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STATISTICAL ANALYSIS OF FACTORS AFFECTING THE INCIDENCE OF DIABETES
MELLITUS

The seriousness of the problem of diabetes mellitus is explained by the scale of its prevalence. In 2021, approximately
537 million people worldwide were living with diabetes, which accounts for about 6% of the global population. Therefore, the
study and analysis of data on the dynamics of diabetes incidence are highly relevant, both for forecasting future trends and for
supporting effective government regulation and prevention of the disease’s spread.

The aim of this article is to conduct a statistical analysis of diabetes prevalence, to develop models of its dynamics for the
city of Kyiv, and to analyze the influence of factors among women, such as the number of pregnancies, blood glucose levels,
blood pressure, and body mass index (BMI), on the development of diabetes. Based on these variables, classification methods
are applied to build predictive models using the R programming language.

Keywords: time series, diabetes mellitus, forecasting and modeling, k-NN, Random Forest, logistic regression, algo-
rithm accuracy.
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Introduction

Diabetes is a metabolic disorder that affects many people worldwide. Every year, the incidence rates are rising at an
alarming rate. If treatment is delayed, diabetes-related complications in many vital organs of the body can lead to a fatal out-
come. ltis very important to detect the disease at an early stage, which can halt its progression before complications arise.
The International Diabetes Federation (IDF) has stated that currently, over 537 million people worldwide have diabetes.
Over the last few years, the number of people with diabetes has risen sharply, making it a global threat. Unfortunately,
diabetes now consistently ranks third among the leading causes of death.

Because early detection is vital to halting the disease’s progression before fatal complications arise, researchers have
increasingly turned to machine learning as a viable solution for automated prediction and diagnosis. Various robust frame-
works have been proposed to address the complexities of medical data. 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 treat-
ment. Due to the relevance of this direction, machine learning methods have been actively developed in recent years
(Aguilera-Venegas et al., 2023; Kangra, & Singh, 2023; Olisah, Smith, & Smith, 2022; Orlova et al., 2026). Works in this
area demonstrate the high efficiency of the classification models for various data sets. Recent advancements also include
specialized deep learning architectures like EchoceptionNet, which captures both temporal and spatial feature interactions,
and the comparative use of Decision Tree Classifiers and Artificial Neural Networks (ANN), with the former often demon-
strating superior accuracy in identifying diabetic conditions based on biochemical indicators like HbA1c¢ (lftikhar et al., 2025).
In (Livinska, Skrypnyk, & Galan-Garcia, 2024), the accuracies of different machine learning algorithms were compared for
diagnosing diabetes on binary data that do not include laboratory tests, and can be obtained by patient questionnaires.

This work examined data on people with diabetes in Kyiv and conducted a descriptive analysis to calculate key statistical
characteristics; it also investigated two models based on ARIMA processes and linear regression for the percentage of
children with diabetes. Using these, forecasts were constructed for the next 5 years. All this is described in more detail in the
first chapter. The second chapter is devoted to the analysis of the diabetes incidence dataset in women, along with 9 other
variables — factors that will be the focus of further work. The distribution of variables was analysed using histograms and
box-and-whisker plots, and the relationships between them were investigated using a correlation matrix. The Student’s t-test
was used to compare the mean values of variables in the two groups (healthy, diabetic). Three machine learning methods
were applied to classify patients into groups: k-nearest neighbours, logistic regression, and random forest. To compare
these methods, the following quality measures were calculated: accuracy, sensitivity, specificity, and other indicators.

1. Statistical analysis and forecasting of the incidence of diabetes mellitus in Kyiv

This section is devoted to the analysis of data on the incidence of diabetes in Kyiv. Based on the data from the website
(IDF, 2024). The data is obtained for 1995-2016 (no data for 2014, due to the annexation of Crimea and the east of the
country. Since 2017, data for all regions have not been available, and their collection has not been continued.

