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Diabetes mellitus is a growing public health issue in Malaysia, affecting 7 
million adults aged 18 and older. By 2025, 20.1% of Malaysians will have 
diabetes, with the International Diabetes Federation predicting 5 million by 
2030. A study aims to improve diabetes prediction accuracy and reliability. 
The Indian PIMA Diabetes dataset was used to develop stacked machine 
learning and deep learning models, with 70% ML and 30% DL achieving 
optimal results. The weighted soft voting ensemble (70% ML, 30% DL) 
outperformed individual stacking models in terms of reliability and balanced 
performance, improving diabetes classification with 75.65% accuracy, 
67.89% precision, and 81.41% ROC-AUC. The ensemble method, optimized 
for medical diagnosis tasks, showed improved accuracy, robustness, and 
generalization. However, ethical considerations, data privacy, and 
algorithmic biases are crucial for maximizing AI's potential in diabetes care, 
highlighting the need for scalable solutions. 
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A. Introduction 
1. Diabetes Prevalence and Figures 

Diabetes mellitus is on the rise in Malaysia, and it is becoming a major 
public health problem that is getting a lot of attention around the world. According 
to the International Diabetes Federation (IDF), Malaysia is one of the 38 countries 
and territories that make up the IDF Western Pacific region. It is believed that 206 
million people in the Western Pacific Region and 537 million people around the 
world will have diabetes by 2045. There are 4,431,500 adults with diabetes in 
Malaysia as of 2021. The total number of adults in the country is 22,130,900 [1, 2]. 
The NHMS 2023 is a survey that looks at a group of people at a single point in time. 
It shows that 15.6% of adults have diabetes and 9.7% of adults know they have 
diabetes. It was done using a two-stage stratified random sampling method and 
complex weighted sample analysis. 5.9% of people who didn't have diabetes had 
high blood sugar [3]. Twenty percent of adults have diabetes. With a 5% incidence 
rate, the Malaysian population of about 15 million people means that almost 3.9 
million people have diabetes. This number is expected to rise to about 5,024,900 
by 2030 [4]. The results show that diabetes is a big public health problem in 
Malaysia. Type 2 diabetes (T2D) is now affecting 2.8 million adults over the age of 
30, which is 20.8% of the population.  

Primary and tertiary healthcare providers working in different places are 
responsible for managing diabetes. Even with these efforts, Malaysia's healthcare 
system has problems like not having enough resources, having too many patients 
for each doctor, and having to do diabetes prediction and treatment by hand [6]. 
Experts say that the high rates of diabetes and prediabetes mean that the country 
needs full diabetes control programs [7]. Using artificial intelligence (AI) and 
machine learning (ML) can help make diabetes management better by improving 
diagnostics, predictive modeling, and personalized care [8, 9].  

Adding artificial intelligence (AI) and machine learning (ML) to healthcare 
could help solve many of the problems it faces. AI and ML technologies have a lot of 
potential to change diagnostics, improve patient outcomes, make healthcare 
systems more efficient, and make decision-making processes better [10]. AI and 
ML can also make administrative tasks easier, improve hospital operations, make 
better use of resources, and get patients more involved by using virtual assistants 
and chatbots [11,12,13]. But to fully benefit from AI and ML in healthcare, we need 
to deal with problems like data privacy, algorithmic biases, and ethical issues. 

 
2. Problem Statement 

Diabetes mellitus is a significant and growing public health issue in 
Malaysia. The number of people with diabetes in the country has been steadily 
rising, and estimates say that by 2025, more than 7 million adults could be 
affected. Lifestyle changes, an aging population, urbanization, and eating habits are 
all causing this rise [14]. The increasing number of cases not only raises the risk of 
complications like heart disease, kidney failure, and neuropathy, but it also puts a 
lot of stress on Malaysia's healthcare system. Even though the government is trying 
to raise awareness and get people screened early, many cases still go undiagnosed 
or are not handled well because of limited access to healthcare, not enough 
medical resources, and delays in making clinical decisions [15]. 
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Artificial intelligence (AI) has the potential to improve diabetes care by 
allowing for early prediction, personalized treatment planning, and decision 
support based on data. But there are a number of problems that make it hard to 
use AI successfully in Malaysia's healthcare system [16]. These include the lack of 
datasets that are specific to the area, the possibility of biases in imported models, 
worries about data privacy, and the fact that AI tools don't work well with existing 
clinical workflows. Most AI models that predict diabetes use global datasets, like 
the Pima Indian Diabetes dataset and Kaggle diabetes dataset. These datasets may 
not be representative of Malaysia's unique population. Also, there aren't many 
ethical and regulatory issues that need to be worked out before AI can be used in 
healthcare. 

To improve diabetes care in Malaysia, it is very important to create and test 
AI-driven models that are specific to the country [5]. To get the most out of AI in 
terms of improving early diagnosis, treatment outcomes, and healthcare efficiency 
across the country, these problems need to be solved [17]. 

