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Annotation

Relevance. Population growth in urban agglomerations creates a quantifiable gap between the
demand for medical care and the availability of personnel, medicines, financial resources, and logistical
support. The Almaty agglomeration is home to approximately 3.5 million residents, with a projected
population of 4.5 million by 2030. According to the Ministry of Health of the Republic of Kazakhstan, in
2023, the shortage of physicians amounted to 4,864 positions, and the concurrent employment rate reached
1.4, reflecting systemic staff overload.

Objective. To analyze current models for forecasting healthcare resource needs in urban
agglomerations, with a focus on machine learning tools, and to assess their applicability to the conditions
of the Almaty agglomeration.

Materials and methods: A literature search was conducted in the PubMed, Scopus, Web of Science
Core Collection, and WHO IRIS databases for the period from January, 2010 to March, 2026. The review
included original studies, systematic reviews, and WHO/OECD methodological reports containing
quantitative predictive models with accuracy metrics (MAE, RMSE, MAPE, AUROC, R?) at the level
of urban agglomerations or regions with an urbanization rate > 50 %. Of the 1,286 records identified, 57
publications were included in the review.

Results. Statistical models were the most common (40.4%), followed by supervised machine learning
methods (34.0 %), hybrid models (17.0 %), and unsupervised machine learning methods (4 publications,
or 8.5 %). Only 3 validated models (6.4 %) used data from Kazakhstan and cover the human resources
category exclusively. No model covered all four resource categories simultaneously.

Conclusions. The methodological findings of this review justify the development of an integrated
forecasting model based on unsupervised machine learning for the Almaty metropolitan area, covering
at least three resource categories and a 5-10-year forecast horizon in accordance with national planning
documents.

Keywords: healthcare resources, forecasting model, machine learning, unsupervised learning,
urban agglomeration, systematic review, Kazakhstan, health workforce.

Introduction

An urban agglomeration is defined by the
United Nations as a contiguous territory inhabited
at urban levels of residential density without regard
to administrative boundaries, usually incorporat-
ing the population of a city or town together with
adjacent suburban areas that function as a single
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demographic and economic unit [1]. As of Janu-
ary 1, 2026, the population of Almaty amounted to
2,348,103. It is worth noting that the city’s popula-
tion continues to grow due to internal migration [2].
The combined population of Almaty, Astana, and
Shymkent has grown by approximately 50% over
the last decade, adding 1.29 million people and
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reaching 3.95 million by 2020, which represents
over 50% of the total national urban population
growth during 2010-2020 [3]. The Almaty agglom-
eration comprises 5 cities and 184 rural settlements
across 5 districts, with a population of 3.5 million
and a projected 4.5 million by 2030 [4].

Regional disparities in healthcare resource
provision in the Republic of Kazakhstan (hereinaf-
ter — RK) are documented quantitatively. In 2023,
physician density ranged from 26.3 per 10,000
population in the Akmola region to 48.7 per 10,000
in the Aktobe region, while the hospital bed rate
ranged from 30.7 per 10,000 in the Mangystau re-
gion to 62.2 per 10,000 in the North Kazakhstan
region [5]. The cities of Astana and Almaty consis-
tently maintained nearly twice as many healthcare
staff as other regions during the 2002-2023 obser-
vation period, yet the rural-urban gap in workforce
density widened from 14.47 per 10,000 in rural ar-
eas versus 43.71 per 10,000 in urban areas in 2017
to comparable disparities in 2023 [5]. According to
the RK Ministry of Healthcare, in 2023, the work-
force shortage amounted to 4,864 full-time physi-
cian positions, while the part-time work coefficient
reached 1.4, indicating systemic overload [6; 7].

The global gap between healthcare re-
source supply and need is also measurable. The
WHO labor market projection model estimates
that by 2030, global demand for health workers
will reach 80 million, while supply will reach only
65 million, resulting in a worldwide shortage of 15
million workers [8]. The needs-based requirement
for the health workforce in the WHO African Re-
gion was estimated at 9.75 million in 2022, with
an expected increase of 21 % to 11.8 million by
2030, and the available stock covers only 43-49 %
of this requirement [9]. Drug expenditure per non-
federal hospital in the United States exceeded 7
million USD per year in 2022, underscoring the
need for continued investment in pharmaceutical
demand forecasting [10].

Forecasting models of healthcare resources
for urban agglomerations differ substantially in
methodological foundation. Stock-and-flow mod-
els combining supply and demand components
have been validated for projecting human resources
(hereinafter — HR) for health in 22 countries from
2010 to 2023, including RK, Australia, Canada,
Germany, Japan, Korea, Saudi Arabia, Thailand,
and the United Kingdom [11]. The first national-

level forecast of physicians in RK, based on a stock-
and-flow consistent model, predicted a surplus of
226 general practitioners by 2024 and a shortage of
339 general practitioners by 2030 under the base-
line scenario [12]. A more recent forecast for RK,
using time-series analysis with population dynam-
ics as an exogenous factor, projected an increase in
physician demand from 80,795 in 2023 to 104,887
(95 % CI: 93,330-116,420) by 2033, an average an-
nual growth rate of 2.7 % [6]. A regional projection
for the 16 regions of RKup to 2033, using Func-
tional Principal Component Analysis (hereinafter
—FPCA), explained 94.7 % of the total variance in
physician supply through a single principal compo-
nent reflecting long-term workforce trends [7].

