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ABSTRACT

This study presents a mathematical comparison of Generative Adversarial Networks
(GANs) and traditional machine learning models for predicting suicidal behavior. The
dataset D = {(x;,y;)}\. consists of feature vectors x; € R%, representing psychosocial,
behavioral, and demographic factor and binary labels y; € {0,1}, denoting suicidal risk (1:
at risk, 0: not at risk). The task is to estimate the conditional probability P(y; | x;) for each
instance. In GANs, the generator G(Z; Bg) and discriminator D(x;6,;) are trained
adversarially. The loss function for the discriminator and generator is given by:Lgay =
By paa (01108 D(x500)] + E,opp () [log (1 - D(6(z Bg); Qd))], Wherez is the latent
vector and Py, (X) is the true data distribution. For traditional models, SVM minimizes the
hinge loss:Lgym = -, max(0,1 — y;w’x;). Logistic Regression (LR) minimizes the log-
loss (cross-entropy) : Lig = — X [yilog (a(w'x)) + (1 — y)log (1 — a(w'xy)].
Random Forest (RF) optimizes the Gini impurity:Lgg = ﬁ'(=1 [% (1 ->¢, pjzc)].
Evaluation metrics, such as accuracy A, precision P, recall R, Fl-score F;, and AUC, are
calculated to assess predictive performance. Results indicate that GANs outperform

traditional methods, offering superior generalization and enhanced performance in terms of
F1-score and AUC due to their ability to generate synthetic, informative data.

Keywords: Generative adversarial networks,; Suicidal behavior prediction; Support vector
machine; Logistic regression; Random forest; Adversarial training.

1.0 Introduction

Suicidal behavior prediction is a critical task in mental health care, with significant
implications for early intervention and prevention.
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Traditional machine learning (ML) approaches, such as Support Vector Machines
(SVM), Logistic Regression (LR), and Random Forest (RF), have been extensively used for
binary classification problems like predicting suicidal risk based on behavioral and
psychological data (Nordin et al., 2012). These models, although effective, often rely on
handcrafted features and may struggle to generalize when faced with imbalanced or noisy
data (Baydili ef al., 2025).

GAN:Ss, a powerful class of deep learning models, offer an alternative by generating
synthetic data to augment training datasets and improve generalization. GANSs, originally
introduced by Goodfellow et al. (2021), consist of two components: a generator G that
produces fake data, and a discriminator D that distinguishes between real and generated
samples. The adversarial nature of training in GANs allows them to learn complex data
distributions, which has shown promising results in various domains, including image
generation and data augmentation (Radford et al., 2015; Li & Wand., 2016).

In the context of suicidal behavior prediction, GANs can be leveraged to synthesize
rare or underrepresented data, potentially addressing issues such as data imbalance and
improving predictive accuracy. While GANs have been successfully applied in domains
like image analysis (Goodfellow et al, 2021), their use in mental health prediction,
particularly for high-risk behaviors, remains underexplored. Previous studies have
demonstrated that augmenting the dataset with synthetic data can improve model
performance in classification tasks (Branikas et al., 2023).

This research makes several significant contributions to the field of suicidal
behavior prediction using machine learning. Firstly, it provides a comprehensive
comparative analysis between GANs and traditional machine learning models, such as
SVM, LR, and RF. The study specifically highlights how GANs, through their ability to
generate synthetic data, can outperform traditional models, especially when dealing with
limited and imbalanced datasets. This research also explores the novel application of GANs
in predicting suicidal behavior, a domain that has not yet fully leveraged the potential of
generative models. By generating synthetic samples, GANs can address data sparsity issues,
thus enhancing the robustness of predictive models, particularly when predicting rare events
like suicide risk.

Furthermore, this study emphasizes the importance of data augmentation
techniques, showing how GANs can augment training datasets to mitigate data imbalance
and improve model accuracy. Through this, the research contributes to a deeper
understanding of the impact that synthetic data can have on model performance in high-
stakes domains like mental health. The study evaluates various machine learning models
using comprehensive metrics such as accuracy, precision, recall, F1-score, and AUC-ROC,
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offering a nuanced view of model performance and providing empirical insights into the
strengths and weaknesses of GANs versus traditional approaches.

The main objective of this research is to assess the performance of GANs in
predicting suicidal behavior and to empirically compare them with traditional machine
learning models. Additionally, it aims to investigate the role of data augmentation in
improving the robustness of predictive models in mental health. By identifying the strengths
and limitations of each model, this study aims to provide valuable insights for improving
predictive capabilities and guiding future research in mental health prediction using
advanced machine learning techniques.

