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ABSTRACT
Background and Aim: Mathematical modelling plays an important role in public health by enabling the prediction of disease
outbreaks, assessment of transmission dynamics and evaluation of intervention strategies. Although widely applied in high-
resource settings, its use in underserved contexts remains underexplored. This review aimed to examine and synthesize current
evidence on the application of mathematical modelling for predicting and controlling infectious diseases in underserved settings.
Methods:A comprehensive and reproducible search was conducted using Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) and population, intervention, comparison and outcome (PICO) frameworks across databases, including
PubMed, Scopus, Medline, ScienceDirect and EBSCOhost. Keywords and Medical Subject Headings (MeSH) terms related to
mathematical modelling and infectious disease control were applied. Two reviewers independently screened titles, abstracts and
full texts, with a third resolving discrepancies. Thematic analysis and meta-analysis were used for synthesis.
Results:Out of 838 studies screened, 27 (3.2%)met inclusion criteria. Deterministicmodels weremost used, followed by stochastic
and agent-based models. Diseases modelled included COVID-19, malaria, tuberculosis (TB), Ebola, Zika, chikungunya, dengue,
diphtheria, respiratory infections, visceral leishmaniasis (VL) and Mpox. Modelling predicted the impact of interventions on
transmission, with pooled effect size (Ro) of 1.32 (θ = 1.3, p < 0.0001). However, challenges, such as data underreporting, gaps
and inconsistencies, were common, potentially affecting model accuracy and real-world applicability.
Conclusion: Mathematical modelling has demonstrated value in supporting infectious disease control in underserved settings.
However, the predominance of deterministic models limits adaptability across diverse contexts. Poor data quality further
constrains reliability. Future work should focus on expanding modelling approaches, strengthening data infrastructure and
addressing a broader range of diseases. These findings can guide public health policy by supporting data-driven decision-making,
improving resource allocation and integrating modelling into outbreak preparedness and response strategies in underserved
settings.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is properly
cited.
© 2025 The Author(s). Public Health Challenges published by John Wiley & Sons Ltd.

Public Health Challenges, 2025; 4:e70116
https://doi.org/10.1002/puh2.70116

1 of 13

https://doi.org/10.1002/puh2.70116
https://orcid.org/0000-0003-1567-1782
mailto:evans.duah@tuks.co.za
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/puh2.70116


Research in Context

Evidence before this study
Mathematical modelling has been instrumental in guid-
ing infectious disease control, particularly in high-income
settings. However, limited attention has been given to its
application and performance in underserved and resource-
constrained environments.
Added value of this study
This study provides a focused and novel synthesis of how
infectious disease modelling has been applied in underserved
settings. It summarizes the types of mathematical models
used, the interventions assessed and the outcomes pre-
dicted, while also offering pooled effect estimates to support
evidence-based decision-making in such contexts.
Implications of all the available evidence
The findings give the importance of tailoring modelling
approaches to local conditions and strengthening modelling
capacity in resource-limited settings. This can enhance the
utility of modelling in informing public health interventions
and preparedness strategies where they are most needed.

1 Introduction

Mathematical modelling is a powerful and increasingly indis-
pensable tool in public health, widely used to predict, analyse
and control the spread of infectious diseases [1]. By employing
mathematical equations and algorithms, these models simu-
late the transmission dynamics of diseases within populations,
allowing public health officials to understand potential outbreak
scenarios and evaluate the effectiveness of various intervention
strategies [1, 2]. The importance of mathematical modelling lies
in its ability to provide data-driven insights, which can inform
timely and effective decision-making [1, 2]. The World Health
Organization (WHO) recognizes the critical role of modelling
in enhancing global health security, particularly in developing
early warning systems, guiding public health interventions and
informing policy decisions during health emergencies [3].

