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Abstract: Background: A good understanding of the demand for health services requires not only an
analysis of the current and historical volume of health care provided but also relies on accurate
forecasting of trends in the future. Such trends provide invaluable information for needs assessment,
resource planning, facility evaluation and policy formulation. We set the task of assessing the load
on the healthcare system of Kazakhstan in the next decade using indicators of general morbidity,
outpatient visits, the need for medical personnel and financial costs of medical care. Methods: This
study applies a dynamic Markov chain model to forecast population dynamics and ARIMAX method
for healthcare demand forecasting. Results: In the next decade, the population of Kazakhstan is
expected to grow by an average of 1.4% per year, reaching 23,334,397 people by 2033. The population
growth will lead to an increase in the overall morbidity of the population in absolute values. The
growth rate for children will be 1.6%, for adults - 0.8% per year. In this regard, the number of visits
to medical specialists will increase by approximately 1.5% per year. Therefore, the demand for
internists will increase by an average of 4.7% per year. The need for labour and material resources
will entail an increase in financial costs. Total costs by 2033 will increase by 11.6% compared to 2023.
Conclusions: Understanding the demand for health services requires not only the analysis of past
and current health data but also relies on accurate forecasting of future trends. Assessing such trends
provides invaluable information for identifying needs, planning resources, evaluating facilities, and
formulating policies.

Keywords: public health; population forecasting; healthcare demand; time series forecasting

1. Introduction

The concept of supply of health services includes such categories as health care resources
(number of health workers, hospitals, equipment, drugs and others), cost of production services,
government regulation and policy, technological level, geographical distribution.

In an ideal health care system, every need for health care would generate a demand for the
corresponding service, and the supply of services would meet each demand. There would be no
shortage or excess of services. In real health care systems, unfortunately, need, demand, and supply
often do not match. Health care systems are often stressed by the uncertainty in the demand for health
services in society over time. The sources of these uncertainties are changing economic, political,
demographic, environmental and other conditions in which the population lives. Managing scarce
resources requires forecasting various health situations [1].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Forecasting applications can be useful for both short-term (e.g., monthly) and long-term (e.g.,
years) management and planning. Insufficient resources can lead to unavailability or long waits for
health care, deterioration in the quality of services. Excess and unused resources entail unnecessary
costs and become unsustainable. A good understanding of the demand for health services requires
not only an analysis of the current and historical volume of health care provided, but also relies on
accurate forecasting of trends in the near future. Such trends provide invaluable information for
needs assessment, resource planning, facility evaluation and policy formulation. [2]

Currently, there are many tools for modeling and forecasting the needs of the healthcare system
for various resources: human [3], financial [4], pharmaceuticals [5], organizational [6].

Population based forecasting plays a key role in healthcare, as it allows for long-term projections
by incorporating trends like aging populations or population growth, which are critical for strategic
healthcare planning over decades [7]. The method integrates prevalence and incidence rates of
diseases within a population, enhancing the ability to predict demand for specific services (e.g.,
chronic disease management or emergency care) [2]. By identifying healthcare needs based on
population size and structure, this approach helps avoid unnecessary expenditures on unneeded
infrastructure or staffing, optimizing budget use [8]. The method is adaptable to different geographic
scales (local, regional, national), making it versatile for diverse healthcare systems and population
densities [9]. By forecasting population health trends, the method aids in prioritizing preventive
measures, reducing future demand through early interventions [8]. It relies on readily available
population data (e.g., census data), making it a practical, evidence-based tool for policymakers and
healthcare administrators [10].

There are many different methods for making a population forecast. Among them, the most
commonly used method is the cohort component method [11]. To make a population forecast using
the cohort component method, a lot of data on the population is required. They include population
censuses for each age and sex, crude birth rates, age-specific fertility rates, death rates, life expectancy
at birth, sex ratios at birth and migration rates.

The cohort component method, being deterministic in nature, does not take into account the
influence of various external factors that can lead to extreme scenarios (e.g. a sharp decline in the
birth rate, a pandemic outbreak, mass migration). In this regard, stochastic [12] and probabilistic [13]
methods have been proposed. Stochastic forecasts create different possible trajectories of the future,
which is useful for strategic planning. Probabilistic forecasts allow one to choose a baseline (most
probable), optimistic, and pessimistic scenario.

