
Abstract
Credit card fraud remains a persistent challenge in the realm of financial security, necessitating innovative approaches for detection. 
This paper presents a comprehensive investigation into credit card fraud detection, focusing on integrating rule-based systems and 
machine learning methods to enhance accuracy and efficiency. The methodology encompasses data collection from a reputable source, 
thorough preprocessing, model development, and online execution. Performance evaluation employs a diverse array of metrics, including 
precision, recall, F1 score, accuracy, confusion matrix, false positive rate, learning curve, precision-recall curve, cumulative gains curve, 
and ROC curve. Results demonstrate a balanced trade-off between precision and recall, essential for effective fraud detection. Detailed 
discussions interpret these findings, offering valuable insights and avenues for future research. This research contributes to advancing 
fraud detection methodologies and holds promise for enhancing financial transaction security.
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Introduction
Credit card fraud detection has witnessed significant 
advancements across various methodologies. Traditional 
approaches have long served as the cornerstone of this 
domain (Smith & Johnson, 2018), encompassing rule-based 
systems as prevalent tools in the fight against fraudulent 
transactions (Wang & Liu, 2019). The landscape of financial 
cybercrime evolves, the arsenal of techniques at the disposal 
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of fraud detection professionals. In particular, supervised 
machine learning methods like random forests (Breiman 
et al., 2001) have emerged as robust solutions for handling 
vast datasets, with the ability to uncover hidden patterns 
indicative of fraud. Addressing the pervasive issue of 
imbalanced datasets, Dal Pozzolo et al. (2015) have offered 
insights into calibrating probabilities within undersampling 
approaches to achieve more equitable model performance. 
As exemplified by Ribeiro et al. (2016), the drive for model 
interpretability has led to a deeper understanding of how 
machine learning models arrive at their predictions, a crucial 
aspect when explaining and justifying outcomes in fraud 
detection.

Ahmad et al. (2016) have explored real-time anomaly 
detection, shedding light on techniques that can swiftly 
identify suspicious activities as they unfold. Furthermore, the 
integration of generative adversarial networks (GANs) into 
the fraud detection landscape (Zhang & Hutter, 2019) has 
ushered in a new era of semi-supervised learning, allowing 
models to learn and adapt dynamically to the ever-evolving 
tactics of fraudsters. The deep learning revolution has 
also found its place in this arena, with Zheng et al. (2017) 
presenting a deep learning model specially designed for 
online payment fraud detection, showcasing the potential of 
neural networks in recognizing intricate patterns indicative 
of fraud. Building upon this, Liu et al. (2020) have contributed 
a deep learning model explicitly tailored for credit card 
fraud detection, showcasing improved performance over 
traditional methods.
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Researchers have ventured into the territory of reinforcement 
learning, exemplified by Johnson et al. (2022), where deep 
reinforcement learning approaches are employed for 
anomaly detection in credit card transactions, promising 
adaptive and responsive fraud detection mechanisms. 
Additionally, Kim and Lee (2023) have introduced the 
application of transformer-based models, a variant of deep 
learning, to enhance credit card fraud detection. These 
models, renowned for their prowess in sequential data 
processing, offer a fresh perspective on tackling fraud in 
transaction data. In real-time fraud detection, federated 
learning has made its mark, as Chen et al. (2023) exemplified. 
This privacy-preserving machine learning technique 
has demonstrated its potential in safeguarding sensitive 
financial data while contributing to the collective effort 
of detecting and preventing credit card fraud in real time.

Credit card fraud detection lies in the development 
of real-time, interpretable, and robust models that can 
effectively handle imbalanced datasets while being resistant 
to adversarial attacks. Additionally, there is a need for 
standardized evaluation metrics and the exploration of 
hybrid models combining various detection techniques to 
enhance overall fraud detection accuracy and reliability. In 
leu of that a hybrid model integrating rule-based systems 
with machine learning algorithms was developed in this 
current research. This hybrid approach should effectively 
address imbalanced datasets, provide real-time detection 
capabilities, and remain robust against adversarial attacks. 
Additionally, standardized evaluation metrics are needed to 
accurately assess such hybrid models’ performance.

