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Abstract: This paper presents the development and implementation of an intelligent system for predicting the risk of 

diabetes spread using machine learning techniques. The core of the system relies on the analysis of the Pima Indians 

Diabetes dataset through k-nearest neighbours (k-NN), Random Forest, Logistic Regression, Decision Trees and 

XGBoost algorithms. After pre-processing the data, including normalization and handling missing values, the k-NN 

model achieved an accuracy of 77.2%, precision of 80.0%, recall of 85.0%, F1-score of 83.0% and ROC of 81.9%. The 

Random Forest model achieved an accuracy of 81.0%, precision of 87.0%, recall of 91.0%, F1-score of 89.0% and ROC 

of 90.0%. The Logistic Regression model achieved an accuracy of 60.0%, precision of 93.0%, recall of 61.0%, F1-score 

of 74.0% and ROC of 69.0%. The Decision Trees model achieved an accuracy of 79.0%, precision of 87.0%, recall of 

89.0%, F1-score of 88.0% and ROC of 83.0%. In comparison, the XGBoost model outperformed with an accuracy of 

83.0%, precision of 85.0%, recall of 96.0%, F1-score of 90.0% and ROC of 91.0%, indicating strong prediction 
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capabilities. The proposed system integrates both hardware (continuous glucose monitors) and software (AI-based 

classifiers) components, ensuring real-time blood glucose level tracking and early-stage diabetes risk prediction. The 

novelty lies in the proposed architecture of a distributed intelligent monitoring system and the use of ensemble learning 

for risk assessment. The results demonstrate the system's potential for proactive healthcare delivery and patient-centred 

diabetes management. 

 

Index Terms: Diabetes Prediction, Machine Learning, XGBoost, K-NN Algorithm, Blood Glucose Monitoring, 

Intelligent System, Healthcare AI, Ensemble Methods, Risk Assessment, Pima Dataset. 

 

 

1.  Introduction 

Information technologies today are the engine of development and evolution in many areas of human activity, from 

general-purpose systems to the sphere of critical technologies. The efficiency of the processes that they allow to automate 

depends on the quality and reliability of the use of software and hardware complexes. Systems of general-purpose 

information technologies include mass-operated systems, in particular, software systems that can be freely downloaded 

from marketplaces and installed locally on both mobile devices and users' computers. Critical systems include systems 

that have a direct impact on the life and health of people, the environment, etc. The implementation of information 

technologies in the field of medicine is especially relevant. They make it possible to analyse, monitor and predict the 

development of various diseases, improve the quality of life of patients, and also act as decision-making support systems 

for doctors when establishing a diagnosis. The current stage of human development is accompanied by the spread of 

diseases that tend to increase. Diabetes mellitus, cardiovascular diseases, strokes and heart attacks, Alzheimer's disease 

and multiple sclerosis, and cancers, which are mainly caused by genetics and lifestyle characteristics, geographical 

location of people, etc., are becoming widespread. Trends are observed regarding the increase in the number of patients 

to the scale of a pandemic analysing the spread of diabetes mellitus. Thus, according to forecasts of international 

organizations, there is a seven-fold increase in morbidity in 2045 compared to 2000, which is expressed in absolute terms 

as 700 million people compared to 145 million respectively. Given such disappointing indicators, the current task today 

is to build a comprehensive system for determining and predicting the development of diabetes mellitus.  

Modern technologies and artificial intelligence (AI) are opening up new horizons in the field of medical research 

and the treatment of chronic diseases such as diabetes. Diabetes is a severe disease characterized by metabolic disorders 

and high blood glucose levels, which can lead to various complications, including heart, kidney, nervous system and 

vision damage. Therefore, timely detection and prediction of the development of this disease is crucial to prevent its 

complications. The development of artificial intelligence methods, in particular machine learning and deep learning, opens 

up prospects for creating practical tools for predicting the development of diabetes. These methods allow the analysis of 

large amounts of medical data, including laboratory tests, clinical indicators, lifestyle information and genetic factors, to 

identify individuals at high risk of developing diabetes at an early stage. Monitoring blood glucose levels is a defining 

part of life for people with diabetes, so it is essential, first of all, to ensure the convenience and accuracy of monitoring 

glucose levels, automated data transfer to a central repository, and prediction of its development. 

Diabetes is generally categorized into three primary types: type 1, type 2, and gestational diabetes (which occurs 

during pregnancy). Type 1 diabetes is believed to result from an autoimmune response, where the body's immune system 

mistakenly attacks insulin-producing cells, leading to little or no insulin production. This type accounts for approximately 

5–10% of all diabetes cases and typically appears rapidly, most often in children and young adults. Individuals with type 

1 diabetes must take daily insulin to survive, and currently, there are no known prevention methods. Type 2 diabetes, the 

most common form – affecting 90–95% of people with diabetes – occurs when the body becomes resistant to insulin or 

fails to use it effectively. It develops gradually over time and is usually diagnosed in adults. Since early symptoms may 

be mild or absent, regular screening is essential, especially for those at risk. Type 2 diabetes can often be prevented or 

delayed by maintaining a healthy weight, following a balanced diet, and engaging in regular physical activity. Gestational 

diabetes develops during pregnancy in women who did not previously have diabetes. Although it typically resolves after 

childbirth, it increases the mother's long-term risk of developing type 2 diabetes. 

Additionally, children born to mothers with gestational diabetes have a higher likelihood of obesity and diabetes 

later in life. Risk factors for type 1 diabetes are less well defined but include a family history of the disease and younger 

age at onset, typically during childhood, adolescence, or early adulthood. Type 2 diabetes risk factors include being 

overweight, aged 45 or older, having a family history of the condition, being physically inactive, having prediabetes, or 

having a history of gestational diabetes. Fortunately, type 2 diabetes can often be avoided or postponed through proven 

lifestyle adjustments. 

Given the increasing prevalence and risks associated with all types of diabetes, there is a pressing need to develop a 

comprehensive system that combines both hardware and software solutions. Such a system should facilitate continuous 

data collection, management, and predictive analysis to monitor and support diabetes prevention and care. 

The research purpose is to study the methods, software, and hardware used to process data in blood sugar monitoring 

systems. The object of the research is the processes of data collection and accumulation, as well as forecasting the 
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development of diabetes mellitus. The subject of the study is the methods and means of data accumulation and forecasting 

the development of diabetes mellitus. The following tasks are set in the master's qualification work to achieve this goal: 

 

• analyse scientific publications on factors influencing the development of diabetes mellitus;  

• investigate existing software and hardware and other solutions for detecting and regulating the level of glucose 

in human blood, accumulating and processing such data;  

• propose an architecture and possible ways to implement a software and hardware system for collecting, 

accumulating and predicting blood glucose levels; 

• create models and algorithms for predicting the development of diabetes mellitus based on existing open data;  

• implement software to predict the development of diabetes mellitus.  

 

When solving the tasks of the qualification work, the following methods and tools were used: analysis and 

generalization - when analysing statistical data on the incidence of diabetes mellitus and choosing ways to implement a 

blood sugar monitoring system; set theory and machine learning methods – when formalizing and building a conceptual 

model of the distributed architecture of the monitoring system and when predicting the development of diabetes mellitus; 

design and programming – when implementing a software model for predicting the development of diabetes mellitus; 

experiment and measurement – when assessing the accuracy of the prediction results and identifying factors with the most 

significant impact on the development of diabetes mellitus. This work focuses on the use of machine learning methods to 

predict the risk of developing type 2 diabetes mellitus based on the Pima Indians Diabetes dataset. The object of the work 

is the Pima Indians Diabetes dataset. The goal of the work is to develop and train a k-nearest neighbour (k-NN) model 

that is able to classify individuals accurately by the level of risk of developing diabetes. It is necessary to perform to 

achieve this goal:  

 

• comprehensive data cleaning, including missing value filling and data normalization, to ensure the reliability of 

the results;  

• optimize the model hyperparameters to find the best value for the number of neighbours for k-NN that 

maximizes the prediction accuracy;  

• determine and analyse the leading performance indicators of the model, such as the error matrix, precision, 

completeness, F1 score, ROC-curve, and AUC score. It will allow us to evaluate the model’s ability to correctly 

classify cases with high and low risk of developing diabetes.  

 

The scientific novelty of the obtained research results lies in the following:  

 

• For the first time, algorithms for the functioning of a glucometer and a global information system for managing 

medical data were proposed, which together constitute a system for 24-hour monitoring and management of the 

patient's blood glucose level, which makes it possible to ensure the collection, processing and prediction of the 

appearance or development of diabetes mellitus.;  

• For the first time, a conceptual model of a distributed architecture of a data collection and processing system for 

monitoring blood sugar levels has been constructed and mathematically presented, which includes a set of local 

and central control nodes and allows for the exchange of messages and the prediction of the development of the 

disease.  

 

The implementation of the proposed solution for the use of software and hardware in the implementation of blood 

sugar monitoring systems allows for 24-hour monitoring and prediction of the potential occurrence and development of 

diabetes. The relevance of the work lies in the need to optimize medical care, improve the quality of life of patients, and 

reduce the economic burden associated with the treatment and complications of diabetes. The use of AI for diabetes 

prediction can significantly improve the processes of diagnosis, monitoring, and treatment, contributing to the transition 

from reactive treatment to a proactive and personalized approach in medicine. This work is aimed at studying data and 

developing an artificial intelligence model that will allow the prediction of the development of diabetes with high accuracy 

based on the analysis of various patient data. The results can be used to develop new clinical recommendations and 

strategies for managing the risk of developing diabetes. 

2.  Related Works 

2.1.  Basic Principles of Diabetes 

Diabetes mellitus (DM) is one of the most commonly diagnosed diseases in the world. According to the International 

Diabetes Federation, more than 439 million people will be diagnosed with diabetes by 2030. Approximately 2–5 million 

patients die from DM each year. Diabetes mellitus is one of the most significant global health challenges. According to 

the World Health Organization, the number of people with diabetes has increased rapidly from 108 million in 1980 to 

more than 422 million in 2014 [1]. This number is projected to continue to increase, especially in developing countries. 
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Diabetes mellitus significantly increases the risk of developing serious complications, reduces quality of life and increases 

mortality. The main factors contributing to the increase in morbidity include an ageing population, increasing obesity, 

and lifestyle changes such as insufficient physical activity and an unbalanced diet [2]. An essential part of fighting the 

diabetes epidemic is raising awareness about the risk factors and the importance of early detection. Despite the high 

prevalence of the disease, no practical method has yet been proposed to reduce its incidence, although various methods 

are currently used to treat and control the disease. Almost all the foods we eat are broken down into sugar (called glucose) 

and released into the bloodstream. When blood glucose levels rise, this signals the pancreas to secrete insulin. It acts as a 

key for the sugar in the blood to enter the cells of your body to be used as energy. If you have diabetes, it means that your 

body does not produce enough insulin or does not use it properly. When there is not enough insulin or the cells stop 

responding to insulin, too much blood sugar remains in the blood. People with diabetes are at high risk of developing 

diseases such as heart disease, kidney disease, stroke, eye problems, nerve damage, and more. It is reportedly the fourth 

leading cause of death in most human societies. 

Diabetes mellitus is divided into three main types: type 1 diabetes, type 2 diabetes, and gestational diabetes [3]. Type 

1 diabetes occurs when the body’s immune system destroys the insulin-producing cells in the pancreas. This type of 

diabetes is most commonly diagnosed in children and young adults but can develop at any age. Type 2 diabetes, which 

accounts for approximately 90–95% of all cases, usually develops in adults and is associated with insulin resistance and 

insufficient insulin production. Gestational diabetes can occur in women during pregnancy and usually resolves after 

delivery, but increases the risk of developing type 2 diabetes later in life. These types of diabetes have different causes 

and treatments, emphasizing the need for accurate diagnosis and an individualized approach to each patient.  

Type 2 diabetes is the most common type of diabetes. It has multiple risk factors that can influence its development. 

Genetics plays a significant role. However, genetic factors interact with a number of environmental factors, including 

lifestyle. Physical inactivity and being overweight significantly increase the risk of developing the disease. Other factors 

include age and ethnicity. Diet is also an essential factor: high-calorie foods rich in simple carbohydrates and saturated 

fats can contribute to insulin resistance [4]. Understanding these factors allows us to more effectively identify individuals 

at high risk of developing diabetes and to take preventive measures: 

 

• Genetics, such as having a first-degree relative with diabetes, significantly increases the risk of developing the 

disease. Heredity plays a key role in the predisposition to type 1 and type 2 diabetes. Genetic mutations can 

affect the body's ability to produce or use insulin;  

• Lifestyles, such as physical inactivity and unhealthy eating habits, are important risk factors. Regular exercise 

and a healthy diet can significantly reduce the risk of developing type 2 diabetes. On the other hand, high levels 

of sugar and fat intake increase the likelihood of developing diabetes and its subsequent complications;  

• Obesity, as excess weight, especially abdominal fat, causes insulin resistance, which is a significant factor in the 

development of type 2 diabetes. Weight management can significantly reduce the risk of developing diabetes;  

• Age, in particular, the risk of developing diabetes increases with age, especially after the age of 45. It is due to 

decreased physical activity, decreased muscle mass, and changes in metabolic patterns;  

• Ethnicity, for example, some ethnic groups, such as African Americans, Hispanics, and South Asians, are at 

higher risk of developing diabetes. It may be due to genetic factors, as well as cultural factors and access to 

healthcare.  

 

If you have any of the following symptoms of diabetes, see your doctor about testing your blood sugar: passing a lot 

of urine, often at night; feeling very thirsty; losing weight without trying; feeling very hungry all the time; having blurred 

vision; having numbness or tingling in your hands or feet; feeling very tired; having dehydrated skin; having sores that 

heal slowly; – having more infections than usual. There is no cure for diabetes yet, but losing weight, eating a healthy 

diet, being active, and getting your diabetes diagnosed early can really help. Diabetes can lead to many serious 

complications that not only affect the quality of life of patients but can also be life-threatening. The importance of early 

detection is to prevent or minimize these complications:  

 

• Cardiovascular diseases, in particular diabetes, significantly increase the risk of developing cardiovascular 

diseases, such as coronary artery disease, myocardial infarction, and stroke. High blood glucose levels can 

damage the inner lining of blood vessels, contributing to atherosclerosis. These conditions complicate blood 

circulation and can ultimately lead to serious cardiac events that require immediate medical attention;  

• Diabetic neuropathy is damage to nerve fibres throughout the body, which most often affects the lower 

extremities. Symptoms include pain, tingling, and loss of sensation, which significantly reduces quality of life 

and increases the risk of injury due to loss of sensation. In severe cases, neuropathy can lead to foot deformity, 

requiring orthopaedic intervention;  

• Diabetic retinopathy is one of the leading causes of vision loss among people of working age. High blood sugar 

levels damage the small blood vessels in the retina, which can lead to bleeding, scarring, and, ultimately, retinal 

detachment. Regular eye exams and timely treatment with laser or other methods can help prevent vision loss;  

• Kidney failure, particularly diabetes, is one of the leading causes of chronic kidney failure. High glucose levels 

gradually damage the kidneys, particularly the filtering structures, which can eventually lead to the need for 

dialysis. Early detection of changes in kidney function and aggressive management of blood sugar and blood 
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pressure can prevent or delay progression to end-stage kidney disease;  

• Diabetic foot is a serious complication that involves nerve damage and poor circulation in the feet, which can 

lead to infections, ulcers, and even amputations. Diabetic patients should regularly check their feet for injuries, 

cracks, or ulcers and use special footwear to prevent injuries. Early treatment of infections and timely surgical 

intervention for ulcers can prevent more serious consequences.  

 

Regular monitoring of blood glucose levels, adherence to diet, physical activity and proper medication are key 

aspects of treatment. In addition, regular consultations with doctors and other health professionals allow you to detect any 

changes in your health in time and adjust therapy. It is also essential to pay attention to your psycho-emotional state, as 

stress and depression can negatively affect the course of the disease.  

Adequate control of diabetes requires an integrated approach that includes medication, lifestyle changes, regular 

self-monitoring, and patient education. Medication is the mainstay of treatment for type 1 diabetes, where patients require 

insulin because their bodies cannot produce it. Insulin is administered by injection or with insulin pumps, allowing for 

precise control of blood sugar levels. For type 2 diabetes, different classes of blood glucose-lowering drugs are used, such 

as metformin, sulfonylureas, insulin, and others [5]. It is crucial to tailor treatment to each patient, taking into account 

their overall health, age, lifestyle, and other medical conditions. Lifestyle changes include recommendations for a healthy 

diet and physical activity. A healthy diet for people with diabetes includes limiting simple carbohydrates, increasing fibre, 

and balancing protein and fat intake. Physical exercise helps maintain a healthy weight, improve insulin resistance, and 

improve overall health. At least 150 minutes of moderate aerobic exercise per week is recommended. Patients with 

diabetes should regularly monitor their blood glucose levels using glucometers. It allows patients to track the effects of 

diet, physical activity, medications, and stress on glucose levels. 

Regular self-monitoring is critical to avoiding hypo- and hyperglycaemic states, which can be dangerous [5]. It is 

also essential that patients are well-educated about all aspects of their condition, including how to manage their diabetes, 

how to recognize and treat hypo- and hyperglycaemia, and how to prevent complications. Effective diabetes education 

programs can include individualized education, group classes, and seminars, as well as educational materials and online 

resources. Psychological support is an important aspect. A diagnosis of diabetes can cause emotional distress. Mental 

health support is an essential component of comprehensive care for people with diabetes. It may include access to 

psychological counselling, support groups, and other resources to help manage stress and emotions. 

2.2.  The Role of Artificial Intelligence in Medicine 

AI in medicine has deep roots, dating back to the mid-20th century when the concepts and algorithms that gave rise 

to this field were first developed. Early research focused on creating systems that could mimic the clinical thinking of 

doctors. One of the first known systems was the MYCIN program [6], developed in the 1970s at Stanford University. 

MYCIN used rules to diagnose infectious diseases and recommend antibiotic treatment, although it was never used in 

clinical practice due to the limitations of the technology at the time. With the advent of more powerful computers and the 

development of machine learning, AI began to be integrated into medicine with new force. In the 1980s and 1990s, 

numerous diagnostic and navigation systems were created based on artificial intelligence, helping medical professionals 

make decisions based on large amounts of data. These systems used knowledge bases filled with data about symptoms, 

treatments, and patient feedback [7]. The current stage of AI in medicine is characterized by the use of sophisticated deep-

learning algorithms that can analyse medical images, interpret medical records, and even predict potential medical 

conditions based on genetic information. For example, deep learning systems such as those developed by Google Health 

and DeepMind have demonstrated the ability to detect diabetic retinopathy and other eye diseases at the same or even 

better than trained professionals [7]. The value of AI in medicine continues to grow due to its ability to process and 

analyse large amounts of data faster and more accurately than humans can. It not only increases the efficiency of medical 

research and diagnostic procedures but also contributes to the development of personalized approaches to treatment, 

opening up new opportunities for the prevention and treatment of diseases at the individual level.  

AI is revolutionizing medicine, particularly through the introduction of advanced technologies and tools that improve 

the diagnosis, treatment, and monitoring of diseases. The application of AI in medicine encompasses a wide range of 

technologies, each with its characteristics and areas of application. Machine learning is one of the main components of 

AI in medicine. It includes algorithms that can learn from experience without being explicitly programmed for each task. 

In medicine, machine learning is used to analyse large amounts of data, from laboratory test results to medical records. 

