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Abstract

As digital payment systems grow in volume and complexity, credit card fraud continues
to be a significant threat to financial institutions. While machine learning (ML) has
emerged as a powerful tool for detecting fraudulent activity, its adoption in managerial
settings is hindered by a lack of transparency and interpretability. This study examines
how explainable artificial intelligence (XAl) can enhance managerial oversight in the
deployment of ML based fraud detection systems. Using a publicly available, simulated
dataset of credit card transactions, we developed and evaluated four ML models: Logistic
Regression, Naive Bayes, Decision Tree, and Random Forest. Performance was assessed
using standard metrics, including accuracy, precision, recall, and F1-score. The Random
Forest model demonstrated superior classification performance but also presented
significant interpretability challenges due to its complexity. To fill this gap, we applied
SHAP (SHapley Additive exPlanations), a leading method for explaining the outputs of the
Random Forest model. SHAP analysis revealed that transaction amount and merchant
category were the most influential features in determining the risk of fraud. SHAP plots
were used to make these insights accessible to non-technical stakeholders. The findings
underscore the importance of XAl in promoting transparency, facilitating regulatory
compliance, and fostering trust in Al-driven decisions. This study offers practical guidance
for managers, auditors, and policymakers seeking to integrate explainable ML tools into
financial risk management processes, ensuring that technological advancements are
balanced with accountability and informed human oversight.
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1. Introduction

adopting increasingly sophisticated tactics to exploit

Credit card fraud continues to pose a significant and
growing threat to financial institutions, merchants, and
consumers worldwide [1-4]. As digital transactions
become more common and complex, fraudsters are

DOI: 10.60084/ijma.v3i1.301

system vulnerabilities [5-7]. According to industry
estimates, billions of dollars are lost annually due to
fraudulent activity, making fraud detection a critical
operational and strategic priority [8-12]. Traditional rule-
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based systems, which rely on static if-then logic, are
increasingly insufficient in identifying novel or subtle
patterns of fraud [13]. These systems often produce high
false-positive rates, fail to adapt to evolving threats, and
lack the speed required for real-time decision-making
[14]. Therefore, there is a clear and pressing need for
more intelligent, adaptive, and interpretable fraud
detection systems that can keep pace with emerging
risks.

In response, many organizations have turned to machine
learning (ML) algorithms to enhance the accuracy and
efficiency of fraud detection [4]. These data-driven
systems are capable of learning from vast transactional
datasets to identify subtle patterns and anomalies that
might indicate fraudulent behavior. However, despite
their superior predictive power, ML models often operate
as "black boxes.” Their decision-making processes are
opaque, making it difficult for managers, auditors, and
regulators to understand or justify why a given
transaction was flagged as fraudulent [15].

This lack of interpretability creates significant barriers to
the organizational adoption of artificial intelligence (Al) in
fraud detection. From a managerial perspective, trust,
accountability, and regulatory compliance are as
important as model accuracy [16]. Managers must be
able to explain automated decisions to stakeholders,
investigate edge cases, ensure the ethical use of data,
and comply with increasingly stringent financial
regulations, such as GDPR, PSD2, and other transparency
mandates. Consequently, the challenge is not only
technical, but also managerial: making these models
understandable, justifiable, and actionable within real-
world decision-making environments [17].

To address this challenge, the field of Explainable
Artificial Intelligence (XAl) has emerged. XAl refers to a
suite of methods and tools designed to make Al models
more interpretable and transparent to human users [18].
In fraud detection, XAl can provide post-hoc explanations
for why a transaction was flagged, enabling decision-
makers to evaluate the reasoning behind algorithmic
predictions. These explanations are crucial for
establishing trust in Al systems, informing operational
decisions, and fulfilling compliance obligations.

Among various XAl techniques available, this study
selects SHAP (Shapley Additive exPlanations) due to its
strong theoretical foundation, model-agnostic design,
and ability to provide both global and local
interpretability [19-22]. Unlike other methods, such as
LIME, which generate local approximations that may vary
across runs, SHAP offers consistent and additive

explanations based on cooperative game theory. These
properties make SHAP particularly suitable for fraud
detection, where transparency, reproducibility, and trust
are essential for managerial oversight and regulatory
compliance.