Historically, mathematical modelling has played a significant
role in shaping responses to major infectious disease threats,
includingHIV/AIDS, TB andmalaria [1, 4–6]. Early pioneers such
as John Graunt (1622) laid the foundations for using quantitative
data to understand mortality trends [7]. In 1760, Daniel Bernoulli
used modelling to define best practices for smallpox inoculation
and to inform strategies [7]. In recent times, models have been
central to managing global health threats such as HIV/AIDS,
TB, malaria, Ebola, influenza and COVID-19. For example,
during the 2009 influenza (H1N1) pandemic, the WHO used
models to help interpret outbreak data early on. Decisions based
on these models informed vaccination strategies by estimating
the basic reproductive number and assessing the timing and
targeting of vaccinations to different groups to influence the
epidemic’s peak and duration [8–10]. During the West African
Ebola outbreak, mathematical models estimated key parameters
for outbreak control, such as the effects of case isolation, contact
tracing with quarantine and sanitary funeral practices. These
models also studied Ebola’s spread in various settings, including
communities, hospitals and traditional burial ceremonies in the

Democratic Republic of the Congo (DRC) in 1995 and Uganda in
2000. The findings indicated that community transmission was
a significant source of infection in Uganda, whereas traditional
burial practices played a larger role in the DRC, underscoring
the need for precautions to prevent transmission among patients,
healthcare workers and during corpse handling [11]. For HIV
prevention,modelling has evaluated the effectiveness of universal
voluntary testing in reducing the HIV/AIDS epidemic as well
as the effectiveness of other prevention measures, such as pre-
exposure prophylaxis (PrEP) [12, 13]. This research contributed
to UNAIDS adopting the test-and-treat strategy aimed at the
long-term elimination of HIV [14]. Most recently, models were
used to predict infection rates, hospitalizations and the impact
of interventions such as lockdowns and vaccination campaigns
during the COVID-19 pandemic [6, 15].

Although the literature reflects the successful application of
modelling in several high-profile disease outbreaks, closer exami-
nation reveals several limitations, particularly in their application
in underserved or resource-limited settings. For example, models
developed for high-resource contexts during the 2009 H1N1
pandemic provided valuable insights into vaccination timing
and epidemic trajectories [8–10]. However, these models were
often based on comprehensive surveillance data and health
infrastructure that do not exist in low-resource settings, limiting
their transferability. Similarly, during the West African Ebola
outbreak, mathematical models helped estimate transmission
parameters and assess the impact of control strategies like
case isolation and safe burial practices [11]. Yet many of these
studies, althoughmethodologically sound,were retrospective and
lacked local stakeholder engagement, raising questions about the
feasibility and cultural relevance of their proposed interventions.
In the context of HIV, modelling studies informed the successful
adoption of test-and-treat strategies and the use of PrEP [12–
14]. However, most of this work focused on general populations
or well-funded health systems, often overlooking the realities
of implementation in fragile health environments. The COVID-
19 pandemic further illustrated the potential of modelling in
predicting case surges, hospitalizations and the impact of control
measures [6, 15]. Nevertheless, critical reviews of these models
show issues such as overreliance on assumptions, lack of trans-
parency and limited sensitivity analyses, especially in models
applied to low- and middle-income countries (LMICs) where
real-time data were either unavailable or inconsistent. Although
mathematical modelling has advanced considerably in terms
of sophistication and scope, its application in underserved set-
tings remains underexplored, underreported and, in many cases,
insufficiently tailored to context. Existing reviews have generally
focused on theoretical developments or applications in high-
income countries, leaving a critical gap in understanding how
models are applied and how effective they are in low-resource
environments where outbreaks are more frequent, consequences
more severe and data, infrastructure and public health capacity
are often limited.

This systematic review therefore addresses these critical gaps
by synthesizing existing evidence, providing a comprehensive
understanding of how mathematical models have been applied
in the context of underserved settings and their effectiveness in
accurately predicting outbreak dynamics and informing control
strategies. Additionally, this review highlights the common chal-
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TABLE 1 Population, intervention, comparison and outcome
(PICO) framework.

