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ABSTRACT

Introduction: The prevalence of diabetes in
Kazakhstan has reached epidemic proportions,
and this disease is becoming a major financial
burden. In this research, regression analysis
methods were employed to build models for
predicting the number of diabetic patients in
Kazakhstan in 2019, as this should aid the
costing and policy-making performed by medi-
cal institutions and governmental offices

regarding diabetes prevention and treatment
strategies.
Methods: A brief review of mathematical mod-
els that are potentially useful for the task of
interest was performed, and the most suit-
able methods for building predictive models
were selected. The chosen models were applied
to explore the correlation between population
growth and the number of patients with dia-
betes as well as the correlation between the
increase in gross regional product and the
growth in the number of patients with diabetes.
Moreover, the relationship of population
growth and gross domestic product with the
growth in the number of patients with diabetes
in Kazakhstan was determined. Our research
made use of the scikit-learn library for the
Python programming language and functions
for regression analysis built into the Microsoft
Excel software.
Results: The predictive models indicated that
the prevalence of diabetes in Kazakhstan will
increase in 2019.
Conclusion: Mathematical models were used to
find patterns in a comprehensive statistical
dataset on registered diabetes patients in Kaza-
khstan over the last 15 years, and these patterns
were then used to build models that can accu-
rately predict the prevalence of diabetes in
Kazakhstan.
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INTRODUCTION

The increasing incidence of diabetes worldwide
is of great concern and has attracted the atten-
tion of many researchers [1, 2]. All types of
diabetes pose a high risk of premature death and
are a serious problem. Official statistics pub-
lished by the World Health Organization indi-
cate that 422 million people [3] were suffering
from this disease in 2014; this number is fore-
cast to rise to more than 690 million people in
2045 [4]. In Kazakhstan alone, the number of
diabetic patients is believed to exceed 300,000,
and this figure only includes patients who were
directly diagnosed by doctors [5]. There are
serious problems in this country due to a lack of
qualified specialists in diabetes, meaning that
diabetes is often first treated during the
advanced rather the early stages of the disease.
These shortcomings have led to an increase in
diabetic patients in Kazakhstan, and diabetes
mellitus (DM) is currently the fourth most
prevalent disease in the country [6]. DM is thus
a growing public health problem that affects
not only human health but the health care
system overall and, indeed, the global economy
[7].

The steady growth in the number of diabetes
patients has prompted researchers around the
world to explore methods permitting the pre-
diction and early diagnosis of diabetes. For
instance, the prevalence of chronic kidney dis-
ease in European patients with diabetes until
2025 was predicted in [8], and a demographic
epidemiological model of Singapore was
devised in [9] and then used to predict the
overall prevalence of type 2 diabetes in Singa-
pore until 2050. While measures to tackle the
rising prevalence of diabetes can and are being
taken at the state level, multisectoral efforts to
treat this disease are needed to optimize
socioeconomic productivity. The authors of [10]
argue that the pandemic of diabetes cannot be
solved without the participation of all of the

stakeholders concerned, including diabetic
patients and the community.

A model for predicting type 2 diabetes based
on data-mining methods was proposed in [11].
This model consisted of an improved k-means
algorithm and a logistic regression algorithm.
Other researchers have developed a model for
predicting the prevalence and incidence of
obesity and diabetes as well as the direct costs of
treating diabetes and its complications [12]. In
another study, a population-based analysis of
an elderly cohort was carried out to investigate
whether oral antidiabetic agent use can decrease
the risk of dementia in type 2 diabetes patients,
and the correlation of the incidence of demen-
tia to the duration of diabetes was explored [13].
In Taiwan, models for estimating the diabetes-
associated risk of hospitalization and the risk of
type 2 diabetes inpatient mortality were devised
in order to facilitate the identification of at-risk
patients [14]. Three forecasting machines were
used in [15] to anticipate the glycemic impacts
of various meals: a data assimilation machine, a
model averaging the data assimilation results,
and a machine utilizing dynamic Gaussian
process model regression. The forecasted gly-
cemic impacts were found to correlate well with
glucose indicators, and the prediction accuracy
of the technique was as good or better than
expected. Computer simulations can also help
researchers to understand chronic disease pro-
gression. In this context, the authors of [16]
developed and used system dynamics to per-
form diabetes system modeling.