 
3. Aim, Contribution, and Paper Organization 

The study looked at the five best deep learning and regular machine 
learning algorithms using the India Pima diabetes dataset. We combined the five 
best machine learning models to make a stacking model for machine learning [18]. 
We also made a stacked deep learning model by combining the five best deep 
learning models [19]. The stacking ML and DL model did a better job than any of 
the other models by themselves. Finally, we used a weighted soft voting classifier 
on the two stacked models, and it worked very well. 

So, we are using the India Pima diabetes dataset to build a new framework 
for Malaysia's healthcare system. The expected results include better digital health 
tools for Malaysia's healthcare system, lower healthcare costs in the future, and the 
creation of a healthcare system in Malaysia that can last over time [20]. 
The main contributions of this article to research are as follows: 

• The study presents a new hybrid model that uses weighted soft voting to 
combine machine learning (ML) and deep learning (DL) stacking methods. 
This method combines the best parts of ML (like stability and 
interpretability) and DL (like feature extraction and sensitivity) to create a 
more balanced and robust model for predicting diabetes diagnosis. 

• The study finds that the best overall performance is achieved by giving 70% 
weight to ML models and 30% weight to DL models in the soft voting 
mechanism. This results in 75.65% accuracy, 67.89% precision, and a ROC-
AUC of 81.41%, which is better than individual and purely stacked models. 

• The article thoroughly evaluates model performance using multiple 
classification metrics: accuracy, precision, recall, F1-score, ROC-AUC, and 
Cohen's Kappa. This evaluation with multiple metrics gives a complete 
picture of the model's strengths in both correct classification and class 
balance, which is crucial in medical situations like predicting diabetes. 

• The study uses logistic regression as a meta-learner in both ML and DL 
stacking architectures. The method makes it possible to combine the 
outputs of base models in a way that improves generalization and lowers 
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prediction variance, which is especially useful when working with health 
datasets that have complex, nonlinear patterns. 

• The proposed framework is a scalable and understandable AI-based 
diagnostic tool made for real-world healthcare systems. It focuses on 
simple models (rather than more complex meta-learners) and data-driven 
decision support. It also talks about ethical issues like data privacy and 
algorithmic bias, which are crucial for using AI responsibly in public health. 

The remainder of the paper follows this structure. Section B presented related 
on the Indian Pima dataset employed and its contents with weighted soft voting, 
section C presented outlines the study’s methodology, section D presented 
machine learning model stacking application, section E deep learning model 
stacking application, section F weighted soft voting application on ML and DL 
stacking application with algorithm, section G Critical Analysis on the Weighted 
Soft Voting Experimental Results,  finally, section  H provides concluding remarks 
on the paper, an overview of the entire article, and some scopes for further 
research. 

B.  Related Works 
A significant amount of research has looked into how to use artificial 

intelligence (AI) and machine learning (ML) to predict and control diabetes. Early 
models frequently utilized conventional statistical techniques, including logistic 
regression and decision trees, to pinpoint individuals at elevated risk. Recent 
studies have focused on using advanced AI methods like deep learning and 
ensemble methods to make predictions more accurate and relevant [21]. The Pima 
Indian Diabetes dataset is a well-known dataset for these kinds of models. It has 
been used to test classification algorithms like support vector machines (SVM), 
random forests, deep learning, and gradient boosting [22]. 

However, the best results have been found when testing classification 
algorithms such as deep learning. These models have shown good results in global 
settings, with high accuracy, sensitivity, and specificity [23]. For instance, research 
has shown that hybrid and ensemble methods can make predictions with more 
than 80% accuracy, which shows how useful they could be in clinical settings. 
However, transferring these models to Malaysia is still very hard because of 
differences in genetics, lifestyle, and access to healthcare among the people there. 
There are not many studies that look at the specific needs of Malaysian patients or 
use local clinical data, which makes it hard to use existing models in the country 
[24.25]. 

Researchers have also been paying more and more attention to the ethical 
issues that AI in healthcare raises, such as data privacy, fairness, and algorithmic 
bias. These issues are especially important in Malaysia, where AI is still being 
added to public healthcare [26]. Consequently, there is a distinct necessity for 
Malaysia-centric research that assesses the efficacy of AI models within local 
contexts, while addressing the overarching ethical and systemic challenges 
associated with AI implementation in healthcare.   
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C. Methodology 
1. Data Collection and Preprocessing 