Classical statistical models retain operation-
al value but show limitations in capturing nonlinear
demand patterns. ARIMA models for non-elective
hospital admissions in an NHS Trust were closer to
actual values 95.6% of the time on a six-week hori-
zon than the existing trust forecast [13]. However,
in a controlled comparison on healthcare-related
demand data, the LSTM neural network achieved
a Mean Absolute Error (hereinafter — MAE) of
21.69 and a Root Mean Square Error (hereinafter —
RMSE) of 29.96, against an MAE of 59.78 and an
RMSE of 81.22 for Prophet, and an MAE of 87.73
and an RMSE of 125.22 for autoregressive mov-
ing average (hereinafter — ARIMA) ARIMA [14].
A hybrid Prophet-LSTM model for ICU demand
forecasting in a Brazilian municipality reduced
MAE by integrating ex-post and ex-ante variables
compared with stand-alone ARIMA, Holt-Winters,
Random Forest, K-Nearest Neighbors, GRU, and
Simple RNN benchmarks [15].

Supervised machine learning (hereinafter —
ML) algorithms are increasingly applied to admis-
sion and length-of-stay forecasting. An ensemble
XGBoost model trained on 1.8 million emergency
department visits at Mount Sinai Health System
achieved an accuracy of 85.4 % (95 % CI: 85.0-85.7)
and sensitivity of 70.8 % in admission prediction, out-
performing triage nurse predictions (accuracy 81.6 %,
sensitivity 64.8 %) on 46,912 prospective visits
[16]. A pipeline based on XGBoost classifiers ap-
plied to 109,465 ED visits at a UK teaching hospital
achieved AUROC values of 0.82-0.90 and reduced
the MAE for total emergency admissions to 4.0
(mean percentage error 17 %), versus 6.5 (32 %)
for the benchmark metric [17]. In a Maltese dataset
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of 653,546 ED visits, a two-stage XGBoost model
integrated demographic, symptom, and laboratory
data to predict admission likelihood and the admit-
ting ward [18].

Pharmaceutical demand forecasting has ad-
vanced through hybrid deep learning architectures.
The KG-GCN-LSTM model, integrating a phar-
maceutical knowledge graph with deep learning,
achieved a 3.62% reduction in Symmetric Mean
Absolute Percentage Error (hereinafter - SMAPE)
relative to NBEATS and outperformed ARIMA,
SVR, XGBoost, RNN, and CNN-LSTM bench-
marks on real-world pharmacy sales data [19].
Healthcare expenditure forecasting using Random
Forest and Support Vector Regression has been ap-
plied to United States data, with linear regression
reaching 97.89 % accuracy in total cost prediction
[20; 21].

Unsupervised ML is underrepresented in
healthcare resource forecasting compared with
supervised approaches. The SKATER algorithm
grouped the 645 municipalities of Sdo Paulo State
into 17 spatial clusters with similar profiles of non-
communicable disease morbidity and mortality,
providing decision support for resource allocation
[22]. Probabilistic factorization methods, including
K-means clustering, principal component analysis,
non-negative matrix factorization, and latent Dirich-
let allocation, have been reviewed as a unified frame-
work for high-dimensional medical data analysis
across genomics, imaging, and biobank studies [23].
The CRISP-ML methodology has been proposed for
public health care ML projects to determine the re-
quired interpretability level for stakeholders [24].

Despite the volume of single-resource fore-
casting studies, no integrated model simultane-
ously covers the four resource categories (human,
pharmaceutical, financial, material-technical) at the
agglomeration level [25]. A systematic review of
methods for health workforce projection identified
40 relevant studies for 2010-2023 and concluded
that complex-systems approaches outperform sin-
gle-method projections, but the review did not ex-
tend to pharmaceutical or financial domains [11].
Existing reviews of ML applications in healthcare
focus mainly on disease prediction (n=106 studies
covering 42 health conditions in 19 countries) and
clinical decision support, not on resource planning
at the urban-agglomeration level [26; 27].

The Comprehensive Plan for the Devel-
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opment of the Almaty Agglomeration for 2024-
2028, approved by the RK Government, requires
an evidence-based resource forecast that accounts
for high birth rates, internal migration, and territo-
rial heterogeneity [4; 28]. The Concept of Health-
care Development of the RK until 2026 prioritizes
strengthening primary healthcare and digital trans-
formation, including data-driven resource planning
[29]. Article 45 (paragraph 4) of the Code of the
RK «On the Health of the People and the Health-
care System» (September 18, 2009) establishes the
legal framework for resource planning of medical
organizations [30]. Burden-of-disease indicators in
RK reinforce the need for forecasting: cardiovascu-
lar diseases remain the leading cause of mortality,
while during 2021-2022 in Almaty, 174 540 outpa-
tient cases of COVID-19 were registered, with the
risk of a moderate-severe course in patients aged
60+ years 9.01 times higher than in younger groups
(95 % CI: 7.72-10.51) [31]. The 2024 WHO Health
Systems in Action profile for RK reports that physi-
cian density is high nationwide, while nurse density
is below the WHO European Region average [32].
The 2023 country brief on health security reported
approximately 61,800 physicians in RK, equivalent
to 3.25 per 1,000 inhabitants, compared with an EU
average of 3.57 per 1,000 [33]. The hospital bed
reserve coefficient in RK in 2023 was 3.5 %, be-
low the recommended 6 %, indicating limited surge
capacity [33]. The Public Health Concept for RK
emphasizes optimizing the resource base through
analytical and forecasting tools [34].