An important direction in the development
of medical services for populations is the con-
struction and implementation of various prob-
lem-oriented information systems that can
utilize all of the heterogeneous information
collected during the diagnosis and treatment of
patients with diabetes and apply ‘‘big data’’
technology and cloud services as a toolkit.
There is a high demand from modern medical
institutions for such systems that use the latest
information technologies to facilitate the diag-
nosis and treatment of diabetes mellitus
[17–20].

The purpose of the study described below
was to identify the most effective regression
analysis method for predicting the growth in
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the number of patients with diabetes in Kaza-
khstan using ins passive detection and real sta-
tistical data on such patients

METHODS

Statistical Analysis

Data on diabetic patients in Kazakhstan were
provided by a public foundation, the Kazakh
Society for the Study of Diabetes [5], which
provided informed consent for the publication
of all statistical data used in this study.

Data on gross domestic product (GDP) and
the population of Kazakhstan were taken from
the official website of the Statistical Agency of
the Republic of Kazakhstan [21]. The aims of
this study was to build a model that could pre-
dict the growth in the number of diabetes
patients in Kazakhstan via passive detection and
regression analysis methods, and to identify the

most accurate experimental method for pre-
dicting diabetes. Data on patients with diabetes
in Kazakhstan from 2004 to 2018 (see Table 1)
were used.

From 2004 to 2018, the number of patients
with diabetes increased from approximately
114,000 to approximately 326,000 (185.46%),
as shown in Fig. 1.

Based on this graph, we can conclude that
there is a positive growth trend in the number
of diabetic patients in Kazakhstan. The largest
jump in the number of diabetic patients was
observed in 2014—an increase of 35,251 people
(15.58%).

RESULTS

Correlating Population Growth
with the Number of DM Patients
and the Increase in the Gross Regional
Product with the Growth in the Number
of DM Patients in Kazakhstan

It is often necessary to explore the relationship
between continuous variables. This can be pro-
bed using correlation analysis, as illustrated by
Table 2, which presents the correlation between
population growth and the number of DM
patients in each region of Kazakhstan. The final
result of correlation analysis is a correlation
coefficient (r), the value of which can range
from - 1 to ? 1. A correlation coefficient of ? 1
indicates that there is a strong positive linear
relationship between two variables, a

Fig. 1 Data from the register of patients with DM in
Kazakhstan

Table 1 The total number of patients with diabetes
mellitus (DM) in Kazakhstan during each of the last
15 years

Year Number of patients with
DM in Kazakhstan

2004 114,355

2005 117,563

2006 128,039

2007 147,717

2008 151,336

2009 162,012

2010 175,685

2011 190,682

2012 207,935

2013 226,202

2014 261,453

2015 272,629

2016 293,171

2017 310,114

2018 326,449

Diabetes Ther (2019) 10:2079–2093 2081
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Table 4 The number of DM patients in each region of Kazakhstan in the year 2019, as predicted using three regression
analysis methods

Numerical label
for region

Region Linear regression Polynomial regression Exponential regression

1 Akmola 16,110 16,187 17,957

2 Aktobe 14,107 15,189 16,150

3 Almaty 31,222 30,867 36,074

4 Atyrau 8882 9419 10,580

5 West Kazakhstan 9446 10,225 10,817

6 Jambyl 17,172 19,725 18,472

7 Karaganda 31,500 31,569 33,915

8 Kostanay 22,444 25,198 23,805

9 Kyzylorda 10,453 11,852 13,304

10 Mangistau 9399 10,609 11,624

11 South Kazakhstan 39,085 38,867 42,957

12 Pavlodar 18,612 20,445 20,082

13 North Kazakhstan 17,554 17,137 19,236

14 East Kazakhstan 34,932 35,993 37,296

15 Astana 15,254 16,240 17,976

16 Almaty 36,837 40,552 39,702

17 The Republic of Kazakhstan 333,010 350,074 369,945

Fig. 2 Plot showing the number of DM patients in
Kazakhstan each year from 2004 to 2018, as well as three
different regression lines fitted to the data. The regression

lines were used to predict the number of DM patients in
Kazakhstan in 2019

2086 Diabetes Ther (2019) 10:2079–2093



correlation coefficient of - 1 indicates that the
variables have a strong negative linear rela-
tionship, and a correlation coefficient of 0
means that there is no linear relationship
between the variables [21–24].

