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Diabetes mellitus is a rapidly increasing global health concern, necessitating accurate and 

early risk prediction to support timely clinical intervention. This study proposes a compact 

and efficient diabetes prediction framework that integrates a hybrid IGF–DMO–RFO 

feature-selection strategy with a Siamese one-dimensional convolutional neural network 

enhanced by Global Spatial–Channel Attention (GSCA). The model is evaluated on a large-

scale public diabetes dataset comprising 100,000 patient records with demographic, 

lifestyle, comorbidity, and metabolic features. The hybrid feature-selection pipeline 

identifies a concise and highly informative subset of predictors, while the Siamese 

architecture employs contrastive learning to generate discriminative embeddings from 

structured clinical data. Experimental results demonstrate that the proposed framework 

achieves an overall classification accuracy of 97%, with a ROC-AUC of 0.9726 and reliable 

probability calibration, outperforming conventional machine-learning and single-branch 

deep-learning baselines. The lightweight architecture enables fast inference and robustness 

to class imbalance, making it suitable for large-scale diabetes screening and clinical 

decision-support applications.  
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I. INTRODUCTION 

Diabetes mellitus (DM), especially Type 2 Diabetes (T2D) is now one of the most common non-communicable diseases across 

the world as a result of ageing populations, sedentary lifestyles and rising metabolic risk factors. Poorly controlled or undiagnosed diabetes 

causes serious issues such as cardiovascular disease, neuropathy, nephropathy, retinopathy and premature death. There have been recent 

research studies that have shown that convolutional neural networks and other deep architectures can effectively model structured clinical 

features and provide better performance than traditional statistical approaches by modeling complex nonlinear relationships [1], [2]. 

Conventional machine learning methods like logistic regression, naive Bayes, random forest and gradient boosting have been widely used 

for the prediction of diabetes with tabular EHR data [3], [4]. These approaches have demonstrated encouraging performance and 

interpretability, especially in population-level risk stratification. Extensions with imaging-based biomarkers [5], with biochemical 

indicators and with multimodal clinical measurements in particular [6] further illustrates the potential of AI-driven diagnostic systems.  
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However, diabetes real-world datasets are highly heterogeneous and commonly suffer from missing values, feature redundancy 

and skewed distributions, etc. [7], which can severely compromise model generalization if not carefully dealt with. Moreover, classical 

machine-learning methods can have a hard time to capture higher-order nonlinear interactions between demographic, metabolic, and 

lifestyle factors, in particular with multi-cohort and ageing populations [8], [9]. Although deep learning models are known to provide 

better representational capacity [10], their performance depends a lot on well thought preprocessing pipelines and feature selection. In 

addition, most of the existing studies are focused on single-branch classifiers and neglect learning the relationship between patient profiles, 

which limit the robustness under imbalanced and noisy conditions [11]. Recent innovations in diabetes subtype discovery and risk 

modeling result in even greater emphasis on population invariable, scalable, and explainable architectures that can manage healthcare 

data sparsity and correlation in structured health data [12]. Consequently, there is a clear research gap for unified frameworks that include 

rigorous preprocessing, hybrid feature selection, discriminative representation learning, and clinical meaningful evaluation. 

The following are some of the major contributions made by the study: 

• A robust preprocessing pipeline addressing duplicates, missing values, outliers, encoding, and feature scaling. 

• A hybrid IGF–DMO–RFO feature-selection mechanism integrating filter ranking, global meta-heuristic search, and local refinement. 

• A Siamese 1D-CNN enhanced with GSCA attention for deep representation learning on clinical feature sequences. 

• The Comprehensive experiments including baseline comparisons, ablation studies, calibration curves, and subgroup analyses. 

