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This study presents a comparative analysis of three machine learning model and algorithms 

Artificial Neural Network (ANN), Logistic Regression, and K-Means Clustering using the 

Pima Indians Diabetes dataset. The main objective is to evaluate the performance of 

supervised and unsupervised methods in predicting diabetes based on physiological and 

clinical features. he ANN model was developed using a feedforward and backpropagation 

approach, Logistic Regression applied the fundamental logit equation, and K-Means 

Clustering was employed as an unsupervised reference. Model performance was assessed 

using Accuracy, Precision, Recall, and F1-score for supervised models, and Adjusted Rand 

Index (ARI) for clustering. Experimental results indicate that Logistic Regression 

achieved the best accuracy of 0.7573, followed by ANN with 0.7078, while K-Means 

obtained an ARI of 0.1614. The heatmap comparison shows that supervised models 

outperform unsupervised approaches, with Logistic Regression offering better 

interpretability and stability, and ANN demonstrating the ability to model nonlinear 

relationships. K-Means, though less accurate, provided valuable insight into data structure 

and natural grouping. Overall, the findings confirm that supervised learning models, 

particularly Logistic Regression and ANN, are more effective for medical prediction tasks. 

Future research may explore hybrid or ensemble models that combine the interpretability 

of Logistic Regression, the adaptability of ANN, and the exploratory capability of 

clustering to enhance medical diagnostic performance.  
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1. Introduction   

Diabetes mellitus is not a single, uniform disease; its definition varies depending on the viewpoint. Medically, it  

refers to a group of metabolic disorders marked by high blood sugar levels due to either partial or complete lack  

of insulin. Prolonged high blood sugar can damage small blood vessels in the eyes, kidneys, and nerves, but these 

complications take time to develop and thus aren't suitable for defining the disease. Larger blood vessel issues  

such as heart attacks, strokes, and peripheral artery disease—are more common and often appear even before 

diabetes, formally diagnosed. Some experts propose defining diabetes as “early-onset atherosclerosis accompanied 

by high blood sugar,” highlighting the serious health risks most patients face [1]. 

Gestational diabetes is defined as a form of carbohydrate intolerance first recognized during pregnancy, 

excluding individuals with clear evidence of pre-existing diabetes. It is among the most common metabolic 

disorders encountered during gestation and is associated with increased risks of adverse maternal and neonatal 

outcomes. Although glycemic levels typically normalize postpartum, affected individuals should undergo follow-

up screening to identify persistent glucose intolerance and be counseled regarding their heightened risk of 

developing type 2 diabetes in the future. Less common forms of diabetes mellitus are characterized by identifiable 

etiological or pathologi 

Diabetes Mellitus (DM) is a metabolic condition primarily triggered by unhealthy lifestyle habits. Non-

Proliferative Diabetic Retinopathy (NPDR) marks the initial phase of DM, during which symptoms may be subtle 

or entirely absent. Without timely intervention, this condition can advance to diabetic retinopathy, potentially 

impairing vision. The objective of this study is to detect diabetes in its early stages, before ocular complications 

arise. Given that the human tongue displays measurable features—such as color, geometric patterns, and texture 

these characteristics can be effectively utilized for diagnosing both DM and NPDR.[2] 

The World Health Organization (WHO) released its first Global Report on Diabetes on World Health Day, 

mailto:satria.sinurat@yahoo.co.id


74 

                                                                                                    ISSN 2502-3357 (Online)  

Heart Disease Prediction Using Logistic Regression and Random Neural Network,           DOI: https://doi.org/10.65126/jocosir.v3i3 

Regression, and Clustering for Diabetes Predictio                                                   Journal of Computer Science Research (JoCoSiR) with CC BY NC SA license 

April 7th, 2016, which was specifically dedicated to addressing diabetes. Although diabetes has been 

documented since ancient times and recognized as a severe metabolic disorder, historical records suggest it was 

relatively uncommon in clinical practice. In recent decades, however, the global burden of diabetes has increased 

significantly, posing a major challenge to public health and socioeconomic development. Diabetes, along with 

cardiovascular diseases (CVD), cancer, and chronic respiratory diseases, was identified as one of the four key 

noncommunicable diseases (NCDs) in the Political Declaration on the Prevention and Control of NCDs adopted 

during the United Nations High-Level Meeting in 2011. In 2013, WHO Member States approved a global 

monitoring framework for NCDs, establishing nine targets to be achieved by 2025 [3] 

Type 1 Diabetes Mellitus (DM) is a metabolic disorder characterized by chronic hyperglycemia resulting 

from impaired glucose regulation. This condition arises due to the destruction of pancreatic β-cells, either through 

autoimmune mechanisms or idiopathic causes, leading to a reduction or complete cessation of insulin production. 

