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ABSTRACT 

The accurate prediction of diabetes risk is paramount for advancing healthcare and personalized medicine. 

This study presents a comparative analysis of advanced deep learning models for structured data, focusing 

on two novel architectures, Neural Oblivious Decision Ensembles (NODE) and TabNet. The method 

encompasses comprehensive data preprocessing, including a critical technique to address the imbalanced 

nature of the dataset (oversampling). Finally, a combined modeling approach (a soft-voting ensemble) was 

implemented to combine the predictive probabilities from the trained individual models. The soft-voting 

ensemble demonstrated strong performance, achieving a validation accuracy of 93.55, a precision of 92.60, 

a recall of 94.58, and an F1-score of 93.58. These findings underscore the potential of advanced deep 

learning techniques, especially when combined in an ensemble, to provide highly reliable and accurate 

diabetes risk prediction from complex tabular data. 
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I. INTRODUCTION  

Diabetes is a critical chronic metabolic disorder that 
requires early and precise prediction to improve patient 
outcomes. The need for a timely diagnosis is increased due to 
complex complications, such as retinopathy [1], and the 
specific requirements for managing gestational diabetes [2]. 
Consequently, the development of robust machine learning 
prediction frameworks has become crucial to optimize 
healthcare resources [3]. Deep learning has emerged as an 
advanced non-linear prediction method, demonstrating 
outstanding success in various fields, such as speech analysis, 
aiding in the diagnosis of neurological conditions such as 
Alzheimer's [4], and clinical informatics, supporting complex 
Natural Language Processing (NLP) tasks through the 
development of specialized corpora [5]. Specifically, 
Convolutional Neural Networks (CNNs) have been utilized for 
the automatic detection of diabetes.  

Despite promising initial efforts, the field of diabetes 
prediction still faces significant challenges to achieve reliable 
clinical generalization. Early work utilizing conventional 
machine learning models demonstrated strong potential: In [6, 
7], algorithms such as Multilayer Perceptron (MLP), Random 
Forest (RF), and Support Vector Machines (SVM) achieved 
high classification accuracies (up to 89%), demonstrating the 
utility of feature selection techniques. However, a major 
common limitation across these foundational studies, including 
[8], is the heavy reliance on a single, often imbalanced dataset 
(e.g., PIMA Indian Diabetes dataset), which severely restricts 
the generalizability and robustness of the findings in diverse 
clinical populations. More specialized studies have explored 
focused prediction, such as a stacking model for Gestational 
Diabetes Mellitus (GDM) in [9] and the investigation of 
regional body composition in [10]. Although these efforts 
highlight the potential for personalized risk assessment, they 
are often constrained by limited sample sizes or the presence of 
measurement bias, further complicating the path to large-scale 
clinical deployment.  

Despite promising results, there is still a significant 
research gap in the development of highly robust and 
generalizable deep learning models for the prediction of 

diabetes in large and complex tabular datasets. Previous studies 
have been limited by small sample sizes or a lack of advanced 
techniques to effectively address class imbalance and complex 
feature interactions. The literature also reveals two critical 
limitations in current health predictive models: over-reliance on 
data-specific models results in poor generalization across 
different clinical settings, and the persistent lack of 
interpretability in conventional deep learning models hinders 
trust and clinical adoption. 

This study aimed to address these limitations, proposing a 
comparative analysis and soft voting ensemble between Neural 
Oblivious Decision Ensembles (NODE), known for its robust 
performance and resistance to overfitting on tabular data, and 
TabNet, a new architecture that inherently provides feature 
importance and interpretability through a sequential attention 
mechanism. The combination of these two leading 
architectures aims to achieve the improved generalization, 
stability, and clinical interpretability required for next-
generation health predictive models. The main contribution of 
this study is the implementation and comparative analysis of 
two state-of-the-art tabular deep learning models on a large-
scale dataset. The study also utilizes a soft voting ensemble 
strategy to improve prediction performance and model stability, 
offering a new, highly accurate, and generalizable framework 
for the prediction of diabetes risk. 

II. PROPOSED METHOD 

A. Dataset 

The dataset contains 100.000 instances and 9 attributes 
representing clinical variables such as hypertension history, 
smoking history, body mass index, blood glucose level, HbA1c 
level, history of heart disease, gender, and age [11]. The target 
variable is a binary indicator of diabetes diagnosis. Table I 
shows a sample of the dataset, delineating the structure and 
attributes of the dataset. The proposed model is evaluated using 
this diabetes prediction dataset [11], a collection of medical and 
demographic data from patients, along with their diabetes 
status (positive or negative). The proposed method integrates 
conventional techniques with modern advances in tabular deep 
learning to yield accurate and dependable predictive results. 
Figure 1 presents the overall research flow. 

