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Supplementary Table S1. Study-level evidence on general AI/ML methods
	Ref.
	General AI/ML Methods
	Dataset
	Key Findings / Results
	Limitations

	(Wang & Yu, 2025)
	Optimization (FSFOA), chi-square init., XGBoost, Improved Sparrow; Tent chaotic mapping, sine-cosine search
	Lending Club
	Hybrid model combining feature selection and ensemble learning to significantly improve personal credit risk prediction accuracy using high-dimensional data; Showed improved accuracy and efficiency.
	Relies heavily on structured data; does not incorporate multimodal data like text or images; lacks integration of macroeconomic and behavioral factors; potential risk of bias due to data-driven learning without fairness safeguards.

	(Li et al., 2025)
	Interval Type-2 Fuzzy Sets (IT2FS), Cumulative Prospect Theory (CPT), TODIM, Bayesian Best-Worst Method (BBWM), Game theory-based weight
	Real case from Ping an Bank (3 dairy supply chain enterprises)
	Enhanced ability to manage uncertain and nonlinear risk perceptions, accounts for DM psychological biases, improved weight objectivity and integration.
	Generalizability of T2FSs remains untested, and complexity of criteria might be underestimated; further fuzzy extensions and broad scenario validations needed.

	(Kouki et al., 2025)
	SA-GAN, DMLP, Blockchain, BGV encryption, Edge Computing
Deep Learning (DL) (SA-GAN, DMLP)
	German retail credit dataset
	The hybrid model achieved 97.8% accuracy, outperforming existing methods. SA-GAN addresses class imbalance, and DMLP enhances prediction accuracy. Blockchain ensures data privacy and reliability.
	Lack of interpretability of deep learning models, limited dataset validation, scalability issues with blockchain and edge computing, potential vulnerabilities in encryption and smart contracts.

	(Matyakubov et al., 2025)
	IDSSFFD-PNBM, Bonferroni Mean, Grasshopper Optimization Algorithm (GOA), Firefly Optimization Algorithm (FFOA)
	Benchmark financial fraud dataset (specific name not provided)
	Achieved superior performance (Accuracy (98.33%)) compared to recent methods in detecting financial fraud using PNBM with optimization-enhanced feature selection and hyperparameter tuning
	Limited discussion on scalability to large real-world datasets; dependency on benchmark datasets without testing on diverse or evolving fraud patterns; computational complexity of optimization may limit real-time applications

	(Al Lawati et al., 2025)
	Integrated preprocessing, drift detection, adaptive windowing
	Payment system fraud detection data
	Proposed an integrated fraud detection pipeline combining preprocessing with adaptive drift detection to improve model responsiveness under evolving payment behaviour.
	Demonstrates that concept drift and changing fraud patterns materially affect model reliability; highlights the need for adaptive monitoring rather than static model deployment.

	(Karami & Igbokwe, 2025)
	Big data characteristics analysis for credit risk assessment
	Credit risk datasets with emphasis on data volume, velocity, variety, and veracity
	Shows that data characteristics materially shape model effectiveness in credit risk assessment and argues that scalable modelling must consider data quality and architecture jointly.
	Highlights that large-scale credit risk modelling is not only a modelling problem but also a data engineering problem; supports the role of data infrastructure in reliable risk prediction.

	(Gupta et al., 2024)
	Bio-Inspired Learning (Artificial Immune System - AIS)
	General transactional data implied
	AIS achieved 98.1% accuracy, 96.82% detection rate, & 0.7% false positive rate, outperforming traditional ML; shows strong potential for enhancing security of online financial transactions
	AIS-based models, despite high accuracy, lack explainability, limiting trust and deployment in cybersecurity. Issues with dataset bias, scalability, and the absence of unified validation.

	(Sulaiman et al., 2024)
	AutoEncoder (AE), CNN, LSTM with Hyperparameter Tuning (Random Search, Bayesian Optimization)
	European Credit Card Fraud Dataset (284,807 transactions, 492 fraud cases)
	LSTM with SMOTE sampling achieved the best performance (99.2% accuracy, 93.3% detection rate, 96.3% AUC); Bayesian optimization outperformed random search; sampling improved detection
	No explainability methods applied; limited focus on interpretability; challenge in improving detection rate further; overfitting risk with heavy oversampling

	(Samant et al., 2024)
	Random Forest, Decision Tree Classifier, Logistic Regression (SMOTE for data balancing)
	Credit Card Transactions (European cardholders, September 2013, ULB group)
	Random Forest performed best with 99% accuracy after SMOTE; Precision (91%), Recall (81%), F1 Score (82%); SMOTE improved predictive power significantly
	No evaluation of model explainability; dataset has confidentiality-related feature limitations; no external validation on different datasets; focus only on credit card fraud

	(Devaguptam et al., 2024)
	LR, DT, Gaussian Naive Bayes (GNB), Random Forest, SVM; Ensemble Models: AdaBoost, Gradient boosting, XGBoost
	Healthcare Provider Fraud Detection
Prudential Life Insurance
US Health Insurance
	Random Forest achieved 94.67% accuracy in fraud detection; XGBoost achieved 54.34% accuracy in risk classification; premium prediction achieved an R² score of 0.83; ensemble models generally outperformed single models.
	Risk prediction accuracy is relatively low (~ 54%), and small premium prediction dataset limits performance. May need tuning models for adjacent class confusion and synthetic data generation; security/privacy concerns noted for centralized data collection.

	(Li et al., 2024)
	Federated Learning with Dynamic Receptive Field Adjustment and Multi-Branch Attention
	600,000 financial loan records (42 variables) from a credit platform
	The SKF + Multi method significantly reduces communication rounds (up to ~ 80%) while achieving higher accuracy and generalization; Multi-fusion strategies enhance precision, F1 score, compared to baseline FL methods like FedAvg, SEF
	Added computational complexity from multi-branch attention; Performance slightly degrades with higher client heterogeneity; Scalability may need further validation in extremely large FL deployments

	(Lara-Rubio et al., 2024)
	Logistic Regression, multilayer perceptron (MLP) Artificial Neural Networks (ANN)
	Loans from a Spanish bank to 785 persons with disabilities (PWD) and 1565 persons without disabilities
	Loan purpose, liquidity, leverage, GDP growth, and risk premium significantly affect default risk; PWD show lower default rates than persons without disabilities; ANN improve predictive accuracy; No objective reason for banks to discriminate against PWD
	Dataset lacked variables such as education, ethnicity, and detailed employment status; limited generalizability without these factors

	(Boulieris et al., 2024)
	Machine Learning (RF, SVM, LR, kNN) and Deep Learning (CNN, LSTM, TCN) / NLP-based fraud detection
	FraudNLP (new publicly available dataset for online banking fraud detection)
	NLP-based features significantly improve fraud detection compared to traditional RFM-based features; SVM with TF-IDF features achieves best overall performance; Deep learning models did not outperform classical ML; varying imbalance (VIC) analysis improves realism of evaluation.
	Neural network models (CNN, LSTM, TCN) underperform compared to classical ML; oversampling strategies for extreme imbalance ineffective; privacy considerations limited feature richness; no post-hoc explainability.

