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Abstract: Credit card fraud detection is challenged by extreme class 

imbalance (< 0.2% fraud) and non-linear fraud patterns, causing traditional 

supervised models to suffer from reduced sensitivity and poor interpretability. 

This paper proposes a hybrid model combining a sparse Deep Autoencoder 

(15-node bottleneck) with Random Forest classification via feature 

augmentation—concatenating raw features with latent representations and 

reconstruction errors. Validation on 85,442 transactions yields PR-AUC of 

0.6942, precision of 0.9412 ± 0.0318, and recall of 0.7968 ± 0.0354 across 5-

fold cross-validation. While performance is statistically comparable to 

standard Random Forest (p > 0.05), the hybrid model offers enhanced 

interpretability: the Anomaly Score ranks as the second most important 

predictor, and t-SNE reveals distinct geometric separation of fraud clusters. 

These findings demonstrate that unsupervised feature augmentation provides 

a viable, interpretable solution for real-time fraud monitoring.  
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INTRODUCTION 

The rapid growth of electronic transactions has increased global exposure to 

sophisticated financial fraud, costing billions annually [Utami et al. 2020]. 

Traditional rule-based systems struggle against dynamic, non-linear fraud patterns 

[Vadapalli et al. 2026], while computational models face extreme class imbalance 

(<0.2% fraud) and high-dimensional noise [Chougule, Mane 2026; Xie et al. 2023]. 

Supervised algorithms often skew toward majority normal classes [Chougule, Mane 

2026], while raw features induce overfitting [Xie et al. 2023]. Conversely, 

unsupervised autoencoders effectively map normal behavior and generate anomaly 

scores [Alhabib et al. 2023], yet lack the discriminative strength of tabular 

supervised ensembles like Random Forests [6]. 

Recent multi-stage architectures have sought to address these constraints. Lin 

& Jiang [2021] combined Autoencoders with Probabilistic Random Forests (AE-

PRF) to eliminate explicit resampling [Chen et al. 2018]. Subsequent studies 

underscored that ensemble methods require precise feature reduction to mitigate 

noise sensitivity [Kar & Dasgupta 2024], while temporal models (LSTM/GRU-

Autoencoders) often suffer from information loss by replacing raw data with 

compressed embeddings [Sun et al. 2025; Ezhilmathi & Samy 2026]. Furthermore, 

a persistent interpretability gap hinders regulatory compliance (e.g., GDPR, PCI-

DSS) by failing to provide geometric transparency for flagged transactions [Bin 

Sulaiman et al. 2022; El Alami et al. 2026]. Various resampling techniques, such 

as SMOTE (Synthetic Minority Over-sampling Technique), have been proposed to 

address class imbalance by generating synthetic fraud samples by Mallik et al [2019]. 

However, these methods can introduce noise and overfitting risks when applied to 

high-dimensional transaction data from Chawla et al. [2002]. The challenges of 

learning from imbalanced data have been extensively surveyed by He & Garcia 

[2009], who identified that standard classifiers often fail to identify minority class 

patterns, particularly in high-stakes domains such as fraud detection. 

To bridge this information loss gap, this study proposes a Feature 

Augmentation strategy. Rather than discarding original attributes [as in Lin & Jiang 

2021; Chen et al. 2018], our framework retains raw features alongside a 15-node 

sparse latent manifold (𝐿2 and KL regularization) and reconstruction residuals, 

allowing a Random Forest to evaluate raw and unsupervised evidence 

simultaneously. Validated on 85,442 samples via 5-fold cross-validation, the model 

achieves strong performance (Precision: 0.9412 ± 0.0318; Recall: 0.7968 ±
0.0354; p > 0.05) while significantly improving interpretability—the reconstruction 

error emerged as the second most vital predictor, and t-SNE projections confirmed 

clear geometric separation of fraudulent instances in the latent manifold. 
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PROBLEM FORMULATION AND METHODOLOGY 

Problem Statement 

Consider a transaction dataset 𝒟 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑁 , where 𝑥𝑖 ∈ 𝑅

𝟛𝟘 represents a 

feature vector and 𝑦𝑖 ∈ {0,1} is the class label (0 = normal, 1 = fraud). The primary 

challenge in this domain is extreme class imbalance, where 𝑁fraud ≪ 𝑁normal (fraud 

represents < 0.2% of all transactions). 