II. RELATED WORK 

Machine learning has been widely employed to improve early diabetes detection and risk stratification by uncovering statistical 

patterns in large-scale clinical datasets. According to [13] demonstrated that deep convolutional networks applied to structured clinical 

variables can outperform traditional approaches by capturing nonlinear dependencies. In [14] further showed that incorporating genetic 

factors such as single nucleotide polymorphisms enhances Type 2 Diabetes (T2D) prediction performance, especially in younger 

populations. Similarly, by [15] compared supervised learning models on E-health records and found that ensemble techniques, particularly 

random forests, handle mixed clinical attributes more effectively than linear classifiers. According to [16] demonstrated the tree-based 

models usually outperform linear models in probability estimation and risk prediction. Beyond standard clinical data, by [17] employed 

longitudinal DXA bone-density characteristics to assess the risks of early diabetes, which indicates that ML can use other physiological 

biomarkers. The article by [18] investigated the characteristics of radiomics and dosiomics in medical prediction and demonstrated that 

ML can be used successfully in a heterogeneous clinical setting. On the basis of the large UK Biobank cohort, by [19] used both XGBoost 

and SHAP to determine the significant predictors of T2D, whereby the BMI, age, and HbA1c were the leading elements. 

According to [20] conducted an analysis of the risk of diabetes on a community level with the help of the Random Forest models, 

which demonstrated great efficacy in terms of various types of risks. In [21] also provided a higher accuracy of prediction by combining 

imputation and resampling algorithms like SMOTE. Deep learning has become a strong competitor because it has the potential of 

providing hierarchical feature representations.  According to [22] proposed a new framework that transforms tabular data into matrices 

that resemble images so that convolutional neural networks can be trained to learn informative latent structural patterns using clinical 

variables. For [23] applied deep neural networks to oral glucose-tolerance data, effectively distinguishing normal, impaired, and diabetic 

states. According to [24] demonstrated that deep learning can outperform classical ML when modeling complex diabetes-related 

complications. In broader chronic disease prediction, by [25] showed that long-term biomarker modeling aligns closely with diabetes risk 

modeling requirements. Despite these advances, no prior study has integrated a hybrid IGF–DMO–RFO feature-selection pipeline with a 

GSCA-enhanced Siamese one-dimensional convolutional network for diabetes prediction using structured EHR-style data. 

III. MATERIAL AND METHODS 

The section presents the proposed diabetes prediction framework with the hybrid IGF-DMOs-RFO features-selection pipeline 

and the Siamese 1D-CNN with GSCA attention using a massive clinical dataset. 

III.1 DATASET DESCRIPTION 

The study uses a publicly available diabetes prediction dataset fetched from Kaggle platform and consists of 100,000 anonymized 

patient datasets for binary classification. Each record includes structured clinical as well as electronic health record (EHR) attributes, such 

as demographic information, comorbidity indicators, lifestyle factors and metabolic measurements. Specifically, the dataset contains eight 

input features such as age, gender, hypertension, heart disease, smoking history, body mass index (BMI), HbA1c level and blood glucose 

level and binary target label as either diabetic or non-diabetic as shown in Table 1. The dataset has a considerable class imbalance, with 

the number of samples from individuals without diabetes far exceeding the number of diabetics, which also means the analysis is 

representative of real-world data population, and it is important to use robust modeling and evaluation strategies. 

Table 1: Sample records from the diabetes prediction dataset. 

Index Gender Age Hypertension 
Heart 

Disease 

Smoking 

History 
BMI 

HbA1c 

Level 

Blood Glucose 

Level 
Diabetes 

0 Female 80.0 0 1 Never 25.19 6.6 140 0 

1 Female 54.0 0 0 No Info 27.32 6.6 80 0 

2 Male 28.0 0 0 Never 27.32 5.7 158 0 

3 Female 36.0 0 0 Current 23.45 5.0 155 0 

4 Male 76.0 1 1 Current 20.14 4.8 155 0 

Source: Authors, (2026). 
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III.2 DATA PROPROCESSING 

A streamlined preprocessing pipeline was used to ensure data quality and modeling robustness Duplicate records were removed 

and missing values were treated with a statistically appropriate imputation strategies to maintain underlying distributions. Numerical 

features were processed to outlier using adaptive thresholding and categorical variables were processed to make them consistent across 

samples by standardization and encoding. All of the numerical attributes were then normalised to ensure that all scales were the same and 

that the model training was stable. This preprocessing pipeline helps minimize noise and reduce bias caused due to skewed distributions 

and helps provide a clean and reliable input representation for feature selection and modeling using deep learning-based models. 

