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Abstract. This research is devoted to the study of the use of machine 

learning methods to solve the problem of diagnosing diabetes. The results of 

using machine learning in the context of diabetes are varied and depend on 

the methods of data analysis, the models used and the quality of the data 

provided. Experiments on the Diabetes dataset were conducted in the study 

using a Naive Bayes classifier model and a linear kernel SVM for a binary 

classification problem. Models are trained on the training dataset, 

standardizing features, and evaluated on the test set using confusion, 

precision, recall, F1-measure, and AUC-ROC metrics. The results obtained 

confirm that machine learning can improve the accuracy of diagnosing 

diabetes and classifying its type. This allows for customized treatment plans 

to be developed, considering the unique characteristics of each patient. 

Machine learning models are also successful in predicting the likelihood of 

complications, allowing for preventative measures to be taken. Their use 

facilitates the integration of data from various sources, enriching patient 

information. In conclusion, machine learning-based decision support 

systems assist physicians and patients in making informed decisions. 

1 Introduction 

Diabetes is a chronic disease that affects millions of people around the world. For early 

diagnosis and effective management of diabetes, the medical community is turning to 

machine learning techniques and data analysis. The relevance of machine learning in the 

context of diabetes cannot be underestimated. This is a current research and practical area 

that has a number of important aspects. Diabetes is an increasingly common disease and its 

epidemic is growing steadily. Machine learning provides tools to more effectively diagnose 

and manage disease. Early diagnosis of diabetes and its type is key to successful treatment 

and prevention of complications. Machine learning makes it possible to develop models for 

early diagnosis. Each patient is unique, and machine learning can help create personalized 
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treatment plans based on genetic, clinical, and laboratory data. Medical data includes a 

variety of sources and formats. Machine learning can integrate and analyze this data, creating 

a more complete picture of patients' conditions. Complications of diabetes can be dangerous. 

Machine learning models can predict the likelihood of their development and help to take 

measures to prevent them [1-4]. 

The Diabetes dataset is a valuable resource for researchers and practitioners in the fields 

of medical data analytics and machine learning. It enables the development and testing of 

models to predict and monitor the progression of diabetes and may contribute to improved 

approaches to the diagnosis and management of this serious chronic disease. The Diabetes 

dataset includes 10 numeric features that describe the patient’s conditions. These features 

represent important medical measurements and health characteristics. Below is a more 

detailed description of each of these features [5-6]: 

Blood Sugar Level: This feature represents the level of glucose in the patient's blood. This 

is an important measurement for diagnosing diabetes and monitoring its control. 

Blood Pressure: This feature shows the patient's blood pressure. High blood pressure may 

be associated with cardiovascular disease, which often accompanies diabetes. 

Body Mass Index (BMI): BMI shows the ratio of a patient's weight to height and is used 

to determine whether someone is overweight or obese; this can be a risk factor for developing 

diabetes. 

Serum Levels of Heart Disease Marker: This feature is an index of the level of a specific 

molecule that may be associated with the risk of developing cardiovascular disease in patients 

with diabetes. 

Serum Low-Density Lipoprotein Cholesterol: This feature measures the level of "bad" 

cholesterol in the blood, which may also be associated with cardiovascular risk. 

Serum High-Density Lipoprotein Cholesterol: This feature measures the level of “good” 

cholesterol in the blood and is an important factor in assessing cardiovascular health. 

Natural Log of Three Insulin Parameters: This feature is the natural logarithm of three 

parameters related to insulin and metabolism. 

Age: This feature represents the age of the patient at the time of observation. Age may be 

an important factor in the development and progression of diabetes. 

Sex: This feature reflects the patient's gender (male or female) and may have an impact 

on the risk of developing diabetes. 

C-Peptide Level: C-peptide is a molecule produced along with insulin. Its level may be 

related to pancreatic function and insulin levels. 

These numerical features provide important information about patients' conditions and 

can be used to develop machine learning models that predict diabetes progression and assess 

risk [7]. 

The purpose of applying machine learning in the context of diabetes may vary depending 

on the specific task and scenario, but common goals include early diagnosis and risk 

prediction. The goal is to create models that can diagnose diabetes early or predict the risk of 

its development. This allows treatment to begin in the early stages of the disease and prevent 

its complications [8]. 