The regions of Kostanay, North Kazakhstan,
and East Kazakhstan were all found to show rel-
atively strong negative correlations between
population growth and the number of DM
patients,while theAkmola region showed aweak
negative correlation between those parameters.
This shows that there are strong negative linear
relationships between population growth and
the number of DM patients in Kostanay, North
Kazakhstan, and East Kazakhstan, and that there
is a weak negative linear relationship between
these parameters for the Akmola region. Positive
correlations between the two variables are seen
for the other regions of Kazakhstan.

The correlation between the growth in the
gross regional product (GRP) and the growth in
the number of diabetic patients in each region of
the country was also analyzed; the corresponding
correlation coefficients are shown in Table 3. GRP
is a general indicator of the economic activity of
the region, i.e., the amount of goods and services
produced in that region [25].

According to Table 3, there is a strong posi-
tive linear relationship between the growth in
GRP and the growth in the number of patients
with DM in each region of Kazakhstan.

Literature Review of Methods Used
to Construct Predictive Models

The standard tool used in medical research (in-
deed, in all areas of research) to explore correla-
tions between variables is regression analysis
[26, 27]. For instance, the authors of [28] per-
formed studies to detect anomalies in surveil-
lance data and concluded that while the number
of studies that use more sophisticated methods
such as machine learning methods and hidden
Markov models is increasing, studies that use
traditional methods such as control charts and
linear regression remain more popular.

In [29], predictive methods based on machine
learning were compared with those based on tra-
ditional statistical methods. The empirical results

of this comparison highlighted the need for
objective and unbiased approaches to testing the
performance of forecasting methods. This can be
achievedbycomparing thepredictions affordedby
the various forecasting methods when they are all
applied to the same task, and by analyzing a large
dataset (e.g., a large number of time series in the
present work), as this should lead to fair and
meaningful comparisonsanddefiniteconclusions.

The application of methods based on
regression analysis to build predictive models
will be successful if there is a known correlation
between two variables of interest. Our correla-
tion analysis revealed that there was a strong
positive linear relationship between growth in
GRP and growth in the number of patients with
DM in Kazakhstan. The next step was to apply
three types of regression analysis to predict the
growth in the number of patients with diabetes
mellitus based on passive detection: linear
regression, polynomial regression, and expo-
nential regression. If the value of one of the
parameters considered is known to a high level
of accuracy, we can use these three regression
equations to determine the value of another
parameter that is related to the first parameter
[30].

Forecasting the Growth in the Number
of DM Patients in Kazakhstan in 2019
Using Three Types of Regression Analysis

Regression methods are statistical methods for
studying the distribution of a dependent variable
in relation to one or more independent variables
[31]. The aim of regression analysis is to build a
mathematical model that allows the value of a
dependent variable to be estimated from the val-
ues of independent variables [32]. Such a model
incorporates regression coefficients that are
identifiedbyconstructinga regression line—aline
of best fit to the distribution of the dependent
variable in relationtothe independentvariable(s).
In the present work, we used various types of
regression lines—linear, third-degreepolynomial,
and exponential—to achieve the best fit to the
distribution. In each case, the best variant of the
regressionequationwas chosenby identifying the
variant with highest coefficient of determination

Diabetes Ther (2019) 10:2079–2093 2087



R2 [30]. Many methods of determining the para-
metric relationship between a dependent variable
and independent variables have been developed.
These methods usually differ in the shape of the
function used in parametric regression and the
distribution of the error term in the regression
model. Examples include linear regression, logis-
tic regression, and Poisson regression [33].

In the present work, we applied the three
regression methods to a situation with one
dependent and one independent variable using
the machine-learning library scikit-learn of the
programming language Python. Particular
attention was paid to verifying that the condi-
tions required for the appropriate application of
the methods were present.

1. In linear regressionanalysis, theparametersof
a straight line that can be used to accurately
predict the value of one variable based on the
value of the other variable are predicted.

