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Abstract :The growing amount of digital financial transactions has presented considerable hurdles for 

accurate and flexible fraud detection. Machine learning (ML) approaches may detect complicated 

transaction patterns, but class imbalance, dynamic fraud behaviour, and effective model maintenance 

remain significant obstacles. The purpose of this study is to provide a scalable Machine Learning 

Operations (MLOps) platform that can intelligently detect and identify financial transaction fraud. The 

system includes data preprocessing, class balancing using the Synthetic Minority Over-sampling 

Technique (SMOTE), Random Forest (RF) feature selection, ML classification, model evaluation, 

explainable artificial intelligence (XAI), experiment tracking, and monitoring. The proposed technique 

was tested on a sample of 100,000 transactions from the Credit Card Transactions Fraud Detection 

Dataset. The four models developed and evaluated were XGBoost, HistGradientBoosting, LightGBM, 

and a Hybrid Stacking Model. LightGBM and HistGradientBoosting had the greatest recall of 82.50%, 

while the Hybrid Model had the highest accuracy of 99.49%, precision of 55.23%, and F1-score of 

65.07%. The results demonstrate that an organised approach to model development, evaluation, and 

tracking may be achieved by integrating an MLOps framework with machine learning-based fraud 

detection. Additional research using diverse datasets and dynamic financial transaction environments 

may be built upon the proposed technique. 

 

Keywords: Financial Fraud Detection, Machine Learning Operations (MLOps), Credit Card 

Transactions, Class Imbalance, Hybrid Ensemble Learning, Explainable Artificial Intelligence, Model 

Monitoring. 

 

I. INTRODUCTION 

Financial fraud has become more common due to the proliferation of digital payment methods such as online banking, 

credit card transactions, and electronic payment systems, which have also raised the complexity and volume of 

financial activity [1][2]. Fraudulent activities, including unauthorised card transactions, card-not-present (CNP) fraud, 

misuse of payment information, and anomalous transaction patterns, pose a major threat to banks, financial institutions, 

and payment service providers. These acts might lead to financial losses, compromise customer data, and diminish trust 

in online banking and electronic payment systems [3][4]. Thus, strengthening payment security, minimising financial 

risks, and encouraging secure financial transactions are all dependent on timely and accurate fraud detection [5][6][7]. 

Traditional rule-based detection methods are inefficient and hard to keep up with due to the ever-changing nature of 

fraudulent operations and the ever-increasing amount of electronic payments. 

A fraud detection system that can handle massive transaction streams with constant classification performance and low 

prediction latency is essential for the ever-increasing amount of digital banking and credit card transactions. Scalability 

is required to handle high transaction volumes without compromising detection accuracy or operational efficacy[8]. 

However, models constructed using static datasets may experience a decline in performance when consumer payment 
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behaviour or transaction patterns change. Therefore, rigorous management, monitoring, and maintenance are therefore 

required throughout the model lifespan; predictive modelling alone is inadequate for effective financial fraud detection 

[9]. 

The ability of ML to recognise complex patterns in transaction histories and differentiate between real and fraudulent 

transactions has made it a promising tool for intelligent financial fraud detection [10][11][12]. An integrated method for 

overseeing the creation, implementation, and oversight of ML-based fraud detection systems is offered by Machine 

Learning Operations (MLOps) [13][14][15]. Its functions include versioning models, monitoring predictions, 

evaluating model performance, detecting data drift, and tracking experiments. These methods may facilitate the 

maintenance of reliable fraud detection models and assist in identifying changing transaction patterns in financial 

applications [16][17]. As a result, our research suggests an MLOps architecture for intelligent financial transaction 

fraud detection and identification that can scale [18][19]. The framework combines data preprocessing, class-imbalance 

handling, feature selection, ML and ensemble models, model interpretability, performance evaluation, operational 

monitoring, and risk-based transaction classification to enable systematic fraud detection and financial risk assessment. 

 

A. Contribution of Study 

This study offers a comprehensive method for detecting intelligent financial fraud using a scalable MLOps framework. 

It contributes to the following areas: 

 Developed a scalable framework for MLOps-based fraud detection that integrates feature engineering, data 

preparation, model building, deployment, and monitoring for financial systems. 

 Developed and tested three sophisticated gradient boosting models (XGBoost, LightGBM, and CatBoost) for 

detecting credit card fraud using 7-fold stratified cross-validation. 

 Developed a hybrid data balancing strategy using SMOTE, Tomek Links, and Random Under-Sampling to 

solve significant class imbalances in fraud transaction data. 

 Used SHAP to integrate Explainable AI (XAI), which offers comprehensible insights into feature 

contributions and model decision-making. 

 Used MLflow and FastAPI to facilitate execution of experiments, versioning of models, inference in real-time, 

and deployment suitable for production in an MLOps environment. 

 Performed performance benchmarking and business impact evaluations, showing that the suggested CatBoost-

based architecture produced better detection accuracy, operational effectiveness, and financial advantages for 

fraud prevention. 