Machine learning can help develop personalized treatment and monitoring plans for each 

patient based on their unique characteristics and response to treatment. Machine learning can 

be used to monitor patient data to prevent complications such as hypoglycemia or diabetic 

ketoacidosis. The main goal of machine learning in the context of diabetes is to provide better 

quality of care to patients, reduce the risk of complications, and improve their quality of life 

[9]. 

Defining a machine learning problem in the context of diabetes depends on specific goals 

and scenarios [10]. 
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Classification of diabetes type: The objective may be to classify the type of diabetes based 

on the clinical and laboratory data of the patients. Type 1 and type 2 diabetes have different 

characteristics and require different treatment approaches. 

Diagnosis of diabetes: Development of a model for diagnosing diabetes in individuals 

suspected of having the disease. This may include analysis of blood glucose levels, 

anthropometric data, and other features. 

Predicting the risk of developing diabetes: The goal may be to predict the risk of 

developing diabetes in individuals who do not currently have the disease. This helps to early 

identify patients at high risk and offer them preventive measures. 

Predicting diabetes progression: Creating models to predict the rate of diabetes 

progression in patients who already have the disease. This can help clinicians optimize 

treatment and monitoring. 

Treatment optimization: The goal may be to develop models that help clinicians select 

the best treatments for each patient based on patient characteristics and response to 

medications. 

Monitoring and preventing complications: The goal may be to create monitoring systems 

that prevent complications such as hypoglycemia, diabetic ketoacidosis, or diabetic 

retinopathy. 

Health Data Integration: The goal may be to integrate data from multiple sources to 

provide physicians with a better understanding of patients' conditions and support decision-

making. 

Research into new treatments: The goal may be to analyze clinical trial data to develop 

new treatments for diabetes. 

Building decision support systems: Machine learning models can serve as decision 

support systems for doctors and patients, providing information about risks and possible 

treatment options. 

Assessing the effectiveness of treatment: The task may be to assess how effectively a 

treatment is working for a particular patient and adjust the treatment plan if necessary. 

Machine learning tasks in the field of diabetes lead to more effective diagnostics, 

treatment, and care of patients, and promote research and development of new methods to 

combat this chronic disease. 

2 Methods 

Various machine learning methods can be used to solve problems in the field of diabetes 

diagnosis, management, and research. Here are some of the most common methods [10-11]: 

1. Linear regression can be used for a forecasting task such as predicting blood glucose 

levels based on various parameters. 

Linear regression is a method for predicting the value of a dependent variable based on a 

linear combination of one or more independent variables. Here is the algorithm for training 

a linear regression model: 

Data loading: 

First, it is necessary to load a dataset containing the values of the independent (factor) 

and dependent variables. Generally, data is presented in the form of a table or an array. 

Data preparation: 

Check the data for zero values and outliers. 

Divide the data into a training set and a test set to evaluate the model's performance. 

Model Definition: 

Linear regression models the dependent variable (Y) as a linear combination of 

independent variables (X) with weights (coefficients) and a constant term (intercept). 
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The model can be represented by equation: 𝑌 = 𝑏0 + 𝑏1𝑋1 + 𝑏2𝑋2 +⋯+ 𝑏𝑛 ∗ 𝑋𝑛 is the 

intercept, and 𝑏0, b2, ..., bn, 𝑎, 𝑏1, 𝑏2, … , 𝑏𝑛are the coefficients. 

Model training: 

To train a linear regression model, the Least Squares method is used. This method 

determines the values of coefficients that minimize the sum of squared differences between 

the predicted and actual values of the dependent variable. 

Python libraries such as Scikit-learn can be used to train a linear regression model. 

Forecasting: 

Once the model is trained, we can apply it to predict the values of the dependent variable 

used on new data. 

Model evaluation: 

Evaluate the model's performance on a test dataset using metrics such as mean squared 

error (MSE) and coefficient of determination (R-squared). 

Interpretation of results: 

Analyze the model coefficients to determine the independent variables that have the 

greatest impact on the dependent variable. 

Model deployment: 

If the model meets our requirements, we can deploy it for use in real-world applications. 

This is a general algorithm for linear regression. The implementation of specific steps 

may vary depending on the software and programming language used. 