TABLE I.  DIABETES CLASSIFICATION DATA SAMPLE 

 

No diabetes Gender Age hypertension smoking_history … bmi blood_glucose_level 

0 No Female 80 No never … 25.19 140 
1 No Female 54 No No Info … 27.32 80 
2 No Male 28 No never … 27.32 158 
3 No Female 36 No current … 23.45 155 
4 No Male 76 Yes current … 20.14 155 

… … … … … … … … … 
99995 No Female 80 No No Info … 27.32 90 
99996 No Female 2 No No Info … 17.37 100 
99997 No Male 66 No former … 27.83 155 
99998 No Female 24 No never … 35.42 100 
99999 No Female 57 No current … 22.43 90 
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Fig. 1.  The research flow diagram. 

B. Data Acquisition and Preprocessing 

One fundamental step in data preparation involves the 
encoding of categorical features into numerical representations. 
This process is crucial for securing healthcare information and 
preventing data leakage [12], while the choice of encoding 
method is paramount for machine learning accuracy, 
particularly in contexts like quantum computing applications 
[13]. Addressing the pervasive challenge of class imbalance 
was a critical component of the preprocessing pipeline. The 
Synthetic Minority Over-sampling Technique (SMOTE) 
generates synthetic samples for the minority class [14]. This 
method's effectiveness in improving predictive performance 
has been demonstrated across various diagnostic tasks [15]. A 
new synthetic sample ����  is generated from an existing 
minority sample �� and one of its �-nearest neighbors �� using 
the following formula: 

�new � �� 	 
 � ��� 
 ���   (1) 

where 
 is a random number between 0 and 1. 

The meticulously preprocessed dataset was partitioned into 
training, validation, and test sets using a robust two-step 

random split strategy [16]. The choice of the data splitting 
strategy is critical, as demonstrated by its impact on predictive 
accuracy in various engineering applications [17]. The training 
set (60%) is utilized for model learning. The validation set 
(20%) serves as an independent dataset to examine 
performance during training, and the test set (20%) is reserved 
exclusively for the final evaluation. All resulting data subsets 
were explicitly converted to NumPy array format, ensuring 
seamless consistency and optimal compatibility for subsequent 
operations within the PyTorch deep learning framework. 

C. Model Architectures 

The proposed method leverages two distinct deep learning 
architectures specifically designed for tabular data: NODE and 
TabNet. These models represent advanced approaches to 
learning from structured data, differing from conventional 
neural networks in their ability to process and interpret tabular 
feature interactions [18]. The NODE architecture draws its 
inspiration from the principles of gradient-boosted decision 
trees, aiming to synthesize the interpretability of trees with the 
powerful predictive capabilities of neural networks [19]. This 
foundational concept has led to subsequent explorations and 
developments, including models designed for end-to-end 
flexible probabilistic regression on tabular data [20]. The final 
prediction from an individual tree or NODE layer is derived as 
a weighted linear combination of response tensor entries � with 
weights dynamically determined by the entries of the choice 
tensor �, as: 

��,���� � σ� ���,�������,� �,� !   (2) 

TabNet represents another specialized deep learning 
architecture meticulously crafted for processing tabular data, 
uniquely combining the strengths derived from both tree-based 
methods and deep neural networks through a sophisticated 
sequential attention mechanism [21]. The practical utility of 
this architecture has been demonstrated in diverse applications, 
including the prognosis of neurological conditions such as 
Parkinson's disease or comparative analysis for evaluating 
landslide susceptibility in engineering geology [22]. The input 
features �  are initially passed through a batch normalization 
layer, yielding �" ∈ ���$ , where % denotes the batch size and 
& represents the feature dimension. This normalized input then 
proceeds through a series of sequential decision steps. 

D. Model Training and Evaluation 

The core of the training process for both models hinges on 
an iterative approach, where data is fed in small, manageable 
mini-batches. This strategy is implemented via 
lib.iterate_minibatches, a custom utility designed to generate 
batches of 1024 samples, shuffled for randomness, across an 
infinite number of epochs (float('inf')), signifying that the 
training loop is designed to continue indefinitely until explicit 
early stopping criteria are met. For the learning objective, 
F.cross_entropy is employed as the loss function. This function 
is commonly used for multi-class classification problems, 
quantifying the dissimilarity between the predicted probability 
distribution and the true label distribution.  

