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Abstract—Drug-induced autoimmunity (DIA) presents a complex obstacle in pharmacological safety due to its rare occurrence and
unpredictable manifestation, often compounded by class imbalance in clinical datasets. This study investigates the influence of
three loss functions, Binary Cross-Entropy (BCE), Focal Loss, and Dice Loss, on the performance of deep learning architectures
comprising Multi-Layer Perceptron (MLP), Convolutional Neural Network (CNN), and 2-Layer Neural Network (SimpleNN).
Models were trained using numerical molecular descriptors from the publicly available DIA dataset. The architectures were chosen
based on their complementary properties: MLP is suitable for high-dimensional tabular descriptor data, CNN was examined to
explore whether 1D convolutions can capture localized feature interactions among correlated descriptors, and 2-Layer Neural
Network served as a lightweight baseline for comparison. A stratified 5-fold cross-validation strategy was employed to ensure
statistical robustness. The results demonstrate that the MLP model, optimized with Focal Loss, consistently delivered the highest
classification performance, achieving average scores of 94% accuracy, 93% precision, 95% recall, 94% F1-score, and an AUC of
0.97. In contrast, CNN and SimpleNN architectures yielded less favorable outcomes under the same loss configurations. These
findings highlight the importance of aligning loss function choice with model complexity in the context of imbalanced biomedical
data. The insights from this work contribute to the development of more reliable computational frameworks for early-phase
immunogenicity screening and support the advancement of precision pharmacovigilance strategies.
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1. INTRODUCTION

Autoimmune disorders arise when the immune system mistakenly identifies the body’s cells and tissues as harmful,
leading to an inappropriate immune response that may cause significant organ dysfunction and, in severe cases, pose
life-threatening risks [1]. Among its variants, drug-induced autoimmunity (DIA) is becoming increasingly important
in the context of pharmacovigilance and personalized medicine. Drug-induced autoimmunity (DIA) refers to
unfavorable immune responses triggered by therapeutic agents, which frequently evade detection during conventional
clinical trials due to their infrequent occurrence and unpredictable nature [2].

Conventionally, recognizing such immune-related adverse effects depends on post-marketing monitoring and
documented clinical case reports, which consequently hinders the possibility of early therapeutic intervention.
Therefore, researchers have increasingly embraced computational approaches, especially artificial intelligence (Al),
to anticipate immunogenicity risks at earlier stages of drug development. These Al-driven methods often rely on
numerical representations of molecular compounds, known as molecular descriptors, to train classification models
capable of distinguishing between immunogenic and non-immunogenic compounds. Such approaches not only offer
a time-efficient alternative to wet-lab experimentation but also reduce the financial and ethical costs associated with
late-stage trial failures. Prior research by Begum and Kumar [3], as well as Huang et al. [2], revealed that deep learning
approaches may surpass traditional statistical methods in recognizing patterns associated with drug-induced
autoimmunity. Their findings reinforce the potential of neural network models in pharmacological safety assessment,
especially when equipped with high-quality molecular data [4].

This research utilizes the Drug-Induced Autoimmunity Prediction (DIA) dataset available through the UCI
Machine Learning Repository [5]. It contains drug compound records expressed as numerical molecular descriptors
generated via the RDKit toolkit. These descriptors reflect diverse molecular attributes, including physicochemical,
topological, and electronic characteristics, which are valuable for building predictive models. The objective is to
classify each compound as either immunogenic or non-immunogenic. Notably, the dataset shows significant class
imbalance, with only about 27% of the samples labeled as immunogenic and the remaining 73% as non-immunogenic.

In recent years, advancements in deep learning have brought increased attention to neural network architectures
such as the Multi-Layer Perceptron (MLP), Convolutional Neural Network (CNN), and 2-Layer Neural Network
(SimpleNN) [6]. MLPs are effective for handling high-dimensional tabular data where features do not have an inherent
spatial correlation [7], CNNs, though traditionally applied to image processing tasks, have been adapted [8] to non-
image data with moderate success by leveraging 1D convolution operations to identify localized feature interactions.
Meanwhile, SimpleNNs serve as computationally efficient baselines suitable for benchmarking more complex models
[9].

Although improvements in model architectures have been widely explored, the specific influence of loss
function design on model performance particularly for imbalanced biomedical data has received less focused attention.
Loss functions determine how misclassifications are penalized during learning, which directly affects how well models
handle minority classes such as immunogenic compounds [7], [10].
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To mitigate this issue, Focal Loss proposed by Lin et al. [11], [12] adjusts the loss contribution by reducing the
emphasis on well-classified examples and directing more attention to more complex, misclassified cases, which
enhances learning in skewed datasets [13], [14]. Alternatively, Dice Loss, initially designed for image segmentation
tasks, focuses on the overlap between predicted and actual labels. It has proven particularly effective in biomedical
classification problems where label imbalance is prominent [14], [15].

