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ABSTRACT

The process of financial fraud detection is increasingly becoming dependent on intelligent systems
that are capable of identifying delicate, complex, and dynamic fraudulent activities in the large
transactions environments. Fraudulent transactions tend to constitute less than 1 percent of the total
volume in the real-world financial data. This renders the learning scenario very unequal. This
difference is the challenge facing current research, with the traditional oversampling techniques,
deep neural networks, and cost-sensitive learning approaches usually failing to retain the behavioral
semantics of the fraudulent patterns. Such methods often lead to noisily or excessively simplified
minority samples, which lead to poor generalization, large false-negative rates, and lower detection
reliability in practice. To resolve these large issues, the current study proposes the Generative
Pattern Extraction Algorithm (GPEA), a sequence-generative-ensemble network that is designed to
enhance the representation and detection of minority fraud cases. The proposed system employs a
Bi-LSTM encoder in order to learn latent motifs to explain how fraudulent behavior might vary
with time. It then generates real minority-class samples in the learnt latent space by using a
Conditional Generative Adversarial Network (CGAN). These more advanced representations are
then added to a LightGBM -XGBoost ensemble classifier, which is used to distinguish more
accurately between fraud and legitimate transactions. The significance of this technique is that it
preserves the semantics of fraud, the learning in the minority class is easier, and it is also easier to
detect fraud in highly asymmetric scenarios. The results reveal that GPEA consistently outperforms
deep learning baselines, ensemble approaches, and the best imbalance management algorithms
available. The proposed strategy decreases the false negative rate by 20% while maintaining the
industry-leading fraud detection accuracy of 14%, the remarkable recall of 12-08%, the F1-score
of 9-15%, and the overall accuracy of 14%. The model's overall detection rate of 96.3% shows that
it can find fraud patterns that don't happen very often but are nonetheless very important. The
experimental findings on benchmark financial fraud data indicate that our algorithm is significantly
superior to oversampling baselines and deep-learning models both in the recall of the minorities,
and in the precision/recall AUC, MCC, and the overall detection stability. It is also evident in the
discussion that not only does GPEA help to categorize matters more accurately, but also develops
patterns of fraud that are easy to understand. This renders it a handy aid to current systems of
financial risk analysis and prevention of fraud.
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1. Introduction

The detection of fraud has become a pressing and unresolved problem of digital and
financial ecosystems in the modern world owing to the immense multiplication of online
transactions, electronic payment systems, and automated decision-making services. Since the
volume of transactions has grown, the sophistication, adaptability as well as behavioral
complexity of fraudulent activity has also grown, and in many instances, footprints left behind
by the activity appear to resemble the normal user actions in order to go undetected. The marked
feature of the type of fraud detection issues is the severe class imbalance of the real-world data,
where the percentage of fraud cases among all records is very small. This bias greatly reduces
the performance of the standard classification models that bias towards the majority class and
cannot detect rare but high-impact cases of fraud. Moreover, fraud cases are also time-based
and sequential in nature and are characterized by minute deviations in the timing and frequency
of transactions along with behavioral patterns and not isolated anomaly. The current detection
mechanisms are usually not able to capture these long-range relationships and changing
behavioral patterns which leads to high false-negative rates and slow response. The issue of
learning behavior-sensitive representations of fraud on a highly imbalanced sequence of data
hence represents the core issue discussed in the paper.

Fraud detection methods A huge variety of such fraud detection methods have been
suggested in the literature and include rule-based systems, machine-learning models, data-level
resampling methods, deep-learning architectures [1], and generative methods. The first-
generation fraud detection systems were quite dependent on rule-based systems that were
specified by domain experts, manually constructed thresholds and heuristics to indicate
suspicious transactions. Although these methods are computationally efficient and
interpretable, they are not flexible and cannot be applied to new fraud trends. With the growth
in data availability, supervised machine-learning models like logistic regression, support vector
machines, decision trees, k-nearest neighbors and Random Forests gained widespread use
because they can directly learn decision boundaries using historical data. Although they have
been successful, these models are very sensitive to distorted classes and tend to give skewed
predictions in case fraudulent cases are under sampled. To address this weakness, SMOTE,
Borderline-SMOTE, ADASYN, and random oversampling [2], which are methods of
oversampling, were designed to re-equilibrium the distribution of classes by producing artificial
samples of the minority classes. In spite of the fact that such methods can enhance the
recollection, they often distort features distributions, add noise, and do not preserve the actual
behavioral peculiarities of fraud. More recently, deep-learning networks such as CNNs [3],
LSTMs [4], Bi-LSTMs, and Transformer-based models have shown great ability in the ability
to capture nonlinear interactions between features and time dependencies. Their efficacy is
however limited in very skewed situations, where they lack enough minority-class samples to
learn constant temporal and behavioral representations. Generative Adversarial Networks
(GANSs) [5][6] have also been considered as another option in data augmentation, yet much of
the current literature input uses simple GAN models [7] on unstructured tabular data, resulting
in unstructured and unnatural fraud samples because of the absence of pattern-conditioning and
time-based context.

To address these constraints, this study presents three primary aims.
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e The primary goal is to learn deep temporal and behavioral patterns that are related
to fraudulent activity using a Bidirectional Long Short-Term Memory (Bi-LSTM)
encoder [8]. The Bi-LSTM learns long-range dependencies and subtle sequence-
level abnormalities that are predictive of fraud but ignored by other models by
running transaction sequences forward and backward.

e The second task is to produce realistic and behavior-conserving samples of
minority-classes with the help of a Conditional Generative Adversarial Network
(CGAN) [9] trained in the latent space of the Bi-LSTM encoder. Producing
samples in the latent space enables the model to be semantically consistent, still
with its temporal and behavioral structure, without introducing the distortion of
features that is traditionally added by standard oversampling models and raw-data
GAN:Ss.

e The third goal is to improve the strength of classification and minimize false
negatives by training a strong ensemble classifier based on LightGBM [10] and
XGBoost [11][12][13] on a mixed real and CGAN-created samples dataset. This
model combines the complementary advantages of the two gradient boosting
models to have better discrimination performance on complex and imbalanced
tabular data.

The suggested approach is combined into a single framework that is known as Generative
Pattern Extraction Algorithm (GPEA), which unites representation learning, the process of
generative modeling, and the process of ensemble classification. Contrary to the traditional
methods that treat the class imbalance at either the data or the classifier-level individually,
GPEA learns to represent temporal fraud representations, boosts minority-class learning in a
structured latent space, and utilizes a powerful ensemble classifier to encourage the highest
possible detection performance. The integrated design has the advantage of ensuring both that
synthetic samples are statistically plausible and behaviorally meaningful, which enhances the
extrapolation of synthetic samples to real-life fraud contexts. Through direct modeling of
transaction sequences, as well as the use of latent-space generation, the suggested approach
addresses the shortcomings of feature-level oversampling, and unconditioned generative
models.