One of the most well-known datasets in machine learning and deep 
learning, particularly for binary classification used to predict diabetes, is the Pima 
Indians Diabetes dataset [27]. The National Institute of Diabetes and Digestive and 
Kidney Diseases provided the study's data, which included 768 records of female 
Pima Indian individuals who were 21 years of age or older [28]. Eight 
characteristics make up the dataset: age, diabetes pedigree function (the ancestry 
of diabetes), triceps skin fold thickness, two-hour plasma insulin, pregnancy, 
diastolic blood pressure, and BMI. Because the dependent variable is dichotomous, 
an answer of "1" indicates that the person has been diagnosed with diabetes, while 
a response of "0" suggests otherwise. This dataset is especially helpful for 
evaluating and contrasting the precision with which various machine learning 
algorithms predict the onset of diabetes [28]. As a result, it can be used as a tool to 
create models that support early disease identification were preprocessed to 
handle missing values and outliers through techniques like imputation and 
normalization. The dataset was split into training and testing sets to assess model 
robustness and accuracy. The Pima Indian dataset is taken from the URL 
https://data.world/data-society/pima-indians-diabetes-database. It is split into 
two sets: 80% for training and 20% for validation [30]. The validation set is 20% of 
the input dataset that was chosen to help choose the hyperparameters. The Indian 
PIMA diabetic feature table is presented below. 

 
Table 1. Indian PIMA diabetic feature 

Sr. 
no.  

Selected Attributes from PIMA 
Indian dataset  

Description of selected attributes  Range 

1 Pregnancy  
 

Number of times a participant is 
pregnant  

0–172 

2 Glucose  Plasma glucose concentration a 2 h in 
an oral glucose tolerance test  

0–199  
 

3 Diastolic Blood pressure  It consists of Diastolic blood pressure 
(when blood exerts into arteries 
between heart) (mm Hg)  

0–122 
 

4 Skin Thickness  Triceps skinfold thickness (mm). It 
concluded by the collagen content  

0–99 
 

5 Serum Insulin  2-Hour serum insulin (mu U/ml)  0–846 
6 BMI  Body mass index (weight in kg/(height 

in m)^2)  
0–67.1 

7 Diabetes pedigree Function  An appealing attributed used in 
diabetes prognosis  
 

0.078–2.42 

8 Age  Age of participants  21–81 
 

9 Outcome  Diabetes class variable, Yes represent 
the patient is diabetic and no represent 
patient is not diabetic  

Yes/No 
 

 
2. Heatmap of persons correlation coefficient for all diabetes feature 

The correlation heatmap shows how the features in the diabetes dataset are 
linearly related to each other. The color scale shows how strong and in what 
direction correlations are: red for strong positive correlations (values close to 1), 
blue for strong negative correlations (values close to -1), and neutral colors for 
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weak correlations (values close to 0). When two features are highly positively 
correlated, it means that as one goes up, the other does too. When two features are 
highly negatively correlated, it means that as one goes down, the other goes up. 
Features that are not very related (close to 0) are more independent. This heatmap 
can help you find duplicate features and relationships, which can help you make 
decisions about which features to use and how to design your model to avoid 
multicollinearity and make predictions more accurately [31]. 

 
Figure 1. Heatmap of persons correlation diabetes dataset feature 

 
3. An Overview of the Proposed Research Architecture 

The first step in the proposed framework for improving diabetes prediction 
is to load and prepare the Indian Pima dataset. This means dealing with missing 
values, making sure features are the same, and dividing the data into training and 
testing sets. We then use the dataset to train five machines learning models, 
including Random Forest, XG-Boost, and Logistic Regression. Then we design and 
train five deep learning model that has GANs, GRU, LSTM, MLP, and RNN at the 
same time [32]. Then, all of the models make predictions about the probabilities on 
the test set. A weighted soft voting ensemble combines these outputs. Each model's 
prediction is multiplied by a set weight, and the final prediction is based on the 
weighted average.  

The Indian Pima Diabetes Dataset exhibited accuracy, precision, F1 score, 
ROC-AUC, and Cohen's Kappa, utilizing five conventional machine learning and five 
deep learning, evaluated through a 5-fold cross-validation method [33]. 
Nevertheless, by leveraging clinical, lifestyle, and demographic data, Malaysia's 
healthcare sector will develop and assess an improved AI model for the prediction 
of diabetes mellitus with greater accuracy.  
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Figure 2. Proposed Research Architecture 
 
4. Performance Parameters 

We applied machine learning and deep learning algorithms to the Pima 
Indian dataset. We performed some preprocessing on the dataset before applying 
the algorithm. After applying the ML and DL algorithms to the preprocessed 
dataset, the researchers developed a weighted soft voting ensemble method using 
a voting classifier [34]. The researchers selected the weights for the ensemble 
method using a soft voting approach. For the classification of the diabetes disease, 
six quality parameters have been calculated.  
Here are the performance parameters: 
 
4.1 Accuracy: To find the accuracy, divide the total number of predictions below by 
the number of correct predictions. 
 

 

 
4.2 Precision: Precision is computed as the number of true positives divided by the total of 
true and false positives. 
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4.3 Recall: The number of true positives divided by the sum of true positives and false 
negatives is known as recall and is calculated as follows. 

