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COMPARATIVE STUDY OF MACHINE LEARNING ALGORITHMS
FOR DIABETES DETECTION USING BINARY DATA

The prevalence of diabetes is constantly increasing, and timely diagnosis of this disease is extremely important in the health care
system. Nowadays, in addition to advanced medical technologies, there is an opportunity to process large volumes of information quickly
and efficiently, in particular medical information. Patients with diabetes, even in the early stages, have certain similar symptoms and
patterns, which makes it possible to effectively diagnose the disease, based on easily obtained clinical data.

In this work, we compare the accuracy of different machine learning algorithms for diagnosing diabetes on binary data that do not
include laboratory tests, and can be obtained by patient questionnaires. All the classification models give good results and show the
feasibility of identifying individuals probably having undiagnosed diabetes, based on questionnaire data. The best results are provided by
random forest classifier. In order to improve the accuracy of the classification, an analysis of the relationships between the variables of
the dataset was carried out. This made it possible to reduce the dimensionality of the model by removing variables that do not carry useful
information. Moreover, the data set is additionally balanced. The resulting models demonstrate higher efficiency than the classification
models built on the base dataset.
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Introduction

Diabetes Mellitus, commonly known as diabetes (Diabetes), is a chronic disease caused by a violation of glucose
metabolism, which manifests itself in a decrease in the sensitivity of body tissues to insulin, a violation of glucose absorption
by tissues, and damage to various organs and systems. There are several types of diabetes, but the most common are type 1,
type 2, and gestational diabetes. The level of glucose in the blood of patients with diabetes increases, and with further
progression of the disease, a high level of glucose in the blood leads to disturbances in the activity of the cardiovascular
system, nervous and immune systems. Diabetes can have a serious impact on patients' health and quality of life. Uncontrolled
diabetes causes permanent damage to the body and can cause other serious health problems such as cardiovascular
disease, chronic kidney failure, vision problems, etc. People with diabetes may also experience reduced quality of life,
emotional difficulties, and limitations in eating and physical activity.

The prevalence of diabetes is steadily increasing. Type 2 diabetes used to be called adult-onset diabetes because it
occurs more often in older people. But the increase in the number of obese children has also led to an increase in the incidence
of type 2 diabetes in young patients. Some studies have shown that environmental pollutants may also play a role in the
development and progression of type 2 diabetes (Hectors et al., 2011). According to the World Health Organization, at the
beginning of 2021, about 422 million people in the world were living with diabetes, which is approximately 8,5 % of the
population. This number is projected to grow to 700 million by 2045. So, in the modern world, the problem of diabetes is one
of the most important in the field of medicine, because the growing prevalence of this disease endangers the health and
quality of life of millions of people.

Because of the long asymptomatic phase, early detection of diabetes is always critical to achieving clinically meaningful
outcomes. About half of all people suffering from diabetes do not have a confirmed diagnosis due to the long symptom-free period
of this disease. Symptoms of diabetes can be mild, and many patients do not notice them for years. Typical symptoms of diabetes
include polyuria (frequent and abundant urination), polydipsia (constant feeling of thirst), signs of dehydration, which are mostly
moderately pronounced (decreased skin elasticity, dryness of the skin), weakness caused by dehydration, apathy, weight loss,
constant feeling of hunger, decreased vision, tingling or numbness in the hands or feet, ketoacidosis, susceptibility to purulent skin
infections or infections of the genitourinary system. These symptoms can appear in various combinations. And during a physical
examination in the early stages of diabetes, diabetes is often not diagnosed. However, if it is not treated, it leads to the development
of chronic complications, especially cardiovascular complications, which are the main cause of death. In the later stages of diabetes,
damage to certain organs is often detected as a consequence of the disease.

Nowadays, modern equipment and technologies make it possible to collect and process incredibly large data sets. This allows
the discovery of hidden useful knowledge and patterns that may be important for understanding diseases, predicting treatment
outcomes, and improving medical procedures. Accordingly, multivariate statistical analysis in medicine can help solve many urgent
problems, in particular, problems of classification and diagnosis of diseases. The use of data analysis and machine learning methods
can significantly improve the diagnosis of diabetes and help to take timely measures for its prevention and treatment. Due to the
relevance of this direction, machine learning methods have been actively developed in recent years (Sadhu, & Jadli, 2021; Battineni
et al., 2019; Wei, Zhao, & Miao, 2018; Fregoso-Aparicio et al., 2021; Kangra, & Singh, 2023; Aguilera-Venegas et al., 2023 etc.).
Works in this area demonstrate high efficiency of the classification models for various data sets.
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Our work is devoted to the analysis of the dataset from (Islam et al., 2020), available in Kaggle, which contains mostly
binary data (except for the patient's age), formed without additional laboratory examinations based on a questionnaire. Binary
data have certain specifics in their processing and interpretation, not all methods of data analysis are effective for them, so
the choice of technique should be careful. For classification tasks for binary data, the technique built on decision trees is
recognized as the best one.