The rest of this paper will be structured in such a way that it provides the motivation,
methodology, and assessment of the proposed approach in a systematic manner. Section II gives
a thorough overview of current fraud detection methods, including classic rule-based, classical
machine-learning, oversampling, deep-learning [14], and GAN-based data augmentation
methods. Section III presents the proposed Generative Pattern Extraction Algorithm in detail
along with the description of the architecture of the Bi-LSTM encoder, the latent-space
Conditional GAN, and the LightGBM-+XGBoost ensemble classifier. Section IV summarizes
the experimental environment such as the datasets, preprocessing, model training policies, and
evaluation measures used to measure the performance. In section V, the results of the
experiment are presented and analyzed with an emphasis on the increase in detection accuracy,
recall, and reduction in false-negatives, and the evaluation of the quality and realism of
generated patterns of fraud. Lastly, section VI finishes the paper presenting a conclusion and
summarizing the primary contributions and future research opportunities of generative
modeling, sequential representation learning, and advanced fraud analytics.

2. Literature Survey

HaiChao Du et.al, [15] examines the AE-XGB-SMOTE-CGAN approach works far better
than common machine learning models like K-Nearest Neighbors (KNN) and LightGBM.
Experimental results indicate that it exceeds both baseline algorithms by around 2% in overall
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accuracy (ACC), demonstrating enhanced classification reliability across both majority and
minority classes. This improvement is quite important in situations where fraud detection is
very uneven, because even minor increases in accuracy can lead to a big drop-in undetected
fraudulent activity. When the decision threshold is set to 0.35, the Matthews Correlation
Coefficient (MCC) for the AE-XGB-SMOTE-CGAN model goes up by an amazing 30%
compared to KNN. MCC is one of the best ways to measure performance on imbalanced
datasets, therefore the fact that the suggested hybrid algorithm learned relevant fraud-related
patterns with such a big margin shows that it is better than other methods. This higher MCC
score shows that there is a better balance between true positives, true negatives, false positives,
and false negatives. The results show that the AE-XGB-SMOTE-CGAN method improves
important performance measures like accuracy, true positive rate (TPR), true negative rate
(TNR), and MCC, which means it can find more fraud. These improvements show that the
system is better at finding fake transactions while still working well with real ones. So, the
hybrid combination of autoencoders, gradient boosting, synthetic oversampling, and
conditional generative modeling makes modern credit card fraud detection systems more
reliable and stronger.

Masad A. Alrasheedi et.al, [16] study has identified various unique signs that differentiate
fake tax records from valid ones, such as unusual deductions, differences in reported income,
frequent patterns of transaction manipulation, and unusual filing practices. An encoder-based
feature extraction technique effectively captures these fraud-related qualities by turning raw tax
data into rich latent representations that show hidden abnormalities. To enhance minority-class
learning, synthetic data augmentation techniques are utilized to produce supplementary samples
that display infrequent fraudulent patterns. We tested several machine learning classifiers under
two conditions: with synthetic augmentation and without it. This made it possible to fairly
compare their performance when the data was not balanced. A Soft-Voting ensemble technique
is used to make predictions more dependable by integrating the outputs of different classifiers
to get a final judgment that is more stable and predictable. The experimental results show that
the suggested Soft-Voting technique always beats solo classifiers. This is clear in the higher
accuracy of fraud detection and the overall quality of the classification. The results show that
using encoder-based pattern extraction with data augmentation and ensemble learning makes a
model stronger, especially when trying to find complicated tax fraud.

Karthikeyan et.al, [17] method, called Chimp-Optimized Long Short-Term Memory
Networks (ChOpt+LSTM), is done in two steps that happen one after the other. To begin with,
an optimization strategy based on how chimpanzees act is used to find the most important traits
for finding fraud. After that, these traits are used to teach a Long Short-Term Memory (LSTM)
classifier model that was made just for finding cases of credit card fraud. A thorough
comparative study revealed that the new ChOpt+LSTM method outperforms existing
techniques in several significant performance metrics. It obtains a classification accuracy of
99.18%, a mean absolute error (MAE) of 25.7, and a mean squared error (MSE) of 16.3. It also
gets scores of 98.54% for precision, 98.47% for recall, and 96.58% for F1. These results add to
the evidence that using LSTM classifiers with dynamic optimization approaches is a good way
to make bank fraud detection systems more accurate and reliable.

Chen, Y., Du et.al, [18] propose to predict financial fraud transactions using global
enhanced graph convolution and Bidirectional LSTM, which we name GEGCN-BiLSTM.
First, BILSTM is used to find the temporal dependence in transactions that involve money
laundering. It takes into account both the historical data and the data from the next time steps.
Then, GEGCN is utilized to dig deeper into how distinct transactions are related in terms of
their spatial global context. The output information from GEGCN will be used as the input for
BiLSTM at each time stamp. This will combine time dependency with spatial dependence. The
experimental results indicate that GEGCN-BiLSTM surpasses other comparative algorithms in
both efficacy and importance, serving as a robust instrument for market transaction oversight.
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Mohammed Tayebi, et.al, [19] research introduces an improved XGBoost algorithm for
identifying fraudulent transactions by employing an intelligent method that optimizes the
algorithm's hyperparameters via Bayesian optimization. We run a number of tests on two credit
card datasets with both real and fake transactions to see how well our approach works. To avoid
overfitting on datasets that aren't balanced, we used cross-validation, SMOTE, and random
under-sampling. The highest result for Data 1 using SMOTE had an accuracy of 0.9996, a
precision of 0.9406, a recall of 0.8740, an F-measure of 0.8740, and an AUC of 0.9879. The
Random Under-sampling method worked best for Data 2, with an accuracy of 0.8325, a
precision of 0.8294, a recall of 0.8378, an F-measure of 0.8336, and an AUC of 0.9088. These
experimental findings show that our proposed method works better than competing machine
learning models.

Ms. Hemangini Patel et.al, [20] research presents an improved framework derived from
XGBoost to address critical challenges in fraud detection: class imbalance, the necessity for
real-time processing, and the significance of model interpretability. We use the Kaggle Credit
Card Fraud Dataset (which has 285,807 transactions and a fraud rate of 0.17%) and an SMOTE-
ENN hybrid resampling method to make the class distributions equal and build features (from
PCA on V1-V28 and temporal metrics) for effective training. The model uses cost-sensitive
learning by giving false negatives 10 times more penalties, and it uses Youden's J statistic to
make decision thresholds more precise (0.32). The results of the experiment reveal a 92% F1-
score and an AUC-ROC of 0.98. These scores are better than those of LightGBM (89% F1) and
LSTM networks (90% F1). The networks also have a significant inference latency of 12ms for
real-time payment gateways. Analyzing mistakes shows ways to deal with false positives (by
whitelisting high quantities) and false negatives (by using spend velocity features). A
simulation of 1 million transactions per second on AWS shows that the framework can handle
a throughput of 985,000 transactions per second, which proves that it can grow.