Hybrid loss designs such as Unified Focal-Dice Loss combine the strengths of precision weighting and overlap
measurement, showing promising results in tumor and autoimmune classification [16], [17]. Despite growing interest
in imbalance-aware learning, investigations that directly examine the effect of diverse loss functions in predicting
drug-induced autoimmunity (DIA) using molecular descriptors remain scarce. Existing research predominantly
emphasizes image or natural language datasets, while tabular chemical descriptors introduce distinct challenges,
including high feature redundancy, elevated dimensionality, and the absence of inherent spatial relationships [18],
[19].

The interplay between neural network architecture and loss function selection remains underexplored, despite
their critical role in shaping a model’s generalization capability. To address this gap, in this study, we conduct a
systematic evaluation of three loss functions: Binary Cross-Entropy, Focal Loss, and Dice Loss, across three distinct
deep learning architectures, MLP, CNN, and SimpleNN. Each configuration is evaluated using a stratified 5-fold
cross-validation scheme to ensure consistent and fair assessment under class imbalance conditions [16], [20]. Model
performance is measured using five standard metrics: accuracy, precision, recall, F1-score, and AUC, enabling a
comprehensive assessment of classification performance. In contrast to previous research that focused mainly on either
network structure or feature engineering, this study differentiates itself by jointly evaluating how architectural
complexity and loss function choice interact to influence predictive stability under class-imbalanced tabular
biomedical data. This distinction addresses a notable methodological gap in existing literature and contributes novel
empirical insight into loss behavior for descriptor-based immunogenicity prediction.

2. RESEARCH METHODOLOGY
2.1 Research Stages

This study aims to compare the performance of three loss functions, Binary Cross-Entropy (BCE), Focal Loss, and
Dice Loss, in training three deep learning architectures for predicting autoimmunity using molecular descriptors. The
research process consists of several main stages: dataset acquisition, data preprocessing, model development, training
with different loss functions, and performance evaluation using 5-fold Stratified K-Fold Cross-Validation. The overall
workflow is illustrated in Figure 1.

Preprocessing

Data UCL - Drop SMILES Model
Start Drug-Indunced - Standarisasi MLP, CNN, 2-Layer
Autoimmunity Neural Network
-SMOTE
Evaluasi & Visualisasi Training Strategies
- Akurasi, F1, AUC Stratified 5-Fold - Early Stopping Loss Function
- Confusion Matrix Cross-Validation - Class Weights Focal, Dice, Cross-
Entropy
- Training Curves - Label Smoothing

Figure 1. Research Workflow Diagram.
2.2 Dataset and Molecular Descriptors

The dataset used is the Drug-Induced Autoimmunity Prediction (DIA) dataset, obtained from the UCI Machine
Learning Repository [S5]. It comprises 729 numerical molecular descriptors extracted using the RDKit library for each
compound. The classification task involves two classes: immunogenic (positive) and non-immunogenic (negative),
with an imbalanced distribution of approximately 27% positive and 73% negative samples.

2.3 Data Preprocessing

During preprocessing, the SMILES column (which encodes molecular structure as a string) was removed, as it cannot
be directly processed in numerical models. All numerical features were standardized using the StandardScaler from
scikit-learn to normalize the mean to zero and the standard deviation to one. To address the class imbalance, the
Synthetic Minority Over-sampling Technique (SMOTE) [21] was applied only on the training folds within each
iteration of the 5-fold Stratified Cross-Validation, using the imbalanced-learn library. This ensured that synthetic
samples were generated exclusively from training data to prevent data leakage into the validation sets, thereby
maintaining the validity of performance evaluation.
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2.4 Model Architecture
Three types of neural network architectures were built using TensorFlow Keras:
2.4.1 Multi-Layer Perceptron (MLP)

Three dense layers with ReLU activation and dropout rates of 0.4, 0.3, and 0.2, respectively. The final layer uses a
sigmoid activation function for binary classification. Figure 2 presents the Multi-Layer Perceptron (MLP) structure
applied in this experiment, highlighting three dense layers and their activation flow.

@ Dense (ReL.U)
O Dense (ReLU)  Dense (ReLU) Sigmoid Output
O Dropout 0.3 Dropout 0.2

Dropout 0.4

Input Features
Figure 2. The Architecture Of The Multi-Layer Perceptron Used In This Study.
2.4.2 Convolutional Neural Network (CNN)

Receives input in (samples, features, 1) format and applies two 1D convolutional layers with 64 and 32 filters(kernel
size 3), followed by MaxPooling1D and dropout layers. The output is flattened and passed to dense layers ending with
a sigmoid output. As depicted in Figure 3, the Convolutional Neural Network (CNN) was designed with two
convolutional layers and MaxPooling1D operations to extract local feature interactions.

