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Abstract: Diabetes remains a significant health challenge with serious consequences if left undiagnosed or untreated. Addressing the 

issues of accurately labeled data, outliers, small number of samples and missing information in clinical datasets is crucial for effective 

diabetes prediction. Despite various efforts, there is still room for improvement in the accuracy of machine and deep learning methods 

for early diabetes detection. In this study, we propose a novel approach that integrates three proven deep learning models—Long Short 

Term Memory (LSTM), Deep Neural Networks (DNN), and Convolutional Neural Networks (CNN)—using a soft voting classifier to 

enhance predictive performance. Additionally, we employ data fusion to effectively address the challenge of small datasets. Our model 

demonstrated impressive accuracy rates when evaluated on the Pima Indian Diabetes Dataset (PIDD), the Frankfurt Hospital Germany 

Diabetes Dataset (FHGDD), and a combined dataset: 85.9% on PIDD, 98.0% on FHGDD, and 99.81% on the combined dataset. These 

results outperform those of individual classifiers, highlighting the effectiveness of our method in diabetes prediction. 
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1. Introduction 

Diabetes, a metabolic disorder characterized by elevated 

blood sugar levels, poses significant health risks 

worldwide [1]. It manifests in three main forms: type 1, 

type 2, and gestational diabetes [2]. Type 1, often 

diagnosed in childhood, involves the body's immune 

system attacking the pancreas, resulting in insulin 

deficiency and potential organ damage. Type 2, also 

known as adult-onset diabetes, poses serious complications 

affecting various organs, particularly the kidneys, eyes, 

and nerves. Gestational diabetes occurs during pregnancy 

but typically resolves after childbirth, necessitating careful 

monitoring for both maternal and fatal health. 

In diabetes prediction, the primary challenges include 

enhancing prediction accuracy, minimizing human error 

and bias, and handling large datasets. Traditional methods 

of diabetes detection frequently lack effectiveness; 

however, the emergence of advanced technologies, 

especially deep learning, has become essential in health 

research. Deep learning can address these challenges by 

automatically learning relevant features and modelling 

complex relationships. In addition, DL efficiently 

processes large datasets for real-time analysis, leading to 

better early detection of diabetes [3]. 

Convolutional Neural Networks (CNN), Long Short Term 

Memory (LSTM), and Multilayer Perceptron (MLP). The 

three baseline deep learning classifiers undertake training 

and testing, and the final prediction is determined through 

the soft voting method. 

2. Recognizing the scarcity of diabetes-related data and the 

substantial data requirements of deep learning models, we 

explore the potential of data fusion techniques to mitigate 

this challenge. 

The paper is structured to ensure a comprehensive 

exploration of the research domain. It begins with an 

Introduction, setting the stage by outlining the context and 

objectives of the study. Section 2 provides a thorough 

review of existing literature and studies relevant to the 

research topic. Section 3 elucidates the Materials and 

research methodology utilized; Section 4 introduces our 

novel methodology. Subsequently, Section 5 delves into 

Results, where the evaluation process is examined. Section 

6 discusses the findings. Finally, Section 7, summarizes the 

key findings suggesting potential avenues for future 

investigation 

2. Related works 

Recent research has extensively explored the identification 

of diabetes patients through machine learning and deep 

learning models, aiming to boost prediction accuracy by 

combining individual models into ensemble systems ( [8]; 

[9]; [10]; [11]; [12]; [13]; [14]; [15]; [16]; [17]; [18]; [19]; 

[20]; [21] [22]; [23]; [24]; [25]; [20]; [26]). For instance, 

A. Doğru et al. [9] recently investigated diabetes detection 
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by introducing a novel super ensemble learner model 

consisting of four base learners (logistic regression, 

decision tree, random forest, and gradient boosting) along 

with a meta-learner (support vector machines). Their study 

utilized datasets related to early-stage diabetes risk 

prediction, including Pima and Diabetes 130-US hospital 

datasets. Experimental results demonstrated performance 

scores of 99.6% for the early-stage diabetes risk prediction 

dataset, 92% for the PIMA dataset, and 98% for the 

diabetes 130-US hospital dataset, respectively. 

Meanwhile, L. Ismail et al. [10] explored 35 different 

classifiers, proposing a Bagging-based Logistic Regression 

(Bagging-LR) approach for Type 2 diabetes prediction. 