Lianhong Ding et.al, [21] study presents a LightGBM approach for detecting credit cards
that is better since it uses an AutoEncoder. The approach takes the best parts of each component
and combines them. It uses an AutoEncoder to reconstruct features in the dataset and the
LightGBM algorithm to make the GBDT (Gradient Boosting Decision Tree) better at finding
unusual data more quickly and accurately. In addition to the standard assessment measures, the
F-measure, area under the curve (AUC), Matthew's correlation coefficient (MCC), and
balanced classification rate (BCR) are also used. The suggested model was tested with two
financial datasets to see how well it worked and how strong it was. The credit card fraud dataset
with 31 characteristics shows that our model is far better than other models. It has a recall rate
of 94.85%, which is 10.70% better than the top detection performance model, which only has
a recall rate of 86%. Also, our model's BCR score is much better than those of other models.

Can Iscan et.al, [22] purpose of this study is to find fraud using the latest machine learning
methods on data from Turkey's most popular e-wallet platform. After thoroughly examining
the dataset's characteristics through feature engineering techniques, we discovered that the
LightGBM method exhibited the highest detection accuracy of fraudulent activities, achieving
97% in the conducted testing. We also reached the important goal of cutting down on false
alarms, which went from 13,024 to 6,249. This method led to the creation of a machine-learning
model that tiny fraud detection teams can utilize.

HaiChao Du et al.[23] proposed a hybrid fraud detection system that combines
autoencoders, XGBoost, SMOTE, and CGAN to solve the problem of a big class imbalance.
The model makes fake fraud samples and improves feature representations, which raises MCC
and accuracy. Still, there is a limit to how well things can be understood, and relying too much
on explicit oversampling might lead to noise and duplication. GPEA, on the other hand, learns
fraud-specific generating patterns directly in latent space, without aggressive oversampling.
This makes recall more stable and generalizable across fraud behaviors that change over time.
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Alrasheedi et al.[24] focused on finding tax fraud by using a soft-voting ensemble of
classifiers, synthetic data augmentation, and encoder-based feature extraction. The method
improves minority detection because the ensemble agrees, but it needs static feature encoders
and bespoke augmentation. It also doesn't take into consideration how fraud changes over time.
GPEA blends temporal motif learning with generative pattern extraction to enable for the
adaptive detection of emerging fraud signatures. This is different from using static ensemble
aggregation approaches.

ChOpt+LSTM, which was created by Karthikeyan et al.[25] is used to train an LSTM-
based fraud classifier. It uses an optimization method based on how chimpanzees choose
features. The model can get great recall and accuracy thanks to deep learning that is based on
optimization. But other than choosing features, it's basically a mystery how to deal with ultra-
imbalance. To make up for extreme imbalance, GPEA makes sure that performance and
explainability are balanced by explicitly simulating minority fraud distributions using
generative learning and interpretable temporal motifs.

3. Proposed Methodology

The Generative Pattern Extraction Algorithm (GPEA) framework attempts to solve the
challenges of identifying ultra-imbalanced financial fraud by integrating an enhanced sequence-
learning, generative modeling and ensemble classification framework into one framework. A
Bi-LSTM encoder is utilized in the first stage in order to capture the temporal variation and the
chain dependency that are present in transactional behavior. To distinguish between fraudulent
and legitimate transactions, this encoder acquires long-range correlations, minute temporal
anomalies, and repetitive behavioral patterns. Its bidirectional character allows it to view not
only past but also future contextual information and extracts more profound and accurate latent
patterns of fraud.

The encoded latent representations are fed to the Conditional GAN (CGAN) which
produces a better synthetic sample of fraud that is conditioned on class labels and latent
features. By steering clear of distortion of the overall structure of transaction information, this
CGAN ensures the synthesized minority samples have behaviorally substantial frameworks.
CGAN enhances the learning of the classifier in case of drastic imbalance conditions and assists
the system in balancing the count of classes by generating natural but diverse patterns of frauds.
LightGBM + XGBoost ensemble classifier which is a combination of gradient-boosted decision
trees, allowing robust, stable yet high-precision fraud detection, is subsequently supplied with
the enriched data which comprises both the authentic and fake samples. Whereas XGBoost is
a powerful generalization and non-linear decision boundary, LightGBM is fast to train, interpret
feature-importance, and high-dimension data. Their combination, be it by stacking, or by soft
voting, assures uniform performance in different fraud situations, improved minority recall, and
reduction in false negativity by a significant margin. The synergies of these components design
a consistent generative-discriminative pipeline that makes current fraud detectors more
accurate, and effectively deals with skewed class distributions. Figure.1 Shows the architecture
diagram of Generative Pattern Extraction Algorithm (GPEA).
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Figure 1: Block Diagram of Generative Pattern Extraction Algorithm (GPEA)

a. Data Pre-processing and Cleaning

Preprocessing highly imbalanced financial datasets is an essential step prior to inputting
data into sequence models such as Bi-LSTMs. Most frauds typically comprise of less than 1
percent of all transactions, so the raw data should be cleansed, standardized, and formatted in
order to reveal obscured trends over time. The initial one is to clear of unfinished records that
have duplications or corruption. Next, missing values are eliminated by use of methods such as
median-substitution of numerical data and uniform encodement of merchant type or transaction
mode. One should minimize the level of noise because fraud indicators are normally minor.
They are not eliminated but modified as they may contain indicators of fraud. Normalization of
features ensures that figures such as the transaction amount, the time interval, changes in the
balance and the number of times to conduct them remain within viewable ranges. Categorical
variables such as payment channel, merchant category and device type are converted to one hot
or target encoding. Time-based data are extracted represented to indicate behavioral
abnormalities, including hourly spending patterns, transaction bursts, midnight activity, and
time between transactions. The most significant step is windowing. Here, the sequential records
of transactions are placed into nonadjustable windows (say 20-50 steps). They display the
behavior of a customer or account at a particular time on each window. This design assists the
Bi-LSTM in understanding the dynamics of spending with time and recognizing the difference
between unusual and standard sequences. The windows are organized in time order to retain
time causality and overlapping windows are used to retain thick patterns of behavior. Lastly,
the extreme imbalance is corrected following encoding with tools such as CGAN-umbt in latent
space to ensure that the examples of frauds have semantically realistic content.