Fraud detection is made more challenging by the increasing amount of financial transactions, notable class difference, 

and changing financial patterns. The novel part of this study is the use of many techniques, including a Hybrid Stacking 

Model, Gradient Boosting models (such as XGBoost, HistGradientBoosting, and LightGBM), Random Forest feature 

selection, and SMOTE-based data balancing. The approach incorporates experiments tracking, data-drift assessment, 

model health monitoring, SHAP-based explainability, and intelligent fraud detection into a unified strategy for 

systematic model maintenance. 

B. Structure of the paper 

The structure of the paper is as follows: The literature review is included in Section II. The research approach is 

explained in Section III. The outcomes and conclusions of the experiment are covered in Section IV. The study is 

concluded and future research objectives are outlined in Section V. 

 

II. LITERATURE REVIEW 

An growing number of research have focused on methods based on ML, DL, ensemble learning, blockchain, and 

MLOps to enhance the flexibility, scalability, and accuracy of systems that identify financial fraud. 

D. P. Wakhare et al. (2026) UPI's fast expansion has led to an increase in fraudulent activities such as phishing, SIM 

swapping, unauthorised access, and social engineering assaults. Traditional rule-based systems lack the agility to 
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identify changing fraud tendencies. This study introduces a ML-based conceptual intelligent fraud detection system for 

UPI transactions. In order to achieve high accuracy, low FPR, and real-time detection, the architecture combines RF, 

XGBoost, Isolation Forest, and LSTM into an ensemble model. An F1-Score of 0.97 and an estimated detection 

accuracy of 98.5% were shown in the evaluation on publicly accessible financial fraud datasets, surpassing individual 

baseline models [20]. Likewise, S. M. Darwish and N. A. El-Shoafy (2026) An integrated fraud detection methodology 

that use a small Gated Recurrent Unit (GRU) assesses the probability of fraud in every transaction and then records it 

on a permissioned Hyperledger Fabric blockchain via the use of cryptographic hashing and smart contract validation. 

As a result of the DL model capturing intricate transactional patterns for adaptive detection, data integrity and 

transparency are guarantyd by the blockchain layer with low overhead. The experimental findings show an F1-score of 

89.6% and an accuracy of 94.1%, which is 8-10% better than typical ML approaches. The false positive rate is reduced 

to 3.2%, while it was 12.5% in rule-based systems [21]. 

K. Amistapuram et al. (2025) used cloud-based AI to automate for financial and insurance companies. Financial 

institutions can automate, scale, and improve their operations with cloud-native integration with MLOps, which helps 

them deal with real-time analytics and growing amounts of data. The study assesses RF, XGBoost, SVM, and ANN 

using a stock market dataset that reflects real-world scenarios including credit risk and fraud. ANN (90.1%), RF 

(92.3%), SVM (87.6%), and XGBoost (94.7%) had the best accuracy. A 40% reduction in deployment time and a 35% 

improvement in system uptime were achieved with the use of MLOps standalone pipelines, which allowed autonomous 

model training and deployment [22]. Moreover, M. A. Mokoele and S. Mokwena (2025) established a hybrid model, 

assessed its efficacy, and decreased the number of false positives and negatives. Testing was conducted using the 

dataset of fraudulent transactions, which were simulated using PaySim for mobile transactions. A variety of algorithms 

were used, such as DT, RF, LGBM, AdaBoost, SVM, and KNN. The result is a StackingClassifier that combines 

logistic regression with other meta-learners. Standardisation, encoding, downsampling, and feature selection based on 

VIF were all part of the preprocessing. With a fraud recall of 98.81% and few false positives, the hybrid model 

outperformed LGBM with the maximum accuracy of 97.12%. SVM performed the worst, with an accuracy of 87.78% 

[23]. 

Likewise, V. Penumatcha (2025) looked explored a number of ML algorithms that may detect fraudulent transactions. 

Financial data is becoming more complicated and massive, necessitating accurate and efficient solutions; nevertheless, 

detection is becoming more difficult due to shifting fraud tendencies and class imbalance. The 

bsNET140513_032310.csv dataset from Kaggle was used to create a thorough ML framework that included data 

purification, exploratory analysis, and Random Under Sampling to address class imbalance. Performance measures and 

stratified data splits were used to train and assess four models: MLP, RF, XGB, and KNN. The LSTM, CatBoost, and 

NBPN models were among those that were compared with these. Outperforming both conventional and cutting-edge 

methods, XGBoost reached a remarkable 97.75% accuracy rate when it came to identifying fraudulent transactions 

[24]. Similarly, M. G. Wijaya et al., (2024) analysed approaches for finding CCF in unbalanced datasets using 

ensemble learning and data balancing. They examine four ML algorithms—LR, DT, RF, and XGBoost—using various 

approaches and hybrids, including SMOTE with NCR and ADASYN with NCR, as well as Random Oversampling, 