Input: (samples, features, 1) »  ConviD (64 filters, k=3) »  ConviD (32 filters, k=3) ——» MaxPooling1D
Dropout 0.3 —» Flatten — Dense Layer —» Sigmoid Output

Figure 3. The CNN Model Architecture Reshaped Inputs And Applied Sequential Convolutions.
2.4.3 2-Layer Neural Network (SimpleNN)

A basic architecture with two dense layers containing 64 and 32 neurons, respectively, along with dropout layers (0.3
and 0.2), and a final sigmoid output layer. All models were compiled using the Adam optimizer (learning rate = 0.001)
and evaluated using classification metrics including accuracy, precision, recall, and AUC. Figure 4 outlines the
shallow feedforward 2-Layer Neural Network architecture employed as a comparative baseline to assess model depth
effects.

Dense (64, RelLU)
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O Dropout 0.2
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Figure 4. A Shallow Feedforward Network Used As A Baseline Architecture.
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2.5 Loss Function

This study examines the influence of three distinct loss functions Binary Cross-Entropy (BCE), Focal Loss, and Dice
Loss on model training performance. Each loss function is tailored to address the challenges of binary classification,
particularly under class-imbalanced conditions.

Binary Cross-Entropy (BCE) is the most commonly used loss function for binary classification tasks [7], [10].
It calculates the discrepancy between predicted and actual labels based on the following equation:

BCE = —~ Y[y log(@) +(1— y)log(l - %1)] (1)

Although widely adopted, BCE tends to underperform in datasets with skewed class distributions, as it does
not differentiate between easy and hard examples. To overcome this limitation, Focal Loss was proposed by Lin et al.
[4], specifically to address class imbalance by dynamically scaling the loss. It emphasizes difficult-to-classify
examples and reduces the impact of well-classified instances. The formulation is given as:

FL(P) = —a,(1 = P)"1og (P) 2)

Where:
— g’ Jjika y=1
Pe = {1 — @,\,jikaz;o
Scales loss for complex examples using y=2 and 0=0.25, emphasizing minority samples [11], [13], [22]. The
third loss function analyzed is Dice Loss, which was originally developed for use in image segmentation tasks but has
also shown effectiveness in classification tasks with severe label imbalance [14], [16], [18]. It is defined as:

2:[xnyl+e

Dice Loss =1 —
|x|+|yl+e

3)
This formulation calculates the overlap between predicted and ground-truth labels, rewarding predictions that
maximize true positives. In biomedical and natural language processing applications, Dice Loss has been increasingly
used to improve sensitivity, particularly on underrepresented classes.
By comparing these three loss functions within the same experimental framework, this study aims to determine
which approach yields the most robust and generalizable performance when training deep learning models on
molecular descriptor-based data for autoimmunity prediction.

2.6 Training and Validation Process

The training process for all models was conducted using 5-fold Stratified K-Fold Cross-Validation, which ensures
class distribution remains proportionally balanced across all folds. This technique enhances robustness and reliability
by reducing variance due to random sampling.

During each cross-validation iteration, data preprocessing steps including scaling and oversampling with
SMOTE were performed strictly on the training folds prior to model fitting, ensuring that no synthetic or scaled
information from the training data influenced the validation sets.

For the Convolutional Neural Network (CNN), the input features were reshaped into a three-dimensional
format (samples, features, 1) to comply with the requirements of 1D convolutional layers.

Each model was trained with a batch size of 32 for a maximum of 100 epochs, incorporating early stopping
based on the validation AUC (val_AUC) metric. A patience value of 15 was used, meaning training was terminated
if no improvement was observed within 15 consecutive epochs to mitigate overfitting.

To further address class imbalance, class weighting techniques were applied [23]. These adjust the loss
contribution based on class frequencies, ensuring that minority class instances are adequately emphasized during
training. This method has shown performance improvements, particularly when combined with early stopping
strategies, especially for CNN models trained on imbalanced datasets.

Additionally, several regularization and training enhancement strategies were employed:

a. Batch size tuning, to optimize convergence dynamics.
b. Data augmentation, particularly for synthetic oversampling.
c. Label smoothing, to reduce overconfidence in predictions and improve calibration [24], [25].

These techniques contributed to better generalization without altering the fundamental structure of the loss
functions. Model outputs, which are probabilistic in nature, were converted into binary predictions using a default
threshold of 0.5. However, recent literature emphasizes that model calibration and threshold optimization through
tools such as ROC or Precision-Recall (PR) curves can significantly enhance sensitivity to the minority class and
overall performance [9], [26].

2.7 Performance Evaluation

To assess model performance, several classification metrics were employed:

TP+TN

Accuracy = ———— 4)
TP+TN+FP+FN
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TP

Precision = %)
TP+FP
TP
Recall = (6)
TP+FN
Presisi-Recall
F1 Score = 2 - 2220 4)
Presisi+Recall

In addition to numerical scores, confusion matrices and ROC curves were analyzed to provide deeper insights
into the classification outcomes, particularly in distinguishing between true and false positives/negatives. Each
combination of model architecture and loss function was evaluated on all five validation folds, and the final
performance was reported as the average of all metrics across folds. This evaluation method ensures a fair and
comprehensive comparison of model robustness under varying training conditions [27], [28].