Materials and methods

This study presents a structured search of
scientific literature on models and methods for
forecasting healthcare resources in large cities.
The review included publications released between
January 2010 and March 2026 in international
bibliographic databases such as PubMed (MED-
LINE), Scopus, Web of Science Core Collection,
and the WHO Institutional Repository for Informa-
tion Sharing (IRIS). Google Scholar was used as an
additional source for searching gray literature and
government reports.

A combined Boolean query adapted to the
syntax of each database was used for the search:
(“healthcare resource*” OR “health workforce”
OR “hospital bed*” OR “drug demand” OR “phar-
maceutical demand” OR “healthcare expenditure™)
AND (“forecast™” OR “projection” OR “prediction
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model” OR “demand planning”) AND (“machine
learning” OR “deep learning” OR “neural network”
OR “ARIMA” OR “regression” OR “needs-based”)
AND (“urban” OR ‘“agglomeration” OR “metro-
politan” OR ‘“city’ OR “regional”)

The last search was conducted in March
2026. No language restrictions were applied during
the search phase; however, only publications in Eng-
lish and Russian were included during the screening
phase. In addition, the reference lists of all included
publications were manually reviewed to identify rel-
evant studies (a snowball sampling method).

The studies included in the review were
selected based on their relevance to forecasting
healthcare resources in urban settings.

Ethical considerations. The present work is
a systematic review of previously published aggre-
gated data and does not involve human participants,
human biological material, or laboratory animals.
The study protocol was reviewed and approved by
the Local Bioethics Committee of Asfendiyarov
Kazakh National Medical University (Meeting No.
25(161) of February 28 2025).

Results

The healthcare system as a complex sys-
tem. Atun F. et al. describe the health care system
as multi-level and integrated. Integration occurs at
various levels of the health care system -whether
local, district, regional, or national-depending on
the existing governance mechanisms. The main
functions of the healthcare system are manage-
ment, financing, planning, service delivery, moni-
toring and evaluation, and demand generation. This
structure demonstrates that the allocation of health-
care resources should not be considered in isolation
but holistically, as changes in one part of the sys-
tem can influence the variability and dynamics of
demand in others. That is, when forecasting in the
healthcare system, cross-level interactions must be
taken into account [35].

Human resources. HR constitutes a dynamic
system. HR planning in the healthcare system can
be divided into three types based on the approaches
used. For example, the first type is supply-based,
the second is demand-based, and the third is needs-
based [36]. This system is shaped by the inflow or
outflow of specialists, worker migration, retire-
ment, and so on. Meanwhile, demand is determined
by demographic factors and indicators of service
utilization [37].

Effective human resource planning in
healthcare requires an understanding of the impact
of other factors, such as infrastructure and phar-
maceuticals. Consequently, workforce planning in
the healthcare system can be influenced by various
structural and temporal changes in demand [38].

Financial resources. Forecasting future
trends in healthcare spending is an important step
toward sustainable financing of healthcare sys-
tems [39]. In the United States, the ARIMA model
(a classical econometric approach using time se-
ries data) is suitable for modeling and forecasting
healthcare spending for the period from 1970 to
2015 [40].

However, more recent studies highlight
the relevance of advanced ML algorithms, such
as Random Forest and Support Vector Regression
(hereinafter — SVR), in combination with tradition-
al statistical forecasting methods, as they are more
effective for understanding the complex mecha-
nisms of the healthcare system’s functioning [41].
In a study by Lee J. et al. (2026), it was concluded
that, in addition to econometric methods, ML offers
clear advantages for forecasting costs in longitudi-
nal studies with a large number of time series [42].

Pharmaceutical resources. Both traditional
statistical methods and modern ML approaches
were examined for forecasting pharmaceutical re-
sources. Popular models for linear time series fore-
casting include the autoregressive integrated mov-
ing average (hereinafter — ARIMA), the seasonal
autoregressive integrated moving average (herein-
after — SARIMA), and the autoregressive moving
average (ARMA) [43].

Currently, ML is also considered a valuable
tool for accounting for the complex and nonlinear
characteristics of demand for pharmaceuticals [44].

Infrastructure resources. These resources in-
clude the number and types of healthcare facilities,
bed capacity, equipment, laboratories, and more.
Bed capacity management is a critical component
of the effective delivery of high-quality healthcare.
Some studies have examined resource modeling
methods; for example, discrete-event simulation
models have been developed for bed capacity man-
agement [45].

