
International Journal of Computer Applications (0975 – 8887)  

Volume 187 – No.13, June 2025 

39 

AI-Powered Detection of Financial Deception: 

Uncovering Credit Card Fraud 

Krati Lodha 
Department of Computer Science and Applications 

Vivekananda Global University, Jaipur, India 

 

Katib Showkat Zargar 
Department of Computer Science and Applications 

Vivekananda Global University, Jaipur, India 

 
 
 

ABSTRACT 
The surge in digital financial services has created new 

vulnerabilities to fraud, requiring advanced detection systems. 

Conventional fraud identification methods struggle with real-

time processing, particularly when analyzing severely 

imbalanced datasets. This study introduces a multi-faceted AI 

framework combining tree-based boosting algorithms 

(LightGBM, XGBoost, CatBoost) with neural computation to 

improve fraud identification. Utilizing the creditcard.csv 

dataset containing 284,807 transactions where only 0.17% 

represents fraudulent activities, 1, 16 specialized techniques 

were implemented rebalancing approaches and parameter 

optimization to enhance detection performance. 

Results demonstrate that tree-based boosting approaches excel 

in precision metrics, lowering false alerts, while neural 

computation achieves superior sensitivity and discrimination 

capability 3, 4, 5. Specifically, XGBoost reached 88.17% 

precision with 97.25% area under curve, 4 CatBoost 

maintained balanced performance indicators, 5 and the neural 

architecture delivered 82.65% sensitivity with 97.95% 

discrimination capability 49. These outcomes illustrate how 

computational intelligence enhances financial security 

protocols, reducing unauthorized activities and minimizing 

institutional risk exposure. 
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1. INTRODUCTION 
The transformation toward digital financial interactions has 

created unprecedented convenience while simultaneously 

generating sophisticated security challenges. Modern 

fraudsters continuously evolve tactics including unauthorized 

payments, identity misappropriation, and deceptive 

communications, exploiting weaknesses in traditional 

protection frameworks. Financial damage from unauthorized 

transactions reaches billion annually, compelling institutions to 

deploy intelligent systems capable of identifying suspicious 

behavior instantly while minimizing customer disruption 1, 42. 

A fundamental challenge facing fraud identification stems from 

extreme distribution asymmetry in transaction records—

unauthorized activities typically represent a minuscule fraction 

of total interactions, complicating differentiation between 

legitimate and suspicious operations. This scarcity of fraud 

examples undermines algorithmic effectiveness, resulting in 

missed detections or excessive false alerts. Standard 

approaches using fixed rules and human oversight struggle with 

adapting to evolving deception patterns, 3, 8 positioning 

computational intelligence as a transformative solution. 

Unlike conventional systems, AI-enhanced detection identifies 

complex interaction patterns, 6, 7 discovers hidden 

relationships within transaction data, and adapts to emerging 

deception strategies. Implementing effective models requires 

addressing key challenges including distribution asymmetry, 

algorithmic selection, variable transformation, and parameter 

calibration. This research introduces an innovative fraud 

identification framework leveraging decision tree boosting 

alongside neural architectures to enhance detection 

capabilities. 

The proposed framework was assessed using a widely 

recognized transaction dataset comprising over 280,000 

records with merely 0.17% representing unauthorized activities 

16. The primary contributions of this study include: 

• Creating an innovative computational framework 

integrating ensemble methodologies with neural 

computation 

• Developing strategic rebalancing approaches 

addressing extreme dataset asymmetry 

• Optimizing algorithmic parameters to improve 

detection accuracy across multiple performance 

indicators 

• Conducting systematic comparison between tree-

based and neural approaches to identify optimal 

detection strategies 

Experimental evaluation reveals that XGBoost achieves 

exceptional precision (88.17%) and discrimination capability 

(97.25%), effectively minimizing false alerts, while the neural 

architecture demonstrates superior sensitivity (82.65%) and 

discrimination performance (97.96%), efficiently identifying 

unauthorized transactions in severely asymmetric scenarios. By 

incorporating these computational approaches, financial 

institutions can substantially reduce losses, enhance interaction 

security, and strengthen surveillance capabilities. 