Our research involves analyzing available medical data, selecting, and configuring appropriate data analysis methods and
machine learning models for predicting the presence of diabetes in patients, and evaluating the effectiveness of the developed
method. First, we conduct pre-processing and correlation analysis of the available information, identify variables that have a
significant impact or interfere with effective classification. Comparing different models of classifiers, we obtained the highest
accuracy when building the Random Forest classifier based on the set of classification accuracy indicators. Additional balancing
of the dataset made it possible to avoid underestimation of the classification error. Removing variables of insignificant influence
on the classification result yields classification accuracy compared to the classification results of the base dataset.

This paper is organized as follows. In Section 2, we give a description of the used dataset. Some basic assumptions and
ideas about the methods of analysis are given. Descriptive and correlation analysis are provided in Section 3. In Section 4,
some classification accuracy evaluation metrics are described, and the obtained classification accuracy metrics are compared
to select the optimal classification algorithm for our data. The classification results after some improving of the data are given
and analyzed as well. The obtained accuracy of the improved model is shown. Finally, conclusions are given in Section 5.

1. Description of the data and selection of research methods. The "Early Diabetes Classification" dataset (Kaggle) is
available on the Kaggle platform and is intended for conducting research in the field of medical diagnosis of diabetes. This
dataset contains 520 observations of 17 traits collected through direct surveys and patient diagnoses at a diabetes hospital
in Sylhet, Bangladesh. The data has been collected using direct questionnaires from the patients of Sylhet Diabetes Hospital
in Sylhet, Bangladesh and approved by a doctor.

The data includes a variety of biomedical indicators and characteristics that may be important for the diagnosis of this
disease. This data set includes information on both patients with a confirmed diagnosis of diabetes and those without diabetes:

Age (16-90); Sex (1. Male, 2.Female); Polyuria (1.Yes, 2.No); Polydipsia (1.Yes, 2.No); Sudden weight loss (1.Yes, 2.No);
Weakness (1.Yes, 2.No); Polyphagia (1.Yes, 2.No); Genital thrush (1.Yes, 2.No); Visual blurring (1.Yes, 2.No); ltching (1.Yes,
2.No); Irritability (1.Yes, 2.No); Delayed healing (1.Yes, 2.No); Partial paresis (1.Yes, 2.No); Muscle stiffness (1.Yes, 2.No);
Alopecia (1.Yes, 2.No); Obesity (1.Yes, 2.No); Class (1.Positive, 2.Negative).

The "Class" variable here is the target variable that we predict. It takes the value 1 if diabetes is present and 0 if diabetes
is absent.

To visualize the distribution of patients according to various characteristics, we use pie charts and bar charts.

When studying the relationship between variables, the correct choice of the correlation coefficient is important. Obviously,
classical methods, such as Pearson's correlation, or Spearman's or Kendall's coefficients, which are used to analyze the
dependence of categorical variables, are not effective for measuring the dependence between binary variables. Among the
coefficients that are intended for working with binary variables, we chose Phi-coefficient.

The Phi correlation coefficient is a statistical index used to measure the degree of association between two binary variables
(variables with two possible values, such as "yes" and "no", "1" and "0"). The advantages of the Phi correlation coefficient for
binary data are its interpretability and convenience. It provides a numerical estimate of the degree of relationship between
two categorical variables, which makes it easy to compare different pairs of variables and determine whether there is a
statistically significant relationship between them, especially in the case of categorical and binary variables.

To detect the presence of dependence between the quantitative variable "age" and the variable "class", we used the
Wilcoxon rank test comparing the mean values of two independent samples.

