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Abstract: Early detection of sexually transmitted diseases (STDs) and infections (STIs) is crucial for timely
treatment and reducing public health risks. In the first phase of this study, a Random Forest model was applied
on an imbalanced STD dataset and achieved an accuracy of 96%, demonstrating the potential of tree-based
learning in medical diagnostics. In the second phase, we addressed data imbalance using the Synthetic
Minority Oversampling Technique (SMOTE) and extended the analysis by implementing deep learning
models such as Multilayer Perceptron (MLP) and 1D Convolutional Neural Network (1D CNN), along with
Gradient Boosting. A comprehensive performance evaluation was conducted using accuracy, precision, recall,
F1-score, and ROC-AUC. Among all, Random Forest achieved the highest accuracy of 94% on the resampled
data, highlighting the promise of deep learning in enhancing diagnostic accuracy. This final phase reinforces
the effectiveness of combining data balancing techniques with advanced learning models for robust STD
prediction.

Index Terms - Tree Learning, Deep learning, Sexually Transmitted Disease (STD) Prediction, Random
Forest, MLP, Gradient Boosting, 1D CNN, SMOTE, Deep Learning, Machine Learning, Evaluation Metrics.

|. INTRODUCTION

Sexually transmitted diseases (STDs) and infections (STIs) pose a persistent global health burden, especially
in regions with limited access to timely diagnostics and treatment. Early detection plays a crucial role in
reducing the risk of complications, preventing transmission, and improving public health outcomes. While
conventional testing methods remain effective, they often require clinical infrastructure and lab-based
analysis, which can delay diagnosis and treatment.

To overcome these limitations, artificial intelligence (Al) and machine learning (ML) approaches are
increasingly being explored for medical diagnostics. In Phase | of this study, we implemented a tree-based
model—Random Forest—on a publicly available STD dataset. This model achieved high predictive
performance, with an accuracy of 96%, and showed balanced classification capability for both positive and
negative cases. Despite the dataset being relatively balanced (with only a small class difference), we
recognized the potential for even slight imbalances to affect certain classifiers under specific conditions.

As we progressed into Phase Il, we focused on further strengthening model robustness and exploring more
advanced learning architectures. To ensure fair representation across both classes, we applied Synthetic
Minority Oversampling Technique (SMOTE) to produce a more uniformly distributed dataset. While the
original class imbalance was minor, SMOTE allowed us to validate how data balancing might influence
performance across different algorithmic families.
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Following this, we implemented and compared models from both tree-based (Gradient Boosting) and deep
learning (Multilayer Perceptron and 1D Convolutional Neural Network) paradigms. Each model was trained
on the resampled dataset and evaluated using comprehensive metrics including accuracy, confusion matrix,
precision, recall, F1-score, and ROC-AUC.

Among all, the MLP model delivered the best overall performance on the resampled data, illustrating the
potential of deep learning methods in healthcare diagnostics—even with tabular data. The CNN model, while
slightly less accurate, still demonstrated the ability to learn meaningful representations. Gradient Boosting
provided a competitive benchmark among the tree-based techniques.

This paper presents the findings of Phase 1l and offers a final comparative perspective between tree-based and
deep learning models. Together with the insights from Phase I, our work contributes toward the development
of a reliable, intelligent system for early STD/STI detection using Al technologies.

1. OBJECTIVE

Building upon the foundation established in Phase I, the objective of Phase Il is to extend the comparative
analysis by incorporating advanced machine learning and deep learning techniques on a more robust dataset.
This phase specifically focuses on evaluating how data balancing (via SMOTE) and complex model
architectures influence prediction performance for STD detection. The key objectives of this phase are:

1. Comparison Enhancement of Model Diversity and Complexity: Assess Expand the scope of
models by implementing advanced algorithms such as Gradient Boosting (tree-based) and deep learning
architectures like Multilayer Perceptron (MLP) and 1D Convolutional Neural Network (1D-CNN). These
models are evaluated for their ability to handle tabular health data and identify non-linear patterns in the
diagnosis of STDs.

2. Integration of Data Balancing Techniques: Apply SMOTE (Synthetic Minority Over-sampling
Technique) to the dataset—even with only a slight class imbalance—to improve model generalizability and
verify how resampling impacts model performance across both algorithm families.

