Karaganda Medical University

UDC 616-002.5:616.9-084-07 Manuscript copyright

UKUBAYEYV TEMIRLAN ALIBIEVICH

Incorporating system dynamic modeling in infection transmission of
tuberculosis

8D10139 — Public health

A thesis submitted in Partial Fulfillment of the Requirements for the degree of Doctor
of Philosophy

Scientific supervisor:
Candidate of medical sciences

Associate professor
Sorokina M.A.

Foreign scientific supervisor:
PhD, associate professor
Donatas Austys

The Republic of Kazakhstan
Karaganda, 2026



CONTENTS

NORMATIVE REFERENCES..........oooiiiiii e 4
DEFINITIONS oottt eennnesnnnnne 5
LIST OF ABBREVIATIONS ......oooiiiiiiiiiiiiiiiiiiiiiiiiiie e 6
INTRODUCGTION ..ottt seeeeessssesssssssssssssssssssssssssssssensesnnees 7

1 CURRENT TRENDS IN TUBERCULOSIS EPIDEMIOLOGY,
APPROACHES TO CONTROL AND METHODS OF MATHEMATICAL

MODELING (LITERATURE REVIEW) ... 11
1.1 Current trends in TB epidemiology ..........cvvvieiiiiiiiiiiiiiiice e 11
1.2 Interventions for TB transmission CONtrol...............uuvvvververvivirriniiiiiirinnnenennnn., 13
1.2.1 Vaccination as the primary measure for TB prevention.............ccccoeevvvvnnnen. 13
1.2.2 Current approaches and advances in TB diagnosis...........cccccevveeeeeenniininnnee. 14
1.2.3 Current treatment strategies in TB therapy.........ccccooovviiiiiiiiiiiecee 15
1.2.4 Socioeconomic interventions for TB control............ccoooiiiiiiiiiiinnee, 16
1.3 Mathematical modeling approaches for TB epidemiology ..........c.ccvvveeinnnnn. 17
1.3.1 Mathematical models as a tool to analyze TB transmission ......................... 17
1.3.2 Application of time-series models in TB epidemiology ..........cccoccvvvvieinnnnnn. 18
1.3.3 Machine learning approaches for epidemiological modeling ....................... 19
1.3.4 Hybrid modeling techniques for epidemiological prediction........................ 20
1.3.5 Compartmental models for TB epidemiology ..........cccoevvvviiviiiiiieiiiiiiiiiinnen, 20
2 MATERIALS AND METHODS ..o 25
2.1 Study design and ProCeAUIES ...........uiiiiieiiiiiiiiiiiiiiiee e 25
2.2 STUAY SEEEINES vvvvvviiiiiieeee e s s ittt e e e e e s s st r e e e e e e s s e s s bbb e e e e e e e e e e e snnrnnenes 25
2.3 Data sources and COIECHION ........c.vvviiiiiiiiiiiie e 25
2.3.1 Sources of demographic, socioeconomic, and epidemiological data ............ 25
2.3.2 Adjustments for COVID-19-related disruptions in TB incidence................. 26
2.4 Trend analysis of TB inCidence rate...........cccvvvveriiieiiiiiiiiiiiiiiieee e 26
2.5 Evaluation of contribution of healthcare and socioeconomic factors to TB

10110 14 (<) 1 Lo TP PP PPPPPPT 27
2.6 Compartmental model of TB transSmisSSioN..........eevvveeeiiiiiiiiiiiiiiiiieneensssiiennnne 27
2.7 Model parameteriZation .........ccuvvvrrririieeeesiisiiiiirreeeeeee s s s s ssirrerereeeeeeessessnsnsnnes 29
2.7.1 Initial values for the SIR model compartments .............cccccvvveriieeeeeriiiiinnnnnn 29
2.7.2 Parameterization of demographic inflow .........cccccceviiiiiiiiiiiiiiiiii, 30
2.7.3 Estimation of TB transmission coefficient ..............cccvvveiriiiiiiiiiiiiiiiee e, 31
2.7.4 Estimation of TB mortality rate .........ccccoovvviiiiiiiiieeii i 31
2.7.5 Calibration of recovery and recurrence rates of TB..........cccccccvveieiiiiiiiinnnnn, 32
2.8 The predictive accuracy of the SIR model ..........ccceoviiiiiiiiiiii 33
2.8.1 The transmission coefficient in the SIR model validation ................cc.oo.. 34
2.9 Incorporating of socioeconomic factors into the SIR model...............cccevvveee. 35
2.10 SenSitiVity aNALYSIS ....cceiiuveriieeiiiiiiie et 36
2.11 Development and description of simulation Scenarios...........ccccceeeeeereniinnnnne. 36
2.11.1 BASEIINE SCENATIO ...vvvviiiiieeeiiiiiiiiiiiie e e e e e e ettt e e e e e e e e e e e e e e e e e nnees 36
2.11.2 AREINAtIVE SCENATIOS ...eeeeeiiiiiiiiiiieieeeeeaesaaaitte e et e e e e e s s s asnbbbbreeeeeaaeeeaaannnnnees 37
2.11.3 Comparison with the baseline scenario ...........ccccceeeeiiiiiiiiiiiiiiiiee 38
2.12 Optimization of SOCI0€CONOMIC PATAMNELETS ......vvvreeeeeeeriiiiiiiiieieeeeeeeeeaaienneees 39

2



2.13 Ethical CONSIAETATION ..uviivveiiiiii it e e e e e e eaae e e eaaaaeees 39
3 COMPARTMENTAL MODEL OF TUBERCULOSIS TRANSMISSION IN
KAZAKHSTAN ...ttt e et s e e et e e e s s s b e e s s eabaeeeaeens 40
3.1 Trends and determinants of TB incidence in Kazakhstan...............ccocoeevvvnnnnne. 40
3.1.1 Trend analysis of TB incidence in Kazakhstan in the period of 2000-2024 ..40
3.1.2 Contribution of healthcare and socioeconomic factors to TB incidence

AYNAIIICS ..vveeeeeiet ettt e e e e e e e s e e e e e e e e e e e e 41
3.2 Model parameters estimation and calibration.............ccccuvvveveeeeeininiiiiiiiiiieeeenn. 44
3.2.1 Initialization of the SIR model’s compartment ..............cccceveeiiiiineeiiniinnnn. 44
3.2.2 Identification of demographic inflow ...........ccccceiiiiiiiiiiiiiii 44
3.2.3 Estimation of the transmission coefficient of the SIR model........................ 44
3.2.4 Estimation of the TB-induced mortality rate of the SIR model .................... 45
3.2.5 Calibration results of recovery and recurrence parameters ............ccccceevvueeee. 46
3.3 Predictive accuracy of the SIR model ............ccoovveiiiiiii 47
3.3.1 Projection of the transmission coefficient for the test period........................ 47
3.3.2 Evaluation of the predictive performance of the SIR model......................... 48
3.4 Relationship between the transmission coefficient of TB and socioeconomic
22110 6~ PP 49
3.5 Impact of the variation of socioeconomic parameters on TB incidence........... 53
3.6 Projection of TB incidence under the baseline scenario ............cccoeevvvvvvvennnnnn. 54
3.7 Long-term effects of socioeconomic interventions on future TB incidence..... 56
3.7.1 Scenariol — 3% annual growth in GDP per capita........ccccccceeeviiiiiiiiiiiiennnnnn. 57
3.7.2 Scenario 2 — annual reduction in the poverty rate by 0.1%............coecvvvvvnnnen. 58
3.7.3 Scenario 3 — annual reduction in the unemployment rate by 0.1%............... 59
3.7.4 Scenario 4 — annual increase in CHE by 0.1% ......ccoovviiiiiiiiiiiiiiiiiiiiieee, 60
3.7.5 Scenario 5 — 5% annual increase in the volume of social support to TB
18 TS] 11K OO PR PP PR PPRPPPRRRPP 61
3.7.6 Relative effectiveness of socioeconomic interventions ..........c.cocccvveeeeernunnnn. 62
3.8 Socioeconomic pathway to achieve the WHO’s End TB strategy targets........ 63
CONCLUSION ...ttt e e et e e e e abr e e e e e s annees 65
REFERENCES ...t 67
APPENDIX A — The results of correlation analysis and principal component

D E2 1 )3 TP PPPPRRT 77
APPENDIX B - The results of bivariate correlation analysis and multiple linear
LSS (oIS (0] 4 PP PP PPUPPPPPTPPPPR 78
APPENDIX C — A state certificate of copyright registration .............ccoccuvveeeennne 79
APPENDIX D — Certificate of implementation ............ccoovvvvvieeeniniiiieeesiiieeeeens 81
APPENDIX E — Certificate of implementation ...........ccccoovvvveeeeniiiiiiieesiiiieeeeens 82



NORMATIVE REFERENCES

The following normative references have been used in the thesis:

Concept of Healthcare System Development of the Republic of Kazakhstan until
2029.

Resolution A/RES/73/3 adopted by the United Nations General Assembly on
October 10, 2018, following approval by the high-level meeting of the General
Assembly on the fight against tuberculosis on September 26, 2018.

Resolution A/RES/70/3, Transforming our World: the 2030 Agenda for
Sustainable Development adopted by the United Nations General Assembly on
September 25, 2015.

Resolution EB134/SR/4, Global strategy and targets for tuberculosis prevention,
care, and control after 2015 developed by the World Health Assembly on January 21,
2014.



DEFINITIONS

The thesis involves the following terms with the corresponding definitions:

Calibration — a process by which model parameters are adjusted to bring
model’s outputs into agreement with data.

Compartmental model — a modeling approach where the population is divided
into different compartments, representing their status of disease or other factors.

Deterministic model — a model which has only one possible output when all its
parameters are fully specified.

Optimization — the process of finding the best input variable values from among
all possibilities without explicitly evaluating each possibility.

Parameter — any quantity governing rates of change of different compartments.

Simulation — the representation of behavior or characteristics of one system
using another system.

System Dynamics — an approach to understand the nonlinear behavior of a
complex system over time using stock, flows, internal feedback loops.

Validation — the set of processes and activities intended to verify that models
are performing as expected.
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LIST OF ABBREVIATIONS
— Autoregressive
— Autoregressive moving average
— Autoregressive integrated moving average
— Current healthcare expenditure
— Confidence Interval
— Directly Observed Treatment Strategy
— Gross Domestic Product
— Generalized regression neural network
— Kaiser-Meyer-Olkin
— Kazakhstan Tenge
— Mean Absolute Error
— Mean Absolute Percentage Error
— Multidrug-resistant tuberculosis
— Mycobacterium tuberculosis
— Neural nonlinear autoregression
— Principal Component
— Principal Component Analysis
— Root Mean Square Error
— Seasonal autoregressive integrated moving average
— System Dynamics
— Sustainable Development Goal
— Social Determinants of Health
— Susceptible-Infected-Recovered
— Susceptible-Exposed-Infected-Recovered
— Tuberculosis
— United States Dollar
— Variance Inflation Factor
— World Health Organization
— Extensively drug-resistant tuberculosis



INTRODUCTION

Relevance of the research

Tuberculosis (TB) is still a big global health problem. The World Health
Organization (WHO) estimates that in 2024 around 10.7 million people developed TB
and 1.3 million died from TB, making TB one of the top causes of death in the world

[1].

This challenge closely relates to the United Nations Sustainable Development
Goal (SDG) 3: «Good Health and Well-being», which aims to end the TB epidemic by
2030. Progress toward this goal, as outlined in the SDG monitoring framework, is
mainly measures by tracking the rate of TB incident cases [2]. This goal is connected
to the WHO’s End TB strategy, which lays out clear milestones: reducing TB incidence
rate by 80% and TB mortality by 90% by 2030 compared to 2015. By 2035, the targets
rise to a 90% drop in TB incidence and a 95% decline in TB mortality, plus making
sure no household faces catastrophic expenses because of TB [3].

Following year of gradual decline, global TB incidence. Stabilized and
subsequently increased slightly during the period 2021-2023, primarily because of
COVID-19-related disruptions to diagnostic, treatment, and healthcare services
worldwide [4]. A similar pattern of stagnation was observed in Kazakhstan, where TB
incidence rate exhibited a plateau from 2020 through 2024, following substantial
reductions in previous years [5]. Consequently, overall progress toward reducing the
TB burden continues to lag substantially behind the targets set for 2030 and 2035 under
the WHO’ End TB strategy [6].

TB incidence is profoundly influenced by a broad array of socioeconomic factors
[7]. Since the WHO formally endorsed the concept of social determinants of health
(SDOH) in 2008, the unequal distribution of these determinants has been recognized
as a primary driver of health inequalities. This framework underscores that
socioeconomic inequalities shape exposure to TB risk factors, vulnerability to
progression from infection to active disease, and access to timely diagnosis and
effective treatment, thereby perpetuating or exacerbating the TB burden in
disadvantaged communities [8].

The Republic of Kazakhstan maintains a consistent policy focused on
strengthening public health and advancing progress toward the United Nations SDGs,
with particular emphasis on reducing TB incidence. The Concept for the Development
of Healthcare in the Republic of Kazakhstan until 2029 establishes ambitious targets
for TB incidence reduction. Furthermore, the Concept highlights a critical gap in the
current forecasting system, specifically it largely lacks scientifically grounded
methodologies, approaches, and tools for predicting and evaluating the
epidemiological situation, as well as for analyzing and investigating the relationship
between risk factors and population health status.

Thus, the epidemiological situation regarding TB us characterized by a
persistently high incidence rate. Under these conditions, the need to develop and apply
new approaches to assessing the epidemiological situation is increasing. Furthermore,
particular importance is attached to taking in to account socioeconomic factors that
determine the dynamics of TB spread and the effectiveness of control measures.
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Research aim

Projecting TB incidence in the Republic of Kazakhstan through 2035 using
System Dynamics modeling and assessment of the impact of socioeconomic factors on
the dynamics of the epidemic process.

Research objectives

1. To study the dynamics of TB incidence and to evaluate the contribution of

the healthcare system’s activities and socioeconomic factors to changes in the
indicator.

2. To develop a model of TB spread in Kazakhstan using the System Dynamics

approach and to assess the predictive accuracy of the model.

3. To identify the most significant socioeconomic factors influencing TB

incidence.

4. To conduct scenario modeling of the long-term impact of socioeconomic

factors on TB incidence in Kazakhstan through 2035.

5. To determine optimal values of socioeconomic parameters in the model that

contribute to achieving the WHO’s target indicators for reducing TB incidence.

Scientific novelty

This study introduces significant scientific novelty by offering the following
contributions:

1. An analytical linkage between the transmission coefficient of TB and key
socioeconomic factors has been established for the first time.

2. A simulation model incorporating socioeconomic factors into the
epidemiological framework of TB spread has been created for the first time.

3. Optimal target values for key socioeconomic indicators have been
established and proposed for the first time, enabling the achievement of the WHO’s
targets for TB incidence reduction by 2030 and 2035.

Theoretical significance of the research

The theoretical significance of this work resides in its establishment of a robust
methodological and conceptual foundation for an integrated modeling approach that
merges epidemiological compartmental modeling with the systematic analysis of
socioeconomic determinants. This contribution substantially enriches the theoretical
underpinning of TB epidemiology and provides a reliable platform for future research
in the field, allowing subsequent studies to build upon, refine, adapt, or extend the
proposed hybrid frameworks across diverse epidemiological contents and geographic
regions.

The results of the study provide empirical evidence supporting the SDH
framework in the content of infectious disease epidemiology. This contributes to a more
holistic theoretical approach for studying and controlling infectious disease in
populations where socioeconomic conditions play a significant role in shaping health
outcomes.

In addition, the work is closely aligned with both global initiatives such as the
WHO’s End TB Strategy and national TB control and healthcare development
programs in Kazakhstan, and its findings and analytical approach can serve as a robust
theoretical basis for the formulation and justification of evidence-based public health
strategies and policy interventions.



Practical significance of the research

The results of the thesis were incorporated into the analytical and methodological
work of the Regional Center of phthisiopulmonology in the form of a model designed
as a user-friendly tool for assessing and projecting the epidemiological situation
regarding TB (Appendix D). The adoption of the model in managerial practice allows
healthcare administrators to distribute resources on an evidence-based basis and to
strategically plan interventions aimed at controlling the epidemiological situation of
TB.

The findings of the thesis were also integrated into the educational activities of
the department of infectious diseases and phthisiology at Karaganda Medical
University as an innovative educational tool (Appendix E). Implementation of the
model supports the development of key competencies in analyzing the epidemiological
patterns of the epidemic process of TB, as well as in evaluating and forecasting trends
in the epidemiological indicators of TB.

A state certificate of copyright registration has been granted (Appendix C).

The main finding to be defended

1. Inrecent years, Kazakhstan has shown a tendency toward a slowdown in the
rate of decline in TB incidence. Socioeconomic factors make the main contribution to
the dynamics of TB incidence.

2. The developed model is a valid and reliable tool for projecting TB incidence.

3. The most sensitive parameters of the model are current health expenditure
and unemployment rate.

4. Increasing the volume of social assistance to TB patients is the most effective
measure for reducing TB incidence by 2035 in the long term.

5. To achieve the WHO’ targets for reducing TB incidence, it is necessary to
comprehensively improve the overall socioeconomic situation of the population,
increase healthcare financing, and strengthen social support measures for TB patients.

Publications

The thesis findings resulted in the publication of 2 original articles in Scopus-
indexed international peer-reviewed journals: Annali di Igiene Medicina Preventive e
di Communita (55%) and International Journal of Environmental Research and Public
Health (92%).

Author’s personal contribution

The author’s personal contribution to this thesis is comprehensive and spans the
entire research process. The author developed the theoretical foundation and
methodological framework of the study. The author formulated the study’s aim,
objectives; participated in all phases of the research from literature synthesis and data
collection to computational implementation; and directly carried out the core
investigated work. Furthermore, the author performed all statistical data processing,
authored the thesis text across all sections, interpreted the findings, critically discussed
their implications, and derived evidence-based conclusions together with practical
recommendations. Through these extensive contributions, the author ensured the
originality, scientific rigor, methodological consistency, and practical relevance of the
work.