Population Underserved settings globally
Intervention The use of mathematical modelling in

predicting and controlling infectious disease
outbreaks

Comparison Non-mathematical modelling approaches to
predicting and controlling infectious disease

outbreaks
Outcome Primary outcome: Accuracy of outbreak

predictions, effectiveness of control
measures informed by modelling
Secondary outcome: Barriers to and

facilitators of model implementation, best
practices, and contextual factors influencing

model success

lenges and barriers faced in applying mathematical modelling in
underserved settings and offers recommendations for future prac-
tical applications. The findings can inform practice and policy,
guiding resource allocation, intervention strategies and capacity-
building efforts to improve health outcomes in underserved
populations. Furthermore, it directly contributes to achieving
Sustainable Development Goal (SDG) 3 [3] by providing valuable
tools for combating infectious diseases and improving health
outcomes, especially in underserved populations [16, 17].

2 Methodology

2.1 Search Framework

The systematic review was conducted in adherence to the
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) [18, 19] and the Arksey and O’Malley [20]
evidence synthesis guidelines. These steps include defining the
study objectives, planning the literature search, establishing
eligibility criteria, screening articles for inclusion, charting the
selected studies, appraising methodological quality, planning
the synthesis of results and summarizing and presenting the
findings. Additionally, the population, intervention, comparison
and outcome (PICO) framework was employed to define the
search boundaries and set the eligibility criteria (Table 1).

2.2 Study Objectives

The study sought to achieve the following objectives:

1. To summarize the types of models used, diseases studied and
specific outcomes measured.

2. To evaluate the effectiveness ofmodels in predicting outbreak
dynamics and informing control strategies and interventions.

3. To investigate the common challenges and barriers faced in
applying mathematical modelling in underserved settings.

2.3 Eligibility Criteria

2.3.1 Inclusion Criteria

We included:

1. Studies that focused on underserved settings, including
LMICs, regions with limited healthcare infrastructure and
resource-constrained areas.

2. Studies that used mathematical models (deterministic,
stochastic and/or agent-based) to predict and control infec-
tious disease outbreaks.

3. Studies that provide evidence on the effectiveness of the
models in predicting disease spread, assessing the impact of
intervention strategies and informing public health policies.

4. Peer-reviewed articles published in scientific journals.

5. Studies published between 2014 and 2024.

6. Studies conducted in underserved settings such as LMICs.

2.3.2 Exclusion Criteria

We excluded:

1. Studies conducted in high-income countries.

2. Studies that did not utilize mathematical models.

3. Studies that focused on non-infectious diseases.

4. Studies that did not assess the effectiveness of mathemat-
ical models in predicting or controlling infectious disease
outbreaks or lack clear outcome measures.

5. Non-peer-reviewed articles, review articles, opinion pieces,
editorials, and unpublished data.

6. Studies published outside the specified time frame or those
with outdated methodologies not relevant to current mod-
elling practices.

2.4 Information Sources and Search Strategy

A comprehensive and robust search was performed from major
electronic databases, including PubMed, Scopus, Medline, Sci-
enceDirect and EBSCOhost. Additionally, the bibliography and
reference search were performed from the included. This snow-
balling technique helps identify additional relevant studies that
might not have been captured in the initial database search.
The search strategy involved the use of specific keywords and
Medical Subject Headings (MeSH) terms related to mathematical
modelling and infectious disease control. Terms, such as ‘math-
ematical modelling’, ‘infectious disease outbreaks’, ‘deterministic
models’, ‘stochastic models’, ‘agent-based models’, ‘public health’
and ‘underserved settings’, and names of specific diseases like
‘HIV/AIDS’, ‘TB’ and ‘malaria’ were used (Supporting Informa-
tion File 1). To refine the search, Boolean operators (AND, OR,
NOT) were employed to combine and exclude terms, ensuring
that relevant literature is captured while minimizing irrelevant

3 of 13



FIGURE 1 PRISMA flow chart showing literature search and number of studies included in the review.

results. Search limits were applied to focus on studies published
in English and within the specified time frame of 2014–2024.

