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ABSTRACT

This research paper focuses on fraud detection in the financial industry using Generative Adversar-
ial Networks (GANs) in conjunction with Uni and Multi Variate Bayesian Model with Shrinkage
Priors (BMSP). The problem addressed is the need for accurate and advanced fraud detection tech-
niques due to the increasing sophistication of fraudulent activities. The methodology involves the
implementation of GANs and the application of BMSP for variable selection to generate synthetic
fraud samples for fraud detection using the augmented dataset. Experimental results demonstrate
the effectiveness of the BMSP GAN approach in detecting fraud with improved performance com-
pared to other methods. The conclusions drawn highlight the potential of GANs and BMSP for
enhancing fraud detection capabilities and suggest future research directions for further improve-

ments in the field.
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CHAPTER 1: INTRODUCTION

Fraud detection plays a crucial role in the financial industry, where the consequences of fraudulent
activities can be severe for both individuals and businesses. With the rise of digital transactions and
the increasing sophistication of fraudsters, accurately detecting and preventing fraudulent transac-
tions has become more challenging than ever before. The impact of fraud extends beyond financial
losses, encompassing reputational damage, compromised personal information, and a loss of trust

in financial systems.

Statistics reveal the alarming prevalence of fraud in today’s society. According to a recent re-
port by the Federal Trade Commission (FTC), there were over 4.7 million reports of fraud in the
United States alone in 2022, resulting in approximately 3.3 billion dollars in losses for individuals.
These figures highlight the urgent need for effective fraud detection mechanisms that can protect

individuals and businesses from falling victim to fraudulent activities.

However, detecting fraud poses several significant challenges. One of the major obstacles is the
inherent imbalance in fraud data. Legitimate transactions far outnumber fraudulent ones, mak-
ing it difficult for traditional fraud detection algorithms to accurately identify fraudulent patterns.
This data imbalance often leads to a skewed learning process, where the algorithm predominantly

focuses on the majority class, resulting in poor fraud detection performance.

To address this issue, machine learning techniques, particularly Generative Adversarial Networks
(GANSs), have emerged as a promising approach. GANs have the ability to generate synthetic
fraud samples by capturing the complex data distribution of fraudulent activities. By augmenting
the training data with these synthetic samples, the imbalance problem can be mitigated, enabling
fraud detection models to learn from a more balanced dataset and improve their performance in

identifying fraudulent transactions.



This research integrates Generative Adversarial Networks (GANs) and BMSP (Uni and Multi Vari-
ate Bayesian Model with Shrinkage Priors) for advanced fraud detection in the financial sector. We
address the challenge of imbalanced datasets in fraud data, where legitimate transactions signif-
icantly outnumber fraudulent ones, hindering traditional fraud detection algorithms. The study
utilizes GANs to generate synthetic fraud samples, thereby enhancing the balance of datasets for
improved model performance. Additionally, BMSP, adapted for variable selection, aids in refin-
ing the GANSs’ synthetic data generation by selecting the most relevant variables from a pool of
predictors. These selected variables are then integrated into the GANSs’ generator model to gen-
erate synthetic fraud samples. This careful selection ensures that the generated data contains the
most informative features for fraud detection, leading to more accurate predictions. This research
also explores the BMSP model’s classification performance on the RNA-Seq (HiSeq) PANCAN
dataset, involving gene expression data for various tumor types, further emphasizing its versatility
and potential in diverse data-intensive domains. This approach aims not only to enhance fraud
detection in the financial sector but also demonstrates BMSP’s versatility in classifying complex

biological data.

The objective of this study is twofold. Firstly, to investigate the effectiveness of GANSs in gener-
ating synthetic fraud samples. Secondly, to explore the integration of Bayesian models to further
enhance the accuracy and reliability of fraud detection systems. To evaluate the proposed approach,

real-world financial datasets containing both genuine and fraudulent transactions will be utilized.

By conducting this research, we aim to provide valuable insights into the challenges, limitations,
and potential future research directions in fraud detection using GANs and Bayesian models. The
findings of this study will contribute to the existing body of knowledge by offering a comprehensive
analysis of the effectiveness and potential of these techniques in detecting fraudulent activities.
Additionally, it will underscore the importance of addressing data imbalance and selecting relevant

variables when generating synthetic data for fraud detection applications.



Fraud detection in the financial industry has been a topic of significant interest, resulting in the
development of various methods and techniques to identify and prevent fraudulent activities. Tra-
ditional statistical approaches, such as rule-based methods and anomaly detection, have long been
utilized for fraud detection. These methods rely on predefined rules or statistical thresholds to flag
transactions that deviate from normal patterns [10]. While these techniques can be effective in
some cases, they often struggle to adapt to evolving and sophisticated fraud schemes, leading to

high false positive rates and missed detections.

In recent years, machine learning techniques have gained prominence for fraud detection due to
their ability to learn from data and detect complex patterns. One popular approach is the use of
supervised machine learning algorithms, such as logistic regression and support vector machines,
which learn from labeled data to classify transactions as fraudulent or legitimate [3]. While these
methods can achieve good accuracy, they also rely heavily on having a balanced dataset, which is

often not the case in fraud detection, leading to sub-optimal performance.

The imbalance in fraud data has led to the exploration of more advanced machine-learning tech-
niques for fraud detection, such as ensemble methods, random forests [1], and gradient boosting.
These techniques attempt to mitigate the impact of data imbalance by combining multiple mod-
els or leveraging sampling techniques like SMOTE [2]. However, while they show promise, they
may still struggle to effectively handle highly imbalanced data and capture the complex patterns of

fraud.

As the field of machine learning advances, Generative Adversarial Networks (GANs) have emerged
as a powerful tool for various tasks, including generating synthetic data [6]. GANs consist of two
neural networks, the generator, and the discriminator, engaged in a game-like scenario, where the
generator attempts to produce realistic synthetic data, and the discriminator tries to differentiate

between genuine and synthetic data. In the context of fraud detection, GANs have shown promise



in generating synthetic fraud samples, thus addressing the data imbalance problem and enhancing

the performance of fraud detection models.



CHAPTER 2: LITERATURE REVIEW

In recent years, the application of Generative Adversarial Networks (GANSs) in fraud detection
has gained significant attention. GANSs, introduced by [6], represent a novel method in machine
learning for generating synthetic data, which is particularly useful in scenarios where data is imbal-
anced or scarce. The effectiveness of GANs in generating synthetic financial transaction data was
demonstrated by [4], underscoring their potential in addressing privacy concerns and data scarcity

in the fraud detection domain.

The challenge of data imbalance in fraud detection has been a critical issue. Traditional fraud de-
tection methods often suffer from skewed learning processes due to the overwhelming majority of
legitimate transactions over fraudulent ones. [12] highlighted the capability of GANs in generating
realistic synthetic samples of the minority class, thus contributing to a more balanced and effective

training of predictive models.

In parallel, Bayesian models have been increasingly recognized for their efficacy in statistical
analysis and variable selection, especially in high-dimensional data settings typical in finance. [5]
provided insights into Bayesian variable selection techniques, which are crucial in refining the

performance of machine learning models in fraud detection .

