, the results support the
argument that fraud reduction emerges through a sequential organizational capability
development process rather than through direct technological adoption alone.

5. DISCUSSIONS
5.1 Regulatory Pressure and Organisational Support in Al Capability Development

The findings indicate that regulatory pressure and organisational support play
important roles in supporting Al capability development within financial institutions.
Regulatory pressure was found to significantly influence organisational support and data
quality, indicating that external regulations and supervisory expectations encourage
organisations to strengthen internal commitment to Al implementation and to improve data
management practices. In addition, organisational support positively affected data quality,
suggesting that managerial commitment, resource allocation, and organisational readiness
are important in establishing reliable data environments for Al systems.

Since Al-based fraud detection relies heavily on data accuracy and consistency,
organizations with stronger internal support are more likely to develop the conditions
necessary for effective Al implementation. These findings suggest that regulatory and
organizational factors do not directly reduce fraud. Instead, they help organizations build
the internal conditions required for effective Al utilization and capability development.

5.2 From Al Integration to Al Effectiveness

The results demonstrate that Al capability development occurs through a sequential
process rather than through immediate technological adoption. Data quality significantly
improved Al integration, while Al integration positively influenced Al assimilation and Al
effectiveness. These findings indicate that organizations must first establish reliable data
environments before Al systems can be effectively integrated into operational processes.

The findings further suggest that technical implementation alone is insufficient to
generate organizational value. After Al systems are integrated, organizations must also
operationally assimilate them into routine activities and decision-making processes to
achieve effective fraud detection performance. In other words, Al systems become
valuable only when they are consistently used and embedded in organizational operations.
This sequential relationship supports the argument that fraud-reduction outcomes emerge
progressively through organizational capability development rather than solely from Al
adoption.

5.3 Al Effectiveness and Fraud Reduction
The results further demonstrate that Al effectiveness exerts the strongest direct
influence on fraud reduction. This finding indicates that fraud reduction is primarily
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determined not by the mere presence of Al systems but by the operational effectiveness of
those systems in detecting anomalies, improving responsiveness, and supporting fraud-
related decision-making processes. This result extends prior Al adoption literature, which
often assumes that technological adoption automatically improves organizational
performance outcomes. The present study shows that technological implementation alone
does not guarantee reductions in fraud. Instead, organizations must achieve effective Al
utilization and operational performance before measurable reductions in fraud can occur.
The large effect size observed between Al effectiveness and fraud reduction further
underscores the central role of operational Al performance in fraud management. Financial
institutions that successfully operationalize Al systems are more likely to strengthen real-
time monitoring, anomaly detection accuracy, and fraud mitigation responsiveness.

5.4 Indirect Effects and Mediation Mechanisms

The indirect effect analysis provides additional insight into how regulatory and
organizational conditions contribute to fraud reduction outcomes. Although regulatory
pressure and organisational support significantly influenced upstream organisational
capabilities, their indirect effects on fraud reduction were not statistically significant.
These findings suggest that governance-related conditions alone are insufficient to reduce
fraud incidents directly. Instead, regulatory pressure and organisational support contribute
to fraud reduction only when translated into stronger organisational capabilities, including
improved data quality, Al integration, Al assimilation, and Al effectiveness. This finding
supports the argument that organizational value from Al emerges through cumulative
capability development processes rather than through direct technological adoption alone.
Hence, the findings support a capability development perspective in which regulatory
pressure, organizational support, data readiness, and Al operationalization collectively
shape the effectiveness of Al-enabled fraud reduction initiatives within financial
institutions.