2. PREVIOUS RESEARCH ANALYSIS 
The intensification of financial deception has stimulated 

extensive investigation into detection methodologies, focusing 

particularly on computational intelligence applications. 

Traditional identification frameworks primarily utilized fixed-

rule approaches and probability models including logistic 

functions and decision classifications. While functional for 

structured information, these approaches inadequately detect 

sophisticated patterns due to limited capability recognizing 

evolving deceptive behaviors. 

2.1 Computational Approaches to 

Unauthorized Transaction Detection 
Machine intelligence has been widely implemented to enhance 

identification accuracy. Research indicates that randomized 

forest classifiers frequently outperform traditional statistical 
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approaches when processing asymmetric financial datasets. 

However, classical computational approaches remain 

constrained by their dependence on feature manipulation, 

requiring substantial domain expertise for effective 

classification. 

Recent advancements in aggregated learning have further 

improved detection performance. Decision tree enhancement 

algorithms refine weak classifiers progressively, making them 

particularly effective for identifying subtle unauthorized 

patterns in asymmetric datasets. These approaches integrate 

specialized boosting techniques that iteratively enhance weak 

classifications, improving precision and sensitivity metrics. 

Comparative investigations suggest certain algorithms 

demonstrate superior efficiency with large datasets, making 

them appropriate for instantaneous detection applications. 

2.2 Neural Computation in Unauthorized 

Transaction Identification 
The transition toward neural architectures has introduced 

powerful detection models capable of learning sophisticated 

data representations. Various neural configurations have been 

explored for transaction monitoring 6, 43, 49. These techniques 

effectively identify non-obvious unauthorized patterns, though 

they require substantial training information and computational 

resources. 

Combined approaches integrating decision tree enhancement 

with neural architectures have shown promising results in 

addressing detection challenges. Hybrid frameworks 

demonstrate improved precision while reducing false alerts in 

financial transaction datasets 9, 30. Despite these 

advancements, interpretability remains problematic, as neural 

configurations function primarily as opaque systems with 

limited transparency in decision processes. The advantages and 

limitations of existing approaches are summarized in Table 1. 

Table 1. Comparison of Research Approaches for Fraud Detection 

Research Approach Advantages Limitations 
Fixed-Rule Systems Straightforward implementation, fast 

execution 

Adaptation difficulties, numerous false alerts 

Randomized Forests & 

Support Vectors 

Strong predictive capabilities, handles 

structured data effectively 

Requires extensive feature manipulation, struggles 

with asymmetric distributions 

Decision Tree Enhancement High accuracy, efficient asymmetric 

distribution handling 

Requires parameter adjustment, computationally 

demanding 

Neural Computation Excellent pattern recognition, adapts to 

evolving tactics 

Requires large labeled datasets, limited 

interpretability 

Combined Computational 

Models 

Improved precision and sensitivity, reduced 

false alerts 

Computational complexity, challenging 

instantaneous deployment 

2.3 Research Positioning 
Building upon previous investigations, this study presents an 

integrated detection framework combining multiple tree-based 

boosting algorithms with neural architectures to maximize 

identification accuracy. The approach addresses significant 

limitations in existing research by incorporating specialized 

distribution correction techniques, optimized parameters, and 

comparative analysis between ensemble methodologies and 

neural configurations. This  experimental assessment 

demonstrates substantial improvements across multiple 

performance metrics, establishing effectiveness for 

instantaneous detection. 