To build classification models, we used traditional algorithms: random forest classifier (rf), extra trees classifier (et), decision
tree classifier (dt), gradient boosting classifier (gbc), light gradient boosting machine (lightgbm), quadratic discriminant analysis
(gda), ada boost classifier (abc), logistic regression (Ir), naive bayes (nb), ridge classifier (rc), linear discriminant analysis (Ida), k
neighbors classifier (knn), SVM-linear kernel (svm). Note that in cases where the information used for classification is also mostly
expressed by binary variables, the most logical is to use decision trees. Decision trees are used to create models that partition a
data set based on sequential decision making and are a very powerful classification algorithm.

Classification tree is a popular machine learning technique used to partition data into categories or classes based on
features. It belongs to supervised learning category. The idea is to break the data into smaller groups, using the most
informative features at each step. In this case, the partitioning continues until a given stopping criterion is reached, such as
the maximum depth of the tree or the minimum number of examples in each leaf node.

Advantages of the classification tree method for binary data include:

— Simplicity and interpretability: Decision trees are easy to interpret because they can be visualized as graphical structures.
This makes it easy to understand which features are important for classification and how exactly they affect the result.

— Good for Binary Data: Decision trees are effectively used for binary data because they allow you to do binary splits at
each level. This allows the model to easily separate the data into two classes.

— Ability to work with categorical and numerical data: Decision trees can process both categorical and numerical data,
without the need to predict values or use additional data transformations.

— Performance on large data sets: Decision trees can be quite fast for training and classification, even on large amounts
of data.

— Ability to be used in ensembles: Decision trees can be used in ensembles, such as a random forest (as in our case), to
improve classification quality.

Considering the technique of decision trees, this method and the ensemble of trees (random forest) seem to be optimal
for identifying key binary factors contributing to the presence of diabetes and creating prognostic rules, which was confirmed
by the results of calculating the classification accuracy indicators for different methods. In our models, decision trees are used
to classify patients into two classes (0 and 1) based on several binary features, such as polyuria, polydipsia, weight loss, and
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others. This makes it possible to quickly and efficiently classify patients based on simple signs and quickly and efficiently
make decisions about the possible presence of diabetes.

The algorithms were implemented using 'pycaret’, 'pandas’, 'seaborn’, 'phik’, 'scipy.stats’, 'matplotlib’ libraries of Python
programming language. The dataset was divided into training and test parts in a ratio of 70:30. Data classification models
were built using the above methods. In the model, a 10-fold cross-validation set is used. When training each tree, a random
subsample of the data was used to avoid overtraining. Accuracy, recall, precision, and F1-score values were used to assess
accuracy and compare the effectiveness of classification methods.

2. Descriptive and correlational analysis. First, we conduct an exploratory analysis of the data. Conducting exploratory
analysis before predicting diabetes helps to understand the data, identify dependencies and anomalies, identify important
variables, and prepare the data for further modeling and prediction. Figure 1 gives the proportion of sick and healthy patients
(healthy patients hear and later mean those who have not been diagnosed with diabetes). Note that the dataset contains
more cases of diabetes (320 positive values) than cases of its absence (200 negative values). This means that the dataset is
not well balanced, and we will balance it when building the model for avoiding underestimation of probabilities of error.

Distribution of Diabetic and Non-Diabetic Patients
Positive (Diabetic)

Negative (Non-Diabetic)

Fig. 1. Distribution of Diabetic and Non-Diabetic Patients

The boxplot in Figure 2 shows the distribution of patients according to the presence of the disease, age and sex, in Figure 3
shows histograms of the age distribution according to the presence of the disease.

Diagrams on Figures 4—7 show part of diabetic patients by different variables indicated in the dataset. Based on these graphs,
it can be assumed that the presence of "polydipsia”, a state of excessive thirst ("polyphagia"), "polyuria”, and "sharp weight loss"
are the most significant for the diagnosis of diabetes. Also, some influence of "age" and "gender" can be observed. On the other
hand, the diagrams show that diabetes seems not dependent on "itching", "alopecia" and "delayed healing".