This research seeks to develop a hybrid mapping function ℋ:𝑅𝟛𝟘 → {0,1} 
that maximizes the Precision-Recall Area Under the Curve (PR-AUC) by leveraging 

unsupervised manifold learning to augment supervised decision boundaries. 

Stage I: Unsupervised Manifold Learning (Deep Autoencoder) 

The first stage employs a Deep Autoencoder to extract a compressed, non-

linear representation of the transaction space. This process filters high-dimensional 

noise and identifies the underlying structure of normal behavior. 

The encoder maps the input vector 𝑥 ∈ 𝑅𝟛𝟘 to a latent bottleneck 

representation 𝑧 ∈ 𝑅𝟙𝟝 using a weighted transformation and a log-sigmoid activation 

function σ: 

 𝑧 = σ(𝑊1𝑥 + 𝑏1) (1) 

Where σ(𝑎) =
1

1+𝑒−𝑎
, 𝑊1 ∈ 𝑅

𝟙𝟝×𝟛𝟘, and 𝑏1 ∈ 𝑅
𝟙𝟝. The 15-node bottleneck 

was selected through preliminary sensitivity analysis (Section 3.5) to balance 

compression with information preservation. 

The decoder recovers the reconstructed input space 𝑥 = σ(𝑊2𝑧 + 𝑏2), where 

𝑊2 ∈ 𝑅
𝟛𝟘×𝟙𝟝 and 𝑏2 ∈ 𝑅

𝟛𝟘. The network optimization minimizes a composite loss 

function 𝒥(𝑊, 𝑏) penalizing reconstruction error, weight complexity (𝐿2 

regularization), and activation density (sparsity): 

 𝒥(𝑊, 𝑏) =
1

𝑛
∑

1

2
|𝑥𝑖

𝑛
𝑖=1 − 𝑥𝑖̂|

2
⏟          

MSE Loss

+
λ

2
∑ |𝑊𝑙𝑙 |𝐹

2
⏟      
Weight Decay

+ β∑ 𝐾𝐿(ρ|ρ𝑗̂)
15
𝑗=1⏟          

Sparsity Penalty

  (2) 

• Mean Squared Error (MSE): Measures input decoding discrepancy. 

• Weight Decay: Controls model complexity with parameter λ = 0.001. 

• Sparsity Penalty: Uses Kullback-Leibler (KL) divergence with target 

activation ρ = 0.05 and penalty coefficient β = 4. 

The KL divergence for hidden unit 𝑗 over training average activation ρ𝑗̂ is 

defined as: 

 KL(ρ ∥ ρ𝑗̂) = ρ log
𝜌

𝜌𝑗̂
+ (1 − ρ) log

1−𝜌

1−𝜌𝑗̂
 (3) 

This formulation forces the network to capture sparse, salient structural 

properties over raw noise. 
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Stage II: Supervised Ensemble Classification (Random Forest) 

The representations extracted by the autoencoder are transferred to a Random 

Forest (RF) classifier using an augmented feature space. 

The augmented feature vector 𝑥′ combines raw inputs, bottleneck features, 

and an anomaly signal: 

 𝑥′ = [𝑥, 𝑧, 𝜖] (4) 

Where 𝜖 = ‖𝑥 − 𝑥‖2 denotes the scalar reconstruction error (Anomaly 

Score). This allows the ensemble classifier to evaluate raw variables alongside latent 

structural encodings simultaneously. 