For improving the performance of health-
care facilities, forecasting emergency department
visits is a key aspect. This helps allocate resources
appropriately, taking into account a common prob-
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lem such as overcrowding. Such forecasts help im-
prove operational efficiency and the quality of pa-
tient care [46].

Based on the above, healthcare resource
forecasting is viewed as an integrated system com-
prising four interrelated components: HR, financial
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Figure 1. Conceptual framework of an integrated healthcare resource forecasting system
Source: compiled by the authors

resources, pharmaceutical resources, and infra-
structure. For the forecast to be effective, compre-
hensive modeling of all these components is re-
quired (Figure 1).

Methodological alignment with Kazakh-
stan's healthcare system

Publications on the structural characteris-
tics of the RK healthcare system were analyzed.
The seven system-level parameters used for assess-
ing methodological correspondence, along with the
corresponding national reference values, are pre-
sented in Table 1. Of the 47 identified models, only
6 (12.8%) were developed for healthcare systems
with a centralized governance structure comparable
to that of the RK, including 3 models specifically
validated on national or regional RK data [6; 7; 12].

Resource Categories and Modeling Ap-
proaches

By resource category, 19 studies (40.4 %)
addressed HR for health, 14 (29.8 %) addressed
material-technical resources (hospital beds, equip-
ment, facilities), 8 (17.0 %) addressed financial re-
sources, and 6 (12.8 %) addressed pharmaceutical
supply (Table 2).

Within the category of HR for health (n=19),
stock-and-flow models prevailed (n = 8; 42.1 %),
followed by time-series statistical models (n = 3;
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15.8 %), supervised ML (n = 4; 21.1%), unsuper-
vised ML (n = 2; 10.5 %), and hybrid approaches (n
=2;10.5 %). The forecast horizon ranged from 5 to
15 years (median 10 years; IQR 8-12 years). Sam-
ple sizes ranged from 16 administrative regions in
the RK FPCA model to 165 countries in the WHO
global labor-market projection model.

The stock-and-flow consistent model for
general practitioners in RK predicted a surplus of
226 physicians by 2024 and a shortage of 339 phy-

sicians by 2030 [12]. The time series model also
showed a positive trend in the growth of the need
for doctors until 2033, thereby confirming our hy-
pothesis that over the next 10 years Kazakhstan will
have an increasing need for workers [6].The Func-
tional Principal Component Analysis approach for
the 16 regions of RK explained 94.7 % of the total
variance through the first principal component. The
needs-based model for the WHO African Region
estimated a workforce requirement of 11.8 million
by 2030, with a needs-based shortage of 6.1 mil-
lion.

A national study on workforce planning in
Saudi Arabia, conducted as part of the National
Transformation Program 2030, examined various
scenarios for expanding the nursing workforce,
taking into account task-shifting and the “Saudiza-
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Table 2. Distribution of the 47 included publications by resource category and forecasting model class
Resource category Statistical | Supervised | Unsupervised | Hybrid Total

models ML ML models

Human resources for health 11 5 2 1 19 (40.4%)

Material-technical resources 5 5 1 3 14 (29.8%)

Financial resources 1 5 1 1 8 (17.0%)

Pharmaceutical supply 2 1 0 3 6 (12.8%)

Total 19 (40.4%) | 16 (34.0%) 4 (8.5%) 8 (17.0%) | 47 (100%)

Note: Hospital bed and physician densities are presented per 1,000 population to ensure international
comparability with the OECD Health Statistics framework. Data for international comparators
correspond to the most recent year available in OECD Health at a Glance 2023 and country-specific

health profiles 2023-2025
Source: compiled by the authors

tion” policy [48]. A complementary needs-based
projection for the same country, based on an epi-
demiologic model incorporating disability-adjusted
life-years, service-delivery profiles, and worker
productivity, estimated a baseline requirement
of approximately 75,000 physicians and nurses

by 2030 (2.05 per 1,000 population) with a sce-
nario range from 1.64 to 3.05 per 1,000, provid-
ing a methodological benchmark for the Almaty
agglomeration with a comparable population size
[49]. The WHO global labor-market projection
model estimated worldwide demand of 80 mil-

Table 3. Performance metrics of forecasting models for human resources for health

Ne Study Country/region | Model class | Forecast | Reported metric Value
horizon
1 |Kharin A. et |Kazakhstan Stock-and- |9 years Predicted shortage 339 GPs
al. [12] flow by 2030
2 |Koichubekov |Kazakhstan Time-series |10 years |Physicians by 104 887 (93
B. [6] 2033 (95% CI) 330-116 420)
3 |Koichubekov |Kazakhstan FPCA 9 years Variance ex- 94.7 %
B. [7] plained by 1st PC
4 |Liuetal. [8] [165 countries Labour- 13 years |Projected shortage 15 million
market by 2030
5 |Asamani et al. | WHO Africa Needs-based |8 years Coverage of needs 49 %
[9] Region by 2030
6 |Leel. etal 22 countries Systematic |13 years |Studies identified 40
[11] review
7 |OrhanF. et al. |Tirkiye XGBoost / 1 year Best model 89.4 %
[50] GB/LR accuracy

Source: compiled by the authors

lion health workers by 2030, against a supply of
65 million, resulting in a shortage of 15 million.
Performance metrics of the seven leading studies
are summarised in Table 3.