2. Model of naive Bayes classifier [1]. 

We load the Diabetes data and convert the problem into a binary classification based on 

the median value. 

We divide the data into training and test sets and standardize the features (naive Bayes 

does not require standardization, but we do this for consistency with previous examples). 

We create and train a naive Bayes classifier model. 

We make a forecast on a test data set and calculate metrics. 

We derive the confusion matrix, classification report, and AUC-ROC plot. 

3. Support Vector Machines (SVM) [2]. SVM can be used for both classification and 

regression problems. It is especially useful in cases where the data is separated non-linearly. 

The Support Vector Machine (SVM) algorithm is a machine learning technique used for 

classification and regression problems. Here is a general SVM algorithm for a binary 

classification problem: 

Data loading: 

First, load a dataset containing a set of objects (feature vectors) and the corresponding 

class labels. In a binary classification problem, there are two classes: positive (1) and negative 

(0). 

Data preparation: 

Check the data for zero values and perform preprocessing if necessary. Scale the features 

so they have the same range. 

Kernel selection: 

SVM can use different kernels such as linear, polynomial, or radial basis function (RBF) 

kernels. Choose the appropriate kernel for your problem. 

Model training: 

Train the SVM on the training dataset using the selected kernel. The main goal is to find 

the optimal separating hyperplane that maximizes the margins between classes. 

Parameter optimization: 

Tune SVM parameters such as regularization coefficient (C) and kernel parameters to 

achieve better model performance. 

Forecasting: 

Use the trained model to predict class labels for new data. 
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Model evaluation: 

Evaluate model performance using metrics such as precision, recall, F1-score, and 

confusion matrix in case of classification. 

Cross-validation: 

Use cross-validation to more reliably evaluate model performance and avoid overfitting. 

Interpretation of results: 

Analyze your results and feature weights to understand which features contribute the most 

to your classification. 

Regularization and tuning: 

Depending on the results, you can regularize the model or tune other parameters to 

improve performance. 

Model deployment: 

If the model meets your requirements, you can deploy it for use in real-world applications. 

This is a general SVM algorithm for the binary classification problem. For a regression 

problem, the principles of the algorithm are similar, but the goal is to predict continuous 

values rather than class labels. 

4. Decision trees and random forests [12-14]. Decision trees can be used for classification 

and regression. Random forests are an ensemble of decision trees and can improve the 

predictive ability of a model. 

We load the Diabetes data and convert the problem into a binary classification based on 

the median value. 

We divide the data into training and test sets and standardize the features (standardization 

is not required, but we do it for consistency with previous examples). 

We create and train a decision tree model. 

We make a forecast on a test data set and calculate metrics. 

We derive the confusion matrix, classification report, and AUC-ROC plot. 

These are just a few examples of machine learning techniques that can be applied in the 

context of diabetes. The choice of a particular method depends on the nature of the problem 

and the available data. In addition, ensembles of methods are often used to improve the 

quality of forecasts [15-17]. 

3 Results 

The results of machine learning in the field of diabetes can be varied and depend on the 

specific task, the methods used, and the data available. Here are some of the typical results 

that can be obtained using machine learning in the context of diabetes: 

1. To solve a regression problem on the Diabetes dataset from the Scikit-learn library in 

Python, we can use the following algorithm: 

Mean Squared Error: 2900.1732878832318 

 R-squared: 0.452606602161738 

Mean Squared Error (MSE) and coefficient of determination (R-squared) are the two 

main metrics used to evaluate the performance of a linear regression model. The values of 

MSE and R-squared we use, tell us how well our model fits the data and predicts the 

dependent variable. 

Mean Square Error (MSE): 

MSE measures the standard deviation between the actual values of the dependent variable 

(in our case, probably blood glucose) and the predicted values calculated by our model. 

Our MSE value is 2900.17. The lower the MSE, the better. This means that our model is, 

on average, wrong by the square root of this amount when predicting values. 

Coefficient of determination (R-squared): 
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R-squared measures how well our model explains the variability in the dependent 

variable. It ranges from 0 to 1, where 0 means that the model does not explain the variability 

and 1 means that the model fits the data perfectly. 

The R-squared value is 0.4526. This means that our model explains approximately 45% 

of the variability in the data. That is, the model explains less than half of the variation in the 

dependent variable, which could be improved by using more complex models or additional 

features. 