b. Bi-LSTM Encoder

The Bi-LSTM encoder initiates generating transaction windows from raw financial data
that are organized by time. There are both numerical and categorical properties for each
transaction. For example, the transaction amount, time intervals, rolling statistics, and merchant
category or device type are all numerical attributes. Categorical attributes are transformed into
dense embedding vectors, and continuous variables are normalized to ensure numerical
stability. Transactions are divided into windows of a set length X = {x1,x2,...,xT} , where
x; € R%is a feature vector and T ranges between 20 and 50. These windows give the Bi-LSTM
the sequential input structure it needs to find temporal motifs, patterns of spending behavior,
and unusual deviations that could be linked to fraud. Figure 2 shows the internal functions of
Bi-LSTM Encoder.
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Figure 2: Bi-Directional LSTM Block Diagram

For the forget gate, the equation is

fij=0 (Z, Wi Xex + ity Upjy hely + bg)p) ()

In equation (1), the parameter x; denotes the k-th feature of the input vector at time ¢,
Wy ik denotes the weight that connects input feature k to forget-gate unit j, h;”; ; denotes the I-
th component of the previous hidden state, Uy ;; represents the recurrent weight that goes from
hidden unit [ to forget-gate unit j, and by’ ; means the bias for that gate unit. The inner sums
make a pre-activation score for dimension j, and the sigmoid o(-) changes this into a value
between 0 and 1. This means that f; ; is a continuous "keep ratio" that tells you how much of
the old cell memory for dimension j should be kept at time ¢t.

For the input gate,

=0 (ZZ; Wik Xexe + Zit1 Uj hiqg + b3 )

The learnable weights and bias for the input gate in dimension j are W; 3, U;7;, and b;;
These are the same input features x, , and previous hidden activations h;” ; ; as the forget gate,
but they have different parameters. The two sums figure out how strongly the current input and
the prior concealed state suggest that new information should be written to memory for that
dimension. After o(-), is applied, the value i,; )"— regulates how much of the candidate
content will actually be allowed into the cell state.

For the candidate cell state,

~—> d - - - -
¢r; = tanh (X2 Wk Xep + Ximq Ugj hiay +bZ)) (3)

26

Vol.No : 02 Issue No : 04 Dec 2025


https://doi.org/10.70023/piqm241

PatternlQ Mining
https://pigm.saharadigitals.com/

where W} and U j are the input and recurrent weights for making the raw candidate state
in dimension j, and b} is its bias. The weighted sums combine the current evidence from input
x¢ and the context from h;._;. The tanh (-)nonlinearity then squashes this combined signal to
(-1,1), creating E;’j, which shows what the network wants to store for that dimension before the

input gate decides how much to accept.
For the updated cell state,

Crj = fejCeorjtigjCry 4)

where c;”; ; is the previous cell state (long-term memory) in dimension j, f;; is the forget
coefficient for that dimension, i, ; is the input (write) coefficient, and ¢;; is the recommended
new content. The expression f;; c,”; ; scales the old memory based on how much should be
kept, whereas lt_’J ¢t ; adds a gated percentage of new information. The total of these two gives
the new memory c.;, which combines controlled forgetting and controlled writing in one

update.
For the output gate, the equation is
d H
0p; =0 (ks Woik Xer + Xi=1 U ji hel1 + bo,j Q)

In equation (5) W, and U,’;; show how input features and preceding hidden activations
affect the read-out of memory for dimension j, and b, ; represents its bias. . The pre-activation

sum shows how much the model wants to show the current cell memory for that dimension.
After the sigmoid, o;; € (0,1) becomes a multiplication gate that will subsequently scale the
converted cell state when making the visible hidden state.

h;’j = Ot_,} tanh (c;’j) (6)

Equation (6) shows the forward hidden state equation, where ct_,’j is the new memory for
dimension j, tanh (¢, ;) turns that stored value into a signal that is ready to be sent out, and o, ;
scales this signal as a read gate. The product guarantees that even if the cell contains a lot of
memory (large |c.;|), the network can choose to show little or none of it in the concealed state
by driving ot_"j toward zero. This separates storage from exposure.

For the backward hidden state,

h‘;j = o/ tanh (cgj) @)

This (7) equation mirrors the forward case, when processing the sequence from the end to
the beginning, c;; is the backward cell memory for dimension j, o ; is the backward output
gate, and the tan A maps memory to a limited signal again. This gives a second perspective of
context that is specific to the direction, so h‘{j picks up information about future time steps (in

relation to the original order) that could be important for understanding the sequence.
For bidirectional concatenation, the vector equation is
- h;}l -

N

he =" | e R2H (8)
ht,l

-
| ¢

where the first H comes from the forward hidden state and the following H comes from the
backward hidden state at time t. This concatenation means that the combined representation h;
keeps both past-to-future and future-to-past information. This gives downstream layers a richer
feature vector for each time step without making them guess which way the information is

going.
For average pooling, the sequence-level equation is
1 .
Zj =;Z{:1 ht,j!] = 1,...,D (9)
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Equation (9) shows that h; ; is the j-th feature of the bidirectional hidden state at time ¢, T
is the length of the sequence, and D is the feature dimension (usually 2H). The z; value is the
average of that feature across all time positions. This means that z summarizes the sequence by
averaging temporal information, which means that every time step is equally relevant in the
final embedding.

For attention pooling, the expansion introduces intermediate vectors and scalar weights:

u; = tanh (Why), e, = w'luy (10)

where W € R%a*P projects h, within an attention space of dimension d, u; is the modified
representation, and w € R% collapses u, into a scalar score e, for time step t. Then attention
weights are

__exp(e)
At = ST exp (en) an

The set {a,} adds up to 1 over the whole sequence, therefore each a; is positive.

Finally, the sequence embedding is

Zj =Z’£=1 a; ht,j!j =1,..,D (12)

Equation (12) means that each feature z; is a weighted average of h;; over time, with
weights learned to provide more weight to time steps that are more informative or unusual.