' � 
 (
)∑ ∑ +�,-,.( log�+2�,�)�.(    (3) 
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where 3 is the number of samples in the batch, � is the number 
of classes, +�,  is a binary indicator (1 if sample 4  belongs to 
class � , 0 otherwise), and +�,  is the predicted probability of 
sample 4 belonging to class �. The optimization of the model's 
parameters is performed by the QHAdam optimizer, an 
adaptive learning rate optimizer known for its effectiveness in 
deep learning. Its specific parameters, 567 � �0.7, 1.0�  and 
<=>?7 � �0.95, 0.998� , the recommended default values for 
this optimizer, are configured to control its momentum and 
adaptive learning rate components. Beyond loss and error rate, 
the model's performance is further characterized by Accuracy, 
which represents the proportion of correctly classified 
instances. Precision indicates the proportion of positive 
identifications that were actually correct, while Recall 
measures the proportion of actual positives that were correctly 
identified. F1-score provides a balanced measure of the model's 
performance. 

E. Ensemble Method 

Ensemble methods are well-regarded in machine learning 
for their capacity to improve generalization capabilities and 
reduce the risk of overfitting by mitigating the biases or 
weaknesses of individual models [23]. These methods are 
frequently deployed in offline-to-online reinforcement learning 
for task generalization [24] and applied effectively in medical 
diagnostics using soft voting classifiers [25]. Crucially, the soft 
voting approach employed here is a true ensemble method, 
aggregating predictive probabilities from the independently 
trained NODE and TabNet models, rather than forming a single 
composite architecture trained end-to-end. The model is 
evaluated to ensure consistent inference behavior. The softmax 
function converts a vector of arbitrary real values (logits) into a 
probability distribution over classes, where each value is in the 
range (0, 1) and all sum to 1. For a given logit &C 
corresponding to class � , the softmax probability +2C  is 
calculated as: 

+2C � �DE
∑ �D�F�GH

     (4) 

where � is the total number of classes. 

Once the class probabilities from both individual models 
�INODE and ITabNet� are obtained, the soft voting aggregation is 
performed. This involves computing the element-wise 
arithmetic mean of the probabilities for each class across the 
two models. Finally, the performance of the ensemble model is 
rigorously evaluated by comparing its final predictions against 
the true labels of the validation set. Standard classification 
metrics, including accuracy, precision, recall, and F1-score, are 
calculated for the ensemble. 

III. RESULTS AND ANALYSIS 

A. Performance of Individual Models 

This section details the empirical performance of the 
NODE and TabNet models, each trained independently on the 
meticulously preprocessed diabetes prediction dataset. The 
evaluation encompasses both training and validation metrics, 
providing a comprehensive understanding of each model's 
learning trajectory and generalization capabilities. 

 
Fig. 2.  Learning curves for NODE. 

Figure 2 shows the learning curves for NODE. The loss 
history curve shows a rapid decline in the early steps, 
indicating that the model is learning aggressively. This decline 
slows significantly after about 5000 steps and stabilizes at a 
loss value of 0.15 to 0.20, with minor fluctuations, indicating 
that the model is converging. Meanwhile, the validation 
accuracy history curve shows a very rapid increase from an 
initial value of around 0.80, reaching over 0.90 in a short time. 
This curve continues to increase slowly, passing 0.92 and 
approaching 0.94, indicating that the model is not overfitting 
and its generalization ability continues to improve. Overall, this 
curve reflects a healthy training process, in which the model 
effectively learns from the training data and improves its 
performance on the validation data.  

The TabNet architecture is configured with 5_K � 64 and 
5_? � 64 , chosen following standard recommendations to 
effectively balance model complexity and computational 
efficiency, which determine the dimensions for the decision 
step layer and the attention layer. The use of 5_7>=N7 � 5 
indicates that the model makes predictions through five 
sequential decision steps. This allows TabNet to selectively 
focus its attention on different subsets of features at each step, 
which is its main advantage in handling tabular data. The 
parameters O?PP? � 1.3  and R?P<K?_7N?S7= � 1= 
 3  are 
designed to control how the model uses these features, 
encouraging it to learn from slightly different feature subsets at 
each step, thereby improving efficiency and interpretability. 
The training results show that this architecture is very effective 
for diabetes prediction tasks. Performance improvements are 
evident in validation recall of 94.20% and validation F1-score 
of 93.42%, indicating that the model excels at identifying 
diabetes cases without sacrificing too much precision. The 
small difference between the training and validation metrics 
indicates that the model learns well without overfitting, 
confirming the generalization ability of this architecture. 