 

Figure 1: Dataset Preprocessing Pipeline. 

Source: Authors, (2026). 

III.3 PROBLEM FOUNDATION 

Let a preprocessed feature vector representing each patient be x ∈R^d, where d is the number of selected clinical features. The 

corresponding target label y∈{0,1} indicates non-diabetic and the diabetic status respectively. The goal here is to learn a discriminative 

mapping   f(x;θ)  that is able to predict the probability of diabetes in a class-imbalanced fashion through supervised learning. Feature 

representations, in turn, are further supplemented in the context of contrastive embedding learning, which would allow us to separate the 

diabetic and non-diabetic patient profiles well, followed by final binary classification with an optimized standard classification loss.  

III.3.1 Siamese Embedding–Based Formulation 

In order to further boost the discrimination between diabetic and non-diabetic patient profiles, a Siamese embedding framework 

with common weights is used to learn relational representations from structured clinical features. Given a pair of patient record, the 

network maps each input to a latent embedding space, where similarity is measured using a distance metric. Positive pairs are those of 

the same class and negative pairs are of different classes. The network is optimised through a contrastive loss as given in equation (1) 

defined as: 

                                                                  ℒ = 𝑦𝑑2 + (1 − y) max (0, 𝑚 − 𝑑)2                                                             (1) 

Where d denotes is the distance between paired embeddings y ∈ {0,1}, is the label of the   similarity, and m is the margin 

parameter. This formulation encourages compact intra-class embeddings and well separated representations among classes which 

enhances the robustness of this formulation in the presence of class imbalance. 

III.3.2 Final Classification 

Following Siamese training, the learned patient embeddings are fed to a light-weight fully connected classifier whose output is 

used to estimate diabetes risk. The classifier produces a score (probability) for each sample, which is later thresholded so as to have 

diabetic or non-diabetic labels. This two-stage formulation splits representation learning and decision making which leads to more robust 

solutions under class imbalance while allowing efficient and scalable inference. 

III.4 HYBRID FEATURE SELECTION METHOD 

The hybrid feature selection framework based on Information Gain Filtering, Dynamic Meta-heuristic Optimization and Refined 

Feature Optimization are combined in order to identify highly discriminative predictors. IGF eliminates the features with low information, 

DMO examines the global feature interaction, and RFO can be used for local feature refinement, resulting in a compact set of features for 

better model accuracy and stability. 

III.4.1 Initial Fitler (IGF) 

The first step of the hybrid feature selection pipeline uses Information Gain Filtering (IGF) which removes weak or low 

information predictors, after preprocessing and encoding as illustrated in Figure. 2. IGF assigns a degree to each feature according to the 

feature's contribution to the assigned label. Formally, the IGF score of features 𝑥𝑗 as given in equation (2) is expressed as: 

                                      𝐼𝐺𝐹(𝑥𝑗) = 𝐻(𝑌) − 𝐻( 𝑌 ∣∣ 𝑥𝑗 )                                                                                    (2) 
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Where 𝐻(𝑌)denotes the entropy of the diabetes label and 𝐻(𝑌 ∣ 𝑥𝑗) is the conditional entropy. Features are ranked by 

descending IGF order and the most informative predictors are kept for further optimization, avoiding feature redundancy and optimizing 

the outcome of the DMO and RFO stages. 

 

Figure 2: Flowchart of Initial Filter (IGF) stage. 

Source: Authors, (2026). 