While prior research has demonstrated the effectiveness
of ML techniques in detecting fraudulent transactions,
many studies focus primarily on technical performance
metrics such as accuracy and precision, with limited
attention to how these models can be made
understandable or actionable in managerial [23-25].
Specifically, there is a lack of empirical work examining
how explainable Al tools can support operational
decision-making, regulatory compliance, and stakeholder
trust in real-world financial environments. This study
addresses that gap by applying SHAP to interpret a high-
performing fraud detection model and evaluating not
only the predictive accuracy but also the practical utility
of the explanations for managers, auditors, and
compliance officers.

This paper aims to fill that gap by exploring how
explainable Al can support managerial oversight in credit
card fraud detection. Using a simulated credit card
transaction dataset, we evaluate the performance of
multiple ML models and apply SHAP to interpret the
outputs of the best-performing algorithm. The analysis
focuses not only on technical metrics but also on how the
explanations produced can support managerial decision-
making, risk governance, and regulatory compliance. By
integrating predictive accuracy with interpretability, this
study offers practical insights for managers, auditors, and
policymakers seeking to implement Al in a responsible,
transparent, and effective manner.

2. Materials and Methods

To provide a clear overview of the research process,
Figure 1 illustrates the workflow adopted in this study. It
begins with the acquisition of the dataset, followed by
data preprocessing to ensure analytical relevance and
compliance with privacy regulations. The process
continues with data augmentation, ML model
development, performance evaluation, and classification
interpretation using explainable Al techniques.

2.1. Dataset

The dataset utilized in this study was retrieved from
Kaggle and published by Shenoy [26]. It is a simulated
credit card transaction dataset generated using Spark's
data generation techniques. The dataset comprises
transactions conducted over a two-year period, from
January 1, 2019, to December 31, 2020.
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Figure 1. Workflow for building and interpreting machine learning models in credit card fraud detection.

Table 1. Dataset feature description.

Feature Name

Description

trans_date_trans_time

Timestamp of the transaction

cc_num Anonymized credit card number

merchant Merchant name involved in the transaction
category The category of the merchant

amt Transaction amount

first First name of the cardholder

last Last name of the cardholder

gender Gender of the cardholder

street Street address of the cardholder

city City of the cardholder

state State of the cardholder

zip Zip code of the cardholder

lat Latitude coordinate of the cardholder's address
long Longitude coordinate of the cardholder's address
city_pop Population of the cardholder’s city

job Occupation of the cardholder

dob Date of birth of the cardholder

trans_num Unique identifier for the transaction

unix_time Unix timestamp of the transaction

merch_lat Latitude coordinate of the merchant's location
merch_long Longitude coordinate of the merchant's location
is_fraud Binary label indicating fraud status (1 = fraud, 0 = not fraud)

The data comprises 1,852,394 transactions involving
1,000 unique customers and a pool of 800 merchants. Of
these, 1,842,743 transactions are labeled as non-
fraudulent, while 9,651 are marked as fraudulent,
reflecting the typical class imbalance found in real-world
fraud detection problems. Each transaction entry
contains a rich set of features ranging from personal
demographics and location data to transaction metadata.
The complete list of features is provided in Table 1.

2.2. Data Preprocessing

To ensure the dataset was both privacy-compliant and
analytically efficient, several data cleaning and
transformation steps were performed. Initially, several
columns containing personally identifiable information
(PIl) or irrelevant metadata were removed. These
included credit card numbers, names, addresses, and
transaction identifiers such as cc_num, first, last, street,
city, zip, Unnamed: 0, trans_num, and unix_time. In

addition, columns containing raw date-time and
geolocation information, such as trans_date_trans_time,
dob, lat, long, merch_lat, and merch_long, were excluded
to protect customer privacy and reduce redundancy in
later analysis.

For categorical features, encoding techniques were
applied to make the data compatible with ML algorithms
[27]. Specifically, the gender column was converted into
a numerical format, mapping female ('F') to 0 and male
('M") to 1. This transformation helps eliminate bias and
ensures the feature can be used effectively in model
training.

To enhance the dataset with spatial context, a new
feature, distance_to_merchant, was engineered using the
Haversine formula. This formula calculates the shortest
distance between two points on a sphere, based on their
latitude and longitude coordinates. By computing the
geodesic distance between the customer's and the
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Table 2. Final dataset features after preprocessing.