These algorithms are able to identify patterns and abnormalities that may not be obvious to the human eye. Deep learning, 

a subcategory of machine learning, involves models that mimic the structure and functioning of the human brain using 

artificial neural networks. It is beneficial for processing and analysing medical images, such as X -rays, MRIs, or 

ultrasounds. Deep learning can detect subtle pathological changes in images that may indicate early stages of diseases 

such as cancer or heart disease. Natural language processing (NLP) is used to analyse medical records, transforming 

unstructured medical information into a structured form that can be easily interpreted and used  to support clinical 

decisions. NLP can help identify trends in symptoms, treatments, and outcomes and standardize records for further 

analysis. Computer vision is another crucial AI tool used to identify, classify, and quantify images. In medicine, it can be 

used to automatically detect abnormalities in medical images, enabling faster and more accurate diagnoses. Robotic 

surgery, while not a purely software aspect of AI, uses machine learning algorithms to control surgical instruments, 

allowing for more precise surgeries with smaller incisions. It helps patients recover faster and reduces complications. 
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Overall, these technologies and tools are creating the basis for new approaches in medicine, increasing the efficiency of 

diagnostics and treatment, and providing more personalized healthcare. Artificial intelligence has the potential to radically 

change medical practice, making it more accurate, efficient and accessible. Disease prediction and diagnosis using AI 

opens up new possibilities for medical science. AI can significantly improve the accuracy of diagnostic procedures and 

the ability to predict the future development of patient health based on the analysis of vast data [8]:  

 

• diagnostic accuracy, for example, AI uses machine learning algorithms to analyse medical images such as X-

rays, MRIs, and ultrasound scans. Deep learning systems, especially convolutional neural networks, are effective 

at recognizing pathological changes in medical images that are often missed by the human eye. AI algorithms 

can detect minimal deviations from the norm, which allows for the diagnosis of diseases at an early stage; 

• disease risk prediction, for example, artificial intelligence models use a patient’s medical history, genetic 

information, and lifestyle habits to predict the likelihood of developing diseases such as diabetes, heart disease, 

and cancer. The use of biomarkers, such as biochemical indicators in the blood, contributes to the accurate 

determination of risk. Predictive models allow the identification of individuals at high risk of developing a 

disease before symptoms appear, which can increase the effectiveness of preventive measures; 

• early detection and intervention, for example, through the analysis of medical data, AI allows the detection of 

minimal changes in health that may indicate the onset of a disease. Early intervention based on AI data can 

include recommendations for changes in diet, exercise, or medication. Predicting serious complications in 

chronic patients (for example, predicting hypoglycaemic states in patients with diabetes) can help avoid life-

threatening situations; 

• Optimization of health care, in particular, AI contributes to a more efficient allocation of medical resources, 

such as determining the need for specialized examinations or interventions. Automation of routine diagnostic 

procedures reduces the burden on medical staff and shortens waiting times for patients. With the help of AI, it 

is possible to analyse the effectiveness of different treatment methods and choose the most effective ones based 

on large volumes of clinical data. 

 

It opens up new possibilities for medicine, making the processes of prediction and diagnosis not only faster but also 

more accurate, leading to improved overall quality of healthcare, reduced costs, and better outcomes for patients. 

Personalized medicine, often referred to as data-driven medicine or precision medicine, is seen as the future of healthcare. 

This approach uses detailed analysis of each person’s genetic information, biomarkers, and other characteristics to develop 

individualized treatment and prevention plans [9]. Here are some more details about the prospects and future of 

personalized medicine:  

 

• ndividualized treatment plans, in particular, the use of artificial intelligence in personalized medicine, allows 

doctors to better understand how different factors, such as a patient’s genetic profile, can affect a disease and its 

treatment. It leads to the development of more effective treatment plans that can reduce the risk of side effects 

and improve treatment outcomes;  

• Genomics and pharmacogenetics, for example, AI helps analyse vast amounts of genomic data to identify 

mutations that affect the risk of developing diseases. Such analysis can also indicate how a patient will respond 

to certain drugs, thereby allowing for the selection of the most effective drugs without unnecessary trial and 

error;  

• Predicting treatment responses based on the use of machine learning to predict treatment responses, which 

changes approaches to patient management. AI models can predict how likely patients are to respond to 

treatment with certain drugs, allowing for individual sensitivity to drugs or the likelihood of resistance;  

• Bioinformatics and data integration, in particular, personalized medicine, requires the integration of diverse data, 

including genetic, biomedical, epidemiological and clinical data. Bioinformatics plays a key role in combining 

these data into holistic models that allow for deeper analysis of the relationships between different types of 

information and increase the accuracy of medical predictions;  

• Ethical and legal challenges based on the implementation of personalized medicine also face ethical and legal 

challenges, in particular, issues of confidentiality and access to genetic information. It requires the development 

of new regulatory frameworks that would protect patients' rights and, at the same time, promote scientific 

research;  

• The future and innovation, in particular, the prospects for personalized medicine look promising given the rapid 

development of biotechnology and artificial intelligence. In the future, it is possible to create even more accurate 

tools for monitoring and treating diseases at the individual level, which will change medical practice;  

• Interaction with patients and healthcare professionals, such as the increasing adoption of personalized medicine, 

requires a new level of interaction between patients and doctors. Healthcare professionals need new skills to 

interpret complex data and to communicate with patients about their health based on genetic information and 

individual risks.  

 

These aspects demonstrate that personalized medicine has the potential to radically change medical practice, making 

treatment more targeted and effective while creating new challenges and opportunities for medical science and practice.
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2.3.  Artificial Intelligence and Diabetes 

Using AI to identify diabetes risk could revolutionize prevention and early diagnosis. It is possible thanks to 

advanced machine learning algorithms that analyse large datasets and identify potential risks before symptoms appear [9]. 

AI algorithms are used to analyse genetic data to identify markers associated with an increased risk of diabetes. These 

genetic markers can include mutations or gene variants that have been linked to diabetes in scientific studies. Risk factor 

screening: Algorithms can analyse a wide range of risk factors, such as age, weight, family history, physical activity levels, 

eating habits, and pre-existing medical conditions such as hypertension or metabolic disorders. Previous medical 

outcomes: Using AI to analyse a patient’s historical medical data, including blood glucose and haemoglobin A1c test 

results, which may indicate an earlier risk of developing diabetes. Lifestyle analysis: AI can process lifestyle data collected 

through mobile apps and other sources to determine how daily habits may affect the risk of developing diabetes. For 

example, low physical activity and a high-calorie diet are known risk factors. Risk modelling – modern AI technologies 

can model different scenarios based on the data provided to help predict future health outcomes based on current trends 

and changes in patient behaviour. The availability of AI tools in medicine, particularly in the diagnosis and treatment of 

diabetes, is a critical issue affecting global health. Despite the significant potential of AI to improve outcomes and reduce 

costs, there are a number of challenges that limit the widespread adoption of these technologies in clinical practice, 

especially in resource-limited settings [10]: 

 

• the cost of technology, in particular, one of the main barriers is the high cost of developing and implementing 

AI systems. Developing practical algorithms requires significant investments that not all healthcare institutions 

can afford;  

• the need for skilled professionals, in particular, the use and management of AI requires the availability of skilled 

professionals such as data engineers, analysts and health informatics, which are often in short supply, especially 

in developing countries;  

• data infrastructure, for example, the effective use of AI requires a reliable IT infrastructure to collect, store and 

process large amounts of data. In many regions, the necessary IT infrastructure is lacking, which limits the 

possibilities of using advanced analytical tools;  

• legal and ethical issues, in particular, the legislation governing the use of medical data and AI varies between 

countries, which can complicate international cooperation and technology exchange. In addition, there are issues 

of confidentiality and data misuse;  

• Educational barriers, such as healthcare professionals needing additional education and training to effectively 

use AI. The need for continuous education and retraining can be burdensome and require time and resources;  

• implementation in clinical practice, in particular, the integration of AI into clinical practice requires clear 

evidence of effectiveness and safety. Clinical trials to validate AI tools can be lengthy and expensive;  

• acceptance of technologies, as there is scepticism from both patients and healthcare professionals about the use 

of AI, which can affect the acceptance and implementation of new technologies. Fears about the loss of personal 

contact between doctor and patient may also play a role;  

• adaptation of technologies, i.e. the need to adapt existing AI systems to local conditions and needs, can be 

complex. Cultural, linguistic and demographic differences require individualized approaches;  

• technical limitations, for example, AI tools may have limitations due to insufficient accuracy, problems with 

data collection, or insufficient ability for general adaptation.  

 

Overcoming these challenges requires a concerted effort by governments, education, healthcare and the technology 

industry to create accessible, effective and safe AI tools that can improve the treatment and diagnosis of diabetes globally. 

Data collection and analysis are critical steps in the process of using AI to predict the development of diabetes. It is a 

process that requires high precision and care because the effectiveness of further analysis and the accuracy of predictions 

depends on the quality of the data collected [10, 11]. In the beginning, it is necessary to determine which data sources 

will be most relevant for the study. These can be medical records, laboratory test results, patient lifestyle data, as well as 

information from wearable devices that monitor health:  

 

• data collection after data sources have been identified should be systematic and standardized to ensure 

consistency and reproducibility of results;  

• data quality verification, in particular, is critical to ensure that the data used is accurate, complete, and up-to-

date. Incomplete or inaccurate data can lead to errors in prediction and analysis;  

• Data normalization, as different sources may provide data in different formats, is necessary for their integration. 

It includes unifying measurement scales, converting data to a standard format, and resolving data incompatibility 

issues;  

• handling missing values, as missing data is a common problem in health data. It is vital to identify techniques 

for handling these gaps, such as imputation based on existing data;  

• identifying and handling outliers that may distort the results of analysis and prediction. It is essential to identify 

and adequately handle outliers so that they do not affect the overall conclusions; 
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• modelling based on the use of machine learning algorithms to develop predictive models. This process includes 

training, testing, and validating models on collected data;  

• evaluating the model using metrics such as accuracy, sensitivity, specificity, and area under the ROC curve;  

• iterating and optimizing to fine-tune parameters and select the best algorithms for specific data.  

 

Integrating AI into healthcare is a complex process that requires careful consideration of regulatory, technical, 

educational, and ethical aspects. Regulatory regulation plays a critical role in ensuring the safety and effectiveness of AI-

based medical products. It includes certifying new technologies to ensure that they meet quality and safety standards. It 

is also necessary to ensure that AI-based systems meet all privacy and data confidentiality requirements established in the 

healthcare industry [12]. Technical integration requires compatibility of AI with existing IT systems in hospitals, which 

can be a challenge due to the heterogeneity and obsolescence of some systems. It includes integration with electronic 

medical records, laboratory systems, and portable medical devices. It is also essential to ensure a high level of data 

protection to prevent unauthorized access and other data integrity risks. Professional training of healthcare professionals 

is a necessity for practical work with new technologies. Doctors and nurses need to be provided with appropriate training 

to ensure they understand the capabilities of AI, as well as the skills to interpret and use the results that these systems 

offer. Healthcare professionals must be able to integrate this data into the clinical context and make informed decisions 

based on it [12]. In addition to the technical and educational aspects, it is also essential to consider the ethical aspects 

associated with the use of AI in clinical practice. These include issues of confidentiality, informed consent of patients, 

and the potential impact of algorithmic errors on the health and well-being of patients. Taking these aspects into account 

is key to building trust and acceptance of AI in medicine. 

Healthcare is always a big issue for any nation, and it is always a challenging task. The best indicator of the health 

of a country is the condition of the residents living there. Improving the healthcare system can directly lead to economic 

growth as a healthy person can prove to be a great asset to the nation and can effectively function in the workforce 

compared to an unhealthy person. Healthcare is the unification and integration of all the measures that can be taken to 

improve the healthcare system. Healthcare is about prevention, diagnosis and treatment. Improving healthcare should be 

a top priority. Using technology to improve healthcare has proven to be very beneficial. In hospitals today, diagnosing 

diabetes involves conducting a range of medical tests to gather essential information, which then guides the selection of 

appropriate treatment. Big Data Analytics has become increasingly important in the healthcare sector, where vast amounts 

of patient data are generated and stored. By applying big data techniques, healthcare professionals can analyze extensive 

datasets to uncover valuable insights, detect hidden patterns, and extract meaningful knowledge that supports accurate 

predictions and informed decision-making. Machine learning, in particular, offers powerful tools for the prevention, early 

detection, and treatment of a wide range of diseases. 

Machine learning and data processing technologies are the best sources for improving the healthcare system. Manual 

detection or diagnosis done by doctors is time-consuming and inaccurate. Machines that are built to learn to detect diseases 

through machine learning and data mining can diagnose the problem better, and that too with high accuracy. Machine 

learning can not only prove helpful in analysing and predicting the disease. Still, it can also be useful in personalized 

treatment and behaviour modification, drug development and discovery of new patterns leading to new drugs and 

treatments, and clinical trial research. With the help of machine learning, we can do all these in a better way. Machine 

learning is considered one of the most critical functions of artificial intelligence that supports the development of computer 

systems that can learn from past experiences without the need to be programmed for each case. Machine learning is 

considered to be a pressing need in today’s situation, with the aim of eliminating human efforts by supporting automation 

with minimal flaws. The existing method of detecting diabetes is the use of laboratory tests such as fasting blood glucose 

and oral glucose tolerance. However, this method is laborious. We live in an era where data is generated exponentially, 

leading to the accumulation of huge data. Especially in the healthcare industry, the availability of data is large, but the 

need to extract knowledge from it is also significant; otherwise, the collection of big healthcare data will be useless if it 

is not used. Data mining and machine learning help to find helpful information that can be further widely used. In the 

healthcare industry, data mining and machine learning can be used to improve patient care, best practices, effective patient 

treatment, fraud detection, and more accessible healthcare services. Data mining can also be used to detect a plague 

outbreak earlier (prediction) by observing the trends in the symptoms/complaints of patients. Different prediction models 

have been developed and implemented by other researchers using variants of data mining methods, machine learning 

algorithms or also a combination of these methods [13]. In a study [14], a system using Hadoop and Map Reduce methods 

was implemented to analyse diabetic data. This system predicts the type of diabetes as well as the associated risks. The 

system is Hadoop-based and is cost-effective for any healthcare organization. In a study [15], the author used a 

classification technique to learn hidden patterns in a diabetes dataset. This model used naive Bayes and decision trees. 

The performance of both algorithms was compared, and their effectiveness was demonstrated. 

In a study [16], a classification technique was used. The authors used the C4.5 decision tree algorithm to find hidden 

patterns from the dataset for efficient classification. In the study [17], an artificial neural network (ANN) was used in 

combination with fuzzy logic to predict diabetes. In [18], a hybrid prediction model was proposed, which includes a 

simple K-means clustering algorithm followed by a classification algorithm based on the result obtained from the 

clustering algorithm. The C4.5 decision tree algorithm is used to build the classifiers. In [19], a model using the Random 

Forest Classifier was proposed to predict the behaviour of diabetes. In [20], the C4.5 decision tree algorithm, neural 

network, K-means clustering algorithm, and visualization were used to indicate diabetes. 
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We propose to consider predicting the probability of diagnosing diabetes in the early stages using an ensemble 

machine learning method – XGBoost implemented in the Python programming language.  

3.  Material and Methods 

3.1.  Analysis of Statistics and Factors Influencing the Development of Diabetes Mellitus 

Diabetes mellitus is a chronic metabolic disease characterized by elevated blood glucose levels due to absolute or 

relative insulin deficiency [21]. According to the International Diabetes Federation, as of 2022, 537 million adults aged 

20–79 years are currently living with diabetes worldwide. It is expected that by 2030, their number will increase to 643 

million [22]. The global nature of the problem of increased incidence of diabetes mellitus has formed a complex medical 

and social situation, which is acquiring the characteristics and nature of a pandemic. Given the global trend towards the 

detection and spread of diabetes mellitus, this trend is also observed in Ukraine. In particular, over the past decade and a 

half, we have observed an increase in the prevalence of this disease by more than fifty per cent, and the number of cases 

has increased by more than 80%. Diabetes treatment aims to help people with this disease achieve near-normal glycemic 

levels to reduce the risk of long-term (e.g. vascular) complications while avoiding acute metabolic risks and maintaining 

the best quality of life. There are different types and stages of the disease. For example, type 1 diabetes is caused by an 

autoimmune reaction in which the human body damages the cells that are responsible for insulin. It affects its insufficiency 

and disruption of the body's functions. The probable cause of the development of diabetes is a specific structure at the 

gene level. At the same time, environmental factors, viral infections and immune system disorders are triggers that 

stimulate the development of diabetes [23]. A key factor in achieving reasonable glycemic control is self-management of 

the condition. Individuals with diabetes should [24-27]: 

 

• control carbohydrate intake through food choices, an adaptation of eating behaviour to glycemic load;  

• adhere to the principles of healthy eating;  

• manage blood glucose levels using glucose-lowering drugs;  

• monitor sugar levels using traditional blood tests or computer systems with appropriate sensors;  

• provide physical activity to optimize glycemia and control body weight;  

• organize activities in accordance with current glycemia levels and treatment requirements recommended by 

doctors. 

 

If rapid-acting insulin is used (to cover elevated glucose levels after meals), assessing carbohydrate load, adjusting 

insulin dose, and correcting elevated glucose levels are additional necessary practices of daily diabetes self-monitoring. 

Ongoing or repeated episodes of high blood glucose (hyperglycemia) significantly increase the likelihood of 

developing serious long-term complications related to diabetes, such as diabetic retinopathy, neuropathy, and nephropathy, 

often accompanied by diabetic foot syndrome. Poor glycemic control is also linked to a heightened risk of acute metabolic 

events, including severe hypoglycemia and extreme hyperglycemia, which may lead to conditions like ketoacidosis or 

hyperosmolar coma [27–28]. Therefore, consistently engaging in effective self-management behaviours aimed at 

achieving stable blood glucose levels is essential for preserving health and minimizing the risk of complications and 

disease progression [29–30]. Nevertheless, research indicates that many individuals with diabetes have room for 

improvement in their self-care practices. It is especially relevant for patients who also experience mental health challenges, 

such as depression or diabetes-related emotional distress, which can further hinder effective self-management [31]. Given 

that self-care plays a central role in influencing diabetes outcomes, monitoring individual behaviours to identify gaps and 

offering targeted support may be a valuable addition to everyday clinical care. Evaluating self-management in individuals 

with diabetes is especially important when glycemic control remains consistently poor, as it helps to identify underlying 

issues and potential risks. Such assessments may also be necessary in research settings to explore factors that support 

improved diabetes care – such as psychosocial influences [32] – or to measure the effectiveness of specific interventions, 

such as diabetes self-management education programs. A key element in supporting self-management is the use of 

accessible and reliable tools for monitoring blood glucose levels. A systematic review of existing instruments for assessing 

diabetes self-care revealed a wide variety of tools developed for this purpose. However, many of these tools have been 

applied in only a small number of studies, and their psychometric properties have not been thoroughly tested. As a result, 

only a few available scales meet the rigorous standards recommended by experts. These issues limit the applicability of 

existing measurement tools. In 2013, the Diabetes Self-Management Questionnaire was introduced to provide a 

multifactorial assessment of diabetes behaviour, which plays a vital role in glycemic monitoring in the significant types 

of diabetes. 

In direct comparisons, the DSMQ explained significantly more variation in glycemic control than the established 

standard self-management scale [33]. It has since been translated into multiple languages and used in many studies, 

confirming its potential value for research and practice. A recent systematic review identified the DSMQ as one of three 

diabetes self-management scales that meet the COSMIN guidelines for instruments that can be recommended for use and 

that produce results that are reliable [34-35]. However, technological innovations such as continuous glucose monitoring 

and automated insulin delivery have changed the timing and pathways of diabetes care [36-44]. In addition, an instrument 



Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning 

Volume 17 (2025), Issue 3                                                                                                                                                                          99 

that meets the requirements set by the organization [27] should better capture some specific aspects of self-management. 

According to [32], in Ukraine, there is currently no possibility of building a comprehensive system for analysing and 

forecasting the trend of diabetes incidence since there are no organizational mechanisms and technical means for forming 

and processing statistics on the development of diabetes and mortality from this disease.  

3.2.  Analysis of Existing Types of Devices for Measuring Blood Sugar Levels 

Regularly checking your blood glucose (sugar) levels is the only reliable method to determine whether your levels 

are within a healthy range. Most people cannot accurately sense their blood sugar levels based on physical symptoms 

alone, so proper testing is essential. It is achieved through various specialized devices. 

 

• A compact device Glucometer that requires a small drop of blood, typically taken from the fingertip and placed 

on a test strip. The device then calculates the glucose concentration in the blood. 

• The Flash Glucose Monitoring (FGM) method utilizes a sensor worn on the back of the upper arm. It 

continuously collects glucose data and transmits it to a dedicated reader or smartphone app, eliminating the need 

for finger pricks. It provides 24/7 monitoring, helping users track trends throughout the day and night. 

• A continuous Glucose Monitoring (CGM) sensor is inserted under the skin to measure glucose levels 

continuously. CGM is particularly beneficial for individuals with unstable blood sugar control. The average 

annual cost, including sensors and maintenance, is approximately $5,000. For example, in Australia, the 

National Diabetes Services Scheme (NDSS) subsidizes CGM and FGM devices, as well as related diabetes care 

supplies like syringes, test strips, and insulin pump components. 

• Ketone Testing is primarily recommended for individuals on insulin therapy. Ketone testing helps detect the 

presence of ketones, which can indicate severe metabolic conditions:  

 

o Urine ketone strips change colour based on the ketone concentration in the urine. 

o Blood ketone meters function similarly to glucometers, offering more precise measurements.   