3. Comparative Evaluation Using Standard Metrics: Systematically compare all models (Random
Forest, Gradient Boosting, MLP, and 1D-CNN) on resampled data using metrics such as accuracy, precision,
recall, F1-score, ROC-AUC, and confusion matrix, providing a holistic view of each model’s diagnostic
effectiveness.

4. Analysis of Trade-offs and Practical Implications: Evaluate trade-offs between traditional and deep
learning methods in terms of computational cost, interpretability, training complexity, and suitability for real-
world healthcare deployment.

I11. CONTRIBUTION
1. Integration of Deep Learning Models: Expanded the study beyond traditional machine learning by
implementing MLP and 1D-CNN, demonstrating the viability of deep learning techniques for tabular health
data.
2. Data Resampling and Fair Evaluation: Applied SMOTE even for a mildly imbalanced dataset to
ensure robustness and investigate its impact on model performance.
3. Expanded Model Comparison Framework Added Gradient Boosting to the tree-based category,
and conducted a four-way comparative analysis between Random Forest, Gradient Boosting, MLP, and 1D-
CNN.

4, Model Evaluation Under Realistic Conditions: Compared model behaviour before and after data
balancing, providing insight into how minor class imbalance affects different model types.
5. Visual and Metric-Based Validation: Used ROC curves, AUC scores, confusion matrices, and

classification reports to thoroughly validate each model’s reliability and practical applicability in healthcare
diagnostics.
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IV. Literature Review

The reviewed studies present a range of methodologies, issues, and limitations in the domain of machine
learning for sexually transmitted infection (STI) prediction. Methodologies employed include data collection
from clinical records, self-reported surveys, and electronic health records P°IIY1 with preprocessing techniques
like one-hot encoding, feature selection based on expert opinions, and stratified sampling to ensure data
balance [°1. Machine learning models such as logistic regression, ensemble methods, MySTIRisk?l and
CatBoost!® were evaluated using metrics like AUC, sensitivity, and F1-score, with some leveraging tools like
Youden’s Index to optimize diagnostic thresholds. However, common issues include biases arising from self-
reported data, recall errors, and social desirability factors, as well as inconsistencies in data collection and
definitions of risk behaviours across studies. Limitations are evident in the generalizability of findings due to
the use of specific high-risk populations or single-site datasets, the exclusion of critical socio-behavioural and
structural determinants, and the lack of external validation of predictive models. Furthermore, publication
bias, restricted access to resources, and the absence of standardized methodologies hinder comprehensive
comparisons and broader applicability. Addressing these challenges requires the inclusion of diverse datasets,
integration of clinical images, and cross-site validation to improve the robustness and reliability of STI
prediction modelst?,

Year Methodologies Accuracy

2022 Boosted GLM, ensemble Elastic- 67-76%
Net Regression, Gradient
Boosting Machines (GBM),
Random Forest (RF)
2023 Random Forest, Naive Bayes 65-70%
classifier, and Decision Tree,
SVM with three different kernel
and Logistic Regression

2024 logistic regression 68-69%
2024 - 56%
2024 CatBoost, Gradient Boost, Light 83%

GBM, SVM, Adaboost
Classifier, Extinct Gradient
Boosting, Logistic Regression,
Random Forest

V. METHODOLOGY

Phase I: Tree-Based Learning (Random Forest)

1. Dataset Preparation: Collected a publicly available dataset related to sexually transmitted diseases
(STDs). Performed data cleaning, preprocessing, and label encoding to handle categorical variables. Divided
the data into training and testing subsets using an 80:20 split.

2. Model Implementation — Random Forest: Trained a Random Forest classifier as the baseline
model for Phase I. Used default hyperparameters with stratified sampling to preserve class distribution. The
model was trained on the original dataset (without any resampling techniques).

3. Model Evaluation: Evaluated using metrics such as accuracy, precision, recall, F1-score, and
confusion matrix. Achieved high accuracy of 96%, demonstrating strong performance on imbalanced data.
Feature importance analysis was also conducted to understand key predictors.
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Phase I1: Advanced Modeling and Deep Learning

I.Application of SMOTE (Synthetic Minority Oversampling Technique)
In Phase Il of our research, we applied SMOTE to address the minor imbalance present in our dataset.
Although the difference between positive and negative cases was relatively small (approximately 6 data
points), SMOTE was employed to ensure fair training conditions for all machine learning models.
Why SMOTE?