Feature Name Description

merchant Merchant name involved in the transaction

category The category of the merchant

amt Transaction amount

gender Encoded gender of the cardholder (0 = female, 1 = male)
state State of the cardholder

city_pop Population of the cardholder’s city

job Occupation of the cardholder

is_fraud Binary label indicating fraud status (1 = fraud, 0 = not fraud)

distance_to_merchant

Geodesic distance between the cardholder and the merchant location

merchant’s locations, this feature can offer critical insight
into potentially suspicious transactions, such as a
purchase occurring far from the customer's usual
location. After preprocessing, the final set of features
used in the model is summarized in Table 2.

2.3. Data Augmentation

One of the critical challenges in fraud detection is the
imbalance in class distribution; fraudulent transactions
typically represent only a small fraction of the total data.
This imbalance can lead ML models to become biased
toward predicting legitimate transactions, thereby
reducing their ability to identify fraud correctly [28].

To address this, the Synthetic Minority Over-sampling
Technique (SMOTE) was applied as a data augmentation
strategy. SMOTE was selected due to its effectiveness in
addressing class imbalance without discarding valuable
data from the majority class. Unlike random
downsampling, which reduces the number of legitimate
transactions and risks information loss, SMOTE
generates synthetic samples by interpolating between
existing instances of the minority class [29].

This approach has the added benefit of maintaining the
overall dataset size, which is important for retaining
statistical power and ensuring model robustness.
Additionally, the generated synthetic samples contribute
to improved pattern recognition by enhancing the
feature diversity of the minority class. Although other
techniques, such as cost-sensitive learning and
ensemble-based resampling, were considered for future
investigation, they were not implemented in this initial
study. The primary reason for this decision was to
maintain model interpretability  and reduce
computational complexity, particularly in early-stage
model evaluation and benchmarking.

2.4. Machine Learning Models

In this study, four ML algorithms were selected based on
their complementary strengths and their suitability for
common challenges in fraud detection. These challenges
include class imbalance, complex feature relationships,

and the need for model interpretability. Although SMOTE
was used to balance the training data, class imbalance
remains a central issue in real-world fraud detection
environments. Therefore, it was crucial to select models
that are known to perform well in dealing with
imbalanced data. The selected models are Logistic
Regression, Naive Bayes, Decision Tree, and Random
Forest. Together, they provide a range of approaches that
support both performance evaluation and practical
considerations.

Prior to model training, the dataset was stratified and
split into 80% for training and 20% for testing to ensure
that the proportion of fraudulent and non-fraudulent
transactions remained consistent across both sets [30].
Stratified sampling is particularly important in the
imbalanced classification problems, such as fraud
detection, where the minority class (fraudulent
transactions) comprises only a small percentage of the
total dataset. Without stratification, thereis a risk that the
test set may not adequately represent the minority class,
leading to unreliable performance evaluation and
potential overestimation of model accuracy.

Logistic Regression was chosen due to its simplicity,
computational  efficiency, and high level of
interpretability. It estimates the probability of fraud
based on a linear combination of input features, making
it easy to understand and implement. This level of
transparency is especially valuable in financial
applications, where stakeholders often require clear
explanations for automated decisions [31].

Naive Bayes was included for its speed and effectiveness
in handling high-dimensional data. The model applies
Bayes’ Theorem under the assumption of feature
independence, which allows it to scale well and perform
reliably in large datasets. Although this independence
assumption is often violated in practice, Naive Bayes can
still produce strong classification results, particularly in
domains like fraud detection, where certain features may
individually signal suspicious behavior. Its probabilistic
outputs also provide a straightforward measure of
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decision confidence, which can be useful for prioritizing
alerts [32].

Decision Tree was selected for its intuitive, rule-based
structure that closely mirrors human decision-making.
Each decision path can be visualized and explained,
making it easier for managers, auditors, and compliance
officers to trace how a transaction was classified and
understood. This interpretability is particularly important
in regulated sectors such as finance, where accountability
and transparency are essential [33].

Random Forest was included for its ability to improve
accuracy and generalization by aggregating predictions
from multiple decision trees. It is well-suited to capturing
complex, non-linear relationships in transactional data
and tends to perform well even in noisy or imbalanced
datasets. While less interpretable than a single decision
tree, Random Forest still offers insights through feature
importance scores, helping bridge the gap between
predictive performance and explainability [34].