	(Mo et al., 2024)
	Combining R, SMOTE-ENN, Recursive Feature Elimination (RFE), Risk Scoring Calibration (RSC)
	Data from listed companies via CNRDS (1997–2021); Data from cash lending company (2018)
	(1) SMOTE-ENN-RFE-RF-RSC consistently outperforms traditional and hybrid models; (2) Corporate profitability indicators are primary drivers of credit risk, while long-term debt plays a minor role
	Limited to binary classification; multiclass credit risk modeling not addressed; Sensitive, lagged datasets limit generalizability; Effectiveness on unlisted SMEs remains unverified

	(Berhane et al., 2024)
	Hybrid ML (CNN + Logistic Regression, CNN + Gradient Boosting Decision Tree, CNN + KNN
	Lending Club publicly available P2P loan data (188,846 loans)
	CNN-kNN hybrid model outperforms CNN-GBDT and CNN-LR accuracy, recall, F1-score. Important features improved accuracy to 97.60%. Hybrid models perform better than traditional standalone models.
	Error rate sensitive to k-value selection in k-NN. Dataset-specific tuning needed.No detailed explainability method applied. 

	(Btoush et al., 2024)
	Deep Learning (CNN, BiLSTM, Hybrid CNN-BiLSTM)
	Kaggle Credit Card Fraud Dataset (European transactions, 2013)
	CNN-BiLSTM model achieved 99.96% accuracy, 93.02% precision, 81.63% recall, 86.96% F1 score, AUC of 0.9728. Outperformed standalone CNN and BiLSTM, hybrid models like RNN-LSTM-Attention.
	Single dataset used; future work suggested on incorporating multiple datasets and exploring sampling techniques for extreme class imbalance. Limited focus on model explainability for practical adoption.

	(Mostafa et al., 2024)
	Random Forest, Gradient Boosting, Naive Bayes, k-NN, Decision Trees, Logistic Regression
	1: 284,807 records, 31 features; 2: 1,000,000 records 8 features
	Random Forest outperformed other models in terms of accuracy, precision, recall, and F1 score. The paper emphasizes its consistent performance across different datasets
	Does not incorporate XAI for interpretability, which could limit practical deployment

	(Himanshu, 2024)
	XGBoost, SVM, Random Forest, Decision Tree, Bagging; SMOTE
	Kaggle Credit Card Fraud Detection dataset
	XGBoost achieved highest accuracy (99%); Bagging yielded best F1-score (95%); different models excelled in different metrics (e.g., precision, recall)
	Used one publicly available dataset; limited to offline analysis; no real-time streaming or deployment; possible overfitting for synthetic sampling

	(Kamble et al., 2024)
	Quantum Neural Network (QNN), Hybrid Quantum-Classical Approach
	Real-world financial dataset (credit card fraud)
	Achieved 92% accuracy with improved precision for non-fraudulent transactions; Moderate precision for fraudulent transactions (0.65); class imbalance handling using SMOTE.
	Computational complexity, resource requirements for quantum circuits, scalability issues with large datasets

	(Jha et al., 2024)
	Apache Spark, KNN, XGBoost, Random Forest, SVM, Logistic Regression
	Kaggle Credit Card Fraud Detection dataset (284,807 transactions, 492 fraudulent)
	XGBoost outperformed other algorithms (93.21% accuracy, F1: 0.9994). Spark reduced training time (18 mins for XGBoost). RF & SVM showed good performance but required computational resources.
	The model's complexity, scalability with increasing data volume, and the need for continual updates to cope with evolving fraud patterns.

	(Matar et al., 2024)
	Naïve Bayes, Decision Tree, Logistic Regression, KNN, Neural Networks); SMOTE
	Kaggle Credit Card Fraud Detection dataset (21 attributes, ~ 1000 records)
	SMOTE significantly enhanced performance metrics (e.g., accuracy for NB and DT, precision for LR); showed model-specific improvements of fine-tuning SMOTE parameters
	Limited model variety beyond classical classifiers; lacks deep explanation methods or comparative analysis with other imbalance solutions (e.g., ADASYN, cost-sensitive learning)

	(Beri et al., 2024)
	ANN, XGBoost, Random Forest, CatBoost, LightGBM
	Publicly available credit card transaction dataset (Kaggle or UCI)
	ANN achieved highest accuracy (96.9%), XGBoost was top classifier (92.7%). LightGBM and CatBoost followed closely. Performance metrics (precision, recall, F1) and scalability were assessed.
	Dataset source not explicitly named; performance may vary with real-world class imbalance; ANN needs high computation; lacks external benchmarking

	(Wongpanti & Vittayakorn, 2024)
	CNN with Data Augmentation (SMOTE, CTGAN)
	Vehicle Insurance Claim (VIC) (15,420 records), Auto Insurance Claim (AIC) (1,000 records)
	CTGAN outperformed SMOTE on complex datasets (VIC); focal loss improved minority class detection; 10-layer CNN with CTGAN showed best results on AIC
	Overfitting persisted in VIC dataset; limited generalizability due to dataset specificity; No explainability techniques.

	(Iqbal et al., 2024)
	GANs, VAEs, Classification (GBM, Random Forest, Logistic Regression)
	Real-world transactional and behavioral data of retail banks, augmented with anonymized public datasets
	GBM achieved highest fraud detection (96.3%, AUC-ROC 97.2%); VAE was best at anomaly detection (93.5%); GANs produced realistic synthetic data (FID 12.5); Improves coverage of both known & emerging threats
	Limited model explainability for complex models (GBM, GANs); high computational cost for training GANs; vulnerability to adversarial attacks not fully addressed

	(Adesola et al., 2024)
	Autoencoder (AE), Deep Learning
	Kaggle credit card (COVID-era, scaled, 6M+ entries originally)
	Achieved 0.92 accuracy; AE effectively learns normal transactions and flags high reconstruction error as fraud
	Interpretability limitations; AE prone to high error on outliers

	(Yemmanuru et al., 2024)
	SVM, Logistic Regression, MLP, XGBoost, Random Forest, Decision Tree, KNN
	credit_customers.csv from OpenML (1000 samples, 21 features)
	SVM achieved highest accuracy (83.57%) after PCA; XGBoost performed best with SMOTE (accuracy: 83.3%, ROC AUC: 83.29%); SVM had best recall (93.55%) without PCA
	Lacks explainability discussion; Small dataset; Limited hyperparameter tuning

	(Rezaei et al., 2024)
	Tree-based models (LightGBM, XGBoost); Feature Engineering;
	Kaggle Credit Card Fraud Detection dataset Challenge 2019 (identity & transactions; >1M, ~ 430 features)
	Achieved high performance with AUC of 0.9498 using optimized LightGBM with feature engineering and ensemble averaging; temporal, frequency-encoded, and log-transformed features found to be critical
	Lack of interpretability; anonymized features limit understanding; does not explore explainable models