2.0 Literature Survey

The prediction of suicidal behavior has become a critical focus in mental health
research, with machine learning methods offering significant potential to improve
prediction accuracy. Traditional machine learning techniques such SVM, LR, and RF have
been frequently employed for the prediction of suicidal behavior. For instance, SVM has
been applied to classify individuals based on factors such as prior suicidal tendencies,
depression, and anxiety, given its robustness in handling high-dimensional data (Nordin ef
al., 2022). Logistic Regression, another well-established method, has been favored for its
simplicity and interpretability, particularly in clinical settings where understanding the
relationship between features and the target variable is important (Alghazzawi et al. 2025).
Random Forests, as an ensemble learning technique, aggregate results from multiple
decision trees, which is beneficial when dealing with large, noisy datasets typically found in
mental health research (Branikas et al., 2023).

Despite the success of these traditional approaches, one of the main challenges in
suicidal behavior prediction is the issue of imbalanced datasets. In many cases, suicide
attempts or behaviors are much less frequent than non-suicidal behaviors, which can lead to
a biased prediction where models are inclined to predict the majority class (Chawla et al.,
2002). To address this, data augmentation techniques such as SMOTE (Synthetic Minority
Over-sampling Technique) have been employed to generate synthetic samples of the
minority class (He & Garcia, 2009). These methods help to balance the dataset, but they
still face limitations in producing realistic examples of suicidal behavior that could
adequately train the model.

A more advanced solution to the problem of data imbalance is the application of
GANSs. GANSs, introduced by Goodfellow ef al. (2021), comprise two neural networks—a
generator and a discriminator—that are trained adversarial. The generator creates synthetic
data points, while the discriminator evaluates their authenticity. This approach has shown
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promise in other fields, such as image generation (Radford et a/., 2015) and text generation
(Pan et al., 2021), by producing high-quality, realistic data that can be used to augment
training datasets. In the context of suicidal behavior prediction, GANs can generate
synthetic data representing individuals at risk of suicide, addressing the challenge of data
sparsity and improving model performance (Branikas et al., 2023).

Li & Wand (2016) demonstrated that GAN-based data augmentation improved the
accuracy of suicide prediction models by generating synthetic data that allowed the model
to better generalize to unseen data, especially in cases where real data was scarce. Similarly,
Branikas et al., (2023) showed that using GANs for data augmentation not only improved
the classification performance of models but also helped reduce overfitting, which is a
common issue when training on small, imbalanced datasets.

However, the use of GANs in predicting suicidal behavior is still in its early stages,
and several challenges remain. One significant concern is ensuring that the synthetic data
generated by GANSs is both realistic and unbiased. If the synthetic data does not accurately
reflect the real-world distribution of suicidal behaviors, it may negatively impact model
predictions. Furthermore, while GANs have demonstrated success in image and text
domains, their application in mental health prediction is still under-explored, and further
research is needed to validate their utility in this context.

In summary, while traditional machine learning models have made strides in
predicting suicidal behavior, they are often hindered by the challenges of data imbalance
and sparsity. GANs present a promising alternative by generating realistic synthetic data,
thus improving model robustness and generalization. Nonetheless, more research is
necessary to fully explore the potential of GANs in this domain and to address concerns
related to the realism of generated data and the ethical implications of their use in sensitive
areas such as mental health.

3.0 Methodology

The mathematical representation of GANs for predicting suicidal behave provides a
structured framework to address the challenge of data scarcity and imbalance in mental
health datasets. The process begins with the real data distribution X = {x1, x5, ..., xp},
where each data poir x; captures demographic, mental health, and behavioral features of
individuals. The goal is to approximate the underlying real data distribution pg,, (x).

The Generator (G) is designed to produce synthetic data samples from a random
noise vector z, aiming to mimic the real data distribution. Conversely, the Discriminator (D)
acts as a binary classifier that distinguishes real data from generated samples by outputting
a probability D(x). The Generator and Discriminator engage in an adversarial min-max
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game, where the Generator seeks to maximize the probability of the Discriminator
misclassifying synthetic data as real, while the Discriminator aims to correct classify real
versus synthetic data.

The objective function formalizes this adversarial training and guides the iterative
update of model parameters through gradient descent. Once the GAN is trained, it can
generate high-quality synthetic data, which is then combined with the original dataset to
form an augmented dataset X,,, . This augmented dataset can be used to train downstream
classifiers, such as SVM, Logistic Regression, or Random Forest, enhancing predictive
performance in suicidal behavior prediction tasks by mitigating issues of data imbalance
and scarcity. Overall, this mathematical framework demonstrates how GANs can transform
sparse or imbalanced mental health data into a richer, more representative dataset, providing
a powerful tool for predictive modeling in suicide prevention research.