 

Glucose meters may malfunction or produce inaccurate results due to Device ageing, Exposure to moisture, heat, or 

dirt, Low or depleted batteries, Expired test strips, Incorrect meter calibration codes, Incompatible or improperly inserted 

test strips, Insufficient blood samples, Contaminants like sugar on fingertips before testing. To ensure reliable results, 

always follow the manufacturer’s instructions. Hands should be washed thoroughly with soap and water and then dried 

before testing to prevent contamination. Additional Considerations: 

 

• CGM sensors must be replaced weekly and inserted in a new location on the body. Periodic cross-checks with 

traditional fingerstick methods are recommended to verify CGM accuracy. 

• Flash glucose monitors should only be applied to clean, dry skin to ensure proper adhesion and performance. 

• Replacement batteries for diabetes-related devices are typically available at electronics stores, but users should 

always confirm the correct battery type and installation method.   

 

Diabetes can be diagnosed if the fasting blood glucose level is 126 mg/dL or higher. A typical fasting glucose test 

result is below 100 mg/dL. One of the main goals of diabetes treatment is to maintain blood glucose levels within a given 

target range. More than 400 million people worldwide live with diabetes, and they still suffer from the inconvenience of 

pricking their fingers several times a day to check their blood glucose levels. Various methods alternative to the finger 

prick method have been widely studied for determining blood glucose levels, including enzymatic or optical glucose 

sensors. However, they still have problems in terms of durability, portability, and accuracy. In a study [34], the research 

team introduced semi-continuous and continuous blood sugar monitoring with low maintenance costs without the pain of 

blood sampling, allowing patients to maintain quality of life through proper diabetes treatment and control. It is expected 

that the use of CGMS will increase, which currently stands at only 5%. The research team also conducted both an 

intravenous glucose tolerance test (IVGTT) and an oral glucose tolerance test (OGTT) with the sensor implanted in pigs 

in a controlled environment. According to the research team [34], the results of the initial in vivo proof-of-concept 

experiment showed a promising correlation between blood sugar levels and the frequency response of the sensor. The 

sensor demonstrates the ability to track blood sugar trends, and for actual implantation of the sensor, biocompatible 

packaging and foreign body reactions for long-term use need to be considered. In addition, an improved sensor interface 

system is under development. It should be noted that devices designed for continuous monitoring of blood sugar levels 

are currently practically not used in Ukraine, and only 5% of this type of equipment is used in the world. This is due to 

their cost and convenience for the patient. However, two types of glucometers are prevalent: invasive and non-invasive.  

A characteristic feature of non-invasive glucose measurement devices is that they do not damage the skin, and 

measurements can be performed more often than with traditional glucometers. However, the disadvantage of such devices 

is that the accuracy of their measurement can cause significant errors in the event of impaired blood supply, the presence 

of coarse skin or calluses, and the monitoring itself, which must be carried out up to seven times a day. The essence of 

the functioning of non-invasive glucose meters is the analysis of the state of blood vessels. That is, indirect measurements 

are not provided. In addition, several functional models calculate glucose concentration in the blood based on the analysis 

of the state of the skin. It is enough to ensure the device's contact with a part of the human body to do this. Optical methods 
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use different properties of light to interact with glucose depending on its concentration. The transdermal method involves 

measuring glucose levels through the skin using electrical pulses or ultrasound. Finally, thermal methods aim to measure 

glucose levels by detecting physiological parameters related to metabolic heat generation. Transdermal methods are 

affected by environmental changes, such as temperature and sweat [33], while the main limitation of optical technologies 

is that they depend on the properties of the matter being tested, such as skin colour [34]. MIR light only extends a few 

micrometres and can be used to analyse a blood sample. 

On the other hand, NIR light penetrates the biological environment deeper, up to several millimetres. NIR has the 

potential to be used for non-invasive or minimally invasive blood analysis, even if the glucose absorption is not as high 

as in the MIR region. The most common non-invasive methods are listed below. When using near-infrared spectroscopy, 

glucose gives one of the weakest absorption signals in this infrared range per unit concentration of the main component 

in the body. Measuring glucose levels using near-infrared spectroscopy allows for the investigation of tissue depths in the 

range of 1 to 100 millimetres, with a general decrease in penetration depth with increasing wavelength. Near-infrared 

radiation penetrates the earlobe, the web, and the cuticle of the fingers or is reflected from the skin. 

Another technology for noninvasive blood glucose monitoring is a spectroscope, which measures the absorption of 

far-infrared (FIR) radiation. It is part of the natural thermal spectrum and, with the appropriate device, allows the 

measurement of FIR absorption, which is present in natural thermal radiation or body heat. FIR spectroscopy is the only 

type of radiation technology that does not require an external power source. Raman spectroscopy measures scattered light, 

which is affected by the oscillations and rotations of the scattered light. Various Raman methods have been tested for 

blood, water, serum, and plasma solutions. Analytical problems include instability of the laser wavelength and intensity, 

errors due to other chemicals in the tissue sample, and long spectral acquisition times. [23] Photoacoustic spectroscopy 

uses an optical beam to rapidly heat the sample and create an acoustic pressure wave that can be measured with a 

microphone. The methods are also subject to the chemical effects of biological molecules, as well as the physical effects 

of changes in temperature and pressure. Glucose in the blood is responsible for providing the body with energy. For 

spectrophotometric experiments, Lambert's law of absorption notation is used and developed to express the absorption of 

light as a function of the concentration of glucose in the blood. 

3.3.  Program Operation Algorithm 

An algorithm is a set of instructions designed to perform a specific task. Therefore, the algorithm of the program 

operation is drawn up in the notation of an activity diagram (Fig. 1-2). According to this method, in order to conduct a 

preliminary diagnosis of diabetes in a person in the early stages, we need to run the software. After that, please work with 

the program itself, and the process of loading information from the database begins. The program analyses the information 

in the database, separating the columns into input (X - attributes) and output (Y - diagnosis) parameters. Next comes the 

process of dividing the data into training and test samples. Then, we create the XGBClassifier model and train it using 

training data. Now, we are ready to use the trained model to make a forecast using our test data. In order to determine the 

accuracy of the data, we compare our forecast with real values. In parallel with this process, we conduct testing. 

 

Run the software

Load information from the 
database

Separate columns into input and 
output parameters

Split data

Create an XGBClassifer model

Train the model using training 
data

Make a prediction based on the 
trained model on the test data

Determine the accuracy of the data by 
comparing the forecast with the actual 

value

Create  test

Fill in the information

Establish a diagnosis

Display data

  

Fig.1. Activity diagram of the program's operation algorithm 
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After opening the test, we fill in all the information necessary for making a diagnosis. This action can be seen in 

more detail in Fig. 2. After filling in the information, the data verification process begins. We check whether there are 

answers to all the questionnaire questions and whether the numerical answers are entered correctly. If not all the fields 

are filled in, then we fill in all the fields or the age is filled in with other symbols (age is the only numerical field in our 

program), then we write the age in numbers and return to the data verification process. If the data verification is successful, 

that is, we fill in all the fields and the age is filled in with numbers, our trained program makes a diagnosis. At the end, 

the diagnosis and the accuracy of our program data are displayed on the screen. It completes the method.  

 

Fill in the information

Verify data

Check digital answers
Answer all questionnaire 

questions
Write age in 

numbers
Fill in all fields

Identify the diagnosis

Fill in the information

Age filled with other symbols Not all fields are filled in.

 

Fig.2. Activity diagram decomposition 

Real-world pilot scenarios should be explored to evaluate the practical applicability of the proposed system in clinical 

settings. These may include integration with electronic medical records for continuous monitoring, deployment in family 

medicine clinics for primary screening, and patient-oriented mobile applications for self-assessment. Case studies in 

endocrinology clinics involving real patients can help validate the system's generalizability beyond the Pima Indian 

dataset and assess its behaviour with heterogeneous medical profiles. 

Table 1. Real-world application scenarios and case studies for testing the system in a clinical setting 

Name Script Purpose 

Primary screening in 

family medicine 

Family doctors use the system as a tool for pre-screening patients during 
annual check-ups. The patient enters basic clinical indicators (age, 

glucose level, BMI, blood pressure, etc.), and the system provides a 

probability of developing diabetes. 

Identification of high-risk individuals. 
Referral of such patients for in-depth 

diagnostics (HbA1c analysis, glucose 

tolerance test). 

Integration with 

electronic health 
records (EMRs) 

Integration of the model with medical information systems in hospitals or 

clinics. The algorithm automatically analyses the patient's data updates 
and signals to the doctor about the increased risk. 

Continuous monitoring of patients with 
prediabetic indicators. Warning the doctor 

about the need for preventive 

intervention. 

Mobile application for 

patients at risk 

Patients with obesity or a family history of diabetes install the app on their 

smartphone. They enter data on their own or through Bluetooth glucose 

meters/fitness trackers. The algorithm assesses the risk and provides 
recommendations. 

Raising awareness of one's condition. 
Self-monitoring without regular visits to a 

doctor. 

Case Study: 

Endocrinology Clinic 

To attract 100 new patients with suspected diabetes to the clinic. Compare 
the decisions made by the system with the diagnoses of doctors. Measure 

accuracy, recall, false negatives, and user trust. 

Discover how the model copes with 

different patient profiles. Determine how 

well it generalises outside of the Pima 
dataset. 

 

The data from the Pima dataset is limited to one demographic group (women of the Pima tribe). Therefore, testing 

in real conditions with diverse populations will help assess the generalisation of the model. An assessment of the system's 

immunity to noisy or incomplete data is required, which often happens in real medical practice. Integration into clinical 

processes is an essential step towards real implementation. 

We will describe the possibility of integrating glucose monitors with an AI-based diabetes prediction system in 

terms of technical details about how hardware and software interact, data synchronisation methods, and challenges 
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associated with real-time data collection. 

 

• Types of glucose monitors are traditional devices (with manual reading) and CGM systems (continuous glucose 

monitoring). Conventional devices are plugged into a USB or Bluetooth data transmission. CGM systems are 

devices that automatically record glucose levels every 5-15 minutes (for example, FreeStyle Libre, Dexcom). 

• The ways to transmit data to the AI system are Bluetooth Low Energy (BLE), Wi-Fi / GSM modules, USB or 

NFC readers. BLE is the most common protocol for transmission to mobile applications. Wi-Fi / GSM modules 

are used in more advanced devices for direct synchronisation with cloud databases. USB or NFC reading is used 

for periodic manual data transfer to a computer 

• Application interfaces are REST APIs from manufacturers (for example, Dexcom API), SDKs, or drivers for 

local data exchange (for example, via a COM port or Bluetooth socket). Also, program-by-program interfaces 

include the use of an intermediate data collection module, which receives and processes incoming streams and 

then transmits them to the AI module. 

 

Data synchronisation methods include timestamp alignment, buffering, transmission confirmation mechanisms, 

flushing, and notification queues. Timestamp alignment — each data record contains an exact measurement time; The 

model synchronises records over time. Buffering - if data arrives intermittently, it is temporarily stored in a buffer until 

the whole block is processed. Acknowledgement mechanisms are data delivery confirmations that allow retransmission 

in case of loss. Logging and message queues — for example, via MQTT, RabbitMQ, or Kafka for reliable delivery and 

real-time processing. 

Table 2. Potential problems with real-time data collection 

Problem Description Potential consequence 

Connection loss Disappearing Bluetooth/Wi-Fi connection Skipping measurements, incomplete data 

Latency Data arrives with a delay Untimely decision-making 

Anomalies/Outliers Incorrect or noisy glucose values False classification of the condition 

Dependence on the device's battery Turning off the device without warning Monitoring interruption 

Format incompatibility Data from different devices has a different structure The need for unification or conversion 

Privacy and security Transfer of medical data without encryption Risk of personal information leakage 

 

In the future, the system can be integrated with hardware glucose monitors, which will allow you to receive data in 

real time. Such integration involves the use of data transfer protocols (for example, Bluetooth LE or REST API), as well 

as intermediate modules for buffering and synchronising information with the AI software classifier. However, when 

working in real time, you should take into account potential risks such as connection loss, transfer delays, data outages, 

or privacy threats. For the stable operation of the system, it is necessary to implement mechanisms for retransmission, 

anomaly filtering, and ensuring the protection of medical data during transmission and storage. 

Let us consider the financial aspects of the implementation of the diabetes prediction system, although this is an 

essential factor in the real implementation in medical practice. Below is a detailed analysis of the cost and resource 

requirements that should be considered when implementing such a system in a clinical setting. 

Analysis of the cost of implementing a diabetes prediction system 

 

• Hardware is continuous glucose monitors (CGMs), in particular, devices: 

 

— FreeStyle Libre 2 / 3 (Abbott) — ≈ 80–150 USD / sensor (for 14 days); 

 

- Dexcom G6 / G7 - ≈ 300-400 USD / starter kit, then 150-300 USD / month; 

 

— Scanners/receivers — additional 100-200 USD (or using smartphones with NFC/Bluetooth). 

 

The problem is the high regular cost for clinics with a large number of patients. Not all patients can afford the 

constant use of CGM at home. It is also necessary to certify the devices according to medical requirements. 

 

• Computational resources for an AI model are based on model training. XGBoost, as a rule, does not require high 

computing power, but when working with larger sets (for example, >100 thousand records), there may be a need 

for GPU or cloud resources. The cost of using a GPU (e.g., on Google Cloud or AWS) is ≈ $0.50–$1.00/hour 

(GPU) and ≈ $0.10–$0.30/hour (CPU nodes). It can be implemented even on a regular server or a powerful 

laptop. Still, when processing data in real time (for example, from CGM), it is desirable to have a remote server 

or cloud infrastructure. 

 

• Software infrastructure and support include:
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— Cloud environment (AWS, Azure, GCP): ≈ 10-50 USD/month for the basic configuration; 

 

- Patient databases (secure storage): ≈ 0.01–0.05 USD/GB/month; 

 

— Integration with EMR (electronic medical records): requires separate APIs and legal compliance (HIPAA, 

GDPR). 

 

• Additional costs are incurred for technical support, staff training and licensing/certification. In particular, for 

technical support, a system administrator or an IT specialist on the clinic staff is required. After training, doctors 

must understand how to interpret the results of the model. If the system will be used for clinical diagnostics, 

medical certification (CE, FDA, etc.) is required. 

Table 3. Potential barriers to implementation in medical institutions 

Barrier Explanation 

High cost of CGM Especially for chronic monitoring or mass adoption 

Lack of infrastructure Not all establishments have servers or stable Internet 

Misunderstanding of AI Approaches Distrust or misunderstanding on the part of doctors 

Data privacy The need to comply with medical data protection standards 

 

One of the critical aspects that has not been addressed in this study is the cost of the practical implementation of the 

proposed system. Continuous glucose monitors (CGMs), which could provide real-world inputs to the model, have a 

relatively high cost for both patients and healthcare facilities. In addition, the implementation of the software part — 

including real-time data processing, storage of results, and interpretation of model conclusions — requires the availability 

of cloud infrastructure, secure databases, and technical personnel. These factors can become a serious obstacle to scaling 

the system in real clinical practice, especially in public institutions or countries with limited healthcare funding. 

3.4.  Overview of Selected Datasets 

This section describes the key aspects of the dataset used to train and evaluate the model. The choice of dataset is 

determined by its representativeness, size, and relevance to the task at hand. Today, you can find a variety of datasets on 

the Internet that can be used to train machine learning models. The best resource is Kaggle, which not only allows you to 

access a number of tools and resources for research, study, and practice in the areas of data analysis and machine learning 

model development but also provides an excellent opportunity to participate in data science competitions, where 

participants from all over the world compete in solving real-world data collection and analysis problems. We have selected 

two datasets that we believe are best suited for training the model.  

Table 4. Dataset characteristics 

Data set Number of characteristics Number of records 

1  9  768  

2  9  100,000  

 

The dataset contains attributes related to women's health. It includes the following attributes: 
 

Pregnancies (number of pregnancies) affect the risk of developing diabetes, particularly gestational diabetes. 

Gestational diabetes is caused by insufficient insulin production or ineffective use of insulin by the body during pregnancy. 

This condition usually develops in the second trimester of pregnancy and may improve after delivery, but it can also 

increase the risk of developing type 2 diabetes later in life. The data type is integer. Thus, the frequency of pregnancies 

may be a risk factor through several mechanisms:  

 

• Increased workload on the pancreas, particularly each new pregnancy, creates additional workload on the 

pancreas, which secretes insulin. The increased insulin load leads to exhaustion of the pancreatic beta cells.  

• Metabolic changes, such as hormonal and metabolic changes, occur with every pregnancy. These changes affect 

the sensitivity of cells to insulin and may determine the development of insulin resistance. 

 

Glucose (blood glucose level) shows the amount of sugar (glucose) in the blood at a given time. Glucose is the 

primary source of energy for the body's cells, and its regulation in the blood is essential for the body to function correctly. 

Blood glucose levels are measured in milligrams per deciliter (mg/dL) or millimoles per litre (mmol/L). Normal levels 

can vary depending on a number of factors, including the time of day and the time since you last ate. Changes in blood 

glucose levels can indicate a number of conditions, including diabetes, prediabetes, hyperglycemia (high glucose levels), 

and hypoglycemia (low glucose levels). Healthcare professionals can determine how high and low blood glucose levels 

are affecting your health and develop a strategy to treat or control these conditions. The data type is integer.



Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning 

104                                                                                                                                                                       Volume 17 (2025), Issue 3 

There are two types of Blood pressure. In our case, we use diastolic pressure (the lower number). Blood pressure is 

an essential indicator of the functioning of the circulatory system. It indicates the pressure exerted on the walls of the 

arteries by the blood circulating in the vessels. This pressure is determined by two numbers measured in millimetres of 

mercury (mm Hg). Systolic blood pressure (the higher number): reflects the maximum blood pressure in the arteries 

during the contraction of the heart, when blood is ejected into the vessels. Diastolic blood pressure (the lower number) 

reflects the lowest pressure in the arteries when the heart relaxes between heart contractions. For example, "120/80 mm 

Hg" means that the systolic pressure is 120 mm Hg and the diastolic pressure is 80 mm Hg. It is believed that normal 

blood pressure in adults is around 120/80 mm Hg. Changes in these values can indicate a number of conditions, including 

high blood pressure (hypertension), low blood pressure (hypotension), or other blood pressure problems that affect the 

cardiovascular system and overall health. Blood pressure assessment is an integral part of heart health and is considered 

in the diagnosis and treatment of cardiovascular disease. A data type is an integer. 

Skin thickness is commonly measured in specific dimensions and can be used as one of many characteristics to 

determine diabetes risk and prognosis. However, it is not a direct indicator of diabetes in itself. There are several rationales 

for using skin thickness in the context of diabetes research. For example, the thickness of subcutaneous fat may be 

associated with insulin resistance, an essential factor in the development of type 2 diabetes. Insulin resistance means that 

the body's cells are less sensitive to insulin, which leads to increased blood glucose levels. However, skin thickness alone 

is not an accurate and reliable indicator of diabetes, and its use may be limited. The diagnosis of diabetes is usually made 

using specific tests, such as blood glucose levels and other biomarkers. Therefore, although skin thickness can be included 

in risk analysis and studies of the characteristics of people at high risk of diabetes, it cannot be the sole criterion for 

detecting diabetes. The data type is integer. 

Insulin (insulin blood level) is a hormone secreted by the beta cells of the pancreas, an organ located behind the 

stomach, and is essential for regulating blood sugar (glucose) levels. The primary role of insulin is to regulate metabolism, 

especially that of carbohydrates. The data type is integer. The main functions of insulin in the body are: 

 

• Lowering blood glucose levels, i.e. insulin, helps cells absorb glucose from the blood and reduces the 

concentration of glucose in the blood. 

• Storing glucose in the form of glycogen, i.e. insulin, promotes the formation of glycogen - a form of glucose 

storage in the liver and muscles. 

• Stimulating protein synthesis, i.e. insulin promotes the release of intracellular amino acids and facilitates protein 

synthesis.  

• Accumulating fat, in particular, hormones, promotes the formation and accumulation of fat in cells. 

• Inhibiting the breakdown of glycogen and fats, i.e. insulin maintains stable energy levels by inhibiting the 

breakdown of glycogen and fats.  

• Beta-cell dysfunction and cellular insulin resistance can lead to metabolic disorders, including the development 

of type 2 diabetes, in which the body cannot use insulin effectively or cannot secrete enough insulin. 

 

BMI (body mass index or weight-for-height ratio). Individuals with the highest BMI (mean 34.5 kg/m²) had an 11-

fold increased risk of developing diabetes compared to participants with the lowest BMI (mean 21.7 kg/m²). The group 

with the highest BMI had a higher probability of developing diabetes compared to all other BMI groups, regardless of 

genetic risk. Data type: floating point number. 