Experts project that the combined incidence of type 1 and type 2 diabetes will increase by approximately 64% by 

the year 2025, with an estimated 53.1 million individuals expected to be diagnosed with diabetes [4]. 

Diabetes places a considerable burden on society, as evidenced by rising direct healthcare costs, decreased 

workforce productivity, higher rates of premature mortality, and intangible consequences such as reduced social 

participation and diminished quality of life. In 2017, the overall economic impact of diabetes in the United States 

was estimated at approximately $327 billion, of which about $237 billion were attributed to direct medical 

expenditures [5]. 

State of the Art 

Recent advancements have led to the development and publication of various methodologies for predicting 

diabetes. One prominent approach utilizes machine learning techniques, where researchers conducted empirical 

analysis employing supervised models—such as Artificial Neural Networks (ANN) and linear regression—

alongside unsupervised clustering algorithms. The study aimed to enhance the accuracy of diabetes prediction 

using the Pima Indians Diabetes dataset, a widely accepted benchmark for evaluating diagnostic performance in 

medical machine learning applications. Within this framework, ANN and regression models are categorized as 

supervised learning methods, which rely on labeled datasets to establish relationships between input variables and 

target outputs. In contrast, clustering algorithms like K-Means fall under unsupervised learning, as they operate 

by detecting natural groupings within the data based on feature similarity, without the guidance of predefined class 

labels.Within this framework, ANN and regression models are categorized as supervised learning methods, which 

rely on labeled datasets to establish relationships between input variables and target outputs. In contrast, clustering 

algorithms like K-Means fall under unsupervised learning, as they operate by detecting natural groupings within 

the data based on feature similarity, without the guidance of predefined class labels [6]. 

Artificial Neural Networks (ANN)  

One of the most widely adopted approaches in this field utilizes Artificial Neural Networks (ANNs), which 

are inspired by the structure and functioning of the human brain. An ANN consists of numerous simple processing 

elements, known as artificial neurons, that receive, interpret, and transmit information to other interconnected 

neurons. The connection strengths, referred to as weights, are optimized during the training phase, allowing the 

network to learn patterns and relationships from the given dataset [7]. 

Machine learning is capable of processing both structured data (well-organized datasets) and unstructured 

data such as images, videos, and text. In general, machine learning techniques are categorized into three primary 

types: Supervised learning, which involves predicting numerical values (regression) or categorical outcomes 

(classification) using labeled input–output data pairs; Unsupervised learning, which focuses on identifying patterns 

or clusters within unlabeled datasets. These methods can also be applied for dimensionality reduction to simplify 

datasets while retaining essential information, or for detecting anomalies (outliers) within the data. 

 

 
Figure 1. Workflow System of Artificial Neural Network 

The output of each neuron in the network is computed through a forward propagation process, where the 

weighted sum of the inputs is calculated and passed through an activation function. The mathematical formulation 

of the neuron activation is expressed as: 
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where 𝑤𝑖𝑗denotes the connection weights, 𝑏𝑗is the bias, and the sigmoid function is applied to produce the 

neuron’s output 𝑎𝑗. The process continues layer by layer until the final output is obtained for classification. During 

training, the model adjusts the connection weights using the backpropagation rule described by Kahramanli, but 

the forward propagation phase defines the main computation of the ANN structure [8]. In the learning phase of the 

Artificial Neural Network (ANN), the weights are updated iteratively to minimize the error between the predicted 

and target outputs. The adjustment of the connection weights follows the backpropagation learning rule as 

expressed in: 

𝑤𝑖𝑗
(𝑡+1)

= 𝑤𝑖𝑗
(𝑡)

+ 𝜂 ⋅ 𝐸𝑟𝑟𝑗 ⋅ 𝑂𝑖  

where 𝜂represents the learning rate that controls the step size of the weight update, 𝐸𝑟𝑟𝑗is the propagated 

error term of neuron 𝑗, and 𝑂𝑖denotes the output of neuron 𝑖in the previous layer. The update continues iteratively 

across all layers until the error is minimized, thereby improving the predictive accuracy of the model. This rule 

follows the standard formulation introduced by Kahramanli which has been widely adopted in medical data 

prediction, including diabetes classification. During the backpropagation process, the error from the output layer 

is propagated backward through the hidden layers to adjust the connection weights. The error term for a hidden 

neuron 𝑗is calculated as: 