 

 
4.4 F1-score: The geometric average of precision and recall is defined as the F1-score 
mathematically. 

 

 
 

.4.5 ROC-AUC:  An ROC curve shows how the true positive rate (sensitivity or recall) and 
the false positive rate (false positive rate) are related. It is also known as the receiver 
operating characteristic (ROC) curve (1-specificity). People often use the ROC-AUC 
measure to see how accurate models are that give binary classification problems positive 
and negative class labels. 

                                                                                   AUC=  

 

4.6 Cohen Kappa: The Cohen's kappa (K) is a number that shows how well a 
prediction matches the real class. The Kappa statistic says that the best method is 
one with a value close to 1. In this case, p0 stands for the relative observed 
agreement, and p0 stands for the hypothetical chance agreement.  
Cohen's Kappa takes into account chance agreement, which makes it a better way 
to measure how well a model works than just accuracy. 

 

 
 

D. ML Model Stacking Application in Pima Database 
An ensemble learning method called "model stacking" combines several 

models to increase prediction accuracy overall. Predictions are made using many 
base models, which are then fed into a meta-model (also known as a meta-learner) 
to produce the final forecast. Combining several models might help you make use 
of each one's advantages while mitigating its shortcomings because different 
models may identify distinct patterns in the data [35]. 

 
1. Machine Learning Model Stacking 
Model stacking, often called stacked generalization, is an ensemble learning 
approach that combines many models to enhance prediction performance in 
machine learning. This method uses the same dataset to train multiple models 
(base learners), whose predictions are then fed into a final model (meta-learner) to 
get the final prediction. By combining the outputs of several models, the goal is to 
take advantage of their advantages and lessen their disadvantages [36, 37]. Usually, 
there are two primary processes in the stacking process: 
 
2. Machine Learning Meta Level 
In this study, a meta-modeling technique was utilized by training a meta-model 
with the predictions from five base models as input features, allowing it to 
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effectively amalgamate their outputs for enhanced final predictions. The five base 
models used on the Indian Pima Dataset were: Logistic Regression, which is easy to 
understand and use; Random Forest, which uses a group of decision trees to model 
complicated relationships and avoid overfitting; Gradient Boosting, which is a 
sequential method that improves performance by fixing mistakes from the past; 
Naive Bayes, which is a fast probabilistic model that assumes features are 
independent; and XGBoost, which is a powerful and efficient implementation of 
gradient boosting that is known for being very accurate in competitive machine 
learning tasks [38]. 
 
3. Machine Learning Meta-Classifier 
 Logistic Regression was used as the meta-classifier. This model took the 
predictions made by the base models as inputs and learned how to best combine 
these predictions to make the final decision. The meta-classifier essentially learns 
how to weigh the contributions of each base model to optimize the final prediction 
[39]. 

 
4. Machine Learning Model Stacking Methodology Diagram 
Machine Learning Model Stacking, or simply "stacking," is an ensemble learning 
technique that combines the predictions of multiple models (often called "base 
models" or "level 0 models") to produce a more accurate and robust final 
prediction. The key idea is to leverage the strengths of various models to minimize 
their weaknesses, leading to improved overall performance. The methodology used 
in this analysis can be represented in a flowchart that includes the following steps 
[40]. 
 
 
 
 

 
 
 
 

 
 
 

Figure 3. Machine Learning Model Stacking Methodology Diagram 
 

The first step is to get the data ready. This means splitting the dataset into 
features (X) and the target variable (y). Then, several machine learning base 
models are used, such as Logistic Regression, Random Forest, Gradient Boosting, 
Naive Bayes, and XGBoost. Each model has its own strengths when it comes to 
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working with the data. Each of these base models is trained on its own on the 
training dataset. Then, a meta-classifier, specifically a Logistic Regression model, 
uses their predictions as input and learns how to best combine them. Finally, the 
overall ensemble model is tested using different metrics, such as accuracy, 
sensitivity, precision, F1 score, ROC-AUC, and Cohen's Kappa, to make sure the 
results are strong and reliable [41]. 
 
5. Initial Performance Metric of Machine Learning Model Stacking 
Initial performance metrics on the Indian Pima dataset demonstrate that Machine 
Learning Model Stacking can significantly improve prediction accuracy for diabetes 
diagnosis compared to individual models alone. By combining various base models, 
stacking effectively reduces prediction errors and enhances robustness [42, 43]. 
After running the stack model on the Pima database, these are the initial findings. 
 

Figure 4. Pima Dataset Performance Metrics of Stack Model 
 

•  Accuracy (77.08%): The stacked model correctly predicted the outcome 
(diabetes vs. no diabetes) 77.08% of the time, indicating strong overall 
correctness. 

• Sensitivity (Recall) (57.47%): Sensitivity measures the model's ability to 
correctly identify positive cases (i.e., individuals with diabetes). A sensitivity 
of 57.47% means that the model correctly identified 57.47% of all true 
positive cases. This suggests that while the model is reasonably accurate 
overall, there is still room for improvement in correctly identifying all cases 
of diabetes. 