The scope and structure of the thesis
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The present thesis is presented on 82 pages of Microsoft Word processing
software and composed of the following sections: introduction, literature review,
materials and methods, results, conclusions, references, and appendices. The thesis is
illustrated with 19 tables and 10 figures. The bibliography includes 158 references in

Kazakh, Russian, and English.
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1 CURRENT TRENDS IN TUBERCULOSIS EPIDEMIOLOGY,
APPROACHES TO CONTROL AND METHODS OF MATHEMATICAL
MODELING (LITERATURE REVIEW)

1.1 Current trends in TB epidemiology

Over the nearly three-decade period from 1997 to 2020, the Republic of
Kazakhstan has experienced a profound epidemiological transition in TB, evolving
from one of the highest TB burdens in post-Soviet space to a situation of markedly
reduced incidence and mortality [9].

The incidence rate of TB is primary measure of TB morbidity and the most direct
indicator of ongoing transmission in a population, serving as a sensitive marker of the
effectiveness of preventive measures, infection control strategies, and reduction in
transmission risk factors [10]. Sustained declines in the number of incident cases are
therefore a cornerstone of TB control and elimination efforts [11].

By the end of January 2020, the WHO recognized the COVID-19 outbreak as a
global public health emergency and urged immediate actions to limit the spread of the
virus. In response, extensive and large-scale prevention and control measures were
implemented starting in February 2020 [12].

Pandemic-related interventions, such as lockdowns, reduced mobility, and the
reallocation of healthcare resources led to substantial disruptions to TB diagnosis and
treatment services. Importantly, these disruptions resulted in delayed case detection,
reduced treatment initiation, and interruptions in patient follow-up. Consequently, this
increased the risk of ongoing transmission of TB [13].

It was suggested that even relatively short disruptions to TB control measures
could significantly increase TB burden worldwide. Furthermore, the increase in
mortality would largely be driven by undiagnosed infectious individuals, who continue
to transmit Mycobacterium tuberculosis (MTB) within communities [14].

Moreover, the COVID-19 pandemic has substantially set back global efforts to
eliminate TB. Specifically, estimates from the Stop TB Partnership indicate that the
disruptions caused by the pandemic wiped out nearly 12 years of progress in TB control
within just one year [15].

A study conducted by researchers from China supports this statement. They
analyzed monthly TB cases for the period of January to May in 2019 and 2020. It was
found that newly registered TB cases in 2020 declined by 24%, 39%, 25%, 15, and
13%, respectively, relative to the corresponding months in 2019 [16].

In Kazakhstan, a retrospective analysis of TB epidemiology from 2018 to 2024
was conducted. The study encompassed the periods before, during, and after the
COVID-19 pandemic. The findings indicate that the pandemic disrupted TB detection,
which in turn contributed to a sharp incidence drop in 2020 mostly attributable to
under-diagnosis rather than reduced transmission. However, it was followed by a
partial rebound and subsequent recovery. The authors concluded that Kazakhstan
achieved meaningful progress in TB control by 2024, despite the COVID-19 setbacks.
It was also proposed that targeted public health strategies which address socioeconomic
determinants and healthcare access are required [17].
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In TB epidemiology, recurrence represents an important outcome for TB control
and long-term patient prognosis. Recurrent cases can occur due to relapse, reinfection
or reactivation. Recurrence remains a significant concern even after treatment success.
The epidemiology of recurrence varies by underlying TB incidence [18].

A large retrospective study was conducted in Chine, which included more 10
million pulmonary TB patients. The authors assessed the incidence and temporal
patterns of recurrence between 2005 and 2021. The results showed that the overall
incidence rate of recurrent TB was 0.47 per 100,000 population. More importantly,
50% of recurrent cases occurred within the first two years after treatment completion.
Moreover, the findings indicated that the proportion of recurrent cases doubled from
2015 to 2021. The author suggested that there is a need to strengthen post-treatment
surveillance and follow-up strategies [19].

Regarding factors that influence on pulmonary TB recurrence, a comprehensive
synthesis of the literature published over four decades was conducted. The findings
highlight key determinants of TB recurrence. Among the factors, there are treatment
adherence, previous TB history, as well as socioeconomic status. It was concluded that
these factors increase the risk of recurrent disease [20]. Host genetics are also one of
the factors that impact the risk of recurrent TB. A study demonstrated that specific
HLA-DTBI1 gene alleles in a Kazakh cohort were significantly associated with the
likelihood of respiratory TB recurrent case [21].

However, another recent genomic study from Kazakhstan revealed that 93% of
genomic clusters indicative of recent active and ongoing transmission. These findings
highlight the utility of genomic surveillance for understanding transmission dynamics
[22].

Alongside recurrence of TB, prevalence rate is also a fundamental
epidemiological measure. It captures the cumulative burden of TB disease in the
population [23]. TB prevalence was also affected by the COVID-19 pandemic. It was
supported by a global modeling study, which demonstrated that the pandemic
significantly increased the global burden of TB. The results reflect the indirect health
consequences of the pandemic-related disruptions to healthcare system [24].

Estimating the true burden of TB presents a burdensome task. In this regard,
population-based prevalence surveys are taken and provide essential data. For example,
a cross-sectional survey estimated the presence of undetected TB cases [25]. Similarly,
a national prevalence survey provided estimates of confirmed pulmonary TB cases and
demonstrated that a considerable proportion of TB cases remained undiagnosed [26].
Considering this, it was found that these undetected cases present a major contribution
to TB-associated mortality rate [27].

TB-attributable mortality represents the most severe outcome of the disease. It
also serves as one of the principal epidemiological indicators for assessing the impact
of control programs [28]. Although global TB mortality rate continues to decline,
reinforcing the downward trend, which started in 2022. The global statistics suggest
that TB may once again be the leading cause of death from infectious disease [29].

TB-induced mortality is influenced by a broad array of factors. But, drug-
resistance is the most significant factor, which increase the risk of death from TB [30,
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31]. It was shown that the patterns of drug resistance have important important
implications for both transmission dynamics and TB-induced mortality [32].

Socioeconomic status is also one of the factors, which impact TB-attributable
mortality. A study examined the socioeconomic burden experienced by patients with
multidrug-resistant TB in Ethiopia, Indonesia, and Kazakhstan. The results showed that
multidrug resistance impose substantial direct and indirect costs on households. It
potentially exacerbates poverty and hinders treatment access and adherence [33]

Therefore, the literature demonstrated that TB continues to represent a
significant public health challenge. Despite the progress achieved in reducing TB
incidence over decades, there is still a need for sustained and coordinated control
measures. The current situation has been further complicated by the COVID-19
pandemic, which negatively affected TB prevention, diagnosis, and treatment services.
As a result, the previously observed decline in TB epidemiology slowed. Furthermore,
an increase in the risk of undiagnosed cases, which continue to transmit the infection
in the population is decelerated.

Consequently, researchers around the world have emphasized the critical
importance of maintaining essential TB services during and after global health
emergencies. Ensuring uninterrupted access to TB preventive, diagnosis, and treatment
interventions is necessary to avoid reversing the progress achieved in TB control over
the past decades. It was also noted that enhancing the resilience of health systems and
incorporating socioeconomic factors into response strategies are crucial measures for
restoring pre-pandemic rate of decline in the TB burden and advancing glbal efforts
toward TB elimination [34].

1.2 Interventions for TB transmission control

1.2.1 Vaccination as the primary measure for TB prevention

Current control measures for TB encompass a multifaced approach aligned with
the WHO End TB strategy. They mainly focused on enhanced prevention, rapid
diagnostics, effective treatment, and supportive interventions to address
implementation berries and scale-up gaps.

It should be noted that prevention strategies form a cornerstone of contemporary
TB control. Current prevention toolbox details Bacillus Calmette-Guérin (BCGQG)
vaccination, screening and TB preventive treatment regimens. A comprehensive review
emphasized the importance of infection control measure across various contexts, such
as households, community, and congregate settings. It also highlighted ongoing
challenges like limited TB preventive treatment uptake and the need for novel vaccines
[35].

The BCG vaccine remains the only licensed vaccine against TB. However, its
efficacy is variable, particularly among adults. In this regard, different measure are
implemented to improve vaccine performance, including revaccination approaches to
enhance immune responses. These approaches are considered essential for
strengthening TB prevention and supporting broader public health control efforts [36].

It was indicated that efficacy of the BCG vaccine varies considerably. A study
showed that, in newborns, vaccination offers a 90% reduction in the risk of severe
forms of the disease and approximately 59% protection against pulmonary TB. Another
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point presents higher levels of protection of 92% against severe disease and 74%
against pulmonary TB [37]. More recent study has found that administering a repeat
dose of the BCG vaccine to adolescents who were vaccinated at birth but remain
uninfected provides 45% efficacy in preventing TB infection [38].

The WHO first recommended universal BCG vaccination for infants and
children under 5-year-old in high TB incidence settings in 1974. In countries with low
or declining TB rates, selective vaccination of newborns can be considered for those at
increased risk of exposure [39].

1.2.2 Current approaches and advances in TB diagnosis

Early detection and accurate diagnosis of TB remain fundamental components
of global TB control. The reason is that timely identification of infected individuals
enables early treatment initiation and reduces transmission within communities [40].

Recent literature highlights substantial progress in diagnostic technologies and
screening approaches. Overall, current trends reflect a shift toward faster, more
sensitive, and decentralized diagnostic methods. Thus, a systematic review report that
active case finding, improved laboratory capacity, and expanded screening programs
are essential for identifying undiagnosed TB cases. This is especially relevant for high-
burden settings [41].

Traditional diagnostic methods, such as sputum smear microscopy and
mycobacterial culture, remain widely used due to their accessibility and established
clinical value. However, according to a recent study, these methods have important
limitations. Particularly, low sensitivity in cases with low bacterial load and longer
turnaround times for culture-based detection. As a result, nowadays molecular
diagnostic technologies have become increasingly important in modern TB diagnostics
[42].

Multiple studies emphasized the development of innovative diagnostic
technologies to improve sensitivity and enable rapid detection of TB in resource-
limited settings. In particular, biosensor-based systems offer highly sensitive solutions.
They reduce diagnostic delays and enhancing accessibility of testing [43,44].

Recent advances in molecular diagnostics further expand the capabilities of TB
detection. For example, a study by Yong Chen et al. demonstrated the application of
targeted next-generation sequencing for diagnosing paucibacillary TB cases, which are
often difficult to detect using conventional diagnostic methods [45].

In Kazakhstan, recent studies highlight both progress in TB detection and
diagnostic practices. National surveillance and clinical studies indicate that TB
detection measures combine traditional methods with modern molecular diagnostics.
For instance, Olga Prikhodchenko et al. reported improvements in detection and
diagnostic coverage in pediatric TB cases. However, the study also emphasized the
continued importance of early detection and screening in children due to the often-
nonspecific clinical presentation of pediatric TB [46].

Eralieva et al. demonstrated the effectiveness of screening strategies performed
among adolescents in Kazakhstan. The authors concluded that these approaches are
essential to identify early-stage disease before the development of severe clinical
symptoms [47].
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Molecular diagnostics approaches are also increasingly used in Kazakhstan.
Daniyarov et al. used whole genome sequencing to characterize drug-resistant MTB
strains circulating in the country. Their finding highlights the importance of genomic
diagnostics for identifying resistance mutations and understanding transmission
patterns [48].

Overall, current literature demonstrates a clear trend toward integrating
advanced molecular technologies into TB diagnosis framework. At the same time,
traditional screening programs remain essential components of case detection
strategies. Furthermore, combining modern diagnostic tools with established screening
practices represents a key approach for improving early detection, reducing
transmission, and strengthening national TB control programs.

1.2.3 Current treatment strategies in TB therapy

Effective treatment of TB remains a central component of global TB control
strategies. It aims not only to cure individuals with active TB but also to interrupt
transmission and prevent the emergence of drug resistance. Over the past decade,
significant progress has been made in optimizing treatment regimens. In particular, it
was made through shortening therapy duration and improving treatment outcomes for
drug-resistant forms of the disease [49].

Traditionally, treatment of TB disease has required a standard sex-month
regimen, which consists of a combination of first-line drugs. However, recent clinical
trials have explored the feasibility of shorter treatment courses. For example, a
randomized clinical trial demonstrated that four-month regimen could be non-inferior
to the conventional six-month therapy for patients with drug-susceptible pulmonary
TB. The authors concluded that this shortened regimen has the potential to improve
patient adherence and reduce overall burden on healthcare system [50].

In addition to shortened regimens for drug-susceptible TB, substantial advances
have been achieved in the treatment of drug-resistant TB. Multidrug-resistant (MDR)
and extensively drug-resistant (XDR) TB have historically required long and complex
treatment regimens, often lasting 18-24 months. However, recent research has focused
on the development of shorter regimens with improved efficacy profiles. A clinical
study evaluated the shorter regimen for drug-resistant TB and demonstrated high
treatment success rates among patients with XDR TB. The findings represent a
significant advancement in the management of severe TB cases [51].

In parallel, a systematic review indicated that shorter regimens could achieve
favorable treatment outcomes while reducing treatment duration. Such developments
reflect a broader shift in TB treatment strategies toward more effective therapeutic
approaches [52].

Similarly, several studies highlight the growing evidence supporting shorter and
more simplified treatment strategies. The finding underscores the improved adherence
to treatment, reduced cost, and effective treatment outcomes [53,54].

Studies conducted in Central Asia provide valuable insights into the
implementation and outcomes of TB treatment programs [55]. In Kazakhstan
specifically, recent epidemiological analysis highlights the progress in TB treatment.
The study found that a majority of patients achieved successful treatment outcomes.
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This reflects improvements in the national TB control program and the adoption of
modern treatment regimens [56].

Under the WHO’s End TB strategy, countries are encouraged to achieve a
minimum treatment success rate of 90% and 80% for drug-susceptible and drug-
resistant TB by 2025, respectively. Remarkedly, Kazakhstan successfully met these
targets by 2023. It demonstrates substantial progress in both the management of TB
treatment practice and country’s commitment to strengthening national TB programs
in line with the international goals [5].

Overall, contemporary research demonstrates a clear shift toward shorter and
more effective treatment regimens for TB. Advances improved patient management
strategies and strengthened national TB programs contribute to improved treatment
outcomes worldwide.

1.2.4 Socioeconomic interventions for TB control

TB is widely recognized not only as a biomedical disease but also as a condition
strongly influenced by social and economic determinants. Poverty, overcrowding,
malnutrition, and limited access to healthcare significantly contribute to both the
transmission of MTB and poor treatment outcomes. Consequently, current TB control
strategies increasingly incorporate socioeconomic interventions alongside biomedical
measures to address the underlying drivers of the epidemic [57].

Research literature has consistently shown that social determinants play a critical
role in shaping TB incidence and distribution. Thus, a study, conducted in Central Asia
settings, found that factors such as low income, undernutrition, population density, and
limited healthcare access were strongly associated with increased TB incidence.
Therefore, the authors emphasized that improving socioeconomic conditions and
strengthening health system are essential components of effective TB control in the
region [58].

Socioeconomic support interventions, which target TB-affected households,
have received increasing attention in recent years. A scoping review evaluated various
social protection strategies. They include financial assistance, nutritional support, and
transportation subsidies. Therefore, the authors concluded that these measures can
significantly reduce the economic burden of TB on affected households and improve
adherence to treatment. Moreover, the study showed that alleviating financial stress
and enabling patients to access healthcare services more consistently considerably
contribute to better treatment outcomes and reduced transmission [59].

Evidence from large-scale population studies further supports the effectiveness
of financial support programs in TB control. A study demonstrated that conditional
financial support programs can substantially reduce TB incidence among
socioeconomically disadvantaged populations. These programs improve living
conditions and access to healthcare services and address key risk factors such as
malnutrition and poverty [60]. Similarly, another study found that the conditional
financial support was associated with significant improvements in TB outcomes. This
illustrates the way social protection policies can indirectly reduce TB burden at the
population level [61].
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Interventions targeted at financial support of TB patients have also been shown
to improve clinical outcomes. A systematic review analyzed the effect pf financial
support on TB treatment outcomes. The authors found that financial incentives and
direct cash transfers significantly improved treatment adherence and completion rates.
Such interventions help mitigate the economic consequences of TB disease, which
include lost income and healthcare expenses [62].

Overall, the current body of literature demonstrates that socioeconomic
interventions play a critical role in TB control. Programs that address poverty, access
to healthcare services, provide financial support, and reduce social inequalities can
significantly reduce TB incidence and improve treatment outcomes. Integrating these
measures into national TB control strategies is therefore essential for achieving global
TB elimination goals and ensuring equitable access to care for vulnerable populations.

1.3 Mathematical modeling approaches for TB epidemiology

1.3.1 Mathematical models as a tool to analyze TB transmission

Mathematical modeling has become an important component of modern
infectious disease research. Mathematical models can support the monitoring and
projection of disease dynamics. Furthermore, they enable policymakers to forecast
epidemiological trends and implement appropriate interventions [63].

In the field of epidemiology, projecting presents a rigorous, evidence-based
methodology for predicting epidemiological events by extending observed historical
trends into the future. This approach relies on the principle of trend extrapolation [64,
65].

Complementing the technique, scenario-based modeling adopts a more
exploratory paradigm. Under this approach, multiple plausible future trajectories are
constructed by developing a set of assumptions about potential divergences from
current conditions. The scenario-based simulation enables the examination of «what-
if» contingencies rather than a single projected continuation of existing trends [66, 67].

Multiple studies revealed a growing interest in predictive modeling. The
analyses highlight a rise in applications of mathematical forecasting methods in
epidemiology [68, 69].

As a part of a broader discussion on infectious disease epidemiology, a study
emphasized the growing relevance of such methods in TB research. Modeling
approaches have been used to explore transmission dynamics and the impact of control
strategies [70].