𝐸𝑟𝑟𝑗 = 𝑂𝑗(1 − 𝑂𝑗)∑𝐸

𝑘

𝑟𝑟𝑘𝑤𝑗𝑘  

where 𝑂𝑗represents the output of the hidden neuron 𝑗, 𝐸𝑟𝑟𝑘is the error at the neuron 𝑘in the subsequent 

layer, and 𝑤𝑗𝑘denotes the weight connecting neuron 𝑗to neuron 𝑘. The term 𝑂𝑗(1 − 𝑂𝑗)corresponds to the 

derivative of the sigmoid activation function. This step allows the network to distribute the total output error across 

all neurons in the hidden layers, thus improving the learning accuracy of the model  The error term at the output 

neuron 𝑗quantifies the difference between the predicted output and the desired target. It is defined as: 

𝐸𝑟𝑟𝑗 = 𝑂𝑗(1 − 𝑂𝑗)(𝑇𝑗 − 𝑂𝑗)  

where 𝑇𝑗is the target (actual) value for neuron 𝑗, and 𝑂𝑗is the predicted output. The expression 𝑂𝑗(1 − 𝑂𝑗)is 

again the derivative of the sigmoid function, which facilitates the calculation of the gradient for weight. 

Logistic regression 

The simplest form of regression that can be constructed is linear regression. In gradient boosting, the final 

model is obtained by summing the outputs of all weak predictors. However, directly combining multiple linear 

regression predictors would simply yield another linear regression model. To address this, the proposed algorithm, 

RegBoost, partitions the training dataset into two branches based on the prediction outcomes of the current weak 

predictor. Linear regression is then recursively applied to each branch. During the testing phase, new data is routed 

to the appropriate branch to proceed with the subsequent weak predictor. The overall prediction is obtained by 

summing the contributions of all weak predictors along the traversal path. Since datasets often include redundant 

or irrelevant features that can be eliminated with minimal information loss, RegBoost employs a stepwise 

regression approach for feature selection [9]. 

Logistic regression is a regression method that links one or more independent variables to a categorical 

dependent variable—such as 0 and 1, true or false, or large and small. What sets logistic regression apart from 

multiple or linear regression is the categorical nature of its output [10]. 

ln⁡(
𝑝

1 − 𝑝
) = 𝐵0 + 𝐵1𝑋  

K-Mean Clustering 

A comparative analysis of widely used clustering algorithms and evaluation techniques for clustering 

performance. An enhanced k-means text clustering approach is introduced, wherein the conventional centroid—

typically derived via averaging—is substituted with the actual data point nearest to the computed centroid within 

the text dataset. Furthermore, a novel evaluation method utilizing the entropy of the silhouette coefficient is 

proposed to assess clustering quality. By varying the number of text samples, the optimal entropy value and 

corresponding ideal cluster count are determined. The proposed algorithm and evaluation strategy offer promising 

applications for fault data analysis in software-intensive systems [11]. 
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Although several variants of the K-Means algorithm have been proposed to address its limitations, most of 

them are domain-specific and fail to generalize effectively. For instance, a K-Means method designed to handle 

categorical data may still perform poorly due to an unsuitable initialization procedure [12]. 

Research Framework 

The review process was conducted based on a set of systematic guidelines and principles aimed at ensuring 

the theoretical rigor of the study. These guidelines highlight the importance of clearly defining the primary research 

domain, selecting appropriate samples, extracting and validating relevant data, and translating the findings into 

meaningful outcomes. In line with this approach, the present study focuses on identifying relevant literature, 

established standards, and evaluation frameworks. Furthermore, the research aims to construct a comprehensive 

framework that can serve as a reliable guide for tracking progress throughout the entire research process [13] . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Research Framework and model training 

2. Research Method 

3.1 Visual Research 

The research framework employed in this study involves a series of structured phases aimed at ensuring the 

consistency and validity of the experimental outcomes. The process commences with the data collection stage, in 

which relevant datasets are sourced from reliable and publicly available repositories. Next, data preprocessing is 

performed to enhance data quality through procedures such as cleaning, normalization, and the treatment of 

missing or inconsistent values. The subsequent feature selection phase focuses on identifying the most influential 

variables that contribute to diabetes prediction. Following this, model development and training are carried out 

using several machine learning approaches namely, Artificial Neural Networks (ANNs), Regression models, and 

Clustering algorithms to analyze their relative performance and predictive efficiency. In the final stage, 

performance evaluation is conducted to compare the accuracy, and generalization ability of each model. The 

complete workflow of the proposed methodology is depicted in Figure 2. 