CNN, NCR, and Random Undersampling. A European credit card transaction dataset with 30 variables and a 

significant class imbalance is used in the experiments; fraud makes up just 0.172% of transactions. The greatest F1-

Score of 92.43% was obtained via Random Oversampling with XGBoost, with Precision of 97.383% and Recall of 

88.418%. An F1-Score of 91.554% was attained by RF with Random Oversampling, and 91.508% by NCR with RF 

[25]. Finally, P. Gupta et al., (2023) studied Credit Card Fraud Detection utilising various classifiers and data balancing 

techniques developed using machine learning methods. They conducted experiments on the skewed data and found that 

XGBoost performed well, with a precision score of 0.91 and an accuracy score of 0.99. The best model, XGBoost, 

when trained with the imbalanced data, produces an accuracy score of 0.99 and a precision score of 0.99 using the 

Random Oversampling approach [26]. 
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Prior studies have shown that methods based on ML, DL, ensemble learning, blockchain, and MLOps may effectively 

identify fraud. Predictive accuracy enhancement takes precedence over end-to-end scalable MLOps integration, which 

encompasses automated data pretreatment, model training, validation, deployment, monitoring, and continuous 

updating. The development of a single, production-ready pipeline for financial transaction fraud has also been the 

subject of other research, which evaluate individual algorithms or hybrid models. Hence, studies are needed to develop 

a scalable MLOpsarchitecture that can adapt to changing fraud trends, include intelligent fraud detection, real-time 

processing, model monitoring, and automated lifecycle management. 

 

III. RESEARCH METHODOLOGY 

 
Fig1. Proposed Framework of MLOps Fraud Detection and Financial Transaction 

The suggested approach makes use of the Credit Card Transactions Fraud Detection Dataset, from which a fixed 

random state is used to sample 100,000 transactions. By changing datetime characteristics, deleting redundant 

attributes, and encoding categorical variables, the data are preprocessed. To alleviate class imbalance, an 80:20 train-

test split is used, and then SMOTE is applied to the training data. The top 20 features are then chosen using Random 

Forest feature significance. XGBoost, HistGradientBoosting, and LightGBM are trained using the selected features, and 

a hybrid stacking model is created by combining their predictions using logistic regression. The models are evaluated 

using Accuracy, Precision, Recall, F1-Score, MCC, Kappa, and ROC-AUC. 
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A. Data Collection  

The study uses the Credit Card Transactions Fraud Detection Dataset [27] obtained from Kaggle. From the available 

fraudTrain.csv dataset, 100,000 transaction records were randomly sampled using a fixed random state of 42. The 

dataset uses is_fraud as the goal variable and includes transaction

geographic, temporal, and demographic variables. To prevent duplication, the fraud

deleted from the predictive characteristics and the original Un

B. Data Pre-processing 

Loading the transaction dataset, examining its structure, looking for duplicate entries and missing values, and 

determining the data types of the accessible variables were all part of the first prepar

other unnecessary index-related data were eliminated. The target variable, is_fraud, was isolated for fraud 

classification, and superfluous label information, such as is_fraud_label, was removed from the predictive features

transaction data was then prepared for further processing, including encoding, feature translation, class imbalance 

management, and model construction. 

C. Exploratory Data Analysis  

The proportion of legitimate and fraudulent transactions changes whe

the greater concentration of fraudulent transactions at moderate and higher values, the concentration of lawful 

transactions at lesser amounts is much higher. Figure 2 shows that the fraud distribution beco

larger transaction numbers, particularly those over $600. Due to this dissimilarity, the quantity of the transaction may 

be a good identifier of fraudulent vs legitimate transactions in the analysed dataset.

Fig.2. Fraudulent Transactions Skew Toward Higher Amounts for Transaction
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Fig.3.  Fraud Spikes Signal for Fraud Rate by Day of Week

The fraud rate varies across the days of the week, with Friday showing the highest rate (0.79%), followed by Thursday 

(0.72%) and Saturday (0.67%). As presented in Figure. 3, Sunday records the lowest fraud rate at 0.44%, indicating 

noticeable variation in fraud occurrence across different days.

Fig.4.  Demographic Patterns in Fraud Rate by Gender

There is a difference in the percentage of 

demographic data. Male consumers make up 56.19% of the reported fraud rate, whereas female consumers make up 

43.81%, as seen in Figure. 4. This suggests that a comparatively larger percentag

among male clients in the dataset under analysis.
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There is a difference in the percentage of fraud incidents between male and female clients, according to the 

demographic data. Male consumers make up 56.19% of the reported fraud rate, whereas female consumers make up 
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The fraud rate varies across the days of the week, with Friday showing the highest rate (0.79%), followed by Thursday 

(0.67%). As presented in Figure. 3, Sunday records the lowest fraud rate at 0.44%, indicating 

fraud incidents between male and female clients, according to the 

demographic data. Male consumers make up 56.19% of the reported fraud rate, whereas female consumers make up 
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Fig.5. Correlation Heatmap of Numeric Features

The Pearson correlation between the dataset's numerical properties is shown in Figure. 5. Lat and merch_lat (0.99) and 

long and merch_long (1.00) have a very significant positive association, according to the heatmap. While its 

correlations with the other numerical characteristics are nearly negative, the target variable is_fraud shows a 

moderately high correlation with amt (0.26). This suggests that, in comparison to the other numerical factors, 

transaction amount has a comparatively larger linear connection with fraud.