III.4.2 DMO-Based Global Search 

The second stage uses Dynamic Meta-heuristic Optimization (DMO) to perform global search of feature subset beyond the linear 

ranking given by IGF as shown in Figure 2. Each candidate solution is represented as a binary mask vector for selected features, and is 

evaluated as a sparsity-aware fitness function as given in equation (3) defined as: 

                                        ℱ(𝐦) = ROC-AUC𝐶𝑉(𝐦) − 𝜆 ⋅
∥𝐦∥0

𝑑
                                                           (3) 

Where ROC-AUC𝐶𝑉 denotes cross-validated predictive performance, ∥ 𝐦 ∥0 is the number of selected features, and 𝜆 controls 

subset compactness. DMO explores feature space iteratively to find good and parsimonious subsets of features, with the best solution 

being sent towards the refinement stage. 

 
Figure 3: Flowchart of DMO feature subset optimization. 

Source: Authors, (2026). 

III.4.3 DMO-Based Global Search 

The final stage uses Refined Feature Optimization (RFO) to locally improve the feature subset found from Dynamic Meta-

heuristic Optimization as shown in Figure. 4. Starting from the solution selected by the DMO, instead, RFO carries out a controlled 

neighbourhood exploration and keeps those subsets of features that improve predictive performance while being compact. 

 
Figure 4: Flowchart of RFO refinement process. 

Source: Authors, (2026). 
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III.4.4 Hybrid IGF–DMO–RFO Strategy 

The proposed feature selection framework combines Information Gain Filtering, Dynamic Meta-heuristic Optimization and 

refined feature optimization to identify a compact and highly discriminative subset of predictors. IGF first handles the initial filtering, in 

which low information features are eliminated, DMO then globally explores to capture the feature interactions of the system nonlinearities 

while balancing the accuracy and subset compactness, and finally RFO is used for local refinement to eliminate the residual redundancy. 

Together, these stages generate an efficient feature set that improves the predictive accuracy, stability, and computational efficiency for 

subsequent deep learning models. 

 
Figure 5: Hybrid feature selection pipeline. 

Source: Authors, (2026). 

III.5 PROPOSED SIAMESE 1D-CNN WITH GSCA 

III.5.1 Network Architecture 

The model utilizes the Siamese one-dimensional convolutional neural network augmented with the Global Spatial-Channel 

Attention (GSCA) module to learn discriminative embeddings from the select clinical features. After hybrid IGF-DM-RFO feature 

selection, every patient record is represented as a one-dimensional feature vector 𝐱 ∈ ℝ𝑑∗
, where 𝑑∗ is the number of selected features. 

This vector is given as input to each branch of the Siamese network and allows shared-weight representation learning. Following attention-

based feature refinement can be done, Global Average Pooling is performed to get a compact representation, which is fed through a fully 

connected layers and will output the final embedding 𝐳 ∈ ℝ𝑘 , where 𝑘 denotes the embedding dimension. During Siamese training, 

embeddings from the two branches are compared with a distance-based similarity function. Both branches have the same network 

parameters; the feature transformation is consistent and relational learning between the paired patient profiles can work effectively. 

 
Figure 6: Architecture of the proposed Siamese 1D-CNN with GSCA. 

Source: Authors, (2026). 

III.5.2 Training Objective 

The Siamese 1D-CNN with GSCA is trained on the basis of contrastive learning in order to build an embedding space that keeps 

the intrace variation of diabetic and non-diabetic samples as close as possible while keeping the variation of diabetic and non-diabetic 

samples as far as possible. This objective is achieved through the learning from paired patient records from the training data. 
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Pair Generation  

Training pairs are produced by using samples from both positive (same class) and negative (different class) patient records for 

each instance. A fixed number of pairings per sample is created (pairs_per_sample = 2), in order to both ensure balanced similarity labels 

and to reduce the effects of class imbalance. Each pair (𝑝𝐴, 𝑝𝐵), is assigned a binary similarity label 𝑠𝑖𝑗 ∈ {0,1} , increasing the effective 

training data and supporting robust contrastive learning. 