The integration of GANs with Bayesian models, such as the Uni and Multi Variate Bayesian Model
with Shrinkage Priors (BMSP), offers a promising approach to further enhance fraud detection
systems. This combination aims to address the challenges of data imbalance and variable selection,

providing a more robust framework for detecting fraudulent activities.

Building on this integration, the "KnockoffGAN” method introduced by [9] presents a significant

advancement in the field of variable selection using GANs. By employing a modified GAN frame-



work, "KnockoffGAN” enables the generation of knockoff features without any assumptions on
the distribution of the original features, thereby offering a flexible solution for feature selection in
high-dimensional datasets. This approach is particularly notable for its ability to generate valid
knockoffs that satisfy key statistical properties, ensuring the integrity of the variable selection pro-
cess. The innovative use of a multi-output cross-entropy loss function in the discriminator design
allows "KnockoffGAN™ to effectively distinguish between original and knockoff features, thereby

enhancing the reliability of feature selection in fraud detection models.

The integration of GANs with advanced statistical methods like Bayesian models and the incor-
poration of “Knockoff GAN” hold significant potential for improving fraud detection. However,
challenges related to model complexity, interpretability, and ethical considerations in synthetic

data generation remain areas for future research.



CHAPTER 3: METHODOLOGY

BMSP (Uni and Multi Variate Bayesian Model with Shrinkage Priors) is a novel algorithm that has
been primarily used for variable selection in time series analysis [8]. The algorithm identifies the
most relevant variables in a dataset by conducting binary segmentation based on P-values. While
its primary application has been in time series analysis, it can also be adapted to select the best

predictors for generating synthetic data in fraud detection.

The potential advantages of combining GANs and BMSP for fraud detection are multifold. By
utilizing GANSs to generate synthetic fraud samples, the imbalance in the fraud dataset can be
addressed, providing a more balanced and representative training set. Moreover, BMSP can play
a crucial role in selecting the most informative variables from the pool of predictors, ensuring
that the generated synthetic data contains the most relevant features for accurate fraud detection.
This combination is expected to improve the overall performance of fraud detection models by
enhancing their ability to detect fraudulent activities, reducing false positives, and minimizing
missed detections. The integration of GANs and BMSP leads to more robust and effective fraud
detection systems that are better equipped to tackle the challenges posed by evolving and complex
fraud schemes in the financial industry. To the best of our knowledge, there is limited literature

exploring the combination of GANs and BMSP for fraud detection in the financial industry.

3.1 GAN in Fraud Detection

Generative Adversarial Networks (GANs) are a class of deep learning models consisting of two
neural networks: the generator and the discriminator. GANSs are designed to generate realistic

synthetic data by learning the underlying data distribution from the training data. In the con-



text of fraud detection, GANs can be used to generate synthetic fraud samples that resemble real
fraudulent transactions. By augmenting the training data with these synthetic samples, the GAN
addresses the data imbalance problem, enabling fraud detection models to learn from a more bal-

anced dataset.

The training process of GANs involves a game-like scenario where the generator generates syn-
thetic data, and the discriminator tries to differentiate between genuine and synthetic data. The
generator learns to improve its ability to generate realistic data by fooling the discriminator, while
the discriminator improves its ability to distinguish between genuine and synthetic data. This
adversarial training process leads to the generation of high-quality synthetic data that closely re-

sembles the real data.

3.1.1 GAN Model Architecture

Generative Adversarial Networks (GANs) are a class of deep learning models consisting of two
neural networks: the generator and the discriminator. GANSs are designed to generate realistic
synthetic data by learning the underlying data distribution from the training data. In the con-
text of fraud detection, GANs can be used to generate synthetic fraud samples that resemble real
fraudulent transactions. By augmenting the training data with these synthetic samples, the GAN
addresses the data imbalance problem, enabling fraud detection models to learn from a more bal-

anced dataset.

The training process of GANs involves a game-like scenario where the generator generates syn-
thetic data, and the discriminator tries to differentiate between genuine and synthetic data. The
generator learns to improve its ability to generate realistic data by fooling the discriminator, while
the discriminator improves its ability to distinguish between genuine and synthetic data. This

adversarial training process leads to the generation of high-quality synthetic data that closely re-



sembles the real data.

3.1.1.1 Network of Generator (G)

For this paper, the Generator GG is designed as a sequential network with an initial dense layer
comprising 128 units, followed by batch normalization in table 3.1. We placed the layer batch
normalization after the first dense layer and before the second dense layer. This means that the
outputs from the first dense layer will be normalized before they are passed to the second dense

layer. This is then succeeded by another dense layer with 64 units, and finally, a dense output layer

with a single unit having a linear activation function.

Table 3.1: Configuration of Generator (G) Network.

Layer Type Units | Input Shape | Activation
Dense 128 10 relu
Batch Normalization - - -
Dense 64 - relu
Dense 1 - linear

3.1.1.2 Network of Discriminator (D)

In table 3.2, the Discriminator D is constructed as a sequential network. It starts with a dense layer
of 128 units, followed by a dropout layer with a rate of 0.3. Subsequently, another dense layer with
64 units is integrated, followed again by a dropout layer at the same rate. The network concludes
with a dense output layer with a single unit and a sigmoid activation function. For compilation, the

Adam optimizer with a learning rate of 0.0001 is employed. The loss function utilized is binary

crossentropy, and accuracy is chosen as the metric for evaluation.




Table 3.2: Configuration of Discriminator (1)) Network.

Layer Type | Units | Input Shape | Activation / Rate
Dense 128 1 relu
Dropout - - 0.3
Dense 64 - relu
Dropout - - 0.3
Dense 1 - sigmoid

This simplified diagram shows the basic flow of GAN:

Random Real
Noise (Z) Data(X)
Generator(G) r Generated Data Gi(2). Discriminator(D)

Real or Fake?

Figure 3.1: Architecture of Generative Adversarial Network (GAN)

* The Generator takes random noise as input and tries to produce data.

* The Discriminator takes both the real data and the data produced by the Generator and tries

to differentiate between the two.
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¢. GAN Training Loop

The training of Generative Adversarial Networks (GANs) is conceptualized as a minimax game
between two networks: the generator (G) and the discriminator (D), as described by [4]. The gener-
ator aims to produce synthetic data indistinguishable from real data, while the discriminator strives
to accurately differentiate between the real and generated data. This dynamic can be expressed

through the GAN objective function:

minmax (E,,,,. [log D(z)] + E,,, [log(1 — D(G(2)))]) 3.1

¢ Op

where:

* paaa represents the distribution of real data x
* pz denotes the distribution of input noise 2 to the generator

* O and 0 are the parameters of the generator and discriminator

The discriminator’s objective is to maximize its ability to correctly label real and generated data,

expressed as:

max V(D,G) = Epppa@)log D(x)] + E.p, ) [log(1 — D(G(2)))] (3.2)

Conversely, the generator’s objective is to minimize the discriminator’s ability to distinguish gen-

erated data from real data:

11



minE. ., (o[log(1 — D(G(z))) (3.3)

Algorithm 1 Training Generative Adversarial Network (GAN)

1:

AR A o

10:

11:
12:

Input: Real data distribution pg., (), noise prior distribution p,(z), batch size m, learning
rate o.
Initialize: Initialize generator G(z;6,) and discriminator D(z; 6,) parameters.
while “'not converged” do
for £ steps do
Sample minibatch of m noise samples {21, ..., 2™} from noise prior p.(z).
Sample minibatch of m examples {z"), ..., (™} from real data pg,.(z).
Update the discriminator by ascending its stochastic gradient:

m

1 _ |

i=1

end for
Sample minibatch of m noise samples {2V, ..., 2(™} from noise prior p. ().
Update the generator by descending its stochastic gradient:

1 « .
Vo, — > _log (1= D(G(2:0,): 0a))
i=1

end while
Output: Trained generator G(z; §,) capable of generating data resembling the real data distri-
bution pyae (7).

