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ABSTRACT

This study examines the effectiveness of artificial
intelligence in forensic accounting for detecting
financial fraud within the digital economy. Using
a quantitative machine learning approach, the
research analyzes 2,314 anonymized digital
transaction records from a digital-based Savings
and Loan Cooperative in Central Java.
Transaction data extracted from accounting
information systems were cleaned and analyzed
using random forest, logistic regression, and
support vector machine algorithms. The results
show that AI integration improves fraud
detection accuracy up to 91.8%, with transaction
frequency, late payments, and loan application
patterns identified as key anomaly indicators.
The study concludes that Al-based forensic
accounting strengthens internal control systems
and contributes theoretically through replicable
machine learning fraud detection models, while
offering practical implications for forensic
auditors and modern financial governance
policies.
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INTRODUCTION

Digital transformation has drastically changed modern business models
through increased volume, speed, and complexity of financial transactions. At
the global level, the digitalization of payment systems and financial services has
led to a significant increase in the potential for data-driven fraud, especially in
organizations that manage repetitive and large-scale transactions (Anderson,
2021). The phenomenon of digital fraud also occurs in Indonesia, where various
financial institutions including cooperatives, fintech, and MSMEs experience an
increased risk of manipulation through technology-based accounting systems.
This condition is increasingly relevant for digital savings and loan institutions
that rely on automated transaction processing around the clock. Therefore, the
integration of Artificial Intelligence (Al) in forensic accounting is a strategic need
to ensure the security, accuracy, and integrity of financial data in the digital
economy ecosystem.

Forensic accounting serves as an investigative approach based on
accounting, auditing, and analytical techniques to identify, trace, and prevent
financial fraud. The development of the digital ecosystem requires forensic
accounting methods to adapt to complex, fast-changing, and often unstructured
data dynamics (Morgan & Reynolds, 2022). The manual checks that have been
used are no longer adequate because they are time-consuming, inefficient, and
prone to human error. Traditional audit systems also generally rely on sampling,
so it has the potential to miss small anomalies that then develop into significant
fraud (Henderson, 2023). Therefore, forensic accounting in the digital era
requires the support of smart technology to improve the accuracy of
investigations and optimize fraud detection in real-time.

Al offers superior computational capabilities in processing large amounts
of data, recognizing transaction patterns, and detecting anomalies through
machine learning algorithms. Previous research has shown that machine learning
models are able to identify fraud patterns with a higher level of accuracy than
conventional statistical methods (Robinson et al.,, 2023). Al integration also
allows auditors to reduce subjective bias in the analysis process, as decisions are
based on objective data processing. Additionally, Al can be integrated with
internal control systems to monitor transactions automatically and continuously.
With its ability to detect abnormal patterns that are difficult to find by manual
analysis, Al is a key technology in mitigating the risk of financial fraud in the
digital economy.

Although various studies have examined the use of Al'in fraud detection,
most studies have focused on large financial institutions such as banks, while
research related to digital cooperatives as non-bank financial institutions is still
very limited (Lawrence, 2020). In addition, a number of studies have focused only
on the accuracy of algorithms in general without identifying the specific
transaction variables that contribute the most to fraud detection (Chan & Oliver,
2021). Other research also highlights the lack of integration of forensic accounting
with machine learning-based predictive models in medium- and small-scale
financial organizations (Mitchell et al., 2022). This scientific gap shows the need
for more comprehensive research to understand the role of Al in forensic
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accounting in digital institutions in Indonesia. Thus, the study of digital
cooperatives becomes a very relevant and significant context.

Most cooperatives in Indonesia have adopted a digital financial system,
but have not yet implemented AI technology to monitor transactions
systematically and continuously. Many institutions still rely on manual
supervision that cannot keep up with the volume and speed of digital
transactions (Paterson & Malik, 2023). In addition, empirical research that
directly uses digital cooperative transaction datasets with a machine learning
approach is still rare, resulting in a vacuum of scientific knowledge. The lack of
research based on local contexts also makes it difficult to develop fraud detection
models that are truly in accordance with the characteristics of Indonesian
cooperative transactions. This condition reinforces the urgency of research on the
integration of Al in forensic accounting to support stronger and adaptive
financial supervision.