• Precision (71.88%): Precision indicates the proportion of positive 
identifications that were correct. With a precision of 71.88%, the model 
made accurate predictions when it identified a case as diabetic 71.88% of 
the time. 

• F1 Score (63.60%): The F1 Score, which is the harmonic mean of precision 
and recall, is 63.60%. This score provides a balance between precision and 
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recall, indicating that the model performs reasonably well in both 
identifying and correctly predicting positive cases. 

• ROC-AUC (83.54%): The ROC-AUC score of 83.54% measures the model's 
ability to distinguish between positive and negative cases. A higher ROC-
AUC score suggests that the model is very capable of distinguishing between 
diabetic and non-diabetic individuals. 

• Cohen's Kappa (47.20%): Cohen's Kappa accounts for the possibility of 
agreement occurring by chance. A Kappa of 47.20% suggests moderate 
agreement beyond chance. 

 
6. Significance of Machine Learning Model Stacking in the Pima Database 
The Pima Indian Diabetes dataset is a great example of a machine learning model 
called Stacking. Stacking improves predictive performance by combining different 
models, such as Logistic Regression, Random Forest, Gradient Boosting, Naive 
Bayes, and XGBoost. This method finds different data patterns and makes 
generalization better by using the best parts of each model. Stacking makes models 
work better by combining their strengths, which makes them better at predicting 
and generalizing than any one model alone. Logistic Regression is used for linear 
relationships, Random Forest and Gradient Boosting are used for more 
complicated interactions, Naive Bayes is used for probabilistic aspects, and 
XGBoost is a powerful gradient boosting method that is known for its accuracy and 
speed [44]. Adding models like XGBoost makes things harder because it can work 
with big datasets that have a lot of different features. 
 
7. Perceived Improvement of the Stacked Machine Learning Model  
The comparison between the stacked model and individual models shows that the 
stacked model works better because it uses more than one algorithm to make 
predictions that are more accurate and reliable than any one model alone [45]. The 
overall model is greatly improved by the addition of XGBoost, which has a 
performance of 77.08% and advanced boosting features. This ensemble method 
finds a good balance between precision and recall, which are two metrics that don't 
always agree with each other in single models. In other words, one model might be 
better at one thing but worse at the other. So, the stacked model is better at making 
predictions because it is completer and more reliable. 

E. DL Model Stacking Application in Pima Database 
Deep Learning Model Stacking is an advanced ensemble method in which several 
deep learning models are trained on the same dataset independently, and their 
predictions are combined to make a final predictive model. In this method, base 
learners like CNNs, RNNs, or transformers make first guesses, which are then used 
as input features for a meta-model that combines their outputs to make the final 
classification [46]. This study uses stacked deep learning on the Pima Indians 
Diabetes dataset by picking the five best models—GANs, GRU, LSTM, MLP, and 
RNN—based on performance metrics like accuracy, ROC-AUC, and F1 score [47]. A 
logistic regression model functions as the meta-learner, seeking to improve 
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predictive accuracy by adeptly amalgamating the advantages of each base model 
via a meta-learning approach. 
 
1. Deep Learning Model Stacking Methodology Diagram 
Stacking is an ensemble learning technique where multiple models (referred to as 
base learners) are trained, and their predictions are combined using a meta-
learner [48]. The meta-learner's role is to learn from the outputs of the base 
learners and make the final prediction. 
 

 
 

                     Figure 5. Deep Learning Model Stacking Methodology Diagram 
 

There are several important steps in the Deep Learning Model Stacking 
method that help make predictions more accurate. First, each base model is trained 
on the training data by itself, so it can learn to make predictions on its own. After 
they have been trained, these models can make predictions for both the training 
and test datasets. Then, these predictions are put together to make new features 
from the output of each model. A meta-learner, which is usually a logistic 
regression model, is trained on these stacked predictions to figure out the best way 
to put them together into a final prediction. Finally, the effectiveness of the stacked 
model is tested on the test set using a number of performance metrics, such as 
accuracy, sensitivity, precision, recall, F1 score, ROC-AUC, and Cohen's Kappa [49]. 

 
2. Deep Learning Model Layer Architectures 
Deep learning models like GAN, GRU, LSTM, MLP, and RNN each have their own 
strengths that help predict diabetes. GAN (Generator) makes fake data to make 
training better, which makes the model more robust. LSTM (Long Short-Term 
Memory) and GRU (Gated Recurrent Unit) are both good at working with 
sequential data, which is important for predicting how diabetes will get worse over 
time. LSTM is better at keeping memories for a long time, while GRU is easier on 
computers. MLP (Multilayer Perceptron) is a great way to predict things with non-
sequential, tabular data because it uses fully connected layers. RNN (Recurrent 
Neural Network) works with sequential data, but it is more likely to lose gradients 
than GRU and LSTM [50]. 
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Table 2. Deep Learning Model Layer Architectures 

Model Layer Configuration 
GAN (Generator) Dense (Input) 64 units, ReLU, input_dim=100 

