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Abstract: In an era marked by heightened fraudulent activities targeting credit card transactions, this research delves into the
efficacy of advanced machine learning algorithms in combating such threats.

The performance of logistic regression, decision trees, and the novel random forest approach in identifying fraudulent
transactions is scrutinized. Additionally, behavioral biometrics are incorporated as an innovative authentication factor to
enhance fraud detection accuracy. Incorporating behavioral biometrics as an additional authentication factor represents a
cutting-edge approach to fraud detection, leveraging the unique behavioral patterns exhibited by individuals during
transactional interactions.

By analyzing subtle nuances in user behavior, such as typing speed and mouse movement dynamics, this research aims to
enhance the robustness of fraud detection systems and mitigate the risks associated with fraudulent activities. The integration of
behavioral biometrics not only improves the accuracy of fraud detection models but also enables a deeper understanding of user-
centric security vulnerabilities.

The investigation reveals that the random forest model exhibits unparalleled accuracy, reaching a remarkable 97% precision
and boasting an impressive area under the curve value of 99.2%. Moreover, the analysis uncovers intriguing patterns, notably a
disproportionate victimization of credit card holders aged 60 and above. These findings not only underscore the effectiveness of
random forest in fraud detection but also shed light on demographic vulnerabilities and temporal trends, crucial for fortifying
security measures in the realm of credit card transactions. Through a comprehensive analysis, random forest emerges as the
optimal algorithm for fraud detection, alongside the advocacy for the integration of behavioral biometrics as a pivotal
component in the ongoing battle against credit card fraud.

Keywords: Credit card fraud, Machine learning algorithms, Behavioral biometrics, Predictive modeling, Fraudulent patterns.

L. INTRODUCTION
In recent years, the proliferation of electronic payment systems has brought unprecedented convenience to consumers worldwide.
Among these systems, credit cards stand out as a ubiquitous and widely adopted means of conducting financial transactions.
According to financial industry experts, a credit card serves as a convenient tool provided by financial institutions, containing
personal information, and facilitating global transactions for customers [8].
Credit card fraud, defined as the illicit use of someone else's credit card to obtain money or goods, poses a significant threat, often
resulting in substantial financial losses [9][10]. The evolution of online transactions has made perpetrating fraud more accessible, as
transactions can be completed with just the card's information, without the physical presence of the card itself [11]. Furthermore,
researchers [12] suggest that the introduction of credit cards has influenced the monetary policies and business strategies of both
large corporations and small businesses alike.
However, alongside the benefits of this digital revolution come significant challenges, chief among them being the rampant increase
in credit card fraud.
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Fraudsters have become increasingly sophisticated in their tactics, exploiting vulnerabilities in the payment infrastructure to
perpetrate illicit activities, resulting in substantial financial losses for both individuals and institutions. In contemporary times,
advancements in digital technologies, especially in cashless transactions, have revolutionized the management of finances in
everyday life. Numerous payment systems have undergone significant transitions from traditional physical payment points to
modern digital platforms [13]. Embracing technology in digital transactions has become imperative for maintaining productivity and
gaining a competitive edge, prompting many economists to adopt it [14]. Consequently, internet banking and other online
transaction methods have emerged as convenient avenues for customers to conduct various financial and banking activities from the
convenience of their homes or offices, with credit cards playing a pivotal role in facilitating these transactions.

To combat this escalating threat, the integration of advanced technological solutions has become imperative. In particular, the
synergy between data science, machine learning, and behavioral biometrics offers a promising avenue for bolstering the security of
credit card transactions. By leveraging vast datasets and cutting-edge algorithms, researchers and practitioners aim to develop robust
fraud detection systems capable of swiftly identifying and thwarting fraudulent activities. A variety of models, such as Decision
Trees, Logistic Regression, Random Forest, Ada Boost, XG Boost, Support Vector Machine (SVM), and Light GBM, have been
developed for credit card fraud detection [15]. This diversity stems from the classification and prediction nature of credit card fraud
detection, prompting the utilization of supervised machine learning models for effective detection [16]. Hence, this study aims to
compare three prominent classification and prediction techniques—Decision Trees, Logistic Regression, and Random Forest—in
accurately classifying and predicting financial transactions as either fraudulent or legitimate.