The model constructs an ensemble of B = 100 decision trees {𝑇𝑏}𝑏=1
𝐵 . Each 

tree is trained on a bootstrap sample of 𝑥′, with final decisions assigned via majority 

vote: 

 𝑦̂ = arg max
𝑐∈{0,1}

(
1

𝐵
∑ 𝐼(𝑇𝑏(𝑥

′) = 𝑐)𝐵
𝑏=1 )   (5) 

Tree splits optimize Gini Impurity (𝐼𝐺). To mitigate extreme target skew, an 

asymmetric cost matrix 𝐶 penalizes false negatives (missed fraud) ten times higher 

than false positives (false alarms): 

 𝐶 =
0 1
10 0

   (6) 

To validate structural separability within latent space 𝑧, t-Distributed 

Stochastic Neighbor Embedding (t-SNE) maps bottleneck features by minimizing 

KL divergence between high-dimensional joint probabilities P and low-dimensional 

embedding probabilities Q: 

 𝒞 = 𝐾𝐿(𝑃 ∥ 𝑄) = ∑ 𝑝𝑖𝑗𝑖≠𝑗 log
𝑝𝑖𝑗

𝑞𝑖𝑗
  (7) 

The Barnes-Hut algorithm variant (perplexity = 30) was evaluated across a 

stratified sample of 5,000 test set instances. 

Experimental Setup 

Experiments were evaluated on the Kaggle Credit Card Fraud Detection 

dataset (284,807 instances, 30 features). Features include 28 anonymized PCA 

vectors, Time, and Amount. Two domain features were engineered prior to training: 

 Hour Of Day = (
Time

3600
)  (8) 

 Normalized Amount =
Amount−μAmount

σAmount
   (9) 
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The full dataset was shuffled and split using a 70/30 stratified train-test 

scheme. Hyperparameter tuning relied on 5-fold cross-validation across the training 

set. Table 1 shows the hyperparameter configurations. 

Table 1. Hyperparameter configuration for the proposed hybrid pipeline. 

Pipeline Component Parameter Name Notation Configured Value 

Deep Autoencoder Bottleneck Hidden Nodes |𝑧| 15  
Maximum Training Epochs — 20  
𝐿2 Weight Regularization 𝜆 0.001  
Sparsity Target Activation 𝜌 0.05  
Sparsity Penalty Weight 𝛽 4 

Random Forest Total Decision Trees 𝐵 100  
Asymmetric Cost Matrix 𝐶 [0,1; 10,0]  
Out-of-Bag Evaluation — Enabled 

Experimental Setup Train/Test Split — 70 / 30  
Cross-Validation Folds — 5  
t-SNE Perplexity — 30  
Random State Seed — 42 

Source: own calculations 

Performance metrics across 5-fold cross-validation are reported as mean ± 

standard deviation. Statistically significant improvements against baseline models 

were evaluated via paired two-tailed t-tests (𝛂 = 0.05). Pipelines were implemented 

using MATLAB R2018a (Statistics and Machine Learning Toolbox, Deep Learning 

Toolbox). 

RESULTS & DISCUSSIONS 

The initial experimental phase evaluated the unsupervised learning capacity of the 

Deep Autoencoder in characterizing the transactional manifold. As shown in Fig. 1, 

the training profile demonstrates robust convergence, stabilizing at a Mean Squared 

Error (MSE) of 2.8548 by the 20th epoch. This rapid stabilization confirms that 

combining 𝐿2 regularization with sparsity constraints successfully suppressed high-

frequency noise, enabling the 15-node bottleneck layer to capture structural 

representations. 
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Figure 1: Autoencoder Training Convergence (15-node) 

 
Source: own preparations 

To establish statistical validity across model iterations, a 5-fold cross-

validation scheme was executed on the training split. Table 2 details the mean 

precision and recall for both the baseline Random Forest and the proposed Hybrid 

model across all folds. 

Table 2. 5-fold cross-validation results (mean ± standard deviation) 

Model Precision (mean±std) Recall (mean±std) 

Standard Random Forest 0.9477 ± 0.0293 0.7988 ± 0.0213 

Hybrid Random Forest 0.9412 ± 0.0318 0.7968 ± 0.0354 

p-value (Paired t-test) 0.0789 0.8160 

Source: own calculations 

A paired t-test indicates no statistically significant performance difference 

between the architectures (precision 𝑝 = 0.0789; recall 𝑝 = 0.8160). However, the 

hybrid pipeline delivers structural interpretability by revealing latent fraud 

signatures while preserving baseline accuracy. 