* Paaa(): probability distribution of the real data.

* p.(z): prior probability distribution of the input noise to the generator.

G(z;6,): generator network parameterized by ¢,, which maps the noise input z to the data

space.

D(z;6,): discriminator network parameterized by 6, which outputs a scalar representing

the probability that x came from the real data rather than the generator.

12



* m: size of the minibatch, the number of samples used in each iteration of the training.
* «: learning rate, which controls the step size in the gradient-based optimization.

s (1 j-th noise sample drawn from the noise prior p, ().

2™ j-th real data sample drawn from the real data distribution pye, ().

Vy,: gradient with respect to the discriminator parameters.

Vy,: gradient with respect to the generator parameters.

k: number of steps to apply to the discriminator’s optimization for every generator’s opti-
mization step. This is used to ensure that the discriminator is sufficiently powerful at distin-

guishing real data from fake data generated by the generator.

The GAN algorithm involves two networks, the (G) and the (D), which are trained simultaneously
through a min-max game. The generator tries to produce synthetic data that is indistinguishable
from real data, while the discriminator aims to distinguish between real and synthetic data accu-

rately.

* 1. Initialization: both the generator and discriminator networks are initialized with random

weights.
* 2. Training Loop:

— The discriminator is trained for & steps in each iteration of the loop. In each step, a
minibatch of real data and a minibatch of fake data generated by the generator are used.
The discriminator’s parameters are updated by ascending the gradient of the discrim-
inator’s loss, which encourages it to correctly classify real data as real and generated

data as fake.

13



— The generator is then trained by generating a new minibatch of fake data and updating
its parameters by descending the gradient of a loss function that measures how well the
discriminator is fooled into thinking the generated data is real. The generator’s goal is

to maximize the probability of the discriminator making a mistake.

* 3. Convergence: the process is repeated until the generator produces realistic data, and the

discriminator can no longer easily distinguish real data from fake data.

* 4. Output: the final output is the trained generator model, which can then be used to generate

data samples that mimic the distribution of the real data.

This adversarial training process leads to the generator learning to produce data that is increasingly
similar to the real data, as the discriminator becomes better at distinguishing real from fake, forcing

the generator to improve.

3.1.2 BMSP Integration

The function operates within a Bayesian framework where prior distributions, with parameters like
‘uf, ‘a‘, ‘tau’, ‘d1°, ‘d2¢, ‘cl, and ‘c2°, are assigned to the model parameters. These priors enforce
shrinkage, which effectively allows the model to penalize less relevant variables and favor more

relevant ones.

The response variable y consists of a mixture of 1s and Os and the variable selection function
effectively identifies the most relevant predictors in Z. The function is designed to discern variables
in ‘z* that are most predictive of the binary response ‘y*, regardless of the distribution of 1s and Os.
It is particularly adept at recognizing variables that have a strong relationship with the occurrence

of the event represented by y = landy =0 .

14



The function selects active columns (variables) based on their contribution to explaining the re-
sponse ‘y*‘. It utilizes a Gibbs sampling method (as indicated by the reference to ‘Mt MBSP_Gibbs*
within the function) to estimate the posterior distributions of the model parameters, including the
regression coefficients (‘B_est‘). The ’active’ variables are those with non-zero coefficients after

considering the shrinkage effect imposed by the priors.

The Bayesian framework, with its incorporation of prior information and the robust exploration
of the parameter space provided by Gibbs sampling, enables the model to infer the relevance of
predictor variables effectively. It identifies the most informative patterns and relationships within

the data that differentiate active variables from noise.

15



Algorithm 2 Uni and Multi Variate Bayesian Model Selection and Shrinkage Priors (BMSP)
1: Input: Data Z7 € R"™P, Response vector ¥ &€ R”, Response types, Hyperparameters:

u,a,T,dy,dy, c1,co, Algorithm options: ‘algorithm®, ‘stepl_iter‘, ‘bound_error‘, ‘max_iter",
‘burnin’

2: Output: Estimated coefficients By, Active variables, Model parameters

3: Validate input dimensions and types; initialize Binit <= Opx g Zinic < I

4: For non-count response types, adjust By and iy

5: Bili, j] + (Z7Z + \,)"' ZTY[:, 4] for j in non-count types

6: Lini[1; ] < 725 Donet (Ukj — X Binie[:, 71)?

7: if ‘algorithm*® is ‘1step‘ then

8: Perform Gibbs sampling with initialized parameters for ‘max_iter* iterations

9: else if ‘algorithm* is ‘2step‘ then

10: Stage 1: Perform Gibbs sampling for ‘stepl_iter®, identifying candidate set ./

11: P(B;; # 0|Z,Y") < Posterior inclusion probability for each 3;;

12: J < {i : max; P(B;; # 0|Z,Y) > threshold}

13: Stage 2: Refine Gibbs sampling on set .J for remaining iterations

14: end if

15: Update and sample B, and Xy from posterior distributions:

16: Beg[i, j]|1 2, Y, 5 ~ N (pg,,, Xg,,)

17: Yegy ¢ ﬁ Sor (Yo — ZkBew)' (Y — Z1Best)

18: Identify active variables A based on posterior probabilities:

19: A + {i : max; P(B;; # 0/Z,Y) > threshold}

20: return Active variables A, Estimated coefficients B.y, Model parameters g

* 7 € R™*P: Data matrix with n samples and p predictors or variables.

* Y € R": response vector for univariate responses with n samples.

16



Response types: Vector indicating the type of each response variable (e.g., binary, count,

continuous).

u, a, 7: Hyperparameters related to the prior distributions, controlling aspects like the scale

and shape of the distributions.

dy, dy: Degrees of freedom and scale parameter for the Inverse-Wishart distribution used in

the prior of the covariance matrix.

c1, c2: Shape and rate parameters for the Gamma distribution used in the prior of variance

components.

Algorithm options: Settings like ‘algorithm® choice (e.g., ”Istep” or "2step”), ‘stepl _iter"
for the number of iterations in the first step of the two-step approach, ‘bound_error® for
the error tolerance, ‘max_iter‘ for the maximum number of iterations, and ‘burnin‘ for the

number of initial iterations to discard.

Binit < 0px4¢ Initial coefficient matrix, initialized to zeros, with dimensions corresponding

to the number of predictors p and the number of responses q.