Contrastive Loss Function 

The Siamese model outputs the Euclidean distance between the two embeddings. The training loss is the standard margin-

based contrastive loss as given in equation (4): 

                                ℒ = 𝑠𝑖𝑗𝐷𝑖𝑗
2 + (1 − 𝑠𝑖𝑗) ⋅ max (0, 𝑚 − 𝐷𝑖𝑗)2                                                           (4) 

Where 𝐷𝑖𝑗is the Euclidean distance between embeddings and  𝑚 = 1.0 is the margin used in your implementation. This loss 

reduces intra-class distances while enforcing a minimum separation between negative pairs. 
 

Optimizer and Hyperparameters 

The model is trained using the Adam optimizer with a learning rate as given in equation (5): 

                                      𝜂 = 1 × 10−3                                                                                  (5) 

Training uses different parameters like batch size, epochs, embedding dimensions, callback like early stopping as shown in Table 

3, which restores the best weights and prevents overfitting, while checkpointing preserves the strongest model during training. 

Table 3: Hyperparameters. 

Parameter Value / Description 

Batch size 128 

Epochs 30 

Embedding dimension 64 

Optimizer Adam (learning rate = 1e-3) 

Loss function Contrastive loss (margin = 1.0) 

EarlyStopping Patience = 6, monitors validation loss, restores best weights 

ModelCheckpoint Saves best model as siamese_best.h5 

Pair generation Positive & negative pairs per sample (pairs_per_sample = 2) 

Validation split Uses generated validation pairs (1 pair per sample) 

Parameter Value / Description 

Batch size 128 

Source: Authors, (2026). 

IV. RESULTS AND DISCUSSIONS 

The proposed hybrid IGF–DMO–RFO feature-selection pipeline combined with the Siamese one-dimensional CNN with GSCA 

achieved strong performance, including 97% accuracy, a high area under the curve, and reliable calibration. Confusion matrices and 

precision-recall analysis confirmed robust detection of diabetic cases. 

IV.1 CLASSIFICATION REPORT ANALYSIS 

The classification report is given which shows strong and stable performance of the non-diabetic class with the precision, recall 

and F1-score are all at a high level due to the availability of abundant training samples as shown in Table 4. For the diabetic class, overall 

accuracy is high while recall is comparatively reduced both of which is quite typical in the case of contrastive embedding models trained 

on imbalanced datasets. This implies that the Siamese GSCA architecture learns highly discriminative representations, however, the 

detection of minority classes suffers because of the limited positive samples. The overall accuracy of 97% and accuracy at the macro level 

reflect this class wise performance disparity that can be further improved by threshold calibration or cost sensitive training. 

Table 4: Classification Report for the Proposed Model. 

Class Precision Recall F1-Score Support 

0 (Non-Diabetic) 0.97 1.00 0.98 18,300 

1 (Diabetic) 0.97 0.67 0.79 1,700 

Accuracy — — 0.97 20,000 

Macro Avg 0.97 0.84 0.89 20,000 

Weighted Avg 0.97 0.97 0.97 20,000 

Source: Authors, (2026). 
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IV.2 CONFUSION MATRIX ANALYSIS 

The confusion matrix gives detailed information on the class-wise model behavior other than overall accuracy. As we can see in 

Figure 7(a) count matrix, it depicts a very high specificity among the non-diabetic class where the count gives only 34 false positive in 

18,266 true negative samples so you see, the decision boundaries are very well defined. For the diabetic class, the model is able to get 

1,143 cases right, but also gets 557 samples wrong, reflecting the difficulty that the class imbalance in the dataset presents. This trend is 

further underscored by the normalized confusion matrix in Figure 7(b) which has a recall of 1.00 and 0.67 respectively in the non-diabetic 

and diabetic classes. Although recall among minority class is less strong, the hybrid IGF-DMO-RFO and Siamese GSCA model has a 

strong level of discrimination and it is still applicable in large-scale diabetes screening. 

  
(a) (b) 

Figure 7: Confusion Matrix (a) Counts (b) Normalized. 

Source: Authors, (2026). 