Within the category of material-technical re-
sources (n= 14), supervised ML models and statistical
models showed equal representation (n =5, 35.7 %

each), followed by hybrid models (n = 3, 21.4 %)
and unsupervised ML (n = 1, 7.1 %). The forecast
horizon was substantially shorter than for HR, rang-

123

ing from 1 day to 6 weeks (median 7 days; IQR
1-14 days). Sample sizes for ML training ranged
from 109,465 ED visits at a UK teaching hospital to
1,800,000 ED visits at the Mount Sinai Health Sys-
tem.

The XGBoost ensemble model trained on 1
800 000 ED visits at Mount Sinai achieved an ac-
curacy of 85.4 % (95 % CI: 85.0-85.7) and a sen-
sitivity of 70.8% (95 % CI: 69.8-71.7) at the 0.30
probability threshold; the same model demonstrat-
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ed higher accuracy than triage nurse predictions
(81.6%, 95% CI: 81.3-81.9) on 46 912 prospective
ED visits.

The XGBoost pipeline applied to 109,465
ED visits at a UK teaching hospital achieved AU-
ROC values of 0.82-0.90 and reduced the MAE
for total emergency admissions to 4.0 admissions
(mean percentage error 17 %), versus a benchmark
MAE of 6.5 admissions (32 %).

A hybrid deep-learning approach combining
variational autoencoder and gated recurrent unit ar-
chitectures for emergency-department patient-flow
forecasting outperformed conventional recurrent
neural networks and ARIMA baselines on a six-
year dataset from a French regional hospital [51].

An ARIMA-based forecast of medical ser-
vice demand in the Shanghai metropolitan area,
using ten-year data from the Shanghai Statistical
Yearbook (2012-2022), projected an 81.3 % in-
crease in outpatient visits and a 113.4 % increase
in hospital admissions, supporting medium-term
capacity planning at the agglomeration level [52].

The two-stage XGBoost model for 653,546
ED visits at Mater Dei Hospital integrated demo-
graphic, symptom, and laboratory data to predict ad-
mission likelithood and the admitting ward (Malta,
2017-2022). A hybrid model based on Prophet and
LSTM for predicting the workload of intensive care
units in the same Brazilian hospital demonstrated
a decrease in MAE compared to the independent
ARIMA, Holt-Winters, Random Forest, K-Nearest
Neighbors, GRU and Simple RNN tests.This was
achieved by integrating both factual and prelimi-
nary variables such as vaccination rates, non-drug
restrictions, and the social isolation index [15; 53].

An integrated ANFIS-LSTM forecasting
system for COVID-19 hospital bed demand, de-
veloped on 16 months of admission data from a
dedicated COVID-19 hospital in Qazvin province
(Iran), demonstrated that combining neuro-fuzzy
inference with recurrent deep learning maintains
predictive stability under high environmental un-
certainty [54].

Within the category of pharmaceutical sup-
ply (n=38), the LSTM model applied to seven years
of inventory data from a tertiary hospital in Wuxi
(China) achieved a Mean Absolute Percentage Er-
ror in the range of 2.27-4.54 % across six months
of out-of-sample forecasting, supporting quarterly
demand planning for medical consumables [55].

A combined LASSO regression and recur-
rent neural network with long short-term memory
architecture, trained on eleven years of platelet
transfusion records, reduced the historical platelet
waste rate of 10.1 % and the shortage rate of 6.5
% 1in a retrospective inventory simulation, demon-
strating the operational value of deep-learning fore-
casts for blood-product supply management [56].

Among the selected studies, no model was
identified that simultaneously covered all four re-
source categories (human, pharmaceutical, finan-
cial, and logistical) for a metropolitan area with a
population of over 3 million. Only 3 publications
(6.4 %) were validated on RK data, addressing ex-
clusively the HR category, while no model identi-
fied in the review combined unsupervised ML with
multi-resource forecasting under a centralized gov-
ernance structure comparable to that of the Almaty
agglomeration.

Discussion

An analysis of the literature review revealed
three key patterns relevant to the development of
a predictive model for resource availability in the
Almaty metropolitan area: the imbalance between
supervised and unsupervised ML, fragmentation
across four resource categories, and the limited
transferability of existing models to RK.

Supervised ML algorithms were used in 16
studies (34.0 %), whereas unsupervised ML meth-
ods were used in only 4 studies (8.5 %). Neijzen
D. et al. (2023) reviewed probabilistic factoriza-
tion methods for medical data and concluded that
unsupervised approaches remain underrepresented
despite their suitability for high-dimensional, la-
bel-inconsistent data [23]. Silva and other authors
(2024) used the spatial clustering method to identi-
fy regions showing similar morbidity and mortality
rates associated with non-communicable patholo-
gies [22]. The Almaty agglomeration includes sev-
eral administrative territories [4], which is consis-
tent with the methodological context of studies by
Silva et al. (2024) and Carbonneau et al. (2023).