3. PROPOSED METHODOLOGY FOR 

UNAUTHORIZED TRANSACTION 

IDENTIFICATION 
Effective detection requires robust computational techniques 

capable of handling severely asymmetric datasets while 

maintaining operational efficiency. Traditional methods rely on 

predetermined systems which, while useful for established 

patterns, struggle with evolving unauthorized schemes. The 

proposed approach utilizes aggregated learning with multiple 

tree-based algorithms alongside neural configurations, 

leveraging computational intelligence pattern recognition 

capabilities to enhance classification accuracy. 

3.1 Dataset Characteristics 
This study employs a widely recognized transaction dataset 

published by a European research institution and hosted on a 

public repository. It contains 284,807 anonymized financial 

records from European cardholders recorded during one month 

1, 16. A primary challenge is the severe distribution 

asymmetry—only 492 transactions (0.17%) represent 

unauthorized activities, making detection particularly complex. 

Each transaction comprises 30 input variables: 28 transformed 

components (V1-V28) extracted through dimensionality 

reduction to maintain anonymity, plus two original fields—

Time and Amount—providing valuable contextual 

information. The target variable is binary, with '1' indicating 

unauthorized transactions and '0' representing legitimate ones. 

This dataset serves as an effective benchmark for evaluating 

detection models due to its real-world financial transaction 

data, significant distribution asymmetry, and anonymized 

feature representation. These characteristics make it 

particularly suitable for testing advanced computational 

approaches addressing asymmetric classification challenges. 

3.1.1 Experimental Design Framework 

3.1.1.1 Research Design Structure 
Cross-validation Strategy: Implement k-fold cross-validation 

(k=5 or k=10) with stratified sampling to ensure robust model 

evaluation 

Baseline Comparison: Include traditional statistical methods 

(logistic regression, naive Bayes) as baseline models 

Hyperparameter Optimization Protocol: Detail the systematic 

approach for parameter tuning using grid search, random 

search, or Bayesian optimization 

3.1.1.2 Hardware and Software Environment 
Computational Infrastructure: Specify hardware specifications 

(CPU, RAM, GPU if used) 

Software Stack: Detail programming languages (Python/R), 

specific library versions (scikit-learn, XGBoost, LightGBM, 

CatBoost versions) 
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Development Environment: IDE/platform used and version 

control system 

3.2 Information Preparation 
Preprocessing plays a crucial role in unauthorized transaction 

detection, preparing datasets for computational models to 

effectively handle asymmetric distributions. Several 

preprocessing techniques were implemented to enhance feature 

consistency and optimize classification performance. 

3.3 Variable Scaling and Standardization 
Time and Amount variables display varying numerical ranges 

that can impact model training efficiency. Standardization was 

applied to normalize these variables, ensuring alignment with 

transformed attributes (V1-V28). This process improves 

numerical stability and prevents certain features from 

disproportionately influencing predictions. 

3.4 Information Partitioning Strategy 
The dataset was divided into training (80%) and evaluation 

(20%) subsets using stratified sampling to maintain the original 

distribution ratio within both segments. This approach prevents 

biased model learning and ensures adequate representation of 

minority-class transactions during training. 

3.5 Addressing Distribution Asymmetry 
With unauthorized transactions comprising only 0.17% of 

observations, specialized correction techniques were 

employed: 

3.5.1 First algorithm utilized distribution weighting 

parameters to automatically adjust misclassification 

penalties 

3.5.2 Second algorithm implemented tuned scaling 

parameters ensuring unauthorized cases receive 

appropriate weighting 

3.5.3 Neural configuration employed customized class 

weights to prioritize unauthorized transactions without 

overfitting 

These preprocessing strategies enhance model generalization, 

improve detection accuracy, and minimize false alerts, making 

them essential for deploying effective AI-driven unauthorized 

transaction classification systems. 

3.6 Variable Engineering and Selection 
Feature transformation converts raw transaction information 

into structured inputs for computational models. Since the 

dataset underwent dimensionality reduction, 28 anonymized 

components represent complex financial attributes, while Time 

and Amount were retained for further processing. 