	(Qiu et al., 2024)
	Meta-heuristic Optimization + Decision Tree, Naive Bayes, BPNN; Ensemble Learning 
	ULB Credit Card Fraud Dataset (with PCA applied)
	IPSO shows superior F1 score & convergence speed compared to traditional PSO, FA, and EC; DT outperform BPNN and NB on imbalanced data; IPSO achieves 0.875 F1 score with 0.99961 accuracy
	Limited generalizability and stability of neural network on imbalanced datasets; reliance on PCA-processed data may affect real-world applicability; lack of interpretability

	(Zaman & Chamidy, 2024)
	Bibliometric Analysis (Quantitative Meta-analysis); analytical methods
	Scopus (2004–2024), 235 filtered articles
	ML in data mining (RF, SVM, KNN); DL for fraud detection (DNN, CNN, MLP); ML classifiers for imbalanced data. 2023 had the highest publication (66); India leads in publication volume
	Limited to Scopus database only; some recent influential papers may be underrepresented due to citation lag; does not assess model performance directly

	(Balasankula et al., 2024)
	Logistic Regression + Random Forest via Stacking
	Creditcard.csv (Kaggle), 284,807 records
	Hybrid model increased accuracy by 0.06, precision by 20.98%; reduced false positives and improved detection of fraudulent transactions
	Lacks explainability techniques; relies on a single dataset; no deployment or real-time testing

	(Aiemsuwan & Srikamdee, 2024)
	Resampling + Feature Selection + ML Models); LR, DT, RF, KNN, NB, XGBoost, SVM
	Auto Insurance Fraud (1000), Fraudulent Claim on Cars Physical Damage (17998), Car Insurance Fraud (15420)
	Random Forest with hybrid preprocessing consistently achieved highest F1-scores (up to 1.00); hybrid approach significantly improved results over baseline ML across all models and datasets
	No use of advanced explainability techniques (e.g., SHAP, LIME); poor performance of some models (e.g., LR, SVM) before resampling; real-world deployment considerations not discussed

	(Bharath & Priyadarsini, 2024)
	Deep Learning (ResNet50) vs. Traditional ML (Linear Regression)
	Kaggle open-source credit card transaction dataset
	ResNet50 achieved higher accuracy (95.12%) and lower loss (4.88%) compared to LR (85.04% accuracy, 14.96% loss); p-value of 0.00 indicates statistically significant difference.
	Does not account for aggregated or temporal consumer data; lacks explainability and real-time detection capabilities.

	(Yu et al., 2023)
	Hybrid: Process Mining + Support Vector Machine (SVM)
	event logs and synthetic/business-modeled data from e-commerce system assumed
	Multiperspective analysis enables dynamic fraud detection in complex e-commerce processes. Detects anomalies in real-time using features derived from event logs and process deviations. Enhanced classification through SVM on extracted anomalies.
	No public dataset used; real-time applicability may be limited by complexity and data preprocessing needs. Limited discussion of generalization across different fraud types beyond B2C.

	(Babu et al., 2024)
	Random Forest, XGBoost, CatBoost, LightGBM; Resampling (SMOTE, Random Oversampling)
	IEEE-CIS Fraud Detection (Kaggle)
	XGBoost achieved 99.09%, 0.71 precision, and 65.07% F1-score; CatBoost and LightGBM also performed strongly (F1 ≈ 0.65); ensemble methods outperformed single models; SMOTE and random oversampling significantly effective
	Lacks discussion of real-time detection, adversarial robustness, and model interpretability; potential overfitting with oversampling; explainability tools not used.

	(Salim et al., 2024)
	SVM, Random Forest Classifier (RFC), Extra Trees Classifier (ETC), Gradient Boosting Classifier (GBC)
	European cardholder transactions (284,807; 492 frauds); BankSim (594,643; 7,200)
	Achieved 99.95% accuracy (Kendall + RFC) on Dataset 1 and 99.58% accuracy (Kendall + GBC) on Dataset 2; Kendall outperformed other feature selection; RFC performed best on Dataset 1, GBC on Dataset 2
	Does not address deep class imbalance impact or real-time fraud detection; lacks advanced explainability techniques; potential overfitting with small fraud class.

	(Islam et al., 2024)
	Rule-Based Machine Learning, RF, DT, MLP, KNN, NB, LR
	PaySim and BankSim (from Kaggle)
	Outperformed classical ML models (RF, DT, MLP, KNN, NB, LR) with high metrics: AUC = 0.991 (PaySim), 0.973 (BankSim), MCC up to 0.995; demonstrated high precision (up to 0.99) and recall in detecting fraud in imbalanced datasets
	Rules may be dataset-specific; potential difficulty in generalizing across domains or detecting novel fraud patterns; depends on user-defined thresholds

	(Blancaflor et al., 2024)
	Logistic Regression, K-NN, Naïve Bayes, SVM, ANN
	Credit card transaction data from the Philippines
	ANN achieved up to 98.44% accuracy; k-NN and Naïve Bayes also performed well; traditional methods underperformed; ML has high potential for tailored fraud detection
	Lack of explainability discussion; relies on static offline datasets; limited mention of real-time deployment challenges

	(Yu et al., 2024)
	LightGBM, XGBoost, CatBoost; NN, LR, DT, TabNet, SVM, NGBoost; Dimension Reduction (PCA, t-SNE); SMOTEENN
	40,000 + user credit records from a commercial bank
	LightGBM with PCA and SMOTEENN achieved near-perfect scores (F1 = 0.9989, AUC = 0.9999); PCA drastically improved all models; SMOTEENN further pushed boundaries
	Overfitting likely on SMOTEENN-transformed data (near-perfect scores may not generalize); lacks external validation; no explainability beyond IV and TabNet attention

	(Thimonier et al., 2024)
	LightGBM, Anomaly Detection (ECOD, COPOD, Isolation Forest, KNN, GOAD, NeuTraL-AD, NPT-AD)
	Real-world online credit card payment data (480M from French bank, filtered to ~ 53M across two countries)
	LightGBM outperformed all AD methods across metrics (F1: 93.5%, for Country A, F1: 66.5 for Country B); ECOD showed 3.28% fraud cases detected uniquely that LightGBM missed, but LightGBM detected 20.41% unique fraud cases from ECOD's output. 
	Model explainability not discussed; AD methods underperformed; limited utility of ensembles shown; results may not generalize beyond studied dataset

	(Mora-Escobar & Galpin, 2024)
	RF, XGBoost, AdaBoost, Gradient Boosting, Logistic Regression, SVM, AdaBoost, MLP, Neural Networks
	1,385,097 records from a 12-year period
	RF showed the best performance with an accuracy of 97.39%, & 3.60% false negatives. XGBoost showed an 91.38%, with 6.37% false negatives. Gradient Boosting had an accuracy of 87.54%, with 5.89% false negatives. RF was the most consistent, with minimal overfitting
	Model performance was influenced by imbalanced data (7.8% fraud cases). Sampling methods like undersampling and oversampling had limited impact, with SMOTE showing better results.