3. RESULT AND DISCUSSION

This section presents the experimental results and interpretation of model performance using different combinations
of loss functions and neural network architectures. The analysis includes tabular metrics, ROC curve evaluation,
confusion matrix visualization, model stability assessment, and comparative discussion. The objective is to evaluate
how architectural complexity and loss function selection affect classification accuracy and consistency in predicting
drug-induced autoimmunity.

The experiments were conducted with repeated 5-fold Stratified Cross-Validation, ensuring statistical stability
and avoiding overfitting. The repeated folds capture performance across different subsets of training and validation
samples. This clarification confirms that the reported performance of the MLP-Focal Loss model (Accuracy = 0.94,
AUC = 0.97) reflects genuine generalization rather than inflated scores. Applying SMOTE before data splitting would
have introduced synthetic information into test folds, leading to overly optimistic results. The adopted procedure
therefore upholds methodological integrity and supports the reliability of the findings. To address the class imbalance
in the dataset, we applied the SMOTE algorithm for synthetic oversampling only to the training folds within the 5-
fold cross-validation. This ensured that synthetic samples were generated exclusively from training data, preventing
any data leakage into the validation folds and maintaining the validity of performance metrics.

In addition to standard classification metrics, Accuracy, Precision, Recall, F1-score, and AUC, the results also
assess generalization capability across data partitions. Performance consistency and confusion matrix distribution
were used to understand the influence of loss function formulations in managing minority class detection and
classification robustness.

3.1 Evaluation Result Overview

Table 1 summarizes the average evaluation metrics for each model-loss combination. Metrics were aggregated over
five folds and repeated runs to minimize statistical noise and emphasize consistent trends.

Table 1. Average model performance for each loss function combination

Model Loss Function Accuracy Precision Recall Fl-score AUC
MLP BCE 0.92 0.89 0.96 0.92 0.97
MLP Focal 0.94 0.93 0.95 0.94 0.97
MLP Dice 0.88 0.87 0.90 0.88 0.91
CNN BCE 0.93 0.92 0.95 0.93 0.97
CNN Focal 0.93 0.93 0.94 0.93 0.97
CNN Dice 0.50 0.50 1.00 0.67 0.34
2-Layer Neural Network BCE 0.92 0.90 0.94 0.92 0.97
2-Layer Neural Network Focal 0.94 0.93 0.94 0.93 0.97
2-Layer Neural Network Dice 0.90 0.88 0.94 0.91 0.95

The following findings are evident from the evaluation:

a. Multi-Layer Perceptron (MLP)
The MLP architecture consistently surpassed both CNN and 2-Layer Neural Network across all loss functions. Its
layered structure enabled it to learn intricate patterns from the high-dimensional molecular descriptors. Dropout
regularization further contributed to stable training and reduced variance, as evidenced by strong AUC (up to 0.97)
and high F1-score (0.94) under Focal Loss.

b. Focal Loss
This loss function outperformed others in F1-score and AUC across all models. Its ability to emphasize harder-to-
predict cases enhanced recall and precision performance. The best results were seen when paired with MLP and
2-Layer Neural Network.

c. Dice Loss
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While it showed reasonable outcomes in MLP and 2-Layer Neural Network, its performance dropped sharply in
CNN (AUC 0.34), where the model failed to maintain discriminative capacity. The extreme sensitivity of Dice
Loss to label distribution made it prone to collapse in CNN training.

d. Binary Cross-Entropy (BCE)
BCE showed good precision and accuracy across models, especially in CNN and 2-Layer Neural Network.
However, its recall and Fl-score were slightly lower compared to Focal Loss, suggesting that BCE may
underperform in highly imbalanced datasets without additional class balancing techniques.
These findings indicate that model depth, combined with the choice of loss function, plays a pivotal role in
achieving reliable and accurate classification in biomedical applications.

3.1.1 ROC Curve Visualization

Figure 5 illustrates the Receiver Operating Characteristic (ROC) curves obtained for each model-loss function
combination. The ROC curve is a critical evaluation tool in binary classification tasks, particularly in the context of
imbalanced datasets such as the one used in this study, where standard accuracy may fail to reflect true predictive
capabilities. The area under the ROC curve (AUC) serves as a threshold-independent indicator of classifier quality,
providing an aggregate measure of performance across all classification thresholds.

ROC curves closer to the top-left corner represent higher accurate favorable rates with lower false positives.
This balance is essential in medical prediction tasks that demand high sensitivity without compromising specificity.