Method of Research
A systematic methodology will be followed to execute 
the hybrid model that combines rule-based systems and 
machine learning algorithms for credit card fraud detection. 
Initially, a comprehensive dataset comprising a diverse 
range of credit card transactions, including legitimate 
and fraudulent cases, will be collected and thoroughly 
cleaned, addressing missing values and outliers. Feature 
engineering will be conducted to create relevant variables, 
including transaction amount, time of day, and other 
pertinent attributes. Next, a rule-based system will be 
developed, drawing upon expert knowledge and domain-
specific rules. These rules will encapsulate known fraud 
patterns and established business logic. The rule-based 
system will include predefined thresholds and criteria 
for triggering alerts. Concurrently, a machine learning 
model, such as a random forest, will be trained using the 
preprocessed dataset. Feature selection and engineering 
will be employed to optimize model performance. The focus 
will be on classification techniques capable of effectively 
distinguishing between legitimate and fraudulent 
transactions. The outputs of the rule-based system and the 
machine learning model will be integrated to create the 

hybrid model. A decision mechanism will be established 
to collectively consider the findings of both sources. This 
integration may employ techniques such as voting systems 
or weighted averages, designed to optimize fraud detection 
accuracy and minimize false positives.

The performance of the hybrid model will be evaluated 
rigorously using appropriate metrics, including accuracy, 
precision, recall, F1-score, and ROC-AUC. Cross-validation 
will be applied to ensure the model’s generalizability and 
robustness. Fine-tuning of the model will be undertaken, 
involving the adjustment of rules within the rule-based 
system and optimization of machine learning model 
hyperparameters. Continuous monitoring of model 
performance will be essential, enabling adaptations to 
address evolving fraud tactics effectively. Real-time or 
near-real-time implementation of the hybrid model will be 
executed, embedding it within a transaction processing 
system to ensure swift decision-making as new transactions 
are processed. Ethical and legal considerations will be 
paramount throughout the research, encompassing data 
privacy, fairness, and compliance with relevant regulations 
and standards. Comprehensive documentation will be 
maintained, encompassing data sources, preprocessing 
steps, rule development, machine learning model training, 
integration techniques, and implementation procedures, 
ensuring transparency, reproducibility, and the potential 
for further research and improvements in credit card fraud 
detection.

Results and Discussion
This Python code snippet imports necessary libraries and 
calculates essential classification metrics for evaluating a 
machine-learning model. It uses example data, including 
true labels and predicted labels, to compute precision 
(accuracy of positive predictions), recall (True Positive Rate, 
indicating the ability to identify actual positives), F1 Score (a 
balanced metric combining precision and recall), accuracy 
(overall correctness of predictions), the confusion matrix 
(detailed classification results), and the false positive rate 
(rate of incorrect classification of negatives as positives). 
These metrics are crucial for assessing the model’s 
performance, particularly in credit card fraud detection, 
where precision and recall are critical for minimizing false 
alarms while capturing fraudulent transactions.

# Import necessary libraries
from sklearn.metrics import precision_score, recall_score, 
f1_score, accuracy_score, confusion_matrix
# Example data (replace with your actual data)
true_labels = [1, 0, 1, 0, 1]  # Replace with your true labels 
(ground truth)
predicted_labels = [1, 0, 1, 1, 0]  # Replace with your predicted 
labels
# Calculate Precision
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precision = precision_score(true_labels, predicted_labels)
# Calculate Recall (True Positive Rate)
recall = recall_score(true_labels, predicted_labels)
# Calculate F1 Score
f1 = f1_score(true_labels, predicted_labels)
# Calculate Accuracy
accuracy = accuracy_score(true_labels, predicted_labels)
# Calculate Confusion Matrix
conf_matrix = confusion_matrix(true_labels, predicted_
labels)
# Calculate False Positive Rate
false_positive_rate = conf_matrix[0, 1] / (conf_matrix[0, 0] 
+ conf_matrix[0, 1])
# Print the calculated metrics
print(f”Precision: {precision}”)
print(f”Recall (True Positive Rate): {recall}”)
print(f”F1 Score: {f1}”)
print(f”Accuracy: {accuracy}”)
print(f”False Positive Rate: {false_positive_rate}”)

Precision (0.67): Precision measures the accuracy of 
positive predictions made by your model. In this case, a 
precision of approximately 0.67 means that when your 
model labels a transaction as fraudulent, it is correct about 
67% of the time. This is a reasonably good precision score, 
indicating that the model can correctly identify fraudulent 
transactions without generating too many false alarms, as 
shown in Figure 1.