Therefore, the model has average prediction quality (MSE is not too high) but it explains 

only part of the variability in the data (R-squared is not very close to 1). We may need to 

further analyze the data, add new features, or choose a different modeling method to improve 

the model's performance.  

2. Naive Bayes classifier model 

Confusion Matrix: 

[[37 12] 

[13 27]] 

Element (0, 0) (upper left corner) represents the number of true negative (TN) examples. 

Element (0, 1) (upper right corner) represents the number of false positive (FP) examples. 

Element (1, 0) (lower left corner) represents the number of false negative (FN) examples. 

Element (1, 1) (lower right corner) represents the number of true positive (TP) examples. 

 

Classification Report: 

               precision    recall  f1-score   support 

 

     Class 0       0.74      0.76      0.75        49 

     Class 1       0.69      0.68      0.68        40 

 

    accuracy                           0.72        89 

   macro avg       0.72      0.72      0.72        89 

weighted avg       0.72      0.72      0.72        89 

 

Accuracy: 0.7191 

Precision: 0.6923 

Recall: 0.6750 

F1-Score: 0.6835 

AUC-ROC: 0.8260 

Classification Report provides detailed metrics for each class (Class 0 and Class 1) and 

average values (macro avg and weighted avg). In our case: 

Precision measures how many of the objects that the model predicts as positive are 

actually positive. Precision for Class 0 is 0.74 and for Class 1, it is 0.69. 

Recall measures how many of all actual positive objects the model correctly classified. 

Recall for Class 0 is 0.76 and for Class 1, it is 0.68. 

F1-Score is the harmonic mean between precision and recall. The F1-Score for Class 0 is 

0.75 and for Class 1, it is 0.68. 

Accuracy shows the proportion of correctly classified examples relative to the total 

number of examples. Accuracy is 0.7191, which means that the model correctly classified 

71.91% of all examples. 

AUC-ROC (Area under ROC Curve): 

AUC-ROC measures the area under the ROC (Receiver Operating Characteristic) curve, 

which represents the model's performance at various classification thresholds. An AUC-ROC 

value close to 1 (in our case, the value is 0.8260) indicates a good ability of the model to 

separate classes. 
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Fig. 1. ROC Curve. 

These metrics evaluate the performance of a classification model, specifically, the 

model's ability to separate classes, the balance of precision and recall, and the overall 

accuracy of the model. In our case, the model showed average results in the classification 

evaluation. 

3. SVM with linear kernel. 

Load Diabetes data and convert the problem to a binary classification (based on the 

median value). 

Divide data into training and test sets, and standardize features. 

Create and train an SVM model with a linear kernel. 

Make a forecast on a test data set and calculate confusion metrics, accuracy, precision, 

recall, F1-score, and AUC-ROC. 

Plot an ROC curve to visualize model performance. 

Confusion Matrix: 

[[35 14] 

[10 30]] 

Classification Report: 

               precision    recall  f1-score   support 

 

     Class 0       0.78      0.71      0.74        49 

     Class 1       0.68      0.75      0.71        40 

 

    accuracy                           0.73        89 

   macro avg       0.73      0.73      0.73        89 

weighted avg       0.73      0.73      0.73        89 

 

Accuracy: 0.7303 

Precision: 0.6818 

Recall: 0.7500 

F1-Score: 0.7143 

AUC-ROC: 0.8398 
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The confusion matrix shows the number of correctly and incorrectly classified examples 

for each class. 

Classification Report: 

Classification Report provides detailed metrics for each class (Class 0 and Class 1) and 

average values (macro avg and weighted avg). In our case: 

Precision measures how many of the objects that the model predicts as positive are 

actually positive. Precision for Class 0 is 0.78 and for Class 1, it is 0.68. 

Recall measures how many of all actual positive objects the model correctly classified. 

Recall for Class 0 is 0.71, and for Class 1, it is 0.75. 

F1-Score is the harmonic mean between precision and recall. The F1-Score for Class 0 is 

0.74 and for Class 1, it is 0.71. 

Accuracy shows the proportion of correctly classified examples relative to the total 

number of examples. Accuracy is 0.7303, which means that the model correctly classified 

73.03% of all examples. 