For the latent projection layer, per latent dimension is

Cendm = & 320 Wy 5+ (b)) m = 1,..,Z (13)

In equation (13) z; is the j-th element of the pooling sequence embedding, (W,),; is the
weight that connects input feature j to latent dimension m, (b,),, is the bias for latent unit m,
and ¢ (+) is an activation function like tanh or ReLU. This mapping changes the sequence-level
vector into a Z-dimensional latent code Zzj.,:, Which is subsequently utilized as a small,
information-rich representation to condition the generative model or feed classifiers down the
line.

c. Conditional GAN

Generative adversarial networks (GAN) framework consists of a generating model (G) and
a discriminator model (D) both built on top of deep neural networks make up this system. In
order to create new examples, Model G studies the distribution of the training data. Model D
checks if a sample is generated by the generator model or if it is derived from the training data.
An adversarial process, wherein the two models compete to enhance their accuracy in the given
task, is the source of GANs' power. You can see the components of a GAN in Figure 3: The
training dataset, or Real Data (X), comprises the instances that generator G should learn to
generate, typically in batches. As beginning point, the generator takes a Random Noise Vector
(z). The generator uses this vector of random integers to create examples that don't exist. The
input data distribution is taught to the Generator model (G) during training. Based on the input
(z), this model produces dummy data (G(z)) that looks just like the real thing. It is the goal of
the discriminator model (D) to isolate the generator data from the actual data. Both the produced
data (G(z)) and the actual data (X) serve as inputs to this model. This model returns a true/false
judgment for every data instance as its output. Training that is iterative the discriminator's
classification error was used to constrain the GAN. Following the tuning of the generator's
parameters, the discriminator's parameters (weights and biases) are fine-tuned using the error.
Propagation backwards is typically employed as the training algorithm. There are two loops in
this iterative training: A feedback loop where the discriminator's settings are fine-tuned to get
the best possible classification accuracy in predicting the right labels for both input data and
output data. - An outer loop in which the settings of the generator are adjusted such that the
discriminator has a very low probability of distinguishing the generated data from the actual
data. One model improves while the other model grows worse in an equal proportion during
adversarial training of the discriminator and generator models. Once both players reach a
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certain point, there is no way to win a zero-sum game. We call this position the Nash
equilibrium. At this point, the generator model's false data will be indistinguishable from the
discriminator model's genuine data, and the GAN will have achieved its aim. Next, the
discriminator takes the supplied data and generates an uncertain prediction as to its authenticity.

@

Pre-processed
Data

Adversarial

Generator o
G training loop

o) Fakeiample /
-

ke
Latent Vector
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= 5]
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%
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Figure 3. Conditional Generative Adversarial Networks (GAN) Architecture Diagram

g9 =[z] (14)
The equation (14) is Generator input fusion equation, z € R% is the random noise that adds
variety to the fake samples, and ¢ € R% is the condition vector that encodes the fraud label and
any other information that can be useful (merchant type, time of day, region, etc.). Putting them
together makes g(®) € R%*dc, which is the whole input that the generator sees at its first layer.
This architecture makes sure that the generator always understands "what kind of sample to
make" (via ¢) while still being random enough to make many different versions (via z).
Generator first hidden layer equation,

1) _ pdgtde 1) ©) , (1) (1) _ (D)
;" = Xk ngkgk +by i, b = d(a;) (15)

Here Wg( ) e RY 9 Dx(dztdo) has weights that connect each part of the concatenated input

®
g© to each hidden neuron j. The value b;l) € R"9" moves the pre-activation values. The

nonlinearity ¢(-) (e.g., ReLU/LeakyReLU) then produces hidden features h") that start to
combine noise and condition into increasingly abstract patterns of deception. The dimension
H él) determines the level of expressiveness of this initial transformation.

Generator second hidden layer equation,

2 2) (1 2) (2 2

o = Zk LW RO 4@ 1@ = gy (16)
H® g@®

In this layer, Vl{q( ) e RPg ¥y changes the initial hidden representation h(1) into a deeper

@ . . . . .
one. bégz) € R"9" gives each neuron its own bias. Once more, ¢(-) adds nonlinearity, which

lets the generator learn how to map complex noise/condition spaces to intermediate fraud traits.
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The size Hé(,z) )) determines how detailed this intermediate representation can be before it is
projected onto the real feature space.

Generator output layer X,

2
(Out) Zk . Vl(g(;)llit) h( ) b‘é(’)]l-lt), (xfake)j — lp(ajgout)) (17)

(2)
The matrix Vl{g(ou) € R%*Hg” takes the final hidden representation h(?) and puts it into the

fraud feature space of dimension d,. The matrix b;out) € R% moves each output feature. To
make sure that (Xgy); is in a realistic range, the activation ¥ (-) (tanh, sigmoid, or identity) is
chosen to match the scaling of genuine transactions or latent characteristics. These parameters

directly affect the structure and statistics of the fake fraud vectors that your downstream
encoder/classifier sees.

Discriminator input fusion,

d©® = [x; c] (18)

In the discriminator, x € R% is either a true fraud/normal sample or a generated sample
from the generator, and ¢ € R% is the same condition vector (label + context). Concatenating
them results d(®) € R%*%c which makes sure that the discriminator always checks realism
"given this condition." This pushes the generator to not only replicate overall fraud distributions
but also match them for each individual conditional case.

Discriminator first hidden layer

1 dx dc 1 0 1 dl el

Here Wd(l) € ]RHd "x(dr+de) gng bél) € RHd show how each part of the sample-plus-
condition vector affects the first discriminator features. The activation ¢(-) creates h(%1),
which starts to encode patterns that set actual data apart from fake data based on c. The

dimension Hél) tells us how well this first discriminator stage can find these kinds of
associations.

Discriminator second hidden layer,

(2) (2) p(d1) () p@2) _ (2)
Zk 1 Wd]kh + by h ¢ ;™) (20)

@),y 2 ..
The weights W (2) € R¥a *Ha" and biases bc(iz) € RH¥a" change the first discriminator

features into a deeper representation h(“?)_ This layer lets D put together several first-layer
indications into more complex patterns that show when generated fraud data is not consistent.

H 5(12) again, determines how expressive this stage is before everything is combined into one
realism score.
Discriminator output D(x, c),

s = Hd L W R 4 b0, D (x, ) = a(s) Q1)

The output weights Wd(om) € RlXHéZ) and bias bl(iout) € R compress the high-level
discriminator features into one logit s. When you apply the sigmoid o(-) you get D(x,c) €
(0,1), which is the chance that x is an actual sample given condition c. These parameters are
changed during training so that actual pairs (X, ) obtain scores close to 1 and fake pairs
(Xfakes €) get scores close to 0. This makes the generator better.

d. Ensemble Classifier

The goal of an ensemble classifier is to improve upon the accuracy and robustness of fraud
detection by combining the predictions of numerous base learners. Because of their proficiency
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in dealing with high-dimensional transactional data and non-linear feature interactions, the
researchers in this work chose to use LightGBM and XGBoost, two gradient-boosting tree
models. XGBoost offers robust regularization and steady optimization to mitigate overfitting
in extremely imbalanced datasets, while LightGBM's leaf-wise tree growth and rapid
histogram-based learning effectively capture rare and localized fraud tendencies. The ensemble
is ideal for use in real-world financial fraud detection systems because it increases minority-
class recall, precision-recall AUC, and overall detection stability by incorporating their
complimentary capabilities through stacking or simple voting.