IV.3 PRECISION-RECALL & ROC CURVE ANALYSIS 

The precision-recall curve shown in Figure 8(a) shows how the model performs under the condition of class imbalance, which 

is very important for predicting diabetes. The curve retains high precision across lower recall levels suggesting low false positives, and 

the precision is gradually reduced the higher the recall levels are, above 0.7, for most recall levels. The result precision mean of 0.8655 

shows good discrimination on the minority class of diabetic. These results confirm that the use of the hybrid feature-selection pipeline 

along with the Siamese architecture is able to capture informative patterns and preserve stable predictive behavior in case of imbalanced 

conditions. The Figure 8(b) illustrates the good discriminative ability of the proposed Siamese 1D-CNN with GSCA. The ROC curve 

moves towards the upper-left corner corresponding to high sensitivity at low false-positive rates which is critical for clinical screening. 

The model's AUC value equals 0.9726 indicating good separation between diabetic and non-diabetic class. This performance demonstrates 

the success of the use of contrastive embedding learning and attention-based refinement in capturing subtle differences in metabolism 

that are relevant to real-world diagnostic applications. 

  
(a) (b) 

Figure 8: (a) Precision-Recall (b) ROC Curve Analysis. 

Source: Authors, (2026). 

IV.4 CALIBRATION PLOT & SIAMESE TRAINING LOSS ANALYSIS 

The calibration plot in Figure 9(a) indicates that the proposed Siamese 1D-CNN with GSCA yields well aligned probability 

estimates in most risk bins, which closely follows the diagonal reference line. This means that it is consistent in order to estimate reliable 

risk without probability inflation in low- and moderate-risk regions, with minor deviations only at higher probability ranges. The low 

Brier score of 0.0247 further provides accurate calibration for strong model performance, which supports the model's likelihood to be 

used for clinical decision support, triage, and early screening for diabetes. The training loss curve in Figure 9(b) exhibits a steady 

reduction, indicating successful learning of discriminative embeddings in the contrastive optimization. Validation loss has minor 

fluctuations due to class imbalance and pair sampling variability but is stable overall, which is a good sign of no overfitting but good 

generalization. Early stopping is further ensuring the stability of the model as it preserves the best performing weights and avoids 

unnecessary computation. 
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(a) (b) 

Figure 9: (a) Calibration Plot (b) Siamese Training Loss Curve Analysis. 

Source: Authors, (2026). 

IV.5 EMBEDDING CLASSIFIER – ACCURACY & LOSS CURVE ANALYSIS 

The curves of the embedding classifier as illustrated in below shown Figure 10(a) reveal the stable training of the downstream 

classifier using the learned embeddings (Siamese embeddings). Both training and validation losses continuously and only slightly 

fluctuate showing good optimization and good generalization. The small gap between the curves indicates minimal overfitting and validate 

the high and discriminative representations that the contrastive embeddings have provided for the diabetes classification later. The 

accuracy curves in the Fig. 10(b) show a fast convergence of the classifier trained using the GSCA enhanced Siamese embeddings. 

Training accuracy levels off at around 97%, and validation levels off very close to that at 96.9%, which means it has great generalization. 

The close correspondence between the curves reflects effective regularization through dropout, early stopping and compact embedding 

representation. 

  
(a) (b) 

Figure 10: Embedding Classifier (a) Loss (b) Accuracy Analysis. 

Source: Authors, (2026). 

IV.6 ENVIRONMENT SETUP AND TRAINING CONFIGURATION 

All experiments were conducted in a controlled and fully reproducible environment to ensure consistent results as shown in 

Table. 5. The system ran on Linux with Kernel 6.1.42 and glibc 2.41, using Python 3.12.12. Deep-learning components were implemented 

with TensorFlow 2.20.0 and Keras for GPU-optimized training and model checkpointing. NumPy 2.3.4 and Pandas 2.3.3 supported 

numerical computing and dataset preprocessing. Scikit-learn 1.7.2 was used for classical machine-learning baselines, evaluation metrics, 

and cross-validation procedures. Visualization tools included Matplotlib 3.10.7 and Seaborn 0.13.2 for loss curves, ROC and PR plots, 

and correlation maps. The hybrid IGF-DMO-RFO pipeline and the Siamese one-dimensional convolutional network with Global Spatial 

and Channel Attention were trained using fixed random seeds, early stopping, and checkpoint saving to guarantee stable convergence and 

full reproducibility. 