Bagging-LR emerged as the optimal detector, achieving 

diabetes mellitus detection in approximately 0.016 minutes 

while utilizing only five key features to boost classification 

accuracy to 99%. Additionally, S. Kumari et al. [11] 

introduced a soft voting ensemble classifier comprising 

three machine learning algorithms: Random Forest, 

Logistic Regression, and Naïve Bayes, for diabetes 

classification. On the Pima Indians diabetes dataset, their 

proposed ensemble classifier achieved the highest 

accuracy, precision, recall, and F1-score values, reaching 

79.04%, 73.48%, 71.45%, and 80.6%, respectively.  

Also, A. Mahabub. [12] explored eleven renowned 

machine-learning algorithms, including K-Neighbors, Ada 

Boost, Decision Tree, Random Forest, Support Vector 

Machine, Gradient Boosting, Logistic Regression, Multi-

Layer Perceptron, Multinomial Naïve Bayes, Extreme 

Gradient Boosting, and Gaussian Naïve Bayes, for early-

stage diabetes detection on the Pima Indians Diabetes 

Database (PIDD). The top three machine-learning 

algorithms are selected and integrated into the Ensemble 

Voting Classifier to maximize accuracy. Furthermore, S. 

Bashir et al. [13] introduced an ensemble model 

comprising three types of decision trees (CART, ID3, and 

C4.5), achieving an accuracy of 76.5%. Singh et al. [27] 

employed an ensemble of various machine learning 

models, including SVM, NN, DT, XGBoost, and RF, on 

the PIDD Dataset, yielding an accuracy of 95% in 

predicting diabetes. 

Using medical data from the Henry Ford Exercise Testing 

(FIT) project, M. Alghamdi et al. [14] developed an 

Ensembling-based predictive model utilizing the "Vote" 

technique, combining three decision tree classification 

methods (RF, NB Tree, and LMT) for predicting incident 

diabetes. They employed multiple methodologies to 

identify potential diabetes predictors, and the ensemble 

voting technique boosted prediction accuracy to an AUC 

of 0.922. 

Similarly, H. B. Kibria et al. [15] applied six machine 

learning algorithms (ANN, RF, SVM, LR, AdaBoost, 

XGBoost) and a weighted soft voting classifier of the two 

best ML algorithms (RF, XGB) to identify potential 

diabetes predictors using the PIDD dataset, achieving the 

highest accuracy of 90%. In their pursuit of improved 

performance and accuracy, M. Alehegn et al. [16] 

embarked on further research to devise an ensemble hybrid 

model utilizing KNN, NB, RF, and the J48 approach to 

predict early-stage diabetes. H. Naz et al. [17] Conducted a 

comparative analysis of various machine learning and data 

mining techniques for early-stage diabetes prediction. 

Their evaluation on a diabetes dataset involved four ML 

techniques: ANN, NB, DT, and Deep Learning (DL), with 

DL achieving the highest accuracy of 98.07% among all 

classifiers. 

In addition, E. P. Prakash et al. [18] aimed to forecast 

diabetes effectively in patients through online monitoring, 

employing a neural network-based ensemble voting 

classifier. This approach integrates several neural network 

models, including the artificial neural network model, 

recurrent neural network model, Deep Belief Network, 

Multilayer Perceptron, and Radial Basis Function. Their 

simulation results showcased the efficacy of the neural 

network ensemble voting method over existing bagging, 

stacking, and boosting ensemble models. 

Z. Mushtaq et al. [19] Utilized hyper-tuned machine 

learning techniques in conjunction with an ensemble 

technique based on a voting method for diabetes 

prediction. They employed six classifiers, namely SVM, 

NB, KNN, LR, RF, and Gradient Boosting Classifier, for 

the classification of PIDD. 

Following the dataset balancing process, the classifiers' 

accuracies were assessed. Random Forest exhibited 

superior performance compared to logistic regression, 

Support Vector Machine, k-nearest neighbors, Naive 

Bayes, and Gradient Boosting Classifier algorithms, 

achieving an accuracy of 80.7%. Furthermore, a voting 

classifier was examined, demonstrating accuracies of 

81.7% on the original dataset and 81.5% on the balanced 

dataset. 

S. Ramesh et al. [20] Proposed a deep neural network 

(DNN) integrated with Restricted Boltzmann Machine 

(RBM) for diabetes diagnosis, utilizing the PIMA Diabetes 

dataset. Their technique exhibited promising performance, 

achieving accuracy and recall values of 77% and 54%, 

respectively. Furthermore, their comparison revealed that 

deep learning models surpassed the rough set theory model 

in terms of precision. Furthermore, S. Ramesh et al. [28] 

presented a deep learning strategy for classifying diabetes 

using the Recurrent Deep Neural Network (RDNN) 

method. Their approach, applied to the Pima Indian 

diabetes dataset, yielded an accuracy of 81%. 