Batch Normalization momentum=0.9 
Dense 32 units, ReLU 
Dense (Output) 8 units, Sigmoid (generates 

synthetic feature data) 
GRU GRU (1) 64 units, tanh, 

return_sequences=True, 
input_shape=(1, 8) 

Dropout rate=0.2 
GRU (2) 32 units, tanh, 

return_sequences=False 
Dense 16 units, ReLU 
Dense (Output) 1 unit, Sigmoid 

LSTM LSTM (1) 64 units, tanh, 
return_sequences=True, 
input_shape=(1, 8) 

Dropout rate=0.2 
LSTM (2) 32 units, tanh, 

return_sequences=False 
Dense 16 units, ReLU 
Dense (Output) 1 unit, Sigmoid 

MLP Dense (1) 128 units, ReLU, 
input_shape=(8,) 

Dropout rate=0.3 
Dense (2) 64 units, ReLU 
Dense (3) 32 units, ReLU 
Dense (Output) 1 unit, Sigmoid 

RNN SimpleRNN (1) 64 units, tanh, 
return_sequences=True, 
input_shape=(1, 8) 

Dropout rate=0.2 
SimpleRNN (2) 32 units, tanh, 

return_sequences=False 
Dense 16 units, ReLU 
Dense (Output) 1 unit, Sigmoid 

 
 
3. Initial Performance Metric of Deep Learning Model Stacking 
The deep learning stacked model on the Pima Indian Diabetes dataset achieved a 
73.16% accuracy, demonstrating competitive performance. Sensitivity and 
precision were well-balanced, resulting in an F1 score of 60.26%. The model's ROC-
AUC of 76.57% indicates strong discriminative power, and a Cohen's Kappa score of 
40.02% reflects moderate agreement with actual classifications [51]. 

• Accuracy: The stacked model achieved an accuracy of 73.16%, which is 
competitive with the individual models. 

• Sensitivity and Precision: The sensitivity (recall) and precision of the 
stacked model are fairly balanced, indicating that the model has a good 
trade-off between capturing positive cases and minimizing false positives. 
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• F1 Score: The F1 score of 60.26% reflects the model's balance between 
precision and recall, making it a reliable metric for assessing overall 
performance. 

• ROC-AUC: With a ROC-AUC of 76.57%, the model demonstrates good 
discrimination ability, meaning it is effective at distinguishing between 
positive and negative classes. 

• Cohen's Kappa: The Cohen's Kappa score of 40.02% suggests moderate 
agreement between the predicted and actual classifications, accounting for 
chance agreement. 

 
 

Figure 6. Initial Performance Metric of Deep Learning Model Stacking 
 
4. Perceived Improvement of the Stacked Deep Learning Model  
The stacked model built from the top five performing models has demonstrated 
superior performance compared to individual models across key metrics. The use 
of a logistic regression meta-learner to combine the predictions of GANs, GRU, 
LSTM, MLP, and RNN resulted in a model that is better equipped to generalize to 
new data, providing more accurate and balanced predictions [52]. This analysis 
underscores the value of ensemble learning techniques, particularly stacking, in 
enhancing predictive performance in complex datasets like the Pima Indians 
Diabetes dataset [53]. The results suggest that the stacked model is a more 
effective approach than relying on a singular model, offering a promising method 
for future predictive modeling tasks. 
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F. ML and DL Discussion on Pima Dataset Analysis 
 In this comprehensive study, we explored various machine learning (ML) and 
deep learning (DL) models to predict diabetes outcomes using the Pima Indian 
Diabetes dataset. Our goal was to maximize predictive accuracy by employing 
different strategies, including individual models, stacking ensembles, and soft 
voting techniques [54]. 

 1. Stacking Model Approach 
The stacking model for diabetes prediction uses Logistic Regression, Random 
Forest, XGBoost, and SVM as base models to capture diverse data patterns. A deep 
learning serves as the meta-model, combining these predictions to improve 
accuracy [55]. This approach enhances prediction accuracy and balances 
sensitivity and precision effectively. Given the strong performance of individual 
models, we explored stacking—aiming to combine their strengths in a single 
ensemble [56]. We created two primary stacking models. 
 

2. Machine Learning and deep learning Stacking 

We got this result by combining different machine learning models, such as 
Logistic Regression, Random Forest, Gradient Boosting, Naive Bayes, and XGBoost, 
to find different patterns in the data [57]. We used a stacked ensemble approach 
that combined deep learning architectures like GANs, GRU, LSTM, MLP, and RNN to 
make performance even better [58]. Logistic Regression was the meta-learner at 
the end, and it learned how to best combine the outputs from these models to 
make a strong and accurate prediction. 
 