2.5 Study Selection

Studies from the literature search were exported to Covidence
systematic review software (Veritas Health Innovation, Mel-
bourne, Australia) for screening [21]. Duplicates were removed
bothmanually and automatically inCovidence. Two independent
screeners conducted the initial screening of titles and abstracts,
ensuring a comprehensive and unbiased selection process. Any
differences in their selections were resolved through discussions
between the two screeners to reach a consensus. In the second
round of screening, the same independent screeners evaluated
the full texts of the selected studies. Should discrepancies arise
at this stage, a third screener was invited to provide additional
insights and help resolve the differences. Throughout the screen-
ing process, a PRISMA flow diagram (Figure 1) was automatically
populated by Covidence to document the flow of studies through
the selection phases, ensuring transparency and reproducibility
in the systematic review.

2.6 Data Extraction

Data were extracted into a predesigned form by two reviewers,
who independently recorded information under the following
sub-headings and domains: author and year of publication, title
of the study, aim of the study, study design, study setting,
disease studied, type of mathematical model used, study findings
and barriers encountered. A third reviewer was employed to
resolve conflicts where there were disagreements. Corresponding
authors of the included studies were contacted for additional
information, data or clarification (missing or unclear informa-
tion), when needed.

2.7 Data Charting

The extracted information was charted in a table to present
relevant information on the author and year of publication, title
of the study, aim of the study, study design, study setting, disease
studied, type of mathematical model used, study findings and
barriers encountered (Supporting Information File 2).
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2.8 Data Analysis

2.8.1 Qualitative Data Synthesis

A qualitative synthesis of the included studies was done to sum-
marize findings using a thematic analysis approach. Thematic
synthesis was conducted to identify and analyse key themes
across the included studies. This involved familiarization with
the data, developing themes and refining themes to capture the
essence of the qualitative findings. This process was conducted
manually with careful attention to details to ensure accuracy and
depth of qualitative synthesis.

2.8.2 Quantitative Synthesis

The quantitative data were synthesized using meta-analysis
to aggregate the findings from individual studies and provide
a summary effect size. Initially, relevant quantitative data,
including effect sizes (Ro), 95% confidence intervals (CIs) and
standard errors, were extracted from the included study and
entered into a standardized data extraction form. The data were
prepared for synthesis, and data conversions were done where
necessary. Data were entered in Microsoft Excel (Office version
2010) and exported to Stata 18 for meta-analysis. We assessed
heterogeneity among the included studies using the I2 statistic
and Cochran’s Q test to determine the extent of variability
in effect sizes attributable to differences between studies. We
used random-effects restricted maximum likelihood (REML)
models for themeta-analysis because no significant heterogeneity
was detected among the studies. The overall effect size was
estimated by computing a weighted average of the effect sizes
from individual studies, with weights reflecting the precision of
each study’s estimate. Subgroup analyses and meta-regression
were not conducted because no heterogeneity was detected.
Lastly, publication bias and outliers were assessed, and the
results were presented in a funnel plot (Supporting Information
File 4) and Galbraith plot (Supporting Information File 5),
respectively.

3 Study Results

3.1 Screening Outcome

A total of 838 studies were identified from electronic databases:
PubMed (757), MEDLINE (38), EBSCOhost (14), Scopus (20)
and ScienceDirect (9) (Figure 1). The studies were exported into
Covidence software, where 130 duplicates were removed. A total
of 708 studies were included in title and abstract screening,
where 571 were deemed irrelevant. A total of 137 studies were
included for full-text screening, and 110 were excluded from
the study. The reasons for exclusion were wrong outcome (60),
wrong study setting (7), wrong study design (6), wrong population
(19) and wrong intervention (18). Specifically, the reasons were
lack of predefined study outcome, focus on non-mathematical
modelling and lack of emphasis on underserved settings. Data
were extracted from the remaining 27 articles that were included
in the study.

3.2 Characteristics of Included Studies

The included studies utilizedmathematicalmodelling to examine
infectious diseases such as COVID-19, malaria, TB, Ebola, Zika,
chikungunya, dengue, diphtheria, Ebola respiratory diseases, VL
and Mpox. However, COVID-19 emerged as the most studied dis-
ease usingmathematical modelling, followed by Ebola (Figure 2).
The commonly used models were the deterministic, stochastic
and agent-based models (Figure 3). However, the deterministic
model was the most used mathematical model. The review
included 27 studies conducted in various underserved settings,
with the majority of the studies carried out in Africa (Supporting
Information File 2). Other studies were distributed across Asia,
including India, Bangladesh, China, Pakistan, Thailand, Vietnam
andEastAsia. In SouthAmerica, studieswere conducted inBrazil
and Venezuela. In North America, studies were conducted in
the Caribbean region and the United States. Additionally, one
studywas conducted in theReunion Islands, located in the Indian
Ocean.