Among all tested configurations, the 2-Layer Neural Network model with Focal Loss achieved the highest
AUC (0.98), slightly surpassing the MLP (0.97) and CNN (0.97) models using the same loss function. This confirms
that, despite its simpler architecture, 2-Layer Neural Network can effectively model the minority class when combined
with an adaptive loss formulation.

Both MLP and CNN trained with Cross-Entropy Loss also reached strong AUC scores of 0.97 and 0.96,
respectively. While CNN still performs reasonably, its sensitivity to class balance and input shape limits its
consistency. MLP remains more robust for high-dimensional tabular inputs.

The CNN model trained with Dice Loss exhibited a notably poor ROC profile with an AUC of only 0.36,
reflecting its failure to generalize and distinguish class boundaries. This is consistent with the model collapsing
behavior seen in confusion matrix results.

Furthermore, ROC curve consistency across folds appeared higher in 2-Layer Neural Network and MLP
models, especially when trained using Focal Loss, as shown by the smooth and steep curves approaching the top-left
corner in Figure 5. In contrast, the CNN architecture, especially under Dice Loss, exhibited considerable deviation
and instability in ROC slope across validation splits, suggesting potential training irregularities or overfitting. This
observation supports the understanding that a model’s robustness is not merely determined by average performance
metrics, but also by how consistently it performs across different evaluation subsets.

In summary, ROC curve analysis offers insights beyond conventional scalar metrics such as accuracy or F1-
score. As shown in Figure 5, architectures such as 2-Layer Neural Network and MLP combined with Focal Loss
consistently achieved high AUC values (0.98 and 0.97, respectively) across folds. This underlines their suitability for
sensitive biomedical classification tasks like drug-induced autoimmunity prediction, where consistent performance
and early identification of risky compounds are essential for clinical reliability.

Combined Receiver Operating Characteristic (ROC) Curves

True Positive Rate (TPR)

’ == Random Classifier

” —— MLP - Cross-Entropy (AUC = 0.97)
~ MLP - Focal [AUC = 0.97)
0.2 i —— MLP - Dice (AUC = 0.91)
-~ —— CNM - Cross-Entropy (AUC = 0.96)
- —— CNHN - Focal (AUC = 0.97)
- CNN - Dice (AUC = 0.36)
-, —— SimpleNN - Cross-Entropy (AUC = 0.97)
,’ SimpleNN - Focal (AUC = 0.98)
” SimpleNN - Dice (AUC = 0.95)

T
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Figure 5. ROC Curves Showing The Area Under The Curve (AUC)
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3.1.2 Confusion Matrix Analysis

Figure 6 presents the confusion matrices aggregated across all folds and repetitions, enabling a comprehensive
comparison of the classification reliability for each model-loss configuration. These matrices provide a more precise
depiction of how well each model distinguishes between immunogenic and non-immunogenic compounds beyond
what is revealed by scalar evaluation metrics alone.

The MLP model with Focal Loss demonstrated one of the most balanced performances, with 35 false positives
and 22 false negatives. This balance between sensitivity (recall) and specificity (precision) is critical in biomedical
prediction contexts, where misclassifications can lead to either overlooked autoimmune risks or unnecessary concern
in drug development pipelines. The low FN count suggests that the model is effective in identifying actual
immunogenic compounds, while the manageable FP indicates reasonable discrimination against non-immunogenic
instances.

Similarly, the CNN with Focal Loss also delivered strong results, showing 34 false positives and 25 false
negatives. This confirms the architecture’s ability to learn meaningful representations from descriptor inputs, although
performance was slightly less optimal than MLP-Focal. As CNNs are inherently suited for structured spatial data,
these results suggest a degree of flexibility but also highlight that some fine-tuning is still required when applying
them to tabular inputs.

A critical anomaly was observed in the CNN model trained with Dice Loss. The classifier entirely collapsed
into predicting the positive class, resulting in zero false positives and zero false negatives. Although this might appear
optimal at first glance, it reflects model failure, a situation often triggered by Gradient instability or poor convergence
dynamics, where all outputs are biased toward one class. This phenomenon underscores the need for regularization or
additional constraint mechanisms when using Dice Loss in classification tasks.

The 2-Layer Neural Network with Dice Loss configuration recorded the highest number of false positives (57),
along with 29 false negatives. This suggests an inadequate learning capacity to capture class boundaries, leading to
excessive prediction bias toward the positive class. The combination of a shallow architecture with an imbalance-
sensitive loss function, such as Dice, appears to amplify prediction skew rather than correcting for it, raising concerns
over reliability in clinical scenarios.