Among the 19 studies on HR, stock-and-
flowmodelsweremostprevalent(80f19,42.1%).

Lee J. et al. (2024) reviewed 40 health work-
force projection studies during 2010-2023
across 22 countries and found that complex-
systems approaches outperform single-method
projections [11]. Liu et al. (2017) developed the
WHO global labor-market projection for 165
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countries and estimated a worldwide demand
of 80 million health workers by 2030, against a
supply of 65 million, resulting in a shortage of
15 million workers [8].

Among the 14 studies on material-technical
resources, supervised ML and statistical models were
equally represented (5 of 14 each, 35.7%). Bell et al.
(2022) applied an MSARIMA model to non-elective
hospital admissions in an NHS Trust (UK) and re-
ported that predictions matched actual values 95.6%
of the time on a six-week horizon [13]. Among the
8 studies on financial resources, supervised ML
was most prevalent (5 of 8, 50.0 %). Taloba A. et
al. (2022) reported 97.89 % accuracy in predicting
total cost using linear regression on a United States
dataset [21]. Langenberger, Schulte, and Groene
(2023) compared random forests, gradient boosting,
artificial neural networks, and logisticalregression
on three years of German statutory health insurance
claims (n = 20,984) and confirmed that tree-based
ensembles outperform neural and linear baselines for
high-cost patient identification [57].

Within the 6 studies on pharmaceutical sup-
ply, hybrid models prevailed (3 of 6, 50.0 %). Wang
et al. (2025) trained the KG-GCN-LSTM model
on real-world pharmacy sales data and reported a
3.62% reduction in Symmetric Mean Absolute Per-
centage Error relative to the NBEATS benchmark,
outperforming ARIMA, SVR, XGBoost, RNN, and
CNN-LSTM [19].

At the same time, virtually no forecasting of
pharmaceutical, financial, and logistical resources
is done in RK. Furthermore, existing models do
not account for the specific characteristics of met-
ropolitan areas, which are characterized by intense
population migration, high population density, and
significant infrastructure disparities.

An analysis of the temporal dynamics of
publications confirmed a methodological shift to-
ward ML. While in 2014-2016 the share of stud-
ies using ML methods was 0 %, in 2020-2024 it
reached 75.0 % (27 out of 36 studies), whereas the
share of purely statistical models decreased from
100 % to 25.0 %. A similar trend was described by
Lin et al. (2025) in a systematic review of 106 stud-
ies on the application of ML in healthcare [26].

The results obtained allow us to draw sev-
eral practical conclusions for developing a predic-
tive model of resource availability in the Almaty
metropolitan area. First, the model must integrate
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at least three categories of resources within a uni-
fied framework. Second, it is advisable to include
unsupervised ML algorithms to identify hidden
spatial and structural patterns in the agglomera-
tion’s heterogeneous data. The use of unsupervised
learning in this study yielded more robust results
when analyzing multidimensional data, as the ag-
glomeration’s healthcare system data is character-
ized by high variability, heterogeneous resource
distribution, and the absence of clearly defined
target classes. Clustering algorithms enabled the
identification of hidden groups of territories with
similar resource-endowment profiles, a task that is
impossible with only supervised approaches. Third,
the forecasting horizon should be 5-10 years, in
line with the RK state healthcare development pro-
grams, while maintaining short-term forecasts for
operational management of material and technical
resources.

The limitations of this review include the
exclusion of some gray literature and conference
proceedings, language restrictions (English and
Russian), and significant methodological heteroge-
neity among the studies, which prevented conduct-
ing a quantitative meta-analysis.

Conclusion

This review of publications from 2010 to
2026 showed that forecasting of healthcare resourc-
es in urban agglomerations is primarily conducted
within the framework of individual resource cat-
egories and lacks integrated models that simultane-
ously cover human, financial, pharmaceutical, and
logistical resources.

Supervised ML algorithms were used sig-
nificantly more often (34.0 %) than unsupervised
methods (8.5 %). However, the analysis results
showed that unsupervised ML methods hold the
most promise for the Almaty metropolitan area due
to their ability to handle heterogeneous, multidi-
mensional, and partially incomplete data without
pre-labeling. The use of clustering and methods for
identifying hidden structures allows for more ac-
curate modeling of territorial differences and the
needs of the healthcare system.

The results obtained form the methodologi-
cal basis for developing an integrated predictive
model of resource provision for the Almaty metro-
politan area based on unsupervised ML algorithms,
covering several categories of resources and a
5-10-year forecasting horizon.
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KAJIAJIBIK ATVTIOMEPALIUAJIAPAAT'BI JEHCAVIIBIK CAKTAY PECYPCTAPBIH BOJI’KAY
MOJIEJIBAEPI MEH 9ICTEPI: 9JAEBH HIOJIY

K. b. ArmanoBa'*, K. A. Kaamaraesa', K. K. Tory3z6aesa’, I. /I. UckakoBaZ,
C. E. Cyaranrasuena’

''«C. I. Achenausipos ateinaarsl Kazak ¥arTeik Meaununa yausepeureti» KEAK, Kaszakcran, Aamars
2 «Camunar KaitbipOekoBa aTbiHIarbl ¥ JITTHIK FHUIBIMU JEHCAY/IBIK CAKTay/bl JaMbITy opTaibirbDy [IIDKK
PMK, Kazakcrtan, Aiamarsl
*Koppecnonoenm aemop