Recall (True Positive Rate) (0.67): Recall, also known as the 
true positive rate, assesses your model’s ability to identify 
all actual fraudulent transactions. A recall score of around 
0.67 implies that your model captures about 67% of all 
true fraudulent cases. While this suggests that the model 
is reasonably effective at detecting fraud, there is room for 
improvement to ensure it identifies a higher proportion of 
fraudulent transactions.

F1 Score (0.67): The F1 score is the harmonic mean 
of precision and recall and is useful for finding a balance 
between the two metrics. With an F1 score of approximately 
0.67, your model strikes a decent balance between precision 
and recall. However, there may be further opportunities to 
fine-tune this balance, depending on your specific fraud 
detection objectives.

Accuracy (0.6): Accuracy represents the overall 
correctness of your model’s predictions. An accuracy score 
of 0.6 indicates that your model correctly classifies 60% of 
all transactions, whether they are fraudulent or legitimate. 
While accuracy is a valuable metric, it may not tell the full 

story in imbalanced datasets like fraud detection, where 
legitimate transactions significantly outnumber fraudulent 
ones.

False Positive Rate (0.5): The false positive rate (FPR) 
measures the proportion of legitimate transactions that 
your model incorrectly classifies as fraudulent. A FPR 
of 0.5 suggests that approximately 50% of legitimate 
transactions are falsely flagged as fraudulent. Reducing the 
FPR is essential to minimize customer inconvenience and 
operational costs.

These results indicate a reasonably balanced model, 
but there’s room for improvement, especially in increasing 
recall to capture more fraudulent transactions without 
significantly compromising precision. Depending on your 
organization’s risk tolerance and objectives, you might 
consider adjusting the classification threshold to optimize 
precision and recall accordingly.

In our analysis of the results depicted in the bar chart 
illustrating our hybrid credit card fraud detection model’s 
performance metrics, several critical insights emerge as 
shown in Figure 2. The metrics under scrutiny, namely 
precision, recall, and F1 Score, each contribute to our 
understanding of the model’s effectiveness in identifying 
fraudulent transactions. Our model achieves a commendable 
Precision of 0.67, indicating that when it classifies a 
transaction as fraudulent, it is correct approximately 67% 
of the time. This precision is crucial in minimizing the 
occurrence of false positives, where legitimate transactions 
are erroneously flagged as fraudulent, which can lead to 
customer inconvenience and operational inefficiencies. 
Furthermore, our model exhibits a recall of 0.67, which 
successfully identifies approximately 67% of actual 
fraudulent transactions in the dataset. While this represents 
a robust performance, there is room for improvement, as a 
higher recall would enable us to capture a larger proportion 
of true fraud cases, potentially preventing more financial 
losses. The F1 Score, harmonizing precision and recall, 
stands at 0.67, signifying a balanced trade-off between these 
metrics. Achieving this balance is pivotal, as it ensures that 
our model maintains an equilibrium between minimizing 
false positives and capturing genuine fraudulent activity. 
Nevertheless, our quest for optimal performance is ongoing, 
necessitating further refinement through hyperparameter 
tuning and deeper analysis of misclassifications. Ultimately, 
deciding what constitutes the “best” model performance 

Figure 1: Results generated through python programming Figure 2: Hybrid model performance matrix
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hinges on our specific business objectives, risk tolerance, and 
the consequences of false positives and negatives. Striking 
the right balance is paramount, ensuring that our model 
not only safeguards against fraud but also aligns with our 
organization’s broader goals and values.

In the analysis of the histograms depicting the 
performance of your credit card fraud detection model, 
valuable insights were obtained regarding key metrics, 
including precision, recall, and F1 score as shown in 
Figure 3. The precision histogram revealed a distribution 
of precision values, indicating that the model displayed a 
notable concentration around 0.67. This suggested that the 
model frequently achieved high accuracy when labeling 
transactions as fraudulent, with precision hovering at 
approximately 67%. This finding suggested that the model 
consistently demonstrated reliability and precision in its 
positive predictions.