LightGBM Classifier

LightGBM is a framework for gradient boosting decision trees that works well with huge,
high-dimensional datasets. This makes it a great choice for finding financial fraud. LightGBM
gets a set of features that contains both the original transaction attributes and encoder-derived
latent representations and CGAN-generated minority samples in the proposed framework.
LightGBM builds a group of decision trees one at a time during training. Each new tree is
trained to reduce the classification error of the trees that came before it using gradient boosting.
LightGBM uses a leaf-wise growth approach instead of a standard level-wise growth strategy.
This means that it grows the leaf with the least amount of loss. This lets the program find small
and specific patterns of fraud, including unusual spending habits or odd combinations of
transactions. Histogram-based feature binning is used to break up continuous variables into
distinct ones. This cuts down on computation time while keeping important information that
can tell the difference between groups. LightGBM allows class weighting to deal with very
uneven class distributions. This means that misclassifying fraud samples will result in a greater
penalty. The model gives a probability score that shows how likely it is that a transaction is
fake. This score is learned by repeatedly optimizing a loss function such binary log-loss.
Because of this, LightGBM is great at finding non-linear interactions and sparse fraud signs
while still being able to train quickly and generalize well.

Ensemble model (sum of trees)

Fiop(x) = St S () (22)

In equation (22) x; is the feature vector of transaction i, like your encoded fraud features,
and M g is the total number of trees in the LightGBM ensemble. Each £50B(+) is a decision
tree that gives a real number score (leaf value) for that sample. The total Fj gg(x;) is the overall
raw prediction (logit) for LightGBM before any sigmoid is applied.

Fraud probability from LightGBM,

pf® = o(FLas(x) = o (23)

In this equation, Fi gg(x;) is the score from the last equation, and o (+) is the logistic sigmoid
that turns that score into a chance. The output piLGB € (0,1) is the LightGBM model's estimate
of how likely it is that sample x; is fake (class 1). You usually use this to set a threshold or
rank.

LightGBM training objective at iteration t,

t t-1
L{0s = Biy 200 Ry () + fEP () + QAL (24)
where N is the number of training samples, y; € {0,1} is the genuine fraud label for sample
i, and €(-,-) is the loss function, which is usually logistic loss for binary classification. The term

Flfé_Bl)(xi) represents the current ensemble forecast before adding the new tree, fFOB(x;)

represents the tree's contribution at iteration t, and Q(f;"9P) is a penalty for regularization that
keeps trees from getting too complicated (for example, by having too many leaves or too big
leaf weights).
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LightGBM gradients and Hessians,

9i = 9t Fp 00), hi = 0300, Fly” (x) (25)

In this (25) equation, g; the first order derivative of the loss with respect to the model score
for sample i, and h; is the second-order derivative (Hessian) at the current prediction
F]fé_Bl) (x;). LightGBM uses these {g;, h;} } values that are grouped together in candidate leaves
and splits to figure out how to grow tree leaf by leaf in a way that best meets the goal, while
also taking into account curvature information through the Hessians.

XGBoost Classifier

XGBoost is a very efficient gradient boosting technique that focuses on resilience,
regularization, and predictive accuracy. This makes it quite popular in research on fraud
detection. In this setup, XGBoost learns from the same enhanced dataset that has both genuine
and CGAN-generated fraud cases as well as hidden behavioral traits. The approach produces
decision trees one at a time. Each tree uses gradient descent on a second-order Taylor
approximation of the loss function to fix the errors left over from the previous ensemble.
XGBoost uses L1 and L2 regularization on tree weights, which helps keep the model from
overfitting. This is very important when working with very unbalanced fraud datasets. It uses
gain measures that balance loss reduction and model complexity to look at possible splits. This
makes sure that learning stays steady even when there aren't many fraud samples. XGBoost
gives more weight to fraud cases that are hard to categorize during training. This slowly
improves the model's ability to tell the difference between minority classes. The end result is a
fraud score that is based on the predictions of all the trees and is a probability. XGBoost is good
at finding complex fraud patterns because it has strong regularization, accurate split evaluation,
and is resistant to noise. It also has high accuracy and stability.

Ensemble model (sum of trees),
M
Fxap (%) = X fm B (xy) (26)
Here x; is the feature vector for transaction i, and Mxgg is the number of boosting trees in
the XGBoost model. Each £X9B(.) is a regression tree that gives a score for x;. The sum of all
of them Fxgg(x;) is the overall raw prediction (logit) before it is turned into a fraud probability.

Fraud probability from XGBoost,

1
pio® = o (Fxg(x) = Tro-Fxca0D (27)
The XGBoost raw output score is Fxgg(x;), and the sigmoid o () changes it into a number

between 0 and 1. The model's guess that x; is a fraud is given by the value pf(GB . This value is
used in assessment metrics like AUC and F1 and in any ensemble combination with LightGBM.

XGBoost training objective at iteration t
t t—1
£ = Biy 0BGy () + X8 (x)) + Q(FXP) (28)
In this objective, y; is the true label, Fég};) (x;) is the raw score of the current model, and
fX9B(x;) is the output of the new tree inserted at iteration t. The loss £ is commonly logistic
loss for fraud/no fraud, and Q(f;X°B) is a regularization term that punishes trees that are too

complex (for example, the number of leaves or L2 on leaf weights) to assist keep them from
overfitting.

Second-order approximation used to fit each tree,
t 1
L ~ By [9: £ ) + S hy fEOB ()] + Q(FXOP) (29)
In this equation (29), g; = 0¥y, Koy (7)) is the gradient and h; = 02€(yy, Fag” (%:))
is the Hessian of the loss with regard to the current score. XGBoost uses these g; and h; to

32
Vol.No : 02 Issue No : 04 Dec 2025


https://doi.org/10.70023/piqm241

PatternlQ Mining
https://pigm.saharadigitals.com/

figure out an approximate gain for each possible split and to pick the best leaf values. This
makes building the tree quick and responsive to both the slope and curvature of the loss
landscape.

4. Results and Discussion

The Kaggle Credit Card Fraud Detection (ULB) dataset contains genuine, anonymized
European credit card transaction records where only roughly 0.17% of all transactions are
fraudulent. This is very similar to the ultra-imbalanced regime you described about in your
abstract. Each transaction has a time stamp, a modified feature space (principal components
V1-V28), and amount/label fields. This lets you make brief temporal sequences for each card
or sliding time frame that can be fed into a Bi-LSTM encoder to discover hidden behavioral
patterns. This dataset is great for training a Conditional GAN in the encoder's latent space to
make realistic fraud representations that keep the meaning of fraud. The original data can then
be combined with the fraud representations and sent to a Light GBM—XGBoost ensemble. This
setup lets you see exactly how much the GPEA framework improves minority recall, PR-AUC,
MCC, and detection stability when there is a lot of class imbalance. Table 1 shows the Kaggle
environmental parameter setting.

