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Abstract: Early diagnosis of diabetes can lead to early interventions, lifestyle modifications, and 

personalized treatment plans that can positively impact patient health outcomes and reduce the 

burden on healthcare systems. Early detection reduces the risk to the patient’s health. Diabetes 

is spreading rapidly all over the world, and the majority of people over the age of 45 are victims. 

Therefore, it is important to detect this serious disease as soon as possible. Traditional diabetes 

screening methods often involve regular blood tests and clinical evaluations, which may not 

always detect diabetes in its early stages or identify individuals at high risk of developing the 

condition. A deep learning model is useful to detect this disease, which also reduces the cost of 

medical care. In this paper, we used different models, including LR, SVM, KNN, and NB, to 

analyze diabetes and then show their comparative results. Experiments are conducted on two 

datasets: the Pima Indian diabetes dataset and the Diabetes Health Indicator, both of which are 

available on Kaggle. 
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1. Introduction 

Diabetes is a condition where the body fails to metabolize sugar (glucose) in the body [1]. This causes 

a rise in the level of blood glucose to alarming levels. This is referred to as hyperglycemia. In this state 

of the body, the body cannot generate insulin. The second possibility is that the body is unable to react 

to the insulin generated. Diabetes cannot be cured; it has to be managed. The heart attack, kidney 

failure, stroke, and nerve damage are serious complications that can be developed by a diabetic. The 

statistics of 2017 indicate that there are estimated 8.8% of the total population in the world with 

diabetes. It is likely to increase to 9.9% by 2045. The prevalence of diabetes portrays a lot of differences 

in various countries worldwide. Pakistan has one of the highest rates of diabetes having 30.8 

prevalence rate and Kuwait comes in with 24.9 prevalence rate. This is the same rate as Nauru, New 

Caledonia and the Northern Mariana Islands: 23.4%. Conversely, there are some countries in which 

diabetes is exceptionally low as indicated in Figure 1 In contrast. The rates are lower in Eritrea, Somalia 
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and Guinea-Bissau with a rate of less than 1 which means that the burden of diabetes is much less in 

these countries. On the same note, Madagascar, Mozambique and Sierra Leone have lower rates of less 

than 2 and this further supports the trend of reduced prevalence. It is also possible to observe a trend 

as the nations with the high incidence of diabetes are more likely to be located in such areas like the 

Middle East, the South Asian region, or the Pacific Islands. In the meantime, other areas such as Africa 

have diabetes that is scattered at the low end of the list [2]. 

As of 2021, the global population of individuals living with diabetes reached 537 million. This 

number is projected to continue rising steadily until at least the year 2045. By that time, the estimated 

number of people affected by diabetes is expected to reach a staggering 783 million. 

The increase in the number of diabetics will have significant implications for public health and 

healthcare systems worldwide. As the diabetic population expands, the prevalence of diabetes is also 

anticipated to rise. By the year 2045, it is projected that around 12 percent of the global population will 

be affected by diabetes. 

This projected increase in diabetes prevalence highlights the urgent need for comprehensive 

strategies to address this growing health concern. Preventive measures, early detection, improved 

access to healthcare services, and lifestyle interventions will be vital in mitigating the impact of 

diabetes and reducing its burden on individuals and healthcare systems worldwide [3]. The 

distribution of diabetes prevalence varies across different regions and income levels. Urban areas have 

a higher prevalence rate of 10.8% compared to rural areas, where the prevalence is relatively lower at 

7.2%. Similarly, high-income countries exhibit a higher prevalence of 10.4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.  Countries by Diabetes rate 

  

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Cases Found in Millions in 2021 Estimated Cases by 2045 



Journal of Computing & Biomedical Informatics                                                                              Volume 10   Issue 01 

ID : 1131-1001/2025   

A significant portion of the global population remains unaware of their potential diabetes status due 

to financial constraints or limited access to healthcare services. Many individuals, especially in low-

income or undeserved communities, face barriers in seeking regular medical check-ups or diabetes 

screening tests. Lack of financial resources may deter them from visiting healthcare facilities, obtaining 

necessary diagnostic tests, or accessing essential medications. Consequently, countless people remain 

diagnosed and unknowingly live with diabetes, exposing themselves to the risk of developing serious 

complications associated with the condition [4]. Addressing this issue requires targeted efforts to 

improve healthcare accessibility and affordability, raising awareness about diabetes, and implement 

outreach programs to reach vulnerable populations, ensuring timely detection and proper 

management of the disease. 