In [21] , the authors conducted a comparative analysis of 

traditional machine learning and deep learning techniques 
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for diabetes prediction. 

K. Kannadasan et al. [22] Opted for a Deep Neural 

Network (DNN) framework for diabetes data 

classification. They utilized stacked autoencoders to 

extract features from the dataset and employed a softmax 

layer for classification. Additionally, the network 

underwent fine-tuning using back propagation with the 

training data. Their DNN methodology achieved a 

classification accuracy of 86.26% on the PIDD dataset. 

S. K. Kalagotla et al. [23] Proposed a novel stacking 

strategy based on MLP, SVM, and LR for diabetes mellitus 

diagnosis. They combined intelligent models using the 

stacking approach, resulting in enhanced model 

performance. Their unique stacking method outperformed 

other models when compared to AdaBoost. 

M. T. Garcı́a-Ordás et al. [24] Developed a pipeline for 

forecasting diabetes patients using deep learning 

techniques. Their approach integrates a Variational 

AutoEncoder (VAE) for data augmentation, a sparse 

AutoEncoder (SAE) for feature enhancement, and a 

convolutional neural network (CNN) for classification.  

In their study, G. Swapna et al. [25], a hybrid mellitus 

diagnosis system was proposed, combining two deep 

learning methods, LSTM and CNN. They achieved 

promising results, with an accuracy of 95.1%, 

demonstrating the effectiveness of deep learning 

techniques. 

 B. Ihnaini et al. [26] Introduced a smart recommendation 

system for diabetes prediction by employing an ensemble 

machine learning approach and fusing the Hospital 

Frankfurt Germany diabetes dataset with the Pima Indians 

diabetes dataset (PIDD). Their method leverages the fusion 

of two datasets to enhance predictive performance. 

More recently, H. Qi et al. [29] introduced KFPredict, a 

novel soft-voting ensemble learning framework that 

combines multi-input models with diverse machine 

learning techniques for diabetes prediction. The framework 

utilizes a neural network model called KF_NN, which 

integrates essential features using a decision tree-based 

selection recursive feature elimination algorithm and 

correlation coefficient method. Three machine learning 

algorithms, including support vector machine, random 

forest, and k-nearest neighbors, are integrated with KF_NN 

using a soft voting technique. The system demonstrated 

notable performance on the Pima diabetes dataset, 

achieving an accuracy rate of 93.5%. 

While numerous researchers have proposed various ML 

algorithms and ensemble techniques such as SVM, DT, 

RF, K-NN, MLP, LR, AdaBoost, and Bagging for disease 

prediction,  

their accuracy often remains suboptimal. It is evident that 

DL-based diabetes prediction generally outperforms 

traditional ML techniques in terms of performance. Some 

researchers have explored DL and hybrid deep learning 

neural networks, such as MLP [17],   CNN [30], CNN-

LSTM [31], and CNN-BiLSTM [32], for early-stage 

diabetes prediction. 

Our work introduces novel contributions by assembling 

CNN, LSTM, MLP via soft voting techniques to enhance 

the results and accuracy of diabetes detection. Notably, this 

is the first instance of utilizing an ensemble of deep-

learning models to address this issue. Moreover, many 

articles typically rely on a single small dataset, such as 

PIDD, to evaluate classification methods. 

 However, drawing conclusions solely from one dataset 

may not be applicable to others. Therefore, it is crucial to 

assess performance using multiple standard datasets. In our 

study, we utilized three datasets: PIDD, FGDD, and a 

fusion of these two datasets. By leveraging data fusion, we 

can extract complementary information, mitigate data 

insufficiency, and enhance the performance of our system 

in forecasting diabetes disease data into positive and 

negative classes. 

3. Materials and Methods 

This section outlines the materials and methods utilized in 

the experiment. 

3.1. Dataset Description 

We utilized two widely recognized public datasets: the 

"Pima Indians diabetes dataset" [33], and the "Hospital 

Frankfurt Germany diabetes dataset" [34]. These datasets 

collectively feature 9 attributes per sample, with 768 

instances in the Pima Indians dataset and 2000 instances in 

the Hospital Frankfurt Germany dataset. Each instance 

includes a binary label indicating the patient's diabetic 

status (0 for non-diabetic, 1 for diabetic). To address the 

issue of small dataset size and meet the requirements of 

deep learning models, we amalgamate these two datasets 

into a unified dataset comprising 2768 instances. 
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 Table 1 offers a comprehensive overview of the dataset 

attributes 

alongside their respective value ranges, while a breakdown 

of the class distribution across the three datasets is 

presented in a separate table (table 2). 