DiabetesPedigreeFunction (Diabetes Pedigree Function) reflects the ratio of the number of people with diabetes to 

the total number of people in the family. Since the probability of acquiring diabetes during a person's life is very dependent 

on genetics, an indicator such as the number of people with this disease in the family should be taken into account. Data 

type: floating point number. 

Age affects the risk of developing diabetes, especially type 2 diabetes. The data type is integer. The main ways in 

which age affects this risk are: 

 

• Increased risk with age, in particular, the general trend is that the risk of developing diabetes increases with age. 

Statistics show that people over 45 have a higher risk of developing type 2 diabetes, and this risk increases with 

time.  

• Metabolic changes, i.e. changes in metabolism, can occur with age, such as a decrease in the sensitivity of the 

body's cells to insulin. It leads to insulin resistance, which is an essential factor in the development of type 2 

diabetes.  

• Changes in body composition, for example, a woman's body can become larger with age, and the distribution of 

fat tissue can change. Being overweight and obese are risk factors for developing diabetes.  

• Decreased physical activity, i.e. physical activity decreases with age, which can worsen insulin sensitivity and 

overall health.  

 

Outcome, where 1 indicates the presence of diabetes, and 0 indicates the absence. The data type is binary (1 or 0). 

This dataset is used to investigate factors that influence the development of diabetes in women, as well as to build 

machine learning models to predict the presence or absence of the disease. The balance and diversity of characteristics 

make this dataset an interesting topic for research and analysis. From the analysis of histograms of the distribution of the 
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number of pregnancies among women, the following conclusions can be drawn:  

 

• Most women have fewer than six pregnancies: many observations fall between 0 and 6 pregnancies, suggesting 

that most women in the study group have had relatively few pregnancies.  

• The number of women with more than six pregnancies decreases significantly when the interval of six 

pregnancies is exceeded. It may indicate that there were more women with fewer pregnancies in this dataset, 

which is not surprising since most countries tend to reduce fertility.  

 

       

Fig.3. Distribution chart by age group in set 1 and by glucose level in set 1 

From the analysis of the histograms of the distribution of the number of women by blood glucose level, the following 

conclusions can be drawn:  

 

• Most women have normal blood glucose levels. According to the general distribution, most women have blood 

glucose levels within the normal range of 79.6 to 119.4. The number of women in these ranges (156 and 211, 

respectively) is significant.  

• The proportion of women with low or high glucose levels is small. The study shows that very few women have 

glucose levels below 19.9 or above 199. This distribution suggests that extreme glucose levels are rare in the 

study group.  

• Based on the analysis of the histogram of the distribution of the number of women by blood pressure reduction, 

the following conclusions can be drawn:  

• Most women have normal blood pressure levels. The general distribution shows that most women have blood 

pressure within the normal range (61-97.6). This range is the zone of normal blood pressure, and the number of 

women in this range is significant (87-261 women).  

• Very few women have low and high blood pressure. Blood pressure ranges of less than 24.4 and more excellent 

than 109.8 are rare in the study population. It suggests that extreme hypotension is rare in the study population.  

 

          

Fig.4. Distribution diagram by lower blood pressure level in set 1 and by skinfold thickness level in set 1 
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From the analysis of histograms of the distribution of the number of women by skin thickness, the following 

conclusions can be drawn: 

 

• Most women have skin thickness within the normal range. According to the general distribution, most women 

have skin thicknesses within the normal range of 9.9 to 49.5. The number of women in this range is vast. 

• Very few women have very thin or very thick skin. The ranges of skin thickness below 9.9 and above 59.4 are 

small in the study population. It indicates that extreme values of skin thickness in the study population are rare. 

 

          

Fig.5. Distribution chart by insulin level in set 1 and by BMI level in set 1 

Based on the analysis of the histogram of the distribution of the number of women depending on the insulin level, 

the following conclusions can be drawn:  

 

• Most women have low insulin levels. According to the general distribution, most women have low insulin levels 

since a significant peak in the number of women is observed in the range from 0 to 84.4. It may indicate that 

most of the study participants have normal insulin levels. 

• Fewer women with moderate insulin levels. The insulin range of 84.6 to 169.2 has fewer women compared to 

the low range. It may indicate that those with moderate insulin levels are underrepresented. 

• Based on the analysis of the histograms of the distribution of the number of women by body mass index (BMI) 

levels, the following conclusions can be drawn:  

• Distribution of women with different BMI values. The histograms show the distribution of women with different 

BMI values. The BMI of the majority of the study participants ranged from 20.1 to 33.5, which is the range 

between normal and overweight, according to the World Health Organization (WHO). 

• Peaks in the standard and overweight range. There are peaks in the standard (26.833.5) and overweight (20.1-

26.8) ranges. It may indicate that participants with these BMI values are more common in this study. 

• Few women with extreme BMI values. The small number of BMI values in the ranges below 20.1 and above 

40.2 suggests that there were few participants with low and high BMI values in this study.  

 

     

Fig 6. Diagram of the family sample of diabetes in set 1 and by age in set 1
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Fig.7. Distribution chart by score in set 1 

Based on the analysis of histograms of the distribution of the number of women by DiabetesPedigreeFunction level, 

the following conclusions can be drawn:  

 

• Overall distribution by DiabetesPedigreeFunction. The histograms show the distribution of women across 

different ranges of DiabetesPedigreeFunction values. Most of the study participants have 

DiabetesPedigreeFunction values between 0 and 0.3. 

• Fewer women have high DiabetesPedigreeFunction values. Very few women have values above 0.55 (inclusive), 

indicating that high DiabetesPedigreeFunction values are not very common in the study population.  

• A small proportion of women with very high or very low function values. The proportion of women in the ranges 

above 1.25 and below 0.3 is small, indicating that the number of women with very high or very low diabetes 

function values due to heredity is limited.  

 

After reviewing the datasets, you should start building an AI model. To design the model, we will use the Google 

Colab service, which uses Jupyter Notebooks. They can be used to run and develop Python code in a cloud environment; 

a significant advantage of Google Colab is free access to high-performance graphics processing units (GPUs) and tensor 

processors (TPUs), which can be used to accelerate AI tasks (for example, training neural networks). To create a model, 

you should first decide on a set of libraries that will help in writing this project. The following were selected: Matpotlib, 

Seaborn, Pandas, Numpy, Missingno, and Sklearn. 

 

 

 

Fig.8. The first 4 data from dataset 1, information about dataset attributes and detailed information about the dataset 
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Table 5. Description of selected libraries 

Library Description Using 

Matplotlib (import 

matplotlib.pyplot as 

plt)  

It is a graphing and data visualization library for Python. It provides 

extensive functionality for creating various types of graphs, from line 

graphs to histograms and contour plots. 

Data visualization, dependency 

exploration, and creation of attractive 

graphs 

Seaborn (import 
seaborn as sns):  

It is a high-level data visualization library based on Matplotlib. It adds 

layers of abstraction and provides styling and high-level functions for 

quickly creating stylish plots. 

It should be used to create attractive 
graphs and data visualizations. 

Pandas (import pandas 

as pd):  

It is a library for data processing and analysis; it provides data structures 
such as DataFrame and allows you to efficiently work with tabular data; 

with Pandas, you can easily process and analyze large amounts of data. 

Used to load, process, and analyze data, 
especially in the form of tabular 

structures. 

NumPy (import 

numpy as np):  

It is a computational mathematics library used in Python. It provides high-
performance arrays and operations on them, allowing you to easily 

process numerical data. 

It supports operations on arrays, vectors, 
and matrices and is very useful for 

scientific computing and data processing. 

missingno (import 

missingno as msno):  

It is a library for visualizing missing values in a dataset. It allows you to 

quickly estimate the number and location of missing data in the form of 

matrices and graphs. 

Used during the data analysis phase to 

detect and visualize missing values. 

sklearn (from sklearn 
import metrics)  

A machine-learning library for Python that contains various algorithms for 

classification, regression, clustering, and other machine-learning tasks. In 
this case, its metrics submodule is imported, which includes multiple 

metrics for evaluating the quality of machine learning models. 

It is used to evaluate the performance of 

machine learning models to calculate 
metrics such as accuracy, repeatability, 

and F1 metrics. 

 

To ensure transparency and reproducibility of the study, we will indicate which approaches, specific methods, 

algorithms and tools were used at the stages of data preprocessing, in particular during normalisation and processing of 

missing values. Detailed description of data preprocessing methods: 

Processing missing values (imputation). In a preliminary analysis of the dataset, it was found that some features, 

although not formally containing empty values (NaN), have unrealistic null values, actually reflecting omitted or 

unrecorded data (e.g., zero glucose, insulin, skin thickness, etc.). Such values were replaced using the median imputation 

method. For each trait with "suspicious" zeros, the median was calculated based on only non-zero values. All zero values 

in this sign have been replaced with the corresponding median. This approach is chosen because of its tolerance to 

emissions, especially in data with an asymmetric distribution (e.g., insulin). 

 

for column in ['Glucose', 'BloodPressure', 'SkinThickness', 'Insulin', 'BMI']: 

    median = df[df[column] != 0][column].median() 

    df[column] = df[column].replace(0, median) 

 

Normalisation (scaling of features). To ensure the correct operation of machine learning algorithms that are sensitive 

to data scale (for example, k-NN or SVM), Z-normalisation (standardisation) is applied. Each numerical feature is 

transformed in such a way as to have a mean of 0 and a standard deviation of 1. To do this, we used the StandardScaler 

tool from the scikit-learn library. This approach is appropriate because most of the features in the dataset have a roughly 

normal distribution. 

 

from sklearn.preprocessing import StandardScaler 

scaler = StandardScaler() 

scaled_features = scaler.fit_transform(df.drop('Outcome', axis=1)) 

 

We will connect Google Drive to Google Colab using the drive.mount() command. It will allow us to access the files 

stored on it. In our case, these are dataset files. After completing these steps, our Google Drive will be available in the 

/content/drive folder in the Colab environment, and we will be able to easily access the files in Google Drive from our 

code. We will get information about each of the attributes of the dataset: the column number, its name, the number of 

rows, and the data type of the column. Now, let's review detailed information about each of the attributes: the number of 

values, the minimum value, the maximum value, and the arithmetic mean. First, let's divide the dataset into attributes 

indicating health indicators and labels determining the presence or absence of diabetes. Scaling of the input features 

should be performed to optimize and speed up model training. It is also important to level the influence of large values, 

which can dominate and overlap the influence of much smaller values. The main goal of scaling is to bring attributes to a 

common scale. There are several types of scaling, all of which are available in the sclearn library:  

Normalization (Min-Max Scaling) brings the values of the input features to the interval from 0 to 1, where 0 is the 

most significant value in the column, and one is the largest. This type of scaling is usually used when the absolute value 

of the features is important to us and when it is uneven. 

Standardization (Z-Scope Scaling) brings the values of the input features to the interval with a mean value of 0 and 

a standard deviation of 1, i.e. each attribute value is the ratio of the difference between its value and the column mean to 

the standard deviation of the feature. This type of scaling is used when the distribution of the feature values is normal. 

In our case, standardization will be used since the distribution of features is normal. Now, we need to divide the data 

available in the dataset into data that we will use for training and testing. We need them in order to check the accuracy of 

the model after training. For division, we will use the test_train_split function from the sklearn.model_selecting library: 
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• Splitting the dataset into training and tests is essential for evaluating the performance of machine learning 

models on unknown data. 

• Features and target variables are passed, the size of the test set (or training set) is specified, and, if necessary, a 

random value is set for repeatability. The function returns four sets: training features (𝑥𝑡𝑟𝑎𝑖𝑛), test features 

(𝑦𝑡𝑟𝑎𝑖𝑛), training target values (𝑥𝑡𝑒𝑠𝑡), and testing target values (𝑦𝑡𝑒𝑠𝑡). 

 

We will use several machine learning methods, namely Random Forest, Decision Tree, and Support Vector Machine. 

Then, we will compare their accuracy and choose the one that best suits our problem. 

 

  

Fig.9. Example of scaling and its result 

Table 6. Description of machine learning methods 

Name  Type  Description 

Random 
Forest  

Ensemble 

It is a decision ensemble that uses many decisions (decision trees) to make predictions. Each tree computes 

a prediction, and the final prediction of this method is made by summing the projections of all the trees. An 
important feature is that each tree is built on a random subset of the data and only takes into account a 

subset of specific features, which helps reduce overfitting and increase the reliability of the model. 

Decision 

Tree  

Classification or 

regression 

Decision trees are structured as a tree, where each node divides a data sample along a specific feature. 
Each leaf of the tree corresponds to a final class (in the case of classification) or a number (in the case of 

regression). Nodes are divided according to criteria such as entropy or Gini coefficient. Decision trees are 

straightforward to interpret, but they are very prone to one common problem encountered in ML: 
overfitting. 

Support 

Vector 

Machine  

Classification or 
regression 

The support vector method creates a hyperplane that maximally separates classes. The vectors on the 

solution boundary are called support vectors. Models created using this method have great power when 
dealing with high-dimensional data and generalize well to the data. The vital point is the choice of an 

appropriate kernel function, which determines how the distances between points in space are measured. 

 

First, we will create a model that uses the Random Forest method. We import the corresponding method from the 

sklearn library. When initializing the methods, we need to specify the number of trees that will be created for training 

(n_estimators). Then, we pass the input features (x_train) and labels. After training the model, we should check the 

accuracy of the model both on the data on which it was trained and on the data that was missing. To do this, we will need 

the accuracy_score function, which checks whether the prediction matches the truth and calculates the corresponding 

accuracy percentage - 0.7637795275590551. We can see that this model has relatively high accuracy rates both on the 

data set on which training took place and on the data that was previously set aside for testing, namely 100% and 76% 

accuracy, respectively. Now, we will create a model that uses the Decision Tree method. Let's check the accuracy of this 

model (0.6968503937007874). Finally, we will create a model that uses the Support Vector Machine method. Let's check 

the accuracy of this model (0.7519685039370079). It is easy to see that the accuracy of this method, when tested on the 

data it was trained on, has significantly decreased compared to previous methods.  

4.  Experiments 

4.1.  Data Pre-processing and Results Presentation 

The data has been converted to Excel format (diabetes_data.xlsx) for ease of processing. The spreadsheet does not 

contain empty cells, which allows for easy processing. Links to the datasets:  

 

• https://www.kaggle.com/datasets/kevintan701/diabetes-prediction-datasets  

• https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database 

https://www.kaggle.com/datasets/kevintan701/diabetes-prediction-datasets
https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database


Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning 

110                                                                                                                                                                       Volume 17 (2025), Issue 3 

 

Fig.10. Fragment of the reporting table 

Consider the critical aspects of the Pima Indians Diabetes dataset among the many other medical datasets available 

(e.g., NHANES, MIMIC-III, etc.), including its limitations. In the Pima Indians Diabetes set, there is a significant 

imbalance between the number of sick and healthy ones (the number of negative examples exceeds the number of positive 

ones). It may affect accuracy, in particular recall and F1 estimation, but the authors do not mention whether this was taken 

into account during the simulation (e.g., by using data balancing methods — SMOTE, oversampling, etc.). The data were 

collected exclusively among women from the Pima Indian tribe, which seriously limits the environmental validity of the 

model. It means that the results of the model can hardly be transferred to other ethnic groups or men. This aspect is not 

mentioned, although it is a significant weakness in terms of using the results in a global context, which is stated in the 

title of the work ("... in the world"). 

The Pima Indians Diabetes Dataset was chosen because of its free availability, historical significance in diabetes-

related research, and an exhaustive list of clinically relevant attributes. However, we are aware of its limitations — in 

particular, the imbalance of classes and the fact that all records relate to women from the same ethnic group. It limits the 

model's ability to generalise the results to a more heterogeneous population. In the future, broader and more representative 

datasets will be used to increase the versatility of the developed system. The main reasons for choosing: 

 

• Open accessibility and structure, because the dataset is open and easily accessible, particularly through the 

Kaggle platform. It is well-structured, containing 768 records with nine clinical parameters, allowing you to 

quickly prepare data for machine learning without the need for complex pre-cleaning. 

• Practical orientation of the attributes, because all the characteristics of the dataset (for example, glucose level, 

blood pressure, body mass index, number of pregnancies, etc.) are clinically relevant, which allows you to build 

a predictive model focused on fundamental risk factors for diabetes. 

• Wide recognition in the scientific community, as this set is often used as a standard for comparing the 

effectiveness of different machine learning models, which makes the results of the study more comparable with 

other works in the field. 

At the same time, a number of essential restrictions should be noted: 

 

• Limited demographic sample, since the data are collected exclusively among women from the Pima tribe, which 

does not allow generalising conclusions to other ethnic or gender groups. 

• Class imbalance in the sample, since the number of patients without diabetes significantly exceeds the number 

of patients with diabetes, which may affect the accuracy of the model without additional measures (for example, 

resampling). 

• The limited size, in particular, the relatively small number of records (768), reduces the potential for deep 

analyses or working with more complex neural network models. 

 

Despite these limitations, Pima Indians Diabetes was chosen as a starting point for modelling due to its convenience, 

practicality, and representativeness of key medical indicators. In the future, the study will be expanded with the help of 

more representative and modern medical datasets to increase the generalisation of the model. 

The study used the Pima Indians Diabetes dataset, which contains records of only women over the age of 21 from 

one ethnic group — the Pima Indians tribe. Let's analyse the possible biases and limitations that arise when trying to 

generalise the results of the model to other populations. 

Potential biases and limitations when generalising the model to other populations 

 

• Limited demographic representativeness consists mainly of the fact that all data are obtained from women from 

the Pima tribe in Arizona, USA. The model does not include men, members of other races or ethnicities (African 

Americans, Europeans, Asians, etc.), and patients with other eating or cultural habits. The model could 

potentially not work correctly when applied to wider, more diverse populations, due to differences in genetics, 

lifestyle, and access to care. 

• The risk of demographic bias is that attributes that have diagnostic value for one group (e.g., BMI, insulin levels) 

may have a different impact in other populations. Neural networks or decision trees trained on such data can 
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automatically "learn" to reinforce bias (e.g., underestimate risk in men or children). 

• Cultural and behavioural differences affect the incidence of diabetes, as well as the manifestations of symptoms. 

They may depend on food intake (carbohydrates, fats), level of physical activity, and access to health education 

and prevention. A model built on data from a specific environment can incorrectly classify individuals from 

other social and economic conditions. 

• Overestimation of accuracy when transferring the model is one of the significant biases. In particular, even if 

the model has high accuracy on Pima data, this does not guarantee its effectiveness on wider medical bases such 

as NHANES, MIMIC-III, etc. It is because the model may not be able to generalise well to new patterns that it 

did not see during training. 

 

One of the critical limitations of this study is the use of the Pima Indians Diabetes dataset, which covers only women 

of a particular ethnic group. It creates a potential risk of demographic bias in the model when applied to wider populations 

with different ethnic, social, and cultural backgrounds. Indicators that are critical predictors for one population may have 

a different meaning for others. In further research, it is advisable to test the model on more representative and diverse 

data sets in order to assess its generalizability and adapt it to the needs of a broader range of users. 

The graphs show the relationships between glucose levels and physical activity and between risk factors and weight. 

The first graph illustrates the dispersion of blood glucose levels depending on the level of physical activity. There is a 

weak or almost no relationship between these parameters. Glucose values vary significantly in the range from 50 to 300, 

regardless of the level of physical activity. Most of the points are concentrated near low activity values, which may 

indicate a predominantly sedentary lifestyle among the subjects studied. It emphasizes that physical activity alone is not 

the key factor determining glucose levels, but its influence may be manifested in combination with other factors, such as 

weight or diet.  

 

 

Fig.11. Diagram of the dependence of glucose level on physical activity in the Cartesian coordinate system and the dependence of the disease risk 

indicator on weight in the Cartesian coordinate system 

The second graph shows the relationship between risk score and weight. There is a moderate positive correlation 

here, with increasing weight increasing risk. Most of the data is concentrated in the weight range of 60 to 90 kg and risk 

score of 20 to 50, indicating a typical profile for the individuals studied. However, there are some cases with high-risk 

scores even at relatively low weights, which may indicate other important risk factors, such as age, genetics, or 

comorbidities. It shows the need for further analysis to identify weight thresholds that significantly increase risk. The 

selected graphs were selected from among the other options because they showed more pronounced relationships, while 

the other graphs showed much more scattered data. They allow us to assess trends and highlight potential relationships, 

making them useful for further research. The first graph emphasizes the need to consider the complex influence of factors 

such as diet and stress, while the second confirms the importance of weight control in reducing risk scores. Further steps 

include conducting cluster analysis to group the data, building regression models to quantify the relationships, and testing 

hypotheses about the multifactorial influence on the studied indicators. It will help formulate specific recommendations 

for risk prevention and health management. Activity and glucose plots show the relationship between physical activity 

and blood glucose levels in polar coordinates. Each point represents a specific combination of activity and glucose levels. 