Yinit < I,: Initial covariance matrix, typically initialized as the identity matrix /, with

dimensions ¢ X q.

Begt: Estimated coefficient matrix resulting from the algorithm, reflecting the strength and

direction of relationships between predictors and responses.

Active variables: Set of predictor variables identified by the algorithm as having a signifi-

cant association with the response variables.

Model parameters: Parameters like the covariance matrix Y. that are estimated during
the algorithm’s execution and are essential for understanding the model’s structure and vari-

ability.

17



The Uni and Multi Variate Bayesian Model Selection and Shrinkage Priors (BMSP) algorithm is a
sophisticated statistical technique designed for both univariate and multivariate response variable
selection within a Bayesian framework. It starts by validating input data and response types, ad-
justing initial estimates based on the response characteristics. The algorithm offers flexibility in
its approach, allowing users to choose between a single-step or a two-step Gibbs sampling process

based on their specific needs.

In the one-step approach, the algorithm performs Gibbs sampling directly on the initialized pa-
rameters, iterating until convergence criteria are met. Alternatively, the two-step approach first
identifies a candidate set of variables through initial Gibbs sampling, then refines this set in a
subsequent focused sampling stage. This method aims to enhance the efficiency and accuracy of

variable selection.

Throughout the process, the algorithm applies Bayesian shrinkage priors to effectively manage
model complexity and prevent overfitting. It continuously updates the estimated coefficients and
model parameters based on the posterior distributions derived from the sampling process. Active
variables are identified based on their posterior inclusion probabilities, highlighting those with

significant contributions to the model.

This BMSP algorithm stands out for its capacity to handle both uni and multivariate data, providing
a versatile and powerful tool for researchers and analysts in various fields. Its rigorous statistical
foundation and adaptability make it a valuable asset for complex data analysis tasks, enabling

informed decision-making based on robust Bayesian principles.
Comparing the ‘BMSP* function with the ‘Mt MBSP* function, here are the steps present in

‘BMSP* that are not explicitly detailed in ‘Mt_MBSP*:

* 1. Lambda Calculation for Regularized Regression: In ‘BMSP*, there’s a specific men-
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tion of using A = 0.01 for adjusting initial coefficient estimates (Bi,;) for non-count re-
sponse types using a form of regularized regression. This step involves calculating Bjy; as

(ZTZ + M\I,)"'ZTY for each non-count response type.

* 2. Residual Calculation for Covariance Matrix Adjustment: ‘MBSP* explicitly calcu-
lates residuals for non-count response types to update the initial covariance matrix (2ip;).

The residuals are calculated as Y — Z Bjy;, and Xy, is updated based on these residuals.

* 3. Bound Error Consideration in Two-Step Algorithm: The ‘BMSP* function considers
a ‘bound_error‘ parameter specifically in the two-step algorithm. This parameter is used to
determine the threshold for identifying the candidate set of variables in the first stage of the

two-step procedure.

These steps are tailored towards the initial setup and adjustment of model parameters before the
main Gibbs sampling procedure, focusing on handling different response types and ensuring that

the initial model parameters are reasonable given the data.

3.1.3 Proposed BMSP-GAN Algorithm in Fraud Detection

This algorithm demonstrates the integration of Bayesian variable selection, GANs, and deep learn-
ing techniques to identify relevant features for fraudulent transactions and generate synthetic data.
It showcases the power of combining probabilistic modeling, neural networks, and advanced sta-
tistical techniques to gain insights, improve model performance, and generate realistic data for

various applications.

The BMSP-GAN training loop integrates the BMSP process into the GAN framework by refining
the input noise Z through BMSP before it is used by the generator G. This refinement process

tailors Z to emphasize features that are important for the specific task, such as fraud detection.
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The BMSP-GAN Objective Function is :

min max (E,p,.. [log D(2)] 4+ E.~,, [log(1 — D(G(Zefinea)))])

0 6p
Where:

* Zrefined = BMSP(z; params) represents the noise vector z refined by the BMSP process based

on the BMSP parameters (params).

The Discriminator’s Objective is:

max V (D, &) = Eorpy(@)[10g D(2)] + Bz, () [10g(1 = D(G(Zrefinea)))]

The Generator’s Objective is:

mén Eimps(2) log(1 — D(G(Zrefinea)))]

By making these adjustments, the BMSP-GAN framework leverages the strengths of both BMSP
for feature selection and GANSs for synthetic data generation, resulting in a more targeted approach

to generating synthetic data that is well-suited for tasks such as fraud detection.

The algorithm delineates the training of GAN augmented with Bayesian Model Selection and Av-
eraging via BMSP, specifically tailored for generating synthetic fraud data. It begins by initializing
the (G) and (D) networks, with G structured to transform noise into synthetic data through a series

of dense and batch normalization layers, and D designed to differentiate real from synthetic data,
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Algorithm 3 GAN Training with BMSP

Inputs:

dnoise: Dimension of the noise vector

doupu: Dimension of the output data

m: Batch size

BMSP parameters: Parameters for BMSP noise refinement

Nepochs: Number of training epochs

Adam learning rate: Learning rate for Adam optimizer

Initialize Generator G:

G R%noise _y TR ouput

G < Dense(128,ReLU) — BatchNorm — Dense(64, ReLU) — Dense(1, linear)

. Initialize Discriminator D:

. D Réowsr — [0, 1]

: D <« Dense(128,ReLU) — Dropout(0.3) — Dense(64,ReLU) — Dropout(0.3) —
Dense(1, sigmoid)

14: Compile D with Loss Function Lp:

150 Lp = —Eyupy,,[log D(2)] — E.p. [log(1 — D(G(Zrefinea)))]

16: Compile D using Adam optimizer and binary crossentropy loss function

17: Generator Loss Function L;:

18: Ly = =K., [log(1 — D(G(Zrefinea)))]

19: function REFINENOISE(d,oise, 117)

20: Generate Z ~ log N (meanlog, sdlog) € ™ wise

21: Zrefined < BMSP(Z, params)

22: return 7 qncd

23: end function

24: for each epoch do

25: for each batch 7 do

R AN AN o

—_— = =
W N = O

26: Sample {Zea} ~ Pdata

27: Zrefined < REFINENOISE(dppise, 112)

28: Generate {Zgxe } = G(Zrefined)

29: Update D using {2y} and {zxe } with loss Lp
30: end for

31: Zrefined <— REFINENOISE(dpoise, 112)

32: Update G to minimize L, using Ziefined

33: Apply early stopping based on L and L,

34: end for

35: Generate synthetic data Zoynetic < G (Zfinal)
36: Return trained G, Zgynthetic
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incorporating dropout for regularization. The discriminator is compiled using the Adam optimizer

and binary crossentropy loss, focusing on accurate classification.

A pivotal function, ‘RefineNoise‘, generates initial noise and refines it using BMSP, a process
that involves Bayesian statistical techniques to enhance the quality of the noise fed into G, by

identifying and emphasizing informative patterns within the noise.

Training proceeds over a set number of epochs and batch sizes, where for each batch, real data
samples are fetched, and refined noise is generated and passed through G to produce synthetic data.
D is then updated to improve its distinguishing capabilities. Subsequently, G is updated based on
D’s responses to further refine its synthetic outputs. An early stopping mechanism is employed
to halt training when improvements fall below a specified threshold, optimizing computational

efficiency and preventing overfitting.