The American Diabetes Medical Association advises clinicians to conduct fasting plasma glucose 

tests for patients who exhibit risk factors such as obesity, advanced age, a significant family history of 

diabetes, or metabolic syndrome-related indicators like elevated triglyceride levels, low high-density 

cholesterol, impaired plasma glucose tolerance, or high fasting plasma glucose. This screening 

approach aims to enhance the detection rate of diabetes, especially in individuals with higher 

susceptibility to the condition. Despite these recommendations, a concerning trend persists where 

more than half of people diagnosed with diabetes experience delayed treatment initiation because they 

may not exhibit noticeable symptoms. This delayed treatment can have detrimental effects on the 

management of the disease, emphasizing the importance of early diagnosis and awareness campaigns 

to encourage timely medical intervention and support for individuals living with diabetes. 

[5] This research aimed to develop a diabetes prediction model using readily available data from 

Kaggle and utilized advanced deep learning models to assess its effectiveness. By comparing various 

parameters and analyzing the predictive outcomes, the study successfully identified the occurrence of 

diabetes. In the future, with the implementation of the appropriate model, healthcare professionals 

should possess the capability to accurately diagnose diabetes in prospective patients, even in the 

absence of noticeable symptoms. By analyzing these specific factors, medical practitioners can make 

informed and precise assessments, leading to early detection and timely intervention in individuals at 

risk of diabetes. This advancement holds the potential to revolutionize diabetes diagnosis, enabling 

proactive healthcare measures and improved management of the condition for better patient outcomes 

[6]. 

 

2. Related Work 

Diabetes is a long-term type of metabolic disorders that is associated with high levels of blood sugar 

in the body (hyperglycemia) caused by lack of sufficient insulin secretion or resistance to insulin. Two 

categories are prevalent: Type 1 that usually occurs in childhood and is caused due to the damage of 

insulin-producing cells by the immune system and Type 2, common in adults and linked to not only 

insufficient insulin release but also insulin resistance. The symptoms of the condition include excessive 

urination, excessive thirst, fatigue, blurred vision, unintended weight loss, and slow wound healing 

[7]. Attempts to model blood glucose levels in diabetics have resulted in the well-researched methods, 

primarily through elaborate physiological models. The models subclassify dynamics into meal 

absorption dynamics, insulin dynamics, and glucose dynamics and end up in analytically solvable 

equations [8]. 

Estrada et al. had a research to come up with an ARX (AutoRegressive with eXogenous input) model 

that is particularly used to forecast future levels of blood glucose in diabetic patients. The model 

considers two imperative inputs, which are the present blood glucose concentration and the dosage of 

insulin given. With these included, the ARX model can be successfully used to predict the level of 

blood glucose within a 45-minute horizon of prediction. The results of the study underline the 

opportunities of this model to facilitate the optimal management of blood glucose levels in diabetic 
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patients, which may be used in improving the management and treatment approaches to diabetes [9]. 

Nuryani et al. applied support vectors machine (SVMs) to forecast hypoglycemia with the inclusion 

of electrocardiograms (ECG) data with blood sugar levels and insulin injections. In the meantime, it 

was revealed that Marling et al. used SVM models and wearable activity trackers to keep track of heart 

rate, galvanic skin response, and skin/air temperatures [10]. 

There was a study by Marling and others, whereby they used SVM models to provide resolution to 

data collected using wearable activity trackers. These monitors were also fitted to measure several 

physiological parameters, including heart rate, galvanic skin response, and skin/air temperatures. 

Through this array of information, the SVM models enabled the researchers to acquire some valuable 

information about the association between these variables, which could provide new lines of 

enlightenment on the nature of health and well-being [11]. 

Zecchin et al. developed a predictor based on the model of a neural network (NN) and a first-order 

extrapolation algorithm using a first-order polynomial. This is a novel method whereby the past 

continuous glucose monitoring (CGM) sensor data is combined with carbohydrate intake data. With 

the combination of inputs, the model can critically predict future glucose levels and this information 

can be used to manage diabetes and make the best dietary decisions [12]. 

Hamdi et al. followed the progress of a cohort of 12 patients closely in their study in order to create 

an elaborate model. It was a new combination of support vector regression and a differential evolution 

algorithm. This hybrid strategy was supposed to enhance the quality of predictions of the health 

information of the patient, which, in turn, should allow understanding their diseases and, possibly, 

help develop more individual and effective health care actions. The research was based on the use of 

advanced ways of computing into an effort to make significant contributions to the sphere of medical 

research and patient care that would open the way to better approaches toward disease management 

[7]. 