All machine learning models in this study were trained
using the default hyperparameters provided by the Scikit-
learn library. This decision aligns with a common practice
in initial modeling phases, where baseline performance is
established before engaging in more computationally
intensive hyperparameter tuning. Using default settings
also promotes reproducibility and enables fair
comparison across different algorithms, as it ensures
that each model is evaluated under standardized
conditions. While further performance improvements
could potentially be achieved through techniques such as
grid search or randomized search, the focus in this phase
was on comparing fundamental model capabilities and
assessing their suitability for fraud detection tasks under
practical constraints.

2.5. Performance Evaluation

To assess the effectiveness of each ML model in detecting
fraudulent transactions, several standard performance
metrics were utilized. These included Accuracy, Precision,
Sensitivity (Also Known as Recall), Specificity, and the F1-
Score. Each of these metrics provides a distinct
perspective on model performance, which is particularly
important in the context of fraud detection, where the
costs of false positives and false negatives can vary
significantly.

e Accuracy reflects the overall proportion of correctly
predicted transactions (both fraudulent and
legitimate) but can be misleading in imbalanced
datasets [35].

e Precision indicates the proportion of correctly
identified fraud cases out of all transactions the
model flagged as fraudulent, making it crucial for
minimizing false alarms [36].

e Sensitivity measures the model's ability to accurately
detect actual fraud cases, ensuring that high-risk
transactions are not overlooked [37].

e Specificity represents the model's capacity to
correctly identify legitimate transactions, which
helps prevent unnecessary disruptions for genuine
customers [38].

e F1-Score provides a balanced measure that
considers both precision and recall, making it
particularly useful when managing the trade-off
between catching fraud and avoiding false
accusations [39].

In addition to these metrics, Receiver Operating
Characteristic (ROC) curves were plotted for each model.
The ROC curve illustrates the trade-off between the true
positive rate (sensitivity) and false positive rate (1-
specificity) across various threshold settings. The Area
Under the Curve (AUC) was also considered as a summary
indicator of model discrimination ability; the higher the
AUC, the better the model is at distinguishing between
fraudulent and legitimate transactions [40].

2.6. Explainable Al

To enhance the transparency and interpretability of ML
predictions in fraud detection, SHAP was used in this
study [41]. SHAP is a model-agnostic explanation method
based on concepts from cooperative game theory. It
calculates the contribution of each input feature to a
specific prediction by assigning a value that reflects how
much that feature increased or decreased the model's
output [42]. This is done by evaluating all possible
combinations of feature inputs, similar to how Shapley
values are used to fairly divide gains among players in a
coalition. SHAP is particularly useful in high-stakes
settings, such as fraud detection, because it provides
both global insights into how the model behaves overall
and local explanations for individual predictions. This
level of interpretability supports managerial
accountability, regulatory compliance, and trust in
automated decision systems.

SHAP was used to identify the features that had the
greatest influence on the model’s classification decisions
for transactions as either fraudulent or legitimate. High
transaction amounts, significant geographic distance
between the customer and merchant, and abnormal
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Table 3. Performance comparison of machine learning models.

Model Accuracy (%) Precision (%) Sensitivity (%) Specificity (%) F1-Score (%)
Logistic Regression 84.86 80.03 92.91 76.81 85.99
Naive Bayesian 83.55 76.07 97.91 69.20 85.62
Decision Tree 98.79 99.16 98.40 99.17 98.78
Random Forest 99.52 99.59 99.44 99.59 99.52
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Figure 2. Confusion matrices for (a) Logistic Regression, (b) Naive Bayesian, (c) Decision Tree, and (d) Random Forest models.

transaction timing were among the top contributors to
fraud predictions across models. Additionally, SHAP
highlighted instances where transactions were
borderline or incorrectly flagged, providing valuable
insights into the model's limitations and areas for
potential refinement.

SHAP visualizations, such as summary plots, force plots,
and dependence plots, were instrumental in making
these insights accessible to both technical and non-
technical stakeholders. These visuals effectively
illustrated how individual features interacted and
contributed to outcomes, thereby supporting auditability
and compliance in high-stakes financial environments
[43].

3. Results and Discussion

To evaluate the effectiveness of various machine learning
algorithms in detecting credit card fraud, multiple
performance metrics were calculated. These results are
presented in Table 3.