The points are concentrated predominantly in one sector, indicating the particular range of activity and glucose levels that 

prevail in the study sample. The distance of the points from the centre indicates the glucose level, while the angular 

coordinates reflect physical activity. This graph shows that most of the points are clustered in the low-activity range. 

Glucose levels often exceed 100 and even reach 300, which may indicate that low physical activity is a potential risk 

factor for high blood glucose. The data suggest the need for further research into the relationship between these indicators 

to confirm or refute the effect of activity on sugar levels. This graph highlights the need to encourage physical activity as 

a tool to reduce the risks associated with high glucose levels.
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Fig.12. Diagram of the dependence of the activity indicator on the glucose level in the polar coordinate system and the cyclicity of physical activity in 

the polar coordinate system 

The physical activity cycle diagram illustrates the cyclical nature of physical activity throughout the year in a polar 

coordinate system. Each point corresponds to a specific level of physical activity, normalized to a value between 0 and 1, 

and displayed in colour. The angles on the graph correspond to the months of the year (January is 0°, December is 360°), 

which allows us to assess seasonal trends. This graph clearly shows the seasonal, cyclical nature of physical activity. 

There is an increase in activity during the warmer months (spring-summer), while the winter months show a decrease in 

activity. The concentration of points closer to the centre during cold periods indicates a reduction in physical activity 

during this time. The highest levels of activity are seen in the summer months, which may be related to better weather 

conditions and increased motivation to engage in sports or outdoor activities. 

 

 

  

Fig.13. Descriptive statistics table 

The diagram in Fig. 12a indicates a possible relationship between low physical activity and elevated glucose levels, 

which emphasizes the importance of an active lifestyle for metabolic control. The diagram in Fig. 12b demonstrates 

seasonal fluctuations in activity, which is helpful for planning preventive measures aimed at maintaining regular training 

even during periods of reduced activity. Both diagrams complement each other, allowing for a comprehensive assessment 

of the role of physical activity as a factor influencing health. The results of descriptive statistics reflect the main 

quantitative characteristics of the data set, which include indicators of weight, height, glucose levels, physical activity, 

diet, medication intake, stress levels, sleep duration, hydration levels, body mass index (BMI), and risk. The average 
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blood glucose level is 140.82, with a minimum value of 70 and a maximum of 297. The high coefficient of variation 

(27.03%) indicates significant variability in this indicator among the study participants. The average level of physical 

activity is 30.29. Still, the standard deviation (19.31) and coefficient of variation (63.72%) indicate significant differences 

in activity levels between respondents - some have zero activity, while others have more than 94.86. 

The mean values for dietary discipline (0.60) and medication adherence (0.69) indicate that participants generally 

demonstrate moderate adherence to a healthy lifestyle. Still, the high variability of these indicators (81.01% and 66.59%, 

respectively) indicates significant differences in behaviour. Stress levels have a mean value of 0.95 with a substantial 

standard deviation (0.83), confirming high fluctuations among participants, with some reaching a maximum stress level 

of 2 points. Hydration averages 0.71, which is relatively high, but the coefficient of variation of 63.94% shows significant 

deviations from the mean. Body mass index (BMI) averages 24.39, which is within the normal range, although maximum 

values (up to 45.2) indicate obesity. The risk score has an average value of 36.42, but significant variability (40.90%) 

shows a wide distribution of data from zero to almost 79 risk points. 

Overall, descriptive statistics indicate a wide range of values for most parameters, indicating sample heterogeneity. 

High coefficients of variation for physical activity, stress level, medication use, and diet highlight the importance of 

further analysis to identify risk groups and establish relationships between health factors. These results allow us to identify 

key indicators for predicting health status and optimizing preventive measures. The first histogram in Fig. 14 shows the 

distribution of blood glucose levels among the subjects. The majority of values are in the range of 100–160, with some 

cases of elevated levels up to 297. The distribution is skewed to the right, which may indicate the presence of a group of 

people with elevated glucose levels, potentially at risk for diabetes or other metabolic disorders. This graph allows us to 

estimate the prevalence of abnormal values and to determine the typical limit of expected values. 

The second histogram shows the distribution of body mass index (BMI). The majority of the values are in the range 

of 20–30, which corresponds to normal and overweight body weight. There is also a group of individuals with a BMI 

above 35, which indicates the problem of obesity among some of the subjects. The histogram demonstrates an 

approximation to a normal distribution with a slight asymmetry to the right, confirming that a significant part of the 

sample is at risk of metabolic disorders due to being overweight. 

 

 

 

Fig.14. Histogram of blood glucose levels, body mass index and physical activity 

The third bar graph illustrates physical activity levels. The data is strongly skewed to the left, with the most 

significant proportion of people showing very low levels of physical activity (0 to 20 minutes). A small number of people 

show higher levels of activity, highlighting the general trend towards a sedentary lifestyle. It may be an essential factor 

in the increased risk of metabolic diseases and supports the need to encourage physical activity to improve health. 
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These histograms provide information about the main risk factors among the sample – elevated glucose levels, 

overweight, and insufficient physical activity. They allow for the identification of risk groups and provide the basis for 

further analysis of the relationships between these indicators and the development of preventive measures. 

In Fig. 15a, the graph shows the accumulated frequency of glucose levels. The X-axis shows the glucose level, and 

the Y-axis indicates the number of observations with glucose levels below a specific value. The accumulated frequency 

increases in steps, corresponding to the intervals of the histogram. The graph indicates that most values are in the range 

of 70–200, and only a small number of observations exceed 250. It is helpful in estimating the absolute number of cases 

with glucose levels below a specific value and confirms that the bulk of the sample exhibits moderate glucose levels. 

In Fig. 15b, the graph shows the cumulative distribution of blood glucose levels as the probability that a value does 

not exceed a certain level. The horizontal axis shows glucose levels, and the vertical axis shows the cumulative probability. 

The curve rises smoothly from 0 to 1, indicating a uniform increase in likelihood with increasing glucose levels. Most 

values are in the range up to 200, after which the curve flattens out, showing saturation. It indicates that a significant 

proportion of observations have glucose levels below this threshold, and very high values are rare. The cumulant helps 

estimate the probability that glucose levels fall within a specific range; for example, 80% of values are less than 200. So, 

the second cluster allows you to analyse the data in terms of probability, and the first one is through the absolute frequency 

of occurrence. Together, they give a more complete picture of the distribution of glucose levels, helping to understand 

how common high values are and assess the risks of elevated glucose levels. 

Smoothing with Kendall formulas: 

 

• smooth the data using the smoothing interval sizes w = 3, 5, 7, 9, 11, 13, 15. We should get seven columns in a 

row; 

• smooth the data using the smoothing interval size w = 3, then smooth the obtained smoothed data again, but use 

the smoothing interval size w = 5. We continue smoothing the received data with the smoothing interval w = 7 

and so on until w = 15. We should get seven columns in a row. 

• in both cases, find the number of turning points and the correlation coefficients between the original and 

smoothed values for each smoothing. 

 

  

Fig.15. Glucose level cumulation (by histogram data) and glucose level cumulation (by integral percentage) 

The graphs and tables show the results of smoothing glucose levels using Kendall's formulas, which allow you to 

remove fluctuations and identify general trends in the data. The first graph illustrates the results of individual smoothing 

for intervals from 3 to 15, where increasing the interval reduces fluctuations, making the graph smoother. Smaller intervals 

(w=3, 5) better reflect local fluctuations, while larger ones (w=11, 13, 15) suppress small volatility, focusing on global 

trends. The second graph shows repeated smoothing with increasing intervals, starting at three and gradually rising to 15. 

This approach provides even stronger smoothing, effectively removing noise but reducing detail. 

The tables detail the results of the analysis, showing the number of turning points and the correlation coefficients 

between the original and smoothed data. In the case of single smoothing (point a), the correlation coefficients decrease 

with increasing intervals, indicating the loss of local fluctuations and smoother averaging. Repeated smoothing (point b) 

also shows a decrease in correlation. Still, the initial correlation values are higher due to the increase in intervals, which 

gradually dampens noise and improves visual smoothness. The graphs and tables emphasize that the choice of interval 

and smoothing method depends on the objectives of the analysis. Smaller intervals are better suited to detecting short-

term changes, while larger ones provide a clearer picture of long-term trends. The results allow us to compare the two 

methods and determine the optimal balance between detail and smoothness for a particular study. 

The first graph in Fig. 18 shows the results of separate smoothing using Pollard formulas with fixed intervals from 

3 to 15. It illustrates how, with increasing intervals, the variability decreases, and the graphs become smoother. However, 

large intervals lead to the loss of local fluctuations and simplification of the data, which can be seen when moving from 

small (w=3, 5) to larger (w=13, 15) intervals. The second plot in Fig. 18 shows repeated smoothing with increasing 
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intervals. Starting at interval 3, the resulting smoothed data is smoothed again with larger intervals up to 15. This approach 

provides stronger averaging, which effectively reduces noise but also muffles details even more than in the first plot. 

 

  

 

Fig.16. Smoothing for different intervals and repeated smoothing with increasing intervals 

         

Fig.17. Table of smoothing results with intervals, turning points and correlation 

The tables in Fig. 19 contain the results of the analysis, including the number of turning points and the correlation 

coefficients between the original and smoothed data. In both cases, the number of turning points remains stable (1000), 

indicating that the underlying structure of the data is preserved, but the correlation coefficients decrease with increasing 

intervals. It shows a gradual loss of similarity to the original data due to the stronger smoothing. The initial coefficients 

in the Pollard method are higher than in the Kendall method, indicating less loss of detail, especially for small intervals. 

The results of the analysis allow us to evaluate the effectiveness of Pollard's method for detecting global trends and 

removing noise. The first approach is better suited for preserving details during smoothing, while the second approach 

with increasing intervals provides maximum averaging, which is helpful for detecting long-term trends. Thus, the choice 

of approach depends on the needs of the study—analysis of short-term changes or survey of global patterns.  

This correlation matrix shows the relationship between the original data and the smoothed series obtained by the 

Pollard method for different intervals (from 3 to 15). The matrix shows that as the smoothing interval increases, the 

correlation with the original data decreases (for example, Pollard 3 has a correlation of 0.43, while Pollard 15 has only 

0.18). It indicates a loss of detailed data structure and stronger smoothing at large intervals. At the same time, there is a 

high correlation between neighbouring smoothed series (for example, Pollard 7 and Pollard 9 correlate 0.95). It indicates 
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a gradual smoothing with minimal changes between close intervals. The matrix emphasizes that larger smoothing intervals 

contribute to noise removal but, at the same time, reduce the similarity with the original data, choosing the optimal interval 

dependent on the analysis objectives. 

 

  

 

Fig.18. Pollard smoothing and Pollard resmoothing with increasing intervals  

     

Fig.19. Table of smoothing results with intervals, turning points and correlation 

The graphs in Fig. 21 demonstrate the autocorrelation functions for the original data (Original) and the smoothed 

series obtained by the Pollard method with different smoothing intervals (from 3 to 15). In the graph for the original data, 

a sharp decline in autocorrelation is observed already at the first lags, which indicates significant variability and short-

term dependence between the values. It shows a high level of noise in the original data. In the smoothed series (Pollard 

3–15), the autocorrelation decreases more gradually. For small smoothing intervals (Pollard 3, 5), partial correlation is 

preserved at short lags, but it quickly decreases, which indicates effective smoothing of local fluctuations. In the series 

with larger smoothing intervals (Pollard 13, 15), the autocorrelation is preserved at longer lags, which indicates stronger 

smoothing and strengthening of long-term trends. Overall, these graphs show how smoothing affects the structure of the 

data, highlighting long-term trends. It can be useful for analysing data that requires identifying overall trends rather than 

short-term changes. 
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Fig.20. Correlation matrix for smoothing 

  

  

  

  

  

Fig.21. Autocorrelation for smoothing (left to right and top to bottom for Original, 3, 5, 7, 9, 11, 13, 15) 

The graph in Fig. 22a shows the correlation field between blood glucose levels and body mass index (BMI). The 

points on the graph represent the relationship between two variables: glucose levels on the X-axis and BMI on the Y-axis. 

The distribution of the points appears chaotic, indicating a weak or absent relationship between these variables. The 

calculated Pearson correlation coefficient is 0.0232, which is very close to 0, indicating an almost non-linear relationship 

between glucose levels and BMI. The p-value is 0.4638, which is significantly higher than 0.05 and suggests that the 

correlation is not statistically significant. It means that the weak correlation found may be due to chance. In addition, the 

correlation ratio is 0.0070, confirming the low level of association between these indicators, even when nonlinear 

relationships are taken into account. Overall, the results of this analysis indicate that BMI and glucose levels do not have 

a significant relationship in the data under study. Either the two measures vary independently of each other, or their 

relationship is influenced by other hidden variables that are not included in this analysis.
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The graph in Fig. 22b shows how blood glucose levels are related to themselves at different points in time. The x-

axis shows the time intervals (lags), and the y-axis shows the degree of similarity between glucose values. As expected, 

at the beginning (lag 0), the correlation is 1.0 because the data are perfectly consistent with themselves. However, with 

each subsequent step, the correlation decreases rapidly and fluctuates around zero. It means that glucose levels do not 

show clear recurring trends or cycles over time. Simply put, glucose levels vary quite randomly and do not have a stable 

pattern that can be easily predicted based on previous data. This result suggests that more sophisticated analysis methods 

that take into account other factors than just time dependence may be needed to predict glucose levels. 

The correlation matrix is in Fig. 23 for the three parts of the data. It shows weak correlations between the parts since 

the values are close to zero in most cases. For example, between the first and second parts, the coefficient is -0.0842, and 

between the first and third – 0.0092. It indicates that the series parts are almost unrelated. That is, the data in different 

segments behave independently. The multiple correlation coefficient (R²) is 0.0355, which indicates a very weak 

relationship between the parts. It means that the distribution of values does not have a clear structural dependence or 

typical pattern. 

 

  

Fig.22. Correlation field between glucose level and BMI and autocorrelation function for glucose level 

 

Fig.23. Autocorrelation function for the entire series 

The graph in Fig. 23 shows the autocorrelation function for the entire series. The highest correlation is observed at 

the first lag (0.0), which is expected since the series is always maximally correlated with itself. However, with subsequent 

lags, the correlation drops sharply and fluctuates around zero. It once again confirms that the data do not have a noticeable 

periodicity or strong autocorrelation over long distances. The dendrogram in Fig. 24 displays the results of hierarchical 

cluster analysis, which uses Ward's clustering method to group objects based on their similarity. The vertical axis shows 

the distance or similarity measure between clusters, and the horizontal axis shows the objects being analysed. The colours 

of the lines indicate the selected groups (clusters) that were formed during the merging. The three main clusters are marked 

with different colours: orange, green, and red. They demonstrate how the objects gradually merged into groups, starting 

from the smallest distance and ending with large structures. The lower the merging of two elements, the closer they are 

to their characteristics. High mergers (blue lines) indicate less similar groups that merged in the last stages of the analysis. 

This plot is helpful in visualizing the hierarchy and choosing the optimal number of clusters. For example, it can be 

concluded that the three main clusters are sufficiently clearly separated, which can be confirmed by additional methods 

of clustering assessment.
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Fig.24. Hierarchical cluster analysis dendrogram and proximity matrix table 

The proximity matrix table in Fig. 24 displays the distances between objects used for cluster analysis. Each row and 

column represent a separate object, and the numerical values in the table indicate the calculated Euclidean distance 

between pairs of objects. The values on the diagonal (from the upper left to the lower right) are zero since the distance of 

an object to itself is always zero. The smaller the value between two objects, the closer they are to each other in the 

multidimensional feature space. For example, objects 0 and 1 have a distance of 1.5122, while objects 0 and 8 have a 

greater distance of 3.3057, indicating less similarity between them. This matrix is the basis for constructing a dendrogram, 

where these distances are used to define clusters. Analysing such matrices helps to understand the structure of the data 

and identify groups of objects with similar characteristics. 

The cluster analysis results table in Fig. 25a contains two columns: Object and Cluster. The Object column numbers 

all the objects in the data set, and the Cluster column indicates which cluster each object was assigned to base on the 

results of the hierarchical cluster analysis. For example, object 1 belongs to Cluster 5, object 2 to Cluster 2, and object 6 

to Cluster 1. 
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Fig.25. Cluster analysis results table, cluster size table and cluster centre table 

The table in Fig. 25b helps to identify groups of similar objects based on their characteristics. Clustering allows you 

to see the structure of the data and simplifies further analysis, for example, to identify patterns or features of each group. 

The results of this classification can also be used for further analysis, visualization or decision-making.  

The cluster analysis results in Fig. 25b include cluster sizes and cluster centres. The table in Fig. 25 shows the cluster 

sizes, i.e. the number of objects included in each of the five clusters:  

 

• Cluster 1 contains 290 objects.  

• Cluster 2 contains 150 objects.  

• Cluster 3 contains 190 objects.  

• Cluster 4 contains 117 objects.  

• Cluster 5 contains 253 objects.  

 

It shows that the largest cluster is the first (290 objects), and the smallest is the fourth (117 objects). 

The table in Fig. 24c presents the cluster centres, which display the average values of the normalized characteristics 

for each cluster for the following parameters:  

 

• blood_glucose — blood glucose level.  

• bmi — body mass index.  

• physical_activity — physical activity level.  

• stress_level — stress level.  

• hydration_level — hydration level.  

 

These values show the characteristics of each cluster. For example, some clusters may have higher levels of physical 

activity and lower levels of stress, while others may have the opposite. The results can be used to interpret behavioural or 

physiological groups in the sample, identify trends, and create profiles for different groups of subjects. 

The graph in Fig. 26 shows the dependence of the mean value of the risk score on the level of stress. The x-axis 

indicates the stress levels, and the y-axis indicates the mean value of the risk. There is a tendency for the risk to increase 

with increasing stress levels. At zero stress levels, the mean risk score is the lowest, while at maximum stress levels, it 

reaches the highest value. These results indicate a positive relationship between stress and risk, which may indicate a 

higher vulnerability to adverse health outcomes among people with increased stress levels. The graph highlights the 

importance of further analysis of this relationship for the development of prevention measures. 

 

 

Fig.26. Average risk score for each stress level  

This work conducted a comprehensive analysis of data related to the health and lifestyle of people with diabetes to 

identify patterns affecting blood glucose levels, BMI, physical activity, stress levels, and other parameters. The use of 

statistical methods, correlation, and cluster analysis allowed us to assess the relationships between indicators, identify 

significant trends and risk groups, and identify dependencies that may be useful for improving the diagnosis and treatment 

of diabetes. The use of smoothing methods, in particular the Kendall and Pollard formulas, made it possible to eliminate 
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random fluctuations in the data and focus on the main trends. Smoothing with different intervals showed that short 

intervals are better suited for reflecting local changes, while longer intervals provide a more stable detection of long-term 

trends. Repeated smoothing with increasing intervals confirmed the effectiveness of combined approaches for trend 

analysis. The calculation of correlation coefficients and the number of turning points allowed us to assess the accuracy of 

the smoothed series in comparison with the original data. Correlation analysis showed a weak relationship between 

glucose levels and body mass index, which may indicate other, less obvious factors that influence glucose levels, such as 

stress levels, physical activity, and hydration. 

The lack of strong correlations between these indicators emphasizes the need for a comprehensive approach to data 

analysis to identify latent patterns. Autocorrelation analysis showed that the data lacked clear cyclical patterns, which 

may indicate the difficulty of predicting short-term changes in glucose levels based on available parameters. Cluster 

analysis allowed us to divide the study subjects into groups based on the degree of similarity of their characteristics. The 

use of hierarchical clustering and the construction of a dendrogram revealed five main clusters that differ in the average 

values of glucose levels, BMI, physical activity and stress levels. It made it possible to identify groups with increased 

risks for further targeted research and the formation of recommendations. The proximal matrix obtained during the 

analysis demonstrated the distances between the subjects, confirming the internal similarity in each cluster. According to 

the results of cluster analysis, the largest groups are characterized by average values of glucose levels and BMI. 

In contrast, smaller groups contain participants with extreme values of these parameters, which may indicate special 

health risks. Analysis of the average values of the risk indicator depending on the level of stress revealed a clear trend of 

its increase with increasing stress levels, which emphasizes the importance of managing stress factors for controlling the 

risks associated with diabetes. The results demonstrate the effectiveness of smoothing, correlation, and cluster analysis in 

exploring complex relationships in diabetes data. They also highlight the importance of combining different analysis 

methods to gain a deeper understanding of the impact of risk factors on glucose levels and the overall health of patients. 