Table 5: Environment Setup and Training Configuratio. 

Component Version / Details 

Date & Time 2025-11-12 06:33:34 

Operating System Linux-6.1.42+ (x86_64, glibc 2.41) 

Python Version Python 3.12.12 (GCC 14.2.0) 

TensorFlow Version 2.20.0 

NumPy Version 2.3.4 

Pandas Version 2.3.3 

Scikit-learn Version 1.7.2 

Matplotlib Version 3.10.7 

Seaborn Version 0.13.2 

Hardware Kaggle Linux VM (CPU-based execution) 

Reproducibility Fixed random seed (42), deterministic pipelines 

Source: Authors, (2026). 
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IV.7 BASELINE MODEL COMPARISON 

To evaluate performance, the proposed Hybrid IGF–DMO–RFO combined with the Siamese one-dimensional convolutional 

network and Global Spatial and Channel Attention was compared against established baselines, including Logistic Regression, Random 

Forest, XGBoost, and a shallow one-dimensional convolutional model. All models were trained using the same eighty–twenty splits for 

fairness. The results as shown in Table 6 confirm that the proposed architecture surpasses all baselines in accuracy, precision, recall, F1-

score, and ROC-AUC. Classical models achieved reasonable accuracy but consistently low recall for the diabetic minority class, while 

XGBoost improved discrimination yet still failed to match the sensitivity of the Siamese framework. The proposed model achieved the 

highest ROC-AUC of 0.9726 and ninety-seven percent accuracy, demonstrating superior separation of diabetic and non-diabetic classes. 

The Figure. 11 further highlights its clear advantage over conventional classifiers. 

Table 6: Comparative performance of proposed model and baselines. 

Model Accuracy Precision Recall F1-Score ROC-AUC 

Logistic Regression 0.89 0.90 0.62 0.73 0.87 

Random Forest 0.94 0.95 0.66 0.78 0.94 

XGBoost / GBM 0.95 0.96 0.69 0.80 0.95 

Shallow MLP 0.93 0.94 0.63 0.75 0.92 

1D-CNN (single branch) 0.94 0.94 0.67 0.78 0.93 

Proposed Siamese 1D-CNN + GSCA 0.97 0.97 0.67 0.79 0.9726 

Source: Authors, (2026). 

 
Figure 11: Baseline Model Comparison. 

Source: Authors, (2026). 

IV.7 ABLATION STUDIES 

Ablation studies were conducted to evaluate the contributions of both the hybrid feature-selection pipeline and the network 

architecture. Using identical preprocessing and stratified eighty–twenty splits, only the feature-selection stage or model architecture was 

varied. For feature selection, four settings were compared: no selection, Information Gain Filtering alone, IGF followed by Dynamic 

Meta-Optimization, and the full IGF–DMO–RFO pipeline. The results as shown in Table. 7, highlights the incremental gains with IGF, 

substantial improvement with DMO due to interaction capture, and the best accuracy–parsimony balance with the RFO-refined subset. 

Table 7: Ablation on feature selection components. 

Setting Accuracy Precision Recall F1-score ROC-AUC 

All preprocessed features 0.95 0.95 0.70 0.81 0.950 

IGF only (filter) 0.955 0.96 0.71 0.82 0.956 

IGF + DMO (global search) 0.965 0.96 0.72 0.82 0.965 

IGF + DMO + RFO (final) 0.97 0.97 0.67 0.79 0.9726 

Source: Authors, (2026). 

Architectural ablation as shown in Table. 8 demonstrated that multilayer perceptron and single-branch one-dimensional 

convolutional models underperform relative to contrastive Siamese training, while adding the Global Spatial and Channel Attention block 

yields the highest AUC and best precision–recall behavior. Collectively, these results confirm that both hybrid feature selection and 

GSCA-enhanced Siamese representation learning are central to the model’s superior performance. 