These findings underline the importance of visual confusion matrix analysis in model validation, especially in
risk-sensitive domains. A model’s average metric may appear favorable, but hidden instability in its prediction
distribution, as reflected by elevated false rates, can undermine its clinical utility. Therefore, confusion matrices
remain essential in qualifying a model’s trustworthiness in high-stakes environments.
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Figure 6. Confusion Matrix Summary For All Model-Loss Combinations
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3.1.3 Analysis by Model Architecture

The MLP architecture showed the strongest performance overall, especially when paired with Focal Loss. With three
dense layers (256, 128, 64 units) using ReLU activation and progressive dropout (0.4, 0.3, 0.2), the model successfully
captured complex relationships in molecular descriptors and maintained training stability within 20-30 epochs using
Stratified 5-Fold Cross-Validation.

CNN, built with two 1D convolution layers (64 and 32 filters) and MaxPooling1D, demonstrated moderate
results. Its ability to extract local features was hindered by the non-spatial nature of the input, resulting in less
consistent AUC trends.

2-Layer Neural Network, composed of only two dense layers (64 and 32 units), performed the weakest. Its
limited depth constrained learning capacity and contributed to higher performance variability, particularly when paired
with imbalance-sensitive loss functions.

The architectural layouts of all three models are presented in Figure 2, Figure 3, and Figure 4, illustrating
differences in depth, complexity, and layer configurations.

3.1.4 Model stability Evaluation

To further assess model reliability, generalization stability was evaluated by analyzing the standard deviation of each
evaluation metric, Accuracy, Precision, Recall, F1-score, and AUC, across all repetitions and validation folds.
Stability is a critical property for any predictive model intended for deployment, as fluctuations in performance may
suggest overfitting, underfitting, or sensitivity to sampling variability.

The MLP model combined with Focal Loss consistently recorded the smallest standard deviation, particularly
on the AUC and F1-score, indicating a high degree of learning consistency and robustness. This suggests that the
architecture is not only effective in capturing complex non-linear interactions but also maintains predictive reliability
across varying data partitions. Such robustness is essential in biomedical applications, where model re-training with
new data should not dramatically affect performance.

Conversely, the 2-Layer Neural Network architecture with Dice Loss showed the highest inter-fold variance,
particularly in Recall and AUC. This result suggests that the model’s performance is heavily influenced by the
particular distribution of samples in each fold, exposing its vulnerability to data imbalance and insufficient capacity
to capture complex interactions in the descriptor space. Such instability renders the model inappropriate for real-world
applications requiring dependable diagnostics.

The CNN-based models, especially those trained with Focal or BCE Loss, exhibited moderate levels of
stability. While CNNs sometimes achieved near-optimal AUC values, their convergence was more sensitive to
initialization seeds and batch variance. Early stopping callbacks are often triggered after inconsistent epoch counts
across runs, pointing to a potential requirement for additional regularization techniques or architectural refinement,
such as global pooling layers or residual connections, to enhance learning stability.

In conclusion, training stability is a multi-faceted outcome influenced not only by model depth and complexity
but also by the synergy between the loss function’s mathematical sensitivity and the underlying data distribution.
Although performance averages offer an initial assessment, high standard deviation across folds can be a red flag
indicating that the model may not generalize well under deployment or retraining conditions. Therefore,
comprehensive model evaluation must always consider both central tendency and variability metrics before selecting
models for clinical translation.

3.1.5 F1-Score Comparison

Figure 7 illustrates the average F1-scores for each model-loss configuration, offering a unified view of classification
performance by capturing the harmonic mean between precision and recall. The Fl-score is a critical metric in
evaluating model effectiveness under class imbalance, where relying solely on accuracy may lead to misleading
conclusions due to class dominance.

The MLP model trained with Focal Loss achieved the highest F1-score (=0.94), underscoring its capacity to
maintain a balanced trade-off between correctly identifying positive instances and minimizing false positives. This
pairing showcases the effectiveness of a deeper network architecture combined with a dynamic loss mechanism
tailored to prioritize underrepresented samples in imbalanced settings.

On the opposite end, the CNN architecture trained with Dice Loss produced the lowest F1-score (=0.67). The
collapse into positive-class predictions and inability to form meaningful decision boundaries severely impacted both
recall and precision. This scenario highlights that although Dice Loss may perform well in segmentation contexts, it
is unsuitable for classification tasks involving tabular or descriptor-based data particularly when used without
architectural compensation.

Across all architectures, Focal Loss led to the most consistent improvements in Fl-score. Even in 2-Layer
Neural Network, Focal Loss enabled the model to outperform several CNN and MLP Dice Loss combinations. This
reinforces the value of using adaptive loss functions that emphasize hard-to-classify instances, particularly when
computational resources or dataset size limit model complexity.

These results carry real-world significance. In biomedical prediction domains such as drug-induced
autoimmunity detection, a model with a high Fl-score ensures both minimized false negatives (undetected

Copyright © 2025 Author, Page 1575
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v7i3.8581
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 7, No 3, December 2025 Page: 1568-1579

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v7i3.8581

immunogenic candidates) and false positives (erroneous exclusion of safe compounds). As demonstrated in Figure 7,
F1-score is more informative than accuracy alone when assessing classifier reliability under imbalanced conditions.