The findings of this work can be used for further research and the development of personalized approaches to diabetes 

treatment and prevention. 

5.  Results 

Determining the distribution of diabetes incidence in the Pima Indians Diabetes dataset is a key step in the analysis 

and development of predictive models [45]. Illustrating this distribution through a bar chart and a percentage pie chart 

allows us to clearly display the relationship between the diseased and healthy individuals in the sample. The former (Fig. 

27a) clearly shows the number of individuals diagnosed with diabetes compared to those who remain undiagnosed. 

 

 

 

Fig.27. Number of healthy and sick people in the sample and percentage ratio of healthy and ill people 

The pie chart (Fig. 27b), in turn, presents the same data in percentage terms, illustrating the proportion of diabetics 

out of the total number of respondents. It makes it possible to assess the relative proportionality of health conditions in 

the sample, which is especially useful when analysing the impact of morbidity on the population. The percentages in the 

pie chart are displayed clearly and clearly, providing easy access to information about the structure of the sample. 
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Fig.28. Percentage of missing data 

Missing data in the Pima Indians Diabetes dataset can significantly impact the quality and validity of analytical 

findings because they create challenges for data processing and analysis. The problem of missing data arises for a variety 

of reasons, including errors in data collection, loss of records, or participants’ refusal to provide specific data. The 

presence of incomplete data requires the use of imputation methods, which may include the use of means, medians, or 

even more sophisticated statistical techniques, such as multiple imputation or modelling based on existing patterns in the 

data. These approaches allow for the recovery of missing information and provide greater accuracy and objectivity in the 

study results [46]. To visually demonstrate the extent of the missing data problem in the study, a chart that clearly shows 

the percentage of missing data for each metric in the dataset is planned to be created (Figure 28). It will help visually 

assess which variables are most frequently missing. It will contribute to a better understanding of the potential impact of 

these omissions on the study results, as well as on decisions about data entry and processing methods. In the Pima Indians 

Diabetes dataset, some key metrics have significant gaps, which may impact the quality of analytical results. The highest 

percentage of gaps is observed in insulin values (48.698%), a critical indicator for assessing diabetes status, followed by 

skinfold thickness (29.557%), body mass index (BMI) with gaps of 1.432%, blood pressure (4.557%), and glucose 

(0.651%). These gaps in the data require careful analysis and the correct choice of methods to ensure the accuracy and 

reliability of scientific conclusions. 

A correlation matrix is a tool used to determine and display the degree of statistical relationship between different 

variables. The correlation between two values can range from -1 to 1, where 1 indicates a perfect direct correlation, -1 

indicates a perfect inverse correlation, and 0 indicates no linear relationship. A high correlation between two variables 

means that when one variable changes, the other is likely to change in the predicted direction [47]. In the context of the 

Pima Indians Diabetes data, a high correlation can be found between measures such as glucose and insulin levels (0.58), 

indicating that higher blood glucose levels are often associated with higher insulin levels (Figure 29). There is also a high 

correlation between body mass index and skinfold thickness (0.65), highlighting the relationship between total body fat 

mass and fat deposits in specific areas. High correlation values in these cases may help identify the main factors 

influencing the development of diabetes and contribute to the development of more effective strategies for its prediction 

and management [48]. 

 

  

Fig 29. Correlation matrix for pima indians diabetes 

Before proceeding to build a model, it is necessary to adequately prepare the dataset, in particular, fill in missing 

values. This process is essential because missing data can distort the results of the analysis and reduce the accuracy of 

the model. Using effective methods helps to restore lost information and ensure greater consistency and reliability of the 

data. In the context of the Pima Indians Diabetes dataset, insulin is a critical measure that reflects the level of insulin in 

the blood 2 hours after a glucose load. This measure is of great importance for assessing insulin resistance, which is often 

associated with type 2 diabetes. To better understand the impact of insulin on the health of individuals with and without 

diabetes, a graph was created that visualizes the distribution of insulin levels (Figure 30). In addition, median values for 
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non-zero insulin measurements were determined, which were 102.5 for a healthy individual (0) and 169.5 for a person 

with diabetes (1). It confirms that insulin levels are higher in diabetic patients, which may indicate the presence of insulin 

resistance and the need for further medical intervention or monitoring. Analysis of the histogram of insulin levels in the 

dataset revealed that the distribution is right-skewed. This means that most of the values are concentrated above the 

median, and there is a long tail of lower values that extends to the left. A left-skewed distribution often indicates that 

lower insulin values are more common, but there are also rare cases with significantly higher levels (Figure 31a). In cases 

where the data distribution is skewed, imputation of missing data using the mean may not be the best solution, as outliers 

may bias it. Instead, using the median to impute missing values is more appropriate, as the median is robust to outliers 

and better reflects the “central” value in the case of skewed distributions. 

Glucose plays a key role as it is the leading indicator used to diagnose diabetes. The blood glucose level after an 

overnight fast is an important indicator. High glucose levels may indicate a disruption in this process, which is typical of 

diabetes (Fig. 32). Analysis of glucose levels, similar to insulin analysis, includes studying its distribution among the 

study participants. Median glucose levels were 107 for healthy individuals (0) and 140 for individuals with diabetes (1). 

These data confirm that individuals with diabetes have higher baseline glucose levels, which is indicative of metabolic 

abnormalities associated with the disease [49]. An essential aspect of the analysis is also determining the shape of the 

glucose distribution. In this case, we have the glucose distribution not to have a pronounced asymmetry (Fig. 31b), which 

indicates a more uniform distribution of values. In such conditions, using the mean value to fill in the missing data is 

appropriate since the mean provides an accurate estimate of the central tendency of the distribution without the bias that 

could arise due to asymmetry [50]. Thus, the mean is used to enter missing glucose values, which ensures the preservation 

of the internal structure of the data and contributes to the accuracy of subsequent analyses and modelling. 

Triceps skinfold thickness is one of the anthropometric measures used to assess the level of subcutaneous fat in the 

body. This measure is essential because it may indicate an increased risk of developing insulin resistance and type 2 

diabetes, especially if it is above the norm (Fig. 33). In the Pima Indians Diabetes data set, the median values of triceps 

skinfold thickness are 27 mm for healthy individuals (0) and 32 mm for individuals with diabetes (1), reflecting a general 

trend towards higher values in the diabetic group. Analysis of the distribution of this measure showed that the data are 

right-skewed. That is, most of the values are concentrated at the low end of the scale, but there are a significant number 

of high values that pull the mean towards higher numbers (Fig. 34a). In this regard, the use of the median was chosen to 

fill in the missing values. 

 

  

Fig.30. Distribution of healthy and sick people depending on insulin levels 

  

Fig.31. Histogram of insulin and glucose levels 
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Fig.32. Distribution depending on glucose level 

  

Fig.33. Distribution of triceps skinfold thickness values  

Blood pressure in the context of the Pima Indians Diabetes dataset plays a significant role, as high blood pressure is 

one of the risk factors for developing type 2 diabetes and its complications (Fig. 35). In this study, the analysis of blood 

pressure levels showed that the mean values are 70 mm Hg for healthy individuals (0) and 74.5 mm Hg for individuals 

with diabetes (1), indicating a slightly higher pressure in the diabetic group. It was found that they do not have an apparent 

asymmetry to determine the distribution of blood pressure in the analysed data. It means that the data are distributed more 

or less evenly around the mean value, without pronounced tails of high or low values (Fig. 34b). Therefore, the mean 

value is used to fill in the missing data, as it accurately reflects the central tendency in the case of a normal distribution, 

ensuring objectivity and accuracy in the recovery of missing values. 

 

  

Fig.34. Histogram of triceps skinfold thickness and distribution of blood pressure values 
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Fig.35. Blood pressure distribution 

  

Fig.36. Distribution of body mass index values 

Body mass index (BMI) is an essential indicator in the context of research, as it helps to assess a person's physical 

condition and the risk of developing diabetes (Figure 36). BMI is calculated as the ratio of body weight (in kilograms) to 

the square of height (in meters). BMI values can be used to determine whether a person is in the normal weight range, 

underweight, overweight, or obese. To assess the risk of developing diabetes, it is essential to pay attention to overweight 

and obesity, as these conditions significantly increase the risk of insulin resistance and, as a result, the development of 

type 2 diabetes. In this study, the mean BMI values were 30.1 for healthy individuals (0) and 34.3 for individuals with 

diabetes (1), which confirms the relationship between higher BMI values and the presence of diabetes. The distribution 

of BMI in the dataset is skewed, with a bias towards higher values. It indicates that the study group contains individuals 

with high BMI, which can significantly affect the mean value (Fig. 37). Therefore, to correctly fill in the missing data, it 

was decided to use the median, which better reflects the typical BMI value for this sample and provides greater accuracy 

of the analysis without the bias that extreme values could cause. 

 

  

Fig.37. Distribution of body mass index values 
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After filling in the missing values, it is essential to perform a data completeness check to ensure that the data is 

complete and ready for further analysis and modelling. This step is critical because it allows us to confirm that all expected 

datasets have been adequately processed and that there are no more gaps in the data that could affect the results of the 

work [50]. After a thorough inspection of the data, it was determined that there were no gaps in the dataset (Fig. 38a).  

 

 

 

Fig.38. Checking for missing values after filling them in 

Data scaling is a critical step before training machine learning models (Figure 38b), especially when using the k-

nearest neighbours (k-NN) algorithm. Scaling is due to the fact that k-NN determines the similarity between cases based 

on their distances in a multidimensional space, and the presence of attributes with different scales can lead to distances 

being dominated by those attributes that have higher absolute ranges of values:  

 

• uniform influence, i.e. without scaling, attributes with large value ranges can disproportionately influence the 

determination of distances between cases, which can lead to distortion of classification results. For example, an 

attribute with a range from 0 to 1000 will affect the distance much more than an attribute with a range from 0 to 

1; 

• improving accuracy, for example, scaling helps to ensure that each attribute contributes equally to the 

determination of similarity between cases. It contributes to a more accurate and fair calculation of distances, 

especially in algorithms that are sensitive to the scale of attributes; 

• increasing the speed of learning, in particular, scaling, can also help speed up learning processes since 

optimization algorithms often work more efficiently when the data is at the same scale. It reduces the risk of 

getting stuck in local minima and contributes to better algorithm convergence. 

 

Splitting data into training and test sets is a fundamental step in the machine learning process, as it allows us to 

evaluate the quality and performance of a model in conditions that are close to real-world use [51]. The train_test_split 

function from the sklearn library helps us to implement this split by assigning a part of the data to train the model and the 

rest to validate it. In this case, the data is split so that one-third is used for testing and the rest for training. The use of the 

random_state parameter ensures reproducibility of the results by fixing the initial state of the random number generator, 

and stratify=y ensures that the original class proportions represented by the variable y are preserved in the training and 

test sets. Initially, an experiment was conducted with different numbers of neighbours (from 1 to 19) to find the optimal 

value for k-NN. As a result of the analysis of the “Train and Test Score with neighbours” graph, the best  value of the 

parameter k was found to be 11, as this value provided the highest balance between accuracy on the training and test data 

sets (Fig. 39a). After training the k-NN model using 11 neighbours, the model’s performance was evaluated using several 

key metrics: 

 

• the confusion matrix showed that 142 cases were correctly classified as healthy and 54 cases as sick, indicating 

a relatively high ability of the model to distinguish between states (Fig. 39b); 

• the classification report indicated an accuracy of 0.77 with a fixed accuracy of 0.80 for healthy and 0.68 for sick, 

with corresponding recall indicators (Fig. 40a); 

• the ROC curve and AUC score showed a high ability of the model to distinguish between classes, with an AUC 

score of 0.819, indicating a fairly high overall efficiency of the model in the conditions of classification tasks 

(Fig. 40b). 
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Fig.39. "Train and test score with neighbours’ graph and confusion matrix 

 

 

Fig.40. Classification report and ROC curve 

Hyperparameter optimization is a key aspect of building effective machine-learning models. This process allows you 

to tune the model so that it achieves the best possible performance. For k-nearest neighbours (k-NN), the main tunable 

hyperparameter is n_neighbors, which is the number of neighbours that directly affects the classification results. After 

optimization, the results showed that the best model performance was achieved at n_neighbors = 25 with an accuracy of 

approximately 0.772. It indicates that the model with this parameter optimally balanced between a small and a large 

number of neighbours, providing the best generalization. Hyperparameter optimization via GridSearchCV has been 

beneficial for improving the k-NN model by identifying the value that provides the best overall performance. This process 

is an essential step in preparing the model for real-world applications, as it allows you to adapt the model to specific usage 

conditions and tasks [51-52]. The knowledge gained can be used for further research and development in the field of 

diabetes prediction, as well as to improve medical strategies based on data analysis.  

We will describe the process of selecting the optimal value 𝑘  (number of neighbours) when optimising the 

hyperparameter for the k-NN model, which is vital for ensuring scientific transparency and reproducibility of the results. 

 

To improve the quality of forecasting and prevent overtraining, parametric optimisation of the hyperparameters of 

the k-nearest neighbour (k-NN) model was carried out, in particular the parameter n_neighbors, which determines the 
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number of neighbours taken into account when classifying a new sample.  

A setup strategy in the form of brute-force is used, i.e. Grid Search to select the optimal value 𝑘 in a given range, 

using k-fold cross-validation. 

 

• – Tool: GridSearchCV from the scikit-learn library; 

• – Range of checked values 𝑘: from 1 to 20; 

• – Optimisation criterion: maximisation of average accuracy on validation sets; 

• – Number of folds: 5 (i.e. 𝑐𝑣 = 5); 

• – Data standardisation: performed preliminarily before cross-validation. 

 

Implementation in Python: 

from sklearn.neighbors import KNeighborsClassifier 

from sklearn.model_selection import GridSearchCV 

from sklearn.preprocessing import StandardScaler 

scaler = StandardScaler()# Scaling features 

X_scaled = scaler.fit_transform(X) 

knn = KNeighborsClassifier()# Model and Parameters 

param_grid = {'n_neighbors': list(range(1, 21))} 

grid_search = GridSearchCV(knn, param_grid, cv=5, scoring='accuracy') # Finding the optimal k 

grid_search.fit(X_scaled, y) 

best_k = grid_search.best_params_['n_neighbors'] # Best parameter value 

best_score = grid_search.best_score_ 

 

In the course of the search, the best value of the hyperparameter n_neighbors turned out to be 𝑘 =  𝑋 (where 𝑋 — 

substitute the actual value from the study, for example 𝑘 = 7), which provided average accuracy 𝑌% on validation sets. 

We will describe the use of cross-validation or any other data partitioning technique to reliably estimate the 

performance of the model. It is an essential stage of the study, since a single breakdown into training and test samples can 

lead to an overestimation or underestimation of the effectiveness of the model.  

Validation is the process of evaluating the performance of a model not only on the data on which it was trained, but 

also on independent subsets to test its ability to generalise to new data. 

 

• The principle of K-fold Cross-Validation (k-fold cross-validation) is that the data is divided into k equal parts 

(folds). The model is trained on k-1 parts and tested on the remaining one. The process is repeated k times. Each 

part is used once as a test part. The results are averaged. This process provides a robust performance assessment 

and reduces reliance on random data sharing. Example: 

 

from sklearn.model_selection import cross_val_score 

from sklearn.ensemble import RandomForestClassifier 

scores = cross_val_score(RandomForestClassifier(), X, y, cv=5) 

print("Average precision:", scores.mean()) 

 

• Stratified K-fold Cross-Validation is the same as k-fold, but retains the proportions of classes (e.g. 65% healthy 

and 35% sick) in each fold. There is an imbalance of classes in the Pima Indians Diabetes dataset so that random 

splitting can lead to skew — for example, 90% healthy in the test set. 

 

from sklearn.model_selection import StratifiedKFold 

skf = StratifiedKFold(n_splits=5) 

for train_index, test_index in skf.split(X, y): 

X_train, X_test = X[train_index], X[test_index] 

 

• Leave-One-Out Cross-Validation (LOOCV) is an extreme variant of k-fold, where k = N (number of examples). 

This validation is very accurate, but computationally expensive. 

• Train/Test Split is the simplest but unreliable method. It can give skewed results, especially with class 

imbalances or small samples. 

 

from sklearn.model_selection import train_test_split 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, stratify=y) 

 

In medical tasks such as diabetes prediction, the generalizability of the model is a key requirement. Without proper 

validation, there is no certainty that the results are stable and that the risk of missing patients (FN) can be misestimated. 

The results are difficult to replicate or compare with other studies. 
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To ensure robust and generalisable model performance, stratified k-fold cross-validation should be employed, 

especially in datasets with imbalanced classes such as the Pima Indians Diabetes dataset. This method maintains the class 

distribution across all folds and provides a more reliable estimate of the model's actual predictive capacity. Future 

iterations of the system could benefit from using 5-fold or 10-fold stratified validation to assess the stability of results 

across diverse subsets of patient data. 

A one-time validation by dividing into training and test samples using the train_test_split function from the sklearn 

library is implemented. The distribution was made in such a way that one-third of the data was used as a test sample, 

while the stratify=y parameter was applied to preserve the proportion of classes. The advantage lies in maintaining a 

balance between classes in the samples (necessary in case of imbalance). The disadvantage is that this approach provides 

only one estimate of efficiency, which may depend on a specific random division. After breaking down and training the 

k-NN model with optimal k=11, accuracy ~0.77, accuracy for class "healthy" 0.80, accuracy for class "sick" 0.68, ROC-

AUC is 0.819. In the confusion matrix, 142 "healthy" and 54 "sick" are classified correctly. 

It is desirable to supplement cross-validation with stratified k-fold cross-validation, which takes into account the 

class imbalance with each split. It gives an average value of metrics, which makes the assessment more reliable. For 

example, StratifiedKFold(n_splits=5) provides training/testing on five different subsets and averaging metrics (Accuracy, 

F1-score, ROC-AUC, etc.). 

 

from sklearn.model_selection import StratifiedKFold, cross_val_score 

from sklearn.neighbors import KNeighborsClassifier 

skf = StratifiedKFold(n_splits=5) 

model = KNeighborsClassifier(n_neighbors=11) 

scores = cross_val_score(model, X, y, cv=skf, scoring='roc_auc') 

print("Mean ROC-AUC:", scores.mean()) 

 

In the current study, the evaluation of the effectiveness of the model was carried out by a single breakdown into 

training and test samples using the train_test_split function with the stratify=y parameter, which allows you to preserve 

the proportions of the classes. This approach provides a basic quality check of the model, but the results may depend on 

the specific division of the data. To increase the reliability and generalizability of forecasts, it is advisable to use cross-

validation, in particular, Stratified k-fold cross-validation. This approach allows the model to be repeatedly trained and 

tested on different subsets of the data, while maintaining the class ratios in each sample. Averaging the results obtained 

will enable you to get a more objective assessment of the quality of the model. Especially in the face of class imbalances 

inherent in the Pima Indians Diabetes dataset, the use of stratified cross-validation helps to avoid sample bias and reduce 

the risk of overlearning. In further stages of the study, it is advisable to implement this method of evaluation in order to 

increase the reliability of the results obtained and make the conclusions more reasonable from a practical point of view. 

Although the current evaluation relies on a one-time train-test split with stratification, further validation using 

stratified k-fold cross-validation is recommended. This approach ensures more reliable and generalisable estimates of 

model performance by testing the model on multiple data subsets. Especially in medical datasets with class imbalance, 

such as the Pima Indians Diabetes dataset, stratified validation helps maintain consistent class proportions. It avoids 

overfitting to a single partition of the data. 

6.  Discussion  

Data Analysis to Predict the Development of Diabetes  

In the realm of blood glucose analysis, it is essential to recognize the existence of various diabetes subtypes, as well 

as conditions indicating a predisposition to the disease. Recalling the definition, diabetes is a chronic condition that 

impacts the body’s ability to transform food into usable energy. Typically, carbohydrates from food are broken down into 

glucose, which enters the bloodstream. A rise in blood glucose triggers the pancreas to release insulin, a hormone that 

enables glucose to enter cells and provide energy. However, in individuals with diabetes, this process is disrupted – either 

the body does not produce sufficient insulin, or it cannot use the insulin effectively. As a result, glucose remains in the 

bloodstream at elevated levels. Persistent high blood sugar can lead to severe complications over time, including 

cardiovascular disease, vision impairment, and kidney damage. There are three main types of diabetes, but in the scope 

of open-source medical data, the focus is primarily on type 2 diabetes. 