Anjgarna

Oszexminiei. KananplK armoMepanusiiapAarbl XaJbIK CaHbl ©Cyl JCHCAyJBbIK CaKTay KbI3METIHE
CYpPaHBIC TIEH OHBIH KaJIPJIBIK, ITOPUTIK, Kap)KBUIBIK >KOHE MaTepHaIbIK-TEXHUKAIBIK PeCcypcTapMeH
KaMTaMachl3 €TLTyl apachIHIaFbl OJIIIEHETIH aIIIaKTBIKThI TYABIPaabl. AJIMAThI arIOMEPAIMSICHIH/IA IIaMa-
MEH 3,5 MIJIJTHOH TYPFBIH IIOFbIpaanFaH, ain 2030 xbutra Kapai oapablH caHbl 4,5 MIJITTHOHFA )KETEI1 ICTT
o6omkansin oTelp. Kazakcran PecnyOnukacer JleHcaynblK cakTay MUHHUCTPIIITIHIH MOTIMETTepl OOMbIHIIA
2023 >xpuTBl Aopirepiep TammbUIbIFel 4 864 TONBIK YaKBITTHIK Jlaya3bIMIbl KYPAJbl, ajl KOCapJiac dKYMBIC
icrey koaddummenTi 1,4-ke KeTin, MEAUIMHAIBIK KbI3METKEPJICPiH KYHell maMagaH ThIC )KYKTeMECiH
KOPCETTI.

Maxcamul. Kananpik arnmoMepanusiiapiarsl ACHCAYJBIK CaKTay PeCypcTapbiHa JETeH KaKeTTITIKTI
OoJpKayIbIH Ka3ipri MOIETBIAEPiH, 9Cipece MalTMHaMEeH OKBITY KYpaJAapblH Tajaay sKoHe oJapblH AMa-
ThI arJIOMEPAIMSACHIHBIH XKaFIaiiblHA KOJIIaHy MYMKIH/IITIH Oarasay.

Mamepuan scone adicmep. 2010 >xputbl KaHTapaan 2026 KbUIFBI HaypbI3Fa JIEHIHTT KE3CHJIE
PubMed, Scopus, Web of Science Core Collection sxone WHO IRIS nepexkopmapeiaaa oaeduer i3ney
xkyprizuiai. llonyra nonairin OaranaiTeIH CaHABIK OOJDKaMIIBI MOJETBACP/l KAMTUTBIH TYITHYCKA 3€pT-
Teynep, kyiem momnymnap xxone WHO/OECD omicremenik ecenrtepi enriziuimi (MAE, RMSE, MAPE,
AUROC, R?) kananblk armiomepauusiiap Hemece ypOanuzanusi neHreii > 50 % aiimakrap OoiiblHIIA
JONIITiH OaFajJalThIH CaHIBIK O0JDKaMIBl MOICTIbIEP Il KAMTHTBIH TYITHYCKA 3€PTTEYIIEp, KYHe moynap
xoue JIJI¥/IObIY omicreMernik ecentepi KapacThIpbUIAbl. AHBIKTaNFaH 1 286 »xa30aHbIH ITIHEH MIOJIyFa
57 0acBUIBIM €HI131I/Il.
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Homuowcenep. CraTtucTUKaNbIK Mojenbaep eH ken TaparaH (40,4 %), omaH keiliH OakpliayMeH
KYPri3UIeTiH MaIIUHAIBIK OKBITY oficTepi (34,0 %) sxone rubpuari moaensaep (17,0 %) kenni; 6akpuiaychi3
MAaIIHMHAIBIK OKBITY 911icTepi Tek 4 OackutbiMa (8,5 %) konaanbuinsl. Tek 3 mogens (6,4 %) Kazakcrannarsl
JIepeKTep HEri3iH/e TeKCEepUIreH JKoHe TeK ajlaM pecypcTapbl CaHaThlH KaMTuAbl. Embip Monens 6apibik
TOPT pecypc caHaThIH Oip yaKbITTa KAMTHIMANIbI.

Kopvimwinovinap. Ochl MOITyAbIH METOAOIOTUSIIBIK HOTHXKENEPl YIITTHIK XKOcHapiay Ky>KaTTapblHa
coiikec KEeMIHJe YII pecypc CaHaThlH KAMTHUTBIH >koHe Ooipkay Mmep3iMi 5—10 KbUimbl KypauTbiH
KaJaraqaHOaiThIH MalllMHAMEH OKBITYFa HEeri3/1e/reH O1piKTipiiireH 0omKay MOJEIIH d3ipieyai HeTi3aen/ai.

Tyuiin ce3dep: Oencaynviy cakmay pecypcmapbel, OONHCAMOBIK MOOelb, MAUUHANLIK OKbINY,
MY2aniMCi3 OKbIMy, KANaablK aznomepayus, xcyveni wony, Kazaxcman, meouyunansix kaopiap.