	(Kurniawan, 2024)
	Supervised ML, Random Forest
	Gopaypinjam loan data (2023–2024), 1,848,797 records
	Random Forest achieved a recall score of 0.91. Most important factors for loan approval: repeat_user, mobile_likelihood, monthly_salary, industry, and year_of_service.
	Limited to data from a specific loan provider (Gopaypinjam). The study's performance is highly dependent on the dataset and feature extraction.

	(El-Enen et al., 2024)
	ABOD, CBLOF, SOD, Feature Bagging, HBOS, Isolation Forest, KNN, Average KNN, LOF, MCD, OCSVM, PCA, INNE, One-Class SVM (SGD)
	Real-world healthcare insurance claims from MENA; 1 (38,152 claims, 163,957 activity); 2 (152,463 claims, 846,657 activity)
	- Patient model achieved highest precision (79%). - All models performed above 70% in real-world validation. - Results aligned well with human expert evaluation. - Ensemble approach enhanced fraud detection reliability and robustness.
	Doctor and provider models had lower performance due to behavioral variance and dataset imbalance. - Limited number of providers (23) in training reduced generalizability.

	(Liu et al., 2024)
	Logistic Regression, Random Forest (Graph-Enhanced Modeling) 
	Bondora P2P lending dataset (231,039 borrowers, 112 features, 2009–2022)
	Integration of network centrality improved predictive performance; model with degree centrality achieved better AIC (13,149.57 vs. 13,174.06). Shuffled robustness checks and RF validation confirmed findings. Degree features improved true positive rate
	Limited to one P2P platform (Bondora); generalizability to other markets or platforms not empirically tested; stepwise logistic model may have feature selection biases

	(Yang et al., 2024)
	Federated Transfer Learning with Frozen Neural Network Layers, Neural Networks
	PPP loan dataset from Kaggle (661,218 records, 42,462 usable numerical entries)
	Freezing three network layers yields best results: highest accuracy (0.9165, 0.9164), fastest convergence (25 iterations), shortest training time (1732s, 1787s); federated models slightly underperform local models
	Model complexity and regularization term in loss function need further exploration; federated learning performance impacted by encryption and reduced data availability

	(Velicheti et al., 2023)
	LR, DT, RF, NB, XGBoost,MLP; Feature selection (Genetic Algorithm)
	Kaggle dataset of European cardholder transactions
	Random RF achieved 99.98% accuracy; Genetic Algorithm, DT reached 99.92%; undersampling shown to be effective; 10-fold cross-validation
	Lacks model explainability and real-world deployment; relies on pre-sanitized data which may not reflect evolving fraud patterns.

	(Tekkali & Natarajan, 2023)
	SMOTE + Metaheuristic Feature Selection (BinHHO, BAO, BGWO) + KNN, SVM 
	DTS1 (Payment data from Kaggle) and DTS2 (European Credit Card from UCI)
	BinHHO-KNN with Euclidean distance and K = 5 achieved 99.95% accuracy on DTS2; outperformed BAO and BGWO in convergence and performance; BinHHO also worked well with SVM
	Explainability not integrated; limited to traditional ML (KNN, SVM); not applied to deep learning models; BAO and BGWO showed slower convergence

	(Rao et al., 2023)
	XGBoost, RF, Optimization (PSO), LR, Data Balancing (Smote-Tomek), Feature Selection (Filter-Wrapper)
	Kaggle-1: 117,156 (93,315 non-defaulters, 23,841 defaulters); 2: 199,717 (164,289 non-defaulters, 35,428 defaulters)
	PSO-XGBoost achieves highest classification accuracy (83.11%), AUC (0.90), and outperforms XGBoost, Random Forest, and Logistic Regression in all evaluated metrics; validated on two datasets
	Only supports binary classification; real-world multi-level credit rating not addressed

	(Pandya, 2023)
	ANN, Ridge, Lasso, XGBoost 
	1300 + entries, features: charges, smoking, BMI, age, sex, region, children
	ANN outperforms other models with R² of 92.72 and RMSE of 0.27.
	Limited dataset size, restricted features; needs expansion and advanced ML techniques for better optimization.

	(Mengelkamp et al., 2023)
	KNN; Manual Sentiment Analysis 
	Twitter data for 10 major German insolvencies in 2020 and solvent counterparts
	Sentiment before insolvency was significantly more negative; UGC-based classification of insolvency vs. solvent companies achieved up to 70% accuracy using k-NN;
	Limited sample size (10 companies); German-only tweets; only one social media platform considered; lacks automated analysis validation

	(Rangineni & Marupaka, 2023)
	Logistic Regression, Decision Tree, Gradient Boosted Trees / Supervised Learning
	Real-world payment transaction dataset from a European bank
	Advanced data engineering significantly improved fraud detection accuracy and savings; GBTs achieved over 75% F1 and 81% fraud detection when anomaly-based features were added; over-sampling helped LR with MWMOTE), but hurt others (GBT)
	GBT may overfit when combined with over-sampled data; results depend on feature-engineering and sampling strategy synergy; dataset imbalance still poses challenges

	(Furlanetto et al., 2023)
	LR, RF, Gradient Boosting, Wrapper-based Feature Selection using Bio-inspired Optimization (Artificial Bee Colony)
	Credit Card Transactions Fraud Detection Dataset (Kaggle, synthetic)
	ABC-based feature selection improved Logistic Regression performance by ~ 10% (F1-score); slight drop in performance for ensemble models (GB, RF); confirmed utility of ABC in high-dimensional feature reduction
	ABC slightly underperformed ensemble classifiers without FS; computational complexity is high (NP-complete); lacks real-world dataset validation

	(Pathak & Singhal, 2023)
	LR, DT, RF, Neural Networks, KNN, XGBoost
	Kaggle Credit Card Fraud Detection dataset (284,807 records, 492 fraudulent)
	KNN achieved the highest accuracy and F1 score; Logistic Regression performed worst; Confusion matrix used for model evaluation
	No use of advanced explainability tools (e.g., SHAP, LIME); limited generalizability due to dataset imbalance; SVM and Naïve Bayes not explored

	(Achary & Shelke, 2023)
	Naïve Bayes, KNN, RF, XGBoost; Benford’s Law
	UCI Dataset with demographic and transaction features
	Naïve Bayes achieved the highest accuracy; XGBoost handled imbalance and overfitting well; People aged 19–25 found more likely to commit fraud
	No explicit XAI used; results are dependent on dataset quality and data confidentiality; limited discussion of real-world deployment