Based on the gaps that have been identified, this study explicitly aims to
analyze the effectiveness of the integration of Artificial Intelligence in forensic
accounting to detect financial fraud in the digital economy environment. This
study assesses the relationship between digital transaction patterns and the
probability of financial anomalies through machine learning modeling. The
study also tested the performance of algorithms such as random forest, logistic
regression, and support vector machine on a digital cooperative transaction
dataset that included 2,314 records over one year. In addition, the study
identified transaction variables that are the main indicators of fraud, such as
transaction frequency, late payments, and loan application patterns. Thus, the
research is directed to produce a comprehensive empirical evaluation.

This research makes a theoretical contribution through the development
of academic studies on the integration of Al in forensic accounting, especially in
the context of non-bank financial institutions in developing countries. The
findings of this study enrich the literature by providing a machine learning-based
fraud detection model that can be replicated in other institutions in the digital
ecosystem (Matthews & Carter, 2024). Practically, this study provides
recommendations for forensic auditors, risk managers, and cooperative
managers in optimizing technology-based internal control systems. The resulting
Al model can help organizations identify transaction anomalies early, thereby
minimizing losses and increasing financial transparency. Thus, this research
offers a significant contribution to strengthening modern financial governance
based on smart technology.

THEORETICAL REVIEW
Digital Transformation and Financial Fraud Risk

Digital transformation has increased the operational efficiency of financial
institutions, but on the other hand it has expanded the opportunities for fraud
through data manipulation and exploitation of information systems. The growth
of digital transactions in cooperatives, MSMEs, and non-bank institutions makes
the financial system even more vulnerable due to large volumes of data and high
processing speeds (Newman & Zhao, 2021). According to Carter (2022), the
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complexity of digital transactions encourages increasing gaps in internal
supervision, especially in institutions that do not have an automated monitoring
system. In Indonesia, the development of digital cooperatives poses new
challenges because most of these institutions do not have an intelligent
technology-based fraud detection system. This emphasizes the urgency of
utilizing technology-based forensic accounting approaches to strengthen the
integrity of financial information.

Forensic Accounting in Financial Fraud Detection

Forensic accounting is an investigative audit practice that combines
accounting, financial analysis, and investigative techniques to detect, prevent,
and uncover fraud. In the digital context, forensic accounting requires more
comprehensive and adaptive data analysis capabilities to complex and
unstructured transaction data (Wilkinson & Harris, 2020). In addition, traditional
audit processes that rely on sampling are no longer considered adequate to detect
small anomalies with large potential risks (Thompson, 2021). The development
of digital technology has forced forensic auditors to integrate data-driven
analysis methods, including the use of predictive models. Recent studies
emphasize that forensic accounting supported by intelligent technology can
increase the effectiveness of investigations and reduce the risk of oversight due
to the limitations of manual analysis (Cruz & Patel, 2022).

Artificial Intelligence in Digital Control and Audit Systems

Artificial Intelligence offers big data processing capabilities that improve
auditors' ability to recognize patterns, analyze transaction trends, and identify
anomalies. Research by Daniels & Kumar (2023) shows that machine learning
algorithms such as Random Forest and Support Vector Machine are able to
identify fraud with higher accuracy than traditional statistical techniques. The
advantages of Al lie in its ability to perform analysis automatically, adaptively,
and in real-time, as well as reduce subjective bias in auditor decision-making
(Hughes & Martin, 2021). In addition, the integration of Al in the internal control
system allows the detection of suspicious transactions to be carried out
continuously, thus reducing the chance of fraud going undetected. This makes
Al an important component in the modernization of digital auditing and forensic
accounting.

Machine Learning as a Fraud Detection Method

Machine learning has become the dominant approach in financial fraud
detection research due to its ability to study historical data patterns and predict
anomalies with precision. Algorithms such as Logistic Regression are used to
measure the relationships between financial variables, while Random Forest and
Support Vector Machine are often used for fraud classification due to their stable
performance on complex datasets (O'Donnell et al., 2022). Research by Singh &
Wallace (2023) shows that ensemble models such as Random Forest are able to
achieve more than 90% accuracy in identifying abnormal transactions. This is in
line with the results of research on the digital cooperative dataset which shows
that fraud detection accuracy reaches 91.8%, showing that machine learning can
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function effectively in non-bank financial institutions. These findings emphasize
that algorithmic modeling is a key element in technology-based forensic
accounting.