Insights from the COVID-19 response underscore lessons for modeling
infectious disease. Olesen et al. emphasize that epidemiological models are most useful
when modelers and decision makers work in collaboration. This ensures that model
structure, assumptions, and outputs align with public health priorities [71]. Similarly,
Johnson et al. found that decision makers valued models that could provide projections
and inform intervention choices. These insights underscore the importance of
developing and communication models, which are tailored to specific epidemiological
context [72].

In the commentary on infectious disease modeling, a study explored the strength
and pitfalls of using mathematical models. The authors argue that while modeling can

17



provide valuable projections of disease spread and inform resource allocation,
misinterpretation or overreliance on uncertain assumptions may lead to flawed policy
choices. Therefore, they call for clearer communication of model assumptions,
uncertainty, and limitations between modelers and policymakers [73]. Therefore,
participatory engagement between modelers, policymakers. And stakeholders
enhanced the utility of models for decision making [74, 75].

Contemporary epidemiological practice draws upon a diverse repertoire of
modeling paradigms. The following categories proving particularly prevalent: time-
series models, machine-learning techniques, compartmental models. These approaches
are frequently combined in hybrid to leverage complementary strength [76, 77].

1.3.2 Application of time-series models in TB epidemiology

Time-series modeling plays a crucial role in understanding how infectious
diseases spread. The main goal of time-series models is to systematically collect and
analyze historical data over time to build a model that accurately reflects the underlying
patterns of the series. This type of model can be used to predict future trends based on
past behavior to project upcoming disease dynamics.

The foundation approach within this family of models is the autoregressive (AR)
model. In this framework, each observation is modeled as a linear weighted
combination of a fixed number of preceding values from the same series. This structure
captures the dependence of the current value on its own historical trajectory. This
makes the AR model well-suited to processes that exhibit clear serial autocorrelation
[78].

Over time, successive refinements have produced a hierarchy of flexible
extensions. Building upon the AR foundation, the autoregressive moving average
(ARMA) model incorporates an additional moving average component. Thus, a study
shows a case, in which ARMA model was developed to forecast TB incidence [79].

To accommodate non-stationary processes, the autoregressive integrated moving
average (ARIMA) model extends the ARMA framework. This innovation has rendered
ARIMA on of the most versatile and widely implemented tools for modeling real-world
time series [80-82].

Time-series models have been widely applied to project TB incidence and
support surveillance systems. For instance, a modeling study developed an ARIMA-
based model in Malaysia. The study identified ARIMA as the best-fit model for TB
incidence. The authors highlighted that such models could serve as early-warning
systems for predicting disease trends [83]. Another study, conducted in China, supports
the usefulness of time-series models for TB surveillance systems [84].

Time-series models remain critical, especially during the COVID-19 pandemic.
Li et al. applied the ARIMA model to TB data for 2021-2022 in China. The results
demonstrated that the model could accurately capture short-term trends [85].

Further adoptions have addressed specific structural features. The seasonal
ARIMA (SARIMA) model augments the standard ARIMA specification with
additional seasonal parameters. This extension allows the model to simultaneously
capture both non-seasonal and seasonal trends. This feature is especially valuable for

18



epidemiological time-series, which displays pronounced annual and intra-annual
cycles [86-88].

SARIMA models have been utilized in the TB epidemiology of Kazakhstan.
Kalizhanova et al. investigated TB transmission dynamics by integrating the SARIMA
model. The authors indicated that SARIMA models were effective in identifying
seasonal patterns and provide accurate short-term forecasts [89].

Recent studies have applied time-series modeling to analyze and forecast drug-
resistant TB. Thus, a study conducted in Brazil provided evidence for areas that require
targeted interventions. Similarly, Chinese researchers applied the SARIMA model to
capture seasonal fluctuations and regional variations in TB incidence. Collectively,
these studies underscore the value of robust SARIMA models to understand the
dynamics of drug-resistant TB [90-92].

It is important to recognize that time-series models impose certain
methodological constrains. They can limit their effectiveness in epidemiological
applications. A primary requirement is the availability of a sufficiently extensive
historical dataset. Since inadequate sample size can lead to unstable parameter
estimates, poor identification of underlying patterns, and unreliable projections. In
many real-world surveillance contexts, consistently reported retrospective data may
not always be accessible. This may lead to constraining applicability of the time-series
approach [93].

Moreover, while effective for short-term horizons, time-series projections tend
to deteriorate markedly over longer periods. Cumulative errors and the influence of
past observations fades, which in turn renders the approach less suitable for projecting
long-tern trends [94].

Despite this dependency on substantial data volume, time-series models offer a
notable advantage in terms of conceptual and operational simplicity [95].

1.3.3 Machine learning approaches for epidemiological modeling

The increasing use of machine learning approaches in infectious disease research
highlights new opportunities for improving predictive models [96]. A scoping review
demonstrated that machine leaning techniques are increasingly applied to analyze
communicable disease data. Such methods may also strengthen TB modeling
frameworks by enabling the analysis of complex epidemiological patterns and
enhancing the predictive accuracy of disease forecasting models [97, 98].

In a comparative modeling study, the performance of traditional statistical
methods and machine learning techniques were assessed in the context of TB
epidemiology. The authors concluded that machine learning models can improve
forecasting performance by identifying complex patterns within epidemiological data.
This may not be fully captured by classical statistical methods. The findings also show
the potential of integrating advanced techniques with traditional modeling to enhance
the projection of infectious disease dynamics [99].

Thus, in a recent study from South Africa, Azeez et al. applied a random forest
algorithm to project TB cases among children. The authors argued that such approaches
can serve as a valuable tool for public health planning, especially in populations where
true burden of TB is underreported [100].
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Compared with single statistical models, machine learning models improved
prediction accuracy. This indicates the benefit of incorporating machine learning
techniques into TB forecasting frameworks [101].

Therefore, recent advances in TB forecasting emphasize the integration of
machine learning into traditional epidemiological modeling. Multiple studies
demonstrated how various machine learning models can be adapted to predict TB
incidence more effectively. This offers alternatives to classical models. Such
approaches are increasingly viewed as valuable tools for capturing complex patterns in
disease data and supporting evidence-based decision making in public health planning
[102-104].

1.3.4 Hybrid modeling techniques for epidemiological prediction

Advances in forecasting techniques increasingly rely on hybrid modeling
approaches. They usually combine statistical and machine learning methods.
According to Sina et al., hybrid modeling frameworks often outperform individual
models. The reason is that they capture both linear and nonlinear patterns within data.
Such approaches are usually used in epidemiological settings, where complex patterns
of transmission require flexible and robust forecasting models [105].

In recent years, hybrid modeling approaches have been increasingly applied to
improve accuracy of TB incidence projections. Several studies from Chine have
demonstrated the advantages of integrating linear statistical models with nonlinear
computational methods. For example, hybrid model combining SARIMA with neural
networks have been developed. Also, Guo et al. proposed an ARIMA-GRNN hybrid
model that significantly improve prediction accuracy [106]. Similarly, Zhang et al.
developed a SARIMA-NNNAR model to forecast TB incidence. The finding
demonstrated superior performance over conventional models [107].

Other studies have incorporated decomposition techniques to further enhance
model performance. Thus, a study applied a hybrid model to TB incidence data in Tibet
[108]. More recent research has combined empirical decomposition with additional
machine learning frameworks. Some studies incorporated advanced neural network
structures to analyzed long-term temporal trends in TB morbidity [109, 110].

Therefore, hybrid modeling approaches can effectively capture complex
temporal patterns in TB data. They also provide more accurate forecasts than traditional
time-series models alone. This highlights their potential utility for public health
surveillance and decision making [111-113].

1.3.5 Compartmental models for TB epidemiology

Compartmental models have been widely applied to examine TB transmission
dynamics. This approach divides the population into epidemiological compartments,
such as susceptible, infectious, and recovered individuals. This feature allows
researchers to analyze transitions between disease states [114, 115].

Compartmental models have been used to evaluate the potential impact of
vaccination strategies on disease transmission. Modeling studies demonstrated that
vaccination plays an important role in reducing TB incidence. However, its impact
depends on vaccine efficacy and coverage rate. In addition, some studies evaluated
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different vaccination scenarios. They include mass immunization and targeted
vaccination of high-risk groups. Such applications provide valuable insights into how
vaccination strategies can contribute to reducing TB transmission [116-118].

More advanced models have incorporated age-specific vaccination. They
highlight the importance of integrating demographic structure into modeling
framework to better understand TB dynamics [119-121].

Furthermore, in recent years, compartmental models have been increasingly
applied to evaluate interventions aimed at case detection and diagnosis of TB. These
models allow researchers to explicitly incorporate parameters related to detection rates,
diagnostic delays, screening strategies. Thus, it quantifies the effect of such measures
on TB transmission dynamics. For example, Shrestha et al. employed a compartmental
model to simulate active case finding via chest X-ray screening, as well as confirmatory
testing with Xpert MTB. The analysis projected significant reductions in TB incidence
and burden. The authors highlighted the way that intensified detection efforts could
achieve a rapid change in epidemic control [122].

Similarly, another study developed a compartmental model to compare
technologies for active TB finding among homeless populations. The model assessed
their relative impacts on case detection rates and transmission interruption. The authors
underscore the value of targeted screening in hard-to-reach groups [123].

More recent studies have extended these frameworks to include additional
detection compartments. These works utilized a modified SEIR model. It incorporated
compartments for diagnosed and undiagnosed infectious individuals. The results
provided insights into how improved diagnosis influences overall TB transmission
dynamics [124, 125].

Other investigations have focused on diagnostic accuracy. These works explored
the impacts of different case detection measures like epidemiological consequences of
false-positive diagnosis. The results quantified trade-offs in sensitivity and specificity
of diagnostic tools within mathematical model [126, 127].

Collectively, these studies show that compartmental models offer a powerful tool
for assessing TB diagnosis and case detection interventions.

Treatment evaluation is also widely modeled topic in the current modeling
literature. Cho et al. evaluated improvements in TB treatment success rates with a
deterministic compartmental model. The analysis projected substantial reductions in
TB burden. It demonstrates that better treatment outcomes can interrupt transmission
chains [128].

Compartmental model has been used to focus on the improvements of TB
treatment quality and completion. By incorporating parameters for diagnostic delays,
treatment adherence, and high-quality regimens. The model quantified reduction in
mortality and transmission intensity [129]. For drug-resistant TB, a compartmental
model was used to project the population-level impact of expanded treatment. The
study simulated increased diagnosis and treatment success. The results showed
significant reductions from treated cases and emphasizing treatment scale-up as an
effective preventive tool against TB spread [130].

Another study constructed a dynamic model which incorporated MDR TB
strains. The model assessed treatment interventions for both drug-susceptible and
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resistant forms. The study provided insights into epidemic progression and the role of
regimen efficacy in controlling resistance amplification [131].

Country-specific analyses have further illustrated treatment strategies. Such, a
transmission model was employed in high-burden settings to evaluate enhancements
in treatment protocols, success rates, and DOTS expansion. Projections indicated that
aligning treatment performance in India and Indonesia to China’s levels could reduce
incidence by over 65% by 2035. This underscores the need for complementary
interventions to meet global targets [132].

Recent work has addressed recurrence and regimen innovation. An SEIR model
was developed to study recurrent TB in China. The study simulates scenarios with
novel treatments reducing recurrence by up tp 90%. The analysis projected long-term
burden reductions toward End TB goals from 2025 to 2035. This emphasizes key
treatment’s role in breaking reinfection cycles [133].

Agbata et al. presented a compartmental model that incorporates treatment
interventions. The model captures memory effects in TB transmission. This approach
examined treatment’s influence on control and offered nuanced insights into non-
integer order effects relevant to chronic diseases like TB [134].

The review literature collectively illustrates that compartmental models serve as
a powerful and reliable framework for evaluating treatment interventions in TB. These
applications deliver clear, interpretable forecasts of how advancements in treatment
regimens, enhanced adherence measures, strategies for managing drug resistance, and
efforts to minimize recurrence can significantly speed up progress toward TB
elimination.

Despite the substantial body of literature that predominantly concentrates on
biomedical interventions for TB control, a growing number of studies have begun to
direct attention toward social and economic determinants of the disease.
Compartmental models are increasingly employed in this emerging line of research to
examine how factors such as poverty, undernutrition, income disparities, and social
protection mechanisms shape TB transmission dynamics. By incorporating these
elements as dynamics modifiers of core epidemiological parameters, the models enable
researchers to simulate and quantify the potential epidemiological benefits of targeted
poverty alleviation, nutritional supplementation, financial support, and broader social
welfare policies. This shift is limited in scale, however, underscores the value of
mechanistic approaches in bridging social equity and infection control to achieve more
sustainable reductions in TB burden.

Nutritional interventions have received particular attention as a key social level.
Thus, an age-stratified compartmental model incorporated body mass index strata to
link undernutrition with accelerated disease progression and poorer treatment
outcomes. The model evaluated household-level nutritional support. The results
projected substantial reductions in annual TB incidence and mortality. This highlights
the preventive potential of targeted nutritional care in high-burden settings [135].

Similarly, a deterministic model for the WHO’s South-East Asia region captures
the excess risk which is conferred by undernutrition. The results showed meaningful
declines in TB incidence across the region. It emphasizes undernutrition as a
modifiable upstream determinant of TB [136].
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Broader socioeconomic dynamics, such as income and poverty, have also been
modeled mechanistically. A compartmental model where transmission, recovery and
mortality rates were explicitly functions of income and nutritional status. Simulations
of improvements in these factors demonstrated significant reductions in transmission
and overall disease burden. This underscores the synergic benefits of holistic
socioeconomic enhancements for TB control [137].

In settings marked by social inequality and economic hardship, Rubio et al.
applied a compartmental model to TB in Brazil. The study simulated economic crisis
followed by social protection policies of differing coverage. The results indicated that
strengthened poverty reduction measures could avert tens of thousands of TB cases and
deaths through 2030. This illustrates social protection’s role in buffering economic
shocks and mitigating disease resurgence [138].

Conceptual and review literature further supports this modeling paradigm.
Pedrazzoli et al. reviewed mathematical approaches to social and structural
determinants of TB. The review identified opportunities to expand compartmental
models for simulating poverty reductions and social protection interventions. It also
notes persistent gaps in integration [139]. Boccia et al. advocated for compartmental
models to quantify the epidemiological effects of social protection mechanisms. The
authors argued that such tools are critical to evidence-informed, multisectoral strategies
[140].

Therefore, although the body of literature remains relatively limited, the
reviewed studies collectively demonstrate that compartmental models offer a robust
and dependable framework for assessing socioeconomic interventions in TB. These
models provide clear and interpretable projections of how targeted improvements in
nutritional support, income levels, poverty reduction, and social protection policies can
substantially accelerate progress toward TB control and long-term elimination.

In summary, compartmental models stand out from statistical and time-series
approaches because they do not demand a large volume of historical data. This property
becomes especially valuable when deep retrospective records simply do not exist. At
the same time, these models remain relatively straightforward from a technical
standpoint [141].

The strength of compartmental models lies in being mechanistic rather than
purely statistical. They explicitly represent the underlying epidemiological processes.
Because of the structure, the model parameters carry clear real-world meaning, which
makes it natural to use the model for exploring hypothetical scenarios [142, 143].

Public health interventions can be directly incorporated and their likely impact
simulated. Most classical statistical and time-series models struggle to evaluate such
interventions without introducing strong extra assumptions [144, 145].

Furthermore, the dynamics produced by the model are comparatively easy to
explain to public health officials and policy makers. This interpretability often proves
more persuasive than coefficients coming from complex models [146].

Finally, the framework is highly extensible by nature. Starting from the classic
SIR or SEIR skeleton, it is easy to add compartments and flows that reflect new feature,
as they become relevant, without needing to rebuild the entire modeling approach from
scratch [147-149].
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All these features together explain why compartmental models continue to be
one of the central tools in mathematical epidemiology whenever rapid insight is needed
and detailed long-term datasets are not available.

In conclusion, TB continue to pose a significant public health challenge, and
global progress in controlling the disease was disrupted by the COVID-19 pandemic.
In Kazakhstan, the pre-pandemic decline in TB incidence and prevalence has slowed.
It reflects the broader interruptions in healthcare services and disease monitoring.

Today, the country benefits from high diagnostic coverage, treatment success
rate, and ongoing innovation in TB care. Nevertheless, sustained investments are
needed to reverse the current stagnation and achieve the targets outlined in the End TB
strategy. Globally, despite modest gains in recent years, most regions remain off-track
due to persistent funding shortfalls and social inequalities.

Scaling up social protection interventions is widely recommended to address
these gaps, yet significant challenges remain, such as limited prioritization of social
and financial support [150]. An urgent review of current socioeconomic measures, with
a focus on equity and impact, is essential to accelerate progress and meet the milestones
of the End TB strategy.

Furthermore, the WHO has emphasized the importance of incorporating social
determinants of health into infectious disease response strategies. This need has
become increasingly pressing as the COVID-19 pandemic has intensified existing
health inequalities and disproportionately affected marginalized populations.
Consequently, interest in social determinants has grown within the infectious disease
modeling community.

Considering that TB is widely recognized as a socially determined disease,
relatively few modeling studies have incorporated social determinants into TB
transmission models. One key obstacle to advancing this area of research is the lack of
clear methodological guidance in how such determinants should be systematically
integrated into modeling frameworks. By mechanistically linking social factors to core
epidemiological processes, compartmental models equip policymakers with robust
evidence for integrated approaches that promote both infection control and
socioeconomic equity to accelerate TB burden reduction. The present study seeks to
address this limitation by incorporating social determinants into the modeling
approach, thereby contributing to efforts aimed at bridging this methodological gap.
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2 MATERIALS AND METHODS

2.1 Study design and procedures

The present study adopted a hybrid methodological framework, which integrates
mathematical modeling with correlational analysis. The study design is multistage and
sequential, comprising a series of interrelated analytical phases.