This research endeavors to contribute to this vital endeavor by conducting a comprehensive investigation into the effectiveness of
different machine learning models in detecting fraudulent credit card transactions. Specifically, we focus on three prominent
algorithms: logistic regression, decision trees, and random forest. Moreover, we introduce an innovative dimension to our analysis
by incorporating behavioral biometrics as an additional authentication factor, thereby augmenting the predictive power of our
models. Through meticulous experimentation and analysis, we aim to elucidate the strengths and weaknesses of each approach,
shedding light on their respective capabilities in mitigating credit card fraud. Furthermore, by delving into demographic
vulnerabilities and temporal trends associated with fraudulent transactions, we endeavor to provide actionable insights for
stakeholders in the financial sector to fortify their security measures effectively. Overall, this research seeks to advance the frontier
of credit card fraud detection, offering novel methodologies and empirical evidence to guide the development of more resilient and
adaptive security frameworks in an increasingly digitized financial landscape.

1. RELATED WORK
Research has introduced a machine learning-based approach to detect credit card fraud, as documented by [17], involving the
utilization of hybrid models incorporating Ada Boost and majority voting strategies. In their methodology, they introduced noise
levels of approximately 10% and 30% into their hybrid models to enhance the approach's effectiveness. Remarkably, the multiple
voting approach achieved a commendable score of 0.942 when tested with a 30% noise-injected dataset, establishing it as the most
efficient technique amidst noise presence. Similarly, [18] proposed two distinct types of random forests tailored to capture
behavioral characteristics of both typical and abnormal transactions. Their investigation evaluated the efficacy of these random
forest models in detecting credit card fraud using data sourced from a Chinese e-commerce firm. Despite demonstrating strong
performance on modest datasets, subsequent research findings, including those by [19], suggest that challenges such as imbalanced
data hinder their effectiveness on larger datasets.
[20] investigated practical approaches for detecting credit card fraud, a pervasive challenge confronting financial institutions.
Various machine learning algorithms were deployed and evaluated to identify the most effective algorithm for predicting fraudulent
transactions. To enhance model performance, two resampling techniques—under-sampling and over-sampling—were employed
during algorithm training.
Among the array of models developed, Random Forest, XGBoost, and Decision Tree emerged as the top performers for predicting
credit card fraud, achieving impressive AUC values of 1.00%, 0.99%, and 0.99%, respectively.
Machine learning algorithms play a crucial role in identifying and classifying fraudulent transactions, potentially intervening to halt
the transaction process if necessary [21]. The prognosis for credit card fraud detection involves creating models based on historical
credit card transactions, including instances of fraudulent activity. These models are then applied to new transactions to discern
whether they are legitimate or fraudulent [22][23].
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Existing Study Methodology Key Findings

Smith et al. (2020) [1] Logistic Regression Achieved an accuracy of 92% in detecting
fraudulent credit card transactions using
logistic regression. Identified a higher
prevalence of fraud among transactions
made during weekends and late-night
hours.

Johnson and Lee (2019) [2] Decision Trees Compared the performance of decision
trees with other machine learning
algorithms. Found decision trees to be less
accurate than ensemble methods but
highlighted their interpretability and ease
of implementation.

Garcia et al. (2021) [3] Random Forest Demonstrated  that  random  forest
outperformed logistic regression and
decision trees, achieving an accuracy of
95% in detecting fraudulent transactions.
Noted the ability of random forest to
handle high-dimensional data and capture
complex patterns.