Fraud Indicators in Digital Transactions

Previous research has identified a number of transaction variables that are
often indicators of fraud, including transaction frequency, late payments,
borrowing patterns, abnormal transaction values, and sudden changes in
financial behavior (Dawson & Lee, 2020). These variables are relevant in digital
cooperatives that have repetitive transaction patterns and loan structures that are
easy to manipulate. According to Adams & Ferris (2022), fraud detection will be
more accurate if the model does not rely on only one indicator, but a combination
of several variables that show abnormal patterns cumulatively. In the context of
digital cooperatives, variables such as late payments and the intensity of loan
applications are important indicators because they are often associated with the
risk of moral hazard. Therefore, Al-based analysis is essential for capturing
abnormal patterns that are difficult for auditors to detect manually.

Digital Cooperatives and the Challenges of Financial Supervision

Cooperatives in Indonesia are undergoing a digitalization phase that
accelerates transaction recording, loan services, and online financial reporting.
However, most cooperatives have not yet utilized Al-based technology to
support financial supervision systems, making them vulnerable to internal and
external fraud (Rutherford & Evans, 2021). Supervisory challenges are increasing
as transaction volumes increase, but internal control capacity and HR expertise
are not growing as fast as digital transformation (Santos & Miller, 2023). The lack
of empirical research on the application of Al in digital cooperatives also widens
the research gap, especially in the context of machine learning-based fraud
detection. This emphasizes the need for research that tests the effectiveness of
smart technology in detecting transaction anomalies in non-bank institutions.
Thus, digital cooperatives are an important and strategic research object.

Integration of Al in Forensic Accounting as a Modern Solution

The integration of AI in forensic accounting is considered a
comprehensive solution that is able to overcome the challenges of fraud detection
in the digital economy ecosystem. According to Matthews & Carter (2024), Al not
only improves detection accuracy, but also strengthens financial governance
systems by providing automated monitoring mechanisms. Al integration also
allows financial institutions to predict fraud risks based on historical patterns,
resulting in faster and data-driven decision-making. In digital cooperatives, the
application of machine learning-based models can help minimize losses and
increase the transparency of financial statements. Thus, Al is a strategic element
in strengthening forensic accounting and internal control systems in non-bank
financial institutions in the digital era.
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METHODOLOGY
Research Design

This study uses a quantitative approach with an explanatory design that
aims to analyze the effectiveness of Artificial Intelligence algorithms in detecting
financial fraud based on digital transaction patterns. The explanatory design was
chosen because it allows testing the relationship between financial variables in a
measurable manner through statistical modeling and machine learning, so that
the results of the study can be explained systematically and empirically. This
quantitative approach also provides an objective basis for evaluating the
algorithm's performance in identifying transaction anomalies that are often
difficult to find through manual checks. According to Harvey & Turner (2022),
explanatory design is relevant to research that involves the analysis of large
structured data patterns in digital contexts. Thus, this approach is considered the
most appropriate to test the integration of Al in forensic accounting.

Population and Sample

The research population includes all digital transactions carried out by
digital-based Savings and Loan Cooperatives in Central Java during one year of
operation. The sampling technique used total sampling because all 2,314
transaction records were analyzed thoroughly without exception to obtain a
complete picture of the transaction patterns that occurred. The use of total
sampling is recommended in fraud detection research because anomalous
patterns often appear in small proportions that can be ignored if selective
sampling is carried out (Solomon & Weir, 2021). In addition, analysis of all
transactions allows the AI model to capture variable relationships more
accurately. Therefore, this sampling strategy ensures that the results of the
research reflect the operational conditions of the cooperative in real terms.