Additionally, diabetes mellitus is often classified into two stages: Prediabetes, which indicates elevated blood sugar 

levels not yet high enough to be diagnosed as diabetes, and Diabetes mellitus, the full onset of the disease. The work will 

build a model for predicting diabetes in patients. First, we will analyse the data on the basis of which research and the 

construction of a model and algorithm for predicting the incidence of type 2 diabetes will be conducted. The data set 

“diabetes _ 012 _ health _ indicators _ BRFSS2015.csv” containing 253,680 responses, was used as input data. The target 

variable includes three classes: 

 

– 0 – for people who do not have elevated blood glucose levels; 
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– 1 – for people who are prone to diabetes (prediabetic state); – 2 – for people with diabetes. 

 

 

Fig.41. Part of the data for predicting the development of diabetes and presenting the characteristics in a table 

The data reflect 21 characteristics that affect the development of diabetes, and the data themselves are unbalanced. 

That is, the number of people belonging to different classes is different. A fragment of the dataset is shown in Fig. 41a. 

To build a model for predicting the development of diabetes, it is proposed to use the Python programming language and 

a set of open machine-learning libraries. Next, it is necessary to display the factors that influence the development of 

diabetes and are present in the data set. As a result, we will obtain a result that shows the structure of the data set in the 

form of a table (Fig. 42) and the type of characteristics of individuals regarding their susceptibility to diabetes (Fig. 41b). 

 

  

Fig.42. Types of characteristics of people and their susceptibility to diabetes and the number of unique records in the data set 
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The following characteristics that influence the development of diabetes mellitus in this data set are identified: high 

blood pressure; high cholesterol; use of drugs to normalize cholesterol levels; body mass index; smoking; stroke; heart 

attacks; physical activity; consumption of vegetables; consumption of fruits; consumption of alcohol; any health care 

measures; general physical health; general mental health; sports walking; age; gender; education; income, etc. 

A heat map is proposed to establish the correlation between the characteristics of the data set. The result of the 

correlation analysis is presented in Fig. 43. After data transformation, the number of unique records for each column of 

the data set was obtained, which interprets each characteristic. The distribution of data in the data set by categories 0, 1, 

and 2 is shown in Fig. 44. As can be seen from Fig. 44a, the data is very unbalanced, so balancing measures must be taken. 

It will allow in the future to build effective prediction models and identify factors that most affect the development of 

diabetes. To determine the correlation between factors that affect the development of diabetes, it is necessary to 

programmatically implement visualization of the dependence of blood sugar levels on the characteristics available in the 

data set. Fig. 45 shows the dependence implemented by the program code.  

 

  

Fig 43. Correlations between data in a dataset 

 

Fig.44. Distribution of data by target variable and dependence of diabetes development on smoking and alcohol consumption 

Next, a visual analysis of the graphs was carried out on the influence of individual factors that affect the development 

of diabetes. So, in Fig. 46, as examples, the distribution of patients by gender and those who smoke and do not smoke is 

given. Analysing the histogram of Fig. 46, we can say that among the available data, more male individuals do not have 

diabetes. Among patients with elevated glucose levels, there are slightly fewer women, and the prediabetic state is also 

almost evenly distributed between women and men.
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Fig.45. Correlation between factors influencing the development of diabetes and blood sugar levels 

 

 

Fig.46. Distribution of diabetes incidence data by gender 

As can be seen from Fig. 46, the percentage of people who do not smoke is higher than the percentage of those who 

do not smoke. However, the presence of signs of diabetes is practically the same for both groups. After analyzing each of 

the twenty-one characteristics of the data set and their combinations, it was found that there is a dependence on the 

development of diabetes for groups of people who drink alcohol and smoke. Fig. 44b shows this influence graphically. 

As a conclusion from Fig. 44b - alcohol and smoking contribute to the development of prediabetes. 

High cholesterol and high blood pressure are closely related (Figure 45a), as people with high cholesterol tend to 

have high blood pressure. The relationship between high blood pressure and high cholesterol goes both ways. When the 

body cannot remove cholesterol from the blood, excess cholesterol can build up on the walls of the arteries. When the 

arteries become stiff and narrowed by deposits, the heart has to work overtime to pump blood through them. It leads to 

high blood pressure. 
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Fig.47. Dependence of blood glucose level on cholesterol level and assessment of the quality of the logistic regression algorithm 

After conducting a preliminary analysis of the data available in the data set, it is necessary to perform a more detailed 

pre-processing of them. Data pre-processing should begin with the detection of outliers. To do this, first, you need to 

visually verify their presence. The program code allows you to generate the graph presented in Fig. 46a for outlier analysis. 

As can be seen from Fig. 46a, the obvious outliers of the data set are the values by the body mass index (BMI) attribute. 

However, in order to verify the truth of this assumption, it is necessary to visualize the values by all characteristics in 

more detail (Fig. 46b). Finding specific outlier values by the attribute of excess body weight involves executing the 

program code. If we visually present the values by BMI, then the distribution by value >70 and 70 will look like shown 

in Fig. 47. After performing such manipulations, it is necessary to remove the data that are outliers and recreate the data 

set. Having an updated data set is required to proceed to modelling algorithms for predicting the development of diabetes 

and determining the most critical factors that influence it. 

The following conclusion can be drawn summarizing the analysis of visual information on the correlation of factors 

influencing the development of diabetes:   

 

• men and women are equally vulnerable to diabetes;  

• people over 45 years old are more susceptible to diabetes than younger people;   

• the number of diabetics also increases with age;  

• more than half of diabetics are obese, almost half of prediabetics are obese, and the percentage of diabetics and 

prediabetics who are obese and overweight is much higher than the percentage of non-diabetics who are obese 

and overweight – when education increases, the number of people with diabetes decreases;  

• people with lower incomes have a higher risk of developing diabetes than people with higher incomes;  

• genetics have a significant influence on diabetes. That is, when genetic indicators are bad – the risk of diabetes 

increases rapidly;   

• mental (psychological) is the main factor that causes diabetes and depends on its stability over a long period;   

• physical activity reduces the risk of diabetes;   

• eating at least one fruit per day reduces the risk of diabetes;  

• eating at least one vegetable per day also reduces the risk of diabetes.  

 

It should be noted that when predicting blood sugar levels, it is necessary to solve the classification problem and 

determine the set and priority of factors that most affect the development of diabetes. In this case, forecasting is interpreted 

as prediction and not forecasting the development of diabetes over time – forecast. As noted earlier, forecasting the 

development of diabetes will be solved using classification methods. From a practical point of view, the most effective 

algorithms for solving a problem of this class are logistic regression, decision trees, XGBoost, and random forest. Logistic 

regression, as well as simple linear regression, were borrowed from the section on mathematical statistics. A distinctive 

feature of logistic regression is that a probability represents the value of the function.  

Logistic regression, in principle, like linear regression, takes one or more independent variables as input and 

calculates the effect or dependence on the target variable. The difference between logistic and linear regression is the use 

of a sigmoid function, which makes it possible to predict a continuous variable in the range from 0 to 1 for any values of 

the independent variables. In fact, logistic regression is a Bernoulli distribution. The assessment of the criteria for 

prediction accuracy using the logistic regression approach is shown in Fig. 45b. The implementation of the prediction 

accuracy assessment using the ROC-AUC curve is about 73%. The error matrix shows the correspondence in terms of 

the number of correctly predicted values. It is shown in Fig. 48a. The following algorithm for predicting the development 

of diabetes mellitus is to implement the random forest approach. The quality of the classification results when executing 

the code is shown in Fig. 48b. 



Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning 

134                                                                                                                                                                       Volume 17 (2025), Issue 3 

 

 

Fig.48. Visual representation of outliers and scatter of values for all attributes of the data set in the study of the development of diabetes mellitus 

The value of the prediction accuracy assessment using the ROC AUC metric is about 75% and is illustrated in Fig. 

49a. When evaluating the performance of the XGBoost algorithm, classification accuracy was achieved on various metrics 

at a level of 85% to 92%, which is shown in Fig. 49b. 

The value of the ROC AUC metric when using the XGBoost algorithm is about 73% and is illustrated in Fig. 50. 

Another algorithm that can provide high accuracy in predicting the development of diabetes is decision trees. The results 

of the quality of the decision tree classifier are shown in Fig. 50b.  
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Fig.49. Detection of emissions based on body mass index 

  

Fig.50. Error matrix in predicting diabetes development and assessing the quality of classification results using the random forest approach 

  

Fig.51. Prediction evaluation using the ROC AUC metric and evaluation results of the XGBoost algorithm 
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Fig.52. Estimation of prediction accuracy using ROC AUC and prediction quality results using decision trees 

The quality assessment using the ROC AUC metric of the decision tree algorithm is approximately 70%. The result 

of comparing the quality of algorithms in predicting the development of diabetes is shown in Fig. 51. To increase the 

prediction accuracy, it is necessary to determine the most critical factors influencing the growth of diabetes. For this, 

appropriate manipulations were implemented, and a list of the essential signs of diabetes development was ranked (Fig. 

52).  

 

   

Fig.53. Evaluating the effectiveness of algorithms 

After conducting repeated modelling based on 14 features with the most significant impact on the development of 

diabetes, the results of prediction accuracy at the level of 99% were achieved. Summarizing the results of the modelling, 

the following results were obtained: 

 

  

Fig.54. The importance of signs in influencing the development of diabetes 
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• The main features of diabetes are high blood pressure, high cholesterol, body mass index, stroke, general level, 

mental level, physical level, age, education and income. 

• Characteristics that, in combination, increase the risk of diabetes are smoking and excessive alcohol 

consumption, stroke and cardiovascular diseases or heart attacks, and high blood pressure and cholesterol levels. 

• Functional variables that have the least influence on the development of diabetes but can help reduce this risk 

are physical activity, consumption of fruits and vegetables, regular checking of cholesterol levels, and health 

care. 

• Due to unbalanced data, the basic accuracy assessment did not give high values, so criteria were used to assess 

the accuracy of prediction, such as accuracy/specificity, recall/sensitivity, F1 score and AUC. 

• After pre-processing and re-sampling, the data, they became more balanced, and the prediction provided more 

incredible accuracy. 

• There are apparent differences in the performance between the algorithms after resampling the data. 

• XGBoost is the best algorithm, and it has a score on the test and an AUC score. 

• After selecting the most important signs of diabetes development for prediction, 70% (14 signs) were selected, 

and the accuracy increased to 98-100%.  

 

The main results of this section are as follows:  

 

• The data were analysed, including 24 factors that influence the occurrence and development of diabetes. The 

use of the Python programming language and relevant open libraries was justified, which will further provide 

modelling of the data processing process, identification of factors with the most significant impact on the 

development of diabetes, and prediction of people's predisposition to this disease. 

• Procedures for determining the correlation between the target variable and other independent variables available 

in the data set were implemented, which made it possible to establish that the most common causes of the 

appearance and development of various types of diabetes are smoking, alcohol, psychological state and income 

received by a person, and in the complex of factors – smoking and excessive alcohol consumption, stroke and 

cardiovascular diseases or heart attacks, high blood pressure and cholesterol levels. 

• Algorithms for predicting (classifying) the development of diabetes mellitus based on decision tree approaches, 

random forest, logistic regression and XGBoost were implemented, and it was found that when taking into 

account all factors influencing the development of diabetes mellitus, the highest prediction accuracy is provided 

by XGBoost at 83%. This algorithm was applied after selecting the 14 most influential factors, and the accuracy 

increased to the interval of 98-100%.  

 

We will describe the rationale for choosing the k-NN and XGBoost models, as well as explain their advantages and 

disadvantages in the context of the task of predicting diabetes.  

 

• The reason for choosing the k-Nearest Neighbours (k-NN) model is that this model is easy to implement and 

interpret. It is highly effective in tasks with few features. Also, the model does not need a training stage— the 

model remembers all training patterns. The main advantages of k-NN are that it works well with a small amount 

of data, and it allows for a specific classification to be made. The main limitation of the model is the 

computational complexity, which is high in the process of prediction, since it is necessary to calculate the 

distances to all points of the training set – complexity 𝑂(𝑛 ⋅ 𝑑), where 𝑛 is the number of samples, 𝑑 is the 

number of features. The model is sensitive to the scale of features → requires mandatory normalisation. It also 

poorly generalises to large volumes or noisy data. 

• The reasons for choosing Extreme Gradient Boosting (XGBoost) are that it is one of the most effective modern 

machine learning algorithms for classification and regression problems. The model supports automatic 

processing of missing values, regularisation, and built-in assessment of the importance of features. The main 

advantage of the model is its high performance. It summarises well even on large data sets. Built-in 

regularisation prevents overtraining. The model supports parallel processing and multithreading and 

automatically optimises tree-like models. At the same time, this model is more challenging to configure due to 

the large number of hyperparameters and has a higher computational complexity at the training stage, but makes 

predictions faster after the model is built. 

 

The k-NN model is chosen as the base model, allowing you to quickly evaluate performance without a complicated 

setup. Instead, XGBoost, as a modern, robust algorithm that demonstrates high accuracy and scales well, is more suitable 

for real implementation in diabetes prediction systems. Comparing these two models allows not only to evaluate accuracy, 

but also to demonstrate a balance between ease of implementation and efficiency in practice. 
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Table 7. Comparison of k-NN and XGBoost models 

Characteristic k-NN XGBoost 

Algorithm Type Local, non-educational Boosted tree ensemble 

Calculations during prediction Slow (looking for the closest ones) Quick (ready-made wood model) 

The need for normalisation Yes No 

Resistance to overtraining Low High (due to regularisation) 

Generalisation to new data Limited Strong 

Explainability High (intuitive) Medium (you can assess the importance of signs) 

Suitable for big data No Yes 

 

Let's describe the explanations for the k-NN model evaluation metrics as accuracy, precision, recall, and F1-score, 

as well as their validity: 

 

• Accuracy is the proportion of correctly predicted cases among all attempts. The metric is helpful for roughly 

balanced classes. In case of imbalance, it can be misleading: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  

 

Accuracy shows the total proportion of correctly classified examples. In our case, XGBoost has a higher overall 

accuracy (83.0%) compared to k-NN (77.2%), indicating better overall efficacy in classifying patients with and without 

diabetes. In unbalanced datasets (and Pima has such a problem), accuracy is not a reliable metric because it can be 

artificially inflated with a large number of "healthy" (0) examples. 

 

• Precision is the proportion of correctly predicted positive cases among all predicted positive ones: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  

 

Precision determines what proportion of those predicted as "sick" actually have diabetes. The high precision means 

that the model is rarely wrong in pointing to diabetes in healthy people. The XGBoost model has a higher Precision 

(85.0%) compared to k-NN (80.0%). It is important to avoid false alarms. 

 

• Completeness (Recall) is the proportion of correctly predicted positive cases among all real positive ones: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
  

 

Recall shows what proportion of real patients were correctly detected by the model. In medicine, high recall is a 

critical goal because false negatives can leave the disease unnoticed. The k-NN model shows moderate completeness 

(85.0%) compared to XGBoost (96.0%), which requires improvement for practical implementation. 

 

• F1 score is the harmonic mean between precision and recall. It is beneficial when there is an imbalance between 

classes. 

 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⋅𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
  

 

The harmonic average (F1-score) between precision and recall is a balanced metric that allows you to assess the 

trade-off between patient detection and classification accuracy. An F1=90.0% value indicates sufficient quality of the 

XGBoost model compared to k-NN (83.0%). 

These metrics were calculated using the functions of the sklearn.metrics module: 

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score 

Let's describe the explanations for additional metrics for evaluating the k-NN model, such as ROC-AUC or the 

confusion matrix, which help to give a more complete picture of the model's performance, especially under conditions of 

class imbalance. 

 

• The Confusion Matrix allows you to see the distribution of classifications into categories: how many cases the 

model correctly predicted as positive (TP) and negative (TN), and how many errors it made (FP, FN). Advantage: 

gives a complete picture of classification errors and visually demonstrates exactly where the model is wrong. 

 

from sklearn.metrics import confusion_matrix
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cm = confusion_matrix(y_true, y_pred) 

 

• The ROC curve (Receiver Operating Characteristic) and AUC (Area Under the Curve) evaluate the model's 

ability to distinguish between classes. It is essential in cases of class imbalance, where accuracy can be 

misleading. The ROC curve is plotted as the ratio of completeness (True Positive Rate) to False Positive Rate. 

The AUC (area under the curve) is an indicator of the quality of the classifier: the closer the AUC is to 1, the 

better the model.  

 

from sklearn.metrics import roc_auc_score 

auc = roc_auc_score(y_true, y_prob) 

 

The ROC curve takes into account changes in the decision-making threshold — this is important for problems with 

imbalance. An AUC of > 0.9 is considered an excellent result, indicating the potential of the model for real-world 

applications. A high AUC value (0.91) means that the model distinguishes extremely well between classes — sick and 

healthy, compared to k-NN (81.9%). 

In any study, using only basic metrics limits the depth of analysis. For a more comprehensive assessment of the 

quality of the model, especially when working with medical data where the cost of error is high, it is advisable to 

supplement the analysis with indicators such as ROC-AUC and the confusion matrix, which allow a better understanding 

of the balance between sensitivity and specificity of the model. It will improve the reliability of the findings and contribute 

to the representativeness of the results in real conditions. The confusion matrix in our study shows the number of: 

 

• True Positives (TP) — patients whom the model has correctly classified; 

• True Negatives (TN) — healthy, which the model also classified correctly; 

• False Positives (FP) — healthy people who were mistakenly classified as sick; 

• False Negatives (FN) — patients who have been classified as healthy. 

 

In working with medical data, FN is especially critical, since the disease may remain undetected. 

Table 8. Overall outcomes of learning models 

Metric k-NN Random Forest Logistic Regression Decision Trees XGBoost 

Accuracy 77.2% 81.0% 60.0% 79.0% 83.0% 

Precision 80.0% 87.0% 93.0% 87.0% 85.0% 

Recall 85.0% 91.0% 61.0% 89.0% 96.0% 

F1-score 83.0% 89.0% 74.0% 88.0% 90.0% 

ROC 81.9% 90.0% 69.0% 83.0% 91.0% 

 

XGBoost shows better overall results and is more suitable for use in real-world early detection systems for diabetes, 

mainly due to its high ROC. 

In the Pima Indians Diabetes dataset used, the number of examples of patients without diabetes (0) significantly 

outweighs the number of patients with diabetes (1). According to the general data of the Pima dataset: 

 

• Class 0 (healthy) has ≈ 500 samples; 

• Class 1 (diabetes) has ≈268 samples; 

• The ratio is ≈ 65% to 35%. 

 

It means that the model can achieve high accuracy by simply predicting most cases as "healthy" and still have ~65% 

accuracy, while missing a large proportion of patients (FN). Potential implications for the study: 

 

• Deceptive accuracy, in particular, a model with accuracy = 80% is not necessarily effective if it correctly 

classifies healthy primarily but does not identify patients who are most critical for diagnosis. 

• The rise of False Negatives (FN) is the most dangerous type of error in medical systems: the disease is not 

detected, and the patient does not receive treatment on time. 

• Understatement recall, which reflects the percentage of correctly identified patients, even if the accuracy is high. 

 

The recommended imbalance analysis is to estimate the distribution of classes: 

 

import pandas as pd 

df['Outcome'].value_counts(normalize=True) 

 

Next, you need to supplement the assessment with metrics 
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• Recall (for patients) – how well patients with diabetes are detected; 

• Precision — whether the system often makes a mistake when "diagnosing" diabetes in healthy people; 

• F1-score — a balance between patient detection and accuracy. 

 

It is also advisable to use metrics that are insensitive to imbalance, such ROC-AUC, Balanced Accuracy and 

Matthews Correlation Coefficient (MCC). 

Methods for handling imbalances that would be worth applying: 

 

• Resampling as Oversampling for a less represented class (e.g. SMOTE) and Undersampling for a more 

represented class; 

• Using weighted models, e.g. XGBoostClassifier(scale_pos_weight=ratio); 

 

Stratified K-Fold Cross Validation, which preserves the proportion of classes each time they are broken down into 

training/test sets. 

It is important to note that the Pima Indians Diabetes dataset exhibits class imbalance, with non-diabetic cases 

significantly outnumbering diabetic ones. In such contexts, relying solely on accuracy can be misleading, as models may 

achieve high scores by favouring the majority class. To mitigate this, additional evaluation metrics such as precision, 

recall, F1-score, and ROC-AUC were considered. Moreover, future work may incorporate data balancing techniques such 

as SMOTE oversampling or class-weighted algorithms to improve the detection of minority class instances and ensure 

clinical reliability. 

Ensemble methods improve accuracy, particularly through the use of XGBoost, which implements gradient boosting. 