In the first stage, a temporal trend analysis of TB incidence was performed over
the period from 2000 through 2024. It was followed by the assessment of relative
contribution of healthcare and socioeconomic factors to TB incidence dynamics.

In the second step, a compartmental model structured on the SIR framework was
developed and parameterized with demographic and TB-specific epidemiological data.
Furthermore, model validity and predictive performance were evaluated through
systematic comparison of simulated and observed TB incidence.

In the third stage, sensitivity analysis was conducted to quantify the contribution
of variability of socioeconomic factors to the overall uncertainty surrounding the
projected TB incidence estimates.

In the fifth phase, an ensemble of prognostic scenarios was developed, which
was followed by the simulation of the scenarios and assessment of the cumulative
impact of socioeconomic interventions on future TB incidence.

Finally, an inverse optimization procedure was employed to identify the optimal
values of socioeconomic determinants needed to attain the milestones outlined in the
WHO’s End TB strategy for 2030 and 2035. These optimal values serve as illustrative
and target benchmarks to inform policy formulation and decision making.

2.2 Study settings

The study was conducted within the epidemiological and socioeconomic context
of the Republic of Kazakhstan, which is the largest landlocked country in the world.
Kazakhstan spans a vast territory with a relatively low population density of 7
individuals per square kilometer, reflecting its extensive steppe, desert, and
mountainous landscape. As of the estimates of 2024, the country’s total population
stands at around 20.4 million people with a youthful demographic profile: roughly 28%
of the population is aged 0-14 years, 63% is of working age (15-64 years), and about
9% is 65 years or older [151]. Socioeconomically, Kazakhstan is classified as an upper-
middle-income country.

2.3 Data sources and collection

2.3.1 Sources of demographic, socioeconomic, and epidemiological data

The study draws on nationally representative data sources. The settings provide
a realistic backdrop for modeling TB transmission dynamics, calibrating model
parameters to observed data, and projecting future TB trends.

In this research, a comprehensive set of demographic, socioeconomic, and
epidemiological variables was compiled for the time frame 1997-2024. Demographic
and socioeconomic indicators were derived from the Bureau of National Statistics of
the Republic of Kazakhstan [151]. Epidemiological data on TB was obtained from the
National Scientific Center of Phthisiopulmonology of the Republic of Kazakhstan [5].
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The demographic data was presented by net population growth, while
socioeconomic data was presented by Gross Domestic Product (GDP) per capita, which
was expressed in United States dollars (USD), current health expenditure (CHE) as a
percentage of GDP, poverty and unemployment rates (%), the volume of social
assistance provided to TB patients, measured in millions of Kazakhstan tenge (KZT).

2.3.2 Adjustments for COVID-19-related disruptions in TB incidence

A significant interruption in TB surveillance was observed in Kazakhstan and
globally during 2020 and 2021. This was characterized by a marked reduction in
notified TB incidence cases. The observed decrease primarily resulted from the
COVID-19 pandemic, which triggered widespread under detection and under
reporting.

Therefore, consistent with the WHO recommendations, which acknowledge
systematic under detection of TB cases during the initial pandemic years, incidence
estimates for 2020 and 2021 were revised and adjusted upward to more accurately
reflect the underlying disease burden. Thus, according to the recommendations, the
adjusted incidence estimates was calculated by applying the following increase
coefficients to the official reported data: 1.25 in 2020 and 1.10 in 2021 [152].

Adjusted

Incidenceyy, = IncidenceSse™ed x 1.25 (D
: Adjusted :
Inc1dence20£S *? = Incidence9Pserved x 1.10 (2)

No analogous corrections were applied to the data from other years, as national
notification system had largely regained pre-pandemic functionality by 2022. All
subsequent stages of model calibration, parameters estimation, model validation,
scenario-based simulations relied exclusively on this adjusted incidence data. This
approach mitigates potential bias in the analysis of long-term trends and strengthens
the validity of the model’s projections.

2.4 Trend analysis of TB incidence rate

To study the temporal trend of TB incidence rate for the period 2000-2024, a
trend analysis was conducted. Initially, the data was visually assessed using a line plot.
The period was then divided into two subperiods: 2000-2020 and 2021-2024. This
division allowed to test the hypothesis that the rate of decline in TB incidence may
have slowed in recent years.

A linear regression was conducted for each subperiod. To calculate the annual
percentage change, a log-linear model was additionally used. The statistical
significance of trends was determined using p-value of the slope coefficient. To
objectively assess whether the rate of decline changed significantly after 2020, an
extended model was constructed with a dummy variable and an interaction term.

The analysis was conducted in Python 3.12.
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2.5 Evaluation of contribution of healthcare and socioeconomic factors to
TB incidence

The first stage involved descriptive statistical analysis and assessment of
correlations between TB incidence and predictor variables. Furthermore, an inspection
of the correlation matrix was performed to quantitatively assess multicollinearity.

The principal component analysis (PCA) was used to eliminate the influence of
multicollinearity. The use of principal components allowed us to reduce the
dimensionality of the data and avoid distortions in the estimates of the regression
coefficients. A multiple linear regression was then employed to quantitatively assess
the influence of the predictors on the incidence rate of TB.

Partial and semi-partial correlation were obtained to assess the contribution of
factors in more detail. Partial correlations were used to assess the strength of the
relation between TB incidence and each predictor, while holding the other variables
constant. Semi-partial correlations were utilized to determine the unique contribution
of each factor to explaining the variance in TB incidence dynamics. The squared semi-
partial correlations were interpreted. As the proportion of unique variance explained in
TB incidence.

The analysis was conducted in Python, version 3.12.

2.6 Compartmental model of TB transmission

The Susceptible-Infectious-Recovered (SIR) compartmental model for TB
transmission can be fully described and interpreted through the lens of System
Dynamics (SD), which is a methodology that emphasizes stocks and flows, feedback
loops, rates of change, and non-linear interactions to understand complex system
behavior over time [153].

The developed model is a modified SIR structure specifically adapted to describe
the epidemic dynamics of TB in the population of Kazakhstan.

Within this model, the population is divided into three main compartments. The
first compartment includes susceptible individuals (S), who do not have active TB and
lack protective immunity against MTB. The second compartment accumulates
infectious individuals (I), those with active pulmonary TB who can excrete MTB and
transmitting the infection to others. The third compartment include recovered
individuals (R), who have successfully completed treatment and achieved clinical
recovery. The stock-and-flow diagram of the model is presented in Figure 1.
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Figure 1 — Stock-and flow diagram of the SIR model
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The SIR model is deterministic. The deterministic nature facilitates clear
scenario analysis, policy experimentation, as well as making it wellOsuited for strategic
planning and evaluation of TB control interventions.

The model relies on ordinary differential equations solved numerically. It is
formulated as a following system of ordinary differential equations.

dS—AN+ I pS 3
dl _ R+BSI [ — vl 4
TP N M-y (4)
dR—I R 5
il s (5)

Notes:

1 AN — the rate of net population growth
2 p — the rate of TB death

3 B — the transmission coefficient

4 vy — the rate of recovery

5 p — the rate of recurrence

The total population size is maintained through a balanced system of flows,
which ensure that the model remains consistent with real demographic data throughout
the simulation period.

N(t) = S(t) + I(t) + R(t) (6)

At the start of the simulation, the entire population is placed in the S
compartment. It assumes uniform susceptibility and no prior immunity to MTB. The
introduction of one or more infectious individuals initiates transmission, moving newly
infected persons from the S compartment to the I compartment. Following successful
treatment, individuals transition from the I compartment to the R compartment.
However, due to the relapsing nature of TB, recovered individuals remain at risk of
recurrent disease and can return to the I compartment. Furthermore, individuals may
exit the I compartment due to TB-attributable mortality. This outflow removes people
from the I compartment and reflects deaths directly caused by active TB disease.

The model incorporates several distinctive features tailored to the epidemiology
of TB in Kazakhstan. A key modification is the inclusion of recurrence, represented by
the flow from the R compartment to the I compartment, which denotes the rate at which
recovered individuals transition back to the infection state due to reactivation or
reinfection.

It should be emphasized that the parameter of net population growth accounts
for all natural demographic processes. They include births, non-TB-related deaths, as
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well as net migration, but explicitly excludes TB-attributable mortality. In other words,
this parameter captures the overall change in population size that would occur in the
absence of TB-specific deaths.

TB-induced morality is modeled as an outflow exclusively from the I
compartment. Importantly, to maintain strict conservation of the total population and
to align the model’s demographic behavior with the real population accounting
practices, the TB-specific deaths are not simply removed from the system. Instead, they
are mathematically reintroduced as an equivalent inflow into the S compartment. This
adjustment ensures that the sum of individuals across all the compartments remains
consistent with independently observed demographic trajectories reported in official
statistics.

It is also worth noting that the developed model is the utilization of the classical
SIR structure without an explicit latent compartment. This simplification does not fully
capture the prolonged latent period of TB. Contemporary global-scale models typically
incorporate a latent compartment and offer more granular projections. However, within
the epidemiological context of the Republic of Kazakhstan, this simplification is
warranted and substantiated by recent molecular-genetic evidence. Specifically, the
study by Takenov et al., based on the whole-genome sequencing of 272 MTB isolates,
identified that 93% of new TB cases were linked to recent active transmission. The
authors explicitly conclude that in Kazakhstan active community transmission serves
as the primary driver of the TB epidemic [22, p. 6-7].

Furthermore, the SIR model’s emphasis on the transmission parameter,
infectious period reduction, and recurrence mirrors the core mechanisms of
Kazakhstan’s epidemiological situation regarding TB. Notably, the model captures the
observed increase in the recovery rate, which reflects the substantial improvements in
diagnosis and treatment achieved in Kazakhstan between 2006 and 2024. Faster case
detection and more effective treatment regimens have shortened the average infectious
period, thereby reducing the relative contribution of the latent reservoir. It means that
individuals are identified and treated more rapidly, limiting both prolonged
infectiousness and the buildup of intreated latent infectious that could later reactivate.
In such conditions, where recent active transmission overwhelmingly predominates
over reactivation, the omission of an explicit latent compartment does not substantially
distort the model’s projections or key epidemiological insights.

The construction of the SIR model was performed using Python, version 3.12.

2.7 Model parameterization

2.7.1 Initial values for the SIR model compartments

The calculation of the initial values of the SIR model compartments and
demographic changes constitutes a fundamental preparatory step for simulation. These
values define the model’s starting state and ensure population balance throughout the
entire modeling period. In the study, initial values were determined based on the official
demographic and epidemiological data for the baseline year of 1997. It precedes the
main analysis period of 1998-2024, in order to avoid artificial distortion of the
dynamics in the first year of simulation.
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The S compartment represents individuals without active TB who remain at risk
of infection. The initial value was calculated using the balance equation.

$(0) = N(0) —1(0) — R(0) (7)

In subsequent years, the S compartment was updated dynamically during
simulation through infection outflows and demographic inflows.

The 1 compartment includes individuals with active pulmonary TB capable of
transmitting the pathogen. The initial value of the I compartment was taken directly
from official data as the absolute prevalence of active TB cases registered the end of
1997. This figure represents bacteriologically confirmed and clinically active cases. In
the model, the I compartment was updated through inflows from new infections and
recurrences, and outflows due to successful treatment and TB-specific mortality.

The R compartment comprises individuals who have successfully completed
treatment but remain at risk of recurrence. The initial value was set at 0. This
simplifying assumption is justified by the structure of available historical data, which
primarily tracked active cases and did not provide separate, reliable counts of
previously treated individuals. Latent infection and accumulated immunity were not
explicitly modeled. The potential return of recovered individuals to the infectious state
is instead captured through the recurrence flow in subsequent year. This approach is
common in TB modeling literature when focusing on active disease dynamics, as well
as detailed recovery compartment data are unavailable. In later years, the R
compartment accumulates via recovery inflows and decreases via recurrences.

These empirically derived initial states provide a consistent, data-grounded
foundation for model calibration, validation, sensitivity analysis, and all forecast
scenarios, thereby enhancing the reliability and policy relevance of the results in the
context of the epidemiological situation regarding TB in Kazakhstan.

2.7.2 Parameterization of demographic inflow

The demographic inflow represents the annual net population growth and is
added directly to the S compartment to maintain the total population balance. The
values of the net population growth for the historical period 1998-2024 were derived
from official data.

AN; = N¢yq — Ng (8)

For the forecast period 2025-2035, the net population growth was obtained
through linear interpolation of the medium-variant projections from the United Nations
World Population Prospects 2024 [154]. The projections for Kazakhstan’s expected
annual population growth of 1.2%. The inclusion of realistic net population growth
ensures that long-term projections remain demographically plausible and isolates
epidemiological dynamics from confounding population trends.
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2.7.3 Estimation of TB transmission coefficient

The transmission coefficient of TB serves as a pivotal parameter in the SIR
model. It governs the rate at which susceptible individuals transition to the I
compartment upon effective contact with infectious sources. In the current study, the
transmission coefficient was estimated empirically for each year of observation from
1998 through 2024. This approach yielded a time series that accurately captures the
real dynamics of TB transmissibility in Kazakhstan over a 27-year period.

_ Prevalence (HxN(t)
PO = —Toxsm

9

Notes:
1 Prevalence (t) — the absolute number of TB prevalent cases at the end of year

2 N (t) — the total population size in year ¢
3 1 (t) — the absolute number of infectious individuals in year ¢
4 S (t) — the number of susceptible individuals in year ¢

By deriving the transmission coefficient from observed epidemiological data, the
method ensures close alignment with actual disease patterns and enables the
identification of long-term trends in TB transmission intensity. Such an empirically
grounded estimation provides a robust foundation for understanding the evolving
epidemiology of TB in the Kazakhstan context.

2.7.4 Estimation of TB mortality rate

The TB mortality rate serves as a critical parameter in the Sir model. It governs
the rate at which infected individuals exit the I compartment due to TB-induced
mortality. The parameter captures the intrinsic biological lethality of TB combined with
the real effectiveness of case management and therapy within the Kazakhstan
population.

In the present study, the mortality rate was estimated empirically for each year
from 1998 through 2024 based on the official data. The mortality rate is a weighted
average considering the proportions of drug-susceptible and drug-resistant forms of
TB. This approach ensures the closest possible alignment with the actual
epidemiological situation in the country, incorporating both long-term secular trends
and period-specific perturbations.

_ Mortality rate (t)

n( =

(10)

Prevalence(t)

Notes:
1 Mortality rate (t) — the absolute number of TB deaths in year ¢
2 Prevalence (t) — the absolute number of TB prevalent cases at the end of year
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The empirical calculation enabled the model to reflect historical reductions in
TB mortality. By grounding the parameter directly in observed death-to-prevalence
ratios, the model avoids reliance on generic international estimates and instead
incorporates Kazakhstan-specific factors. This data-driven estimation enhances the
model’s fidelity to local reality and strengthening its validity for long-term forecasting,
scenario analysis, and evaluation of control interventions in the Kazakhstan context.

2.7.5 Calibration of recovery and recurrence rates of TB

Although the model includes many parameters estimated from the relevant
datasets, there are still some parameters which cannot be retrieved or easily estimated.
To improve the validity and reliability of the model, it is highly valuable to calibrate
the model to best match historically observed values between 1997 and 2024.

The recovery and recurrence rates were calibrated in the model. They are both
critical parameters in the epidemiology of TB. Each parameter plays a distinct yet
complementary role in capturing the unique dynamics of TB as a chronic, relapsing
infection.

The recovery rate determines the intensity of the transition from the I
compartment to the R compartment. It directly reflects the inverse of the average
duration of the infectious period. In the context of TB, the recovery rate holds
epidemiological significance. Thus, accelerating recovery represents one of the most
effective mechanisms for reducing the infectious reservoir and interrupting further
transmission.

The recurrence parameter, in turn, governs the rate of return from the R
compartment back to the I compartment. It captures the risk of relapse or reinfection
after successful treatment. Since TB is a chronic infection, even individuals who
complete therapy remains at elevated risk of developing active disease. In the model,
the recurrence rate quantifies the annual proportion of recovered individuals who
transition back to active TB, thereby directly influencing the size of the infectious
reservoir.

Calibration of the recovery and recurrence parameters were performed using the
Nelder-Mead simplex algorithm to adjust several parameter values to find the best
observed match to the historic data. The objective function minimized the mean
absolute percentage error (MAPE) between the observed and simulated incidence.
Each calibration is simulated for 1,000 times to optimize a weighted sum of square
about the discrepancies between the historical data and simulated results.

n
1
MAPE = —Z
n

t=1

Incidenceg;y, ¢ — Incidenceypg ¢

x 100% (11)

Incidenceyps ¢

Note — n 1s the number of years in the calibration period.

To account for substantial structural changes in the national TB control system,
calibration was conducted separately for two distinct time periods.
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The first interval is the period from 1998 through 2005. This period
corresponded to the initial establishment and partial rollout of the DOTS strategy in
Kazakhstan, which started nationwide implementation in 1998. During these years,
treatment coverage remained limited, standardized short-course chemotherapy was not
universally applied, and patient adherence was generally low. It resulted in longer
infectious periods and lower overall treatment success.

The second period ranges from 2006 through 2024. This interval reflected the
full-scale expansion and consolidation of the DOTS course across the country. This
was accompanied by a shift toward predominantly outpatient-based treatment,
widespread adoption of molecular diagnostics, introduction of second-line drugs, and
strengthened adherence monitoring. These advancements led to treatment success rates
reaching 90%, and a marked reduction in the average duration of infectiousness.

The division into 2 timeframes is presented in Figure 2.
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Figure 2 — The division into 2 timeframes for calibration

The period-specific calibration approach ensured that the model parameters
reflected the evolving effectiveness of TB control. By optimizing the recovery and
recurrence rates independently for each period, the model captured the historical
transition from fragmented early-phase implementation to a high-performance national
program. Thus, it improves the accuracy of simulated incidence trajectories and
enhancing the reliability of long-term projections under varying control scenarios in
the epidemiological context of Kazakhstan.