3.3 Data Synthesis Outcomes

3.3.1 Qualitative Data Synthesis

A qualitative synthesis of the included studies was summarized
using a thematic analysis approach. Thematic synthesis was
conducted to identify and analyse key themes across the included
studies, reveal the gaps in knowledge and make recommenda-
tions to address the gaps. Five themes emerged, including the
effectiveness of modelling, the purpose and goal of mathematical
modelling, the type of model used, study findings and insights
and barriers and challenges encountered.

3.3.1.1 Effectiveness of Modelling. This review demon-
strates that mathematical models are effective and valuable tools
in helping policymakers manage outbreaks of infectious dis-
eases, including COVID-19, Ebola, chikungunya, dengue, Mpox,
malaria and TB. For COVID-19, models were successfully used
to plan vaccination campaigns, implement quarantine measures
and guide interventions to reduce the spread of the virus [22–
29]. In Ebola, models showed the importance of quick actions
like isolating infected people and effectively performing contact
tracing. Mathematical models also demonstrated the signifi-
cant reduction of the spread of Ebola through the change of
unsafe practices during the handling of the dead bodies of
infected individuals [30–33]. For Mpox, modelling showed that
vaccinating more people in high-risk groups could significantly
reduce the number of infections, slow down the outbreak and
make the disease less likely to spread [34]. Similarly, models
for Plasmodium vivax malaria helped estimate how the disease
spreads in certain areas, making it easier to plan control pro-
grammes [35]. For chikungunya and dengue, the study focused
on how mosquitoes, such as Aedes species, spread the diseases
and highlighted the importance of controlling mosquito popu-
lations and human behaviour to reduce cases [36]. For TB, the
model pointed out ongoing challenges, particularly in endemic
settings, such as South Africa, where efforts to control the
disease still face significant hurdles, and developed strategies for
mitigation [37].
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FIGURE 2 Distribution of infectious diseases modelled in studies included in the review.

FIGURE 3 Distribution of mathematical model included in the
study.

Although mathematical modelling has been effective in helping
governments and health organizations make informed decisions
to reduce the spread of diseases and save lives, a key gap is that
many neglected tropical diseases and diseases endemic in low-
resourced and hard-to-reach settings are under-studied. More
research is needed on a broader range of diseases, especially those
affecting poorer or underserved populations.

3.3.1.2 Purpose and Goal of Mathematical Modelling.
The included studies focused on different goals related to
understanding and controlling infectious diseases. Some studies
looked at ways of using mathematical models to improve health
interventions, such as the timing of vaccination campaigns,
controlling mosquito populations for diseases like chikungunya
and dengue, and managing quarantine during outbreaks [25, 38].
For instance, some studies aimed to help policymakers decide
when to schedule measles immunizations, whereas another

looked at how often and for how long mosquito control measures
should be carried out [39, 40]. Other studies assessed the costs and
effectiveness of COVID-19 control measures, such as vaccinations
and other public health actions, especially in countries with
limited resources [25]. Two studies used models to predict how
diseases might spread. For example, one study estimated how
Ebola could have spread from affected countries to others [41],
and another predicted the effects of delays in mass drug distribu-
tion for diseases like onchocerciasis [42]. Some studies focused on
understanding how specific diseases, like H1N1, diphtheria and
COVID-19, spread in different environments, such as slums or
areas with specific social and economic conditions [38, 43, 44].

One gap that was noticed in these studies is that many models
did not consider the full complexity of real-world situations,
such as people who may spread diseases without showing
symptoms or the impact of social and economic factors. More
research is needed to make models more accurate, especially for
resource-constraint and disease-endemic settings.