The performance metrics demonstrate that both
Decision Tree and Random Forest models significantly
outperform Logistic Regression and Naive Bayes across
all evaluation criteria. Random Forest exhibited the
highest overall performance, achieving an accuracy of
99.52% and an F1-score of 99.52%, indicating a strong
balance between precision and recall. Its high specificity
(99.59%) also suggests that it is highly effective at
minimizing false positives, a critical factor in fraud
detection, as unnecessary flagging of legitimate
transactions can lead to customer dissatisfaction.

Decision Tree also performed exceptionally well, with an
accuracy of 98.79% and an F1-score of 98.78%. While
slightly lower than Random Forest, it maintains high
interpretability due to its rule-based structure, which is
useful in regulated environments that require decision
traceability. Logistic Regression and Naive Bayes showed
moderate performance, with Logistic Regression
performing slightly better in terms of precision and F1-
Score. Logistic Regression's simplicity and ease of
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interpretation make it a suitable baseline model,
particularly in contexts requiring model transparency.
Naive Bayesian achieved a notably high sensitivity of
97.91%, making it effective in identifying actual fraud
cases; however, its lower specificity (69.20%) resulted in a
relatively higher number of false positives.

Further insight into the performance of each ML model
can be gained from the confusion matrices shown in
Figure 2. Logistic Regression (Figure 2a) correctly
classified 283,098 fraudulent transactions (true positives)
but also missed 85,451 (false negatives), indicating a
substantial number of fraud cases were overlooked. It
also generated 26,133 false positives, incorrectly flagging
legitimate transactions as fraudulent. Naive Bayes (Figure
2b) showed an even higher false negative count
(113,516), despite a relatively low false positive rate of
7,716. This suggests that while Naive Bayes was cautious
about labeling transactions as fraudulent, it often failed
to catch actual fraud. The Decision Tree model (Figure 2c)
dramatically improved both aspects, with only 3,012 false

negatives and 5,807 false positives, demonstrating its
capacity to make highly accurate and interpretable
classifications. Random Forest (Figure 2d) achieved the
best results, with only 1,539 false negatives and 1,957
false positives among hundreds of thousands of
transactions.

To complement the evaluation of classification metrics,
Receiver Operating Characteristic (ROC) curves were
plotted for each model, as illustrated in Figure 3. The ROC
curve visualizes the trade-off between the true positive
rate and the false positive rate across various threshold
settings. The Area Under the Curve (AUC) provides a
single scalar value that summarizes the model’s ability to
discriminate between fraudulent and legitimate
transactions. Figure 3 reveals clear differences in model
performance. Random Forest achieved an outstanding
AUC of 0.9994, indicating near-perfect discrimination
capability. The Decision Tree model also performed
exceptionally well with an AUC of 0.9880, reflecting its
effectiveness in capturing fraud patterns while
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maintaining a low false alarm rate. Logistic Regression
and Naive Bayes recorded AUC values of 0.8840 and
0.8679, respectively, which are acceptable but notably
lower than those of tree-based models. These results
confirm the superior classification capabilities of
ensemble methods, such as Random Forest, particularly

when applied to imbalanced datasets characteristic of
fraud detection tasks.

These results confirm that more complex models, such as
Random Forest, can deliver superior predictive accuracy,
as evidenced by their near-perfect scores across
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performance metrics, confusion matrix outcomes, and
ROC analysis. However, this high performance comes at
the cost of interpretability, a crucial concern in financial
applications where transparency, accountability, and
regulatory compliance are paramount. This is where XAl
methods, such as SHAP, become essential, as they
provide the tools needed to demystify black-box models
and help stakeholders understand the reasoning behind
each prediction. To solve the gap between accuracy and
explainability, the next section examines how SHAP was
applied to interpret the Random Forest model, the
algorithm that performed best in this study. It reveals the
key factors that drive its fraud detection decisions.

To enhance the interpretability of the high-performing
Random Forest model, SHAP was applied to understand
the contribution of each feature to the model's
predictions. SHAP values are grounded in cooperative
game theory, allowing us to decompose a prediction into
the sum of contributions from each feature. This helps
both technical and non-technical stakeholders
understand not just what the model predicted, but why.