The calibration of the SIR model parameters was performed using Python,
version 3.12.

2.8 The predictive accuracy of the SIR model

To evaluate the predictive accuracy and generalizability of the developed model,
a hold-out validation procedure was implemented. The dataset was partitioned into two
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non-overlapping subsets. A training set spans the years from 1998 through 2019. A test
set covers the period from 2020 through 2024.
The division into training and testing datasets is presented in Figure 3.
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Figure 3 — The division into training and testing periods

Model performance was assessed by computing the MAPE between the model
simulated incidence values and the corresponding observed incidence values
exclusively on the test set.

n
1
MAPE = =%
n

t=1

Incidenceg;, ¢ — Incidenceypg ¢

x 100% (12)

Incidencegps ¢

Note — n is the number of years in the testing period.

2.8.1 The transmission coefficient in the SIR model validation

To prevent data leakage in the context of hold-out validation, the transmission
coefficient for the period 2020-2024 was not predicted using a quadratic regression
model fitted exclusively to the empirically estimated values from the training period.
The resulting quadratic function was then employed to extrapolate the parameter
forward in time. In thus generates a conservative projection of future transmission
dynamics.

B(t) = at® + bt +c (13)
Similarly, the recovery rate and recurrence rate were calibrated using only the
training data. Consistent with the structural break identified in the epidemiological time

series, these parameters were estimated separately for the sub-periods 1998-2005 and
2006-2019 within the training set. Once calibrated, the obtained parameter values were
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held fixed, and the model was subsequently run forward in time to simulate TB
dynamics over the entire test period (2020-2024) within any additional parameter
tuning or re-optimization.

This hold-out design ensures an unbiased evaluation of the model’s ability to
extrapolate beyond the calibration window and provides a robust test of its suitability
for long-term forecasting under changing epidemiological and socioeconomic
conditions.

The validation of the developed SIR model was performed using Python, version
3.12.

2.9 Incorporating of socioeconomic factors into the SIR model

For forecasting purpose over the period 2025-2035, the transmission coefficient
was modeled as a function of key socioeconomic determinants through quadratic
polynomial regression. The quadratic polynomial regression was chosen to
accommodate and capture potential nonlinear association between the transmission
coefficient and socioeconomic characteristics. In this framework, the annually
estimated values of the transmission coefficient served as the dependent variable. The
selected socioeconomic variables were incorporated as independent variables.

To address the issue of multicollinearity among the socioeconomic predictors,
which could otherwise compromise model stability and interpretability. All candidate
variables retained after preliminary screening underwent PCA. An oblique rotation
method was applied to allow for correlated components. It yields a more realistic and
interpretable representation of the underlying data structure. Prior to the components
extraction, the suitability of the data for the PCA was assessed using the Kaiser-Meyer-
Olkin (KMO) measure of sampling adequacy and Barlett’s test of sphericity. The
number of components to retain was determined by a combination of criteria. They
include inspection of the scree plot employing the elbow criterion, and adherence to
Kaiser’s rule retaining. Components with eigenvalues greater than 1.

The resulting principal components, which effectively summarized the shared
variance among the original socioeconomic determinants while mitigating
multicollinearity, were then used as predictors in the quadratic polynomial regression
model to estimate the transmission coefficient. This approach enabled the derivation of
a robust predictive equation that links key socioeconomic factors to TB transmission
coefficient, without the instability introduced by high correlations among the raw
predictors.

The final model specification was selected based on comprehensive evaluation
metrics, including adjusted coefficient of determination for explanatory power, residual
diagnostics, and predictive accuracy indicators such as mean absolute error (MAE) and
MAPE.

The validated regression equation was subsequently applied to projected future
values of the socioeconomic factors to generate forecasted values of the transmission
coefficient across the period 2025-2035.

The statistical analysis of the data was performed using Python, version 3.12.
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2.10 Sensitivity analysis

To evaluate both the independent effect and the interaction influences of the
socioeconomic predictors on the uncertainty surrounding projected TB incidence, a
global sensitivity analysis was conducted. Each predictor was systematically perturbed
within a 10% interval centered on the baseline value of 2024. This range was selected
to reflect standard, realistic variation of the socioeconomic parameters. A total of 1,000
parameter combinations were generated using Latin Hypercube Sampling, as well as
Monte Carlo technique that ensures efficient, near-uniform coverage of the input space
dined by the predictors while minimizing correlation among sampled points.

For each of the 1,000 sampled configurations, the model was executed to
produce corresponding incidence projections for a target year or cumulative outcome
over the forecast horizon. From the resulting distribution of 1,000 incidence values,
Sobol’s sensitivity indices were calculated to quantify the relative importance of each
predictor.

The First-order index represents the proportion of the total variance in the
incidence of TB that is attributable solely to the variation of a socioeconomic predictor
when considered in isolation, excluding any interaction with other predictors.

While the total-order index captures the full proportion of the predictor to the
incidence of TB variance, including both its main independent effect and all higher-
order interactions involving that predictor with anu combination of the remaining
predictors.

The computation of the Sobol’s indices this provides a robust decomposition of
forecast uncertainty, enabling identification of the most influential drivers of the
variability of the TB incidence and highlighting the extent to which predictor effects
are mediated through interactions rather than acting additively.

The sensitivity analysis of the model parameters was performed using Python,
version 3.12.

2.11 Development and description of simulation scenarios

In the present study, the development of forecast scenarios is treated as an
essential methodological requirement, ensuring that the calibrated modified SIR model
serves not only as a tool for reproducing past dynamics but also as a robust framework
for informing long-tern TB control strategies in Kazakhstan. To determine the potential
long-term effects of targeted socioeconomic interventions on lowering TB incidence,
a scenario-based analysis was performed using the established SIR model.

2.11.1 Baseline scenario

The baseline scenario served as the reference path. It represents the continuation
of current trends without additional interventions or policy accelerations.

The baseline scenario assumes no changes to any of the socioeconomic
predictors, resulting in the transmission coefficient fixed at its 2024 value. The other
parameters of the SIR model were also fixed at their levels of 2024.

The baseline scenario provides a benchmark against which the incremental effect
of each alternative scenario could be measured.
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2.11.2 Alternative scenarios

The alternative scenarios were constructed with a strong emphasis on practical
applicability and alignment with the realistic possibilities of socioeconomic policy in
the Republic of Kazakhstan. All assumed rate of change for the socioeconomic factors
is firmly grounded in official and historical data. It enables the scenarios to be regarded
as achievable and credible under conditions of continuation or moderate acceleration
of existing development trends (Table 1).

Table 1 - Description of simulation scenarios for TB incidence

Scenario Key assumption Source
Baseline scenario No changes to S0cloeconomic Assumed
predictors

: ; o :
Scenarlq 1. Sustained Annual 3% increase in GDP per Data [156]
economic growth capita

: 0 .
Scengrlp 2. Poverty Annual 0.1% reduction in Data [156]
alleviation poverty rate

: . .
Scengrlp 3. Unemployment Annual 0.1% reduction in Data [156]
alleviation unemployment rate
Scenario 4'. Enhanced Annual 0.1% increase in CHE Historical trend
healthcare investment
Scenario 5. Improved social Annual 5% increase in social Historical trend
support for TB patients assistance for TB patients

Scenario 1, which constitutes 3% annual growth in per-capita GDP, is based on
the official forecast issued by the Ministry of National Economy of the Republic of
Kazakhstan. According to the forecast, real GDP growth is projected at 4-5% per
annum in 2025-2029, while per-capita GDP growth is expected to range between 3.0%
and 3.8% annually [156]. The value of 3% was deliberately selected as the lower bound
of the official forecast range. It ensures that the scenario remains plausible even under
adverse external conditions.

Scenario 2, which is a 0.1% annual reduction in the poverty rate, corresponds
closely to the actual trends observed in Kazakhstan in recent years and to the
projections of the Ministry of National Economy of the Republic of Kazakhstan [156].
The official forecast shows an average annual decrease of 0.1% in poverty rate. The
chosen rate of 0.1% per year represents a realistic trajectory.

Scenario 3, which is a 0.1% annual reduction in the unemployment rate, is
likewise anchored in the official projections from the Ministry of National Economy
of the Republic of Kazakhstan [156]. The official forecast shows an average annual
decrease of 0.1% in unemployment rate. The chosen rate of 0.1% per year represents a
realistic trajectory.

Scenario 4, which presents a 0.1% annual increase in current health expenditure
as a share of GDP, is informed by historical trends. Recent years have shown a gradual
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upward trend in budgetary allocations for healthcare. The rate of 0.1% per year was
chosen as a moderate and sustainable increment, consistent with past dynamics and the
potential for further prioritization of healthcare funding in the national budget.

Scenario 5, which reflects 5% annual growth in social support to TB patients, is
derived from the analysis of historical trends of the indicator. Over the period 2015-
2024, the volume of the social assistance to TB patients increased at an average annual
rate of 4.5-6.5% [5]. The value of 5% was selected as a balanced, realistic estimate,
achievable under continuation of current trends, including payments during treatment
and compensation for lost earnings.

All the scenarios are designed so that changes in the predictors follow linear or
exponential trajectories over time and remain firmly within historically observed and
officially projected ranges. This ensures their practical relevance for strategic planning
and positions the results as actionable benchmarks for national TB control programs
and broader socioeconomic development strategies in Kazakhstan.

2.11.3 Comparison with the baseline scenario

To quantitatively assess the contribution of each socioeconomic factor to the
reduction in TB incidence, the results of the alternative scenarios were compared
against the baseline scenario. All comparative analyses were calculated with respect to
this no-change reference path. This approach enables clear quantification of the
incremental epidemiological benefit attributable to specific improvements in
socioeconomic conditions, thereby providing a structured framework for assessing the
sensitivity of future TB burden to realistic policy levers in Kazakhstan.

The relative effect of each scenario was evaluated through the percentage change
in incidence relative to the baseline scenario.

AY InCldencescenario,t - InCldencebaseline.t
0t —

X 1009 14
Incidencep,geline t 4 (14)

Note — t is the forecast year

Negative values of the percentage change indicate and additional reduction in
TB incidence compared to the baseline. It implies a positive effect of the scenario.
Positive values signify a worsening of the situation meaning a negative effect. The
metric was computed annually across the entire forecast horizon, enabling the tracking
of the temporal dynamics of each scenario’s impact.

In addition to year-by-year absolute incidence values, cumulative relative
changes were calculated at key milestones of 2030 and 2035 to quantify the long-term
contribution of each scenario to TB burden reduction.

This comparative framework provides a clear, standardized measure of the
marginal benefit attributable to improvements in individual predictors, after accounting
for the baseline epidemiological trends. By expressing outcomes as percentage
deviations from the baseline reference, the analysis isolates the incremental
epidemiological returns associated with realistic policy adjustments in socioeconomic
domains, thereby offering actionable insights for prioritization of interventions within
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the constraints of Kazakhstan’s national TB control strategy and socioeconomic
development plans.

The 95% confidence intervals (CI) for all main outputs were calculated via
Monte Carlo simulation. The projection of future incidence of TB under the prognostic
scenarios as well as the quantitative assessment of socioeconomic factors’ contribution
were performed using Python, version 3.12.

2.12 Optimization of socioeconomic parameters

To determine the minimum improvements in the socioeconomic predictors
necessary to achieve the WHO’s End TB strategy targets of reduction in TB incidence
by 2030 and 2035, an inverse optimization framework was implemented.

The optimization process sought to identify the smallest feasible changes in the
socioeconomic variables that would enable the calibrated compartmental model to
reproduce these incidence reduction milestones. The Nelder-Mead simplex method
was employed for this purpose. Initial parameter guesses were deliberately positioned
close to the empirically observed 2024 baseline values to ensure rapid convergence and
to anchor the search within a realistic region of the predictor space.

t ) 2
fx) = z (Inadencesimulated,t(X) — Targett> (15)

Target
t=2025 8Lt

The objective function was formulated to minimize a minimize the deviations
from the target incidence trajectories while simultaneously discouraging excessively
large deviations from the 2024 baseline values for each socioeconomic predictor. This
formulation effectively identifies the most parsimonious set of socioeconomic
improvements required to meet the End TB benchmarks under the dynamics of the
calibrated transmission model.

The resulting optimal values of the socioeconomic predictors represent the
threshold levels of socioeconomic progress deemed necessary and sufficient to place
Kazakhstan on track to eliminate TB. These optimized trajectories provide actionable
benchmarks for policymakers, highlighting the scale and direction of socioeconomic
interventions required to complement existing TB control efforts.

The optimization procedure was performed using Python, version 3.12.

2.13 Ethical consideration

The Bioethics Committee of Karaganda Medical University review the study and
granted ethical approval through Protocol Nel8 dated on 12.04.2021. The ethical
approval process involves the review of the study design, potential risks and benefits,
confidentiality of data, and the overall ethical implications of the study. Ethnical
approval ensures that the study is conducted in an ethical and responsible manner.
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3 COMPARTMENTAL MODEL OF TUBERCULOSIS TRANSMISSION IN

KAZAKHSTAN

3.1 Trends and determinants of TB incidence in Kazakhstan
3.1.1 Trend analysis of TB incidence in Kazakhstan in the period of 2000-2024
The incidence rate of TB in Kazakhstan from 2000 through 2024 is presented in

Figure 4.
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Figure 4 — The incidence rate of TB in Kazakhstan from 2000 through 2024

As can be seen from the long-term dynamics of TB incidence, the overall picture
for the period of 2000-2024 shows a significant decline in TB incidence. However, the

rate of this decline varies significantly between periods.
The results of the trend analysis are presented in Table 2.

Table 2 — Trend analysis of TB incidence

Annual
Period B p-values percentage R-squared
change
2000-2020 -5.91 <0.001 -6.85 0.978
2021-2024 -0.85 0.312 -2.38 0.412

The results showed a steady and rapid decline in TB incidence between 2000
and 2020. Each year, the rate decreased by an average of approximately 5.91 cases per
100,000 population (B=-5.91, p < 0.001). The annual percentage change was 6.85%

per year. The model explains the variability of TB incidence well (R?= 0.978).

However, between 2021 and 2024, the situation changed dramatically. The
decline almost stopped. The rate of decline was only 0.85 cases per 100,000 and this
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change was not statistically significant (B=-0.85, p = 0.312). Furthermore, the annual
percentage change slowed to 2.38% per year.

In addition, a structural break test confirmed that the change in the rate of decline
after 2020 is statistically significant (p < 0.05). This means that the slowdown in the
trend cannot be explained by random fluctuations.

The results show that the long period of steady decline in TB incidence, which
lasted for over 20 years, has noticeably lost momentum in the last four years. While it
was previously recorded that an annual decline was roughly 7%, but after 2020, the
decline became minimal and statistically insignificant.

3.1.2 Contribution of healthcare and socioeconomic factors to TB incidence
dynamics

The temporal dynamics in the BCG vaccination coverage in Kazakhstan from
2000 to 2024 is presented in Figure 5.
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Figure 5 — BCG vaccination coverage in Kazakhstan from 2000 through 2024
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BCG vaccination rates have stayed high throughout the period from 2000
through 2024. They alternated between 92% and 99%. Also, in most years, the rate
stayed above 95%. Both rates showed high levels over the 20 years which indicates the
BCG immunization program performed well in the country.

The changing patterns of TB case detection in Kazakhstan from 2010 through
2024 are shown in Figure 6. Between. 2000 and 2019, the TB case detection rate was
very high and stable, maintaining at 99% consistently. This means all estimated TB
cases were found and treated during this period. But in 2020, there was a sharp fall to
around 80%. This large drop shows the negative effects of the COVID-19 pandemic
on TB services. From 2021 onward, a steady recovery took place. By 2024, the rate got
back to 99%. Though there was a big drop in 2020. Kazakhstan’s TB control program
showed strong resilience. TB case detection was back to its pre-pandemic high levels
by 2024.
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Figure 6 — TB case detection rate in Kazakhstan from 2000 through 2024

The study analyzed the influence of healthcare system and socioeconomic
determinants on the incidence of TB using multiple linear regression and partial and
semi-partial correlation analysis.

To overcome the problem of multicollinearity caused by the high
interrelationship o socioeconomic factors, the PCA was applied (Table A.1). This
resulted in formation of two integral principal components (Table A.3). The first
principal component reflects the combined influence of social protection, while the
second represents the joint impact of financial protection (Table A.2).

The results of the multiple linear regression, where the outcome variable was TB
incidence and the predictors were healthcare indicators, together with the principal
components obtained from the PCA, are summarized in Table 3.

Table 3 — Multiple linear regression predicting TB incidence

Variable B Standard error t p-value
Intercept -288.85 114.31 -2.53 0.024
BCG vaccine 2.84 115 248 0.027
coverage
TB case 1.16 0.53 221 0.045
detection rate
Social 47.09 7.57 6.22 <0.001
protectlon
Financial 8.40 3.02 278 0.015
protection

To test the adequacy of the constructed regression model, an analysis of variance
was conducted. The results showed that the overall model was statistically significant
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(F=45.49, p < 0.001), indicating a significant impact of the combined factors on TB
incidence.

The coefficient of determination (R? = 0.929) indicated the model’s high
explanatory power approximately 92.9% of the variation in TB incidence is explained
by the included predictors.

The results of the partial and semi-partial correlation analysis are presented in
Table 4. The strongest correlation with TB incidence rate was observed for the principal
components. As for the component of social protection, the partial correlation value
was 0.857, while for the component of financial protection, the partial correlation
coefficient was -0.796. These coefficients indicate a strong direct and inverse
relationship, respectively. Meanwhile, the healthcare factors were characterized by a
weak correlation for vaccination coverage, the partial correlation was 0.352, and for
the TB case detection rate, it was 0.308.