Figure 1: GANs for Predicting Suicidal Behavior

GAN:s for Predicting Suicidal Behavior

Step 1: Real Data Distribution

Let the real data X = {x;,x,, ..., x,} represent the feature vectors describing the suicidal
behavior dataset, where each x; € R is a feature vector for the i-th individual, containing
information such as:
e Demographics: Age, gender, etc.
e Mental Health: Depression scores, anxiety, etc.
e Behavioral Patterns: Sleep disturbances, social isolation, etc.

We can assume that this data follows an underlying real distribution p g, (x).

Step 2: Generator Network (G)
The Generator is responsible for producing synthetic data samples that resemble the real data. It
takes a random noise vector z € R™, sampled from a prior distribution p,(z) (usually a
Gaussian distribution), and maps it to a synthetic data point G (z) € R%.

G:z > G(z) where G(2) €R?
The Generator tries to produce synthetic data G (z) that is as similar as possible to the real data
distribution pgae, (X).

Step 3: Discriminator Network (D)

The Discriminator is a binary classifier that outputs a probability D(x) representing the
likelihood that a given input x is real (from the real dataset) or fake (from the Generator). The
Discriminator is a function:
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D:x = D(x)

Where:

e D(x) =1 ifx isreal (from the real dataset),

e D(x) = 0if x is fake (from the Generator).

The Discriminator’s goal is to correctly classify real and synthetic data. It learns to distinguish
between the real distribution pg,, (x) and the synthetic distribution pg (x).

Step 4: Objective Function (Adversarial Loss)

The goal of GAN training is to minimize the difference between the real data distribution
Pdata (x) and the distribution of synthetic data generated by G(z). This is achieved by training
the Generator and Discriminator with a min-max game objective.
The objective function can be written as:
rrgnmgXIEx~pdtata(x) [log D(X)] + IE‘:z~pz(z) [log (1 - D(G(Z)))]

Where:
o The first term, Ey.,,, (x)[log D(x)], represents the Discriminator’s ability to correctly

classify real data as real.
e The second term, E, ., ,y[log (1 — D(G(2)))], represents the Discriminator’s ability to

correctly classify synthetic data as fake.
Generator and Discriminator Losses
The Generator seeks to maximize the probability that the Discriminator classifies its synthetic
data as real. The Generator’s loss function is given by:

Lo =E; p, (2 [log (1 — D(G(2)))]

The Discriminator aims to maximize its ability to distinguish between real and fake data. The
Discriminator’s loss function is given by:

Lp = _IEx~pd€Itat x) [log D(x)] — ]Ez~pz(z) [log (1 — D(G(2)))]

Step 5: Training Process (Minimax Game)

The training of GANs involves updating the parameters of both the Generator and the
Discriminator through an iterative process:
1. Discriminator Update: The Discriminator parameters 6, are updated by minimizing Lp, i.e.,
by performing gradient descent on the Discriminator loss.
Op < 0p —nVe,Lp
2. Generator Update: The Generator parameters 6; are updated by minimizing L;, i.e., by
performing gradient descent on the Generator loss.
0 < 0 — VgL
Where 7 is the learning rate, and the gradients Vg and Vg, represent the gradients of the

respective loss functions with respect to the model parameters.
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Step 6: Synthetic Data Generation

Once the GAN has been trained, the Generator can generate synthetic suicidal behavior data.
Given a random noise vector z, the Generator produces a synthetic data sample G (z), which is
designed to
resemble real suicidal behavior data:

x=G(2)
This synthetic data can then be used to augment the real dataset, especially if the real data is
limited or imbalanced.

Step 7: Augmentation for Suicidal Behavior Prediction

The synthetic data generated by the GAN can be used to augment the training dataset for
downstream prediction tasks, such as training classifiers to predict suicidal behavior.
The augmented dataset X,,, consists of both the original real data X and the generated synthetic
data X :

Xaug =X UX
Where:
* X, is the augmented dataset.
e X=1{G(2),G(2y),...,G(z)} is the set of synthetic data points generated by the GAN.
This augmented dataset can now be used to train a classification model (e.g., Logistic
Regression, SVM, Random Forest) for predicting suicidal behavior.