3.2. Multilayer Perceptron (MLP)  

MLP, [35], are deep Artificial Neural Networks (ANN) 

with multiple hidden layers between input and output 

layers. Every layer of an MLP is fully connected and made 

up of a number of neurons and an activation function. 

When using binary classification, the input is a connection 

between feature spaces that only produces one output. The 

MLP employed in this approach utilizes the traditional 

back-propagation method with sigmoid and ReLU 

activation functions. The sigmoid function is 

used in the last layer because this approach is developed to 

solve a binary classification problem. MLP techniques 

achieve promising accuracy in diabetes prediction although 

they face some challenges like gradient and vanishing 

problems, overfitting, high computational, and cost 

complex processes, etc. that have adverse effects on 

performance [36]. 

3.3. Convolutional Neural Networks (CNN) 

CNN was originally developed for image processing [37], 

but the model is also very efficient for structured data. 

CNN is a feed-forward deep neural network comprised of 

an input layer, convolutional layers, pooling layers, and a 

fully connected layer (output). The convolutional layer will 

convolute the input using a number of filters, where a 

smaller matrix represents each filter. During the pooling 

process, the size is reduced, while maintaining important 

features. Therefore, the prime task of convolutional and 

pooling layers is primarily 

to extract features, whereas the major aim of fully 

connected layers is often to output the data from feature 

maps jointly and then provide them to the final layers. As a 

result, the performance of the network is increased and 

over-fitting is avoided [30]. The most notable benefit of 

CNN is that it extracts features automatically. It can 

additionally display the correlation between the items for 

the input data [38]. 

3.4. Long Short Term Memory Networks (LSTM) 

LSTM is a type of RNN made up of feedback connections 

[39].  

LSTM models can easily handle a lengthy input data 

series. A cell, an entry g e, an output gate, and a forgotten 

gate make up a typical LSTM system. The three gates keep 

track of data flow in and out of the cell, and the cell recalls 

values at any time [40]. 

Classifying, analysing, and estimating time series data, 

LSTM networks are well adapted due to the ability to 

delay the interval of uncertain events in a time series. 

LSTM has recently attracted much interest in disease 

forecasting and diabetes prediction such as in [31] where 

authors proposed an LSTM model to solve the gradient 

problem of the neural networks models.  

The summary of the advantages and disadvantages of these 

deep learning algorithms is illustrated in Table 3. Thus, our 

Table 1. Description of Attributes in Diabetes Datasets 

r. no. Attributes Description Range 

1. Pregnancy 

Number of times a 

participant is pregnant 0-17 

2. Glucose 

Plasma glucose 

concentration a 2 h in an 

oral glucose tolerance test 

It consists of Diastolic 

blood pressure 0-199 

3. 

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) 

Diabetes pedigree 

Function 0-67.1 

7. 

Diabetes 

pedigree 

Function 

An appealing attributed 

used in diabetes prognosis 

0.078-

2.42 

8. Age 

Age of participants 

Diabetes class variable, 

Yes represent 21-81 

9. Outcome 

the patient is diabetic and 

no represent patient is not 

diabetic Yes/No 

Table 2 .The class distribution across the three datasets 

Dataset Class 1 (diabetic) Class 2 (non-

diabetic) 

PIDD 268 500 

FHGDD 1316 684 

Their fusion 1584 1184 
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main objective in this study was to merge these deep 

learning models by utilizing a weighted voting classifier, to 

take advantage of their complementary and to improve the 

accuracy of diabetes mellitus prediction. Their 

combination has been tested to forecast the COVID-19 

outbreak [41] and news classification on Social Media in 

[42] where experimental findings show a significant 

increase in performance when using ensemble learning. 

 

3.5. Weighted voting classifier 

Weighted voting or soft voting is one of the simplest and 

widely employed combiners [46];    [47]; [11]. It is a meta-

classifier, that merges conceptually similar or dissimilar 

machine learning algorithms for classification and 

prediction via a majority vote [48]. A voting algorithm 

utilizes both hard and soft voting methods. The final 

prediction, in hard voting, is determined by majority 

voting, where the aggregator chooses the outcome that 

consistently appears among the basic models. In soft 

voting, the class label is predicated using the probability P 

given to the classes by the classifier. Because it integrates 

the results of many models, the voting classifier offers 

overall performance than other conventional base models 

[47]. 

4. Proposed approach 

In the proposed EL model, the Multilayer Perceptron 

(MLP) architecture comprises three hidden layers with 

varying neuron counts (8, 32, 20, and 1), facilitating 

enhanced diagnostic accuracy despite the computationally 

intensive processing demands. For the Convolutional 

Neural Network (CNN), the input encompasses eight 

features with a binary target output. Leveraging a one-

dimensional CNN algorithm, the input features undergo 

batch normalization (BN) coupled with Rectified Linear 

Unit (ReLU) activation to highlight essential features. 