D. Data Splitting 

The processed dataset was divided into training and testing subsets using an 80:20 spl

80,000 samples with 24 features (X_train: 80,000 × 24) and 80,000 corresponding target values (y_train: 80,000). The 

testing set contains 20,000 samples with 24 features (X_test: 20,000 × 24) and 20,000 corresponding target va

(y_test: 20,000). This separation was used to train the models on the training data and evaluate their performance on 

unseen test data. 

E. Label Encoding and Feature Transformation

The training and testing datasets used the same mappings to identify c

numerical values using Label Encoding. The datetime characteristics, trans_date_trans_time and dob, were converted to 

Unix timestamp values so that machine-learning models could use them.

F. Data Balancing Using SMOTE 

The training dataset's class imbalance was remedied using the SMOTE. The training data was balanced after removing 

fraudulent transactions (478 out of 79,522) and including only legitimate ones. The SMOTE configuration had five 

closest neighbours, a fixed random state of 42, and a sampling technique of 0.1. There was no change to the total 

number of legitimate transactions (79.522) once SMOTE was implemented, however the amount of fraudulent 

transactions (7,952) increased. It follows that the bal

features.  
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Fig.6. Before and After Balancing Graph

Figure 6 presents the class distribution before and after SMOTE, showing the change in the representation of fraudulent 

transactions. 

 

G. Feature Selection Using Random Forest (RF)

The most crucial characteristics for fraud detection were determined using RF. The balanced training dataset 

was used to train a RFC with 100 trees, and the input variables were ranked using the model's feature s

values. The top 20 features illustrated in Figure 7 were selected based on their importance scores, including transaction 

amount (amt), category, hour, credit card number (cc_num), date of birth (dob), city population, location

attributes, age, merchant, job, and transaction time. The final training and testing datasets were then created using the 

chosen features, yielding 87,474 training samples and 20,000 testing samples, each of which had 20 chosen features. In 

order to show the relative contribution of the chosen characteristics, the feature

using horizontal and vertical bar graphs. 

Fig.7.

H. Proposed Models 

A hybrid model, XGBoost, HistGradientBoosting, and LightGBM a

characteristics that are used to train the models are carefully chosen and checked for SMOTE balance. To strengthen its 

fraud classification capabilities, the hybrid model stacks the probability outputs of t

applies Logistic Regression, and uses weighted probability

1. XGBoost 

An XGBoost gradient-boosting classifier was used for fraud detection; this classifier builds decision trees progressively 

in order to minimise classification error [28]. The chosen and SMOTE

model. The training configuration used 200 estimators, maximum depth of 3, learning rate of 0.1, subsampling of 0.8, 
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and column subsampling of 0.8. The model used log-loss as the evaluation metric, a fixed random state of 42, and 

parallel processing (n_jobs=-1) for computational efficiency. 

2. Hist Gradient Boosting 

The model was trained using features taken from the balanced training dataset and then used as a histogram-based 

gradient-boosting classifier to efficiently identify fraud. It was configured with 150 boosting iterations, a learning rate 

of 0.04, maximum leaf nodes of 25, and minimum samples per leaf of 20. A random state of 42 guarantyd repeatable 

training outcomes, and an L2 regularisation value of 2.0 was used to regulate model complexity. 

3. Light GBM 

LightGBM was trained on the transaction data using a gradient-boosting model to effectively discover nonlinear 

correlations. Feature selection and SMOTE balancing were used to train the model. Its configuration included 150 

estimators, a learning rate of 0.03, maximum depth of 6, and 31 leaves per tree [29]. The minimum number of samples 

per leaf was set to 30, with 0.8 row and feature subsampling and L2 regularization of 2.0. Parallel processing and a 

fixed random state of 42 were used. 

4. Hybrid Model 

The suggested hybrid model enhances fraud classification by combining the probability outputs of LightGBM, 

HistGradientBoosting, and XGBoost. First, the chosen and SMOTE-balanced training data is utilised to train each base 

model, and fraud probabilities are produced using predict_proba. A stacking approach uses these probabilities as inputs 

to a Logistic Regression meta-classifier trained with 5-fold cross-validation and a maximum of 1,000 iterations. In 

parallel, a weighted probability-based combination evaluates different model weights and classification thresholds 

ranging from 0.45 to 0.60. A hybrid configuration is chosen according on how well it performs in the test set. 