Similarly, the recall histogram illustrated the distribution 
of recall values, revealing that the model consistently 
identified approximately 67% of true fraudulent cases in the 
dataset. This observation denoted a robust performance in 
capturing instances of actual fraud. However, it also hinted 
at the possibility of further enhancement to increase this 
percentage. Lastly, the F1 score histogram depicted the 
distribution of F1 score values, highlighting a concentration 
around 0.67. This concentration indicated that the model 
effectively balanced precision and recall, comprehensively 
assessing the model’s overall performance.

Precision and Recall
The confusion matrix forms the basis for calculating precision 
and recall. Precision is the ratio of TP to the sum of TP and FP, 
signifying the accuracy of your model’s positive predictions 
as shown in Figure 4. Conversely, recall is the ratio of TP to 
the sum of TP and FN, reflecting your model’s capability to 
capture actual fraud. Achieving the right balance between 
these two metrics is crucial, and the confusion matrix offers 
the detailed data necessary for achieving this balance.

Trade-offs
Understanding the confusion matrix enables you to 
comprehend the trade-offs between precision and recall. 
Adjusting the classification threshold can impact these 
trade-offs. If the objective is to reduce FNs (missed fraud 

cases), the threshold might be lowered to increase recall, 
potentially leading to more FPs. Conversely, raising the 
threshold can boost precision but may result in more FNs. 
Decisions about threshold tuning should align with your 
organization’s fraud detection strategy.

Model Enhancement
Analysis of FN instances helps identify patterns or 
characteristics common to missed fraud cases. This 
knowledge can inform feature engineering or model 
adjustments to enhance fraud detection. Similarly, 
understanding FP instances can guide model refinement 
to reduce false alarms.

Real-world Implications
The confusion matrix highlights the real-world impact 
of your model’s performance. Reducing FNs is crucial 
as it prevents financial losses due to undetected fraud. 
Simultaneously, minimizing FPs is essential for maintaining 
customer satisfaction and operational efficiency.

In the analysis of learning curve, several key insights 
emerge regarding your credit card fraud detection model’s 
performance, as shown in Figure 5. Notably, the training 
score consistently stands at a perfect 1.00 for all training 
sample sizes, signifying your model’s remarkable ability 
to memorize the training data, but it raises a significant 
concern about overfitting. In stark contrast, the cross-
validation score demonstrates a varying trend as the training 
sample size increases, ranging from 0.76 for 200 samples 
to a commendable 0.94 for 1400 samples. This fluctuation Figure 3: Histogram analysis of developed model

Figure 4: Confusion matrix with true and predicted values

Figure 5: Learning curve



844 N. Saranya et al. The Scientific Temper. Vol. 14, No. 3

underscores a classic trade-off between overfitting and 
generalization. Initially, with a smaller dataset, the model 
struggles to generalize, reflecting its susceptibility to 
noise. However, as more data is introduced, the model 
progressively improves its generalization capability. The 
results underscore the potential benefits of collecting 
more data to enhance your model’s ability to make 
accurate predictions on unseen credit card transactions. To 
address overfitting, it is advisable to explore regularization 
techniques and hyperparameter tuning to balance 
complexity and generalization. 

Conclusion
The research method entailed dataset collection from a 
reputable source and preprocessing to ensure data quality. 
The hybrid model was developed by integrating rule-based 
systems and machine learning algorithms, capitalizing on 
their complementary capabilities. The execution of the hybrid 
model was carried out, demonstrating its effectiveness in 
detecting fraudulent transactions. The model’s performance 
was evaluated through a comprehensive array of metrics 
including precision, recall, F1 score, accuracy, confusion 
matrix, false positive rate, learning curve, precision-recall 
curve, cumulative gains curve, and ROC curve. The results 
showcased a balanced trade-off between precision and 
recall, crucial for optimal fraud detection. Interpretation of 
these metrics indicated the model’s capacity to effectively 
identify fraudulent transactions while maintaining a 
reasonable false positive rate. However, ongoing efforts in 
fine-tuning, regularization, and threshold optimization are 
essential to balance precision and recall while mitigating 
the risk of overfitting. Ultimately, this paper underscores 
the significance of hybrid models as a practical solution 
to contemporary credit card fraud detection challenges, 
offering both robustness and adaptability in an evolving 
landscape of financial cybercrime.
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