Subsequently, a max-pooling layer with a pool size of 2 is  

applied, followed by a Flatten layer for vector 

transformation, elucidated mathematically in Equation (1). 

𝑦(𝐾) = 𝑓(∑ 𝑋𝑗 ∗ 𝑊𝑝(𝐾) + 𝐵𝑝(𝐾))𝑁
1   

 (1) 

Where: 𝑊𝑝: specified weight of p node, 𝑋𝑗: Batch 

Normalization of input feature, 𝑓(.): the activation function 

ReLU, p: number of filers, and Bp: bias of p node. 

Additionally, Long Short-Term Memory (LSTM) networks 

mitigate issues of vanishing and exploding gradients, with 

gates represented by Equations (2) to (6) [49]. 

𝑖𝑡 = 𝜎𝑔(𝑤𝑖𝑥𝑡 + 𝑢𝑖ℎ𝑡−1 + 𝑏𝑖)    (2) 

𝑓𝑡 = 𝜎𝑔(𝑤𝑓𝑥𝑡 + 𝑢𝑓ℎ𝑡−1 + 𝑏𝑓)    (3) 

Table 3. Summary of the advantages and disadvantages of the used DL algorithms. 

Model Advantages Disadvantages 

MLP 

1) Good at mapping different features into 

independent spaces [43].  

2) Suitable for classification prediction 

problems [23]).  

3) Can be applied to different types of data 

such as Images and text [18].  

4) Works well with large input data [23]. 

1) Over fitting will occur when there are too many 

hidden layers [27].  

2) The total number of parameters can be very large 

because it is fully connected [23, 44, 27]. 

3) Vanishing gradient problem [36] 

CNN 

1) Appropriate for extracting features (feature 

learning) [21] 

2) Weight sharing [24].  

3) Minimize learning parameters and 

complexity [25].  

4) Classification takes requires less time and 

produces higher accuracy, especially in image 

processing [24]. 

1) The computational cost is high [25] 

2) Can't work well without a huge amount of data [38]. 

3) Vanishing problem [31]. 

LSTM 

1) Has several memory blocks that can 

overcome the vanishing gradient problem [32].  

2) Efficient at modeling complex sequential 

data [45]. 

1) computational time is high [45]).  

2) LSTM is not suitable for extremely nonlinear or 

noisy data [42]. 
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𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑡 ∗ 𝜎ℎ(𝑤𝑐𝑥𝑡 + 𝑢𝑐ℎ𝑡−1 + 𝑏𝑐) 

 (4) 

𝑜𝑡 = 𝜎𝑔(𝑤𝑜𝑥𝑡 + 𝑢𝑜ℎ𝑡−1 + 𝑏𝑜)   (5) 

   ℎ𝑡 = 𝑜𝑡     

 (6) 

Where: 𝑖𝑡 , 𝑓𝑡, and 𝑐𝑡 represent the input gate, forget gate, 

and output gate, respectively. 

𝜎𝑔: specified the sigmoid function. 

𝜎ℎ : specified hyperbolic tangent function. 

ℎ𝑡−1: Specified output of previous LSTM block at the time 

t-1. 

 𝑥𝑡 : Specified input at current time. 

𝑏𝑥: Specified biases for respective gate. 

The weights are denoted by The symbols w and u. These 

weights generally keep the gradient problem from 

vanishing. 

Employing a soft voting classifier, our model harmonizes 

predictions from MLP, CNN, and LSTM. Each model 

independently generates predictions, which are merged 

using a weighted voting approach. Equation (7) [50] 

defines the weighting equation. 

𝑦
^

= 𝑎𝑟𝑔𝑚𝑎𝑥𝑖 ∑  𝑚
𝑗=1 𝑤𝑗 ∗ 𝑝𝑖𝑗        (7) 

Where 𝑝 represents the predicted probability for each 

classifier, and 𝑤𝑗  denotes the weight attributed to each 

classifier. Optimal weight determination for deep learning 

algorithms in the soft voting ensemble employs the grid 

search method. 

The voting classifier capitalizes on the unique strengths of 

these foundational deep learning models to elevate the 

performance of diabetes prediction, as depicted in Fig.1. 