6. THEORETICAL IMPLICATIONS

These findings contribute to the literature in several ways. First, this study extends
institutional theory by showing that regulatory pressure does not directly improve fraud-
reduction outcomes but instead strengthens organizational readiness and Data Quality that
support Al capability development. Second, this study advances the TOE framework by
demonstrating that Al capability development occurs sequentially through Al integration,
Al assimilation, and Al effectiveness rather than through single-stage technological
adoption. Third, this study extends the Information Systems Success Model [29] by
confirming that Al effectiveness serves as the immediate driver of fraud-reduction
outcomes, while regulatory and organizational conditions contribute indirectly through
mechanisms of capability development. Thus, the findings suggest that organizational
value from Al emerges through progressive development of operational capabilities rather
than technological adoption alone.
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1. PRACTICAL IMPLICATIONS

The findings provide several practical implications for financial institutions. First,
regulatory compliance alone is insufficient to reduce fraud unless Al systems are
effectively integrated and operationally utilized. Second, data quality management is a
foundational capability that supports effective Al implementation. Third, organizations
should prioritize Al assimilation through workflow integration, employee training, and
operational adaptation rather than focusing solely on technological adoption. It concludes
that fraud reduction depends not only on adopting Al systems, but on effectively
embedding them within organizational processes

8. CONCLUSION

This study examined how regulatory and organizational conditions influence fraud
reduction through the development of artificial intelligence (Al) capabilities within
financial institutions. The findings demonstrate that fraud reduction is not achieved solely
through regulatory pressure or Al adoption. Instead, fraud reduction emerges through a
sequential capability development process involving data quality, Al integration, Al
assimilation, and Al effectiveness. These findings answer the research objective by
confirming that organizational capability development is the critical mechanism through
which regulatory and organizational conditions translate into measurable reductions in
fraud.

The study contributes to the existing literature by validating a capability-based Al
development pathway that extends Institutional Theory, the Technology—Organization—
Environment (TOE) framework, and the Information Systems Success Model. Rather than
viewing Al adoption as the primary determinant of organizational performance, the
findings demonstrate that value creation depends on the organization's ability to develop,
assimilate, and progressively operationalize Al capabilities. This provides a more
comprehensive explanation of how technological innovation generates organizational
benefits in fraud management.

From a practical perspective, the findings provide important implications for
financial institutions, regulators, and policymakers. Organizations should focus not only on
investing in Al technologies but also on strengthening organizational support, improving
data quality, enhancing Al integration, and facilitating continuous Al assimilation to
maximize fraud reduction performance. Likewise, regulators should encourage policies
that promote organizational capability development rather than merely emphasizing
regulatory compliance or technology adoption.

This study is subject to several limitations. The proposed relationships were
examined within the context of financial institutions, which may limit the generalizability
of the findings to other industries. In addition, the study primarily focused on
organizational and technological capability factors without incorporating external
environmental dynamics or individual behavioral factors that may also influence Al
implementation success.

Future research is encouraged to validate the proposed model across different
industrial sectors and national contexts to enhance its generalizability. Further studies may
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also incorporate additional variables, such as organizational culture, digital leadership, Al
governance, cybersecurity capability, or employee digital competence, as potential
mediators or moderators. Longitudinal and mixed-method research designs are also
recommended to provide deeper insights into the long-term evolution of Al capability
development and its impact on sustainable fraud prevention.

9. LIMITATIONS & FUTURE RESEARCH

Despite providing important insights, this study has several limitations. First, the
cross-sectional nature of the study limits the examination of how Al capabilities evolve
and mature over time. Future studies may adopt longitudinal designs to examine the long-
term relationship between Al capability development and fraud-reduction outcomes.
Second, this study relies on perceptual survey data obtained from organizational
professionals, which may introduce subjective assessment bias despite statistical controls
for common method bias. Future research may incorporate objective fraud indicators or
archival organizational data to strengthen causal inference. Third, the empirical focus on
Indonesian financial institutions may limit the generalizability of the findings across
different institutional contexts. Future studies may conduct comparative analyses across
countries or regulatory environments to provide deeper insights into the interactions
between governance and Al capabilities. Future research may also expand the model by
incorporating additional organizational factors, such as ethical Al governance, leadership
support, and organizational culture, to explain variations in Al effectiveness and fraud-
reduction outcomes.
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