Autocorrelation, also known as serial correlation, is the relationship between a signal (time series) and itself at different
points in time. Informally, autocorrelation involves comparing two observations of the same signal at different times to
assess how similar they are. Let’s construct an autocorrelation function for the time series of the percentage of children
with diabetes. To do this, our dataset must be fully known, so we impute the missing value for 2014 using the average of
the nearest neighbours. Mathematically, the autocorrelation function provides a measure of the signal’s characteristics in
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the time domain, which is used to describe the relationship between the signal’s value at one point in time and its value at
another point in time (Fig. fi)).
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Fig. 1. Autocorrelation

To analyse trends in morbidity, time series analysis was used, with time series classified as stationary or non-stationary.
Non-stationary data, which is typical of medical indicators, is presented as the sum of the trend f(¢) and the stationary
process

XY= f(t)+ X, t €{0,1,....n—1}.

The ARIMA (Autoregressive Integrated Moving Average) model has been selected as the primary forecasting method; it
is characterised by the following parameters (p, d, q). Mathematically, the model for a non-stationary time series takes the
form():

P q
AdXt =c+ ZaiAdXt_1 =+ Z bjét—j + €t,
i=1 j=1
where A, is the difference operator of order d, and ¢; is a "white noise”.

The study is based on morbidity data for the city of Kyiv for the period 1995-2016. The key indicators identified are:

- p is the percentage of children among all patients with diabetes mellitus (DM).

- fp is the proportion of children among those newly diagnosed with diabetes. To analyze the dataset, R programming
language for statistical computing and data visualization was used.

Statistical analysis revealed significant variability in the fp value (coefficient of variation 36.0%) compared with p
(19.6%).

Modelling and forecasting results. Two forecasting models have been developed for the p indicator. The first model is
ARIMA(0,2,1) model: The coefficients were selected using the Akaike Information Criterion (AIC). The model indicates
an upward trend in the proportion of sick children over the next five years.

The second model was a linear regression model; the least-squares method (LSM) was used to estimate the trend
parameters. The analysis of the parameters revealed that the coefficients were statistically significant (p — value < 0.05);
however, the model explains only 20% of the variation in the series (R = 0.2091)

A comparison of the results reveals a discrepancy: the ARIMA model predicts a further rise in incidence, whilst linear
regression indicates a slight downward trend, highlighting the advantage of dynamic models for short-term forecasting of
health indicators.

2. Diabet prediction based on medical records

This section is devoted to the analysis of the diabetes prevalence dataset in women with 9 other variables: number
of pregnancies, blood glucose, blood pressure, body mass index (BMI), genetic predisposition to diabetes, insulin, age,
and presence of diabetes from (Smith et al., 1988). The dataset was collected by the National Institute of Diabetes and
Digestive and Kidney Diseases. The purpose of the dataset is to diagnose whether a patient has diabetes or not based on
certain diagnostic measurements included in the dataset. All patients in this dataset are women aged at least 21 years.

The contrast matrix (last column) in Fig. B visually demonstrates differences in diabetes incidence across several char-
acteristics, namely the number of pregnancies, glucose level, body mass index (BMI), and age. However, these observed
differences require further statistical verification to confirm their significance.

To analyze the relationships between variables in more detail, a matrix of pairwise correlation coefficients is constructed.
This matrix reflects the degree of linear dependence between each pair of factors. The lower triangular part of the matrix
contains the numerical values of the correlation coefficients, while the upper part provides a visual representation using
circles of varying intensity: with blue shading indicating a positive outcome (with diabetes) and red shading indicating a
negative outcome (without diabetes).