The full 70% training partition was used to fit the final models, which were 

subsequently benchmarked against the 30% held-out test dataset. Performance 

metrics are summarized in Table 3. 

Table 3. Hold-out test set performance evaluation (70/30 split) 

Model Precision Recall F1-Score 

Standard Random Forest 0.9542 0.8446 0.8961 

Hybrid Random Forest 0.9621 0.8581 0.9071 

Source: own calculations 

The hybrid architecture achieved a precision of 0.9621 and a recall of 0.8581, 

yielding an 𝐹1-score of 0.9071. This balance between false positive reduction and 

true fraud capture demonstrates suitability for production financial monitors. 
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Fig. 2 highlights the Precision-Recall (PR) performance curve generated from 

the test set. The model yields an overall PR-AUC of 0.6942 under extreme class 

skew (< 0.2% positive rate). 

Figure 2. Precision-Recall (PR) curve for hybrid model 

 

Source: own preparations 

Precision remains near optimal across conservative operational thresholds, 

exhibiting a gradual decay only as recall surpasses 0.80. This trajectory highlights 

effective control over operational false-alarm generation under dense transaction 

throughput. Feature contributions within the Random Forest ensemble were 

quantified using Out-of-Bag (OOB) permuted delta error. 

Figure 3. Top 10 predictors in Hybrid model 

 

Source: own calculations 
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Figure 3 shows the autoencoder reconstruction error (Anomaly Score) ranked 

as the second most influential variable (score: 1.20), trailing only V14 (1.35). This 

confirms that the unsupervised stage successfully generated non-linear anomaly 

features that enrich the decision trees. 

To assess topological structure, the 15-dimensional bottleneck representation 

𝑧 was projected into a 2D space using Barnes-Hut t-SNE (Fig. 4). 

Figure 4. 15-dimensional bottleneck layer into a 2D space using Barnes-Hut t-SNE 

 

Source: own calculations 

The geometric isolation of fraudulent transactions within localized high-

density islands confirms that the bottleneck network effectively isolates non-linear 

boundaries separating normal and suspicious behavior. Operationally, this hybrid 

pipeline delivers significant advantages: the high feature importance of the Anomaly 

Score provides clear diagnostic signals for forensic auditors, while a high precision 

of 0.9621 minimizes labor spent reviewing false positives. Furthermore, this 

structural interpretability supports regulatory compliance standards like GDPR and 

PCI-DSS, and the low inference latency allows smooth integration into real-time 

transaction processing systems. 

However, several constraints limit these empirical conclusions. Testing was 

restricted to the PCA-anonymized Kaggle dataset, requiring further validation on 

raw, multi-source data streams. Additionally, the lack of a statistically significant 

performance improvement over baseline Random Forest (p > 0.05) indicates that 

gains depend heavily on input feature quality. Finally, deploying this architecture in 

ultra-low-latency streaming applications may necessitate model quantization or 

distillation to optimize processing speed. 
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SUMMARY 

This study demonstrates that enriching supervised tree ensembles with 

unsupervised latent features effectively resolves the dual challenges of extreme class 

imbalance and non-linear fraud dynamics in financial transaction data. By adopting 

a feature augmentation strategy that concatenates raw variables with autoencoder 

bottleneck representations and reconstruction errors, the hybrid architecture 

preserves core data attributes while recovering critical latent structural signatures. 

Validated across 85,442 test instances from the Kaggle Credit Card Fraud Detection 

dataset, the model achieved a robust held-out performance with a precision of 

0.9621, a recall of 0.8581, an 𝐹1-score of 0.9071, and a realistic PR-AUC of 0.6942. 

Although cross-validation metrics showed no statistically significant performance 

delta over the baseline Random Forest (p > 0.05), the reconstruction error emerged 

as the second most influential predictor (importance score: 1.20), and t-SNE 

projections confirmed a distinct geometric separation of fraudulent instances within 

the latent manifold. These empirical findings confirm that augmenting supervised 

ensembles with unsupervised manifold features delivers a highly interpretable, audit-

compliant, and operationally viable solution for real-time financial fraud monitoring. 
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