Table 4 — Partial and semi-partial correlation with TB incidence

Predictor Partial correlation Semi-partial correlation
BCG vaccination 0.352 0.177
coverage
TB case detection rate 0.308 0.157
Social protection 0.857 0.444
Financial protection -0.796 -0.398

More informative in assessing the contribution of the factors is the analysis of
semi-partial correlations. They allow us to determine the unique contribution of each
predictor to explaining the variation of outcome variable. It was found that the social
protection component explains 19.7% of the unique variance of the TB incidence,
while the financial protection explains 15.8%. Thus, the total contribution of
socioeconomic factors, presented by the principal components, is 35.5%

The contribution of medical factors is significantly smaller. For the BCG
vaccination rate, it is 3.1%, and for the TB case detection rate, it was 2.5%, which in
total equals 5.6%. The obtained results indicate that the influence of healthcare system
on the variation in TB incidence is limited compared to the socioeconomic
determinants.

Overall, the findings suggest the dominant role of socioeconomic factors in
shaping the dynamics of TB incidence. Integrated principal components reflecting the
level of socioeconomic development have a significantly greater impact on TB
incidence than healthcare factors, confirming the socially determined nature of TB.
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3.2 Model parameters estimation and calibration

3.2.1 Initialization of the SIR model’s compartment

The initial values of the SIR model compartments were established as of the end
of 1997 immediately preceding the primary observation period of 1998-2024. This
choice ensured an appropriate starting state for the model and maintained demographic
consistency in the total population balance throughout the entire simulation horizon.

The S compartment was initialized with 15,283,280 individuals. The I
compartment was set to 51,125 individuals, corresponding to the absolute TB
prevalence at the end of 1997. The R compartment was assigned a value of 0
individuals, following a simplifying assumption consistent with the structure of the
available data (Table 5).

Table 5 — Initial values of the SIR model’s compartments

Initial state Description Value Source
Initial number of
S (0) susceptible 15,283,280 Calculated
individuals
Initial number of
I (0) infectious 51,125 Data [5]
individuals
Initial number of
R (0) recovered 0 Assumed
individuals

3.2.2 Identification of demographic inflow

The historical annual net growth exhibited considerable variation, reflecting
Kazakhstan’s demographic trajectory. Spcifically, negative values in the late 1990s and
early 2000s transitioned to sustained growth in subsequent decades by 2024.

In the projection period of 2025-2035, the expected annual net increase stabilizes
at 0.26 million individuals per year [154].

This empirically grounded initialization and demographic inflow mechanism
ensure that the model reproduces realistic population dynamics. Furthermore, the
approach enhances the validity of both historical calibration and forward-looking
scenario projections in the context of Kazakhstan.

3.2.3 Estimation of the transmission coefficient of the SIR model

The transmission coefficient exhibits a consistent nonlinear upward trend from
0.310 in 1998 to 0.749 in 2024. This long-term increase reflects the actual dynamics of
TB transmissibility in Kazakhstan, driven by a combination of structural and
epidemiological factors.

The resulting values of the transmission coefficient served as the foundation
input for the subsequent stages. By anchoring the transmission parameter to historical
observations, the approach achieved high fidelity in reproducing past incidence and
prevalence trajectories while enabling realistic simulation of how future changes in
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socioeconomic predictors could modify transmissibility and TB burden over the 2025-
2035 horizon. This empirical grounding of the transmission coefficient enhances the
model’s credibility for policy-relevant forecasting and underscores the critical
interplay between diagnostic advancements, social determinants, and epidemiological
outcomes in shaping long-term TB control in Kazakhstan.

The temporal trend in the estimated transmission coefficient is presented in
Figure 7.
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Figure 7 — Temporal trend in the estimated transmission coefficient

The observed increase in the empirically estimated transmission coefficient may
at first appear to contradict the expected decline in transmissibility associated with
improved TB control. This apparent rise is an artifact of the estimation methodology
amid substantial advances in Kazakhstan’s national TB program. Enhanced case
detection, diagnostic and treatment improvements, together with a shortened infectious
period has caused prevalence to fall more rapidly than TB incidence. The recovery rate
increased from 1.39 to 2.8, reducing the average infectious deration from 8.6 to 4.3
months. Consequently, the apparent transmission coefficient increases even if the true
per-contact transmission probability remains stable or decrease [157].

To ensure the model still accurately reproduces observed incidence trends fitting
procedures often require a compensatory upward adjustment of the transmission
coefficient. This does not reflect a true rise in biological transmissibility but rather a
mathematical artifact. The model compensates for the reduced opportunity for
transmission per infectious case by elevating the per-contact transmission probability.

Therefore, confirming the success of control efforts in rapidly identifying and
treating cases, which in turn diminishes reliance on the latent reservoir for sustaining
the epidemic.

3.2.4 Estimation of the TB-induced mortality rate of the SIR model
The mortality rate is a key parameter of the SIR model. It determines the rate at
which individual with active TB leave the I compartment due to death from the disease.
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Empirical estimation of the parameter was based on the ratio of combined TB deaths
of drug-susceptible and drug-resistant TB to prevalence rate.

The value of 0.0228 across the entire forecasting period was adopted in the
model as a realistic estimate. This value reflects the current epidemiological situation
in Kazakhstan. These calculation results confirm the model’s adequacy and its ability
to account for the real TB mortality under conditions of evolving treatment
effectiveness.

3.2.5 Calibration results of recovery and recurrence parameters

The calibration of the recovery rate and recurrence probability revealed a clear
division of the model’s dynamics into two distinct periods. It mirrors the real
advancements in Kazakhstan’s national TB control program.

During the period 1998-2005, the calibrated recovery parameter was estimated
at 1.39, which corresponding to an average infectious period of 8.6 months. For the
same period, the recurrence parameter was determined to be 0.35.

These values accurately reflect the epidemiological conditions of that period,
which was characterized by limited coverage of the DOTS strategy during its initial
implementation phase, incomplete patient adherence to treatment, sand relatively high
proportion of chronic and relapsing forms of TB. Therefore, the longer infectious
duration and elevated recurrence risk contributed to sustained transmission pressure
and slower epidemiological progress during the transitional stage.

In the subsequent period of 2006-2024, the calibrated parameters shower marked
improvement. The recovery rate increased to 2.8. This means that the average
infectious period reduced to 4.3 months. The recurrence probability decreased to 0.105.

The significant rise in the recovery parameter and more than threefold reduction
in the recurrence parameter provide quantitative confirmation of the effectiveness of
major programmatic reforms implemented during this period.

Model fitting to the observed TB incidence is presented in Figure 8.
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Figure 8 — Model fitting to the observed TB incidence
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The substantially lower MAPE of 2.9% in the earlier period (1998-2005)
indicates excellent model fit. The higher MAPE 0f9.8% in the later period (2006-2024)
reflects greater year-to-year variability in the data, particularly during the COVID-19
pandemic years. The overall MAPE, weighted across the entire historical period from
1998 through 2024, amounted to 7.6%. This value indicates a high degree of adequacy
in the model’s performance and confirms its capacity to reproduce the observed
epidemiological dynamics of TB in Kazakhstan.

In the forecast scenarios for the period of 2025-2035, the calibrated parameters
served as fixed epidemiological constants. It allows the analysis to isolate the marginal
impact of socioeconomic improvements on the transmission coefficient and resulting
incidence trajectories.

The calibrated parameters for the recovery and recurrence rates were applied
consistently across all the subsequent stage of the model analysis. This uniform use of
the period-specific values ensured internal consistency, enhanced the model’s ability
to reproduce historical patterns with high fidelity, and provided a robust foundation for
projecting future TB dynamics under varying socioeconomic conditions. The period-
specific calibration also offered direct, measurable evidence of the epidemiological
benefit derived from sustained investments in TB control infrastructure, diagnostic
capacity, and treatment quality.

3.3 Predictive accuracy of the SIR model

3.3.1 Projection of the transmission coefficient for the test period

The transmission coefficient for the test period was forecasted using a
polynomial quadratic regression fitted exclusively on the training period to prevent
data leakage and ensure unbiased out-of-sample evaluation.

B(t) = 0.0002t2 + 0.0091t + 0.3675 (16)

The comparison of the forecasted and empirically calculated values of the
transmission coefficient values for the test period is presented in Table 6. The findings
show that, in 2020 and 2021, the model significantly underestimated the transmission
coefficient. It resulted in large relative errors of 23.6% and 21.5%. These substantial
discrepancies are attributable to the severe impact of the COVID-19 pandemic on TB
control.

From 2022 onward, the agreement improved markedly. The forecasted
transmission coefficient values aligned closely with the real values, with relative errors
dropping to 5.7% in 2022, and further to 2.2% and 2.4% in 2023 and 2024, respectively.
Overall, the results demonstrate the model’s robustness for capturing transmission
trends under normal conditions. At the same time, it highlights its limitations during
major external shocks like the COVID-19, followed by rapid recovery to high accuracy
in the post-pandemic years.

Forecasting the transmission coefficient demonstrated satisfactory overall
accuracy on the test period, with an average MAPE of 11.1% across the period 2020-
2024.
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Table 6 — Comparison of forecasted and observed values of the transmission coefficient

Absolute
Year Forecasted 3 Observed B percentage error
(%0)
2020 0.659 0.863 23.6
2021 0.676 0.861 21.5
2022 0.694 0.736 5.7
2023 0.712 0.728 2.2
2024 0.731 0.749 2.4

The quality of the quadratic regression model’s fit on the training set is
characterized by several key goodness-of-fit metrics. The sum of square residuals is
0.167. It reflects a relatively low level of unexplained variance in the data. This value
suggests that the model explains the most of systematic variation in the transmission
coefficient over the 22-year training period. The MAE is 0.066, meaning that, on
average, the model’s predicted values of the transmission coefficient deviate from the
empirically estimated values by 0.066 units. This absolute error is considered small in
the context of the overall range and scale of the transmission coefficient. The MAPE
stands at 12.5%, which represents a reasonably good relative accuracy for modeling a
non-linear, gradually accelerating trend with some year-to-year fluctuations.

Overall, these metrics confirm that the quadratic function provides a solid and
interpretable approximation of the long-term upward trend in TB transmission during
the training period. The fit is sufficiently accurate to justify its use for extrapolation
into the test period.

3.3.2 Evaluation of the predictive performance of the SIR model

The predictive performance of the model was evaluated by comparing the
simulated incidence values against the observed TB incidence data. This was
conducted exclusively on the testing set (2020-2024).

The comparison of the model-predicted and observed TB incidence cases is
presented in Table 7.

Table 7 — Comparison of simulated and observed TB incidence cases with MAPE

Year _ Qbserved _ S_imulated MAPE (%)
incidence cases incidence cases

2020 8,370 8,150 2.6

2021 7,500 7,720 2.9

2022 7,167 7,350 2.6

2023 6,905 6,980 1.1

2024 6,733 6,650 1.2
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The SIR model demonstrates outstanding predictive performance, with the
MAPE values ranging from 1.1% to 2.9% across the years. The errors show no
systematic bias confirming balanced, unbiased forecasts. The particularly low errors in
2023 and 2024 suggest that the model captures post-pandemic recovery trends very
accurately. Overall, these results provide strong validation of the model’s ability to
generate to unseen years, making it reliable for forecasting of TB dynamics.

Error metric confirms strong model performance during the test period. The
MAPE averaged 2.1% across 2020-2024. This low MAPE value indicates excellent
agreement between the model’s simulated outputs and the observed TB incidence data.
It demonstrates high predictive accuracy and reliability of the adapted compartmental
SIR model for capturing long-term TB trends in Kazakhstan.

3.4 Relationship between the transmission coefficient of TB and
socioeconomic factors

The correlation matrix presents Spearman’s correlation coefficients for the
transmission coefficient and socioeconomic determinants (Table B.1).

The transmission coefficient shows a very strong negative correlation with per-
capita GDP (r =-0.838). This indication that higher economic wealth per person is very
strong linked to a lower TB transmission coefficient in this dataset. The transmission
coefficient also has a strong negative correlation with CHE (r = -0.955). It suggests
that settings with higher health spending as a share of GDP tend to have lower TB
transmission intensity. The transmission coefficient exhibits a strong negative
correlation with poverty rate (r = -0.929) and a strong negative relation with
unemployment rate (r = -0.970). Additionally, there is a strong negative correlation
with the volume of social support (r = -0.991). It implies that greater social assistance
for TB patients is associated with lower transmission rates.

Regarding the relation between the socioeconomic characteristic, per-capita
GDP displays very strong positive correlations with social support (r=0.960) and CHE
(r = 0.991). In contrast, it has very strong negative correlations with poverty (r = -
0.957) and unemployment (r = -0.960) rates.

CHE shows strong negative correlation with poverty rate (r = -0.912) and
unemployment rate (r = -0.934), but a strong positive correlation with social support (r
= (0.945). This pattern suggests that higher CHE co-occurs with stronger social support
mechanisms and lower levels of poverty and unemployment.

The poverty and unemployment rates demonstrate an extremely tight positive
correlation with each other (r = 0.978). It forms a core cluster of socioeconomic
disadvantage indicators. Both variables have strong negative associations with social
support to TB patients (r = -0.813 and r = -0.855, respectively).

In summary, the TB transmission coefficient aligns inversely with the
socioeconomic variables. This pattern is consistent with global and regional TB
epidemiology, where higher-income settings typically achieve better case detection,
treatment success, and control measures that reduce effective transmission, while also
enabling more social support programs and higher CHE due to greater healthcare
investments. In contrast, poorer settings often face under-detection and higher
transmission burdens.
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The results of the multiple linear regression analysis that investigated
multivariate associations of the TB transmission coefficient with socioeconomic
determinants (Table B.2). The results show that the coefficient of determination was
0.998. This implies that the model explains 99.8% of the variance of the transmission
coefficient. The result for the Durbin-Watson test was 1.493, implying that the model
did not show residuals autocorrelation. Regarding multicollinearity aspects, the
tolerance statistics and VIFs of all variables were less than 0.1 and greater than 10. This
implies that the model showed multicollinearity of the predictors.

PCA was performed to reduce multicollinearity among the socioeconomic
factors, which are used to approximate the transmission coefficient. Two principal
components were extracted with eigenvalues above 1 (Table 8). The KMO measure
verified the sampling adequacy for the PCA (KMO = 0.682). Barlet’s test of sphericity
indicated that correlation between items were sufficiently large for the PCA (%2 (10) =
128.5, p < 0.001). Two principal components have eigenvalues over Kaiser’s criterion
1 and in combination explained 89.2% of the variance.

Table 8 — Eigenvalues and proportion of variance explained by principal components

o . Cumulative
Principal . Variance :
component Eigenvalues explained (%6) variance

explained (%)

PC1 3.125 62.5 62.5

PC2 1.335 26.7 89.2

PC3 0.312 6.2 95.4

PC4 0.152 3.0 98.4

PC5 0.076 1.5 100.0

Principal component 1 (PC 1) is interpreted as an integral factor representing
economic and social stability with high loadings from per-capita GDP, poverty and
unemployment rates. PC 2 is interpreted as an integral factor capturing financial and
social assistance with high loadings from CHE and social support to TB patients. The
factor loadings after rotation indicate how the original predictors relate to each
component (Table 9). Loading greater than 0.7 are considered significant for

interpretation.

Table 9 — Factor loadings of the principal components after rotation

50

Predictor PC1 PC2 Communality | Uniqueness
1 2 3 4 5
Per-capita
GDP 0.92 0.12 0.85 0.15
CHE 0.15 0.89 0.81 0.19
Poverty rate -0.88 0.10 0.78 0.22




Continuation of Table 9

1 2 3 4 5
Unemployment -0.85 0.14 0.74 0.26
rate
Volume of 0.18 0.85 0.76 0.24
social support

The communalities for the original predictors range from 0.74 to 0.85. This
means that the two retained components collectively account for a substantial share of
the variance in each variable between 74% and 85%. This strong explanatory coverage
underscores the suitability of extracting two components, which together capture
89.2% of the overall data variance and demonstrate that the PCA solution is highly
effective.

Furthermore, the uniqueness values are relatively low, falling between 0.15 and
0.26, which indicates that only a small proportion of each variable’s variance remains
unexplained by the model. Such low uniqueness is a characteristic of datasets
exhibiting strong inter-correlations among the predictors, where most of the
information is successfully condensed into the PCs.

The results of the quadratic multiple regression model investigated multivariate
associations of the transmission coefficient with the two retained PC as predictors
(Table 10).

Table 10 — Quadratic multiple regression for the transmission coefficient regressed on
the PC1 and PC2

Coefficient Value Standard error t p-value
Intercept 0.699 0.012 58.27 <0.001
PC1 0.003 0.001 2.74 0.011
PC2 0.110 0.009 12.22 < 0.001
PC1? -0.029 0.005 -5.72 <0.001
PC1*PC2 -0.014 0.003 -4.57 <0.001
PC22 0.004 0.001 3.97 0.001

The results show that the coefficient of determination was 0.931. It implies that
the model explained 93.1% of the variance of the transmission coefficient. With respect
to collinearity aspects, the tolerance statistics and VIFs of all variables were greater
than 0.1 and less than 10. This implies that the model did not show collinearity of the
predictors.

The intercept of the quadratic regression model, estimated at 0.699, represents
the baseline value of the TB transmission coefficient when both PC 1 and PC 2 are at
their standardized mean of zero. This highly significant constant indicates a substantial
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average level of transmission. It also serves as the reference point from which the
effects of the predictors are measured.

The linear coefficient for PC 1 is positive but modest at 0.003. This result
suggests that, holding all other terms constant, settings, which are characterized by
higher per-capita GDP, lower poverty, and lower unemployment, exhibit slightly
elevated transmission coefficient. In contrast, the linear effect of PC 2 is markedly
stronger and highly significant at 0.110. Higher scores on PC 2, reflecting greater CHE
and considerable financial and social assistance for TB patients are robustly linked to
substantially higher transmission coefficient.