The Student’s t-test is one of the basic statistical methods used to compare means between groups of data and to
identify statistical differences. Comparing means allows you to determine whether the selected groups are significantly
different in terms of the indicator or outcome under study. In the context of medical research, comparing mean values
between groups, such as patients and healthy individuals, can help identify risk factors that contribute to the development
of diseases. This approach allows you to determine which indicators or properties of the body differ between groups and
may be associated with the onset and progression of specific diseases. This information can be important for developing

ISSN 1728-3817



DI3BUKO-MATEMATUYHI HAYKMW. 1(82)/2026 ~ 239 ~

strategies to prevent and manage disease risks. Suppose we want to compare two sample means: X, calculated from a
sample with standard sd; deviation and sample size n; and X calculated from a sample with standard deviation sd> and
sample size ny. Then, we formulate the following hypotheses:

a) Ho: In the population, there is no difference between the mean values.

b) H: The means in the population are not equal (the alternative hypothesis).
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Fig. 2. Matrix of contrasts and pairwise coefficients of correlations depending on whether there is diabetes

First, we assume that the null hypothesis H, holds. This means that in the population, there is indeed no difference
between the mean values X, and X, . If this is the case, then in repeated experiments (drawing samples and calculating
the difference between the two sample means), the difference X; — X5 should be close to zero. This is compared with the
tabulated value of the Student’s t-distribution with n, +n2 —2 degrees of freedom, which depends on the chosen significance
level. In R, we will use the function t.test and compare the obtained p-value with the significance level 0.05 (Tab. fi}). If the
p-value is greater than 0.05, there are no grounds to reject the null hypothesis at the 0.95 confidence level (the means are
statistically equal). Otherwise, the null hypothesis is rejected (the means differ with probability 0.95).

Table 1

Statistical significance of the difference between healthy and sick people

Factor t p-value Is the difference stat.significant?
Pregnencies -5.907 3.411e-09 yes
Glucose 1 -13.752 2.2e-16 yes
BloodPreassure | -1.7131 0.08735 no
Skin Thickness | -1.9706 0.05 no
Insulin -3.3009 | 0.001047 yes
BMI -8.6199 2.2e-06 yes
DPF -4.5768 6.1e-06 yes
Age -6.9207 | 1.202e-11 yes

For the classification of diabetes, three machine learning methods were applied: k-Nearest Neighbors, Random Forest,
and Logistic Regression.

The k-Nearest Neighbors (k-NN) method is one of the simplest machine learning algorithms used for classification
and regression. It is based on the assumption that similar objects have similar outcomes. In this method, there is no explicit
training process. The algorithm simply stores all the training data along with their labels (in the case of classification) or
values (for regression). To predict the class or value of a new object, the algorithm computes the distances between this
object and all objects in the training set. For applying the k-NN method, all values were normalized (for each variable, the
mean was subtracted and divided by the standard deviation). Next, the entire dataset was split into training and testing sets
in an 80 — 20 % ratio. For the nearest neighbors method, we use the parameter k = 5. The knn() function is used to build
the classification model, and a confusion matrix is constructed on the test set.

Random Forest is a commonly used machine learning algorithm that combines the outputs of multiple decision trees
to achieve a single result. A random forest is an ensemble of decision trees, where each tree depends on a certain set of
random variables. To apply the Random Forest method, all data are split into training and testing sets in an 80 — 20 % ratio.
Using the randomForest() function, a classification model is created, and a confusion matrix is constructed.

Logistic regression is a statistical method used to model the relationship between a dependent variable (response)
and one or more independent variables (predictors). Its primary purpose is to predict the probability of an event with a
binary outcome, for example, success or failure, a positive or negative diagnosis, and so forth. The dependent variable (Y")
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in logistic regression is categorical, most commonly binary (Y € {0,1}). In our case, 0 indicates no Diabetes, 1 indicates
the presence of Diabetes.

The model estimates the probability p that the event will occur: p = P(Y = 1| X).