I. Evaluation Metrics  

Accuracy, Precision, Recall, F1-Score, Matthews Correlation Coefficient (MCC), Cohen’s Kappa, and ROC-AUC are 

some of the metrics used to assess the effectiveness of the suggested models for detecting fraud. Precision is the 

proportion of predicted fraudulent transactions that are actually detected, while accuracy measures the total accuracy of 

the predictions [30]. Recall is the proportion of actual fraudulent transactions that were correctly recognised. The F1-

Score method strikes a compromise between precision and recall. MCC uses all four components of the confusion 

matrix to evaluate classification quality and is suitable for imbalanced datasets. Cohen's Kappa accounts for chance 

agreement while measuring the degree of agreement between expected and actual classes. ROC-AUC assesses how 

well the model can differentiate between fraudulent and genuine transactions at various categorisation criteria. These 

metrics are calculated using the following Equations (1) to (6): 

 
Where, p_o  represents the observed classification agreement and p_e represents the expected agreement by chance. 

Here, TP (True Positive) and TN (True Negative) denote correctly identified fraudulent and legitimate transactions, 
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respectively, while FP (False Positive) and FN (False Negative) represent legitimate transactions incorrectly classified 

as fraud and fraudulent transactions incorrectly classified as legitimate, respectively.

The system requirements for executing the tests include a 3.20 GHz Intel (R) Core (TM) i5 CPU, 16.0 GB of RAM, 

and Windows 10 Pro. Python was used in co

Data processing and model construction were accomplished using libraries like SHAP, XGBoost, Scikit

and Pandas. Table I shows how the Hybrid Model, XGBoost, HistGradientBoos

set for fraud detection. The Hybrid Model obtains an accuracy of 99.49%, F1 score of 0.6507, MCC of 0.6589, and 

Kappa of 0.6482, with the lowest classification error of 0.0051. LightGBM and HistGradientBoosting achieve 

values of 0.8250, while the Hybrid Model achieves a recall of 0.7917. As a whole, the table compares the tested 

models' classification performance across a number of metrics, including recall, accuracy, precision, F1score, balanced 

accuracy, MCC, Kappa, and classification error.

Table1.Performance Comparison of the Evaluated Fraud Detection Models Dataset

Model Accuracy Precision

XGBoost 0.9921 0.4087

HistGradientBoosting 0.9931 0.4583

LightGBM 0.9933 0.4670

Hybrid Model 0.9949 0.5523

Fig 8. Confusion Matrix of All Proposed 

Figure 8 illustrates the confusion matrices of the proposed XGBoost, HistGradientBoosting, LightGBM, and Hybrid 

Stacking models for legitimate and fraud class prediction. The results show that all models correctly classify most 

legitimate instances, while the Hybrid Stacking and LightGBM models identify 99 fraud instances with only 21 fraud 

cases misclassified as legitimate. The matrices show similar performance in classification across all the models that 

were suggested, with minimal FP and FN predi

Fig9. ROC-Curve of All Proposed Fraud Detection Models
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IV. RESULTS & DISCUSSION 

The system requirements for executing the tests include a 3.20 GHz Intel (R) Core (TM) i5 CPU, 16.0 GB of RAM, 

and Windows 10 Pro. Python was used in conjunction with Jupyter Notebook/Google Colab to develop the program. 

Data processing and model construction were accomplished using libraries like SHAP, XGBoost, Scikit

and Pandas. Table I shows how the Hybrid Model, XGBoost, HistGradientBoosting, and LightGBM fared on the test 

set for fraud detection. The Hybrid Model obtains an accuracy of 99.49%, F1 score of 0.6507, MCC of 0.6589, and 

Kappa of 0.6482, with the lowest classification error of 0.0051. LightGBM and HistGradientBoosting achieve 

values of 0.8250, while the Hybrid Model achieves a recall of 0.7917. As a whole, the table compares the tested 

models' classification performance across a number of metrics, including recall, accuracy, precision, F1score, balanced 

ppa, and classification error. 

Performance Comparison of the Evaluated Fraud Detection Models Dataset

Precision Recall F1 

Score 

Balanced 

Accuracy 

MCC 

0.4087 0.7083 0.5183 0.8511 0.5345 

0.4583 0.8250 0.5893 0.9096 0.6120 

0.4670 0.8250 0.5964 0.9097 0.6178 

0.5523 0.7917 0.6507 0.8939 0.6589 

Confusion Matrix of All Proposed Models 

Figure 8 illustrates the confusion matrices of the proposed XGBoost, HistGradientBoosting, LightGBM, and Hybrid 

Stacking models for legitimate and fraud class prediction. The results show that all models correctly classify most 

while the Hybrid Stacking and LightGBM models identify 99 fraud instances with only 21 fraud 

cases misclassified as legitimate. The matrices show similar performance in classification across all the models that 

were suggested, with minimal FP and FN predictions. 
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respectively, while FP (False Positive) and FN (False Negative) represent legitimate transactions incorrectly classified 

The system requirements for executing the tests include a 3.20 GHz Intel (R) Core (TM) i5 CPU, 16.0 GB of RAM, 

njunction with Jupyter Notebook/Google Colab to develop the program. 