Chen and Wang (2022) [4] Behavioral Biometrics Investigated the efficacy of incorporating
behavioral biometrics, such as typing
patterns and mouse movements, in fraud
detection systems. Found that behavioral
biometrics enhanced fraud detection
accuracy by 5-10% compared to traditional
methods.

Patel and Gupta (2020) [5] Comparative Analysis Conducted a comprehensive comparative
analysis of various machine learning
algorithms, including logistic regression,
decision trees, and random forest, in
detecting credit card fraud. Concluded that
random  forest  exhibited  superior
performance in terms of both accuracy and
computational efficiency.

Kim et al. (2018) [6] Temporal Trends Analyzed temporal trends in fraudulent
credit card transactions. Observed a
significant increase in fraud incidents
during holiday seasons and noted a higher
prevalence of fraud during non-business
hours.

Wong and Chan (2019) [7] Demographic Analysis Examined demographic factors associated
with credit card fraud. Found that
individuals aged 60 and above were more
susceptible to fraudulent transactions,
potentially due to lower digital literacy and
heightened trust in unfamiliar
communication channels.
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[24] delineates several categories of credit card fraud, including bankruptcy fraud, counterfeit fraud, application fraud, and
behavioral fraud. Depending on the type of fraud encountered by banks or credit card companies, various precautionary measures
can be devised and implemented. In the context of identifying fraudulent transactions across different jurisdictions, [25] employed a
range of machine learning techniques such as Logistic Regression, Naive Bayes, Random Forest, K Nearest Neighbor, Gradient
Boosting, Support Vector Machines, and neural network algorithms. Utilizing a feature importance approach to select the most
relevant features for the model, they achieved an accuracy rate of 95.9%, with Gradient Boosting demonstrating superior
performance compared to the other algorithms.

Random forests, introduced by [26], represent an advancement in bagging techniques by introducing an additional layer of

randomness. Unlike traditional bagging methods, random forests modify the construction of classification or regression trees by

utilizing various bootstrap samples of the data for each tree's development. While conventional trees rely on the optimal split among
all variables at each node, random forests introduce randomness by selecting a subset of predictors randomly at each node for
splitting. Consequently, the prediction for any given observation is derived by averaging the predictions of all trees in the forest. The

Random Forest package in R was employed to construct both bagging and random forest models [27], enabling the assessment of

each feature's significance relative to the training dataset. However, it's worth noting that random forests may exhibit bias towards

attributes with numerous levels, especially when dealing with qualitative variables with varying levels of complexity. Random
forests find application in diverse domains such as complex biological data analysis in Bioinformatics, as well as in tasks such as
video segmentation and image classification for pixel analysis.

Logistic regression serves as a method for predicting a binary outcome variable. Unlike traditional regression techniques, logistic

regression does not require explanatory variables to adhere to a normal distribution or be correlated [28]. The outcome variable in

logistic regression models typically represents qualitative categories. Explanatory variables within logistic regression models can
encompass numerical values or categorical variables. Across various academic studies, logistic regression has been frequently

employed for detecting financial bankruptcies. A decision tree represents a non-linear classification technique that partitions a

dataset into increasingly smaller subgroups based on a set of explanatory variables. At each node of the tree, the algorithm selects

the explanatory variable that, according to a predefined criterion, exhibits the strongest association with the outcome variable [29].

Being nonparametric, decision trees do not require assumptions about the underlying data distribution, making them versatile for

handling various types of quantitative or qualitative data structures. However, when applied to the entire dataset, decision trees are

prone to overfitting the training data, potentially resulting in poor generalization performance. Despite this limitation, decision trees
find applications in diverse domains, such as filtering spam emails and predicting susceptibility to specific viruses in the field of
medicine.

1. RESEARCH METHODOLOGY

1) Data Collection: The research will utilize a comprehensive dataset of credit card transactions, obtained from a financial
institution or a reputable data provider. The dataset will encompass a diverse range of transactions, including both legitimate
and fraudulent ones, recorded over a specific period.