Furthermore, this comparison emphasizes the importance of pairing model depth with appropriate loss function
design. While expressive models like MLP benefit from advanced losses such as Focal, even simpler networks can
achieve strong performance if combined strategically. This insight offers a practical guideline for future applications
targeting high-stakes biomedical classification tasks.

Average F1-5core Comparison Across Models and Loss Functions

0.8

I
o

Average F1-Score

2
=

0.29

0.0

Model-Loss Combination

Figure 7. Average F1-Scores Across Model And Loss Function Combinations
3.1.6 Training and Validation Curves

To complement the evaluation metrics and improve insight into the training process, Figure 8 presents the average
training and validation curves, both in terms of loss and accuracy, for each architecture and loss function. These plots
help to illustrate convergence behavior and generalization capacity over multiple epochs.

For the MLP model, the training phase displayed smooth convergence, particularly when paired with Focal
Loss. The validation accuracy remained in close alignment with training accuracy across epochs, reflecting strong
generalization and minimal signs of overfitting. Dice Loss also demonstrated steady learning with stable accuracy
patterns, although its validation performance plateaued earlier than Focal or Cross-Entropy.

For the CNN architecture, model learning showed moderate progression. Training with Binary Cross-Entropy
resulted in relatively high training accuracy, but a noticeable divergence emerged between training and validation
losses in later epochs, indicating mild overfitting. Focal Loss enabled smoother and more stable accuracy growth.
Dice Loss showed minimal performance improvements and kept both training and validation loss curves relatively
flat, suggesting learning stagnation.

In the 2-Layer Neural Network configuration, training behavior was less stable overall. Focal and Cross-
Entropy Loss facilitated gradual accuracy increases, yet a visible gap remained between training and validation curves,
especially under Dice Loss. This gap points to model overfitting and under-generalization, most likely due to the
limited representational capacity of the shallow architecture.

Overall, the learning curves reinforce earlier metric-based insights: model architecture complexity and loss
function selection have a substantial influence not only on final evaluation metrics but also on training dynamics. The
use of Focal Loss, particularly in conjunction with deeper models such as MLP and CNN, helped maintain consistent
validation trajectories and promoted smoother convergence behavior. Beyond visual inspection, these learning curves
also highlight how the interplay between model complexity and loss function design influences convergence
efficiency and gradient stability. Deeper architectures such as MLP and CNN exhibit more consistent descent in loss,
implying stronger representational adaptability and more robust error minimization, especially under Focal Loss. This
indicates that loss scaling not only mitigates class imbalance but also stabilizes gradient propagation during
optimization. Conversely, the 2-Layer Neural Network tends to experience noisier updates, demonstrating its limited
capacity to retain high-dimensional feature interactions. Such insights affirm that convergence smoothness is an
indirect yet critical signal of both numerical stability and generalization resilience across epochs. Figure 8 illustrates
the training and validation trends for loss and accuracy across all models, highlighting convergence behavior and
generalization stability.

Copyright © 2025 Author, Page 1576
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v7i3.8581
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 7, No 3, December 2025 Page: 1568-1579

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v7i3.8581

MLP - Loss MLP - Accuracy

—— Cross-Entropy - Train
Focal - Train
— Dice - Tain

0.7

0.6 1

- == Cross-Entropy - Val
==+ Focal - Val e B

0.5 ~=- Dice-Val

‘\
0.4 H—=====x N

Loss

034 I\ S~ IlaZom b

—— Cross-Entropy - Train

(1 ¥ S S S L P SR LT S - Focal - Train

0.6 —— Dice - Train

~=- Cross-Entropy - Val
-- Focal - val

==+ Dice - Val

01

0.0 05 1

0o 5 10 15 20 25
Epoch

CNN - Accuracy

0.7
—— Cross-Entropy - Train —— Cross-Entropy - Train
Focal - Train Focal - Train
—— Dice - Train 0.9
~=- Cross-Entropy - Val ~=- Cross-Entropy - Val
~- Focal - val -~ Focal - val 2
~=- Dice - val 084/~ pice-val | T me== 2V

0.6 1

e i i e | e N DI v o [

054

[ e e e e e S e

Loss
I
/
Accuracy

03 e e ————

0.2
0.6

0.1

0.5

0.0

2 4 6 8 10 12 1 16 2 4 6 8 10 12 14 16
Epoch Epoch
SimpleNN - Loss SimpleNN - Accuracy

—— Cross-Entropy - Train
0.7 Focal - Train

— Dice - Train

0.6 1 ~ ==+ Cross-Entropy - Val 0.9
\\\ ==+ Focal - val
0.54 \\ ~=~- Dice-Val
0.8
>
9 0.4 @
3 g
0.3+ < 07
—— Cross-Entropy - Train
0.2 — Focal - Train
0.6 i —— Dice - Train
0.1 ~=- Cross-Entropy - Val
~~- Focal - Val
0.0 B - T ~ 054 < -=- Dice-Val
0 H 10 15 20 25 30 EL) 40 0 5 10 15 20 25 30 ES 40
Epoch Epoch

Figure 8. Trends of Training Vs. Validation Loss And Accuracy Per Model.
3.2 Discussion

This research offers a thorough analysis of the interplay between loss functions and model architecture in the context
of predicting drug-induced autoimmunity based on molecular descriptors. Through multiple experimental setups and
statistical validation, the study highlights how Focal Loss consistently delivers superior outcomes, particularly in
challenging class-imbalanced scenarios.