The Pima Indians Diabetes dataset, obtained from the UCI Machine Learning Repository, is used in this 

study. It contains 768 instances with 8 independent attributes, including glucose level, BMI, age, and insulin 

concentration, and one dependent attribute representing diabetes outcome (0 = negative, 1 = positive). Data 

preprocessing was performed to ensure the quality, consistency, and suitability of the Pima Indians Diabetes 

dataset before training the machine learning models. The preprocessing stage consisted of three primary steps: 

data cleaning, feature normalization, and data partitioning for model training and testing. 

𝑋′ =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 

3.2 Dataset Outlook 

The dataset utilized in this study is primarily centered on diabetes prediction, encompassing medical and 

demographic data of individuals. As presented in Table 1, each record includes multiple clinical attributes—such 

as glucose concentration, blood pressure, body mass index (BMI), and insulin levels—that are essential for 

assessing the likelihood of diabetes occurrence. The dataset structure clearly supports the objective of evaluating 

machine learning models for early detection and classification of diabetes cases. 

Table 1. Output Dataset Pima Diabetes 

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI 

0 6 148 72 35 0  33.6 

1 1 85 66 29 0  26.6 

2 8 183 64 0 0  23.3 

3 1 89 66 23 94  28.1 

4 0 137 40 35 168  43.1 
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3.3 Model Training Artificial Neural Networks (ANN) 

In this research, the authors adopted two established computational techniques to analyze the Pima Indians 

Diabetes dataset. The first technique employed a machine learning platform, TensorFlow/Keras, to construct an 

Artificial Neural Network (ANN) model that integrates both feedforward propagation and backpropagation 

algorithms. This combination enables the model to learn effectively from input features and optimize its weights 

during training with base manual calculation. The second technique involved utilizing a similar framework to 

perform comparative experiments, thereby assessing the accuracy and reliability of the model’s predictive 

performance across different learning configurations. 

 

 

 

 

 

 

 

(a)                                                                           (b) 

 

Figure 3. Comparison of ANN model testing results: (a) output derived from manual computation, and (b) 

output obtained from original data training using the implemented framework. Both ANN models achieved similar 

levels of accuracy (approximately 70%), with the framework-based implementation showing slightly better recall 

and F1-score. This indicates that while the manual ANN calculation correctly follows the theoretical formulation, 

the TensorFlow/Keras implementation provides improved weight optimization and generalization on the Pima 

Indians Diabetes dataset. 

3.4 Logistic Regression 

The training curve demonstrates a stable convergence pattern, where the loss function gradually decreases 

while the model accuracy increases and stabilizes after approximately 100 epochs. This behavior indicates that the 

logistic regression model successfully learns the underlying relationship between input variables and the target 

outcome without signs of overfitting or oscillation. The final accuracy of approximately 75% aligns with typical 

performance benchmarks for the Pima Indians Diabetes dataset, validating the model’s reliability for binary 

classification tasks. 

Table 2. training curve Logistic Regression 

Metric Nilai 

Accuracy 0.757 (≈75.7%) 

Precision 0.588 

Recall 0.556 

F1-score 0.571 

Confusion Matrix [[79, 21], [24, 30]] 

The performance metrics obtained from the logistic regression model demonstrate a balanced and reliable 

classification ability for the Pima Indians Diabetes dataset.An accuracy of 75.7% indicates that the model is 

capable of correctly predicting the majority of diabetes and non-diabetes cases in the test set. 

 

 

 

 

 

 

 

 

 

 

Figure 4. Model training using logistic Regression 

Figure 4 presents the convergence pattern of the logistic regression model during training. The accuracy 

curve (left) shows a gradual improvement, stabilizing around 0.78 after approximately 100 epochs, indicating 

effective learning without overfitting. Meanwhile, the loss curve (right) decreases smoothly in an exponential 

manner, confirming that the model’s learning rate and optimization process are properly tuned for efficient 

convergence. 