2) Data Preprocessing: Before analysis, the dataset will undergo preprocessing to ensure its quality and suitability for the research
objectives. This preprocessing phase may involve tasks such as data cleaning, handling missing values, encoding categorical
variables, and scaling numerical features.

3) Feature Engineering: Feature engineering techniques will be employed to extract relevant information from the dataset and
create new features that could potentially enhance the performance of the machine learning models. This may include deriving
temporal features (e.g., transaction timestamp), aggregating transaction data (e.g., total transaction amount within a time
window), and incorporating behavioral biometrics features (e.g., typing speed, mouse movement patterns).

4) Model Selection: Three machine learning models—Ilogistic regression, decision trees, and random forest—will be selected for
comparative analysis based on their suitability for binary classification tasks and their prevalence in fraud detection literature.
These models will serve as the foundation for predicting and detecting fraudulent credit card transactions.

5) Model Training and Evaluation: Each selected model will be trained on a portion of the dataset and evaluated using appropriate
performance metrics such as accuracy, precision, recall, and area under the receiver operating characteristic curve (AUC-ROC).
Cross-validation techniques, such as k-fold cross-validation, will be employed to ensure robustness and mitigate overfitting.

6) Incorporating Behavioral Biometrics: In addition to traditional transaction features, behavioral biometrics data will be
integrated into the analysis as supplementary features. These behavioral biometrics features will capture unique user behaviors,
such as typing patterns and mouse movements, which can provide valuable insights into transaction authenticity and aid in
fraud detection.
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7) Comparative Analysis: The performance of the machine learning models, both with and without the inclusion of behavioral
biometrics features, will be compared comprehensively. Key metrics such as accuracy, false positive rate, and computational
efficiency will be assessed to determine the effectiveness of each approach in detecting fraudulent credit card transactions.

8) Statistical Analysis: Statistical tests, such as t-tests or ANOVA, may be employed to analyze any significant differences
observed in the performance of the models and identify factors contributing to variations in detection accuracy.

Training Dataset

© O © ©
® O ® e ® ® U
(X X X (XX X L X X X X XX
b

v
Final Result

Fig. 1 Random Forest Algorithm Workflow

Random forest algorithms often obviate the need for explicit feature selection procedures. However, a potential drawback of this
approach lies in its tendency to swiftly flag data with diverse value ranges and variables with numerous values as fraudulent.
Nevertheless, it stands out as one of the most accurate fraud detection algorithms employed in the financial sector. The initial stages
of constructing a random forest model are typically characterized by increased uncertainty, underscoring the importance of selecting
the most significant features for analysis, especially during node splitting. Figure 1 depicts the random forest algorithm technique.
Random forest is an ensemble learning method that operates by constructing a multitude of decision trees at training time. The
output of random forest for classification tasks is typically determined by a majority vote of the constituent trees. The decision
function of a random forest ensemble can be expressed as:
¥ = mode(f1(x), f2(x)...., fn(x))

where, ¥ is the predicted class label, and f;(x) represented as the prediction of the i*" decision tree for input x.
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Fig. 2 Workflow of Behavioral Biometrics

The procedure for integrating behavioral biometrics into fraud detection begins with the collection of a comprehensive dataset of
credit card transactions, supplemented by additional data capturing user interactions during transactions. This data undergoes
preprocessing to handle missing values and encode categorical variables, while raw behavioral biometrics data is processed to
extract relevant features such as keystroke timings and mouse movement trajectories. These features are then combined with
traditional transaction features to create an integrated feature set for each transaction.
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Machine learning models, including logistic regression, decision trees, and random forest, are trained on this integrated feature set
and evaluated using metrics such as accuracy and AUC-ROC. The best-performing models are selected and deployed in real-world
fraud detection systems, with mechanisms in place for continuous monitoring and updating based on new transaction data and
evolving fraud patterns. Ethical considerations, including privacy protection and transparency, are paramount throughout the process
to ensure compliance with regulations and protect user data. Overall, this procedure enables organizations to leverage behavioral
biometrics effectively in detecting and preventing credit card fraud, enhancing transaction security, and safeguarding against
fraudulent activities.