3.3.1.3 Type of Model Used. Most of the studies included
in the review used deterministicmodels with a few stochastic and
agent-based models. Deterministic models were commonly used
because they are straightforward and provide quick results, help-
ing researchers understand overall trends in disease outbreaks,
such as how vaccination or quarantine might reduce the spread
[45]. However, these models do not account for randomness or
individual differences, which are important in real-life situations.
A basic model like the susceptible, infected and recovered (SIR)
model is a useful starting point but fails to include important
factors like vaccination coverage or the multiple sources of
infection seen in diseases like Chagas [46]. Stochastic models,
though used less often, are better at capturing unpredictable
events and differences between individuals, making them more
useful for studying small outbreaks or rare events [47]. On
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the other hand, agent-based models, which were rarely used,
can simulate detailed interactions between people and their
surroundings, helping to understand disease patterns in specific
settings like crowded urban areas or during holiday travels [48,
49].

The main gap identified in this review is the limited use of
stochastic and agent-based models that can provide deeper
insights into outbreaks. Future studies should focus on using
these models to improve understanding and complement deter-
ministic approaches.

3.3.1.4 Study Findings and Insights. In this review, the
included studies reported on the outcomes of strategies to control
infectious diseases. Some studies showed that factors like seasons,
population density and age groups play a big role in the spread
of diseases [23, 35]. For example, a study revealed that children
and people living in crowded areas were found to contribute
most to disease transmission [43]. Additionally, vaccination was
highlighted as a key measure to reduce infections, especially
when combined with regular booster doses, screening, and other
strategies like social distancing [39, 50]. Some studies emphasized
the importance of quick action, such as isolating cases during
Ebola outbreaks or resuming mass drug administration (MDA)
for neglected tropical diseases after disruptions [30, 33, 38, 42].
Real-time data, like tracking people’s movement through mobile
phones, were also useful for predicting and managing outbreaks
[51].

However, there are still gaps in knowledge. Many studies lacked
detailed information on the role of people who don’t show
symptoms but can still spread the disease. There is also a need for
better strategies to adapt interventions for low-resource settings
andmore research to understand how cost and long-termbenefits
can guide control efforts.

3.3.1.5 Barriers and Challenges Encountered. Several
studies reported data issues such as underreporting of cases,
unavailability of data and inconsistent data as themajor challenge
[24, 26, 33, 39, 42, 46]. Models often depend on early outbreak
data; however, they may be incomplete, unreliable or outdated,
such as data from older Ebola outbreaks [23, 31, 37, 44]. Problems
like underreporting or delays in detecting cases make it difficult
to understand the true scale of outbreaks, especially in under-
resourced settingswith limited surveillance systems [34]. General
assumptions about how people interactmay alsomiss local differ-
ences in behaviour or healthcare systems. Additionally, reliance
on the available small number of funders due to inadequate
funding institutions or groups could influence the direction of
research. To improve disease modelling, more detailed, flexible
and locally tailored approaches are needed to better support
disease control efforts, particularly in resource-limited settings.
Another challenge highlighted was resource constraint and lack
of trained personnel [40]. Some models used basic versions that
do not include many real-world details, and they might miss
important parts of how diseases spread, making the results less
reliable in real-world settings [52].

3.3.2 Quantitative Data Synthesis

3.3.2.1 Meta-Analysis. Meta-analysis was conducted to
synthesize data pooled from five studies that assessed the effect of
interventions for controlling disease outbreaks on the reproduc-
tionnumber (R0) of various diseases as predicted bymathematical
models (Table 2). For example, quarantine, increasing case
ascertainment, vaccination, lockdown and expanding treatment
centres, among others. These studies reported effect sizes along
with their 95% CIs and standard errors, indicating the level of
uncertainty around each estimate. The table also outlines the
type of mathematical model used and specifies the geographical
setting of each study, reflecting the application of the model in
an underserved setting. A random-effects REMLmodel was used
to calculate the pooled effect size, as this approach accounts
for both within-study and between-study variability. However,
the heterogeneity analysis revealed no variability among studies
as presented in Figures 4 and 5, and Supporting Information
File 3.