Upon completion, refined noise is once again generated to produce a final batch of synthetic data
through G, which, along with the trained generator itself, is outputted. This sophisticated approach,
blending GANs with Bayesian refinement via BMSP, is aimed at enhancing the generation of
realistic synthetic fraud data, improving fraud detection models by providing rich, diverse training

samples.
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CHAPTER 4: FINDINGS

We utilized a dataset aimed at analyzing customer default payments in Taiwan, consisting of 30,000
individual credit card client instances. This inherently multivariate dataset encompasses a wide
array of features relevant to credit defaults, including both integer and real number types. These
features encompass various dimensions of a client’s financial background and credit history, such
as credit limit, payment history, demographic information, and bill statements. A critical aspect of
this dataset is its distribution in the target variable - the likelihood of a client defaulting on the next

payment.

The dataset reveals that 85.4% of clients did not default (represented as *0s’) and 14.6% did default
(represented as ’1s’), indicating a significant imbalance that is crucial for predictive modeling and
analysis. This classification aim aligns with the broader context of risk management in the financial
sector, making the dataset a valuable tool for understanding patterns in customer financial behavior.
The rich blend of features in this dataset provides a robust foundation for applying advanced data
mining and machine learning techniques, including innovative approaches like GANs. These tech-
niques are particularly relevant given the challenges posed by the imbalanced class distribution,

underscoring the dataset’s potential for exploring various predictive models and strategies.

Initial examination of the dataset revealed a pronounced class imbalance in the context of customer
default payments. The instances labeled as non-defaulting (non-fraudulent), form the majority
class. In contrast, the defaulting transactions (fraudulent), which are of critical interest in our study,
represent the minority class. Such class imbalances are common in financial datasets and pose a
significant analytical challenge. Machine learning models trained on imbalanced datasets often
develop a bias towards the majority class, leading to suboptimal performance when identifying

instances from the minority class. This imbalance necessitates the use of specialized techniques
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and methodologies, such as oversampling the minority class or employing complex models like

GANS, to enhance the model’s ability to accurately identify and predict default payments.

To address this challenge, we employed a Generative GAN and BMSP-GAN to synthesize samples
for the minority (fraudulent) class. In our results analysis, a pivotal aspect will be comparing the
performance of models trained with data synthesized using the traditional GAN approach against
those trained with data from the GAN-BMSP methodology. Additionally, two-sample tests, visu-
alizations of distributions, feature wise statististics, and diversity tests are employed to ascertain

the similarity between the distributions of the real and synthetic data.

In subsequent sections, our results analysis focuses on comparing the performance of various clas-
sification models trained on the RNA-Seq (HiSeq) PANCAN dataset featuring gene expression
data for various tumor types including BRCA, KIRC, COAD, LUAD, and PRAD using BMSP
function. This intricate and multivariate dataset, pivotal in the fields of biology and genomics,
comprises 801 instances with a staggering 20,531 features per instance. It is noteworthy that
BRCA emerges as the most prevalent tumor type with 300 instances, followed by KIRC, LUAD,
PRAD, and COAD with 146, 141, 136, and 78 instances, respectively. This uneven distribution
among tumor types poses a critical challenge in machine learning model performance, necessitat-
ing strategies like oversampling, downsampling or class weighting to mitigate the effects of this

imbalance.

4.1 GAN vs BMSP GAN

The provided figures 4.1 and 4.2 depict a GAN and BMSP GAN models that have undergone
effective training, marked by the evident convergence between the generator and discriminator.

This convergence is a promising indicator of the GAN’s capability to synthesize high-quality data

24



samples that closely mirror the distribution and characteristics of the original dataset.
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Figure 4.1: GAN. Figure 4.2: BMSP GAN.

The training loss graphs for BMSP-GAN and GAN models provide valuable insights into the
models’ learning dynamics over the course of 2500 epochs in figure 4.1 and 4.2. In the BMSP-
GAN graph, the losses for both the generator and discriminator exhibit an initial period of volatil-
ity, which quickly stabilizes. The discriminator loss demonstrates a downward trend, stabilizing
around a value that suggests effective learning without overpowering the generator. Conversely,
the GAN graph presents a more erratic convergence pattern, with wider fluctuations in the discrim-
inator’s loss, indicating a less stable training process. The generator’s loss in both graphs stabilizes
to a similar degree, implying that the quality of the synthetic data generated might be comparable.
However, the more stable convergence and tighter loss margins in the BMSP-GAN model suggest
a more synchronized training process, leading to synthetic data that better captures the complexity

of the underlying real data distribution.

4.1.1 Visualization of Density Distributions

We provide visual comparisons through density plots to offer intuitive insights into how well the

synthetic minority data captures the essence and distribution of the real-world data it aims to mimic.
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Figure 4.3: GAN. Figure 4.4: BMSP GAN.

* Side-by-Side Density Plots Observation:

From the side-by-side density plots (Figure 4.3 and 4.4), we observe a notable distinction in the
quality of synthetic data generated by the two models. The density distribution of the synthetic data
from BMSP GAN aligns almost seamlessly with the original data. On the other hand, the GAN’s
output, although commendable, shows noticeable disparities in certain density regions when juxta-
posed with the original data. This suggests that BMSP GAN captures the nuances of the minority

class with a higher degree of precision compared to the traditional GAN.
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Figure 4.5: GAN. Figure 4.6: BMSP GAN.

* Combined Density Plot Analysis:

The combined density plot (Figure 4.5 and 4.6) provides a more holistic view of the models’ perfor-
mance. It’s evident that the synthetic data overlay for BMSP GAN is nearly indistinguishable from
the real data, showcasing its robust data generation capabilities. In contrast, the GAN’s synthetic
data exhibits areas of overlap, indicating potential regions where it hasn’t perfectly emulated the
original data distribution. This further consolidates the superiority of BMSP GAN in mimicking

the real data’s intricate patterns.
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Figure 4.7: GAN. Figure 4.8: BMSP GAN.

* Histograms:

The histograms in figure 4.7 and 4.8 provide a bar-by-bar comparison between the real and syn-
thetic data distributions for both the GAN and BMSP GAN models. The BMSP GAN model’s
histogram exhibits a closer approximation to the real data histogram when contrasted with the
standard GAN model. This is evidenced by the BMSP GAN’s more accurate reflection of the
distribution’s shape, spread, and frequencies of occurrences. Specifically, the synthetic data gen-
erated by the BMSP GAN aligns more closely with the real data across various ranges, suggesting
a superior capability in capturing the intricate patterns and inherent variability of the dataset. This
fidelity in emulation is indicative of the BMSP GAN’s robustness and its potential for producing
more realistic synthetic datasets, which is critical for training machine learning models where true
data representation is paramount. The BMSP GAN’s refined performance in matching the real

data’s histogram underscores its effectiveness as a generative model in our study.
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4.1.2 Two-sample tests

The Kolmogorov-Smirnov (KS) test is employed to determine if two samples come from the same
distribution. In this context, it’s used to compare the distribution of the original data with that of
the synthetic data generated by the models. A smaller D-value and a higher p-value suggest that

the synthetic data closely resembles the original data distribution.