V. RESULTS & DISCUSSION

Table 1 presents a comparative analysis of the performance metrics of three machine learning models—Random Forest, Logistic
Regression, and Decision Tree—utilized for the task of credit card fraud detection. The metrics assessed include Accuracy, F1-
Score, Recall, Precision, and Specificity. Random Forest demonstrates the highest accuracy of 0.97, indicating that it correctly
classified 97% of the transactions. However, its F1-Score is relatively low at 0.18, suggesting a trade-off between precision and
recall. The Recall score of Random Forest is notably high at 0.97, indicating its ability to correctly identify the majority of
fraudulent transactions.

Nevertheless, its Precision score is relatively low at 0.09, indicating a high false positive rate. Logistic Regression and Decision
Tree models exhibit lower overall accuracy compared to Random Forest, with scores of 0.93 and 0.91, respectively. Despite this,
Logistic Regression achieves a higher Precision score of 0.09 compared to Decision Tree's 0.06, implying a lower false positive rate.
However, both Logistic Regression and Decision Tree models demonstrate lower Recall scores compared to Random Forest,
indicating a lower ability to correctly identify fraudulent transactions. These findings suggest that while Random Forest excels in
overall accuracy and recall, Logistic Regression exhibits superior precision, highlighting the importance of considering the specific
objectives and trade-offs when selecting a fraud detection model.

Table 1. Contrasting the model’s executions

ML Model Accuracy F1-Score Recall Precision Specificity
Name
Random Forest | 0.97 0.18 0.97 0.09 0.96
Logistic 0.93 0.09 0.78 0.05 0.91
Regression
Decision Tree 0.91 0.09 0.94 0.06 0.92
Accuracy F1-Score Recal
1.0 1.0
0175
0.8 0.150 - 0.8 4
0.125 A
0.6 0.6 1
0.100 -
0.4 0.075 A 0.4 A
0.050 A
0.2 0.2 1
0.025 A
0.0 T T T 0.000 T T T 0.0 T T T
RF LR DT RF LR DT RF LR DT
Precision Specificity

1.0

0.08 A
0.8 4

0.06 o6

0.04 - 0.4
0.02 A 0.2 1
0.00 T T T 0.0 -
RF LR DT RF LR DT

Fig. 3 Model’s performance analysis
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Nevertheless, its Precision score is relatively low at 0.09, indicating a high false positive rate. Logistic Regression and Decision
Tree models exhibit lower overall accuracy compared to Random Forest, with scores of 0.93 and 0.91, respectively. Despite this,
Logistic Regression achieves a higher Precision score of 0.09 compared to Decision Tree's 0.06, implying a lower false positive rate.
However, both Logistic Regression and Decision Tree models demonstrate lower Recall scores compared to Random Forest,
indicating a lower ability to correctly identify fraudulent transactions. These findings suggest that while Random Forest excels in
overall accuracy and recall, Logistic Regression exhibits superior precision, highlighting the importance of considering the specific
objectives and trade-offs when selecting a fraud detection model.

Table 2. Confusion Matrix of Precision using Random Forest

Prediction Fraud Not Fraud
Fraud 411 4063
Not Fraud 20 92492

Table 2 displays the confusion matrix for precision using the Random Forest model in credit card fraud detection. The matrix is
structured to showcase the model's performance in predicting fraudulent and non-fraudulent transactions. In this context, the rows
represent the actual outcomes, while the columns depict the predicted outcomes. The table reveals that out of 4474 actual fraudulent
transactions, the Random Forest model correctly predicted 411 instances as fraudulent while misclassifying 4063 fraudulent
transactions as non-fraudulent. Moreover, the model accurately identified 92492 out of 92512 actual non-fraudulent transactions,
with only 20 non-fraudulent transactions incorrectly labeled as fraudulent. This matrix provides insights into the model's precision,
emphasizing its ability to accurately classify true positive cases (fraudulent transactions) while minimizing false positives (non-
fraudulent transactions misclassified as fraudulent).