3.3.2.2 Heterogeneity Assessment. We then assessed het-
erogeneity among the included studies using the I2 statistic and
Cochran’s Q test to determine the extent of variability in effect
sizes attributable to differences between studies. Cochran’sQ test
yielded a Q value of 1.32 (p = 0.8585), suggesting that the vari-
ation in effect sizes was not statistically significant (Supporting
Information File 3). Likewise, the I2 value was 0.00%, indicating
that there is no observable heterogeneity among the included
studies (Figures 4 and 5, Supporting Information File 3). This
result implies that the observed differences in effect sizes are
likely due to random variation rather than systematic differences
between studies. The pooled effect sizewas estimated to be θ= 1.3,
and the result was statistically significant (p < 0.0001). This
finding suggests that, on average, the interventions reduced the
reproduction number across the included studies.

3.3.2.3 Overall Effect Size. The forest plot demonstrates
that interventions significantly reduced the reproduction number
(R0) across the included studies (Figure 4). The lack of hetero-
geneity strengthens the confidence in the pooled effect size of
1.32. However, individual studies like Mahmud et al. [51] showed
high variability, contributing minimally to the overall result. This
analysis supports the effectiveness of interventions in controlling
disease spread.

3.3.2.4 Subgroup Analysis by Model Type. Both deter-
ministic and stochastic models demonstrated significant reduc-
tions in the reproduction number (R0). The pooled effect size
for deterministic models (1.37) is slightly higher than that for
stochastic models (1.20), but the difference between the two
subgroups is not statistically significant (p = 0.708) (Figure 5).
This suggests that the effectiveness of mathematical modelling
on outbreak control is robust across both deterministic and
stochastic model types.

3.3.2.5 Publication Bias Assessment. In this analysis, the
funnel plot exhibited slight asymmetry, with one study positioned
far to the right and outside the pseudo 95% confidence limits
(Supporting Information File 4). This observation suggests the
possibility of publication bias or the presence of methodological
heterogeneity among the included studies. The asymmetry could
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TABLE 2 List of pooled studies and quantitative data for meta-analysis.

Author [Ref.]
Reproduction or
reduction number

Lower
95% CI

Upper
95% CI

Standard
error Type of model Study setting

Mahmud [51] 4.2 3.83 4.62 3.92 Deterministic Bangladesh
Reddy [22] 1.2 1.1 2.6 0.383 Stochastic South Africa
Denes and Gumel
[30]

1.4 0.268 2.585 0.590 Deterministic Guinea,
Liberia, Sierra

Leone
Fauzi [38] 1.7 0.72 2.68 0.5 Deterministic Indonesia
Lewnard [33] 1.24 1.18 1.29 0.279 Deterministic Liberia

Abbreviation: CI, confidence interval.

FIGURE 4 Forest plot displaying the results of individual studies and the overall pooled estimate.

be due to the overrepresentation of studies with significant
results, particularly those with larger effect sizes. Smaller studies
(with higher standard errors) showed greater dispersion, as
expected due to their increased variability [53, 54].

3.3.2.6 Outlier Identification by Galbraith Plot. The
Galbraith plot presents the standardized effect sizes of individual
studies plotted against their precision. In this plot, most studies
fall within the shaded 95% CI, indicating consistency with the
overall pooled effect (Supporting Information File 5). The red
regression line represents the trend of the data, and the proximity
of the points to this line suggests the level of agreement among
studies. The black line at zero represents the no-effect line.
None of the studies deviate significantly from the shaded region,
which implies minimal heterogeneity and no apparent outliers.
This suggests that the meta-analysis results are robust and
reliable.

3.3.2.7 Quality Appraisal. The methodological quality of
included mathematical modelling studies was appraised using
the checklist developed by Philips et al. for decision-analytic
models [55]. This validated checklist is made of 17 questions
categorized under 4 domains: the structure of model, data,
consistency and validation and uncertainty. Each question is
rated NA (not applicable), 0 (not met), 1 (partially met) and 2
(fully met). The total scores are converted to percentage scores

and interpreted as <60% (low quality), 60%–79% (moderate
quality) and 80%–100% (high quality). Overall, 77.8% of the
included studies had moderate-to-high quality. Specifically, 9
(33.4%) studies had high quality, 12 (44.4%) had moderate quality
and 6 (22.2%) had low quality (Supporting Information File 6).