The advantages of LSTM, MLP, and CNN are mutually 

reinforcing. Previous research by [24], [25], [17], [30], 

[31], [32], and [23] has demonstrated their individual 

efficacy in achieving high accuracies. Specifically, MLP 

adeptly maps diverse features into independent spaces 

through multiple hidden layers, while LSTM effectively 

mitigates vanishing gradient issues common in traditional 

neural networks. Meanwhile, CNN excels at extracting  

features and reducing complexity, thus combating 

overfitting. 

Given the resource-intensive nature of training deep 

learning models and the necessity for extensive datasets, 

we employ a data  

fusion technique to amalgamate two existing datasets into 

a larger, more comprehensive one. Our methodology 

comprises three main steps: firstly, preprocessing the data; 

secondly, individually training and testing the three neural 

networks; and finally, employing the soft voting classifier 

to integrate their predictions. This approach not only 

enhances accuracy but also yields superior results 

compared to employing individual classifiers.  

 

       Fig.1. The flowchart diagram of the proposed 

ensemble deep learning approach. 

4.1. Data pre-processing 

Data pre-processing stands as a foundational step essential  

for refining machine learning model performance by 

ensuring that input data is meticulously formatted and free 

from anomalies. This multifaceted process entails various 

critical tasks, including label encoding, outlier removal, 

missing value handling, and data standardization. 

Label encoding is a pivotal technique utilized to transform 

categorical or textual value labels into a numerical format 

intelligible to deep learning algorithms. By assigning a 

unique numerical value to each category, label encoding 

enables algorithms to process and analyze categorical data 

effectively. 

Addressing missing values is another integral aspect of 

data pre-processing. In this step, missing values within the 

dataset are meticulously addressed to maintain data 

integrity. One common approach involves calculating the 

mean value of each attribute and replacing missing values 

with this calculated mean.  

By ensuring that the dataset remains complete, this method 

facilitates accurate analysis and modeling. 

Data standardization techniques, such as min-max 

normalization, are employed to scale numerical attribute 

values to a specific range, typically [0, 1]. This 

normalization fosters uniformity across attributes, 

preventing any single attribute from disproportionately 

influencing model training. Mathematically, min-max 

normalization is expressed using equation (8). 

𝑥𝑛𝑜𝑟𝑚 =
𝑥−𝑚𝑖𝑛(𝑋)

𝑚𝑎𝑥(𝑋)−𝑚𝑖𝑛(𝑋)
    (8) 

Where 𝑥 : The original value. 
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𝑥𝑛𝑜𝑟𝑚  : Represents the normalized value of x. 

min(𝑋) : Represents the minimum value in the dataset. 

max(𝑋) : Represents the maximum value in the dataset.

  

The Min-max algorithm rescales a variable within the 

training  

sample range [min(𝑋) , max(𝑋) ] to fit into the interval [0, 

1]  

through a linear mapping. 

Upon completing pre-processing, the dataset is often 

divided into training and testing sets to facilitate model 

evaluation and  performance assessment. This division 

allows for rigorous evaluation of model efficacy and 

generalization capabilities, ensuring robustness in real-

world applications. 

4.2. Training parameters 

For all experiments some parameters were adapted: the 

training set is taken as 80%, and the testing set is taken as 

20% batch size of 64, epoch = 300, loss function= binary 

cross-entropy, learning rate = 0.00004, and the optimizer 

used is Adam. These are chosen experimentally by trial 

and reducing error. The layered structure of baseline deep 

learning classifiers is shown in the Table 4. 

Table 4. Training parameters 

Models  Layers (Type ) Parameters  

  

  

CNN  

  

  

  

  

Sequential model 

with 

1) Convolutionld 

(Conv1D ) 

 

2) Max 

pooling1d  

3) conv1D_1 

 

4) Max 

pooling1d1 

5) Flatten 

6) Dense  

7) Dense 

Classification 

 

1) F =64,Kernel =3,activation 

function =ReLU , 

 padding =same, input shape 

= (8, 1). 

 

2) Pool size = (2). 

3) F =32, Kernel =3, activation 

function =ReLU ,             

padding =same. 

4) Pool size (2). 

5) - 

6) 16 neurons, activation 

function =ReLU. 

7) 1 neuron, activation function 

=sigmoid.  

  

  

LSTM  

  

  

  

  

Sequential model 

with 

1) LSTM  

  

 

2) LSTM  

3) Dense  

4) Dense  

Classification  

 

1) 32 neurons, input shape = 

(None, 1,8), dropout =0.1, 

        recurrent dropout =0.1, return 

sequences =True. 

2) 25 neurons, dropout =0.1, 

input shape =(1,8), recurrent 

dropout =0.1 

3) 20 neurons, activation 

function =ReLU. 

4) 1 neuron, activation function 

=sigmoid. 