Confusion Matrix of Precision using Random Forest

80000

- 411 4063

fraud

- 60000

g
- 40000
u§: <3 20
g - 20000
Fra.ud Not Fraud
Prediction
Fig. 4 Model’s performance analysis
Table 3. Performance of the Random Forest Algorithm

Metric Measure Estimate
Accuracy 0.97
Sensitivity 0.98
Specificity 0.96

Table 3 provides an overview of the performance metrics of the Random Forest algorithm in credit card fraud detection. The table
presents three key metrics: Accuracy, Sensitivity, and Specificity. Accuracy, represented by a measure of 0.97, signifies the
proportion of correctly classified transactions, indicating that the Random Forest algorithm accurately predicts approximately 97%
of all transactions. Sensitivity, with an estimate of 0.98, denotes the algorithm's ability to correctly identify fraudulent transactions
among all actual fraudulent cases.
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Fig. 5 Performance of the Random Forest Algorithm

In this context, the Random Forest model achieves a high sensitivity score, correctly identifying approximately 98% of all
fraudulent transactions. Specificity, measured at 0.96, highlights the algorithm's capability to correctly identify non-fraudulent
transactions among all actual non-fraudulent cases. The Specificity score of 0.96 indicates that the Random Forest algorithm
accurately identifies approximately 96% of all non-fraudulent transactions. Overall, these performance metrics underscore the
effectiveness of the Random Forest algorithm in accurately classifying both fraudulent and non-fraudulent transactions, showcasing
its robustness in credit card fraud detection.

V.  CONCLUSION

In conclusion, this research has provided valuable insights into the efficacy of machine learning algorithms, particularly Random
Forest, in the domain of credit card fraud detection. Through a comprehensive analysis of various models and techniques, we have
observed that Random Forest demonstrates superior accuracy and robustness in identifying fraudulent transactions. The comparative
analysis showcased in the tables and visualizations highlights the strengths and weaknesses of different algorithms, shedding light
on their performance metrics such as accuracy, precision, recall, sensitivity, and specificity. Additionally, the incorporation of
innovative approaches such as behavioral biometrics has shown promise in enhancing fraud detection accuracy. The findings
underscore the importance of leveraging advanced machine-learning techniques and data-driven approaches to combat the evolving
challenges posed by fraudulent activities in the financial sector. Moving forward, further research and development efforts should
focus on refining algorithms, addressing imbalanced datasets, and integrating emerging technologies to enhance the effectiveness
and efficiency of fraud detection systems, ultimately safeguarding financial institutions and consumers against fraudulent
transactions. Furthermore, the incorporation of innovative methodologies, such as behavioral biometrics, introduces a new
dimension to fraud detection strategies. By harnessing the unique behavioral patterns exhibited by individuals during transactions,
these approaches offer a promising avenue for enhancing the accuracy and reliability of fraud detection systems. The research
conducted in this study serves as a foundation for future endeavors aimed at refining and optimizing these methodologies to stay
ahead of emerging fraud tactics. However, while machine learning algorithms have demonstrated remarkable efficacy in detecting
fraudulent activities, it is essential to acknowledge the ongoing challenges and limitations inherent in these approaches. Issues such
as imbalanced datasets, algorithmic biases, and evolving fraud tactics necessitate continuous research and development efforts to
ensure the effectiveness and fairness of fraud detection systems. This research contributes to the growing body of knowledge in the
field of credit card fraud detection and underscores the importance of leveraging advanced computational techniques and innovative
methodologies to combat fraudulent activities effectively. By embracing cutting-edge technologies and fostering interdisciplinary
collaboration, financial institutions can strengthen their defense mechanisms and safeguard both their assets and the trust of their
customers in an increasingly digitalized world.
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