1) Traditional models may develop a slight bias toward the majority class, even with small imbalances.

i) SMOTE generates synthetic data points for the minority class rather than duplicating existing data,
leading to better generalization.

iii) It helps ensure that performance metrics like recall and F1-score remain high for both classes, not
just the majority.

Steps Involved:
1. Detection of Class Imbalance:
. Initial dataset had a slight skew in class distribution.
2. Application of SMOTE:
. Used SMOTE to synthetically generate new samples for the minority class.
. Resulted in a balanced dataset with equal representation of both classes.

3. Model Training on Resampled Data:

. Models such as Random Forest, Gradient Boosting, MLP, and 1D-CNN were trained using this
balanced dataset.

Before SMOTE After SMOTE
°® 29 5 o
® : 5 e :
o v @
[ ] ® —_— o o
o © §| @
1.4
1 Feature 1 2 1 Feature 2 2
@® Negative Class Positive Class Synthetic Samples

Balanced Dataset
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I.Implementation of MLP (Multi-layer Perceptron)
What is MLP?

a. MLP is a type of feedforward neural network that consists of an input layer, one or more hidden
layers, and an output layer.

b. It is used for supervised learning tasks and is capable of capturing complex non-linear patterns in
data.

MLP Architecture Used in Our Study

1. Input Layer:
Takes in the feature values (after encoding and scaling).

Number of neurons = number of input features.

2. Hidden Layer(s):
We used two hidden layers first with 75 neurons and second with 20 neurons.
We used the ReLU activation function for both the hidden layers.

Why ReLU? It avoids the vanishing gradient problem and is computationally efficient.

3. Output Layer:

A single neuron with sigmoid activation to output probability for binary classification.

Why Sigmoid? It converts output into a probability (0 to 1), ideal for binary outcomes (Positive/Negative
STD).

4. Training:

Loss Function: Binary Crossentropy — suitable for binary classification.
Optimizer: Adam — efficient for deep learning tasks.

Epochs: 2000 (early stopping was also applied later to avoid overfitting).
Scaler: StandardScaler was used to normalize data.

Early stopping was enabled to prevent overfitting, and the maximum number of iterations was set to 2000.

I11.Implementation of Gradient Boosting
What is Gradient Boosting?

a. Gradient Boosting is an ensemble machine learning technique that builds models sequentially.
b. Each new model attempts to correct the errors made by the previous ones.

C. It combines the predictions of multiple weak learners (typically decision trees) to form a strong
learner.
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How It Works

Starts with a simple model (like a shallow tree).
Calculates the errors (residuals) of the model.
Builds a new model to predict these residuals.
Combines the new model with the previous one.
Repeats the process for several iterations (boosting).

agrODE

Model Parameters (Default in our case):

Parameter Description Typical Value / Our
Setting
N estimator Number of boosting stages Default (100)
Learning rate Shrinks the contribution of Default (0.1)
each tree
Max Depth Maximum depth of Default (3)
individual trees
Subsample Fraction of samples used per Default (1.0)
tree
Loss Loss function used Default (‘deviance’)

Why Use Gradient Boosting?

Handles complex patterns better than a single decision tree.
More resistant to overfitting than plain boosting.

Offers better performance on tabular data.

1v.1D CNN model

A 1D Convolutional Neural Network is a deep learning model that is especially effective for analyzing
sequential or structured data (like time series or tabular datasets).

It learns patterns by applying filters over one-dimensional feature sequences.

1D CNN Architecture Used in Our Model

Layer Configuration Purpose
Input Layer Reshaped data: (samples, Prepares data for 1D conv
features, 1) operations
Convolution 1D layer 32 filters, kernel size = 3, Extracts local feature patterns
RelLU
MaxPooling 1D Pool size =2 Reduces dimensionality,
retains key features
Dropout 30% Prevents overfitting
Flatten Converts 3D output to 1D
Dense layer 34 units, ReLU Fully connected layer
Dropout 30% Extra regularization
Output 1 unit, Sigmoid Binary classification
(STD/No STD)
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Hyperparameters
a. Optimizer: Adam
b. Loss Function: Binary Crossentropy
C. Epochs: 220
d. Batch Size: 100
Why 1D CNN?