Next, we build a correlation map. We use the phi-coefficient, which is one of the best coefficients for measuring the degree
of association between binary variables. It is calculated using the correspondingly normalized statistics chi-squared. The map
acquires non-negative values. Values close to 1 indicate a stronger degree of connection between variables, values close to
0 indicate a weak connection or its absence.
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Fig. 2. Distribution of Diabetic and Non-Diabetic Patients by Age and Gender
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Fig. 4. Distribution of Patients with Polyuria, Polydipsia and Sudden Weight Loss by Class
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Fig. 5. Distribution of Patients with Weakness, Polyphagia and Genital Thrush by Class
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Fig. 6. Distribution of Patients with Visual Blurring, ltching, Irritability and Delayed Healing by Class
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Fig. 7. Distribution of Patients with Partial Paresis, Muscle Stiffness, Alopecia and Obesity by Class
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Fig. 8. Correlation Map with Phi-Coefficients

Figure 8 shows that our hypothesis about the strong influence of "polydipsia" and "polyuria" and the significant influence
of "gender", "sudden weight loss", "partial paresis" on the presence of diabetes is true. Also, we see a significant effect of
variables "weakness", "visual blurring", "irritability”. However, there are doubts about the influence of "obesity", "itching",
"delayed healing". Therefore, we will exclude these three variables from our basic model. Checking the equality of the average
values of age in the groups of sick and healthy patients showed a statistically significant difference between these groups.

3. Classification models. We can now compare different machine learning models and determine which one is best
suited to the task of predicting the presence of diabetes in our dataset. To evaluate the effectiveness of the model, we will
use accuracy, recall, precision, and F1-score. Accuracy is computed based on the predicted values and true values. Recall
is defined as how well the predictions are out of all the positive classes. Precision is defined as the number of classes that
are positive from correctly predicted positive classes. F1-score is used to estimate precision and recall simultaneously. It
gives possibility to compare models with low precision and high recall and vice-versa. Given the confusion matrix, the
evaluation metrics are calculated as follows:

TP

Recall = TP+ FN (1)
Precision = ,1%, (2)
Aceuracy = 75— ;}\j i?}f +FN’ )
Fl— 2- Recall - Precision @

Recall + Precision’

where TP (True Positive) is the number of predicted values are positive and expected values are true; TN (True Negative) is
the number of predicted values are negative and the actual values are also true; FP (False Positive) is the number of predicted
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values are positive when the actual values are false, it is also called Type 1 Error; FN (False Negative) is the predicted values
are negative but the actual values are false, it is also called Type 2 Error. All the accuracy characteristics should be as high
as possible. Figures 9 and 10 show accuracy scores and recall scores for different classification algorithms we use. Note that
the most effective model is the random forest classifier. The obtained accuracy score for it is equal to 0.9696, recall score —
0.9686, F1-score — 0.9749, precision score — 0.9822. The optimal model consists of 100 decision trees.

Accuracy Scores

gbe et ada Ir nb

lightgbm dt ridge Ida knn
Fig. 9. Accuracy Scores for Different Classification Algorithms

L

Recall Scores

gbc et lightgbm dt ada Ir nb ridge Ida knn

Fig. 10. Recall Scores for Different Classification Algorithms

f svm

The most significant signs for the classification of diabetes are shown in Figure 11. These are primarily "polyuria” and
"polydipsia".
Feature Importance Plot
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Fig. 11. Variable Importance in the Basic RF-Model

To reduce the dimension of the model, we remove non-influential signs for which the value of phi-coefficients is very small:
"delayed healing", "itching" and "obesity". New models are built, and the accuracy of classification models are compared again.

Figures 12 and 13 show that random forest gives again best results, and now we have better accuracy. For random forest
algorithm the accuracy score get value 0.9696, recall score — 0.9971, F1-score — 0.975, precision score — 0.9822. Actually,
this model has less dimension but even better accuracy scores than the basic one.

Now let us balance the classes and repeat the algorithm. Figures 14 and 15 show accuracy results for the balanced model.
We can see, that on the balanced data, the random forest classifier shows the best results in accuracy score. For random
forest algorithm the accuracy score got value 0.9777, recall score — 0.9644, F1-score — 0.9774, precision score —0.9913. The

main values for the classification are shown in Figure16.
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Accuracy Scores
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Fig. 12. Accuracy Scores for Model with Reduced Dimension
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Fig. 13. Recall Scores for Model with Reduced Dimension
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Fig. 14. Accuracy Scores for Balanced Model with Reduced Dimension
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Fig. 15. Recall Scores for Balanced Model with Reduced Dimension
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Feature Importance Plot
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Fig. 16. Variable Importance in the Balanced Model with Reduced Dimension

Discussion and conclusions

Many cases of diabetes develop asymptomatically; therefore, it is recommended to focus on early diagnosis of this
disease. Machine learning algorithms can greatly help doctors to establish a diagnosis even based on easily obtained medical
questionnaire data. If diabetes is suspected, additional screening tests should be prescribed, especially in high-risk groups
for the development of diabetes. Determining the type of diabetes and differential diagnosis are also very important.