TABLE II.  PERFORMANCE OF NODE, TABNET, AND 
ENSEMBLE MODELS ON TEST & VALIDATION DATASET 

Metric 
NODE TabNet Soft-voting 

Test Val Test Val Val 

Loss 14.03 07.00 11.76 - 
Acc 93.24 93.00 94.44 93.40 93.55 
Prec 92.43 91.85 93.86 92.65 92.60 
Rec 94.23 94.29 95.12 94.20 94.58 
F1 93.32 93.05 94.49 93.42 93.58 
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Table II presents a comprehensive performance analysis of 
the individual NODE and TabNet models. Both architectures 
demonstrated robust performance, with NODE achieving a 
validation accuracy of 93.00% and an F1-score of 93.05%. 
Similarly, the TabNet model exhibited slightly superior 
performance, with a validation accuracy of 93.40% and an F1-
score of 93.42%. The consistently high metrics for both models 
on their respective training and validation sets suggest effective 
learning from the data without overfitting. This marginal lead 
of TabNet suggests that its sophisticated sequential attention 
mechanism may be slightly more adept at capturing complex 
feature interactions within this specific tabular dataset. The 
application of a soft voting approach leverages the collective 
strengths of both models to achieve an F1 validation score of 
92.14% and a recall rate of 93.86%. 

B. Comparative Analysis and Discussion 

Comparing the performance of the individual models, the 
NODE model demonstrated slightly stronger overall 
performance, particularly in its F1-score of 0.9260 and Recall 
of 0.9341 on the test set. The TabNet model, while highly 
capable, showed a test F1-score of 0.9224 and a Recall of 
0.9317. This marginal difference suggests that, for this specific 
diabetes dataset, NODE was slightly more effective in 
capturing the underlying complex patterns. Nevertheless, both 
architectures individually exhibited robust performance, 
consistently delivering validation accuracies and F1-scores 
above 92%, underscoring their viability for critical prediction 
tasks.  

The soft voting ensemble strategy proved effective in 
harnessing the collective intelligence of both NODE and 
TabNet. Interestingly, the ensemble's F1-score directly 
matched that of the individual NODE model and slightly 
surpassed TabNet's individual F1-score. Although the 
ensemble's F1-score did not significantly exceed the best 
individual model in this particular instance, its Recall (0.9365) 
remained exceptionally high. This outcome demonstrates the 
ensemble approach's capacity to maintain strong detection 
capabilities for the positive class while consistently delivering a 
reliable and stable performance by effectively combining the 
strengths of its constituent models. 

TABLE III.  COMPARISON OF THE PROPOSED AND 
EXISTING METHODS IN DIABETES CLASSIFICATIONS 

Scheme Best model Acc Prec Rec F1 

[6] MLP 86.08 86.60 85.10 - 
[7] KNN 88.00 87.00 90.00 88.00 
[8] Ensemble 92.91 - - - 
[9] Ensemble  88.83 87.34 92.13 89.56 
[10] XGBoost 89.96 90.20 89.65 89.91 

Proposed NODE+TabNet 93.55 92.60 94.58 93.58 

 
The proposed method integrates several technical 

advantages that directly address the limitations of previous 
research. This method utilizes advanced deep learning 
architectures, NODE and TabNet, which are specifically 
designed for tabular data. Unlike conventional models such as 
MLP or XGBoost, TabNet uses a sequential attention 
mechanism to selectively process feature subsets at each step, 
which improves efficiency and interpretability. This combined, 

highly accurate, and interpretable model is ideal for clinical 
deployment scenarios, such as integration into Electronic 
Health Records (EHR) or real-time Internet of Things (IoT) 
healthcare pipelines, providing physicians with immediate, 
trustworthy risk assessments and feature-based explanations for 
proactive intervention.  

This study addressed the challenge of class imbalance 
commonly found in medical datasets using SMOTE. 
Preventing model bias towards the majority class directly 
improves the model's ability to identify actual diabetes cases, as 
reflected in its exceptional Recall (94.58%). The strategy of 
mitigating the individual weaknesses of each model and 
creating a more reliable model is evidenced by the F1-score 
(93.58%) and Accuracy (93.55%) that exceed the benchmarks 
set by other stacked ensemble models. The collective 
advantages, as shown in Table III, highlight the effectiveness 
of the proposed approach in uniting the complementary 
strengths of deep learning architectures for stronger and more 
accurate predictions. 

IV. CONCLUSION 

This study demonstrated the efficacy of applying advanced 
deep learning architectures, namely NODE and TabNet, to the 
critical task of diabetes prediction on a large-scale tabular 
dataset. The application of SMOTE to address class imbalance 
proved to be highly effective, enabling both models to achieve 
a validation accuracy and an F1-score exceeding 93%. The 
proposed soft-voting ensemble method further enhanced 
predictive performance, reaching an outstanding accuracy of 
93.55% and an F1-score of 93.58% on the validation set, 
thereby setting a new benchmark compared to existing 
schemes. This research underscores the significant potential of 
combining state-of-the-art deep learning models to create more 
robust and reliable predictive systems for healthcare 
applications. 
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