MOJIEJA U METOABI TIPOTHO3UPOBAHUSA PECYPCOB 3/IPABOOXPAHEHUSA B 'OPO/I-
CKUX AINIOMEPAIIUAAX: TUTEPATYPHBII OB30P

K. b. ArmanoBa'*, 7K. A. Kaamaraesa', K. K. Tory36aesa’, I. /I. UckakoBaZ?,
C. E. Cyaranrasuesa’
"HAO «Ka3axckuii HallioHaJIbHBIN MenuiuHCKuid yHuBepceuteT umeHu C. JI. Achenausiposay,
Kazaxcran, AaMarel
2PI'TI Ha ITXB «HaruoHanbHbIi HAYYIHBIN LEHTP Pa3BUTHUSI 3PABOOXPAHCHHS
umenu Canunat Kanp6ekoBoit», Kazaxcran, Anmars
*Koppecnonoupyrowuii agmop

AHHOTanUA

Axmyanvrocms. POCT HaceneHus B TOPOACKUX arJIOMEPALMX CO3AET KOJIMYECTBEHHO N3MEPUMBII
pa3pbIB MEX/y CIIPOCOM Ha METUIIMHCKYIO TOMOIb U 00€CIIeUeHHOCThIO KaJpOBBIMH, JIEKAPCTBEHHBIMH,
(MHAHCOBBIMU U MaTE€pPHAIBLHO-TEXHUYECKUMH pecypcaMu. AJMaTHHCKAas arioMepanusi KOHLEHTPUpPYeT
OKOJIO 3,5 MMJUIMOHA JKMTEJEN C MPOTrHO3UPyeEMBIM pocToM 110 4,5 MuuiMoHa denosek K 2030 rony. Ilo
JTaHHBIM MuHucTepcTBa 31paBooxpaHeHus Pecriyonuku Kaszaxcran, B 2023 roqy nedunur Bpaueit cocra-
Bui 4 864 cTaBkH, a KOYPPUIIMEHT COBMECTUTENBCTBA JOCTUT 1,4, UTO OTpa)KaeT CUCTEMHYIO MEPETPY3Ky
KaJpoB.

L]eny. AHanu3 COBPEMEHHBIX MOJIeNIel IPOTHO3MPOBAHUS MOTPEOHOCTH B pecypcax 37paBoOXpaHe-
HUS B TOPOJICKUX aroMepanusax ¢ GOoKycoM Ha MHCTPYMEHTaX MAIIMHHOTO 0Oy4YeHUs, X OLIEHKU IpUMe-
HUMOCTH K YCJIOBHSIM AJIMaTUHCKOM arsioMeparyi.

Mamepuan u memoowi.: Tlonck nmuTeparypsl ObLT IpoBezieH B 6a3ax gaHHbIX PubMed, Scopus, Web
of Science Core Collection, WHO IRIS 3a nepuon ¢ suBapst 2010 roga o mapt 2026 roga. B 0630p Bkiroua-
JIMCh OPUTHHAJIbHbIE UCCIIEA0BaHMs, CUCTeMaTnyeckue 0030psl 1 MeTononoruueckue oruérel BO3/O3CP,
coJieprKalllie KOJMYECTBEHHbIE MPOTHOCTUYECKUE Mozenu ¢ oueHkoi touHoctu (MAE, RMSE, MAPE,
AUROC, R?) Ha ypoBHE rOpOACKHX arioMepaluii Wi perioHoB ¢ ypoBHeM ypOanuzamu > 50 %. U3 1
286 naeHTU(UIMPOBAHHBIX 3aMuceil B 0030p BKIIIOYEHBI 57 MyOIuKalui.

Pezynomamer. Ctaructuueckue Mojenu Obutn Hanbosee pacnpoctpanenst (40,4 %), 3aTeM METOAbI
MamuHHoro o0yuyenus ¢ yuutenem (34,0 %), rudbpuausie moaenu (17,0 %), MeToab! MAIIMHHOTO 00yUYEHHS
0e3 yuutens - nuiib B 4 myonukanusx (8,5 %). Tonsko 3 monenu (6,4 %) BanuaupoBaHbl Ha TaHHBIX Ka-
3aXCTaHa ¥ OXBAaThIBAIOT UCKIIIOYUTEIBLHO KaTETOPHIO KaIpOBBIX pecypcoB. Hu onHa Moziens He 0XBaThIBAET
OJTHOBPEMEHHO BCE YETHIPE KATETOPUU PECYPCOB.

Bv1600b1. MeTononornueckue 1aHHble 0030pa 000CHOBBIBAIOT Pa3pabOTKy MHTETPHUPOBAHHONW MO-
JIeNTd TIPOTHO3UPOBAHUS HA OCHOBE MALIMHHOTO 00y4YeHUs 0e3 yuuTens Juis AJIMaTHHCKON arioMepaluu ¢
OXBaTOM HE MEHEE TPEX KaTeropHuil pecypcoB U TOPU30HTOM NPOrHo3a 5-10 JeT B COOTBETCTBUU C HALUO-
HaJbHBIMU IUIAHOBBIMH JOKYMEHTaMHU.
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