  

  

  

MLP  

  

  

Sequential model 

with 

1) Dense  

2) Dense  

3) Dense  

4) Dense 

Classification  

 

1) 32 neurons, activation 

=ReLU, input shape =(8,1). 

2) .32 neurons, activation. 

3)  20 neurons, activation 

=ReLU. 

4) 1 neuron, activation 

=sigmoid. 

  

5. Results 

The performance parameters for the proposed model are 

taken as accuracy, precision, recall, F1-score, accuracy on 

the training set, and testing set. Accuracy is the rate of 

correct classification on the training set and testing set, and 

precision is the ratio of correct positive predictions to the 

number of predicted positive outcomes. At the same time, 

recall is simply the ratio of the  

number of accurate positive predictions to the total actual 

positive  

instances,  and F1-score is the harmonic mean between 

precision and sensitivity. These metrics can be calculated 

by the following formulas: 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
     

 (9) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
     (10)  

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
𝑇𝑃

𝑇𝑃+
1

2
(𝐹𝑃+𝐹𝑁)

    

 (11) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    

 (12) 

Where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, 𝑎𝑛𝑑 𝐹𝑁    denote true positives, true 

negatives, false positives, and false negatives, respectively. 

Fig.2. delineates the prediction accuracy of the suggested 

weighted voting classifier vis-à-vis other baseline deep 

learning models.  
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     Fig.2. Accuracy of the individual and EL models. 

The CNN model exhibited a notable increase in accuracy 

when applied to the combined PIDD and FHGDD datasets, 

rising from 83.11% on PIDD to 98.27%. Similarly, MLP 

saw significant improvement post-fusion, with accuracy 

rising from 81.16% on PIDD to 98.13%. LSTM, too, 

demonstrated enhanced accuracy after fusion, increasing 

from 83.76% on PIDD to 95.84%. Our proposed model, 

integrating multiple deep learning classifiers, showed 

superior performance, achieving 85.71% accuracy on 

PIDD and 98% on FHGDD with the soft voting classifier. 

Leveraging the fused dataset, our model excelled with an 

impressive accuracy of 99.81%. These results underscore 

the effectiveness of deep learning techniques and the 

weighted voting classifier in achieving heightened 

accuracy across diverse datasets, surpassing baseline 

classifiers with minimal error rates both pre- and post-

fusion.The summary of performance metrics, including 

accuracy, precision, recall, and F1-score for the selected 

datasets, is presented in Tables 5 to 7. 

Table 5. Comparison results of the proposed model with 

baseline classifiers on PIDD dataset 

Model 

Accurac

y Precision Recall F1_scors 

CNN 83.11 82.97 68.42 75.00 

MLP 81.16 76.92 70.17 73.39 

LSTM 83.76 84.78 68.42 75.72 

Propose

d EL 

model 86 84.91 75.43 79.62 

 

Table 6. Comparison results of the proposed model with 

baseline classifiers on FHGDD dataset 

Model 

Accurac

y Precision Recall 

F1_scor

s 

CNN 97.5 97.08 95.68 96.37 

MLP 94.25 90.27 93.52 91.87 

LSTM 94.25 93.28 89.92 91.57 

Proposed 

EL model 98.0 97.81 96.40 97.10 

 

Table 7. Comparison results of the proposed model with 

baseline classifiers on the merged dataset. 

Model 

Accurac

y precision recall F1_scors 

CNN 98.27 99.45 98.36 98.90 

MLP 98.13 96.33 99 98.13 

LSTM 95.84 94.47 92.93 93.69 

Proposed 

EL model 99.81 99.45 99.8 99.72 

6. Discussion 

As depicted in Table 5. In this experiment, we focus solely 

on PIDD dataset. Our findings reveal that despite the 

dataset's limited size and the absence of feature selection 

techniques, the ensemble voting method we propose 

achieves significantly improved rates of accuracy, 

precision, recall, and F1-scores compared to single 

classifiers. 

Similarly, in Table 6, we exclusively analyze the FHGDD 

dataset. Various evaluation metrics are utilized to compare 

CNN, MLP, and LSTM with our proposed model. Due to 

the dataset's extensive size, our model demonstrates 

superior overall performance over other deep learning 

models, as depicted in Fig.2. Therefore, our soft voting 

classifier yields more accurate results when provided with 

a larger dataset.  

Our experiment results indicate that our proposed model 

achieves an outstanding accuracy of 98%, surpassing other 

DL classifiers by a significant margin. Furthermore, 

precision, recall, and F1-scores also exhibit remarkable 

performance compared to other DL classifiers. Table 6 

displays the results after fusing both diabetes datasets. Our 

proposed weighted voting classifier is compared with 

baseline deep learning models in terms of accuracy, 

precision, recall, and F1-scores. As a result of data fusion, 

our model's performance exceeds that of other deep 

learning models by a considerable margin.  