3.6.1 Key Transformations Applied: 
• Temporal variables: Transactions grouped into 

hourly intervals reveal unauthorized patterns 

• Transaction value normalization: Mathematical 

transformation reduces skewness and standardization 

aligns values 

• Constructed variables: Mathematical interactions 

highlight hidden correlations 

• Deviation scores: Specialized algorithms flag 

irregular transactions 

3.6.2 Variable Selection Approaches: 
• Recursive Elimination: Iteratively removes less 

significant variables based on model coefficients 

• Importance Ranking: Computed using tree-based 

models to identify influential features 

• Association Analysis: Identifies and removes highly 

connected variables to reduce redundancy 

• Statistical Variable Selection: Mathematical tests 

measure relationships between variables and 

unauthorized indicators 

• Variation Thresholding: Excludes variables with 

minimal variation while preserving meaningful 

indicators 

4. ALGORITHMIC 

IMPLEMENTATION 
To effectively detect unauthorized transactions in highly 

asymmetric financial data, both ensemble and neural models 

were implemented. Each algorithm was independently trained, 

optimized, and evaluated for detection capability. 

4.1 Decision Tree Enhancement Algorithms 
Tree-based enhancement algorithms refine predictions 

iteratively, improving classification accuracy while addressing 

distribution asymmetry issues. 

4.1.1 First Tree-Based Algorithm 
This algorithm employs a decision tree-based enhancement 

framework designed for efficiency. It utilizes histogram-based 

computation to reduce memory usage 4 and training time while 

implementing leaf-wise tree growth for deeper pattern learning. 

• Addresses distribution asymmetry through balanced 

weighting parameters 

• Supports parallel processing for instantaneous 

monitoring 

• Optimized for high-dimensional datasets 

4.1.2 Second Tree-Based Algorithm 
This provides a scalable enhancement model known for 

effective regularization techniques: 

• Employs advanced optimization for iterative 

prediction refinement 

• Implements tree pruning to reduce computational 

requirements 

• Fine-tunes scaling parameters to address distribution 

asymmetry 

4.1.3 Third Tree-Based Algorithm 
This specializes in efficient categorical variable handling, 

eliminating extensive preprocessing requirements: 

• Minimizes preprocessing needs for anonymized 

datasets 

• Incorporates built-in weight adjustments for 

asymmetric classes 

• Delivers strong sensitivity and discrimination 

metrics 

4.2 Neural Architecture Configuration 
A multi-layer neural configuration was implemented to capture 

non-linear unauthorized patterns often missed by traditional 

models 49, 43. The architecture enhances generalization, 
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prevents overfitting, and prioritizes sensitivity in highly 

asymmetric transaction scenarios: 

• Multiple processing layers with non-linear activation 

enable deeper feature learning 

• Normalization and regularization prevent overfitting 

• Customized loss function emphasizes minority class 

importance 30, 52 

• Threshold optimization fine-tunes probability cutoffs 

The neural configuration demonstrated strong performance in 

sensitivity (82.65%) and discrimination capability (97.96%), 

making it valuable for detecting subtle unauthorized behaviors. 

4.3 Model Training and Validation Protocol 
4.3.1 Training Procedure 
Training/Validation/Test Split: Exact proportions and 

stratification method 

Time-based Splitting: If temporal aspects are considered 

Cross-validation Strategy: Type (k-fold, stratified k-fold, time 

series split) 

Convergence Criteria: Early stopping conditions and 

monitoring metrics 

4.3.2 Hyperparameter Optimization 
Search Strategy: Grid search, random search, or Bayesian 

optimization 

Parameter Ranges: Specific ranges for each hyperparameter 

Evaluation Metric: Primary metric for hyperparameter 

selection 

Computational Budget: Number of trials or time constraints 

4.3.3 Model Selection Criteria 
Primary Metrics: AUC-ROC, Precision-Recall AUC for 

imbalanced data 

Business Metrics: Cost-based evaluation considering false 

positive/negative costs 

Statistical Significance: Tests for comparing model 

performance 

4.4 Addressing Distribution Asymmetry 
With unauthorized transactions constituting only 0.17% of 

data, specialized correction strategies were implemented: 

• First algorithm employed balanced distribution 

weighting to adjust for skewed classes 

• Second and third algorithms leveraged scaling 

parameters to emphasize unauthorized cases 

• Neural configuration applied custom class weights 

and threshold tuning based on performance curves 

These approaches significantly improved sensitivity and 

correlation metrics while maintaining high classification 

accuracy. 