Captures feature interactions better than traditional models.
Automatically extracts features without manual engineering.
Good for structured/tabular datasets when reshaped appropriately.

V.Model Training Process — Phase 11

This section outlines the common training workflow we followed for all models (MLP, Gradient Boosting,
1D CNN):

Step-by-Step Training Pipeline

1. Load Dataset:

Resampled dataset using SMOTE to balance the classes.

2. Preprocessing

Label encoding for categorical variables.
Feature scaling using StandardScaler to normalize inputs.

3. Train-Test Split

Dataset split into 80% training and 20% testing using "train_test split’.

4. Model Building

MLP: Fully connected neural network with hidden layers.
Gradient Boosting: Ensemble of decision trees with sequential learning.
1D CNN: Deep learning model with convolution and pooling layers.

5. Model Compilation (for Deep Learning models)

Optimizer: Adam
Loss Function: Binary Crossentropy
Metrics: Accuracy

6. Model Training

o MLP & CNN trained for multiple epochs with batch size, validation split, and in some cases, early
stopping.
o Gradient Boosting trained using “GradientBoostingClassifier".
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7. Model Evaluation

. Metrics used: Accuracy, Precision, Recall, F1-Score, Confusion Matrix, AUC-ROC.

V1.Model Evaluation Metrics (Accuracy, Precision, Recall, F1 Score, Confusion Matrix, ROC-AUC)
After training, each model was rigorously evaluated to ensure reliability, robustness, and generalizability.
Evaluation Techniques

To assess the models' performance, we employed several evaluation metrics:

1. Accuracy: Measures the proportion of correctly predicted instances out of the total instances. Useful
for balanced datasets.
Accuracy = TP + TN
Y= TP+ IN+FP + FN
2. Precision: Indicates the proportion of true positive predictions out of all positive predictions,
highlighting the model’s reliability in identifying true positives.
Precision = i
~ TP +FP
3. Recall (Sensitivity): Measures the model's ability to identify all relevant instances, especially
critical in healthcare applications.
TP
Reall = 757 Fn
4. F1-Score: The harmonic means of precision and recall, providing a balanced measure of model
performance.
F1-Score — 2- Precision - Recall
~ 7 Precision + Recall
5. Confusion Matrix: A tabular representation of true positives (TP), true negatives (TN), false

positives (FP), and false negatives (FN), offering a detailed breakdown of classification performance.

6. ROC-AUC (Receiver Operating Characteristic - Area Under Curve): Evaluates the model's
ability to distinguish between classes across different thresholds, with higher AUC indicating better
discrimination.

7. Cross-Validation (K-Fold): Each model was evaluated using K-Fold Cross Validation to assess
consistency across multiple data splits. Reduces the risk of overfitting and ensures the model generalizes
well.
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Key Results

We repeated the training process few times and observe the accuracy is on range given below:

Model Accuracy
Random Forest 0.87-0.94
Gradient Boosting 0.80-0.84
MLP 0.70-0.73

1D CNN 0.70-0.76

VII1.Result and Conclusion

This study extended by introducing advanced machine learning and deep learning models, evaluated on a
resampled STD/STI dataset using SMOTE to ensure class balance.

All models were also validated using cross-validation, which confirmed the consistency and generalizability
of the performance metrics.

Conclusion:

1. SMOTE balancing helped mitigate minor class imbalance and ensured fairer model training.

2. Random Forest emerged as the top-performing model, achieving an impressive accuracy of 92%
after resampling.

3. Gradient Boosting and 1D CNN showed competitive performance but slightly underperformed
compared to Random Forest.

4. MLP, despite being a deep learning model, did not perform as expected — likely due to the dataset
size and complexity being insufficient for convolutional layers to learn effectively.

5. Tree-based methods (Random Forest and Gradient Boosting) remain strong, especially with
smaller or structured datasets, but 1D-CNN demonstrated the potential of deep learning when tuned well.

VIlI.Future Scope

. Experiment with more advanced architectures (e.g., LSTM, hybrid models).
. Apply feature engineering to extract domain-relevant insights.
. Extend analysis to larger, more diverse datasets to validate deep learning advantages.
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