Among all tested configurations, Focal Loss emerged as the most effective, showing high F1-scores and AUC
values across different architectures. This can be attributed to its design, which assigns greater weight to misclassified
or minority-class samples. As a result, models trained with this loss function are better at distinguishing immunogenic
compounds that are typically underrepresented in clinical datasets. The advantage was especially pronounced when
combined with deeper architectures like MLP, where the increased representational capacity further enhanced
discriminatory power without sacrificing stability across validation splits.

On the other hand, Dice Loss, although popular in biomedical image segmentation tasks, did not perform well
in this classification context. Particularly when paired with CNN, the model collapsed into predicting a single class.
This behavior is indicative of convergence issues, potentially caused by the interaction between the Dice objective
and the architecture’s learning dynamics. In shallow models like 2-Layer Neural Network, Dice Loss also led to an
increase in false positives and unstable learning curves, emphasizing its limited suitability for tabular classification
unless augmented by architectural or regularization mechanisms.

Meanwhile, Binary Cross-Entropy (BCE) produced acceptable accuracy and precision but lagged behind in
recall and F1-score. Its tendency to underperform under class imbalance reinforces previous findings in the literature,
where BCE often fails to highlight minority class contributions unless complemented by sampling techniques or
custom weighting strategies.

In terms of architecture, MLP demonstrated the most consistent and robust performance. Its multi-layer
configuration, equipped with dropout regularization, enabled the model to learn complex feature interactions and
generalize well across different validation folds. CNNs, although capable of capturing local feature interactions, were
hindered by the absence of spatial structure in molecular descriptor data, making them more sensitive to
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hyperparameter choices and initialization. 2-Layer Neural Network, with its limited depth, showed the least reliable
performance, particularly under loss functions that demand strong learning capacity such as Dice.

Training stability analysis further reinforced these conclusions. MLP with Focal Loss consistently recorded the
lowest standard deviations in metrics such as AUC and F1-score, confirming its suitability for clinical-grade prediction
tasks. Conversely, 2-Layer Neural Network combined with Dice Loss yielded the highest variability, reflecting
unreliable behavior in sensitive applications.

Complementing the metrics, learning curves demonstrated clear convergence trends. MLP and CNN models
using Focal Loss showed closely aligned training and validation trajectories, suggesting minimal overfitting and
effective generalization. 2-Layer Neural Network, in contrast, showed clear signs of overfitting, especially when
trained under Dice Loss, where the validation accuracy stagnated early while training accuracy continued to rise.

Altogether, this comprehensive evaluation confirms that the pairing of a robust architecture with a well-suited
loss function is essential for achieving dependable performance in high-stakes biomedical classification. The results
underscore that performance must be assessed not only by scalar metrics, but also by consistency across folds, stability
of training behavior, and interpretability of confusion matrices and ROC curves.

4. CONCLUSION

This study systematically compared three loss functions Binary Cross-Entropy (BCE), Focal Loss, and Dice Loss
across three neural network architectures: Multi-Layer Perceptron (MLP), Convolutional Neural Network (CNN), and
2-Layer Neural Network. The results show that the MLP model optimized with Focal Loss achieved the best
classification performance, reaching 94% accuracy, 93% precision, 95% recall, 94% F1-score, and an AUC of 0.97,
while CNN and 2-Layer Neural Network models yielded lower but consistent outcomes under the same
configurations. These results indicate that selecting appropriate loss functions and model depth is critical for handling
class imbalance in biomedical data. The use of Focal Loss improved the model’s sensitivity to the minority class,
confirming its suitability for rare-event prediction such as drug-induced autoimmunity detection. Furthermore,
SMOTE was applied only on the training folds during cross-validation, ensuring methodological validity and
preventing data leakage. The contribution of this research to the development of science lies in providing an empirical
benchmark for understanding how loss function selection influences deep learning performance in non-image
biomedical data, particularly molecular descriptor-based prediction. This work bridges methodological gaps between
computer vision-oriented loss functions and their adaptation to biomedical informatics, offering a reproducible
framework for Al-driven pharmacovigilance and predictive toxicology. Future research may explore hybrid ensemble
models and optimization techniques to further enhance predictive accuracy in biomedical applications.
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