	(Mirhashemi et al., 2023)
	RF, DT, LR, Naïve Bayes, KNN, SVM
	German credit card fraud: 1000 entries with
20 categorical/ symbolic features (Prof. Hoffmann)
	RF outperformed DT and LR in accuracy, precision, and recall; DT better than LR due to its handling of non-linearity; effective preprocessing (feature selection) enhanced results. According to Benford's Law-based evaluation: LR achieved 89.34%, KNN 93.45%, SVM 94.89%, DT 96.81%, RF 97.50%, and Naïve Bayes 98.23%.
	Overfitting in decision tree with larger datasets; results specific to the dataset; lack of real-time evaluation

	(Eswar Prasad et al., 2023)
	ANN, DT, SVM; Deep Learning (ANN); SMOTE, PCA
	Credit card transaction (European cardholders, 2013, 284,807, 492 fraud)
	ANN outperformed other models with 98.69% accuracy, 98.41% precision, and 98.98% recall; comparative analysis highlights ANN's strength in minimizing false positives/negatives
	Results may not generalize well across datasets due to reliance on a single, anonymized dataset; does not test on unseen real-world data; limited exploration of real-time fraud detection

	(Dennis et al., 2023)
	Neural Networks and Decision Trees 
	Prior loan applicant data (age, gender, employment, debt, income, etc.); synthetic example
	Neural networks and decision trees effectively classify client creditworthiness using historical data; application can inform loan decisions and reduce delinquency risk
	Limited detail on dataset size and performance metrics; no benchmarking against other models or real-world deployment validation

	(Ding et al., 2023)
	Deep Generative Models, Improved VAEGAN, SMOTE, GAN, VAE; LR DT, RF, NN; MLP/DNN, XGBoost,
	Credit Card Fraud Detection Dataset from Kaggle (European cardholders, 2013)
	Improved VAEGAN outperforms SMOTE, VAE, and GAN in Precision (+ 0.0281), F1 (+ 0.021), and Recall (+ 0.0256) when used to augment minority class; most effective with XGBoost. GAN and SMOTE performance declined with large augmentation ratios.
	The method does not include explainability; oversampling effectiveness might vary for other domains or more complex feature spaces; AUC performance slightly inferior to SMOTE in some scenarios.

	(Bello et al., 2023)
	LR, DT, RF, SVM, ANN; Unsupervised (K-Means, PCA, Autoencoders); Semi-Supervised; CNN, RNN, LSTM, DBN; Bagging, Boosting, Stacking (Federated Learning)
	Not specified (mentions financial institutions and real-world case studies)
	ML significantly improves detection rates and reduces false positives; real-time monitoring and adaptive learning are key benefits; hybrid and explainable approaches are emerging as best practices
	Challenges include data privacy, model interpretability, class imbalance, infrastructure needs, resistance to adoption, and regulatory compliance

	(Strelcenia & Prakoonwit, 2023)
	K-CGAN; SMOTE, ADASYN, B-SMOTE; XGBoost, RF, KNN, MLP, LR
	Real-world credit card transaction
	Novel K-CGAN outperforms SMOTE, B-SMOTE, and ADASYN in terms of F1 score, Recall, Accuracy, and Precision across classifiers; Ensemble classifiers (XGBoost, RF) perform best
	Explainability not addressed; Results limited to one dataset; Lack of benchmarking against more recent deep learning models

	(Zalavadia & Ramani, 2023)
	RF + Honey Bee Algorithm + SMOTE; DT; Nature-Inspired Optimization, Ensemble Learning
	Kaggle credit card transaction dataset
284,807
transactions
	The hybrid model outperforms RF and DT in terms of accuracy, precision, recall; SMOTE effectively addresses data imbalance; Hybrid model reduces false negatives and false positives
	Does not fully prevent frauds before they occur; focuses on post-transaction detection. RF requires high computation time with large datasets. Lack of integrated explainability

	(Jigalur & Modi, 2022)
	Blockchain-based identity verification SHA256 hashing and email–phone–NIV
	Custom testbed at NIT Goa
	Accurately detects fraud clicks in real-time without ML training; preserves privacy via SHA256; reduces computation
	No comparison with ML models; centralized components limit decentralization benefits; lacks evaluation on large-scale datasets

	(Mohanta & Panigrahi, 2023)
	KNN, ANN, LDA; Ensemble Learning: AdaBoost, GBM, Bagging, Stacking; Feature Selection: SFS; SMOTE
	Real-world healthcare insurance fraud (Inpatient, Outpatient, Beneficiary)
	Stacking with SFS achieved highest accuracy (97.19%) and best overall performance compared to all other classifiers and existing baselines like CatBoost
	No deep interpretability methods used; No external or cross-domain datasets evaluated; lacks optimization techniques like PSO/DE which are suggested for future work

	(Paladini et al., 2023)
	MWU; Base ML models: Logistic Regression, SVM, Random Forest, Neural Network, XGBoost
	Real-world banking data from a medium-sized Italian bank (2014–2015); synthetic frauds 
	MWU outperforms static ensemble methods in dynamic fraud scenarios; achieves near-optimal performance with less than 5% loss difference from the best base model even under adaptive attacker strategies; adapts effectively to adversarial changes
	Does not provide model-level explainability; limited to a single bank’s data; real-time constraints and scalability not deeply discussed

	(Bwalya & Phiri, 2023)
	K-Means, Isolation Forest), Exploratory Data Analysis (EDA), t-SNE, uMAP, PCA
	Mobile banking transaction -Oracle DB, 310,362, 13 features
	Achieved 5% anomaly detection rate, identifying potentially fraudulent transactions. The K-means clustering grouped transactions into 5 clusters, & anomalies detected in clusters 0 & 2
	Limited to the Zambian context; results might differ in other regions. Future work could explore other anomaly detection techniques and a wider geographical scope

	(Asrori et al., 2022)
	Blockchain, eXtreme XGBoost, Permissioned Blockchain, Continual Learning, Batch and Stream Processing
	Credit dataset, 284,805 rows, 30 features, 0.0017 fraud proportion
	Blockchain-based XGBoost system maintains good prediction in decentralized, batch, and stream settings. Outperforms individual model training. Blockchain ensures data privacy & model security, with shared models but no raw data leakage
	Limitations in current implementation of XGBoost, focused on blockchain security and scalability. Future work to include neural network-based or other algorithms in blockchain

	(Murugan et al., 2021)
	CNN, StandardScaler, Stratified Sampling; One-Hot Encoding for categorical features
	Credit Card Fraud Detection - Kaggle (284,807 transactions, 492)
	Achieved high accuracy with less error compared to traditional methods using CNN on transaction features
	No discussion of explainability or interpretability; Limited to CNN and no comparison with other deep learning models

	(Unogwu & Filali, 2023)
	MLP, RF, Naïve Bayes (Probabilistic)
	Credit Card Fraud Detection - Kaggle
	MLP achieved highest accuracy (99.95%) & F1-score (0.9998); SMOTE improved performance; models performed well 
	Relies only on traditional ML methods; lacks deep exploration of interpretability; not tested on other datasets