Diabetes type 2 is a complicated disease that has various causes. It is generally linked to a complex 

of genetic disposition, obesity and lack of physical activities. The etiology of diabetes is however varied 

and there are other types which are specific. These involve diabetes that is a genetic defect, diabetes 

caused by the destruction of the pancreatic exocrine activity and diabetes induced by some drugs or 

chemicals. The complexity of diabetes underlines the necessity of an extensive research and personal 

methods to control and treat this common metabolic disease successfully [13]. 

Diabetes is characterized by a rise in blood sugar levels due to insufficient compensatory secretion 

of insulin. This means that the body’s ability to utilize blood sugar (glucose) effectively is impaired. 

During digestion, the food we consume is converted into sugar, which then serves as a source of energy 

for our body. To regulate blood sugar levels, our pancreas secretes insulin, a vital hormone that 

redirects excess sugar into the body’s cells. When there is an inadequate supply of insulin, the body 

becomes unable to utilize the surplus sugar, leading to elevated blood sugar levels. This imbalance is 

a hallmark feature of diabetes, highlighting the critical role of insulin in maintaining proper blood 

sugar control and overall health [14]. 

High blood sugar and increased secretion of urine in diabetic pregnancies can result in premature 

birth as a result of complications such as polyhydramnios. Premature birth may also be increased by 

infections particularly in the genitourinary tract. Cesarean section is mostly done with overweight 

babies or when the mother is experiencing complications that might result to premature baby birth or 

high blood pressure [15]. 

Hassan et al. used eight features and evaluated different machine learning algorithms, namely, 

decision trees, k-NN (k-Nearest Neighbors), AdaBoost, Random Forest, Naive Bayes, and XGBoost. 

They have carried out detailed analyses and have discovered that a combination of AdaBoost and 

XGBoost gave the best and encourage outcomes on their predictive model. The observation highlights 

the possible advantages of using various machine learning methods together to improve the accuracy 
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and performance of the diabetes prediction models [16]. 

 

3. Methodology 

In this paper, we explore deep learning methods for diabetes detection using different datasets, 

including the Pima Indian diabetes dataset and a health indicator dataset. Our main goal is to achieve 

improved accuracy in diabetes detection with these advanced machine learning techniques. To ensure 

robust data analysis and modeling, we employ Exploratory Data Analysis (EDA) techniques to gain a 

deeper understanding of the datasets and preprocess the data effectively. 

Evaluating the model on multiple datasets allows us to assess its generalizability and performance 

across diverse populations. The outcomes of this research could provide valuable insights for early 

diagnosis and better diabetes management. 

Through rigorous experimentation and optimization, we fine-tune the deep learning models to 

maximize their performance. We carefully validate the accuracy and performance metrics to ensure 

the reliability of our findings. This study represents a significant step towards developing more 

accurate and reliable tools for diabetes detection, potentially impacting healthcare outcomes and 

reducing the global burden of diabetes. 
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Figure 3. Correlation of D1 and D2 
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3.1. Dataset 

In our study, we employed two publicly available datasets, namely the Pima-Indian diabetes dataset 

and the Diabetes- Health indicator dataset, to predict the occurrence of diabetes. The Pima-Indian 

diabetes dataset comprises 768 rows and 9 attributes, while the Diabetes-Health indicator dataset 

consists of 253,681 rows and 22 features are shown in fig 3 and 4. By using these diverse datasets, we 

aimed to explore the effectiveness of diabetes detection and compare the accuracy of the predictive 

models derived from each dataset. Our analysis involves assessing the performance of the models to 

determine which dataset yields more accurate results in predicting diabetes 4. 

3.2. Algorithmic Description 

In this section, we explored various algorithms to detect diabetes using two distinct datasets. For 

dataset 1, we employed Logistic Regression (LR), Support Vector Machine (SVM), Artificial Neural 

Network (ANN), Naive Bayes (NB), and Decision Tree algorithms. Comparing the performance of 

these models on the Pima-Indian Diabetes dataset revealed that certain models exhibited higher 

accuracy in predicting diabetes. 

Next, we applied Logistic Regression (LR) and k-Nearest Neighbors (KNN) algorithms to dataset 2 

and compared the results with those from the Pima-Indian Diabetes dataset. Surprisingly, we found 

that dataset 2 outperformed dataset 1 in terms of accuracy, suggesting that the combination of LR and 

KNN was more effective in predicting diabetes on this particular dataset. 

3.3. Model Architecture 

3.3.1. Visualization and Standardization 

The data was imported for feature visualization, and visualization tools were used to observe the 

data distribution for each field when a patient was diagnosed with diabetes. Additionally, the 

correlation between diabetes and all variables was examined to understand the relationships between 

different factors. 