Data Source and Collection Procedures

Research data was obtained through automatic extraction from
cooperative accounting information systems that have implemented digital-
based transaction recording. All data received has been anonymized by the
cooperative to maintain the privacy and confidentiality of member information,
so that the research complies with the data security aspect. The extraction process
is carried out through the system export feature which produces a complete
dataset of all financial transaction activities. The data collected includes the
number of transactions per member, loan value, frequency of loan applications,
history of late payments, history of automatic payments, and internal anomaly
indicators that have been flagged by the administrative system. The data
collection procedure is designed according to information security standards and
digital research ethics as recommended by Collins & McBride (2023), so that the
quality and validity of the data are well maintained.

Data Cleaning and Preprocessing

The preprocessing stage is carried out to ensure that the data to be
analyzed is in optimal condition. This process includes handling lost values
through simple numerical imputation techniques to avoid distortions in
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modeling. In addition, all large-scale variables are normalized so as not to
generate bias in algorithms that are sensitive to data scale differences, as
suggested by Foster & Graham (2022). Variables that are categorical are
converted to numerical format using label encoding techniques to improve
compatibility with machine learning algorithms. Outlier detection using the
interquartile range (IQR) method is also carried out to ensure that the extreme
values that appear are not caused by system errors. This entire process aims to
maintain data integrity and improve the performance of Al models in detecting
anomalies.

Analytical Techniques

Data analysis is carried out through several stages including data
exploration, machine learning modeling, model performance evaluation, and
analysis of important variables. The exploration stage was carried out to
understand the transaction baseline, variable distribution, and early indications
of anomalies, through statistical visualization and variable correlation as
described by Edwards & Nolan (2022). The modeling stage was carried out using
three main algorithms, namely random forest, logistic regression, and support
vector machine, which were chosen for their ability to efficiently classify fraud
on medium datasets. Random Forest is used to identify complex patterns in data,
Logistic Regression is used to analyze the strength of variable relationships,
while SVM is chosen because it effectively handles data with a non-linear
structure (Barlow & Jensen, 2023). Overall, the selection of this algorithm is based
on consistent performance in digital finance research.

Model Training and Validation

The dataset is divided into 80% training data and 20% test data using hold-
out validation techniques to obtain stable and unbiased performance estimates.
The model was evaluated using several metrics, namely accuracy, precision,
recall, F1-score, and area under ROC curve (AUC), as each metric provided a
different perspective on the model's ability to recognize fraud that was relatively
low in the transaction population. According to Elliott and Kramer (2023), the
use of diverse metrics is crucial when modeling unbalanced data. To minimize
the impact of class imbalances, this study applied a simple oversampling
technique so that the distribution of data became more balanced without
changing the main characteristics of the dataset. With this strategy, AI models
can be trained to detect fraud patterns more consistently and accurately.

Feature Importance Analysis

After the best model is obtained, an analysis is carried out on variables
that have a significant influence on the fraud prediction process. Gini importance
and coefficient analysis techniques are used to evaluate the contribution of each
variable in the model, in accordance with the recommendations of Irwin and
Shaw (2024). This analysis allows researchers to identify key indicators that play
a role in increasing the probability of anomalies occurring, such as transaction
frequency and late payments. These findings are important because they serve as
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a basis for linking the results of machine learning modeling with the concepts of
forensic accounting and internal control. Thus, the analysis of important
variables provides an in-depth understanding of the mechanism of fraud in
cooperative digital transactions.

Ethical Considerations

The entire research process follows digital research ethics standards,
including data anonymization, information protection, and dataset access
restrictions. No personal identity information of cooperative members was used
in this study. The guidelines for processing sensitive data refer to the National
Digital Ethics Framework (2024), which emphasizes the security of financial data
and the integrity of the research process. This study only uses numerical
transaction data, so it does not pose a risk of privacy violations.

Software and Tools

The analysis was performed using Python 3.10 with the support of
pandas, numpy, scikit-learn, and matplotlib libraries in a secure and controlled
local computing environment. The use of this software is based on its ability to
handle medium-scale machine learning modeling efficiently and standardized,
as described by Hancock & Peters (2023). The entire analysis process is carried
out replicatively, so as to support the transparency and scientific validity of the
research.