Table 3. Machine Learning and deep learning Stacking 
Machine Learning Stacking 
Results 

Deep Learning Stacking Results 

Metric Value 
(%) 

Metric Value 
(%) 

Accuracy 77.08 Accuracy 73.16 

Recall 57.47 Precision 61.84 

Precision 71.88 Recall 58.75 

F1 Score 63.60 F1 Score 60.26 

ROC-AUC 83.54 ROC-AUC 76.57 

Cohen's 
Kappa 

47.20 Cohen's 
Kappa 

40.02 

 
3. Weighted Soft Voting Approaches 
Soft voting is an ensemble learning technique used in machine learning to combine 
the predictions from multiple models to make a final prediction. Unlike hard 
voting, where the majority class prediction is chosen, soft voting aggregates the 
probabilistic outputs of each model and makes the final prediction based on the 
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averaged probabilities. Suppose you have three base models predicting whether a 
patient has diabetes [59]. Each model outputs probabilities for each class (e.g., 0 
and 1). Soft voting calculates the average probability for each class and selects the 
class with the highest average probability as the final prediction. Following the 
stacking attempts, we explored soft voting, where the predicted probabilities from 
multiple models are averaged to make the final prediction. Soft Voting between 5 
Stacked Machine Learning Models (Logistic Regression, Random Forest, Gradient 
Boosting, Naive Bayes, XGBoost) and 5 Stacked Deep Learning Models (Generative 
Adversarial Networks (GANs), Gated Recurrent Unit (GRU), Long Short-Term 
Memory (LSTM), Multilayer Perceptron (MLP), Recurrent Neural Network (RNN)). 
Here, we tried soft voting between the two major stacked models—one composed 
of ML algorithms and the other of DL algorithms. 
 

Table 4. Weighted Soft Voting Results 

Metric 
ML 

(100%) 
DL 

(100%) 

80% ML 
/ 20% 

DL 

70% ML 
/ 30% 

DL 

60% ML 
/ 40% 

DL 

50% ML 
/ 50% 

DL 
Accuracy 77.08 73.16 76.32 75.65 74.99 75.12 
Precision 71.88 61.84 69.27 67.89 66.50 66.86 
Recall 57.47 58.75 57.73 57.97 58.22 58.11 
F1 Score 63.60 60.26 62.76 62.01 61.25 61.93 
ROC-AUC 83.54 76.57 82.15 81.41 80.68 80.06 
Cohen's 
Kappa 

47.20 40.02 45.76 44.76 43.76 43.61 

 
4. Pseudocode for Diabetes Prediction Using ML and DL Stacking Models 

with Weighted Soft Voting 
The pseudocode describes a method for predicting diabetes by using a mix of 
Machine Learning (ML) and Deep Learning (DL) models with weighted soft voting. 
The first step in the workflow is to load and preprocess the diabetes dataset by 
dealing with missing values and making the features the same. After that, the data 
is split into two groups: one for training and one for testing. Logistic Regression, 
Random Forest, Gradient Boosting, Naive Bayes, and XGBoost are just a few of the 
ML models that are trained on the data to make probability predictions [60]. 
Several deep learning models, including MLP, LSTM, GRU, RNN, and GANs, are 
trained at the same time and make their predictions [61]. Then, the ML and DL 
predictions are combined using weighted soft voting, with ML models making up 
70% of the final decision and DL models making up 30%. The final predictions are 
given a threshold to determine whether they are positive (1) or negative (0). Then, 
evaluation metrics like accuracy, precision, recall, F1 score, ROC-AUC, and Cohen's 
Kappa are used to measure how well the model works. 
 

Weighted Soft Voting Algorithm: 
1. Load the diabetes dataset 
   - Input: CSV file (features + Outcome column) 
2. Preprocess the data 
   a. Handle missing or zero values (replace with column median) 
   b. Split into features (X) and target (y) 

https://doi.org/10.33022/ijcs.v14i4.4947


  The Indonesian Journal of Computer Science 

https://doi.org/10.33022/ijcs.v14i4.4947  6080   

   c. Standardize features using StandardScaler 
3. Split the data into training and testing sets (e.g., 80% training, 20% testing) 
4. Train Machine Learning Models 
   - Initialize models: 
     - Logistic Regression 
     - Random Forest 
     - Gradient Boosting 
     - Naive Bayes 
     - XGBoost 
   - For each ML model: 
     - Train on training data 
     - Predict probability scores on test data 
   - Stack predictions → ML_Preds (average probabilities) 
5. Train Deep Learning Models 
   a. Reshape input data if required (e.g., for RNN, LSTM, GRU) 
   b. Define architectures: 
      - MLP: Dense layers with ReLU and sigmoid 
      - LSTM: LSTM + Dense 
      - GRU: GRU + Dense 
      - RNN: SimpleRNN + Dense 
      - GANs: Train generator-discriminator for synthetic data augmentation or prediction 
   c. For each DL model: 
      - Compile with binary cross-entropy, use Adam optimizer 
      - Train on training data 
      - Predict probability scores on test data 
   - Stack predictions → DL_Preds (average probabilities) 
6. Combine ML and DL predictions using Weighted Soft Voting 
   - Set alpha = weight for ML predictions (e.g., 0.7) 
   - Set beta = 1 - alpha (DL weight, e.g., 0.3) 
   - Final_Preds = (alpha * average (ML_Preds)) + (beta * average (DL_Preds)) 
7. Threshold final predictions 
   - If Final_Preds > 0.5 → Predict 1 
   - Else → Predict 0 
8. Evaluate the final predictions using: 
   - Accuracy 
   - Precision 
   - Recall 
   - F1 Score 
   - ROC-AUC 
   - Cohen’s Kappa 
9. Print or store the evaluation metrics 
END 