Figure 4 presents a SHAP summary plot, showing the
average absolute SHAP value for each feature, which
reflects its overall impact on the model's output. It is
evident that amt has the highest influence on the model's
predictions, followed by the category of the merchant.
These two features significantly dominate the decision-
making process. Other features, such as gender,
city_pop, state, and job, also contribute, but to a much
lesser extent. Surprisingly, distance_to_merchant, which
was hypothesized to signal suspicious behavior, showed
minimal impact, suggesting either limited variation in this
feature or its lesser relevance in the specific dataset used.

To gain deeper insight into how each feature influences
the Random Forest model's predictions, the SHAP
beeswarm plot in Figure 5 was analyzed. Unlike the
summary bar chart in Figure 4, this plot visualizes the
distribution of SHAP values across all samples, colored by
the feature value (low to high). Each point represents a
single prediction, enabling us to understand not only the
importance of a feature but also how its value influences
the prediction toward fraud or non-fraud.

The plot reinforces the dominance of the amt feature;
high transaction amounts (shown in red) tend to strongly
increase the probability of a transaction being classified
as fraudulent, as indicated by positive SHAP values.
Similarly, certain merchant category values also drive
predictions toward fraud. For features such as gender
and state, the effect is more variable, with both high and
low values contributing positively or negatively,
depending on the context. Interestingly, features such as

distance_to_merchant and merchant appear to have less
consistent or weaker effects, often clustering around
zero SHAP values, indicating limited influence on model
output.

This visualization offers essential interpretability,
particularly in environments that require accountability
for model decisions. It allows practitioners to verify that
model behavior aligns with domain expectations and to
identify potential biases or unexpected dependencies
that may require mitigation. For example, if SHAP plots
consistently show that high transaction amounts and
specific merchant categories are strong indicators of
fraud, a risk manager could use this insight to adjust
manual review thresholds or prioritize certain types of
transactions for real-time flagging. Compliance officers
might also use this information to document the
rationale behind automated alerts, ensuring that
decisions are traceable and aligned with regulatory
expectations. These visualizations can thus directly
inform fraud response protocols, risk scoring models,
and internal audit processes.

To better understand how individual features affect the
prediction output of the Random Forest model, SHAP
dependence plots were generated for all key variables, as
shown in Figure 6. Each subplot illustrates the
relationship between the actual value of a feature and its
corresponding SHAP value, highlighting how changes in
that feature impact the likelihood of a transaction being
flagged as fraudulent.

In Figure 6a, the amt plot shows a clear positive
correlation between transaction amount and SHAP value,
indicating that higher transaction amounts significantly
increase the predicted fraud probability. Similarly, in
Figure 6b, certain category codes are associated with
higher SHAP values, suggesting that specific merchant
types are more commonly linked to fraudulent behavior.

The gender plot (Figure 6¢) shows a noticeable separation
between male and female cardholders, though its impact
is minor compared to other features. city_pop (Figure 6d)
shows that transactions originating from low-population
areas have slightly higher fraud risk, as reflected by
higher SHAP values. The state and job plots (Figures 6e
and 6f) exhibit a more uniform SHAP distribution,
indicating limited variability in model influence across
these categories. Interestingly, the merchant (Figure 6g)
and distance_to_merchant (Figure 6h) plots reveal low
SHAP values across their respective ranges, reinforcing
earlier findings that these features have minimal
influence on the model's output. However, some mild
non-linear patterns can be observed, suggesting possible
localized effects or interactions with other features.
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The findings of this study highlight the potential of ML,
particularly ensemble methods such as Random Forest,
for enhancing fraud detection systems in the financial
services sector. However, as fraud detection becomes
increasingly automated and reliant on complex
algorithms, the need for interpretability becomes
paramount from a managerial oversight perspective.
While traditional rule-based systems are easy to audit
and explain, high-performing ML models often operate
as black boxes, posing challenges for compliance,
stakeholder trust, and decision accountability.

Using SHAP, we demonstrated how managers can gain
insight into the inner workings of a high-performing
Random Forest model. SHAP enabled us to identify the
most influential predictors of fraud, primarily transaction
amount and merchant category, and to visualize how
specific values of these features affect the likelihood of a
transaction being flagged for fraud. These explanations
support transparency in model decisions, which is crucial
for risk managers, auditors, and compliance officers who
must justify automated actions to internal stakeholders
and external regulators.