	(Liu et al., 2023)
	Improved LightGBM + XGBoost), Gradient Boosting Trees
LR, RF, Extra Trees, ANN, XGBoost, LightGBM, CatBoost
	Lending Club dataset
	Recall rate improved by 24.43% and AUC by 6.71% compared to standalone XGBoost; accuracy slightly lower than XGBoost, LightGBM, and CatBoost, but better at identifying default customers
	Lower overall accuracy compared to some single models; lack of external dataset validation limits generalizability

	(Karthikeyan et al., 2023)
	Competitive Swarm Optimization (CSO), DCNN, CNN-KNN, Adaboost + LGBM
	Credit Card, Insurance, Mortgage Data Sets
	CSO-DCNN achieves 98.20%, 99.77%, 95.23% accuracy for Credit Card, Mortgage, and Insurance datasets, respectively; MAE and MSE also improved compared to DCNN.
	The model has higher accuracy compared to DCNN but may be sensitive to data characteristics and has no validation on highly imbalanced data

	(Yi et al., 2023)
	Hybrid ML with Meta-Heuristic Optimization (ESOA); SVM-FK, RUSBoost, BAS, GBRT, RF, Backward Logic
	AAER benchmark dataset from UCB’s CFRM (1979–2014)
	ESOA achieves 96.27% accuracy and 73.60% AUC, outperforming state-of-the-art methods (e.g., BAS, RUSBoost, SVM-FK). High optimization capability & computational efficiency on imbalanced data.
	Explainability of the model is not discussed. Results are based on synthetic balance, not real-world imbalance.

	(Fanai & Abbasimehr, 2023)
	Autoencoder + Supervised Deep Classifiers: DNN, RNN, CNN-RNN, SVM);
	European Cardholders Dataset, German Credit Dataset
	Autoencoder-based models (AE-DNN, AE-RNN, AE-CNN-RNN) outperformed original models and PCA-based models in all metrics (F1, AUC-ROC, AUC-PR); AE-CNN-RNN achieved the highest F1 score (0.8128); SVM performed poorly but improved with AE preprocessing
	Lacks interpretability/explainability mechanisms; relies on data representations without direct feature-level explanations

	(Darville et al., 2023)
	DT, RF, Resource-Aware Scenario Selection (RSS); Drift Mitigation, Statistical Testing (Q-Q Plot, Welch’s T-test)
	Public microgrid climate (ambient temperature, solar irradiance, wind speed)
	DMF reduces training data by ~ 96% while maintaining comparable predictive performance to periodic re-training; maintains statistical similarity to original data; reduces training time by factor of 6;
	Does not address feature interaction complexity (moderators/ confounders); tested only on microgrid case study; lacks explicit explainability components



Supplementary Table S2. Study-level evidence on graph-based learning methods
	Ref.
	Graph-based Methods
	Dataset
	Contribution
	Key Findings / Results

	(Zhu & Wu, 2025)
	Knowledge Graph + GNN (Graph Learning)
	Borrower dataset from P2P platforms (not publicly specified)
	Proposed KG-GNN, a model that integrates a knowledge graph capturing semantic and relational information with GNN for credit risk prediction; demonstrated over 20% improvement over stream model baselines.
	KG-GNN accurately predicts credit risk, effectively mines semantic and relational features, and outperforms traditional ML methods; it significantly improves P2P credit risk management.

	(Li et al., 2024)
	Efficient relation-aware heterogeneous graph neural network
	Fraud detection graph data with heterogeneous relations
	Proposed a relation-aware heterogeneous GNN to better model multi-type financial interactions in fraud detection.
	Improves fraud representation by explicitly modelling heterogeneous relations; shows the value of relation-specific graph aggregation.

	(Lou et al., 2025)
	Graph neural network with context encoding and adaptive aggregation
	Financial fraud graph data
	Developed a graph fraud detection model that integrates context encoding with adaptive aggregation to enhance neighbour representation.
	Shows that context-aware aggregation improves graph-based fraud discrimination and reduces noisy neighbour effects.

	(Tong et al., 2025)
	Adaptive metagraph neural network with metagraph search
	Financial fraud detection data
	Introduced adaptive metagraph search to identify informative higher-order relational patterns in graph fraud detection.
	Demonstrates that metagraph-guided representation can improve fraud detection beyond standard local aggregation.

	(Cui et al., 2025)
	FraudGNN-RL: GNN with reinforcement learning
	Financial fraud detection setting
	Integrated reinforcement learning with GNN to support adaptive fraud detection under evolving transaction behaviour.
	Highlights the potential of RL-guided graph modelling for more flexible and adaptive fraud detection systems.

	(Devi et al., 2025)
	RL-GNN fusion with context-aware community mining
	Real-time financial fraud detection setting
	Proposed a real-time fraud detection framework combining reinforcement learning, graph learning, and context-aware community mining.
	Strengthens the operational relevance of graph learning by addressing real-time adaptation and dynamic fraud patterns.

	(Farjana et al., 2024)
	Representation Learning (Autoencoders + GNN) / Deep Learning
	Real-world online transaction dataset (unspecified)
	Proposed a hybrid system using autoencoders and GNNs to learn complex and distributed patterns in transactional data for fraud detection
	Achieved state-of-the-art performance in detecting online transaction fraud; GNNs captured relational patterns, while autoencoders identified anomalies

	(Tian et al., 2023)
	GNN; Adaptive Sampling; Attention Mechanism
	PR01 (private), PR02 (private subset), TC (public - TC12/TC23/TC34), XF (public)
	Proposes ASA-GNN, a novel GNN that employs adaptive neighbour sampling using cosine similarity and edge weights, combined with attention mechanisms and diversity-aware aggregation to detect transaction fraud effectively.
	ASA-GNN significantly outperforms state-of-the-art models across three real-world datasets; its sampling and aggregation strategy improves robustness against fraudster camouflage and oversmoothing issues in GNNs.

	(Luo et al., 2024)
	Tree-based, RF, LR (RF), XGBoost, Graph-based, Supervised and Unsupervised, GNN, LightGBM, GCN, LSTM, TF-IDF, Word2Vec, TextCNN
	Multiple, including HoneyBadger honeypot dataset, DeFi transaction networks, and smart contract corpora
	Introduces a novel taxonomy of DeFi frauds based on project life cycle stages; systematically reviews and evaluates AI techniques suited to each stage
	Tree-based models perform best in early stages with limited data; graph-based models are more effective in maturity/decline stages; fraud evolves with the project lifecycle; proposes future research using transfer learning and LLMs

	(Cheng et al., 2024)
	Hybrid Model (GNN + CNN + LSTM + Reinforcement Learning)
	Yelp dataset (fraud detection subset)
	Proposes GNN-CL, a novel hybrid model that combines GNN, CNN, LSTM, and reinforcement learning to enhance fraud detection accuracy. Introduces neighbourhood noise purification using MLPs, core node weighting, and adaptive sampling.
	Outperformed baseline models (GCN, GAT, etc.) on Yelp dataset with an F1-score of 92.3%, precision of 91.6%, and recall of 93.0%; the reinforcement learning-based sampling and central node weighting significantly enhanced robustness and reduced false positives.