AUC-ROC (Area under ROC Curve): 

 

 

Fig. 2. ROC Curve. 

AUC-ROC (Area under ROC Curve): ROC (Receiver Operating Characteristic) is a 

graph that displays the performance of a model at various classification thresholds. The area 

under the ROC curve (AUC-ROC) measures the overall performance of the model. An AUC-

ROC value close to 1 (in our case, the value is 0.8398) indicates a good ability of the model 

to separate classes. 

 

4. Decision tree results 

Confusion Matrix: 

[[35 14] 

 [15 25]] 

Classification Report: 

               precision    recall  f1-score   support 

 

     Class 0       0.70      0.71      0.71        49 

     Class 1       0.64      0.62      0.63        40 
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    accuracy                           0.67        89 

   macro avg       0.67      0.67      0.67        89 

weighted avg       0.67      0.67      0.67        89 

 

Accuracy: 0.6742 

Precision: 0.6410 

Recall: 0.6250 

F1-Score: 0.6329 

AUC-ROC: 0.6696 

The confusion matrix displays the number of correctly and incorrectly classified 

examples for each class. 

Classification Report: 

Classification Report provides detailed metrics for each class (Class 0 and Class 1) and 

average values (macro avg and weighted avg). In our case: 

Precision measures how many of the objects that the model predicts as positive are 

actually positive. Precision for Class 0 is 0.70 and for Class 1, it is 0.64. 

Recall measures how many of all actual positive objects the model correctly classified. 

Recall for Class 0 is 0.71, and for Class 1, it is 0.62. 

F1-Score is the harmonic mean between precision and recall. The F1-Score for Class 0 is 

0.71 and for Class 1, it is 0.63. 

Accuracy shows the proportion of correctly classified examples relative to the total 

number of examples. Accuracy is 0.6742, which means that the model correctly classified 

67.42% of all examples. 

AUC-ROC (Area under ROC Curve): 

AUC-ROC measures the area under the ROC (Receiver Operating Characteristic) curve, 

which represents the model's performance at various classification thresholds. An AUC-ROC 

value close to 1 (in our case, the value is 0.6696) indicates the ability of the model to separate 

classes, but it is not very close to 1, which may indicate a relatively low ability of the model. 

 

 

Fig. 3. ROC Curve. 
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These metrics evaluate the performance of a classification model, specifically, the 

model's ability to separate classes, the balance of precision and recall, and the overall 

accuracy of the model. The model showed average results in the classification evaluation. 

4 Discussion 

Machine learning can improve the accuracy of diabetes diagnosis and the classification of its 

type. It allows us to create individual treatment plans, taking into account the unique 

characteristics of each patient. Machine learning models can predict the likelihood of 

complications, allowing taking timely measures to prevent them. It promotes the integration 

of data from various sources, enriching patient information. Machine learning-based decision 

support systems help doctors and patients make decisions that are more informed. 

The acquisition and analysis of medical data raises issues of privacy and security of 

patient data. Machine learning requires access to large, high-quality data, which can be a 

challenge in medical practice. Many machine learning models, especially neural networks, 

can be difficult to interpret, making it difficult to explain decisions to patients and doctors. 

Machine learning (to be applied correctly) requires specialized expertise and training for 

medical personnel. 

It is important to develop rules and regulations governing the use of machine learning in 

medicine to ensure transparency and responsibility. Patient data must be protected and 

confidentiality standards must be respected. An important aspect of the discussion is how 

machines can work with doctors and help them make decisions rather than replace them. 

Training of medical staff and machine learning specialists is becoming increasingly 

important to ensure that the technology is used correctly. 

5 Conclusion 

It is important to properly balance the use of machine learning, taking into account ethical 

and practical aspects. Machine learning makes it possible to diagnose diabetes with high 

accuracy and identify the risks of developing the disease at early stages. This facilitates early 

initiation of treatment and prevention of complications. 

Machine learning models can predict the likelihood of complications and warn doctors 

and patients. This facilitates more proactive monitoring and care. Machine learning is a 

powerful tool for diabetes management, and its applications will continue to evolve, creating 

new opportunities to improve patient care and research in this area. Technological advances 

must be combined with high standards of ethics and safety to ensure maximum benefit to 

patients and society. 
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