RESEARCH RESULTS
Data Exploration and Transaction Pattern Characteristics

The data exploration stage is carried out to understand the basic structure
of the digital transactions being analyzed. Out of the total 2,314 transactions, it
can be seen that most members make transactions at a relatively consistent
frequency, but there are a small number of members who exhibit abnormal
transaction patterns. In addition, the variables of late payment and frequency of
loan applications show a more varied distribution, indicating the presence of
potential anomalies from the early stages of exploration.

Preliminary distributions show that about 7.4% of transactions have been
marked as suspicious by the internal administration system. Transaction patterns
that are marked as anomalous generally have higher transaction values, longer
payment time intervals, and more frequent loan application rates than normal
transactions. These exploratory findings help confirm the need to use machine
learning techniques to improve classification accuracy and eliminate manual
examination bias.

Table 1. Summary of Transaction Characteristics (Exploratory Stage)

Variable Mean Std. Dev Min Max
Transaction Frequency 14.26 9.47 1 58
Loan Amount 3,420,000 2,670,000 100,000 15,000,000
Loan Application Frequency = 2.18 1.97 0 12
Payment Delay (days) 6.43 18.92 0 124
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Variable Mean Std. Dev Min Max
System-labeled Anomaly (0/1) 0.074 0.26 0 1

Data Preprocessing and Outlier Detection

Before modeling, all data underwent a process of cleaning, normalization
of scale, and encoding of categorical variables. The imputation process is used to
handle the missing value so that the data distribution is not distorted. The IQR-
based outlier detection procedure identified 3.8% of the data as an extreme value;
After verification, most outliers are not system errors, so they are still maintained
in the dataset because they can be indicators of actual fraud. Normalization is
proving important, especially because of the large differences between variables
(the value of the loan is much greater than the frequency of transactions).
Preprocessing results ensure that machine learning models can work optimally
without numerical bias, supporting more stable and replicative analysis.

Table 2. Outliers and Data Cleaning Summary

Process Step Count/ Status
Missing Values Imputed 27 entries
Outliers Detected (IQR) 89 entries

Outliers Removed 0 (kept intentionally)
Scaled Variables 4 variables
Encoded Categorical Fields 2 variables

Model Performance Evaluation (RF, LR, SVM)

The three main algorithms of random forest, logistic regression, and
support vector machine were trained using data sharing of 80% training and 20%
testing. To overcome class imbalances, simple oversampling was applied to the
fraud class so that the model had a balanced proportion of training data. The
evaluation results showed that all three models performed relatively well, but
Random Forest produced the most superior results with the highest accuracy of
91.8%, consistent with the study's key findings. Logistic Regression provides the
clearest interpretation of the relationships between variables, while SVM shows
stable performance in handling non-linear patterns.

Table 3. Model Accuracy and Classification Metrics
Model Accuracy Precision Recall F1-Score AUC
Random Forest 91.8% 0.89 092 090 094
Logistic Regression 87.4% 0.82 08 083 0.89
Support Vector Machine 89.1% 0.84 089 086 0091

These results show that Al integration significantly improves the ability
to detect fraud compared to the cooperative's internal rule-based manual checks.
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Feature Importance and Key Fraud Indicators

The feature importance analysis uses two approaches, namely gini
importance (random forest) and coefficient strength (logistic regression). Both
analyses show consistency with the three most influential variables on
transaction frequency, payment delays, and Frequency of loan applications.
These three indicators form the core of the anomalous patterns that most often
appear in machine learning-based forensic accounting procedures. The high
frequency of transactions accompanied by repeated payment delays illustrates
unstable financial behavior, which is often an early indicator of fraud.
Meanwhile, the pattern of applying for loans in amounts often reflects a pattern
of credit misuse.

Table 4. Feature Importance Ranking

Feature Importance Score
Transaction Frequency 0.284
Payment Delay 0.243
Loan Application Frequency 0.226
Loan Amount 0.147
Auto-Payment Behavior 0.100

These results confirm that the pattern of digital transaction activity is more
influential in predicting fraud than the value of the loan itself, reinforcing the
concept that fraud arises from behavioral patterns, not just from the size of
transactions.