The straight line has the formula

y ¼ b0 þ b1x;

where y is the value of one of the variables, b0 is
the point at which the straight line crosses the
y-axis, b1 is the slope of the line, and x is the
value of the other variable. Linear regression
analysis is performed if correlation analysis
reveals a relationship between the variables
[24, 34]. The linear regression equation that
was used as a model for predicting the number
of DM patients took the following form:

y ¼ 15915xþ 78368;withR2 ¼ 0:9804:

2. Polynomials are widely used in situations
where a curvilinear response is observed.
Even the most complex nonlinear relation-
ships can be adequately modeled by polyno-
mials across a fairly narrow range of x values.

A regression equation based on a third-degree
polynomial takes the following form:

y ¼ ax3 þ bx2 þ cxþ d;

where the number of extrema (maxima,minima,
and inflection points) presented by the curve is

determined by the degree of the polynomial
[34, 35]. The polynomial regression equation
that was used as a model for predicting the
number of DM patients took the following form:

y ¼ �38:378x3 þ 1487:6x2 þ 780:81x

þ 113349; withR2

¼ 0:9964:

3. Exponential regression involves regression
functions of the following form:

y ¼ a�mx ¼ a�ðeln mð ÞÞx ¼ a�ex�ln mð Þ

¼ a�ebx; where b ¼ lnðmÞ:

The exponential regression equation used as a
model for predicting the number of DM
patients took the following form [36]:

y ¼ 102666e0:0796x; whereR2 ¼ 0:995:

After calculating the regression equations,
they were used to predict the number of DM
patients in each region of Kazakhstan in the
year 2019; these data are presented in Table 4.

According to the predicted data for 2019
obtained using linear regression, there will be
333,010DMpatients in Kazakhstan. According to
polynomial regression, there will be 350,074 DM
patients in Kazakhstan in 2019, but, according to
exponential regression, there will be 369,945 DM
patients.Afterobtaining thesedata, the regression
model plot shown in Fig. 2 was generated.

As shown in Fig. 2, all three types of regression

hadhigh coefficientsof determination, i.e.,R2 was
always above 0.9, although polynomial regression

yielded the highest R2 value. From this, it follows
that the polynomial model is best suited for use as
amodel for predicting thenumberofDMpatients.

Relationship of Population Growth
and GDP to the Growth in the Number
of Patients with DM

A regression analysis was performed to deter-
mine the relationship of population growth and
GDP to the growth in the number of diabetic
patients in Kazakhstan. The model used took
the following form:

2088 Diabetes Ther (2019) 10:2079–2093



y ¼ aþ b1x1 þ b2x2 þ e:

More precisely, it was found to be

y ¼ �128438þ 14:47913x1 þ 0:003268x2 þ e;

where y is the number of patients with DM, and
R2 = 0.98 is the coefficient of determination.
This is the proportion of variance of the
dependent variable, explained by the model of
dependence under consideration, i.e., the
explanatory variables. The determination coef-
ficient (R2; 0 B R2 B 1) is a measure of the qual-
ity of the regression model; i.e., how well it
describes the relationship between the depen-
dent and independent variables of the model.
The closer the value of the coefficient of deter-
mination is to 1, the better the model. If R2 = 1,
then the empirical points (xi; yi) lie exactly on
the regression line and there is a linear func-
tional relationship between variables Y and X. If
R2 = 0, then all of the variation of the depen-
dent variable is due to factors not taken into
account in the model.

In the present research, the model shows
the relationship between growth in GDP and
the DM population. x1 is the population. We
used the F test to determine the statistical
significance of all the coefficients. F was cal-
culated to be 496.4881, meaning that all of the
coefficients were statistically significant. x2 is
the GDP, and the constant a = - 128,438.
There can be functions where one variable
depends on the values of two or more other
variables, where x1 and x2 together determine
the value of y. The value of a shows that if x1

and x2 are equal to zero then y will equal to
zero too. In the present research, a has a neg-
ative value, which means that if there is no
population growth and the economy expands,
the number of patients with DM will decrease.
b1 = 14.47913, which shows that iif the econ-
omy does not expand, the number of DM

patients will increase by approximately 14,000
people as compared with the number in the
previous year. b2 = 0.003268, which shows that
if the population continues to grow at the
same rate the following year and the rate of
GDP increases by 1 million tenge, the number
of DM patients will be increasing by this ratio.