4.0 Dataset Description

The dataset used for predicting suicidal behavior contains a combination of clinical,
psychological, and demographic features designed to aid in identifying individuals at risk of
suicide. The data includes both categorical and numerical attributes, such as age, gender,
mental health scores (e.g., depression and anxiety levels), and behavioral indicators like
social isolation, substance abuse, and previous suicide attempts. The target variable in the
dataset indicates whether the individual has shown suicidal behavior (1) or not (0). This
dataset is crucial for machine learning models to discern patterns and risk factors associated
with suicidal tendencies.

While the dataset provides valuable insights, it also requires careful handling due to
its class imbalance, where suicidal behavior cases may be underrepresented compared to
non-suicidal cases. Data augmentation methods, like Generative Adversarial Networks
(GANs), are often employed to improve model performance by generating synthetic
examples of the minority class. The dataset is structured with various columns that capture
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key factors contributing to suicidal behavior prediction, making it ideal for both traditional
machine learning methods and deep learning approaches like GANS.

Table 1: Dataset Description for Suicidal Behavior Prediction

(Target)

behavior (1 = yes, 0 = no)

Feature Name Description Type Example Values
Age Age of the individual Numerical |23, 45, 60
Gender Gender of the individual Categorical | Male, Female
Depression Score Depression severity (e.g., PHQ-9 score) | Numerical |5, 8, 10
Anxiety Level Anxiety severity (scale 1-10) Numerical [4,7,9
Social Isolation Level of social isolation Categorical | Low, Medium, High
Sleep Disturbances | Whether the individual suffers from sleep | Binary 1 (Yes), 0 (No)

disturbances

Family History of Family history of suicide Binary 1 (Yes), 0 (No)
Suicide
Substance Abuse History of substance abuse Binary 1 (Yes), 0 (No)
Previous Suicide Whether the individual has attempted Binary 1 (Yes), 0 (No)
Attempts suicide before
Suicidal Behavior Target variable: Indicates suicidal Binary 1 (Suicidal), 0 (non-

suicidal)

5.0 Additional Information

This dataset serves as a foundational resource for building models aimed at
identifying individuals at risk of suicide, facilitating early intervention and support.

Table 2: Additional Information on Suicidal Behavior Prediction Dataset

Dataset Size

1,000 individuals

Data Sources

Clinical surveys, mental health assessments, medical records

Preprocessing

Data normalization, encoding categorical variables, missing data handling

6.0 Results and Comparisons

When comparing GANs with traditional machine learning models for predicting

suicidal behavior, significant differences emerge in terms of performance, data handling,
and computational requirements.
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Table 3: Results and Comparisons of GAN vs Traditional Machine Learning Models
for Suicidal Behavior Prediction

. F1- AUC (ROC | Training Data
Model T A P Recall
odel Type ceuracy) Frecision | Reca Score Curve) Time |Augmentation
Generative .
Adversarial 0.89 0.85 | 0.87 | 0.86 0.91 High | Y (sztzt)he“c
Network (GAN)
Logisti
ogistic 0.81 0.80 | 078 | 0.79 0.83 Low No
Regression
Support Vector .
.84 .82 . .81 . M
Machine (SVM) 0.8 0.8 0.80 0.8 0.85 edium No
Random Forest 0.86 0.84 0.83 0.84 0.88 Medium No
Decision Tree 0.75 0.72 0.70 0.71 0.77 Low No

The GAN-based model excels in accuracy, achieving 0.89 compared to the
traditional models, primarily due to its ability to generate synthetic data. By augmenting the
training dataset, GANs help overcome issues like class imbalance, which can often skew
results in datasets where suicidal behavior cases are underrepresented. This augmentation
also contributes to improved precision (0.85) and recall (0.87), showing that the model is
highly effective at both identifying suicidal behaviors and avoiding false positives.
Additionally, the AUC (0.91) further demonstrates its superior discriminative ability
between suicidal and non-suicidal individuals. However, training time for GANs is notably
higher due to the complexity of the adversarial learning process, which involves generating
and refining synthetic data.

On the other hand, traditional machine learning models like LR, SVM, and RF
perform reasonably well but do not exhibit the same level of performance as GANs. For
instance, Logistic Regression has an accuracy of 0.81, with lower precision (0.80) and recall
(0.78), indicating it struggles slightly more with misclassification. While SVM (accuracy
0.84) and Random Forest (accuracy 0.86) show stronger performances, particularly with a
balanced dataset, they still fall short of the GAN’s ability to handle imbalanced data through
synthetic data generation. Moreover, these traditional models generally have lower AUC
values (ranging from 0.83 to 0.85) compared to GANs, which suggests that while they are
good at predicting suicidality, their ability to distinguish between the classes is less refined.