The inclusion of quadratic terms reveals important non-linear patterns. The
negative quadratic coefficient for PC 1 (PC1? = -0.029) indicates an inverted
relationship between the transmission coefficient and economic and social stability.
The transmission coefficient rises with initial improvements in social and economic
condition but eventually declines at very high levels of PC 1.

A significant negative interaction term (PC 1*PC 2 = -0.014) further
demonstrates that the influence of CHE and social support on the TB transmission
coefficient is moderated by the level of economic development. In less prosperous
settings, increases in PC 2 have a larger positive association with the transmission
coefficient. In wealthier settings, however, additional CHE and social patient support
produce a smaller effect on the transmission coefficient.

The positive quadratic term for PC 2 points to a convex relationship between
CHE and the transmission coefficient. TB transmission tends to be higher at both very
low and very high levels of PC 2, with potential minimum occurring at intermediate
levels. Together, these non-linear and interactive effects highlight the complex,
context-dependent ways in which socioeconomic factors shape TB transmission
dynamics.

The apparent counterintuitive increase in the transmission rate parameter in TB
model, despite improved control measures, is a well- recognized phenomenon in
epidemiological modeling. When diagnostic and treatment improvements substantially
shorten the average infectious period [157]. A parallel mechanism underlies the
positive association between PC 2 and the transmission coefficient. As periods of
heightened CHE typically coincide with stronger control measures and shorter
infectious periods, thereby elevating the apparent transmission coefficient. Moreover,
the nonlinear and interaction effects captured I the quadratic regression, evidenced by
the negative PC12 and PC1*PC2 terms, point to a threshold dynamic. Once a high level
of' socioeconomic development is attained, the apparent transmission coefficient begins
to decline, consistent with patterns observed in low-burden countries. Overall, the
dynamics of the transmission coefficient in the model do not signal a deteriorating
epidemiological situation but rather reflect the success of the national program in
reducing the duration of infectiousness and improving case detection, while projections
based on the quadratic dependence of the transmission coefficient on the
socioeconomic factors indicate that continue progress in the economic and social
stability will lead to stabilization or a decline in the transmission coefficient, ultimately
accelerating the reduction in TB incidence.
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Finally, the key performance metrics for the quadratic regression model
predicting the TB transmission coefficient using PC 1 and PC 2 show that prediction
errors are low, with the MAE of 0.043, RMSE of 0.052, and MAPE of 6.97%. This
indicates that the model’s predictions are both accurate and precise for this dataset
(Table 11).

Table 11 — Quality metrics of the quadratic regression model

Metric Value

MAE 0.043
MAPE 6.97%
RMSE 0.052

3.5 Impact of the variation of socioeconomic parameters on TB incidence

Sensitivity analysis is a powerful and essential tool in epidemiological modeling.
The primary aim is to systematically evaluate how variations in input parameters affect
the model’s output. By quantifying the contribution of each parameter to the overall
variability in predictions, sensitivity analysis helps identify which factors matter most,
reveals the model’s robustness, and uncovers potential interactions. In practice,
methods like Sobol’s variance-based approach provide deeper insights because real
socioeconomic determinants of TB rarely change in isolation. The analysis shows
where standalone changes could have strong leverage and where synergies or trade-
offs amplify impacts. For epidemiological models, this is especially helpful since small
changes in key drivers can lead to disproportionately large epidemiolocal gains over a
decade-long period.

Overall, sensitivity analysis transforms a model from a descriptive tool into a
strategic one. It bridges the gap between theory and action by revealing not just «what
happens if a parameter changes», but «which changes matter most, why, and how to
prioritize themy. It ultimately helping policymakers, health authorities, and researchers
make informed decisions.

The Sobol’s indices reveal that CHE is by far the most influential factor. It
accounts for 38% of the variance in TB incidence through its direct effect and up to
52% when including all interactions. The unemployment rate also exerts a substantial
influence, contributing 28% directly and 45% in total, highlighting strong interaction
effects with the other variables. In contrast, the following socioeconomic variables,
such as per-capita GDP, poverty rate, and especially the volume of social support to
TB patients, show relatively low direct impacts, with their total contributions
remaining modest. It suggests that these factors primarily influence TB incidence
indirectly through interactions rather than independently.

Furthermore, for every single parameter in the analysis, the total-order index is
noticeably higher than the first-order index. This consistent difference clearly
demonstrates that interactions among the socioeconomic factors play an important role
in the model. None of the factors acts completely independently. Instead, the combined
influence of any one parameter becomes amplified when it interacts with changes in
the others, through both pairwise and higher-order interactions. The largest gaps
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between the two indices, therefore the strongest contributions from interactions, are
observed for CHE and unemployment rate. These two factors not only exert high direct
effect but also interact most strongly with the remaining variables. Even for parameters
with relatively low overall indices, such as TB patients’ social assistance or GDP per
capita, interactions still contribute a measurable additional influence, even though their
total contributions remain small. This pattern is typical of complex systems, where
improvements in one area tend to become effective depending on the prevailing
conditions in poverty and unemployment rates, economic growth, as well as targeted
social assistance for TB patients.

Sobol’s sensitivity indices of the socioeconomic predictors are presented in
Figure 9.
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Figure 9 — Sensitivity indices of the socioeconomic predictors on the projected
TB incidence

Overall, the results emphasize that CHE and unemployment rate dominate the
uncertainty in TB incidence predictions, while targeted social support provided to TB
patients appear to play a comparatively minor role in explaining the variance of TB
incidence.

3.6 Projection of TB incidence under the baseline scenario

The baseline parameters of the SIR model for forecasting TB incidence in
Kazakhstan over the period 2025-2035 are defined under the baseline scenario that
assumes the continuation of current transmission intensity and treatment effectiveness,
with no additional improvements in control measures. This setup provides a realistic
projection of the minimum expected effect on TB dynamics.

Initial conditions of the compartments at the beginning of 2025 are presented in
Table 12. The initial number of susceptible populations is 20,149,630 individuals. The
initial number of infectious individuals is 8,991, based on the estimated active TB
prevalence at the end of 2024 from reported data. The recovered compartment is set to
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0 by model design, assuming negligible long-term immunity, as well as no negligible
recovered pool.

Table 12 — Initial number of the SIR model compartments for the projection in
the period 2025-2035

Initial state Description Value Source
Initial number of
S (0) susceptible 20,149,630 Calculated
individuals
Initial number of
| (0) infectious 8,991 Data [5]
individuals
Initial number of
R (0) recovered 0 Assumed
individuals

Annual net population growth is approximated at 0.26 million people per year,
with the total population at the start of 2025 estimated at approximately 20,158,621.
This increment is added each year to the S compartment to maintain demographic
balance in the total population and reflects Kazakhstan’s observed and projected
natural growth, including births, deaths, and net migration.

The recovery rate is set at 2.8 per year, corresponding to an average infectious
period pf 4.3 months. This value is applied uniformly across all projections and reflects
standard treatment regimens without acceleration of therapy.

The TB-specific mortality rate is assigned a value of 0.0228 per year, indicating
the annual proportion of infectious individuals who due from the disease.

The annual probability of recurrence is fixed at 0.105, which represents the
probability of recovered individuals to return to active TB disease each year. This
figure was derived empirically through calibration of the model against historical data
from 2006 to 2024.

In the baseline scenario, key socioeconomic predictors were held constant at
their 2024 levels. This fixed approach assumes no additional socioeconomic
improvements beyond the status quo, thereby establishing a conservative reference
point that models minimum expected decline in the epidemic under unchanged
conditions.

Therefore, the transmission coefficient is also held constant at 0.749 per year.
This value was calculated empirically based on 2024 and remains unchanged under the
baseline scenario to simulate the absence of further reductions in TB transmission.

The initial values of the socioeconomic factors serving as the baseline level for
all the scenarios were set at their levels of 2024. GDP per capita stood at 14,155 USD.
CHE amounted to 4.7% of GDP. Poverty and unemployment rates were 5.2% and
4.7%, respectively. Finally, social support to TB patients totaled 2.641 million KZT.

The projections of TB incidence under the baseline scenario shows a steady and
consistent decline from 2025 through 2035 (Table 13). Beginning with 6,537 incident
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cases in 2025, the projection shows the number of new cases falling each year by
approximately 2.8% to 3.7%. The year-on-year percentage reductions start relatively
stable at 3% in 2026, 2.8% in 2027, and 2.9%-3% in 2028and 2029, before accelerating
to 3.6% annually from 2030 onward.

Table 13 — Projection of TB incidence under the baseline scenario

Year Projected number | 09506 CI | Upper 95% CI
of incident cases
2025 6,537 6,404 6,670
2026 6,341 6,093 6,589
2027 6,166 5,798 6,534
2028 5,990 5,501 6,479
2029 5,812 5,200 6,424
2030 5,613 4,865 6,361
2031 5,435 4,538 6,332
2032 5,263 4,219 6,307
2033 5,977 3,881 6,273
2034 4,892 3,545 6,239
2035 4,711 3,212 6,210

Over the first five year, from 2025-2030, the cumulative reduction reaches
14.1%. By the end of the period in 2035, when TB incident cases are projected to fall
to 4,711, the total decrease from the 2025 baseline amounts to 27.9%.

The baseline scenario of the SIR model for projecting TB incidence trends over
2025-2035 fixes all the parameters as well as the socioeconomic predictors at their
2024 levels to simulate the minimum anticipated decline in the epidemic under the
assumption that current transmission intensity, treatment conditions, and broader
socioeconomic circumstances persist without any further enhancements. This no-
improvement reference point reflects the absence of additional measures in areas such
as improved treatment effectiveness, strengthened economic growth, increased
healthcare funding, poverty alleviation, or expanded targeted social assistance for TB-
affected individuals. By holding these factors constant, the model provides a clear
benchmark for assessing the limitations of the status quo. It also highlights the potential
for gradual reduction in TB burden, emphasizing the need for intensified, multi-domain
interventions to accelerate meaningful progress.

3.7 Long-term effects of socioeconomic interventions on future TB incidence

Prognostic scenarios represent one of the core instruments of modern
epidemiological modeling and strategic planning in public health. They enable a
systematic assessment of possible trajectories of the epidemic process under various
hypothetical conditions. The use of scenarios is not merely desirable but an obligatory
condition for obtaining reliable and practically applicable forecasts. Without scenarios,
a model can produce only. A single trajectory corresponding to current trends, which

56



substantially limits understanding of the full range of possible outcomes and associated
risks. Such a single-pathway approach fails to address key «what-if» questions facing
public health authorities. By considering multiple, explicitly defined scenarios, the
analysis moves beyond descriptive historical fitting to proactive decision support
[158].

The baseline scenario reflects the epidemic’s inherent momentum in the absence
of any deliberate additional actions, providing a neutral reference trajectory for
comparing the outcomes of proposed interventions. In each alternative scenarios, only
a single socioeconomic variable was altered, while all the other. Parameters were held
constant at baseline levels. By adopting this univariate approach, we could isolate the
specific contribution of each intervention and directly compare their individual effects
on TB incidence rate. This separation of influences clarifies which measures deliver
the greatest benefit and reveals their relative effectiveness.

3.7.1 Scenariol — 3% annual growth in GDP per capita

The model projections present a consistent and gradually accelerating decline in
the predicted TB incidence from 2025 through 2035. Starting from a baseline of 6,483
cases in 2025, the incidence decreases each year at an annual rate that begins 3.1% and
steadily rises to 3.9% by 2035. This results in a compound average annual reduction of
3.4% over the full period.

Over the first five years from 2025 to 2030, the incidence rate is projected to fall
from 6,483 to 5,472 cases. It corresponds to a cumulative reduction of 15.6%. By the
end of the ten-year period from 2025 to 2035, the rate declines further to 4,577 cases.
It yields a total cumulative reduction of 29.4% from the 2025 starting level. The pattern
reflects steady compounding progress. The early years deliver relatively stable annual
declines of 3.1%, while the second half of the period benefits from a modest
acceleration to 3.9% per year, producing a noticeable larger overall drop by 2035 (Table
14).

Table 14 — Projected number of TB incidence cases under Scenario 1
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, ' ' million KZT | [95%Cl]
1 2 3 4 S 6 7
2025 14,580 4.7 4.9 5.2 2.641 [6,221’:{2?683]
2026 15,017 4.7 4.9 5.2 2.641 [6,02’22-3,1530]
2027 15,468 4.7 4.9 5.2 2.641 [5’721,32?375]
2028 15,932 4.7 4.9 5.2 2.641 [5’52’1%’7233]
2029 16,410 4.7 4.9 5.2 2.641 [5’2451’7%’5103]
2030 16,902 4.7 4.9 5.2 2.641 [4’921’5‘{2’2009]




Continuation of Table 14

1 2 3 4 5 6 7
2031 17,409 4.7 4.9 5.2 2.641 5,281
[4,610-5,952]
2032 17,932 4.7 4.9 5.2 2.641 5,090
[4,238-5,942]
2033 18,470 4.7 4.9 5.2 2.641 4,899
[3,886-5,912]
4,708
2034 19,024 4.7 4.9 5.2 2.641 [3.470-5,046]
4577
2035 19,595 4.7 4.9 5.2 2.641 [3.119.6,042]

3.7.2 Scenario 2 — annual reduction in the poverty rate by 0.1%

The projections of TB incidence under Scenario 2 illustrate a steady and
gradually accelerating decline in the predicted TB incidence from 2025 to 2030. The
number of TB incident cases starts at 6,515 cases in 2025 and falls each year at an
annual percentage reduction, which begins around 3.1% and increases modestly to 5%
by the final year. This produces an average annual reduction of 3.9% across the full
study period.

Over the first five years from 2025 to 2030, the number of incident cases is
projected to decrease from 6,515 to 5,382 cases. This resulted in a cumulative reduction
of 17.4%. By the end of the ten-year period from 2025 to 2035, the rate falls further to
4,378 cases, which corresponds to a total cumulative reductio of 32.8% from the 2025
baseline year.

The trajectory demonstrates consistent progress. Early annual declines remain
stable at 3.1%, while the second half of the period shows a modest acceleration to 5%
per year, leading to a noticeably larger overall drop in the number of TB incident cases

by 2035 (Table 15).

Table 15 — Projected number of TB incidence cases under Scenario 2

Year Per-capita | CHE, Poverty | Unemployment I;ana;;rl‘? ! Inccgg::t
0 0 0 :
GDP,USD | % | rate % rate, % | million KZT | [95%CI]
1 2 3 4 5 6 !
6,515
2025 14,155 4.7 4.8 5.2 2.641 [6,315-6,715]
6,310
2026 14,155 4.7 4.7 5.2 2.641 [6,067-6,553]
6,105
2027 14,155 4.7 4.6 5.2 2.641 [5,800-6,410]
5,900
2028 14,155 4.7 4.5 5.2 2.641 [5,535-6,265]
5,695
2029 14,155 4.7 4.4 5.2 2.641 [5,265-6,125]
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Continuation of Table 15

1 2 3 4 5 6 7

2030 14,155 4.7 4.3 5.2 2.641 5,382
[4,855-5,909]

2031 14,155 4.7 4.2 5.2 2.641 5,189
[4,517-5,861]

2032 14,155 4.7 4.1 5.2 2.641 4,996
[4,149-5,843]

2033 14,155 4.7 4.0 5.2 2.641 4,803
[3,765-5,841]

4,610
2034 14,155 4.7 3.9 5.2 2.641 [3.283.5,937]

4,378
2035 14,155 4.7 3.8 5.2 2.641 [2.720-6,027]

3.7.3 Scenario 3 — annual reduction in the unemployment rate by 0.1%

The projections depict a consistent and gradually accelerating decline in the
predicted number of TB incident cases from 2025 to 2035. The figure starts at 6,523
cases in 2025 and decreases each year. The annual rate of decline begins at 3.2% in the
early years and gradually increases, reaching 5.2% in the final year. The compound
average annual reduction across the full period is 4%.

Regarding cumulative progress relative to the 2025 baseline of 6,523 cases, the
incidence rate is projected to fall to 5,362 by 2030. This corresponds to a cumulative
reduction of 17.8% over the first five years. By 2035 the number is expected to reach
4,338 cases, which results in a total cumulative reduction of 33.5% over the ten-year
period.

The pattern reflects steady compounding progress. The early years deliver
relatively stable annual declines of 3.2%, while the second half of the period benefits
from a modest but noticeable acceleration of 5.2% per year. This resulted in a
significantly larger overall reduction by 2035 (Table 16)

Table 16 — Projected number of TB incidence cases under Scenario 3

Year Per-capita | CHE, Poverty | Unemployment I;ana;;rl‘? ! Inccgg::t
0 0 0 :
GDP,USD | % | rate % rate, % | million KZT | [95%CI]
1 2 3 4 5 6 !
6,523
2025 14,155 4.7 4.9 5.1 2.641 [6,323-6,723]
6,317
2026 14,155 4.7 4.9 5.0 2.641 [6,073-6,561]
6,111
2027 14,155 4.7 4.9 4.9 2.641 [5,806-6,416]
5,905
2028 14,155 4.7 4.9 4.8 2.641 [5,543-6,267]
5,699
2029 14,155 4.7 4.9 4.7 2.641 [5,250-6,148]
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Continuation of Table 16

1 2 3 4 5 6 7
2030 14,155 4.7 4.9 46 2.641 5,362
[4,792-5,932]
2031 14,155 4.7 4.9 45 2.641 5,166
[4,476-5,856]
2032 14,155 4.7 4.9 4.4 2.641 4,970
[4,101-5,839]
2033 14,155 4.7 4.9 43 2.641 4,774
[3,706-5,842]
2034 14,155 4.7 4.9 4.2 2.641 4578
[3,211-5,945]
4,338
2035 14,155 4.7 4.9 4.1 2.641 [2,666.6,010]

3.7.4 Scenario 4 — annual increase in CHE by 0.1%

The projections under Scenario 4 show a consistent downward trajectory in the
predicted number of TB incident cases from 2025 to 2035. The TB incidence starts at
6,473 cases in 2025 and decreases each year. The annual rate of decline starts at 3.8%
in the early years and gradually accelerates, reaching 4% per year in the second half of
the period. The average annual reduction over the full study period is 3.6%.