3.4 K-mean Clustering 

Base on figure 5 illustrates the K-Means clustering result for the Pima Indians Diabetes dataset projected 

into two principal components using PCA. The two color-coded clusters represent the algorithm’s partitioning of 

the dataset without prior knowledge of the actual class labels. The visualization shows partial separation between 

clusters, with some overlap near the center, indicating that the features provide moderate discriminative power. 
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The obtained Adjusted Rand Index (ARI = 0.1614) confirms that while the clustering captures general structure, 

it does not closely align with the true diabetic and non-diabetic labels, reflecting the unsupervised nature of K-

Means. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Model training using K-mean Clustering 

3.5 Comparison model ANN with clustering and logical regression 

Figure X illustrates the comparative performance of three machine learning algorithms—Artificial Neural 

Network (ANN), Logistic Regression, and K-Means Clustering—using multiple evaluation metrics.The color 

gradient in the heatmap represents the relative performance magnitude of each metric, where lighter shades 

indicate higher performance. As observed, Logistic Regression achieves the highest accuracy (0.757) and 

maintains a balanced precision (0.588), recall (0.556), and F1-score (0.571), indicating stable and consistent 

classification performance. The ANN model, while slightly lower in accuracy (0.708), still demonstrates reliable 

predictive capability with a comparable F1-score (0.563), suggesting that it successfully captures nonlinear 

relationships in the data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Comparison model training using Clustering & Logistic Regression 

On the other hand, K-Means Clustering, being an unsupervised approach, produces a lower Adjusted Rand 

Index (ARI = 0.161), reflecting its limited alignment with the true class labels. 

Overall, the heatmap confirms that supervised learning models outperform clustering-based methods in structured 

diagnostic datasets such as the Pima Indians Diabetes dataset. 

Table 3. Intepreted model ANN testing 

Model Accuracy Precision Recall F1-score AdjustedRand 

Index (ARI) 

ANN 0.7078 0.5918 0.5370 0.5631 – 

Logistic Regression 0.7573 0.5882 0.5556 0.5714 – 

K-Means Clustering – – – – 0.1614 

3. Results and Discussion 

This section presents the performance evaluation of three machine learning algorithms—Artificial Neural Network 

(ANN), Logistic Regression, and K-Means Clustering—implemented on the Pima Indians Diabetes dataset. Each 

model was trained and evaluated using relevant performance metrics, including Accuracy, Precision, Recall, and 

F1-score for supervised learning models, and Adjusted Rand Index (ARI) for the unsupervised clustering approach. 

The ANN model was trained using a feedforward and backpropagation architecture with two hidden layers 

and a sigmoid activation function. The training process, illustrated in Figure 3, demonstrates a consistent increase 

in accuracy and a gradual decrease in loss across 200 epochs, indicating stable convergence and effective learning. 

The model achieved an accuracy of 0.7078, with precision = 0.5918, recall = 0.5370, and F1-score = 0.5631. 
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These results show that the ANN was able to generalize moderately well, capturing nonlinear relationships 

between the input features (such as glucose, BMI, and insulin levels) and diabetes outcomes. However, due to the 

relatively small dataset size and potential data imbalance, the performance did not surpass that of the simpler 

Logistic Regression model. 

The Logistic Regression model achieved the highest overall accuracy of 0.7573 with precision = 0.5882, 

recall = 0.5556, and F1-score = 0.5714.The convergence curve, shown in Figure 4, depicts smooth and stable 

learning behavior, with loss decreasing exponentially and accuracy plateauing around epoch 100. This 

demonstrates that Logistic Regression effectively captured linear separability in the dataset and produced well-

balanced predictive outcomes. As a result, it serves as the most stable and interpretable model among the tested 

algorithms. The comparative analysis, visualized in Figure 6  and summarized in Table 3, highlights that Logistic 

Regression outperforms ANN and K-Means Clustering in terms of classification accuracy and stability.  

4. Conclusions 

This study conducted a comparative analysis of three machine learning algorithms—Artificial Neural Network 

(ANN), Logistic Regression, and K-Means Clustering—for diabetes prediction using the Pima Indians Diabetes 

dataset. The experimental results reveal that Logistic Regression achieved the best overall performance, with an 

accuracy of 0.7573, outperforming the ANN model (0.7078) and the unsupervised K-Means clustering approach 

(ARI = 0.1614).Logistic Regression demonstrated stable convergence and strong interpretability, making it the 

most efficient model for structured medical data classification. 

The ANN model, although slightly less accurate, showed reliable predictive capability and the ability to 

capture nonlinear relationships between physiological variables. This suggests its potential for improvement 

through hyperparameter tuning and architectural optimization.Meanwhile, K-Means clustering, despite its 

relatively low ARI value, provided insight into natural data patterns and patient grouping, highlighting its 

exploratory potential in unsupervised learning contexts.  

Overall, the findings confirm that supervised learning methods, particularly Logistic Regression and ANN, 

are more effective for medical diagnosis prediction tasks, whereas clustering techniques are better suited for data 

exploration. In the future research may focus on hybrid or ensemble models combining the interpretability of 

Logistic Regression, the flexibility of ANN, and the unsupervised capability of clustering to enhance predictive 

performance in healthcare analytics. 
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