Population forecasting must take proper account of all three of these components of
demographic change, which are mortality, fertility, and migration.

Mortality forecasting has received considerable attention in recent years. The Lee-Carter method
has become the benchmark approach for forecasting mortality. The method and its extensions have
found wide application in scientific research [14]. The functional approach to data proposed by
Hyndman and Ullah was developed as an alternative to the Lee-Carter model. This approach
includes higher-order principal components and nonparametric smoothing and provides a more
realistic future age structure of mortality [15]. Both models are also used to predict the fertility rate
[16,17]

In recent decades, a significant amount of research has focused on the development and
application of time series models in population forecasts, focusing on either overall population
growth or individual growth components. Much of the research on the evaluation of time series
models for forecasting fertility and mortality has focused on ARIMA time series models [18,19].

Currently, machine learning techniques have assumed an increasingly central role in many areas
of research, from computer science to medicine, including actual science. We can point to some works
devoted to the analysis of mortality [20], fertility [21], and population size [22,23].

The Markov chain approach relies on a probabilistic framework that is relatively easy to
understand and implement. It assumes that the future state of a system depends only on its current
state, not its entire history, which simplifies calculations and modeling [24]. The method models
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population dynamics through probabilities of transitions between different states (e.g., age groups,
birth rates, or mortality rates). This makes it well-suited for analyzing changes in population structure
[25]. Since Markov chains work with probabilities, they handle situations where data is incomplete
or uncertain effectively, which is common in demographic forecasting [26]. The method allows for
the determination of a long-term equilibrium (stationary distribution) that a population might reach
if current trends persist, which is valuable for strategic planning [27]. Markov chains can be used to
forecast overall population size or to analyze specific subgroups (e.g., by gender, age, or region),
making the method versatile [28]. This approach can be combined with other statistical or
mathematical methods to improve forecast accuracy, such as incorporating external factors (e.g.,
migration, economic conditions) [29].

The Ministry of Health of the Republic of Kazakhstan is actively introducing various tools for
planning and forecasting material and labor resources under the auspices of WHO, World Bank,
Asian Development Bank [30,31]. But, unfortunately, the scientific community still pays little
attention to the issues of scientific substantiation of society's needs for health services and forecasting
them for the short-term long-term [32]. In the literature available to us, we did not find works by
Kazakhstani scientists devoted to these problems. Some publication activity in this area was observed
during the COVID-19 pandemic, but they were devoted to planning emergency measures in an
extreme situation [33,34].

There are some scientific challenges in forecasting the volume of healthcare services. Among
them:

—  Uncertainty and quality of data: Accurate forecasting relies on complete, reliable, and up-to-date
data on morbidity, demographics, and healthcare accessibility. However, data is often
incomplete, outdated, or error-prone, particularly in developing countries or when accounting
for informal healthcare sectors [35]

—  Dynamic variability of factors: The volume of healthcare services depends on factors like income
levels, government policies, epidemiological conditions, and technological innovations, which
can change rapidly. Traditional models often assume stability, reducing their applicability in
real-world settings [36]

—  Complexity of human behavior: Patient behavior (e.g., seeking care, choosing between public
and private services, self-treatment) is difficult to predict and formalize, posing challenges for
models that cannot fully integrate subjective factors [30]

—  Limitations of existing forecasting methods: Methods like time series, exponential smoothing, or
Markov chains have inherent weaknesses. For instance, time series struggle with long-term
forecasts when trends shift, while Markov chains assume constant transition probabilities, which
is rarely realistic in healthcare [37]

— Integration of new technologies and their impact: The rapid rise of artificial intelligence (AI),
telemedicine, and wearable devices is reshaping healthcare demand, but their effects are
insufficiently studied and hard to quantify in models. [38]

—  Regional and social heterogeneity: Differences in healthcare access across regions and social
groups (e.g., income, education levels) complicate the development of universal models.
Forecasts based on averaged data often fail to reflect local specifics [29]