	(Bukhori & Munir, 2023)
	GraphSAGE, GCN, GAT vs. Random Forest, LightGBM, XGBoost / Graph-based Learning vs. Tree-based Learning
	Credit card transaction dataset with fraud labels; synthetic dataset structure explained.
	Introduces an inductive graph-based learning model for banking fraud detection using transaction graphs; compares performance with traditional tree-based classifiers
	Graph-based models (GraphSAGE, GCN, GAT) outperform tree-based models (AUC up to 0.974 vs. 0.863); GraphSAGE performed best among graph models; graph models suffer from longer inference times.

	(Somkunwar et al., 2023)
	Graph-based learning + XGBoost;
AntiBenford Subgraph Framework, Louvain's Algorithm
	24 million transactions, 30,000 fraud cases (0.1%) from the financial network
	Proposes a hybrid fraud detection system combining AntiBenford Subgraphs, Louvain’s Algorithm, and XGBoost for enhanced accuracy and reduced false positives
	Achieved 91.48% accuracy, 95.24% recall; outperformed standalone Louvain and XGBoost in fraud detection performance

	(Ojino & Ndolo, 2023)
	Graph Learning / Knowledge Graphs
Construction, Graph Database, Rule-Based Pattern Matching, Manual Ground-Truth Labelling
	Real-world SACCO transactional data (Jan 10–31, 2022), plus confirmed fraud cases from SACCO analysts
	Proposes a real-time fraud detection framework using knowledge graphs and rule-based pattern mining tailored to SACCOs
	Demonstrated effectiveness in identifying rapid and abnormal fund movements across accounts; supports near real-time detection.

	(Choi et al., 2023)
	GNN, Positive-Unlabeled (PU) Learning, GAT, Modified GraphSMOTE
	Three real-world P2E MMORPG datasets
	Proposes a chargeback fraud detection method, PU GNN, which combines in-game activity logs and P2E token transaction data using graph attention networks with PU learning to address label imbalance
	PU GNN outperforms traditional models (MLP, GRU, GCN, etc.) in chargeback fraud detection; handles label imbalance through PU learning and GraphSMOTE; achieves high performance in real-world datasets.

	(Li et al., 2023)
	GNN with Heterogeneous Graph Transformer (HGT); Knowledge Graph; Supervised Learning
	CSMAR database (Chinese listed companies: financials + supplier-customer data, 2017–2020)
	Proposes a supplier-customer knowledge graph to capture complex supply chain relations; integrates GNNs for fraud detection, particularly HGT.
	Using supplier-customer relationships improves fraud detection accuracy (AUC↑ by 5.19% vs. best ML baseline); HGT achieves an AUC of 85.10%.

	(Wen et al., 2022)
	Knowledge Graph + Centrality Measures + SVM, KNN, Decision Tree, Random Forest / Supervised Learning
	Chinese A-share market (2011–2017), CSMAR; 1161 companies; 24 financial ratios; 473,918 knowledge triples
	Proposed a novel KG framework integrating managerial connections and institutional relationships for financial fraud detection; applied four ML classifiers using centrality and financial features
	SVM with KG-based centrality features achieved the highest performance; precision improved significantly (from 59.13% to 68.45%) when including centrality measures from KG

	(Mao et al., 2022)
	Knowledge Graph Construction + Feature Extraction + Machine Learning (Logistic Regression, Decision Tree, Random Forest, XGBoost)
	CSMAR (China Stock Market & Accounting Research Database) – Chinese listed companies (2000–2019)
	Proposes a knowledge graph-based feature extraction framework using Related-Party Transactions (RPTs) and integrates them with financial features for fraud detection
	Knowledge graph-based RPT features significantly enhance fraud detection performance; XGBoost shows the highest improvement (12.31% in total accuracy, 13.79% in Type II accuracy); loan-based and frequent RPTs are the most predictive.

	(Yang et al., 2021)
	Graph Mining, Community Detection, Temporal Correlation Analysis
	150 million web search logs from a Chinese search engine
	Proposed DFW, a fraud detection method exploiting the temporal community structure of fraudulent keywords
	DFW achieved 99% precision and 93% accuracy; identified both bots and crowdworker behaviors; ~1/3 of fraudsters behaved non-bot-like

	(Liu et al., 2021)
	GNN, GraphSAGE, Attention Mechanism, Transaction Graph (TG), SMOTE
	Real transaction dataset from a financial company in China, with up to 3.5 million labelled transactions.
	The paper proposes a novel GNN-based fraud detection model that uses a weighted multiple transaction graph (TG), an improved sampling policy, and an attention mechanism.
	The method outperforms state-of-the-art techniques, with the highest performance achieved by the "Similar-sample + attention SAGE" model: F1-score of 87.8%, AUC of 81.6%. Compared to GBDT, the F1-score is increased by 10.6%, and DeepWalk + GBDT shows a 6.4% increase in F1-score. The TG effectively represents transaction relationships, improving fraud detection.



Supplementary Table S3. Study-level evidence on XAI methods
	Ref.
	XAI Methods
	Dataset
	Contribution
	Key Findings / Results

	(Agomuo et al., 2025)
	SHAP
	Synthetic PaySim mobile money transaction dataset
	Proposes a hybrid DRL-XAI framework for adaptive, transparent fraud detection in cloud-based financial platforms
	Achieves 99.5% accuracy and 99.0% F1-score; provides real-time adaptation to transaction pattern changes; delivers interpretable outputs for regulatory compliance

	(Wang et al., 2025)
	LIME
	Structured financial/corporate data + legal judgment texts (Supply Chain Finance enterprises)
	Proposed a new approach integrating BERT-based legal text features with structured data for credit risk prediction; Developed ACWGAN-GPSA to handle imbalanced data
	Combining legal judgment text and financial attributes improves credit risk prediction; XGBoost on combined data achieves AUC 0.8664; ACWGAN-GPSA boosts model performance for imbalanced data.

	(Ding et al., 2025)
	SHAP
	Investigative agency data, insurance institution data, and Kaggle data (11,565 records, highly imbalanced 1:16)
	Proposed a PSO-XGBoost framework enhanced with SHAP-based interpretability for automobile insurance fraud detection; showed 3% improvement over standard XGBoost
	PSO-XGBoost achieved 95% accuracy vs 92% with standard XGBoost; SHAP identified Claim Size, Vehicle Category, and Fault as top predictive features.

	(Hartomo et al., 2025)
	XAI with weighted-loss TabTransformer
	Imbalanced credit risk dataset
	Proposed a weighted-loss TabTransformer integrated with XAI for imbalanced credit risk modelling.
	Demonstrates that transformer-based tabular models can be combined with interpretable outputs in credit risk assessment.