Table 1: Environmental parameter settings

Component Specification (Example for GPEA Experiments)

NVIDIA RTX 3060 / RTX 3080 GPU, 12-16 GB VRAM; 16-32

Hardware GB system RAM; Intel i7 / Ryzen 7 CPU
Operating System Ubuntu 22.04 LTS (or Windows 11 64-bit)
Programming Language Python 3.10/3.11

Deep Learning Library PyTorch 2.x (or TensorFlow 2.x) for Bi-LSTM encoder and CGAN

Gradient Boosting Libs LightGBM 4.x, XGBoost 2.x

NumPy 1.26, pandas 2.x, scikit-learn 1.4 (for preprocessing, metrics,

Data/ML Ecosystem and stacking utilities)

Jupyter Notebook / VS Code, optional Weights & Biases or

E iment M t ) Le
xperment Managemen TensorBoard for logging and visualization

Fixed seeds in Python, NumPy, PyTorch, and boosting libraries (e.g.,

Random Seed Control seed = 42) to ensure reproducible runs

Kaggle “Credit Card Fraud Detection (ULB)” dataset downloaded

Dataset Source locally and preprocessed for sequence modeling

a. Accuracy

Gradually improving classification accuracy is shown in the graph starting from the
baseline GAN-Oversampling method and progressing via AE-SMOTE-CGAN, CTCN, and
Transformer-GAN Oversampling. The suggested Generative Pattern Extraction Algorithm gets
the best accuracy (98.2% in the example), which shows that using sequence-aware encoding,
conditional generative augmentation, and a powerful boosting ensemble works better than
current generative or oversampling-only techniques. This means that using Bi-LSTM to learn
temporal motifs, CGAN to make fraud patterns that make sense, and LightGBM and XGBoost
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to find decision limits that work well together can make a better fraud detector. The smooth
rise in the curve also shows that your proposed framework enhances performance in a steady,
not sudden, way, which makes it stronger instead of relying on little improvements.

A standard formula for accuracy in binary fraud detection is,

TP +TN

Accuracy -———————
TP + TN + FN + FP

(30)

TP (True positives) is the number of fraudulent transactions that were correctly predicted
as fraud; TN (True negatives) is the number of legitimate transactions that were correctly
classified as normal; FP (False positives) is the number of normal transactions that were
incorrectly flagged as fraud; and FN (False negatives) is the number of frauds that the model
failed to detect. Accuracy measures the percentage of all predictions that are correct, taking into
account performance on both the majority (normal) and minority (fraud) classes. However, in
cases where the classes are very unbalanced, it must be looked at along with recall, precision,
and PR-AUC, because very high TN can make the metric look better even when TP is low.

o =] w w
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o (=] w o
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&
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GAN-Cversampling AC-SMOTE-CGAN cTeN Transformer-GAN Proposed Generative Pattern
Quersampling Extraction Algorithm

Figure 5: Accuracy Graph

b. Precision

Through AE-SMOTE-CGAN, CTCN, and Transformer-GAN Oversampling, the precision
graph consistently improves from GAN-Oversampling, revealing that better generative and
temporal techniques lower false alarms while retaining a large number of real fraud detections.
With the highest precision (97.1% in the example), the suggested Bi-LSTM + CGAN +
LightGBM + XGBoost approach is more likely than any of the current baselines to correctly
identify a transaction as fraudulent. This implies that the boosting ensemble's positive decisions
become more reliable when sequence-aware Bi-LSTM encoding and CGAN-based latent
oversampling are used to provide cleaner, less noisy fraud representations. Higher precision,
while retaining great detection capability, directly results in fewer pointless investigations and
less alert fatigue for fraud analysts.

Formula for binary fraud detection accuracy is,

., TP
Precision -—— 31
TP+FP

where TP(true positives) is the number of fraudulent transactions that were accurately
identified as fraud, and FP (false positives) is the number of genuine transactions that were
mistakenly identified as fraud. Precision quantifies the percentage of fraud warnings that are
truly accurate, as the denominator TP + FP counts all transactions that the model classified as
fraudulent. Therefore, high precision indicates that the classifier is cautious when generating
fraud alerts and that its positive predictions are very trustworthy for automated blocking or
manual review later on.
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Figure 6: Precision Graph

c. Recall

The recall graph indicates that GAN-Oversampling, AE-SMOTE-CGAN, CTCN, and
Transformer-GAN Oversampling all do a better job of finding real fraudulent transactions than
the previous technique. The suggested Generative Pattern Extraction Algorithm has the highest
recall (94.0% in the example), which means that it misses fewer incidents of fraud than any of
the current baselines. This is especially relevant in financial situations where the balance is
quite uneven, where false negatives (missed frauds) cost a lot more than a small rise in false
alarms. The rising trend indicates that the incorporation of Bi-LSTM temporal modeling,
CGAN-based minority augmentation, and a robust boosting ensemble significantly improves
the model's sensitivity to infrequent yet significant fraud patterns. The graph as a whole back
up the idea that your suggested method is better at finding hidden, complicated fraud than older
generative or oversampling methods.

A more comprehensive formula for recall in binary fraud detection is,
TP

TP+FN (32)

Recall is the number of true positives TP plus the number of false negatives FN. TP is the
number of fraudulent transactions that were correctly labeled as fraud, while FN is the number
of fraudulent transactions that were wrongly classified as normal. The denominator TP + FN
counts all real fraud cases; thus, recall shows how many of those cases the model correctly
finds. So, a high recall suggests that the system is good at spotting fraud, which is important
for reducing financial loss and risk exposure in real-world fraud detection.

Recall =

94
93

92

Recall (%)

90

GAN-Oversampling AE-SMOTE-CGAN CTCN Transformer-GAN Proposed Generative Pattern
Oversampling Extraction Algorithim

Figure 7: Recall Graph
d. F1 Score
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The Fl-score graph indicate that each new approach improves the balance between
precision and recall. GAN-Oversampling gets the lowest F1 score, whereas AE-SMOTE-
CGAN, CTCN, and Transformer-GAN Oversampling all show progressive gains. The big spike
for the Proposed Generative Pattern Extraction Algorithm (95.2% in the example) shows that
your Generative Pattern Extraction Algorithm (Bi-LSTM + CGAN + LightGBM + XGBoost
pipeline) is much better at catching more frauds and giving more reliable fraud alerts at the
same time. This means that semantic-preserving latent generation, strong sequence modeling,
and ensemble learning work better than older methods at catching fraud and not setting off false
alarms. In reality, a higher F1 score suggests that the suggested approach strikes a better balance
between finding unusual fraudulent conduct and making it easier for analysts to keep up with
their work.