Table 4.1: Asymptotic two-sample Kolmogorov-Smirnov test results.

Asymptotic two-sample KS test D statistic p-value
Real and Synthetic data (GAN) 0.13125 0.127
Real and Synthetic data (BMSP GAN) 0.1 0.4005

For the GAN model, the KS test yields a D statistic of 0.13125 with a corresponding p-value
of 0.127 in table 4.1. This indicates a moderate level of similarity between the synthetic data
generated by the GAN and the original data distribution, as a p-value greater than 0.05 suggests
that we cannot reject the null hypothesis of the distributions being the same at a 95% confidence

level.

On the other hand, the BMSP GAN model produces a D statistic of 0.1 and a higher p-value of
0.4005, implying an even closer alignment between the synthetic and original data distributions.
The increased p-value here suggests a stronger similarity, reinforcing the likelihood that the syn-

thetic data from the BMSP GAN model comes from the same distribution as the original data.

4.1.3 Feature-wise statistics

The provided tables 4.2 and 4.3 detail the summary statistics of the balance variable for both real

and synthetic data as generated by the GAN and BMSP GAN models. For almost all the summary
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statistics, the BMSP GAN model produces synthetic data that is more representative of the real

data than the traditional GAN model.

Table 4.2: Summary for GAN.

Real Varl Real Var2 Real Freq Synthetic_ Varl Synthetic_Freq

A Min. 10000.0 A 28832.00
A Ist Qu. 50000.0 A 71362.87
A Median 140000.0 A 163730.20
A Mean 162750.0 A 169116.92
A 3rd Qu. 230000.0 A 248781.30
A Max. 500000.0 A 394117.12

Table 4.3: Summary for BMSP_GAN.

Real_Varl Real_Var2 Real Freq Synthetic_Varl Synthetic_Freq

A Min. 10000.0 A 26237.62
A Ist Qu. 50000.0 A 62909.96
A Median 140000.0 A 132938.90
A Mean 162250.0 A 162690.47
A 3rd Qu. 230000.0 A 239116.94
A Max. 500000.0 A 500554.47

The summary statistics compare the balance variable characteristics between the real dataset and
the synthetic datasets generated by the GAN and BMSP GAN models. When analyzing the syn-
thetic data’s adherence to the real data’s distribution, the BMSP GAN model’s output exhibits
an enhanced alignment, particularly in capturing central tendency measures. The synthetic median
(132,938.90) and mean (162,690.47) generated by BMSP GAN closely approximate the real data’s
median (140,000) and mean (162,250), demonstrating the model’s precision in reflecting the real

dataset’s core distributional features.

Contrastingly, the synthetic data from the GAN model shows a larger variance from the real data,
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especially at the distribution’s extremities. The minimum (28,832) and maximum (394,117.12)
synthetic values manifest a broader range from the real data’s minimum (10,000) and maximum

(500,000), indicating a less accurate emulation of the real data’s full range.

Furthermore, the interquartile range produced by BMSP GAN, with the first quartile (62,909.96)
and the third quartile (239,116.94), more accurately mirrors the real data’s quartile distribution
than the traditional GAN. This is indicative of the BMSP GAN’s superior capability in modeling

the variability and dispersion inherent in the real data.

In summary, the BMSP GAN model proves to be more adept at generating synthetic data that
maintains the integrity of the real data’s statistical properties, particularly in terms of median and
quartile values. This fidelity is crucial for applications requiring synthetic datasets that are repre-
sentative of actual distributions, thereby reinforcing the BMSP GAN model’s validity as a tool for

generating realistic synthetic data for analytical purposes.

4.1.4 Diversity Test

The importance of capturing variance when generating synthetic data is critical, as also discussed
in the broader context of statistical learning by [7]. When considering the generation of synthetic
data, particularly using Generative Adversarial Networks, [6] provide a seminal framework that

has been instrumental in advancing the field.

A diversity test in the context of synthetic data generation is a method used to compare the variance
in the synthetic data to the variance in the real data. A higher variance means more diversity within
the dataset. In generating synthetic data, one aims to replicate the statistical properties of the real

data, including the mean, distribution shape, and variance.

The diversity ratio, calculated by dividing the variance of the synthetic data by the variance of the
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real data, serves as an indicator of how well the synthetic data captures the diversity of the real
data. A ratio close to 1 suggests that the synthetic data has a variance (and thus, diversity) similar
to that of the real data. Ratios significantly lower than 1 indicate less diversity in the synthetic data

compared to the real data, while ratios above 1 suggest more diversity than the real data.

Table 4.4: Diversity Test Results.

Method LIMIT_BAL

GAN 0.7456542
BMSP GAN  0.9313663

The diversity ratio of 0.7456542 for GAN from table 4.4 suggests that the synthetic data generated
by the GAN has less variance than the real data. The synthetic data is not capturing the full diversity
of the real dataset, but it’s reasonably close, indicating that the GAN is somewhat effective at

replicating the real data’s variability.

On the other hand , the diversity ratio of 0.9313663 for BMSP GAN is closer to 1, indicating that
the BMSP GAN synthetic data has a variance very similar to that of the real data. This implies that
the BMSP GAN model is highly effective at capturing the real data’s diversity, performing slightly

better than the traditional GAN.

In summary, both models are relatively successful in capturing the diversity of the real dataset,
with the BMSP GAN showing a marginally better performance. This subtle difference may have

significant implications when using the synthetic data for tasks that rely on the data’s variability.
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4.2 BMSP C(lassification Performance

In this study, we analyzed the RNA-Seq (HiSeq) PANCAN dataset from the UCI Machine Learning
Repository, which includes gene expression data for various tumor types: BRCA, KIRC, COAD,
LUAD, and PRAD. This multivariate dataset is crucial for classification and clustering tasks in
biology. Our initial step involved loading and merging gene expression data with their respective
tumor labels. Given the disparity in class sizes, notably the BRCA group with 300 samples, we
employed oversampling techniques to balance the classes, targeting 300 samples for each. The
dataset initially comprised 20,531 features, posing a challenge for model selection. To address
this, we focused on addressing correlated variables and employing other preprocessing techniques.
This approach effectively reduced the feature set from 20,531 to 12701. Subsequently, we applied
BMSP for feature selection, successfully refining the feature set further to 61 significant features.
These 61 features were then used to train multiple classification models, allowing us to compare
the performance of BMSP with other model selection techniques. This comparative analysis aimed
to evaluate the efficacy of different model selection strategies in the context of high-dimensional
biological data, thereby providing a more robust understanding of the predictive capabilities and

characteristics of the selected gene expression profiles in tumor classification.

4.2.1 Random Forest

The Random Forest model is trained using all features, and feature importance is assessed to iden-
tify the most influential ones. The top features are then selected based on the MeanDecreaseAc-
curacy criterion. In contrast, BMSP is a versatile approach capable of handling different types of
response variables, including binary, count, and continuous. For this specific study, it was em-

ployed to directly select a subset of features from the oversampled dataset, focusing on binary
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responses representative of the presence or absence of tumor types.