—  Impact of external shocks and crises: Economic downturns, sanctions, epidemics, or conflicts
drastically alter healthcare supply and demand. Most models are not equipped to handle such
disruptions [27]

—  Ethical and legal constraints: Using big data and Al for forecasting faces restrictions related to
patient privacy and healthcare regulations, limiting data access and model development [39]

—  Possible solutions to these problems include the creation of centralized databases with regular
updates and integration of information from different sources (public clinics, private sector,
insurance companies), combining traditional methods with machine learning to account for
nonlinear dependencies and adapt to changes, developing forecasts taking into account different
scenarios (e.g. economic downturn, epidemic) to increase the sustainability of models, as well as
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developing regional models taking into account the specifics of infrastructure and
demographics.

In recent years, the availability of data necessary for analyzing the state of the healthcare system
has significantly improved in Kazakhstan. Socioeconomic indicators, as well as indicators of the
health status of the population and indicators of the performance of healthcare institutions can be
found on the websites of WHO, the World Bank, and on domestic websites https://stat.gov.kz,
http://www.medinfo.kz, https://www.nrchd.kz. In this regard, the possibilities for developing and
implementing methods for planning and forecasting the volume of medical care for the population,
taking into account the specifics of the national healthcare system, have improved.

We set the task of assessing the load on the healthcare system of Kazakhstan in the next decade
using indicators of general morbidity, outpatient visits, the need for medical personnel and financial
costs of medical care. The simplest and most reliable way to do this is to use auto-regressive
integrated moving average (ARIMA) models with exogenous variables [40]. As such an exogenous
factor, we used the population, for forecasting which there are sufficiently reliable methods.

Our actions included the following steps:

—  age-specific mortality rate forecasting
—  birth rate forecasting

—  population forecasting

—  total morbidity forecasting

— Internists and Pediatricians forecasting
— financial need calculation

2. Materials and Methods

2.1. Data Sources

The dataset includes statistical data of Kazakhstan:

—  Historical population data (1991-2023), disaggregated by age, sex, and year.

— Annual birth rates per 1,000 total population for the same period.

—  Age-specific mortality rates per 1,000 population for each year from 1991 to 2023.
—  Annual number of internal medicine physicians (internists) for 1991-2023

—  Annual number of pediatricians for 1991-2023

— Annual total healthcare costs per capita for 1991-2023 (US$)

—  These data were sourced from Kazakhstan national statistics bureau.

2.2. Markov Chain-Based Population Forecasting Methodology

This study applies a dynamic Markov chain model to forecast population dynamics for the
period 2024-2033. The methodology integrates historical demographic data, birth rates, and mortality
rates while using dynamically updated transition matrices to model age-group transitions.

The Markov chain approach models population changes as a stochastic process, where the
population state at time t+1 depends solely on its state at time t.

The population is stratified into 18 age groups ('0-4’, ‘5-9’, ..., “85+') and divided by sex (male,
female). The transition probabilities are derived from age-specific mortality rates.

For each year, a transition matrix was constructed to describe the probabilities of individuals:

— remaining in the same age group.
—  transitioning to the next age group due to aging.
—  exiting the system due to mortality.

The probability of staying in the same age group was calculated as:
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MortalityRate;
Pi=1-— " M
1000
The probability of transitioning to the next age group was:
1-Pjj
Piigi = » €)

Duration of age group

where:

MortalityRatei is the age-specific mortality rate,

Duration of Age Group =5 years (except for the last group).

Children born are added to the age group "0-4". The number of births is divided between boys
and girls based on the historical ratio (approximately 50% boys and 50% girls).

2.3. Birth Rate Forecasting

To forecast birth rate for 2024-2033, we used ARIMA with stationarity checking and selection of
the best parameters. For model implementation data from 1991 to 2013 were used. The number of
births was calculated using the annual birth rate and the total population size.

. . TotalP lati
Birth,,; = BirthRate,; X TotalPopuwlatione 3)
1000
2.4. Age-specific Mortality Rate Forecasting
To forecast mortality rate for 2024-2033 Hyndman-Ullah model (HU) was used [16].
This model can be expressed as:
K
log(my:) = n() + Xieq Bt + (%, 1) 4)

where:

mxtis the mortality rate for age x at time t,

H(x) is the mean function of mortality over time,

[Bk(x) are the functional principal component (FPC) loadings, capturing age-specific patterns of
mortality change,

kktare the time-varying coefficients (scores) associated with each FPC, reflecting the temporal
variation in mortality,

g(x,t) is the error term.