To transform probabilities into a form suitable for linear modeling, logistic regression applies the logit function (the natural
logarithm of the odds):

logit(p) = In(p/(1 —p)) = Bo + b1 X1 + foXo + - - + B Xk,

where fo, 51, ... Br are model parameters estimated from the data.
Using the glm() function, we obtained the following logistic regression model for our dataset:

logit(p) = —8.404 + 0.123X; + 0.025X5 — 1.33X3 + 0.001X4 + 0.089X¢ 4+ 0.945X7 + 0.014Xs.

Based on this model, we classified individuals as either healthy or diabetic. The classification was performed using the
following R command, which assigns an observation to the diabetic group if the predicted probability exceeds 0.5.

To evaluate the model’s performance, a confusion matrix was generated using a table. This matrix provides a summary
of correctly and incorrectly classified cases, allowing for an assessment of the model’s accuracy.

3. Classification performance of quality metrics

Accuracy is one of the most widely applied quality metrics, defined as the proportion of correctly classified instances.

Sensitivity is used to assess the ability of a test or model to correctly identify positive cases. In other words, sensitivity
indicates the proportion of truly positive cases that were correctly classified as positive. From the table, it can be seen that
the method providing the highest sensitivity is Random Forest.

Specificity is used to evaluate the quality of a test or model. While sensitivity measures how well the test detects
positive cases, specificity reflects how well it identifies negative cases. In other words, it is the ability of the test to correctly
recognize the absence of a certain feature or disease. According to the table, Logistic Regression demonstrates the highest
specificity.

Precision characterizes the degree of consistency of results when measurements or experiments are repeated. In
other words, precision shows how closely the results of repeated measurements of the same quantity agree with each
other. The highest level of precision is achieved by Random Forest.

Negative Predictive Value (NPV) indicates how reliable a negative test result is. In other words, NPV answers the
question: “If the test result is negative, how likely is it that the individual truly does not have the condition?” The highest
NPV is achieved by Logistic Regression (see Tab. J).

Statistical significance of the difference between healthy and sick people Table 2

k-NN Random Forest | Logistic Reg
Accuracy | 0.7208 0.7662 0.78255
Sensitivity | 0.8617 0.8842 0.58209
Specificity | 0.5000 0.5763 0.89
Precision | 0.7297 0.7706 0.73933
NPV 0.6977 0.7556 0.79892

Discussion and conclusions

This paper examined and analyzed type 2 diabetes mellitus. First, the prevalence of diabetes in Kyiv from 1995 to
2015 was considered. Using ARIMA processes and a regression model, the short-term incidence of diabetes in Kyiv
was forecasted. Then we investigated and described another dataset consisting of one categorical variable (presence of
diabetes) and eight numerical variables. To explore the data in more detail, graphical visualization methods were used.
This allowed us to assess the distribution of each variable and detect potential outliers. To identify relationships between
variables and their dependence on the presence of diabetes, a correlation matrix was built. Then, to test whether the mean
values of indicators differ between diabetic and healthy individuals, a statistical test — Student’s t-test — was applied. For
patient classification into groups, three machine learning methods were used: k-nearest neighbors, logistic regression,
and Random Forest. Logistic regression achieved the highest classification accuracy (0.78). The method with the highest
sensitivity was Random Forest (0.88). Logistic regression achieved the highest specificity (0.89).

The conducted analysis shows that diabetes incidence is influenced by multiple factors, with glucose level, BMI, age,
and number of pregnancies being statistically significant predictors. The time series modeling for Kyiv revealed that the
ARIMA model is more suitable for short-term forecasting of non-stationary medical data, while linear regression provides
less reliable results.

The comparison of classification methods demonstrated that Random Forest achieves the highest sensitivity and pre-
cision, making it more effective for detecting diabetes cases. Logistic regression showed higher specificity and negative
predictive value, indicating better performance in identifying healthy individuals. The k-NN method yielded comparatively
lower accuracy.

Overall, the results confirm that combining statistical methods with machine learning improves both forecasting and
early diagnosis of diabetes, which is important for preventive healthcare and decision-making.