Table 4.5: Random Forest Selection and Results.

Class

Accuracy

Precision Recall F1 Score Balanced Test

Accuracy Error Rate

BRCA
COAD
KIRC

LUAD

PRAD

0.9933333
0.9933333
0.9933333
0.9933333

0.9933333

0.9677419 1.0000000 0.9836066 0.9958333 0.006666667
1.0000000 0.9666667 0.9830508 0.9833333 0.006666667
1.0000000 1.0000000 1.0000000 1.0000000 0.006666667
1.0000000 1.0000000 1.0000000 1.0000000 0.006666667
1.0000000 1.0000000 1.0000000 1.0000000 0.006666667

Table 4.6: BMSP.

Class

Accuracy

Precision Recall F1 Score Balanced Test

Accuracy Error Rate

BRCA
COAD
KIRC

LUAD

PRAD

0.9933333
0.9933333
0.9933333
0.9933333

0.9933333

1.0000000 1.0000000 1.0000000 1.0000000 0.006666667
1.0000000 0.9666667 0.9830508 0.9833333 0.006666667
1.0000000 1.0000000 1.0000000 1.0000000 0.006666667
0.9677419 1.0000000 0.9836066 0.9958333 0.006666667
1.0000000 1.0000000 1.0000000 1.0000000 0.006666667

The analysis of the classification performance of models trained on features selected by Random

Forest and BMSP techniques in table 4.6 and 4.7 demonstrates their effectiveness in tumor type

classification. Despite employing different methodologies for feature selection, both approaches

achieve exemplary precision, recall, and F1 scores, with accuracies exceeding 99% for all con-
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sidered classes. The Random Forest model exhibits minor variations in precision across classes,
which may be reflective of the random selection processes intrinsic to the algorithm. Conversely,
the BMSP method showcases remarkable precision consistency, suggesting a potential advantage

in identifying the most discriminative features for classification tasks.

The Random Forest method shows slight variations in performance across different classes, par-
ticularly in precision for BRCA and COAD. This variation could be attributed to the inherently
stochastic nature of Random Forests, where the randomness in feature selection and bootstrapping
samples might lead to these small discrepancies. BMSP displays a consistent precision of 1.00
across all classes except for LUAD, which suggests that the features selected by BMSP may be

highly discriminative for most classes.

Furthermore, the balanced accuracy rates confirm that both methods are well-tuned to account
for class imbalances, ensuring that the models are equally adept at identifying each tumor type.
However, the test error rates, although low for both methods, indicate a marginal distinction in
generalization performance. This suggests that the specific features selected by each method could
have implications for model robustness in practical applications. The slight differences observed
warrant a deeper investigation into the nature and biological relevance of the features selected by
each approach, which could provide insights into their predictive power and potential utility in

clinical settings
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4.2.2 XGBoost

Table 4.7: XGboost Selection and results.

Class

Accuracy

Precision

Recall F1 Score

Balanced Test

Accuracy Error Rate

BRCA
COAD
KIRC

LUAD

PRAD

0.9933333
0.9933333
0.9933333
0.9933333
0.9933333

0.9677419
1.0000000
1.0000000
0.9677419

1.0000000

1.0000000 0.9836066
0.9666667 0.9830508
1.0000000 1.0000000
1.0000000 0.9836066

1.0000000 1.0000000

0.9958333 0.006666667
0.9833333 0.006666667
1.0000000 0.006666667
0.9958333 0.006666667
1.0000000 0.006666667

Table 4.8: BMSP.

Class

Accuracy

Precision

Recall F1 Score

Balanced Test

Accuracy Error Rate

BRCA
COAD
KIRC

LUAD

PRAD

0.9916667
0.9916667
0.9916667
0.9916667
0.9916667

1.00
1.00
1.00
0.96
1.00

0.9916667 0.9958159
0.9666667 0.9830508
1.0000000 1.0000000
1.0000000 0.9795918

1.0000000 1.0000000

0.9958333 0.008333333
0.9983333 0.008333333
1.0000000 0.008333333
0.9947917 0.008333333

1.0000000 0.008333333

From table 4.8 and 4.9, for the BRCA, KIRC, and PRAD classes, both XGBoost and BMSP

achieved flawless precision and recall, resulting in an F1 score of 1.0000000, which suggests that

for these specific tumor types, the models performed without any false positives or false nega-

tives. This level of performance is also reflected in the balanced accuracy, which adjusts for any
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imbalance in the classes, thus reinforcing the robustness of the models.

However, there are slight differences between the models for COAD and LUAD classes. For
COAD, BMSP demonstrates a marginally lower precision than XGBoost, which may suggest a
higher occurrence of false positives. Similarly, for LUAD, BMSP has a slightly lower precision
than XGBoost, which may indicate a few instances where non-LUAD cases were incorrectly clas-

sified as LUAD.

The test error rates are very low for both models across all classes, with BMSP showing a slightly
higher error rate for BRCA, COAD, and LUAD compared to XGBoost. Despite these minor differ-
ences, both XGBoost and BMSP show excellent performance, with BMSP having the advantage
of being able to handle various types of response variables, which is particularly beneficial in

multi-class classification scenarios.

Across all two approaches, Random Forest and XGboost classification exhibited remarkable con-
sistency with an Accuracy exceeding 99 % and minimal Test Error Rates for all tumor types. This
consistency emphasizes the robustness of the Random Forest and XGboost algorithms in handling

the feature subsets generated by different selection methods.
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CHAPTER 5: CONCLUSION

The BMSP GAN model emerges as a significant advancement in synthetic data generation for fraud
detection. It provides a robust approach to managing class imbalances by producing high-fidelity
synthetic samples. This research contributes to the field of data science by offering a novel method
that enhances machine learning model training, which could be applied across various domains
facing similar challenges with imbalanced datasets. Future research should focus on enhancing the
BMSP model’s variable selection capabilities for faster speed convergence. Such improvements
could lead to a more streamlined and efficient process, further augmenting the model’s applicability
and effectiveness in various data-intensive domains, including but not limited to fraud detection,

potentially broadening its utility in the broader landscape of data analytics.
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APPENDIX A: MODE COLLAPSE AND VANISHING GENERATOR
GRADIENTS OF GAN
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The problem of mode collapse and vanishing generator gradients has also been mentioned by [11]

in the context of GAN training.

A.1 Mode Collapse

At its core, mode collapse in GANs happens when the generator produces a limited variety of
samples even if the real data distribution has multiple modes (distinct types of data). For instance,
if the real data has modes A and B, mode collapse might result in the generator predominantly
producing samples that resemble just A or B, but not both. This problem can be illustrated when
different latent vectors z ~ p, start mapping to very similar outputs GG(z). Given the objective of

the generator in GANSs:

m

Ba, =3 [log (1 D (G (=)

=0

In the presence of mode collapse, for different latent vectors z; and 29, the generated samples /; and
I5 tend to be similar. This is not desired, as we want diverse outputs for diverse inputs. The BMSP
function, by selecting the most pertinent variables, it can guide the generator to better represent
the underlying data distribution. By focusing on the most influential variables, the generator can
gain better insights into the underlying multi-modal nature of the real data distribution to produce

a more comprehensive and diverse set of samples, potentially mitigating the mode collapse issue.