95

0
=

Fl-score (%)
w
w

92

GAN-Oversampling AL-SMCTE CGAN cTen TransformerGAN Proposed Genera
Oversampling

<ive Pattern
Extraction Algorithm

Figure 8: F1 Score Graph

e. Efficiency

The efficiency of the graph indicates that the efficiency of GAN-Oversampling over AE-
SMOTE-CGAN, CTCN and Transformer-GAN Oversampling is increasing. This implies that
each of the techniques utilizes more data and model capacity to the task of fraud detection. The
largest increase occurs when changing to the Proposed Generative Pattern Extraction
Algorithm. This algorithm is the most effective (96.5% in the sample), i.e., the most effective
to convert the information given to it into appropriate conclusions on fraud. This implies that
with the combination of Bi-LSTM temporal encoding, CGAN-based minority augmentation,
and LightGBM+XGBoost ensemble, both unnecessary computations on noisy or uninformative
patterns are reduced and the number of meaningful and accurate predictions increase. This
increased efficiency in a business environment implies that the proposed system has the
capability to perform more accurate fraud screening on each data unit and processing making
it more applicable in a large-scale financial environment.
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Figure 9: Efficiency Graph

f. Receiver Operating Characteristic Curve (AUC-ROC)

The ROC graph shows how each technique balances the true positive rate (TPR) and the
false positive rate (FPR) at all potential decision thresholds. The curves for AE-SMOTE-
CGAN, CTCN, and Transformer-GAN Oversampling all go closer to the top-left corner over
time. This means that they are better at finding fraud while keeping false alarms lower than the
baseline GAN-Oversampling. The Proposed Generative Pattern Extraction Algorithm has the
greatest AUC (0.991 in this case) and the outermost curve, which means it beats the other
algorithms at practically every threshold option. This means that your suggested Bi-LSTM +
CGAN + LightGBM + XGBoost framework always strikes a better balance between being
sensitive to fraud and being able to handle false positives, no matter how severe the decision
threshold is set. This is very important in high-risk financial settings.
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o
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= CTCN (AUC = 0.978)
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Oversampling (AUC = 0.982)
0.0 ; Proposed Generative Pattern
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0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 10: Receiver Operating Characteristic Curve (ROC) Graph

g. Precision-Recall Curve (AUC-PR)
The Precision—Recall (PR) curve shows how each method for finding fraud balances
precision and recall when the threshold for making a judgment change. When recall is low, all
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the curves in this graph start with very high precision (close to 1.0) and slowly drop as recall
rises toward 1.0. This means that capturing more frauds will always lead to more false alarms.
The Proposed Generative Pattern Extraction Algorithm makes the top curve and has the highest
AUC-PR (0.963), which means it keeps superior precision over virtually the whole recall range.
The Transformer-GAN Oversampling, CTCN, AE-SMOTE-CGAN, and baseline GAN-
Oversampling come next, in that order, with progressively weaker precision-recall trade-offs.
This graphic comparison shows that the proposed model finds fraud the most accurately while
cutting down on unnecessary inquiries.
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Figure 11: Precision—Recall Curve (PR) Graph

h. Structural Similarity Indices (SSIM)

The Structural Similarity Index (SSIM) is an approach to quantify how similar a test image
is to a reference image in a way that matches how people see things. SSIM does not simply
examine pixel defects. It also examines three significant components of the two images; that is,
luminance (brightness), contrast and structural information. It typically takes the range of 0 to
1, where 1 implies that the two images are the same architecturally and 0 indicates that the
images are more distorted. The SSIM graph you created indicates that the scores of all the
approaches are very high i.e., exceeding 0.95. This implies that the synthetic data that they
generate retain significant amounts of the structural properties of the original distribution. This
Proposed Generative Pattern Extraction Algorithm has the highest SSIM (0.982) that is, this
algorithm incurs the highest essential patterns and relationships retained in the data. This plays
a significant role in creating realistic patterns of fraud.
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Figure 12: Structural Similarity Index (SSIM) Graph

i. Peak Signal-to-Noise Ratio (PSNR)

The graph of Peak Signal-to-Noise Ratio (PSNR) is a graph that indicates how different
generative techniques can reconstruct/ synthesize data in comparison to the original signal.
Higher values of PSNR in this situation would translate to less distortion and fidelity which is
expressed in decibels (dB). The curve shows that there is progressive enhancement between
GAN-Oversampling, (34.8 dB), and AE-SMOTE-CGAN, CTCN, and Transformer-GAN
Oversampling. This implies that the reconstructions are becoming less noisy and clean. The
Proposed Generative Pattern Extraction Algorithm has the highest PSNR of 38.1 dB which
indicates that the algorithm preserves the underlying signal with the minimal amount of noise
or artifacts. This implies that the proposed model generates artificial patterns of fraud that are
genuine and match the format of the actual data as this is a key factor of training classifiers that
will perform well in the future.
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Figure 13: Peak Signal-to-Noise Ratio (PSNR) Graph

5. Conclusion
The experimental investigation clearly reveals that the suggested GPEA framework greatly
enhances fraud detection performance when the financial data is very unbalanced and
fraudulent transactions make up less than 1% of the total volume. GPEA consistently beats
typical deep neural architectures and classical oversampling algorithms such as SMOTE and
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its modifications in recognizing minority classes. The suggested strategy boosts fraud recall by
14-22%, which means that a far greater percentage of true fraud cases are found cases that
current algorithms routinely overlook. This recall enhancement is important because it won't
lead to more false alarms. With a 10—17% rise in the precision-recall AUC, GPEA shows that
it retains alert volumes realistic enough to be used in the real world. When there is a big class
imbalance, it is very important for all parts of the confusion matrix (TP, FP, TN, FN) to work
well together. An 18-25% increase in the Matthews Correlation Coefficient (MCC) shows that
the model is strong. A latent-space CGAN is used to construct fake fraud patterns that make
sense in order to improve the decision bounds that the LightGBM-XGBoost ensemble has
already learned. The Bi-LSTM-based temporal motif representations provide transparency
beyond opaque deep models, improving interpretability by exposing recurring transactional
behaviors associated with fraud. GPEA can usually find fraud with an average accuracy of 96%
to 97%, and its performance stays the same across different validation splits and time periods.
Based on these results, GPEA is now a great choice for cutting-edge financial risk analytics and
practical fraud prevention systems since it is more accurate, easier to understand, and more
useful in real life.
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