All machine learning algorithms in the classification of diabetes give a good result, but still give different accuracy
depending on the structure of the patient data on which the diagnostic procedure is based. When processing data and building
the most effective algorithm, pre-processing of data, identification of factors of significant influence, and therefore the correct
selection of variables for classification, the correct choice of methods is crucial. For the classification of binary variables, which
can be easily obtained by survey, the most effective classification methods are related to the construction of random trees
and their combinations.

Undoubtedly, technology cannot be fully relied upon for diagnosis. Medical expertise should be involved in the diagnosis
of diabetes as there are a lot of factors to be taken into consideration. However, machine learning classification systems can
significantly help detect such a dangerous disease as diabetes in time.

Authors' contribution: José Luis Galan-Garcia, Hanna Livinska — conceptualization, methodology; Daria Skrypnyk, Hanna Livinska — software,
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NOPIBHANbHUA AHANI3 ANFTOPUTMIB MALUMHHOIO HABYAHHSA
anAa BUABNEHHA OIABETY 3A BIHAPHUMU JAHUMU

MowupeHicmb yykpoeozo diabemy nocmiliHo 3pocmae, i ceoevyacHa iaeHOCMUKa Ub020 3aX80PrO8aHHSI € Ha038UYaliHO 8aXK/TUBOHO 8 cUCMeMi
0xopoHu 39opoe’a. HuHi, okpim nepedosux Medu4HUX mexHOJI02il, € MOXIUgicmb wWeudko ma sikicHo 06pobnsimu eesnuki o6cs2u iHghopmauii, 30K-
pema i meduy4Hoi. Xeopi Ha yykpoeuii diabem Hasimb Ha paHHix cmadisix Malomb NeeHy CXoXicmb cumMnmomie i 3akoHoMipHocmel, Wjo 0ae MOXnu-
sicmb egpekmueHO diazHOCmyeamu 3axeopro8aHHsI Ha OCHOBI JIe2Ko OMpPUMaHUX KiliHiYHUX OaHUX.

Y nponoHoeaHili po6omi Mu NOPieHEMO MOYHICMb Pi3HUX aJl20pPUMMie MauwUHHO20 Hag4YaHHs1 Onsi diazHocmuku diabemy Ha deilikosux daHux,
sKi He oxonoroms 1abopamopHi mecmu i MOXXymb 6ymu ompumaHi wisixoM aHKkemyeaHHs nayieHma. Yci modeni knacudpikayii daHux 6a3oeoz20
damacemy maromb xopouwi pe3ysbmamu ma Hadaromb Moxnueicmb ideHmudgbikayii ocib, siki, imoeipHo, Maromb HediazHocmoeaHuii diabem, Ha
ocHoei yux daHux. Halikpawi pesynsmamu dae knacudgikamop eunadkoeozo nicy. [nsi nideuuwjeHHss mo4Hocmi knacudgpikayii npoeedeHo aHani3
38'A3Kie MiX 3MiHHUMU Oamacemy. Lle 0ano 3Moay 3MeHwumu po3mipHicmb mModesi, audanuewu 3MiHHI, W0 He Micmsimb KOPUCHOI iHghopmauyii.
Okpim moz2o, dodamkoeo 36asaHCcCy8aHO MHOXUHY GaHux. OmpumaHi modesii deMoHCcmpyroms suuy epekmueHicms, Hix modesi knacugbikauii, no-
6ydoeaHi 3a 6azoeum damacemom.

KnwuyoBi cnoBa: QdiazHocmuka yykpoeozo diabemy, knacughikamop eunadkoeozo Jjlicy, MaWuHHe Hag4YaHHs, MoYHicmb Knacugikayii.
ABTOpM 3aABNSAIOTb NPO BiACYTHICTb KOHAMIKTY iHTepeciB. CnoHcopy He Bpanu yyacTi B po3pobneHHi AoCnimpKeHHs; y 360pi, aHanisi un
iHTepnpeTaLii AaHVX; y HanUcaHHi pyKonucy; B pilleHHi Npo nybrnikavito pe3ynbTaris.
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