Integrated Fraud Detection Model for Forensic Accounting

Based on model performance, random forest is designated as the main
model because it provides an optimal balance between prediction accuracy and
the ability to explain complex patterns. The final model is then tested using test
data, and the results remain consistent with accuracy in the 90%-92% range. This
integrative model results in faster detection of problematic transactions,
reduction of false-positives compared to rule-based methods, identification of
critical variables for manual examination of forensic auditors and replication
capabilities for other digital cooperatives

Table 5. Final Model Summary

Component Result
Best Algorithm Random Forest
Accuracy (Final Test) 91.8%

Key Indicators Identified =~ 3 variables
Validation Method =~ Hold-out (80/20)
Class Balance Adjustment Oversampling
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These findings reinforce the role of Al as an important instrument in
modern forensic accounting, especially in the digital economy ecosystem that has
a high level of transaction complexity.

DISCUSSION

The results of the study show that the data exploration process in digital
cooperative transactions reveals abnormal patterns, especially in the variables of
transaction frequency, late payment, and intensity of loan applications. These
tindings confirm that fraud in the digital context is not only reflected in large
transaction values, but also in inconsistent patterns of financial behavior.
According to Blake (2021), fraud in digital systems is usually rooted in repetitive
behavior patterns that deviate from regular transaction norms, so pattern-based
analysis is more effective than an absolute value-based approach. This is in line
with the characteristics of the data in this study, where anomalies tend to appear
in combinations of variables, rather than individually. Thus, the results of the
initial exploration reinforce the importance of Al algorithms to interpret the
complexity of relationships between transaction variables more accurately.

The preprocessing stage plays a significant role in determining the quality
of modeling because digital transaction data often contains outliers and missing
values that can reduce algorithm performance. The retention of outliers in this
study proved to be appropriate because most of the extreme values are not input
errors, but real representations of potential fraud, as stated by Jensen & Wallace
(2022) that outliers in digital transactions often reflect patterns of financial
irregularities. Normalization and encoding also ensure that the model does not
generate numerical bias, especially when variables have different scales. This
procedure is in line with the preprocessing guidance in digital fraud detection
studies that emphasize the importance of consistency of data structures before
modeling (Gordon & Malik, 2023). Thus, preprocessing becomes a crucial
foundation for the integration of forensic accounting and machine learning.

Evaluation of the model's performance showed that the random forest
provided the highest accuracy of 91.8%, surpassing logistic regression and
support vector machines. Random Forest's high performance is consistent with
the findings of Parker & Ahmed (2023), which states that ensemble-based
algorithms tend to be more stable and effective in detecting non-linear patterns
that often appear in digital transaction fraud. Logistic regression remains
important because it provides a causal interpretation between variables, even if
they perform slightly lower. Meanwhile, SVM provides moderate results with
high stability on data with an unbalanced distribution, supporting the argument
of Lewis & Romero (2021) that SVM is suitable for rare anomaly patterns. Overall,
the success of these three models shows that the integration of Al in forensic
accounting is highly effective at improving the accuracy of fraud detection
compared to manual approaches.

The findings indicate that although machine learning models significantly
improve fraud detection accuracy, the final interpretation of anomalous patterns
still requires ethical discernment. Previous qualitative research highlights that
forensic accountants operate within high-risk ethical environments, where
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institutional pressure can influence how investigative results are framed or
reported (Ramandei et al., 2025). Therefore, Al-based forensic systems should be
accompanied by ethical governance frameworks to prevent moral compromise
in decision-making processes.

The feature importance analysis identifies the three most dominant
indicators in fraud prediction, namely transaction frequency, late payment, and
loan application frequency. This pattern is in line with the research of Sharpe &
O'Neil (2020) which emphasizes that fraud is more often detected from changes
in transaction behavior than from the magnitude of financial value. The findings
also support the "behavioral anomaly" theory in forensic accounting, which states
that fraud arises through repetitive patterns that consistently deviate from
normal habits. In addition, the identification of machine learning-based
indicators allows auditors to focus more on relevant variables, thereby
improving the efficiency of investigations. Thus, the contribution of this research
is strong in enriching the literature on fraud indicators based on digital
transaction behavior.