The principal component scores were forecasted with ARIMA methods and then they were used
for mortality forecasting.

2.5. Population Forecasting

The population vector for year t+1 was estimated by applying the transition matrix for year t:
Nepr = TeNg (5)

where:

Nt = population vector at time t,

Tt = transition matrix at time t.

This process was repeated iteratively for each forecasted year (2024-2033).

We did not include the migration indicator in the model, since its level in the country is very
low. Thus, in 2023, the migration balance was 6,656 people, with a population of about 20 million
people. At present, there are no expectations that this migration level will change significantly.
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2.6. Healthcare Demand Forecasting

To forecast the general morbidity, outpatient contacts, total demand for internists and
pediatricians we used the ARIMA method with exogenous variables, which allows the model to
consider the influence of external factors on the target variable. In our study, we chose population
size as an explanatory variable.

When calculating total healthcare costs, we used data for 2022 - US$445 per capita.

2.7. Model Fitting and Validation

For each model, the time series was divided into two parts: a training timeframe (1991-2013) and
a testing timeframe (2014-2023). The training timeframe was used to fit the model, while the testing
timeframe was used to assess the forecasting accuracy.

To validate the model, the forecasted data was compared with actual data from the same period
and accuracy metrics were calculated:

Absolute Percentage Error (APE)

Ai—F
APE = "2t x 100% ©)
t
where At —is the actual data, Ft — is the forecast data at time t., n - number of forecast years.
Mean Absolute Percentage Error (MAPE)

A—Fp
A¢

MAPE = ~¥1, x 100% %

All the analysis in this study is performed using R.4.4.2
3. Results

3.1. Population Model Fitting and Validity

Based on data on population, mortality and fertility for 1991-2013 (training timeframe), a matrix
of the probability of transitions from one age group to another was formed for male and female
subpopulations. Transition matrices are performed in Supplementary materials (Tables 1S, 2S).
Model performed MAPE=4.2% on the training timeframe.

Next, we tested the predictive capabilities of the model on the testing timeframe from 2014 to
2023. The APE metric was used to assess forecasting accuracy (Table 1) and MAPE was 2.8% on the
testing timeframe. The results illustrate that the Markov chain model is a viable model that can
perform well in terms of forecasting population.

Table 1. Accuracy of Markov chain population model.

Year Population Predicted_Population Absolute_Error APE (%)
2014 17816285 17919559.35 103274.3519 0.58
2015 18084169 18283637.78 199468.7808 1.10
2016  18363599.5 18652202.51 288603.0074 1.57
2017 18651931 19012257.6 360326.597 1.93
2018  18932726.5 19382085.49 449358.9948 2.37
2019 19209555 19758244.43 548689.4309 2.86
2020 19482117 20161328.53 679211.5306 3.49
2021 19743603 20585776.19 842173.1883 427
2022 20034609 20959048.86 924439.8649 4.61
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2023 20330104 21317695.14 987591.1431 4.86

3.2. Population Forecast to 2033

To forecast the population up to 2033 using the transition matrix, it is necessary to know the
forecast values of the birth and death rates.

3.2.1. Birth Rate Forecasting Model

In order to project the birth rate change, we employed an ARIMA model. To do this, we checked
the time series for stationarity and selected the best parameters. The graph in Figure 1 presents
historical data (blue line), fitted data (orange line), testing data (dotted line) and forecast values (green
line). On training timeframe MAPE was 2.7% and on the testing timeframe MAPE was 3.4%. The
birth rate is expected to increase in the coming decade. However, the growth rate will decline from
1.5% in 2025 to 0.3% in 2033. The modeling results are detailed in Supplementary Materials, section

Sl.
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Figure 1. Birth rate for 1991-2021 and forecasting to 2033.