3.3.2. Implemented Models 

Logistic Regression: Logistic Regression is widely used machine learning algorithm in diabetes 

research and medical applications. It is a supervised learning method that is particularly suitable for 

binary classification problems, making it well- suited for predicting the presence or absence of diabetes 

based on patient data. The evaluation of this classification is measured in terms of several key metrics, 

including average accuracy, test accuracy, and the confusion matrix. These performance indicators 

provide valuable insights into the model’s effectiveness in correctly classifying diabetic and non-

diabetic patients. The average accuracy represents the overall correctness of the model’s predictions 

across all classes, providing an overview of its general performance. Test accuracy specifically assesses 

the model’s accuracy on new, unseen data, offering a more realistic estimation of its real-world 

performance. 2) We achieved an average accuracy of 75% on Pima-Indian Diabetes. On other dataset 

we achieve the average accuracy of 84%. 

K-Nearest Neighbors: KNN is particularly useful when the data is non-linear and there may not be 

a clear boundary between diabetic and non-diabetic cases. KNN works by comparing a new patient’s 

data with the data of existing patients in the dataset. The algorithm identifies the k-nearest patients 

(nearest neighbors) to the new patient based on the similarity of their features, such as blood glucose 

levels, BMI, age, and other relevant attributes. The class (diabetic or non-diabetic) of these k- nearest 

neighbors is then used to classify the new patient. We achieve the accuracy of 77% on Pima-Indian 

Diabetes dataset and 82 SVM: SVM is a supervised learning technique that can be applied to classify 

and predict diabetes based on data from patients. 

SVM has been used for Diabetes Classification. SVM can classify patients into diabetic or non-

diabetic groups based on features like blood glucose levels, insulin dosage, body mass index (BMI), 

and other relevant factors. SVM finds the optimal hyperplane that best separates the two classes, 

allowing it to accurately classify new patients. We achieve the accuracy of 84%. 
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NB: The algorithm calculates the probability of a patient belonging to each class (diabetic or non-

diabetic) given their feature values. It assumes that the features are conditionally independent. We 

achieve the accuracy of 84%. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

Figure 4. Detailed Architecture of the models 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Analysis of Diabetic Cases of Health Indicator 
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Figure 6. Analysis of Non-Diabetic Cases of Health Indicator 

 

Figure 7. Analysis of Diabetic cases PIMA- Indian 
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Figure 8. Analysis of non-Diabetic cases of Health Indicator 

 

4. Results 

We conducted a comparison of our results with those obtained from Deep Learning models, 

specifically on the Pima- Indian and Health-Indicator Datasets. The outcomes from our analysis 

showed variations between the two datasets, with the Health-Indicator dataset yielding more accurate 

results. These findings highlight the significance of dataset selection in the performance of predictive 

models for diabetes detection. The superior accuracy achieved on the Health- Indicator dataset 

underscores the importance of diverse and relevant data sources in enhancing the effectiveness of 

diabetes prediction models. 

Pima-Indian and Health Indicator on different models.  

Table 1. PIMA-Indian and Health-Indicator on Same models 

Model Result-1 Result-2 

LR 75.00 84.00 

KNN 77 82 

Table 2. PIMA-Indian on different models 

Model Result-1 

SVM 84.00 

NB 84.00 

Table 3. PIMA-Indian and Health-Indicator on Same models 

Model Result-1 Research-1 Research-2 Research-3 

SVM 84.00 65.00   

NB 84 76 78 79 



Journal of Computing & Biomedical Informatics                                                                              Volume 10   Issue 01 

ID : 1131-1001/2025   

KNN 77   69 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. F1-Score of PIMA-Indian dataset 

 

5. Conclusion Future Work 

In this research paper, we worked with two datasets and utilized various models for diabetes 

prediction. From dataset 1, we applied Logistic Regression (LR), k-Nearest Neighbors (KNN), Support 

Vector Machine (SVM), and Naive Bayes (NB). Among these models, SVM and NB showed promising 

accuracy results. However, when comparing the two datasets, we found that dataset-2 yielded even 

better accuracy for diabetes prediction. These findings emphasize the importance of dataset selection 

and model evaluation in achieving more accurate and reliable results in diabetes detection. 

As we Move forward, we plan to expand our research by exploring various techniques and 

incorporating the combination of different models to further improve accuracy. For Dataset 1, we 

intend to apply additional models to assess their performance and identify potential enhancements. 

Meanwhile, for Dataset 2, we will focus on leveraging the power of combining multiple models to 

achieve even better results. 
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