The integrative model built in this study shows the adaptive ability to
classify suspicious transactions quickly and accurately. These findings are in line
with the analysis of Stevenson & Elliot (2024) which states that the use of adaptive
predictive models is necessary to handle the rapidly changing dynamics of
digital transactions in the modern economy. The use of oversampling techniques
has been proven to help overcome class imbalances so that models can learn more
representatively. In addition, the results showed a reduction in false-positives
compared to cooperative rule-based systems, supporting the argument of
Fortune & Hayes (2022) that Al can reduce procedural bias in traditional fraud
detection. Thus, the developed model makes a strong practical contribution to
improving the effectiveness of technology-based forensic audits.

The findings of the study also show that forensic accounting combined
with artificial intelligence is able to improve early detection of fraud while
strengthening the internal control system. According to Warren & Sato (2021),
the integration of Al in audits allows for real-time monitoring that is not possible
through manual procedures. In the context of digital cooperatives, Al-based
automated monitoring is particularly relevant because of the high transaction
volume and greater risk of moral hazard. The results of this study support the
idea that smart technology can reduce the risk of human error while speeding up
the investigation process. Thus, Al integration is becoming a modern solution for
non-bank institutions that have limited analytical capacity but face high
transaction risk.

Although the results of this study make a strong theoretical and practical
contribution, there are some limitations that need to be considered for further
research. First, the dataset includes only one digital cooperative so the
generalization of the findings needs to be tested on other institutions with
different transaction characteristics, as suggested by Hopkins & Rivera (2023).
Second, this study has not considered non-transactional behavioral variables
such as changes in member risk profiles that have the potential to improve the
accuracy of the model. Third, the oversampling technique used is still simple so
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that future research can explore more sophisticated methods such as SMOTE-
NC. According to Baxter & Langston (2024), feature enrichment and
diversification of data contexts will increase the robustness of models in various
types of organizations. Therefore, advanced research is recommended to expand
the data, add variables, and use hybrid algorithms to improve fraud detection
performance.

CONCLUSION AND RECOMMENDATION

This study confirms that the integration of Artificial Intelligence (Al) in
forensic accounting is able to increase the effectiveness of financial fraud
detection in the digital economy ecosystem. Through the analysis of 2,314 digital
transactions at a technology-based KSP in Central Java, the random forest,
logistic regression, and support vector machine algorithms showed the ability to
classify financial anomalies with a high level of accuracy, reaching 91.8 percent.
These findings show that operational variables such as transaction frequency,
payment accuracy, and credit application patterns are the most influential factors
in detecting potential fraud. Thus, the use of Al not only improves the accuracy
of fraud detection systems, but also provides a methodological foundation for
the development of forensic accounting models that are responsive to the
dynamics of transaction digitization.

Theoretically, the results of the research make an important contribution
to the development of modern forensic accounting literature, especially in terms
of the integration of machine learning as a computational approach that can be
replicated in various digital financial institutions. This research strengthens the
argument that Al has a strategic role in expanding the capacity of forensic audits
through the automation of data analysis and the identification of unusual
patterns of financial behavior. In practical terms, these findings offer implications
for auditors, regulators, and managers of financial institutions to strengthen
internal control systems and develop technology-based financial governance
policies. With proper adoption, Al can become a key instrument in mitigating
fraud risks as well as improving the reliability of forensic accounting practices in
the digital economy era.

FURTHER STUDY

Future research is recommended to expand the application of artificial
intelligence in forensic accounting by utilizing larger and more diverse datasets
across different types of financial institutions and digital platforms. Further
studies could explore the integration of advanced machine learning techniques,
such as deep learning or hybrid models, to enhance fraud detection accuracy and
adaptability to evolving fraud patterns. In addition, longitudinal research is
needed to assess the long-term effectiveness of Al-based forensic systems in real-
world audit environments, including their impact on auditor judgment,
regulatory compliance, and risk management. Examining ethical considerations,
data governance, and explainability of AI models will also be essential to ensure
responsible and transparent adoption of Al in forensic accounting practices
within the digital economy.
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