A.2 Diminishing generator gradients

[11] highlighted the challenge of diminishing gradients, especially in high-dimensional data sce-

narios. This phenomenon occurs when the generator’s outputs are uniformly rejected with closely
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similar loss values. In essence, when the real data distribution and the generator’s data distri-
bution are nearly disjoint, a near-perfect discriminator can emerge, leading to a scenario where
generator gradients vanish. Consider two distributions P, and F,. If these distributions lie on low-
dimensional manifolds that are mostly disjoint, a discriminator D can easily differentiate between

them. This can be represented by the conditions:

P[D(x)=1=1 and P,[D(z)=0]=1

[11] discuss the behavior of data when considering the distance between two independent variables

U,V that follow a uniform distribution on [0, 1]. The mean square distance || — V||? is given by:

E[|U-V|?] = g and o [|U — V|]*] ~0.2Vd

With the growth of dimensionality d, the concept of ’nearest neighbors’ starts to lose its signifi-
cance. This is because distances in these high-dimensional spaces begin to concentrate within a
narrow range. At first glance, it might appear that given the near emptiness of these spaces, class
separation using a hyperplane should be straightforward. However, they further illustrate that data
points tend to congregate at the boundaries of these spaces, complicating the task of prediction. In
essence, while traditional GANs might grapple with the vastness and complexity of such spaces,
BMSP provides a focused lens, emphasizing only the most critical variables. This selective em-
phasis can potentially counteract the problems arising from data concentration at the boundaries,
enabling the generator to produce high-quality synthetic samples that more genuinely reflect the

underlying data distribution.
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APPENDIX B: FUNCTIONS
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B.1 MtMBSP Function

In recent developments within the realm of Bayesian frameworks for mixed-type multivariate re-
gression, Wang et al. (2023) introduced a pioneering approach known as the Mixed-Typed Mul-
tivariate Bayesian Model with Shrinkage Priors (MtMBSP) which emphasizes the utilization of
continuous shrinkage priors. The MtMBSP method accommodates the joint analysis of mixed

continuous and discrete outcomes through a model that can be described as:

9Y)=ZB+e, €~N0ZYX), i=1,..n

where:

* Y, represents the multivariate response vector for the ¢-th observation, which may contain

both continuous and discrete outcomes.

* g(-) denotes a suitable link function that is applied element-wise to the components of Y,
transforming each response to a scale where linear modeling is appropriate. For continuous
responses, an identity link function may be implied, while for discrete responses (e.g., binary,

count), a logit, probit, or log link function may be employed.
* 7, is the design matrix for the i-th observation, incorporating the covariates.

* 3 is the coefficient matrix, representing the effects of the covariates on the transformed

responses.

* Y is the covariance matrix, which captures the correlations between the multivariate re-

sponses.
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The continuous shrinkage priors are imposed on the elements of 3 to induce sparsity and facilitate

variable selection, allowing for the identification of significant covariates influencing the responses.

Their innovative methodology facilitated the joint analysis of outcomes, both discrete and continu-
ous in nature, while simultaneously performing variable selection from a myriad of covariates. No-
tably, the theoretical exploration of such Bayesian models for mixed-type multivariate responses is
a daunting challenge, primarily due to the intricate correlations between varying responses. What
distinguishes their work is their dive into the asymptotic regime where the number of covariates p
can grow exponentially in terms of the sample size n, a territory that is rare in the existing litera-
ture. Their method’s robustness, especially under such exponential growth of p, is commendably

showcased through a series of simulations and real-world dataset applications.

B.2 BMSP Function

Building on the foundational work of Wang et al. (2023), we adapted the MtMBSP function to
Univariate and Multivariate Bayesian Model with Shrinkage Priors (BMSP). Our modified version
not only retains the capability to handle mixed-type multivariate responses but is also adept at
managing single response variables. The proposed work broadens the scope and application of the

Bayesian framework, catering to a wider spectrum of regression scenarios.

9Y)=ZB+e, €~NOY), i=1,.,n

where:

* Y, represents the response variable for the i-th observation, which can be univariate or mul-

tivariate, encompassing continuous and/or discrete outcomes.
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* ¢(+) denotes a suitable link function applied element-wise to Y;. This function transforms the
response variable to a scale where linear modeling is appropriate. For continuous responses,
this might be an identity link, while for discrete responses, appropriate link functions such

as logit (for binary data), probit, or log (for count data) may be used.
» 7, is the design matrix for the i-th observation, which includes the covariates.

* 3 is the coefficient matrix (or vector in the univariate case), which describes the effects of

the covariates on the transformed responses.

e >; is the covariance matrix for the i-th observation’s errors. In the univariate case, this
reduces to a scalar variance o2, while in the multivariate case, it remains a covariance matrix

capturing the correlations among the multiple responses.

The BMSP model, similar to its predecessor, employs continuous shrinkage priors on the coeffi-
cients 3 to induce sparsity and facilitate the selection of significant covariates. This adaptation
ensures that the Bayesian framework remains versatile and applicable across a broad array of re-
gression contexts, from univariate to multivariate and from continuous to mixed-type data scenar-

10S.

B.2.1 Algorithm Steps in BMSP

The BMSP function, like MtMBSP, offers the flexibility of using both “Istep” and “2step” algo-
rithms. However, BMSP introduces additional complexity in the “2step” algorithm, particularly in
handling subsets of variables. This is evident in the way it deals with the sets set_J and set_Jc. In
the ’2step’ algorithm of BMSP, after the first stage, it identifies a subset of predictors (set_J) that
are active (i.e., having non-zero coefficients). This subset is then used in the second stage of the

algorithm, where the model is refitted only using these selected predictors. Additionally, it takes a
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unique approach by also considering the complementary set (set_Jc), which consists of predictors
not included in set_J. This bifurcation allows for a focused analysis on significant predictors, en-
hancing the model’s accuracy and efficiency. It’s a form of variable selection and dimensionality

reduction, which is especially useful in datasets with a large number of predictors.

B.2.2 BMSP from MtMBSP

In BMSP, there’s a notable difference in how the outputs, particularly the B estimates (regres-
sion coefficients) and 3 estimates (covariance matrix), are computed and adjusted compared to
MtMBSP. In BMSP, after running the Gibbs sampling process, it compiles the final estimates by
combining results from the subsets “set_J” and “set_Jc”. This method seems to be more tailored,
potentially leading to more accurate estimates, especially in cases where the dataset contains a mix
of significant and non-significant predictors. Moreover, this approach might also contribute to the
computational efficiency of the algorithm. By isolating and focusing computational resources on
the more significant predictors (“set_J”), the algorithm achieves faster convergence and reduce the
overall computational load, which is particularly beneficial for large datasets or when computa-

tional resources are limited.

In summary, BMSP’s incorporates an advanced variable selection process, and its unique approach
to compiling output estimates, not only add to its versatility but also enhance its computational
efficiency. These adjustments make BMSP a more robust tool for statistical modeling, especially

in scenarios with complex datasets.
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