3.2.2. Mortality Forecasting Model

For mortality analysis, we used the Hyndman and Ullah model based on Functional Principal
Component Analysis (FPCA) to further reduce the dimensionality of the mortality data and retain
the most significant patterns.

On the training timeframe MAPE was 3.7% and on the testing timeframe MAPE was 13.3%.

Forecasting up to 2033 was carried out both for the population as a whole and separately for
male and female subpopulations. As Figure 2 shows, we expect further declines in mortality in most
age groups. Only in groups over 80 years old is a slight increase in mortality predicted in the coming
year, but then a downward trend will be observed again. The modeling results are detailed in
Supplementary Materials, section S2.
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Figure 2. Forecasting age-specific mortality rate of Kazakhstan population to 2033.

3.3.3. Population Forecasting Model

The probability matrix and predicted values of fertility and mortality were used to forecast the
population. Modelling results suggest that the number of births will continue to increase and the
number of deaths will continue to decrease over the next decade (Figure 3).

320,000 128,000.0
300,000
; 126,000.0
280,000 .
E © 124,000.0
2 260,000 &
[L]
E e 122,000.0
-
240,000
220,000 120,000.0
200,000 118,000.0
2024 2026 2028 2030 2032 2034 2022 2024 2026 2028 2030 2032 2034
Year Year

Figure 3. Projected dynamics of the number of total births and total deaths from 2024 to 2033.

We predict that the population growth trend that began in the early 2000s will continue into the
future, with population reaching 23,334,397 by 2033 (Figure 4). The male to female ratio will remain
at approximately 49% to 51%. Projected population data are available in Supplementary materials,
section S3.
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Figure 4. Population modelling results.

If we consider the age structure of the population, the share of elderly people (over 65 years old)
by 2033 will be 7-8% of the population, which is comparable to the level of 2023. We expect that the
share of the working population will decrease from 66.2% to 55.2%, and at the same time the share of
the child population will increase from 29.5% to 37.5%.

Table 2. Population age structure up to 2033.

Age 0-14 15-64 65-85+
Year %

2023 295 622 8.3
2024 224 65.7 12.0
2025 243 644 11.3
2026 26.2 632 10.7
2027 28.0 619 10.1
2028 29.7 60.8 9.5
2029 314 59.6 9.0
2030 33.0 584 8.6
2031 346 573 8.1
2032 36.1 56.2 7.7
2033 375 552 7.3

3.3. Assessment of Kazakhstan Healthcare Demand to 2033

We estimated some indicators characterizing the volume of medical services that will need to be
provided in the coming decade. Among these indicators are the general morbidity of the population
and the general childhood morbidity in absolute values, the number of outpatient contacts, the need
for internists and pediatricians, and total financial costs. For each of these indicators, we used the
ARIMAX method with population size as an exogenous variable. As shown in the Figure 5A, B, C,
D, for each model, a fitting was performed on the training timeframe and an assessment of the
forecasting accuracy was made on the testing timeframe.

Some problems awaited us in analysing data on the number of internists. As can be seen from
the Figure 5D, the number of internists gradually decreased until 2000, and then slowly increased
until 2016. In 2017, there was a sudden increase in their number (from 15,701 in 2016 to 26,229 in
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2017), for which we have no explanation. A possible reason is a change in the counting methodology.
After 2017, the changes were already at a new level between 25,000-27,737.
We employed an ARIMAX model to address the 2017 shift, incorporating:

1. Intervention Indicator: Binary variable (0 for 1991-2016, 1 for 2017 onward).
Population: Exogenous variable for demographic influence.

Fitting and testing results for all models are performed in Table 3.

Table 3. Models validity results.

Model Fitting MAPE Testing MAPE
General morbidity model 1.6 3.7
Child morbidity model 1.7 5.6
Outpatient contacts model 59 59
Internists number model 29 2.8
Pediatricians number model 2.2 7.0
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Figure 5. Modeling results: A- general morbidity, B- childhood general morbidity, C-outpatient contacts, D-
internists number, E- pediatricians number. Blue line — real data, yellow line — fitting data, dotted line — testing

data, red line — forecasting data. The vertical dotted line separates training, testing and forecasting timeframes.