Authors’ contribution: Mykola Pychtar — conceptualization, methodology; Myroslava Lytvyn — software, empirical data collection
and validation, empirical research, analysis of sources, preparation of literature review.
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CTATUCTUYHUIA AHANI3 ®AKTOPIB, LLIO BMNJIMBAIOTb HA 3AXBOPIOBAHICTb LLYKPOBUM OIABETOM

Ceplio3Hicmb npo6nemu diabemy ¢haxieyi NosicHrOOMb pieHeM nowupeHHs1 xeopobu. Y 2021 p. npubnu3Ho 537 mnH nrodeli Ha ecili 3emni
xeopinu Ha uyykpoeul diabem, wjo cmaHoeums nNpubnu3Ho 6 % HaceneHHs. 3 oanady Ha ye OOC/iOKeHH ma aHani3 daHux 3a QuHaMiKol
3axeoproeaHHsl UyKpoeoz2o diabemy € akmyasibHUMU SIK 3 O3uyii To6ydoeu nNpo2Ho3y 3axeoprogaHoOCMi, mak i 3 mo3uyii Moxsiueocmi depxagHo20
peaynoeaHHs1 ma 3anobieaHHs1 NowupeHHIo xeopobu. Memoto npoekmy € cmamucmuyHull aHani3 3axeoproeaHocmi Ha Uykposuli diabem, no6by-
doea modesieli QuHamiKu 3axeoproeaHocmi Onsi Micma Kueea, a makox aHasi3 ensiusy makux noka3Hukie y XiHOK: Kinbkicmb ea2zimHocmeli, pieeHb
2J10KO03U 8 Kposi, Kpoe’siHull muck, iHoekc macu mina (IMT) mowo, Ha uykposuti diabem. [Jo yux 3miHHUX 3acmocoeaHo Memodu Knacugikayii ons
no6ydoeu Npo2HO3HUX 3Ha4eHb 3a A0MOMO2010 MO8U NpozpamyeaHHsi R. BionoeidHo do nocmaeneHoi Memu e po6omi po3e’si3aHO maki OCHO8Hi
3ae0aHHs: eidwykaHHs y eidkpumomy docmyni daHux wodo yykpoeozo diabemy; onpauroeaHHsi eidomux nidxodie Ao aHasi3zy makux AaHux;
o64ucneHHs1 6a308UX OCHOBHUX CMamMuCMUYHUX MOKa3HUKie 3axeoproeaHocmi ma eilyanizayiss daHux 3a AoOroOMo20l0 MO8U Mpo2pamyeaHHs
R; 3HaxodxeHHs1 mpeHAy 3axeoproeaHocmi; nobydoea mModesii ma NPo2HO3HUX 3Ha4YeHb Ha ocHoei npoyecie ARIMA ma pezpeciliHo2o aHanisy.
3a donomozoro kpumepito CmbrodeHma 30ilicHeHO nepesipKy Ha 8iOMiHHOCMIi 8 cepedHLOMY Makux MoKa3Hukie Onsi 30oposux i Xxeopux Ha
uykpoeut diabem, siK Kinbkicmb ea2cimHocmeli, pieeHb 2/110K03U 8 Kpoei, kpoe’saHuli muck, IMT moujo. [Ipo2HO3yeaHHsI 3axeopro8aHHs Ha diabem
peanizoeaHo 3a 00NTOMO20K MPLOX asl20puMmMie MaWuHHO20 Has4YyaHHSsI, a came: k-NN; Random forest; nocicmu4Hoi peepecii. BukoHaHo o64uc-
JIeHHS1 Mip sikocmi anzopummie i NopieHAHHA Mo4YHocmeu Knacugikauyii.

Knw4yoBi cnoBa: yvacoeuli pad, yykposuii diabem, npo2Ho3yeaHHs1 ma modesntoeaHHsl, k-NN, Random forest, nozicmu4Ha pezpecis,
mo4Hicme anzopummis.
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