Using the scikit-learn Library of Python
to Model Regression Methods

One of the most popular programming lan-
guages, Python, can be used to implement
machine learning algorithms [37]. Python has a
well-documented library named scikit-learn [38]
that can be employed for machine learning. The
scikit-learn library can be applied to tasks such
as clustering, cross-validation, correlation,
dimension reduction, algorithmic composi-
tions, feature extraction, feature selection,
optimization of algorithm parameters, and
multiple learning.

To demonstrate the utilization of this library,
let us consider an example in which it is used to
determine the number of patients with diabetes
based on data obtained from the statistical data
register of the Republic of Kazakhstan. The first
step is to download the required data. The sci-
kit-learn library is used to model data, not to
download the data. However, the Pandas library
[39] can be used to download data as it has
convenient functions for I/O and the processing
of tabular data, and this library can also perform
primary data analysis.

Data loading code:

Thenext step is toworkwith arrays,whereX is
an array of signs Y is an array of classes. The
subsequent step is to normalize features, since
most machine-learning algorithms are based on
gradient methods. After downloading the nec-
essary data, researchers canuse the capabilities of
machine-learning algorithms. The scikit-learn
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library implements a variety of algorithms, such
as logistic regression, linear regression, naive
Bayes, k-nearest neighbors, decision trees, and
the support vector method. The scikit-learn
library can easily be integrated into applications
that perform traditional statistical data analysis,
as well as other types of applications, as it relies
on the Python scientific software ecosystem.
Algorithms implemented in a high-level lan-
guage can be used as building blocks in a range of
applications, such as in medical imaging [40].

The first experiment, which used a linear
regressionalgorithm,employed the followingcode:

After training themodel, it is easy to predict the
numberofpatientsaccordingto the inputattribute
using the predict method. In the second

experiment, the following polynomial regression
algorithm was used:

Finally, a third experiment that applied the
following exponential regression algorithm was
carried out:
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DISCUSSION

The authors examined the main features of the
scikit-learn library that were used to solve
machine-learning problems. Results obtained
from Python were then compared with those
obtained using Excel. In comparison, it was
found that all three regression methods yielded
similar predicted values regardless of whether
Python or Excel was used, although there was a
difference of 16 patients between the results
obtained with exponential regression using
Python (369,961 patients) and Excel (369,945
patients). Since the values predicted using the
different regression analysis methods and Excel
or Python are rather similar to each other and
are quite close to the actual DM populations
reported for Kazakhstan in recent years, and
given the approximate nature of these fore-
casting techniques, it appears that it is feasible
to use regression analysis methods to accurately
predict the DM population in Kazakhstan.

The regression model would be more reliable
if the statistical data for DM patients in Kaza-
khstan were obtained on a monthly basis rather
than an annual basis. This is one limitation of
this study.

CONCLUSION

In this work, we reviewed many studies that
used regression analysis for forecasting pur-
poses. This review led us to conclude that
regression analysis methods are effective tech-
niques for solving various problems, including
many in the field of medicine. We therefore
tested three different regression models as pos-
sible tools for predicting the number of patients
with diabetes in Kazakhstan in 2019. All of the
models indicated that the number of DM
patients will increase, which is concerning.
Strong correlations of population growth and
GDP with the growth in the number of patients
with diabetes in Kazakhstan were observed, and
the relationship between population growth
and the number of diabetics was determined. A
correlation between the growth in GRP and the
growth in the number of patients with diabetes
was also discerned. The main features of the

scikit-learn library that can be applied to
machine learning problems were considered in
the context of predicting the number of
patients with diabetes in Kazakhstan using
regression analysis methods. This research is
part of a larger research project that focuses not
only on the prediction of the number of dia-
betic patients in 2019 but also on the diagnosis
and study of diabetes using big data technolo-
gies. Although some results of this research
have been studied and published, investigations
into the use of big data technology in the health
sector are ongoing.
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