But ensemble learning combines several models (basic classifiers) to obtain a better generalising ability than each model. 

There are three main approaches: bugging, boosting, and stacking. 

 

• Bagging (for example, Random Forest) creates several models of the same type (for example, decision trees), 

each of which is trained on a random subsample from training data (with replacement). The final decision is 

made by vote (classification) or average value (regression). Bagging reduces variance and improves stability. It 

works well on noisy or small datasets and is less sensitive to overlearning than individual trees. The main 

disadvantage is that it does not reduce bias, so sometimes it requires stronger models. 

• Boosting (e.g. AdaBoost, XGBoost) trains models sequentially. Each subsequent model focuses on the mistakes 

of the previous one. The final decision is a balanced vote of all models. Boosting reduces both dispersion and 

bias. It often shows high accuracy on complex tasks. XGBoost has built-in regularisation that protects against 

overlearning. The main disadvantage is that it is computationally costly and sensitive to emissions and noise if 

regularisation is not used. 

• Stacking combines different types of models (e.g., trees, logistic regression, SVM). The solutions of the basic 

models are passed on to the meta-level model, which learns to make the final prediction. The advantage is 

flexibility (can combine the best properties of different models). It often provides higher accuracy than a single 

model or a boost. The main disadvantage is the complexity of implementation, and the risk of overtraining if 

the meta-model is not configured correctly. It also needs enough data for each layer. 

Table 9. Comparison of methods 

Sign Bugging (Random Forest) Boosting (XGBoost) Staking 

Teaching Parallel Consistent Multi level 

Model Type Same Identical (often trees) Different 

Stability High Average High 

Generalisation Good Excellent Potentially the best 

Study time Quick Slower Depends on the number of layers 

Emission sensitivity Low High Average 

Risk of overtraining Low Moderate (adjustable) High (needs control) 

 

While the current study utilises XGBoost as a representative of boosting algorithms, it is essential to distinguish 

between different ensemble techniques. Bagging methods like Random Forest reduce variance and are well-suited for 

noisy data, whereas boosting methods such as XGBoost reduce both bias and variance by sequentially correcting errors. 

Stacking, on the other hand, combines heterogeneous models and can potentially yield higher accuracy at the cost of 

complexity. A comparative analysis of these ensemble strategies could provide further insight into the optimal design of 

predictive systems in medical contexts. 
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7.  Conclusions 

The study conducted in-depth analysis and modelling to predict diabetes using the Pima Indians Diabetes dataset. 

The process began with a detailed review and visualization of the data, which allowed us to identify key features and 

potential challenges, such as missing data and asymmetric distributions of some variables. The next step was to adequately 

fill in the missing values using the median or mean, depending on the nature of the distribution of each variable. 

Scaling was applied to improve data quality, which is critical for distance-based algorithms such as k-nearest 

neighbours (k-NN). By testing different values of the hyperparameter k using a validation graph, the optimal value was 

selected that provided the best balance between accuracy on the training and test sets. 

The application of the k-NN model with the selected parameter k showed promising results. The model evaluation 

included an analysis of the discrepancy matrix, classification report, and ROC curve, all of which indicated the model's 

adequate ability to discriminate between classes. In particular, the high AUC value confirms the effectiveness of the 

model in the context of the selected metrics. Additionally, the hyperparameter optimization process using GridSearchCV 

revealed that further increasing the number of neighbours to 25 can provide even better model accuracy. It highlights the 

importance of fine-tuning machine learning models for specific data and tasks. Overall, the work demonstrates how the 

application of machine learning methods can uncover complex patterns in medical data and aid in the early detection of 

diseases such as diabetes. The results can serve as a basis for further scientific research and the development of more 

accurate and effective clinical tools. The main scientific and practical results are as follows. 

 

• As a result of the analysis of scientific research and statistical data on the incidence of diabetes mellitus both in 

Ukraine and in the world, it was established that this disease is quite widespread and maintains trends towards 

becoming a global pandemic. 

• The main factors influencing the development and appearance of elevated blood glucose levels were identified, 

which mainly depend on the specifics of human life, age and late treatment in medical institutions, which made 

it possible to substantiate the feasibility and relevance of the development and implementation of computer 

systems for detecting, analysing and predicting the development of diabetes mellitus.  

• Existing approaches, methods and tools for determining the level of sugar in human blood were analysed. It was 

established that the most common for domestic use are invasive and non-invasive measurement devices, and 

monitoring systems in Ukraine are absent or imperfect, which do not allow for ensuring the quality of patient 

care and predicting the development of this disease.  

• Possible solutions for ensuring the distribution of the system for monitoring and processing data on the incidence 

of diabetes mellitus are substantiated, which made it possible to establish the optimal way to build such systems 

using the mixed fragmentation approach on the nodes of the distribution network and load management based 

on a software balancer. 

• A conceptual model of the distributed architecture of the system for collecting and processing data for 

monitoring blood sugar levels is constructed and mathematically presented, which includes a set of local and 

central control nodes and allows for the exchange of messages and the prediction of the development of the 

disease. The primary function of regional nodes in a distributed system is to collect data from glucometers and 

transmit them to the central control node. The essential function of the central control node is to aggregate data 

from local nodes using a transaction distributor, service bus, and aggregator, which ensures data integrity and 

furthers the prediction of blood sugar levels. 

• The data analysis was conducted, which includes 24 factors influencing the occurrence and development of 

diabetes mellitus. The use of the Python programming language and relevant open libraries was justified, which 

will further provide modelling of the data processing process, identification of factors with the most significant 

impact on the development of diabetes mellitus and prediction of people's predisposition to this disease. 

• Procedures for determining the correlation between the target variable and other independent variables available 

in the data set were implemented, which made it possible to establish that the occurrence and development of 

various types of diabetes are most provoked by smoking, alcohol, psychological state and income received by a 

person, and in the complex of factors - smoking and excessive alcohol consumption, stroke and cardiovascular 

diseases or heart attacks, high blood pressure and cholesterol levels. 

• Algorithms for predicting (classifying) the development of diabetes mellitus based on decision tree, random 

forest, logistic regression and XGBoost approaches were implemented, and it was found that when taking into 

account all factors influencing the development of diabetes mellitus, the highest prediction accuracy is provided 

by XGBoost at 83%. This algorithm was applied after selecting the 14 most influential factors, and the accuracy 

increased to the interval of 98-100%. 

Acknowledgement 

The research was carried out with the grant support of the National Research Fund of Ukraine, "Information system 

development for automatic detection of misinformation sources and inauthentic behaviour of chat users", project 

registration number 33/0012 from 3/03/2025 (2023.04/0012). Also, we would like to thank the reviewers for their precise 



Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning 

142                                                                                                                                                                       Volume 17 (2025), Issue 3 

and concise recommendations that improved the presentation of the results obtained. 

References 

[1] Global report on Diabetes by WHO (World Health Organization). URL: https://www.who.int/news-room/fact-

sheets/detail/diabetes 

[2] Diabetes risk factors. URL: https://www.cdc.gov/diabetes/basics/riskfactors.html 

[3] Diabetes Basics by WHO (World Health Organization). URL: https://www.who.int/health-topics/diabetes 

[4] opoviciu, M. S., Paduraru, L., Nutas, R. M., Ujoc, A. M., Yahya, G., Metwally, K., & Cavalu, S. (2023). Diabetes mellitus 

secondary to endocrine diseases: an update of diagnostic and treatment particularities. Int. J. Mol. Sci., 24(16), 12676. 

[5] Serbis, A., Giapros, V., Kotanidou, E. P., Galli-Tsinopoulou, A., & Siomou, E. (2021). Diagnosis, treatment and prevention of 

type 2 diabetes mellitus in children and adolescents. World J. Diabetes, 12(4), 344. 

[6] Farajollahi, M., & Baradaran, V. (2024). Expert system application in law: A review of research and applications. Int. J. Nonlinear 

Anal. Appl., 15(8), 107–114. 

[7] Gautam, V., Trivedi, N. K., Singh, A., Mohamed, H. G., Noya, I. D., Kaur, P., & Goyal, N. (2022). A transfer learning-based 

artificial intelligence model for leaf disease assessment. Sustainability, 14(20), 13610. 

[8] Agrawal, A., Gans, J., Goldfarb, A. (2019). The Economics of Artificial Intelligence: An Agenda. University of Chicago Press, 

pp. 197–236. 

[9] Kim, J., Davis, T., & Hong, L. (2022). Augmented intelligence: enhancing human decision making. In: Bridging Human 

Intelligence and Artificial Intelligence, pp. 151–170. Springer, Cham. 

[10] Jimma, B. L. (2023). Artificial intelligence in healthcare: A bibliometric analysis. Telemat. Inform. Rep., 9, 100041. 

[11] Al Kuwaiti, A., et al. (2023). A review of the role of artificial intelligence in healthcare. J. Pers. Med., 13(6), 951. 

[12] Richters, C., Stadler, M., Radkowitsch, A., Schmidmaier, R., Fischer, M. R., & Fischer, F. (2023). Who is on the right track? 

Behavior-based prediction of diagnostic success in a collaborative diagnostic reasoning simulation. Large-Scale Assess. Educ., 

11(1), 3. 

[13] Hu, Z., Uhryn, D., Ushenko, Y., Korolenko, V., Lytvyn, V., & Vysotska, V. (2024, January). System programming of a disease 

identification model based on medical images. In: Sixteenth Int. Conf. on Correlation Optics, Vol. 12938, pp. 59–62. SPIE. 

[14] Eswari, T., Sampath, P., & Lavanya, S. J. P. C. S. (2015). Predictive methodology for diabetic data analysis in big data. Procedia 

Comput. Sci., 50, 203–208. 

[15] Iyer, A., Jeyalatha, S., & Sumbaly, R. (2015). Diagnosis of diabetes using classification mining techniques. arXiv preprint 

arXiv:1502.03774. 

[16] Rajesh, K., & Sangeetha, V. (2012). Application of data mining methods and techniques for diabetes diagnosis. Int. J. Eng. Innov. 

Technol., 2(3), 224–229. 

[17] Kahramanli, H., & Allahverdi, N. (2008). Design of a hybrid system for the diabetes and heart diseases. Expert Syst. Appl., 35(1–

2), 82–89. 

[18] Patil, B. M., Joshi, R. C., & Toshniwal, D. (2010, February). Association rule for classification of type-2 diabetic patients. In: 

Proc. 2nd Int. Conf. on Machine Learning and Computing, pp. 330–334. IEEE. 

[19] Butwall, M., & Kumar, S. (2015). A data mining approach for the diagnosis of diabetes mellitus using random forest classifier. 

Int. J. Comput. Appl., 120(8). 

[20] Khan, D. M., & Mohamudally, N. (2011). An integration of K-means and decision tree (ID3) towards a more efficient data 

mining algorithm. J. Comput., 3(12), 76–82. 

[21] Diabetes statistics. URL: https://www.who.int/diabetes/ 

[22] Holt, R. I. G., & Flyvbjerg, A. (Eds.) (2024). Textbook of Diabetes. John Wiley & Sons. 

[23] Lansang, M. C., Leslie, R. D., Chowdhury, T. A., & Zhou, K. (2022). Diabetes: Clinician's Desk Reference. CRC Press. 

[24] Lytvyn, V., Hryhorovych, A., Hryhorovych, V., Chyrun, L., Vysotska, V., & Bublyk, M. (2020, November). Medical content 

processing in intelligent system of district therapist. CEUR Workshop Proc., Vol. 2753, pp. 415–429. 

[25] Lytvyn, V., et al. (2019). Methods and models of intellectual processing of texts for building ontologies of software for medical 

terms identification in content classification. CEUR Workshop Proc., Vol. 2488, pp. 354–368. 

[26] Ahmed, N., et al. (2021). Machine learning based diabetes prediction and development of smart web application. Int. J. Cogn. 

Comput. Eng., 2, 229–241. 

[27] Python Tutorial. URL: https://www.w3schools.com/python/default.asp 

[28] Pandas documentation. URL: https://pandas.pydata.org/docs/index.html 

[29] Sileo, D., & Moens, M.-F. (2022). Probing neural language models for understanding of words of estimative probability. arXiv 

preprint arXiv:2211.03358. 

[30] Oh, D., Park, J. S., Kim, J. H., & Jang, G. J. (2021). Hierarchical phoneme classification for improved speech recognition. Appl. 

Sci., 11(1), 428. 

[31] Preprocessing data. URL: https://scikit-learn.org/stable/modules/preprocessing.html 

[32] API reference. URL: https://pandas.pydata.org/docs/reference/index.html 

[33] Python-recsys on Github. URL: https://github.com/ocelma/python-recsys 

[34] Preprocessing data. URL: https://scikit-learn.org/stable/modules/preprocessing.html 

[35] Zhu, H., & Hwang, B. G. (2024). Development of a sensor-based safety performance analytic mobile system to detect, alert, and 

analyze workers’ unsafe behaviors. In: Computing in Civil Engineering 2023, pp. 476–482. 

[36] Fazakis, N., et al. (2021). Machine learning tools for long-term type 2 diabetes risk prediction. IEEE Access, 9, 103737–103757. 

[37] Butt, U. M., et al. (2021). Machine learning based diabetes classification and prediction for healthcare applications. J. Healthc. 

Eng., 2021(1), 9930985. 

[38] El-Sofany, H., et al. (2024). A proposed technique using machine learning for the prediction of diabetes disease through a mobile 

app. Int. J. Intell. Syst., 2024(1), 6688934.

https://www.who.int/news-room/fact-sheets/detail/diabetes
https://www.who.int/news-room/fact-sheets/detail/diabetes
https://www.cdc.gov/diabetes/basics/riskfactors.html
https://www.who.int/health-topics/diabetes
https://www.who.int/diabetes/
https://www.w3schools.com/python/default.asp
https://pandas.pydata.org/docs/index.html
https://pandas.pydata.org/docs/reference/index.html
https://github.com/ocelma/python-recsys


Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning 

Volume 17 (2025), Issue 3                                                                                                                                                                       143 

[39] Verma, N., Singh, S., & Prasad, D. (2022). Machine learning and IoT-based model for patient monitoring and early prediction 

of diabetes. Concurrency Comput., 34(24), e7219. 

[40] Ramesh, J., Aburukba, R., & Sagahyroon, A. (2021). A remote healthcare monitoring framework for diabetes prediction using 

machine learning. Healthc. Technol. Lett., 8(3), 45–57. 

[41] AlZu’bi, S., et al. (2023). Diabetes monitoring system in smart health cities based on big data intelligence. Future Internet, 15(2), 

85. 

[42] Ojugo, A. A., & Ekurume, E. O. (2021). Predictive intelligent decision support model in forecasting of the diabetes pandemic 

using a reinforcement deep learning approach. Int. J. Educ. Manag. Eng., 11(2), 40–48. 

[43] Kumar, G. R., et al. (2023). Web application based diabetes prediction using machine learning. In: Proc. Int. Conf. on Advances 

in Computing, Communication and Applied Informatics (ACCAI). IEEE. 

[44] Li, J., et al. (2021). Establishment of noninvasive diabetes risk prediction model based on tongue features and machine learning 

techniques. Int. J. Med. Inform., 149, 104429. 

[45] Li, J., Izakian, H., Pedrycz, W., & Jamal, I. (2021). Clustering-based anomaly detection in multivariate time series data. Appl. 

Soft Comput., 100, 106919. 

[46] Albahra, S., et al. (2023). Artificial intelligence and machine learning overview in pathology & laboratory medicine: A general 

review of data preprocessing and basic supervised concepts. Semin. Diagn. Pathol., 40(2). 

[47] Bodyanskiy, Y., Popov, S., Brodetskyi, F., & Chala, O. (2022, November). Adaptive least-squares support vector machine and 

its combined learning-selflearning in image recognition task. In: Proc. 2022 IEEE 17th Int. Conf. on Computer Sciences and 

Information Technologies (CSIT), pp. 48–51. IEEE. 

[48] El Jaafari, I., Ellahyani, A., & Charfi, S. (2021). Parametric rectified nonlinear unit (PRenu) for convolution neural networks. 

Signal Image Video Process., 15(2), 241–246. 

[49] Adam, T. C., et al. (2021). Association of psychobehavioral variables with HOMA-IR and BMI differs for men and women with 

prediabetes in the PREVIEW lifestyle intervention. Diabetes Care, 44(7), 1491–1498. 

[50] Fang, M., et al. (2021). Diabetes and the risk of hospitalisation for infection: the Atherosclerosis Risk in Communities (ARIC) 

study. Diabetologia, 64, 2458–2465. 

[51] Chen, S., et al. (2022). Advancing prediction of risk of intraoperative massive blood transfusion in liver transplantation with 

machine learning models. A multicenter retrospective study. Front. Neuroinform., 16, 893452. 

[52] Trocin, C., Mikalef, P., Papamitsiou, Z., & Conboy, K. (2023). Responsible AI for digital health: a synthesis and a research 

agenda. Inf. Syst. Front., 25(6), 2139–2157. 

 

 

 

Authors’ Profiles 

 
Dmytro Uhryn graduated from Yuriy Fedkovych Chernivtsi National University, Chernivtsi. Currently, he is a 

Doctor of Technical Sciences and associate professor at Yuriy Fedkovych Chernivtsi National University. His 

research interests are data mining, information technologies for decision support, swarm intelligence systems, and 

industry-specific geographic information systems. 

 

 

 

 

 

 

Victoria Vysotska is a Professor at the Information Systems and Networks Department of Lviv Polytechnic 

National University. She defended her Doctoral degree in Technical Science, speciality in «structural, applied and 

mathematical linguistics», in 2023 on the topic "Analysis and synthesis of computational linguistic systems for 

processing Ukrainian textual content" Also, she received a PhD degree in Information Technologies from Lviv 

Polytechnic National University in 2014. She has currently published more than 500 publications. Her main 

research interests are focused on the identification of disinformation/fakes/propaganda, detection of sources of 

disinformation and inauthentic behaviour (bots) of coordinated groups based on artificial intelligence, NLP, 

computer linguistics, data science, system analysis, information technologies, machine learning, cyber security. 

 

 

Daryna Zadorozhna is an ambitious senior student at Lviv Polytechnic National University, studying in the 

Department of Information Systems and Networks with a specialization in Business Analysis. She is an 

enthusiastic future professional with a deep interest in Marketing, Communication Strategy, and the role of 

Psychology in modern communication. Throughout her academic journey, Daryna has been developing a strong 

foundation in combining technical expertise with business-driven thinking. Her interest in data visualization and 

analytical methods further enriches her ability to generate meaningful insights in both business and communication 

contexts. 

 

 

 

 

 



Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning 

144                                                                                                                                                                       Volume 17 (2025), Issue 3 

Mariia Spodaryk is a dedicated senior student pursuing an undergraduate degree in the Department of 

Information Systems and Network at Lviv Polytechnic National University, majoring in Business Analysis. She 

is a passionate emerging professional with a strong interest in Project Management, Data Analytics and Artificial 

Intelligence. Alongside her academic pursuits, she is an active Project Manager. Her goal is to bridge the gap 

between technical insight and business strategy, making her a valuable asset in any tech-oriented environment. 

 

 

 

 

 

Kateryna Hazdiuk is an associate professor at the Department of Computer Systems Software, Yuriy Fedkovych 

Chernivtsi National University, Chernivtsi, Ukraine. Since 2021, she has been a PhD in Software Engineering. 

Research interests: mathematical modeling and computer simulation of biosimilar processes and systems; artificial 

intelligence, deep learning, and neural networks for image classification; modeling the spread of infectious 

diseases using GeoSEIR(D) and cellular automata models. 

 

 

 

 

 

Zhengbing Hu: Prof., Deputy Director, International Center of Informatics and Computer Science, Faculty of 

Applied Mathematics, National Technical University of Ukraine “Kyiv Polytechnic Institute”, Ukraine. Adjunct 

Professor, School of Computer Science, Hubei University of Technology, China. Visiting Prof., DSc Candidate in 

National Aviation University (Ukraine) from 2019. Primary research interests: Computer Science and Technology 

Applications, Artificial Intelligence, Network Security, Communications, Data Processing, Cloud Computing, 

Education Technology. 

 

 

 

 

How to cite this paper: Dmytro Uhryn, Victoria Vysotska, Daryna Zadorozhna, Mariia Spodaryk, Kateryna Hazdiuk, Zhengbing Hu, 

"Intelligent Application for Predicting Diabetes Spread Risk in the World Based on Machine Learning", International Journal of 

Intelligent Systems and Applications(IJISA), Vol.17, No.3, pp.90-144, 2025. DOI:10.5815/ijisa.2025.03.06 

 

 

 

 