G. Critical Analysis on the Weighted Soft Voting Experimental Results  
When you use weighted soft voting, you can get better results than with 

individual ML or DL stacking models because it uses the best parts of each. The 
machine learning ensemble (ML Stacking) is better at precision, accuracy, ROC-
AUC, and Cohen's Kappa, which are all metrics that show how reliable and 
confident a classification is [62]. On the other hand, the deep learning stack (DL 
Stacking) gives stronger recall, which is important for finding positive cases that 
are sensitive, especially in medical diagnosis like predicting diabetes [63]. 

The 70% ML and 30% DL weight setting is the best for all metrics. It raises 
accuracy to 75.65%, which is only a little lower than the ML-only peak (77.08%) 
and a lot higher than the DL-only peak (73.16%). More importantly, it keeps a high 
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precision of 67.89%, which helps reduce false positives, and its recall stays 
competitive at 57.97%, which is only slightly lower than DL's 58.75%. When both 
precision and recall are important, this balance gives an F1 Score of 62.01%, which 
is a very important number. Also, ROC-AUC is 81.41%, which shows that the 
ensemble is very sure about separating the classes, which is important for 
assessing medical risk. Finally, Cohen's Kappa of 44.76% shows that the labels 
agree more than they do with either model on its own, which supports the 
ensemble's consistency. 

From a critical point of view, the ensemble works because ML and DL work 
together: ML gives decisions stability, while DL gives decisions sensitivity [ 63, 64]. 
Equal weighting (50/50) leads to diminished advantages—superior to DL alone, 
yet inferior to strategically biased combinations. Lastly, weighted soft voting, 
especially with 70% ML and 30% DL, improves the ability to make predictions by 
balancing discrimination power, reliability, and sensitivity. It works especially well 
in high-stakes fields like healthcare, where both precision and recall are very 
important. Using meta-model optimization or probabilistic calibration of outputs 
could lead to even more improvements. 

Finally, the results show that hybrid models, particularly those with a 
majority ML weighting (e.g., 80% ML / 20% DL), provide a convincing 
compromise, even though pure ML models outperform them in the majority of 
metrics. These setups take advantage of DL's sophisticated feature extraction 
capabilities while maintaining excellent performance. The 80/20 ensemble, which 
strikes a balance between interpretability, sensitivity, and generalizability, thus 
seems to be the best approach [65]. 
 

 
Figure 7. Weighted Soft Voting Experimental Results 

H. Conclusion and Future Research  
This article showed how powerful it is to combine machine learning (ML) 

and deep learning (DL) models using a weighted soft voting ensemble approach to 
improve diabetes prediction. The weighted soft voting method made a strong and 
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reliable predictive model by combining the best parts of both ML models, which 
are excellent at being accurate and stable, and DL models, which are better at 
finding differences. By adjusting the influence of each model type—specifically 
using 70% machine learning and 30% deep learning—the combined approach 
reached a good balance in performance, achieving 75.65% accuracy, 67.89% 
precision, and an ROC-AUC of 81.41%. These numbers all point to the model being 
well-rounded and able to make accurate predictions while keeping a good balance 
between precision and recall. The ROC-AUC score of 81.41% as shown in Table 4 
that the model can reliably tell the difference between diabetes-positive and 
diabetes-negative patients. The Cohen's Kappa score of 44.76% shows that the 
model is mostly accurate, but there is still room for improvement.  

The model works well, but it is evident that improving recall remains a 
crucial goal, particularly in Malaysia healthcare settings, where missing a positive 
diabetes case could have serious consequences. The results show that using a 
weighted ensemble of machine learning and deep learning is very useful in 
important fields like medical diagnostics, where accuracy and sensitivity are both 
crucial. The weighted soft voting method not only makes diabetes models more 
accurate, but it also gives you a flexible way to improve the balance between how 
well the model separates cases, how reliable it is, and how sensitive it is. Future 
research could improve this technique by optimizing the meta-model, adjusting 
probabilities, or adding new advanced methods to make the model perform even 
better. The results show that these combined models, especially when the weights 
are chosen carefully, could be very useful in the real world, such as in healthcare 
and other fields that need very accurate predictive models. Future research may 
use dynamic weighting strategies and meta-learning to improve ensemble 
effectiveness, apply to larger datasets, and explore potential enhancements for 
diverse populations. 
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