Furthermore, traditional models are computationally more efficient, with lower
training times and no need for data augmentation, making them faster and easier to deploy
in resource-limited environments. However, without augmentation techniques like those
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offered by GANSs, they may not perform as well when faced with highly imbalanced
datasets, such as those often found in suicide prediction tasks.

GANSs provide superior performance, particularly when dealing with imbalanced
datasets and synthetic data generation, offering higher accuracy and more reliable
predictions of suicidal behavior. However, they come with the trade-off of higher
computational costs and longer training times. Traditional machine learning models, while
more efficient and simpler to train, are limited by their inability to handle class imbalance
as effectively, which can result in slightly lower performance on predictive tasks.

7.0 Metrics for Evaluation

The table summarizes key evaluation metrics used to assess the performance of
suicidal behavior prediction models, including measures of accuracy, precision, recall, F1-
score, AUC, error rates, and computational efficiency. These metrics provide a
comprehensive assessment of both predictive correctness and resource utilization, ensuring
a balanced evaluation of model performance.

Table 4: Key Metrics for Evaluating Suicidal Behavior Prediction Models, Capturing
Prediction Accuracy, Error Rates, and Computational Efficiency

Metric Formula Description
Accuracy Accuracy = % Proportion of correctly
predicted instances (both
suicidal and non-suicidal).
Precision Precision = —% Proportion of true positive
TErER predictions out of all instances
predicted as suicidal.
Recall Recall = —F— Proportion of actual suicidal
(Sensitivity) TEHEN instances correctly predicted.
F1-Score Precision X Recall Harmonic mean of precision
F1— Score =2 X — s
Precision + Recall and recall, providing a balanced
evaluation of both metrics.
AUC (Area AUC is the area under the ROC curve, Measures the model’s ability to
Under Curve) |where ROC is defined as distinguish between suicidal
ROC = ﬂ and TPR = TP FPR and non-suicidal cases.
FPR TP+ FN’
FP

“FP+TN
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Training Time | Ty g Time taken by the model to
= Time taken for the model to learn parameters | train and fit the optimal

parameters.

False Positive |ppp = —fP Proportion of non-suicidal

Rate (FPR) FP+TN instances incorrectly predicted
as suicidal.

False Negative | pyp = £V Proportion of suicidal instances

Rate (FNR) FN+TP incorrectly predicted as non-
suicidal.

Computational co = Model Complexity Quantifies model complexity

Efficiency /T ™ Computational Resources Required relative to the resources it
consumes during training and
prediction.

TP (True Positive).: Suicidal behavior correctly predicted as suicidal.

TN (True Negative): Non-suicidal behavior correctly predicted as non-suicidal.
FP (False Positive): Non-suicidal behavior incorrectly predicted as suicidal.
FN (False Negative): Suicidal behavior incorrectly predicted as non-suicidal.

8.0 Conclusion

The comparative analysis between GAN-based models and traditional machine
learning methods for predicting suicidal behavior demonstrates notable differences in
performance and computational requirements. GANs excel in handling class imbalance
through the generation of synthetic data, which significantly boosts their accuracy,
precision, and recall. This ability to augment the dataset allows GANSs to better capture rare
suicidal behaviors, improving overall model performance with a higher AUC and a better
F1-Score. However, GANs require more computational resources and longer training times
due to their adversarial learning structure.

On the other hand, traditional models like Logistic Regression, SVM, and Random
Forest offer simpler, more computationally efficient alternatives, with faster training times
and lower computational costs. While they achieve reasonable performance, their ability to
handle class imbalance is limited, which can lead to slightly lower precision, recall, and
AUC scores. These models also lack the synthetic data augmentation benefits of GANS,
which means they may not perform as well on datasets with imbalanced or
underrepresented suicidal behavior cases. In practical applications, the choice of model
depends on the specific use case: GAN-based models are ideal for situations where
accuracy and data augmentation are crucial, especially when dealing with imbalanced
datasets, while traditional machine learning models may be preferable in resource-
constrained environments where efficiency and speed are prioritized.

11



12 | COMPUTOLOGY: Journal of Applied Computer Science and Intelligent Technologies,
Volume 5, Issue 2, Jul-Dec 2025

Ultimately, both approaches have their strengths and limitations, and the decision
should be based on the available computational resources, the nature of the dataset, and the
specific goals of the prediction task.
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