Moreover, SHAP outputs can aid in strategy formulation
and operational policy. For instance, knowing that higher
transaction amounts disproportionately influence fraud
predictions may prompt risk teams to reassess
thresholds for manual review or escalation. Similarly,
understanding the modest influence of features such as
geographic distance or cardholder occupation may
encourage a reevaluation of data collection practices,
thereby reducing unnecessary data handling and
associated privacy concerns.

From an organizational change perspective, integrating
explainable Al allows firms to fill the gap between data
science teams and management. Managers without deep
technical expertise can still engage with model behavior
using SHAP visualizations, fostering cross-functional
collaboration in fraud strategy design. This also aligns
with  broader ESG (Environmental, Social, and
Governance) and Al ethics frameworks that advocate for
the responsible and interpretable deployment of Al in
decision-making processes that impact individuals.
Importantly, the use of XAl supports regulatory
compliance. Financial institutions are subject to strict
regulations that require transparency in the approval or
decline of transactions, particularly when fraud is
suspected. Explainable models mitigate legal and
reputational risks by providing transparent, justifiable
rationales for algorithmic decisions. As regulatory bodies
worldwide begin to scrutinize Al-driven processes more
closely, the implementation of XAl can serve as a critical
risk mitigation tool.

While the models demonstrated strong performance on
the test set, it is important to acknowledge that
generalization to  real-world fraud  detection
environments is not guaranteed and was not directly
evaluated in this study. The dataset used, although
simulated, was designed to reflect realistic patterns in
transaction behavior, including class imbalance,
merchant diversity, and temporal distribution. However,
real-world deployment involves additional complexities
such as evolving fraud tactics, data drift, and integration
with live transaction systems. As such, further validation
using live or institution-specific data, as well as
longitudinal testing, would be necessary to confirm the
robustness and adaptability of these models in
operational settings.

4. Conclusions, Implications and Limitations

This study examined the integration of XAl into credit
card fraud detection systems, with a focus on its role in
enhancing managerial oversight and decision-making. By
applying SHAP to the best-performing Random Forest
model, we demonstrated that complex ML algorithms,
while highly accurate, require interpretability tools to be
effectively and responsibly deployed in real-world
financial environments. The SHAP analysis provided both
global and local explanations, enabling managers to
understand the logic behind fraud predictions and to
align ML systems with internal policies and external
regulatory expectations.

The implications of this research extend beyond technical
model optimization into the strategic and operational
realms of fraud risk management. Explainable Al enables
transparent decision-making, allowing non-technical
stakeholders such as compliance officers, auditors, and
senior managers to interpret and validate fraud alerts.
This fosters better collaboration between data science
teams and business units. Additionally, explainability
supports regulatory compliance. As financial institutions
face increasing pressure to justify automated decisions,
tools like SHAP provide the transparency and auditability
needed to reduce legal risk and demonstrate
accountability. Interpretability also contributes to the
ethical deployment of Al, particularly in sensitive areas
such as fraud detection, where false positives can harm
customer relationships or damage brand reputation. XAl
allows managers to examine edge cases and assess
whether specific features or thresholds are introducing
operational inefficiencies or unintended bias.

From a practical standpoint, the findings of this study
suggest that SHAP-enhanced Random Forest models can
be directly applied to improve real-world fraud detection
systems. Feature importance insights, for instance, can
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guide the adjustment of manual review thresholds,
inform the design of fraud escalation procedures, and
support the documentation of automated decisions for
compliance reporting. By integrating SHAP explanations
into fraud management workflows, institutions cannot
only make their Al systems more accurate but also more
transparent, trustworthy, and aligned with organizational
goals and regulatory standards.

Despite these contributions, the study has several
limitations. First, the dataset used was simulated and
may not fully reflect the complexity of real-world fraud
scenarios. While useful for prototyping and controlled
analysis, future work should validate findings using live
transactional data from financial institutions to ensure
accuracy and reliability. Second, the models were trained
with default parameters. While this reflects standard
practice in many initial deployments, further
performance gains might be achieved through
hyperparameter tuning or more advanced model
architectures. Third, SHAP is only one of several
explainability techniques. Although it offers robust
theoretical grounding and intuitive visuals, future studies
could compare its effectiveness with other XAl methods.
Finally, this study focused on the managerial
interpretation of model outputs. Still, future research
could explore organizational adoption processes, such as
training, change management, and integration into
existing fraud operations workflows. Understanding how
explainability influences trust, uptake, and performance
at the team level remains a critical next step.
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