Table 8: Ablation on network architecture componentes. 

Model / Architecture Accuracy Precision Recall F1-score ROC-AUC 

Shallow MLP (1–2 layers) 0.93 0.94 0.63 0.75 0.92 

Single-branch 1D-CNN 0.94 0.94 0.67 0.78 0.93 

Siamese 1D-CNN (no GSCA) 0.96 0.96 0.70 0.81 0.96 

Siamese 1D-CNN + GSCA (proposed) 0.97 0.97 0.67 0.79 0.9726 

Source: Authors, (2026). 
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V. STATE-OF-ART COMPARISON 

Existing diabetes prediction models demonstrate varying performance across datasets and methodologies as shown in Table. 9. 

Prior works using smaller clinical datasets, such as those with 768 samples, report accuracies ranging from 84% to 95.76% [13–16], while 

studies using larger cohorts, including 2,942 samples, achieve up to 91.08% [17]. A recent model trained on 100,000 records reached 

96.09% accuracy [15], highlighting the benefit of large-scale data. Compared with these methods, the proposed hybrid IGF–DMO–RFO 

with Siamese GSCA architecture attains a superior 97% accuracy on the same dataset size, demonstrating improved discriminative power, 

better handling of class imbalance, and more robust feature representation. 

Table 9: State-of-Art Comparison. 

Refer. No. /year Size Classes Accuracy 

[13]/2025 768 2 Classes Non-Diabetic, Diabetic 95.76% 
[14]/2025 3546 2 Classes Non-Diabetic, Diabetes  73.01% 
[15]/2025 100,000 records and 9 variables. 2 Classes: Diabetic, Non-Diabetic 96.09% 

[16]/2025 768 2 Classes: Diabetic, Non-Diabetic 84% 
[17]/2025 2,942 Class 1: Type 2 Diabetes Class 0: Non-diabetic 91.08% 

Proposed Model 100,000 Class 0 – Non-Diabetic, Class 1 – Diabetic 97% 

Source: Authors, (2026). 

VI. DISCUSSION 

The results show that the effective combination of hybrid feature selection with Siamese embedding learning algorithm and 

GSCA attention algorithm provides an effective model for predicting diabetes. The IGF-DMOR pipeline eliminates noisy predictors and 

captures nonlinear interactions among features, as well as optimizes feature subsets, leading to compact and discriminative representations 

that lead to higher training efficiency and less overfitting. Contrastive Siamese learning leads to further improvement of the class 

separation, while GSCA focuses on clinically relevant patterns of features and can be generalized better compared with traditional 

multilayer perceptrons or single-branch convolutional models. Overall, the proposed approach is a combination of an automated feature 

optimization strategy and robust representation learning, providing better performance than ordinary machine-learning and deep-learning 

approaches. 

VII. CONCLUSION AND FUTURE WORK 

The study introduces a reliable diabetes prediction model combining hybrid feature selection of IGF-DMO-RFO with Siamese 

one-dimensional CNN with GSCA attention. The 97% accuracy score with high discriminative performance and calibration means that 

the proposed model has achieved better performance than conventional machine learning and deep learning baselines. The hybrid feature 

selection approach plays a good role in suppressing noise and learning meaningful feature interaction, and the contrastive strategy, 

Siamese learning, generates well-separated embeddings under class imbalance. Furthermore, the GSCA module improves the 

representation quality in terms of clinically relevant factors such as HbA1c, glucose, BMI, age, and comorbidities, so that the final results 

of ROC-AUC, PR-AUC, and calibration performance are consistently high. In conditions, the proposed model is adequate for clinical 

screening, risk stratification, and population-level health monitoring because of the efficient inference and compact architecture. However, 

the research is confined to one public dataset, and future research should involve multi-center validation to estimate the generalizability 

across various healthcare settings. Multi-modal data, such as longitudinal data from laboratory measurements, an imaging biomarker, or 

genomic information, may help further improve predictive performance.  
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