Over the first five years from 2025 to 2030, the incidence rate falls from 6,473
to 5,417 cases, corresponding to a cumulative reduction of 16.3%. By the end of the
ten-year horizon, the number declines further to 4,486. It results in a total cumulative
reduction of 30.7% from the 2025 baseline (Table 17).

Table 17 — Projected number of TB incidence cases under Scenario 4

60

, : ' million KZT | [95%Cl]
1 2 3 4 S 6 7
2025 14,155 4.8 4.9 5.2 2.641 [6,2(73’?:{2?673]
2026 14,155 4.9 4.9 5.2 2.641 [6,0%32-2,2506]
2027 14,155 5.0 4.9 5.2 2.641 [5,7222,1356]
2028 14,155 5.1 4.9 5.2 2.641 [5’4%%?202]
2029 14,155 5.2 4.9 5.2 2.641 [5,1266-2?078]
2030 14,155 5.3 4.9 5.2 2.641 [ 4,8451’7%,7987]
2031 14,155 5.4 4.9 5.2 2.641 [4’52’12_:;’1921]
2032 14,155 5.5 4.9 5.2 2.641 [4’1360_:’5914]




Continuation of Table 17

1 2 3 7 5 6 7

2033 | 14,155 5.6 49 5.2 2.641 [3,7;‘&?2?927]
2034 | 14,155 5.7 4.9 5.2 2641 | [ 0060 a1
2035 | 14,155 5.8 4.9 5.2 2641 | 83;;2"3127]

3.7.5 Scenario 5 — 5% annual increase in the volume of social support to TB
patients

The projections of TB incident cases under Scenario 5 illustrate a clear and
steadily accelerating decline from 2025 and 2035. The incidence rate starts at 6,463 in
2025 and falls each year. The annual rate of decline begins 3.7% and gradually
increases, reaching 5.5% in the final year. The average annual reduction over the full
study period is 4.7%.

Over the first years, the number of TB incident cases decreases from 6,463 to
5,196 cases, corresponding to a cumulative reduction of 19.6%. By the end of the ten-
year period, the rate falls further to 3,975 cases, resulting in a total cumulative reduction
of 38.5% from the 2025 baseline.

The early years deliver solid annual reductions of 3.7%, while the second half of
the period benefits from noticeably faster declines of 5.5% per year, leading to a
substantially larger overall drop by 2035 (Table 18).

Table 18 — Projected number of TB incidence cases under Scenario 5

' ' ' million KZT [95%Cl]

1 2 3 4 5 6 7
2025 14,155 4.7 4.9 5.2 2.773 [6,22;{2?663]
2026 14,155 4.7 4.9 5.2 2.912 [6,08&32-2(,)494]
2027 14,155 4.7 4.9 5.2 3.057 [5’72282?341]
2028 14,155 4.7 4.9 5.2 3.210 [5,42’1%2?185]
2029 14,155 4.7 4.9 5.2 3.371 [5’12’06_2?058]
2030 14,155 4.7 4.9 5.2 3.539 [4,6451’71-2?745]
2031 14,155 4.7 4.9 5.2 3.716 [4,33’292,2562]
2032 14,155 4.7 4.9 5.2 3.902 [4,03237-2,7376]
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Continuation of Table 18

1 2 3 4 5 6 /!
2033 | 14,155 4.7 4.9 5.2 4.097 [3,63";2,3231]
2034 14,155 4.7 4.9 5.2 4.302 [3,33’92_]5-’9049]
2035 | 14,155 4.7 4.9 5.2 4.517 [3,02159-35865]

3.7.6 Relative effectiveness of socioeconomic interventions

The projected percentage decline if TB incidence under five alternative scenarios
compared to the baseline scenario from 2025 to 2035 is presented in Figure 10.

During the initial period from 2025 through 2029, all the alternative scenarios
demonstrate relatively modest and closely aligned reduction in TB incidence, ranging
from 1% to 3%. This suggests that the early effects of socioeconomic interventions are
gradual across modeled strategies.

A clear divergence between the scenarios begins to emerge from 2030 onward.
Scenario 1 shows the weakest overall impact. The percentage decline remains limited
throughout the period, peaking at 3.8% in 2034. It was followed by a slight decrease to

2.8% by 2035.
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Figure 10 — Relative effectiveness of the five alternative scenarios in the
decline of TB incidence

Scenario 4 exhibits moderate improvement, achieving a steady but limited
reduction that reaches 4.7% by 2035. Scenarios 2 and 3 demonstrate more noticeable
progress. Scenario 3 achieves a reduction of 7.0%, Scenario 3 performs slightly better,
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reaching 7.9% decline in TB incidence by the end of the projection period. These two
scenarios follow a similar upward trajectory, particularly after 2030.

The most significant and striking pattern is observed in Scenario 5. After a
relatively modest start like the other scenario until 2029, this scenario shows a sharp
and sustained acceleration in effectiveness beginning in 2030. The percentage decline
increases rapidly and consistently, culminating in the highest reduction of 15.7% by
2035. This represents nearly three to five times greater impact compared to the baseline
scenario.

The substantial gap between Scenario 5 and the other scenarios underscores that
more ambitious, multi-component strategies can lead to markedly greater long-term
reductions in TB burden. These findings suggest that the implementation of stronger
measures, particularly those reflected in Scenario 5, has the potential to substantially
accelerate progress toward national and global TB control targets.

3.8 Socioeconomic pathway to achieve the WHQO’s End TB strategy targets

In 2014, the WHO adopted the new global End TB strategy, which set a goal to
eliminate TB by 2035. This strategy establishes clear quantitative targets, benchmarked
against 2015 baseline levels. By 2030, the goal includes at least an 80% reduction in
TB incidence. While by 2035, the target is at least a 90% reduction in TB incidence
[3].

In the Republic of Kazakhstan, the 2015 baseline TB incidence level was 10,262
cases (58.6 per 100,000 population). Based on this value, the absolute target for
Kazakhstan is defined as no more than 2,052 new cases by 2030 and 1,026 new cases
by 2035.

The optimization results show target thresholds across socioeconomic factors,
which should be attained to achieve the WHO’ targets by 2030 and 2035 (Table 19).

Table 19 — Target levels of socioeconomic factors

. . Target value for | Target value for
Predictor Baseline 2030 goal 2035 goal
Per-capita GDP,
USD 14,155 14,900 15,900

CHE, % 4.7 5.2 5.5
Poverty rate, % 5.2 4.4 3.9
Unemployment 4.7 41 3.7

rate, %
The volume of
social support, 2.641 3.2 3.9

million KZT

The foundation of these required improvements lies in the sustained economic
growth, as measure by per-capita GDP. With the current baseline standing at 14,155
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USD, per-capita GDP needs to rise to a minimum of 14,900 USD by 2030, which is
equivalent to an increase of 5.3%. Looking further ahead to 2035, it needs to reach at
least 15,900 USD, reflecting a cumulative rise of 2.3% from the baseline level.

Closely linked to the economic growth is the level of CHE as a share of GDP.
Starting from the current baseline of 4.7%, CHE needs to increase to at least 5.2% by
2030. This represents a relative rise of 6.1%. By 2035, it needs to attain a minimum if
5.5% of GDP, which is equivalent to a cumulative relative increase of 12.2% from the
level of 2024.

In parallel with these economic and healthcare financing advances, two major
social risk factors need to be significantly reduced. First, poverty rate, currently
standing at 5.2%, needs to be lowered to 4.4% or below by 2030. This equates to a
relative reduction of 15.4% from the baseline. By 2035, it needs to fall further to 3.9%
or lower, representing a cumulative relative decrease of 25%. Likewise, unemployment
rate needs to be declined from its present level of 4.7% to 4.1% by 2030. This
corresponds to a relative reduction of 12.8%. While, by 2035, the figure should decline
further to 3.7%, which is a relative reduction of 21.3%.

Finally, among the socioeconomic factors, the most directly actionable and TB-
specific intervention is the level of social assistance provided to individuals with TB.
Currently averaging 2.641 million KZT, it needs to rise to a minimum of 3.2 million
KZT by 2030, corresponding to a relative increase of 21.2% from the level of 2024.
By 2035, it needs to reach 3.9 million KZT, reflecting a cumulative relative increase of
47.7% from the baseline level.

Meeting the 2030 target already demands concerted policy action, while the
2035 targets require even deeper structural reforms. Delaying progress on any single
indicator risks undermining the other, as the relationship are synergistic. Therefore,
national TB strategies should integrate these socioeconomic targets into their core
planning. Only through the implementation of this multi-sectoral approach, the
socioeconomic conditions for sustainable TB elimination can be fully realized by the
WHO'’s deadlines.
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CONCLUSION

This thesis presents a comprehensive study of TB dynamics in the Republic of
Kazakhstan over the period 1997-2024, with forward projections extending through
2035 utilizing a deterministic SIR compartmental model enriched with key
socioeconomic determinants. The developed model demonstrates high accuracy in
reproducing the observed TB incidence trends. This confirms its adequacy and strong
predictive capability.

An important contribution of the work is the integration of socioeconomic
factors into the model through dimensionality reduction via PCA followed by quadratic
regression. The identified non-linear and iterative effects reveal that, in the early stages
of socioeconomic progress, the apparent transmission coefficient may temporarily
increase due to improved case detection and shorter infectious periods, whereas
sustained high levels of social and economic development eventually lead to
stabilization and subsequent decline of the TB transmission coefficient.

Projections under the baseline scenario indicate a gradual decline in TB
incidence. Simulation of individual interventions shows that the most substantial
additional effect is achieved through sustained annual real increase in direct social
support to TB patients. Furthermore, sensitivity analysis further highlights CHE and
unemployment rate as the dominant drivers of forecast uncertainty, with significant
portion of their influence realized through interactions with other factors.

Achieving the WHO’s End TB strategy targets for 2030 and 2035 requires
coordinated, multi-sectoral progress across all key socioeconomic predictors. This
involves moderate but sustained improvements in per-capita GDP, increases in CHE,
reductions in poverty and unemployment rates, and a substantial expansion of targeted
social assistance to individuals with TB.

In summary, the thesis offers a scientifically robust, evidence-based decision
support tool that not only reconstructs the historical trajectory of TB in Kazakhstan but
also quantitatively assesses the contribution of key socioeconomic factors to future TB
dynamics. The findings emphasize that, under current conditions, further progress
toward TB elimination as a public health problem will critically depend on synergistic
action across the health, social protection, and economic development sectors.

Based on the results of the study, the following conclusions are drawn:

1. The incidence rate of TB in the Republic of Kazakhstan decreased on
average by 5.91 cases per year from 2000 to 2020 (b = -5.91, p < 0.001). However,
between 2021 and 2024, the rate of decline slowed considerable (b = -0.85, p = 0.312).
Socioeconomic factors characterizing social protection (s = 0.444) and financial
protection of the population (s =-0.398) made the largest contribution to the dynamics
of TB incidence.

2. The developed mathematical model serves as a reliable tool for forecasting
TB incidence dynamics. It accurately reproduces current trends (MAPE = 7.6%) and
demonstrates high predictive accuracy for future trends (MAPE = 2.3%)).

3. Among the socioeconomic factors examined, the two indicators with the
greatest influence on TB incidence in the republic of Kazakhstan are current health
expenditure (38%) and the unemployment (28%).

65



4. The most effective long-term socioeconomic measure for reducing TB
incidence is an annual 5% increase in the volume of social assistance to TB patients.
This scenario is projected to reduce TB incidence by 19.6% by 2030 and by 38.5% by
2035 compared to 2024 levels.

5. Achieving the WHO’s target indicators for reducing TB incidence by 2030
and 2035 is possible through the following integrated changes: increasing GDP per
capita by 5.3% and 12.3%; raising CHE to 5.2% and 5.5% of GDP, reducing poverty
rate to 4.4% and 4.9%; lowering unemployment rate to 4.1% and 3.7%; increasing the
volume of social assistance by 21.2% and 47.7%, respectively.

Based on the findings of the present study, the following recommendations were
formulated:

1. The developed model can be used by regulatory authorities for forecasting
and assessing the epidemiological situation regarding TB, as well as for analyzing and
studying the interrelationships between various factors and the health status of the
population.

2. Itis necessary to implement gradual and long-term strengthening of targeted
social support for TB patients as one of the most effective measures to reduce the
incidence rate of TB.

3. Particular attention should be paid to the monitoring and stabilization of
healthcare financing and unemployment levels, as these two key socioeconomic
indicators have the greatest influence on the level of TB incidence.

4. The results of the conducted study and the proposed approaches demonstrate
the advisability of including thematic sections on mathematical modeling and
forecasting of the epidemiological situation for infectious diseases in the educational
programs of «Public Healthy.
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APPENDIX A

The results of correlation analysis and principal component analysis

Table A.1 — Correlation matrix

Variable 1 2 3 4 5 6 7
1.TB incidence 1
2.Vaccination -0.422% 1
coverage
3.TB case 0.435* | 0.072 1
detection
4.GDP per capita | -0.858* | 0.093 | -0.181 1
5.Current health | g c1c | 5950 | 0,305 | 0.758* | 1
expenditure
6.Poverty rate 0.825* | 0.003 | 0.244 | -0.895* | 0.495* 1
Zétlé”emp'oyme”t 0.712% | 0.186 | 0.269 | -0.876* | 0.434* | 0.866* 1
8.Social -0.891* | -0.722* | -0.408 | 0.502* | 0.763* | -0.459* | -0.736*
assistance

Note - *p < 0.05

Table A.2 — Principal components loadings

Variable Principal component 1 Principal component 2
Unemployment rate 0.977 -0.048
Poverty rate 0.969 0.135
GDP per capita -0.950 -0.026
Social assistance -0.492 0.842
Current health expenditure 0.326 1.006

Table A.3 — Eigenvalue and proportion of variance
- . Variance Cumulative
Principal component Eigenvalue . .
proportion proportion
Principal component 1 3.198 0.640 0.640
Principal component 2 1.680 0.336 0.976
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APPENDIX B

The results of bivariate correlation analysis and multivariate linear regression

Table B.1 — Bivariate correlations between the transmission coefficient and
socioeconomic factors
Variable 1 2 3 4 5 6
1.The transmission 1 .0.838* | -0.955% | -0.929%* | -0.970* | -0.991*
coefficient
2.Per-capita GDP 1 0.991* -0.935* -0.957* 0.960*
3.CHE 1 -0.912* -0.934* 0.945*
4.Poverty rate 1 0.978* -0.813*
5.Unemployment 1 _0.855*
rate
6.The volume of 1
social support

Note — * p < 0.001

Table B.2 — Multivariate linear regression predicting the transmission coefficient

Variable B Standard error 95% CI p-value
Intercept 0.216 0.182 -0.162: 0.594 0.248
gg; er-capita 6.01e-07 8.766e-07 -1.226-06: -2.42e-06 0.501
B2. CHE 0.053 0.035 -0.021: 0.126 0.151
B3. Poverty rate -0.002 0.002 -0.006: 0.002 0.283
B4.

Unemployment 0.001 0.004 -0.008; 0.007 0.841
rate

B5. Social 0.001 2.435e-06 -9.51e-05: -1.05e-04 <0.001
support

Note — F (5,21) = 2680.64, p < 0.001
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APPENDIX C

A state certificate of copyright registration
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APPENDIX D

Certificate of implementation
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PE3YALTATOB HAYUHOI 1 (MJIH) HAYIHO-TEXHHIECKOIT e TeILHOCTH

1. Haumenoanue HayYHO-HCCIICI0BATEIILCKHX, HAYYHO-TEXHHYECKHX PaboT H (MIIH) Pe3yJIbTaToB
HAYYHOH U (MJTH) HayYHO-TEXHHYECKOH JCATCIIbHOCTH:

Mozens ananansa u o OrHO3UPOBAHUS TEH/ICHITHIT HITHIEMUYECKOit CHTYAIHH 110 TyOepKyies

2. Kparkas anHOTawms:
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NPAKTHKY JIAET PYKOBOJMTENAM 3/1PaBOOXPAHCHHS BO3MOKHOCTE OOOCHOBAHHO PAacHpe/IelaTh

PECYPChI 1 LCICHANIPABIICHHO MIAHHPOBATE MEPBI IO KOHTPOJIIO 3ITHICMHOIOTHYECKON CHTYAIHK
no TyGepkynésy.

3. Odexr oT BHEAPEHHS (IKOHOMHMUECKHIi, COUMANLHBI, DKONOTMYECKH), TOXUCPKHYTH
obnacts sdexra:

Conuanbnblii

4. Mecto u ata BHEAPEHHUS:

KI'TT «O6nacTHOli 1eHTp GTH3HonyIbMOHOIOTHIY

5. ®opMa BHEAPEHHS:
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2. Kpatkas annorars:
Monens_undeximonnoro nponecca TyGeprynésa c MHTErpalyeil colHaibHO-IKOHOMHYECKIX

NIPEAMKTOPOB BHE/pACTCs B 0GpasoatenbHblil porece kadepbi nHGeKIHONNLIX GoJe3neii kak
MHHOBAIMOHHBIT_yueGHbli uHcTpyment. Jlannas MoJeNb Mo3posiser 00y4aloUMMCs OCBOUTE
COBPCMCEHHRIC METO/Ibl_NPOrHO3MPOBAHMS, MOHMTOPMHIA W aHAJIM3a OHIHAEMHONOTHYCCKON
CHTYAIMK_110_TyGepKyie3y, KOTHYECTBEHHO OLEHUBATL BIMAHUC colHanbHBIX _(hakTopos Ha

AMHAMUKY SITHICMHOIOTHYECKHX NOKa3aTenel TyGepkynésa. Bueapenue moziesn cnocobeTByeT
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5. ®opma BHeApEeHHS:
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