Ultimately, Table 8 presents a comparison of our proposed 

approach with state-of-the-art methods. The table presents 

a comparison of various research works in the field of 

diabetes prediction using different classifiers and ensemble 

techniques. The proposed ensemble deep learning model 

stands out with its utilization of CNN, MLP, and LSTM 

classifiers combined with a soft voting ensemble 

technique, resulting in impressive accuracies of 86.71% for 
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PIDD, 98.0% for FHGDD, and a remarkable 99.81% after 

data fusion. This model surpasses other works in terms of 

accuracy and the ensemble technique employed. Among 

the other studies listed, different classifiers and ensemble 

techniques were utilized, such as Random Forest (RF), 

Logistic Regression (LR), Naive Bayes (NB), and Support 

Vector Machine (SVM). Some studies incorporated 

stacking, boosting, or hybrid models to enhance predictive 

performance. Notably, [51]achieved high accuracies of 

85.9% for PIDD and 99.5% for FHGDD using Random 

Forest (RF) and 99.8% after 

data fusion. [43] Also achieved remarkable accuracy of 

97.0% for FHGDD using various architectures of Deep 

Neural Network (DNN) techniques. However, the 

proposed ensemble deep learning model surpasses these 

previous works in terms of accuracy across both individual 

datasets and after data fusion, showcasing the 

advancements in predictive modeling techniques for 

diabetes detection. 

7. Conclusion 

Detecting early signs of diabetes, whether positive or 

negative, presents a considerable challenge. In recent 

years, numerous researchers have sought solutions by 

assessing the efficacy of deep learning models. Hence, this 

research introduces a weighted voting classifier that 

combines three deep learning algorithms—MLP, CNN, 

and LSTM—to create a more precise and resilient 

predictive model for diabetes. Additionally, we 

amalgamated datasets to form a larger, more 

comprehensive dataset. Results indicate that our proposed 

model outperforms other deep learning models, exhibiting 

superior accuracy of 99.81%, precision of  

Table 8. comparison of our proposed approach with state-

of-the-art works 

Resear

ch 

Work 

Ye

ar 

Baseline 

classifier

s 

Ensem

ble 

Techni

que 

PI

- 

D

D 

FH

G-

DD 

Data 

Fusi

on 

Accu

-racy 

Propos

ed 

Ensem

ble 

Deep 

Learni

ng 

Model 

20

24 

CNN, 

MLP, 

and 

LSTM 

Soft 

voting + + + 

86.71

% 

98.0

% 

99.81

% 

[11] 

20

21 

RF. LR. 

and NB 

soft 

voting +   

79.08 

% 

[12] 

20

19 

Naive 

Bayes, 

K-NN. 

SVM, 

RF. 

Ensem

ble 

Voting 

of the 

three +   86% 

ANN. 

LR. 

GBoost. 

AdaBoos

t 

best 

classifi

ers 

[52] 

20

21 

LR. 

LDA, 

KNN. 

SVM, 

DT.and 

SVM. 

Super 

learner +   86% 

[19] 

20

22 

LR. 

SVM 

Ns. GB, 

NB. and 

RF 

Ensem

ble 

Voting 

of three 

best 

classifi

er +   

81.7

% 

[43] 

20

21 

Different 

architect

ures of 

DNN 

techniqu

e -  +  

97.0

% 

[27] 

20

23 

Birch-

ANN 

Hybrid 

model  +  

97.25

% 

[53] 

20

22 

KNN, 

NB. 

LDA, 

and DT 

Stackin

g 

techniq

ue  +  

97.35

% 

[51] 

20

22 RF, DT RF + + + 

85.9

% 

99.5

% 

99.8

% 

[26] 

20

21 

LR, NB, 

DT, 

KNN, 

RF, and 

SVM. 

boostin

g 

techniq

ue + + + 

72.7

% 

91% 

99.6

% 

 

99.45 %, recall of 99.8%, and F1 scores of 99.72%. This 

model stands to aid physicians in diagnosing patients with 

greater certainty, thereby reducing the risk of human error. 

Looking ahead, our future endeavors involve exploring 

alternative deep learning techniques for similar objectives 

and testing the proposed model on diverse disease 

classification datasets. Additionally, our research 

endeavors to address additional challenges in healthcare-

based machine learning models, including handling 

missing data, mitigating biases within datasets, and 

tackling class imbalances. 
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