The modeling results are detailed in Supplementary Materials, sections S4-S8. All models
showed high predictive ability, the error (MAPE) on the test section was from 2.8 to 7%. This allowed
us to use the models to assess the dynamics of the studied indicators for 10 years until 2033. The data
obtained are summarized in Table 4.

Table 4. Assessment of some indicators of medical services in Kazakhstan up to 2033.

General
childhood
Total General morbidity Outpatient | Internists Total health
Year morbidity Pediatricians
Population (absolute value) contacts number care costs, US$
(absolute
value)
2024 | 20,599,934 13,258,205 16050229 128,445,597 28,744 5,232 9,166,970,630
2025 | 20,878,139 13,512,632 16275963 126,578,353 29,195 5,240 9,290,771,855
2026 | 21,163,924 13,773,990 16507847 130,087,539 29,655 5,204 9,417,946,180
2027 | 21,456,581 14,041,634 16745307 132,588,596 30,121 5,143 9,548,178,545
2028 | 21,755,514 14,315,017 16987860 132,562,648 30,594 5,071 9,681,203,730
2029 | 22,060,460 14,593,900 17235291 134,337,063 31,073 4,997 9,816,904,700
2030 | 22,370,980 14,877,879 17487245 137,009,352 31,558 4,923 9,955,086,100
2031 | 22,686,915 15,166,811 17743593 138,454,550 32,048 4,850 10,095,677,175
2032 | 23,008,129 15,460,571 18004224 140,018,868 32,543 4,778 10,238,617,405
2033 | 23,334,397 15,758,953 18268956 142,389,116 33,043 4,706 10,383,806,665

4. Discussion

4.1. Main Findings

The world population is growing at a staggering rate, which is creating a significant burden on
healthcare. The rate of population growth affects long-term planning of public healthcare and health
facilities. Changes in age structure, internal migration of racial or industrial groups, changes in
population density, and urban-rural migration require ongoing adaptation of the healthcare program
to address the new problems thus created. These challenges are also relevant for Kazakhstan, where
a clear trend towards population growth has emerged in recent years. The tasks of planning and
forecasting healthcare resources are one of the priorities of regulatory authorities. In this regard, we
set the goal of assessing healthcare needs up to 2033 in the context of a growing population.

Modelling has become one of the methods that is widely used in health care. In particular, it can
be used to predict the impact of changes in access to services and to calculate the volume of services
required given levels of demand and use.

In the first stage of this study, we were faced with the task of modeling population changes. For
this, we chose the Markov chain approach. Since Markov chains work with probabilities, they
effectively cope with situations where the data is incomplete or uncertain. The model showed high
prediction accuracy on the test timeframe - MAPE in the ten-year period was 2.8%. However, to
forecast up to 2033, we needed data on fertility and mortality. The ARIMA model with the best
parameters was used to forecast birth rate for 10 years. We tested the model to assess its accuracy. It
was shown that MAPE in testing timeframe is 3.4%. This allowed us to use the model to forecast the
birth rate up to 2033. According to the results, it was found that in the coming decade the birth rate
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will increase at an average rate of 0.7% per year. Next, we conducted an analysis of the age-time-
specific mortality rate. Among mortality models, the Hyndman and Ullah model is widely used. It
can accommodate a variety of patterns in the data, such as different patterns and trends in mortality
rates across age groups and over time. This flexibility makes it suitable for a wide range of
populations and data sets with different mortality dynamics. When testing the predictive ability of
this model, the obtained value of MAPE = 13.3% allowed it to be used to predict mortality in the
period up to 2033. Based on the modeling results, it is assumed that the downward trend in mortality
observed in the Republic in recent years will continue in the near future. As a result, the absolute
number of children born will grow by an average of 2% per year, and the number of deaths will
decrease annually to an average tempo of 1.4%. The number of children born will exceed the number
of deaths, as a result of which further population growth is expected by an average of 1.4% annually
and by 2033 the population will reach 23,334,397 people. The population growth will occur mainly
due to children. If in 2023 their share in the population structure was 29.5%, then by 2033 it will be
37.5%. It is expected that the share of people of working age will decrease, and the elderly will remain
unchanged.