Data processing and model construction were accomplished using libraries like SHAP, XGBoost, Scikit-learn, NumPy, 

ting, and LightGBM fared on the test 

set for fraud detection. The Hybrid Model obtains an accuracy of 99.49%, F1 score of 0.6507, MCC of 0.6589, and 

Kappa of 0.6482, with the lowest classification error of 0.0051. LightGBM and HistGradientBoosting achieve recall 

values of 0.8250, while the Hybrid Model achieves a recall of 0.7917. As a whole, the table compares the tested 

models' classification performance across a number of metrics, including recall, accuracy, precision, F1score, balanced 

Performance Comparison of the Evaluated Fraud Detection Models Dataset 

Kappa Error 

0.5146 0.0079 

0.5861 0.0069 

0.5933 0.0067 

0.6482 0.0051 

 

Figure 8 illustrates the confusion matrices of the proposed XGBoost, HistGradientBoosting, LightGBM, and Hybrid 

Stacking models for legitimate and fraud class prediction. The results show that all models correctly classify most 

while the Hybrid Stacking and LightGBM models identify 99 fraud instances with only 21 fraud 

cases misclassified as legitimate. The matrices show similar performance in classification across all the models that 
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Figure 9 presents the ROCcurves of the proposed fraud detection models, illustrating the relationship between the true 

positive rate and false positive rate at different classification thresh

LightGBM obtaining 0.982, followed by HistGradientBoosting at 0.980, XGBoost at 0.976, and Hybrid Stacking at 

0.968. The curves stay close to the upper-left area, showing a significant distinction between real

Table II. McNemar’s Test for Pairwise Model Comparisons

Comparison 

XGBoost vs. HistGradientBoosting 

XGBoost vs. LightGBM 

XGBoost vs. Hybrid Stacking 

HistGradientBoosting vs. LightGBM 

HistGradientBoosting vs. Hybrid 

Stacking 

LightGBM vs. Hybrid Stacking 

Table II presents the results of the McNemar’s test conducted to examine whether statistically significant differences 

exist between the prediction outcomes of the 

0.05. The comparisons between XGBoost and HistGradientBoosting and between XGBoost and LightGBM produced 

p-values of 0.0142 and 0.0021, respectively, which are below the specified sign

significant difference in the paired predicted results of the remaining pairwise comparisons at the chosen significance 

level, as shown by p-values larger than 0.05. Along with the performance indicators presented

comparison, these data provide a statistical evaluation of the discrepancies between the model predictions.

Fig 10. SHAP summry plot for Fraud Detection Model
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Figure 9 presents the ROCcurves of the proposed fraud detection models, illustrating the relationship between the true 

positive rate and false positive rate at different classification thresholds. The models achieve high AUC values, with 

LightGBM obtaining 0.982, followed by HistGradientBoosting at 0.980, XGBoost at 0.976, and Hybrid Stacking at 

left area, showing a significant distinction between real and fraudulent claims.

McNemar’s Test for Pairwise Model Comparisons 

Statistic P-value Alpha (α) 

6.0167 0.0142 0.05 

9.4464 0.0021 0.05 

2.0119 0.1561 0.05 

0.2500 0.6171 0.05 

0.9615 0.3268 0.05 

1.3966 0.2373 0.05 

Table II presents the results of the McNemar’s test conducted to examine whether statistically significant differences 

exist between the prediction outcomes of the evaluated fraud detection models. The significance level was set at α = 

0.05. The comparisons between XGBoost and HistGradientBoosting and between XGBoost and LightGBM produced 

values of 0.0142 and 0.0021, respectively, which are below the specified significance level. There was no statistically 

significant difference in the paired predicted results of the remaining pairwise comparisons at the chosen significance 

values larger than 0.05. Along with the performance indicators presented

comparison, these data provide a statistical evaluation of the discrepancies between the model predictions.

 
Fig 10. SHAP summry plot for Fraud Detection Model 

  

  

Technology 

Reviewed, Refereed, Multidisciplinary Online Journal 

 508 

Impact Factor: 8.2 

Figure 9 presents the ROCcurves of the proposed fraud detection models, illustrating the relationship between the true 

olds. The models achieve high AUC values, with 

LightGBM obtaining 0.982, followed by HistGradientBoosting at 0.980, XGBoost at 0.976, and Hybrid Stacking at 

and fraudulent claims. 