	(Lin et al., 2025)
	SHAP
	Automobile loan credit risk dataset
	Applied SHAP to automobile loan credit risk modelling to identify feature-level contributions in loan assessment.
	Shows that SHAP can support transparent interpretation of automobile loan default risk.

	(Srikanteswara et al., 2025)
	XAI with ensemble models
	Credit risk assessment dataset
	Combined ensemble learning with XAI for credit risk modelling.
	Reinforces the practical role of post-hoc explanation in improving transparency and trust in credit prediction.

	(Li et al., 2025)
	Transparent framework for fraud detection
	Financial fraud detection setting
	Developed a fraud detection framework that explicitly emphasises transparency within financial risk management.
	Positions explainability as a system-level design objective rather than only a post-hoc tool.

	(Bulut & Arslan, 2025)
	Hybrid XAI approach
	Bill payment habits data for credit risk assessment
	Proposed a hybrid credit risk model using behavioural payment data and XAI.
	Shows that behavioural credit data can be integrated with interpretable AI for more transparent risk assessment.

	(Ptak-Chmielewska & Kopciuszewski, 2025)
	Explainable machine learning methods for probability of default
	Probability of default / credit risk modelling context
	Discussed explainable machine learning methods for PD estimation in credit risk modelling.
	Highlights the growing importance of explainability in probability of default modelling and regulatory-facing credit analytics.

	(Wang et al., 2025)
	GAN, BERT, XGBoost, LIME
	Supply chain finance / legal text + financial data
	Integrates legal text analytics with financial modelling using BERT and GAN-based data balancing.
	Shows that combining structured and unstructured data improves credit risk prediction while maintaining explainability.

	(Paul et al., 2024)
	LIME, SHAP
	Default of Credit Card Clients Dataset (30,000 data points, 23 features)
	Proposes a hybrid deep learning model combining LSTM, MLP, and Autoencoder for credit risk assessment, with XAI techniques to enhance transparency and trust in predictions.
	The hybrid model balances accuracy and interpretability, demonstrating increased precision and recall. LIME and SHAP enhance the model's transparency and trustworthiness.

	(Lu, 2024)
	SHAP, LIME
	PaySim (simulated mobile money transactions based on real-world data)
	Developed a comprehensive fraud detection system using traditional models, ensemble methods, deep learning (DCN), and preprocessing techniques like SMOTE.
	Ensemble models combining DCN, LightGBM, XGBoost, and LR achieved the best fraud detection performance, improving recall and precision.

	(Yekollu et al., 2024)
	SHAP, LIME
	Qualitative, literature-based data collected via Google Scholar
	Presents a comprehensive AI integration framework for fraud detection in banking, highlights challenges (data quality, scalability, black-box models), and proposes performance-enhancing solutions including SMOTE, SHAP, and LIME
	AI enhances fraud detection via real-time learning, anomaly detection, and adaptability; effectiveness depends on high-quality data, proper training, and ethical deployment; SMOTE improves class imbalance; cloud-native systems increase scalability

	(Nalule et al., 2024)
	LRP, SHAP, LIME
	UCI German Credit Dataset
	Implemented and compared multiple DL models (including two novel hybrid architectures), applied XAI techniques for interpretability in credit scoring
	LSTM and Hybrid (LSTM & CNN) models achieved the highest AUC (0.787 and 0.771), XAI tools provided meaningful interpretations of model behaviour; performance vs explainability trade-off addressed

	(Shu et al., 2024)
	SHAP
	Proprietary BNPL transaction dataset from Company A (13,922 transactions, 4.9% fraud)
	Developed and evaluated fraud detection models specifically for the BNPL context; applied SHAP to enhance explainability
	Random Forest with SMOTE and feature engineering achieved the best F1 score (0.92) and the lowest false positive rate (0.072); SHAP explanations aligned with and extended human expert insights.

	(Visbeek et al., 2024)
	Expressions and rule-based outputs
	PaySim (simulated transaction dataset)
	Introduced Deep Symbolic Classification (DSC), a novel model combining symbolic regression and reinforcement learning for classification with explainability, addressing class imbalance without sampling techniques
	(1) DSC achieves 0.78 F1 score, competitive with RF (0.81) and XGBoost (0.82), (2) Inherent explainability through symbolic expressions (e.g., 𝑓𝐶=13), (3) Effectively handles class imbalance without undersampling, (4) Trade-off control between accuracy and explainability, (5) Simplified decision rules enable transparent deployment

	(Tang et al., 2024)
	SHAP
	News headlines (Choice), Financial data (Wind), 2014–2021, 120 issuers (15,956 headlines), 65 final issuers (first-time defaults)
	Developed an interpretable, news-based credit risk early warning system using BERTopic to extract 18 topic measures from headlines, enhancing corporate bond default prediction
	Adding 18 topic measures improved AUC and recall over baseline (financial + macro data). XGBoost with BERTopic features outperformed others. Risky topics (e.g., "Debt risk" and "Regulatory warning") were top SHAP contributors. Generalizability confirmed on alternate datasets and markets.

	(Schneider & Brühl, 2023)
	Permutation-Based Feature Importance, SHAP
	COMPUSTAT, BoardEx, SEC AAERs
	Investigates the predictive power of CEO characteristics on accounting fraud using ML models, novel feature importance techniques
	CEO characteristics significantly improve predictive power for accounting fraud detection when combined with financial data. Nonlinear models (XGB, RF) outperform linear models. CEO Network Size and Age are strong predictors.

	(Tritscher et al., 2022)
	SHAP
	ERP system transaction data
	Evaluates detection and explainability of multiple ML models for occupational fraud using SHAP, introducing a 3-part XAI evaluation framework
	High detection performance (e.g., OC-SVM) does not guarantee good explainability; iNALU and AE achieved better explanation quality and consistency.

	(Nwafor & Nwafor, 2023)
	SHAP
	Lending Club dataset, 20,536 observations (balanced class distribution)
	The use of explainable ensemble and deep learning models for predicting non-performing loans (NPL) using the SHAP framework for feature importance ranking. A novel aggregate ranking method was introduced for cross-model feature importance comparison.
	CatBoost achieved the highest performance (Accuracy: 96.6%, Precision: 98.9%, Recall: 94.2%, AUC: 96.8%) among the ensemble methods. SHAP values provided valuable insights into feature importance, improving model interpretability. SHAP-based aggregate ranking method enabled feature comparison across multiple models.

	(Nesvijevskaia et al., 2021)
	SHAP, LIME, DeepLIFT
Rule-based
	Cerberus project dataset (cheque fraud and instant cash transfer fraud cases)
	Provides a comparative analysis of interpretable vs. black box models in real-world banking settings, introduces hybrid fraud detection models using Q-Finder (rules) + XGBoost scoring
	The hybrid model improved fraud coverage and interpretability; in the cheque fraud task, Q-Finder generated rules co-designed with business experts; however, rule-based models had high false positives initially; in high-frequency tasks, XGBoost with SHAP offered efficient scoring with an explainability layer; hybrid deployment increased detection rates while balancing false alarms.