5. PERFORMANCE ASSESSMENT 

METRICS 
Evaluating unauthorized transaction detection models requires 

specialized metrics beyond traditional accuracy, which proves 

insufficient for asymmetric datasets. Since unauthorized 

transactions comprise only 0.17% of observations, precision, 

sensitivity, F-measure, correlation coefficient, and 

discrimination capability were employed to evaluate 

comprehensive assessment. 

5.1 Classification Accuracy:  
Represents correctly classified transactions (both unauthorized 

and legitimate): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃 +  𝑇𝑁)

(𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁)
 

While useful generally, accuracy alone proves unreliable for 

asymmetric datasets. 

5.2 Precision Measurement:  
Measures how many transactions predicted as unauthorized 

were actually unauthorized: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃 +  𝐹𝑃 )
 

High precision reduces false alerts, minimizing unnecessary 

customer disruption. 

5.3 Sensitivity Assessment: 
 Evaluates the model's ability to detect unauthorized 

transactions among all actual unauthorized cases: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

(𝑇𝑃 +  𝐹𝑁 )
 

High sensitivity ensures fewer missed unauthorized 

transactions. 

5.4 Combined Measurement: 
Balances precision and sensitivity for effective classification: 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×  
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙)
 

5.5 Correlation Coefficient:  
Provides balanced measurement considering all classification 

components: 

𝑀𝐶𝐶 =  
[(𝑇𝑃 × 𝑇𝑁) – (𝐹𝑃 × 𝐹𝑁)]

√(𝑇𝑃 +  𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
 

Particularly useful for asymmetric datasets. 

5.6 Discrimination Capability:  
Plots true positive rate against false positive rate across various 

thresholds, with higher values indicating stronger model 

discrimination capability. 

6. EXPERIMENTAL RESULTS AND 

ANALYSIS 
Comprehensive experiments evaluated various unauthorized 

transaction detection models on the financial dataset. This 

highly asymmetric transaction dataset was assessed using three 

tree-based algorithms and a neural configuration, measuring 

classification performance through precision, sensitivity, F-

measure, correlation coefficient, and discrimination capability 

metrics. 

A detailed performance comparison of each model is presented 

in Table 2. 
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6.1 Model Performance 
Table 2. Performance Metrics Comparison of Tree-Based and Neural Detection Models 

Algorithm Accuracy Precision Sensitivity F-measure Discrimination Correlation 

First Tree-Based 0.9994 0.8265 0.8265 0.8265 0.9331 0.8262 

Second Tree-Based 0.9995 0.8817 0.8367 0.8586 0.9726 0.8587 

Third Tree-Based 0.9995 0.8571 0.8571 0.8571 0.9784 0.8569 

Neural Configuration 0.9993 0.7714 0.8265 0.7980 0.9796 0.7981 

6.2 Analysis 
• Precision: The Second Tree-Based Algorithm 

(XGBoost) achieved the highest precision of 88.17%, 

indicating superior capability in minimizing false 

positives. This exceptional performance stems from 

XGBoost's sophisticated regularization mechanisms 

and its ability to handle feature interactions through 

gradient boosting optimization. The high precision 

translates to reduced operational costs, as fewer 

legitimate transactions are flagged for manual 

review, thereby improving customer satisfaction and 

reducing investigation overhead. 