Over the years of independence, Kazakhstan's population has grown 1.25 times. Several state
healthcare development programs have been developed and adopted in the country. Medical
funding is increasing, new hospitals are being built, and healthcare personnel are being trained.
Further population growth poses new challenges for the state, and planning and forecasting issues
play a significant role here.

One of the most popular methods used for forecasting in healthcare is ARIMA. The method is
flexible in modeling, effective on small data, and easy to interpret. We used ARIMA to forecast some
healthcare indicators. An extended version of the method (ARIMAX) allows us to consider an
external factor, for which we chose population size. The models showed high accuracy both on
training samples (from 1.6 to 5.9%) and on test samples (from 2.8 to 7%).

Based on the modeling results, we believe that, as in previous years, population growth will lead
to an increase in the general morbidity of the population in absolute values. This growth will be
observed among both adults and children (Figure 5A, B, Table 4). The growth rate of childhood
morbidity will be higher than that of adults - an average of 1.6% and 0.8% annually, respectively. In
children, high rates of disease incidence are observed during the first ten years of life. Morbidity
drops sharply in late childhood and adolescence. During the period of young adulthood, the age-
specific incidence curve shows a secondary peak [41].

In this regard, the number of visits to medical specialists will increase, according to our
calculations, by approximately 1.5% per year (Figure 5C, Table 4). An increase in the number of visits
can lead to overload of doctors, queues and a decrease in the quality of service, especially if resources
(personnel, equipment) do not grow proportionally.

Internal medicine physicians (Internists) are specialists who apply scientific knowledge and
clinical experience to diagnose, treat, and provide compassionate care across the spectrum of health
and complex disease. The graph in Figure 5D shows that the number of such specialists has increased
in previous years, and this trend is forecast to continue in the future - the demand for them will
increase by an average of 4.7% per year. A slightly different picture is observed with the number of
pediatricians. The graphs in Figures 5B, E show a contradiction between the growth of childhood
morbidity and the decrease in the number of pediatricians. The fact is that in the late nineties the
Ministry of Health decided to transfer the functions of pediatricians at Primary Health Care to general
practitioners. The training of pediatricians in the bachelor's degree was discontinued, remaining only
in internship and residency. In this regard, the number of pediatricians in previous years decreased
(Figure 5E). However, in 2020, the training of pediatricians in the bachelor's degree was restored and,
perhaps, the observed trend will change towards an increase. Therefore, the realism of our forecasts
is in doubt.

d0i:10.20944/preprints202504.1317.v1


https://doi.org/10.20944/preprints202504.1317.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 April 2025 d0i:10.20944/preprints202504.1317.v1

13 of 15

The need for labor and material resources entails an increase in financial costs. In 2023, health
care costs per capita amounted to $445. Based on this amount, total costs by 2033 will increase by
11.6% compared to 2023 (Table 4).

4.2. Limitations

In our study, we considered only some aspects of such a concept as "demand for medical
services". This broad concept includes material and labor resources, various types of medical care,
the number of procedures and interventions, coverage and availability of services, frequency,
finances. Each of these aspects is the subject of a separate study.

We linked the volume of medical services provided to the growing population, since this is one
of the few factors for which reliable forecasting tools exist. Other factors include economic, social,
political, epidemiological, technological, and organizational ones. The impact of these factors on
forecasting is difficult to assess, but in this case, the use of a scenario approach is justified.

The traditional ARIMA method was proposed as the main forecasting tool. At the same time,
many researchers have implemented machine learning for medical time series forecasting. This is
especially true when the time series contain nonlinear components. These methods open new
possibilities in the field of forecasting in healthcare.

5. Conclusion

Public health institutions are always faced with the problem of timely and quality provision of
health services. Reasonable allocation of health resources is a scientific problem that considers
changes in society’s needs for health services. Understanding the demand for health services requires
not only the analysis of past and current health data but also relies on accurate forecasting of trends
in the near future. Evaluation of such trends is invaluable information for determining needs,
planning resources, evaluating institutions, and formulating policies.

Supplementary Information: The following supporting information can be downloaded at the website of this

paper posted on Preprints.org. Supplementary File 1.
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