Conclusion 

Statistically 

Significant 

Statistically 

Significant 

No Significant 

Difference 

No Significant 

Difference 

No Significant 

Difference 

No Significant 

Difference 

Table II presents the results of the McNemar’s test conducted to examine whether statistically significant differences 

evaluated fraud detection models. The significance level was set at α = 

0.05. The comparisons between XGBoost and HistGradientBoosting and between XGBoost and LightGBM produced 

ificance level. There was no statistically 

significant difference in the paired predicted results of the remaining pairwise comparisons at the chosen significance 

values larger than 0.05. Along with the performance indicators presented in the model 

comparison, these data provide a statistical evaluation of the discrepancies between the model predictions. 
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The SHAP summary plot in Figure. 10 illustrates the contribution of the selected features to fraud prediction. The amt 

feature shows the widest SHAP value distribution, indicating a relatively larger influence on model predictions, while 

features such as category, hour, dob, and last also contribute to the model output. The color scale represents feature 

values from low to high, and the SHAP values indicate the direction and magnitude of each feature’s contribution 

Table III Intelligent Fraud Detection and Comparison of  Identification in Financial Transactions Models   

Model Accuracy Precision Recall F1 Score Balanced 

Accuracy 

MCC Kappa Error 

XGBoost 0.9921 0.4087 0.7083 0.5183 0.8511 0.5345 0.5146 0.0079 

HistGradientBoosting 0.9931 0.4583 0.8250 0.5893 0.9096 0.6120 0.5861 0.0069 

LightGBM 0.9933 0.4670 0.8250 0.5964 0.9097 0.6178 0.5933 0.0067 

Hybrid Model 0.9949 0.5523 0.7917 0.6507 0.8939 0.6589 0.6482 0.0051 

 Table III presents the performance of the proposed fraud detection models across multiple evaluation metrics. 

XGBoost achieved 99.21% accuracy, while HistGradientBoosting and LightGBM achieved 99.31% and 99.33%, 

respectively. The Hybrid Model obtained the highest accuracy of 99.49% and the lowest error rate of 0.51%. It also 

achieved the highest precision (55.23%), F1-score (65.07%), MCC (0.6589), and Kappa (0.6482). LightGBM and 

HistGradientBoosting produced the highest recall of 82.50%, compared with 79.17% for the Hybrid Model. The 

findings demonstrate that the models perform differently when measured for accuracy, fraud detection, and overall 

classification. 

Table IV. Model Health Monitoring 

Metric Value 

Prediction Count 20000.000000 

Prediction Time 0.288300 

Average Latency 0.000014 

Fraud Predictions 212.000000 

Fraud Prediction Rate 0.010600 

The operational performance indicators of the developed fraud detection system are presented in Table IV. The 

monitoring recorded 20,000 predictions during the evaluation period, with a total prediction processing time of 0.2883 

seconds. The average prediction latency was 0.000014 seconds, indicating the time required to process an individual 

prediction. Among the evaluated transactions, 212 were classified as fraudulent, corresponding to a fraud prediction 

rate of 1.06%. Prediction volume, processing efficiency, response latency, and the percentage of transactions detected 

as possibly fraudulent during model operation are all provided via these monitoring measures. 

Table V. Data Drift Monitoring 

Feature 
KS 

Statistic 
P Value 

Drift 

Status 

amt 0.0651 0.0000 Drift 

category 0.0179 0.0001 Drift 

hour 0.0182 0.0000 Drift 

cc_num 0.0111 0.0356 Drift 

dob 0.0109 0.0427 Drift 

city_pop 0.0088 0.1631 Stable 

street 0.0073 0.3475 Stable 

first 0.0116 0.0245 Drift 

city 0.0155 0.0008 Drift 

    

last 0.0113 0.0306 Drift 
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lat 0.0089 0.1498 Stable 

state 0.0094 0.1146 Stable 

age 0.0106 0.0497 Drift 

zip 0.0114 0.0299 Drift 

merchant 0.0109 0.0429 Drift 

job 0.0086 0.1784 Stable 

merch_lat 0.0088 0.1633 Stable 

long 0.0093 0.1208 Stable 

merch_long 0.0103 0.0635 Stable 

trans_date_trans_time 0.0114 0.0283 Drift 

The results of the Kolmogorov–Smirnov (KS) test for monitoring changes in feature distributions are presented in 

Table V. The analysis identified drift in several features, including amt, category, hour, cc_num, dob, first, city, last, 

age, zip, merchant, and trans_date_trans_time, based on their reported KS statistics and p-values. In contrast, city_pop, 

street, lat, state, job, merch_lat, long, and merch_long were classified as stable. The results show that although certain 

attributes are mostly constant, the monitored data shows distributional variations across a number of transaction-related 

and demographic characteristics. This monitoring gives the fraud detection system a foundation for seeing any changes 

in the data it uses. 