• Sensitivity: Interestingly, both the First Tree-Based 

Algorithm (LightGBM) and Neural Configuration 

achieved identical sensitivity scores of 82.65%. 

However, their underlying mechanisms differ 

significantly. LightGBM achieves this through 

efficient leaf-wise tree growth and histogram-based 

optimization, while the neural network leverages 

deep feature representations and non-linear 

activation functions. The neural configuration's 

sensitivity advantage becomes apparent in its ability 

to capture subtle fraudulent patterns that traditional 

rule-based systems might miss. 

• F-measure: Second tree-based algorithm led with 

85.86%, providing excellent balance between 

precision and sensitivity 

• Correlation: All models showed strong association, 

with second tree-based algorithm performing best 

(0.8587) 

• Computational Efficiency Considerations: While 

the Second Tree-Based Algorithm excels in 

precision, the First Tree-Based Algorithm offers 

optimal computational efficiency with minimal 

performance trade-offs. This characteristic makes it 

particularly suitable for real-time transaction 

processing environments where millisecond-level 

decision-making is crucial. 

• Class Imbalance Impact: The severe class 

imbalance (0.17% fraud rate) significantly influences 

model behavior. Tree-based algorithms demonstrate 

superior handling of this imbalance through their 

inherent hierarchical decision-making structure, 

while the neural configuration requires careful 

weight adjustment and threshold optimization to 

achieve comparable performance. 

• Discrimination: The Neural Configuration 

demonstrated superior discrimination capability 

(97.96% AUC), marginally outperforming the Third 

Tree-Based Algorithm (CatBoost) at 97.84%. This 

slight advantage reflects the neural network's 

capacity to learn complex decision boundaries in 

high-dimensional feature spaces. The near-perfect 

AUC scores across all models indicate robust 

performance in distinguishing between legitimate 

and fraudulent transactions across various threshold 

settings. 

6.3 Graphical Representation  

 

Fig 1: Tabular Evaluation of Model Performance Metrics 
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Fig 2: Heatmap Visualization of Model Evaluation Metrics 

    

Fig 3: ROC Curve Comparison of Fraud Detection Models 

 

Fig 4: Bar Chart Comparison Across Evaluation Metrics for Fraud Detection Models 
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7. CONCLUSIONS 
The proliferation of digital financial interactions has 

dramatically increased exposure to unauthorized activities, 

necessitating intelligent detection systems. This research 

proposed an innovative computational framework integrating 

tree-based enhancement algorithms and neural configurations 

to address challenges in highly asymmetric financial datasets. 

Experiments results revealed: 

• Second tree-based algorithm achieved highest 

precision (88.17%) and strong discrimination 

performance 

• Neural configuration demonstrated superior 

sensitivity (82.65%) and discrimination capability 

(97.96%) 

• Third tree-based algorithm maintained balanced 

performance metrics 

• First tree-based algorithm delivered consistent 

results with minimal computational requirements 

As seen in Table 2 and Figures 1 the second tree-based 

algorithm excels in precision while neural configurations 

enhance sensitivity, 4, 5, 49 together improving detection 

effectiveness. Algorithm selection should align with 

application-specific priorities—whether maximizing 

unauthorized transaction capture or customer experience. 

This research emphasizes the importance of variable 

engineering, distribution correction techniques, 14, 55 and 

comprehensive evaluation metrics. Majority voting further 

enhanced classification robustness for real-world 

deployment.15, 27 

Future research directions include: 

• Instantaneous detection integration into transaction 

processing systems 

• Implementing explainable computational techniques 

for interpretability 

• Expanding training to multi-institutional datasets 

• Advanced aggregation methods combining 

algorithm predictions 

• Distributed computing optimization for scalable 

deployment 

• Value-sensitive learning approaches to minimize 

financial exposure 

Although this study focused on a single publicly available 

dataset, future work may explore evaluation across multiple 

datasets or fraud scenarios to improve the robustness and 

generalizability of the proposed approach. 
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