Table VI. Intelligent Fraud Detection and MLOps Results 

Transaction 

Index 

Actual 

Status 

Detected 

Status 

Fraud 

Risk 

Score 

Model 

Confidence 

Risk 

Category 

Detection 

Decision 

Alert 

Priority 

MLOps 

Action 

1 

2 

3 

Legitimate Legitimate 0.0133 0.9867 Minimal 
Legitimate 

Pattern 
Normal No Action 

Legitimate Legitimate 0.0021 0.9979 Minimal 
Legitimate 

Pattern 
Normal No Action 

Legitimate Legitimate 0.0158 0.9842 Minimal 
Legitimate 

Pattern 
Normal No Action 

4 Legitimate Legitimate 0.0206 0.9794 Minimal 
Legitimate 

Pattern 
Normal No Action 

5 Legitimate Legitimate 0.0115 0.9885 Minimal 
Legitimate 

Pattern 
Normal No Action 

6 Legitimate Legitimate 0.0025 0.9975 Minimal 
Legitimate 

Pattern 
Normal No Action 

7 Legitimate Legitimate 0.0131 0.9869 Minimal 
Legitimate 

Pattern 
Normal No Action 

8 Legitimate Legitimate 0.0029 0.9971 Minimal 
Legitimate 

Pattern 
Normal No Action 

9 Legitimate Legitimate 0.0072 0.9928 Minimal 
Legitimate 

Pattern 
Normal No Action 

10 Legitimate Legitimate 0.0112 0.9888 Minimal 
Legitimate 

Pattern 
Normal No Action 

11 Fraud Fraud 0.7466 0.7466 Suspicious 

Potential 

Fraud 

Detected 

High 
Verification 

Required 
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 The transaction-level fraud detection and MLOps results are summarized in Table VI. Transactions 1–10 were 

correctly classified as legitimate, with low fraud risk scores ranging from 0.0021 to 0.0206 and high model confidence, 

resulting in a minimal risk category, normal alert priority, and no further action. In contrast, transaction 11 was 

correctly identified as fraud with a risk score of 0.7466 and model confidence of 0.7466. It was categorized as 97.2% 

suspicious, marked as “Potential Fraud Detected,” assigned high alert priority, and triggered a “Verification Required” 

action. These outcomes show how operational choices are based on risk assessment using model projections.  

Table VII .Comparative Analysis Of Proposed And Existing Models Of Credit Card Transactions Fraud Detection 

Dataset 

Model Accuracy Precision Recall F1 Score 

KNN[31] 0.951 0.955 0.951 0.951 

LSTM[32] 0.9672 0.9885 - 0.9191 

LogR[33] 97.2 97 - - 

NB[34] 97.78 04.19 84.69 07.97 

Decision Trees[35] 98.9 99.2 99.1 99.1 

XGBoost Proposed 0.9921 0.4087 0.7083 0.5183 

HistGradientBoosting Proposed 0.9931 0.4583 0.8250 0.5893 

LightGBM Proposed 0.9933 0.4670 0.8250 0.5964 

Hybrid Model Proposed 0.9949 0.5523 0.7917 0.6507 

The experimental results shown in Table VII that the proposed models achieve high overall accuracy on the credit card 

fraud detection dataset. Among the proposed approaches, the Hybrid Model records the highest accuracy of 99.49%, 

followed by LightGBM (99.33%), HistGradientBoosting (99.31%), and XGBoost (99.21%). The proposed models also 

provide precision, recall, and F1-score values, allowing their fraud-detection performance to be examined beyond 

accuracy. The Hybrid Model obtains a precision of 55.23% and an F1-score of 65.07%, while LightGBM achieves a 

recall of 82.50% and an F1-score of 59.64%. Existing models report varying results, with Decision Trees showing 

98.9% accuracy and 99.1% F1-score. The findings show that the suggested techniques perform comparably across all 

of the measures that were used for assessment. 

 

V. CONCLUSION & FUTURE WORK 

As the number and complexity of online financial transactions continue to rise, fraud detection has emerged as a critical 

study field. This research integrated data preprocessing, class-imbalance management, feature selection, ML models, 

model interpretation, and operational monitoring to provide a scalable MLOps-based system for intelligent fraud 

detection and identification. The proposed framework was evaluated using 100,000 transactions sampled from the 

Credit Card Transactions Fraud Detection Dataset. The class imbalance was addressed using SMOTE, and 20 relevant 

features were selected using Random Forest feature significance. Among the evaluated models, the Hybrid Stacking 

Model achieved an accuracy of 99.49%, precision of 55.23%, F1-score of 65.07%, MCC of 0.6589, and Kappa of 

0.6482, with a classification error of 0.51%. LightGBM and HistGradientBoosting achieved a recall of 82.50%, while 

LightGBM obtained an ROC-AUC of 0.982. The SHAP analysis shed light on the major features' contributions, and the 

MLOps monitoring findings showed that for 20,000 test transactions, the average prediction latency was 0.000014 

seconds. Distribution shifts in many characteristics were also detected via data-drift monitoring. 

However, the research was reviewed based on a single publicly accessible historical dataset. Future research will look 

at numerous real-world datasets, constantly updated transaction streams, online learning, automated retraining, deep 

learning, and graph-based algorithms to better adaptability to changing fraud trends and large-scale financial settings. 
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