4 Discussions

This review synthesized current evidence on the application of
mathematical modelling in predicting and managing infectious
disease outbreaks, highlighting its effectiveness and potential
benefits, particularly in resource-limited settings. The determin-
istic model was the most employed approach, favoured for its
simplicity, clarity and ease of interpretation. It effectively illus-
trates transitions between susceptible, infectious and recovered
states within a population [45]. However, deterministic models
do not account for randomness or variability, which limits their
realism [45]. In contrast, stochastic models incorporate elements
of chance, making them more suitable for representing systems
influenced by random processes [9, 56]. On the other hand,
the agent-based models simulate behaviour and interactions of
human agents to assess system-level outcomes [48]. Despite its
limitations, the deterministic model is the most utilized model in
both underserved and high-income countries. In most outbreaks,
deterministic model used studied the transmission dynamics
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FIGURE 5 Forest plot representing subgroup analysis of heterogeneity by model type. CI, confidence interval.

of various virulent pathogens. During the COVID-19 pandemic,
deterministic model was utilized to study the dynamics of the
pandemic across the world [57–64]. However, the synergistic use
of two or more modelling approaches has been shown to yield
deeper insights into disease transmission dynamics. For example,
a study conducted in China during the COVID-19 pandemic
employed both deterministic and stochastic models to project
the spread of SARS-CoV-2 [10]. This combined approach offered
a more comprehensive understanding of the virus’s behaviour
and provided more robust guidance for prevention and control
strategies [10].

In the current review, we found that the most extensively studied
diseases were COVID-19, Ebola, chikungunya and onchocercia-
sis, reflecting a focus on high-profile infectious disease outbreaks
that often receive significant global attention. Although this
emphasis is understandable, it highlights a gap in research
on other infectious diseases, such as malaria, TB and other
neglected tropical diseases that disproportionately affect under-
served communities. These diseases continue to pose persistent
challenges in resource-limited settings due to factors, such as
inadequate sanitation, limited access to healthcare and broader
socioeconomic inequalities [65]. Mathematical modelling efforts
should expand to include these less-studied diseases to ensure
comprehensive preparedness and effective intervention planning.
Doing so would enhance readiness for future outbreaks in
underserved regions and help close gaps in global disease control
strategies.

The meta-analysis conducted in this study demonstrated the
effectiveness of mathematical modelling in accurately predict-
ing the impact of various public health interventions during
outbreaks such as COVID-19 and Ebola. These interventions
included vaccination and mass vaccination campaigns, isolation
and quarantinemeasures, expansion of healthcare infrastructure,
MDA and the use of personal protective equipment (PPE), among
others. Modelling consistently showed that these strategies con-
tributed to a significant reduction in the basic reproduction
number (R0), thereby curbing disease transmission. The findings
further highlight the critical role of modelling in informing
timely, evidence-based responses, particularly in underserved
settings in Bangladesh, South Africa, Guinea, Liberia, Sierra
Leone and Indonesia, where themodellingwas performed [22, 30,
38, 51]. In these regions, where health systems are often under-
resourced, mathematical modelling has been instrumental in
supporting decision-making, prioritizing interventions and opti-
mizing limited resources to strengthen outbreak preparedness
and control. These findings are consistentwith those of a previous
review, which demonstrated that public health measures such
as social isolation, confinement strategies, and public education
were effective in curbing the spread of respiratory infectious
diseases during outbreaks and contributed to saving more lives
[66]. Although the individual studies included in this review
did not explicitly use modelling to arrive at these conclusions,
one consistent finding is that the implementation of appropriate
interventions has been effective in successfully managing and
controlling infectious diseases during outbreaks.
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In the current review, majority of the included studies were
conducted in Africa, aligning with the WHO’s emphasis on
addressing health challenges in regions with high disease bur-
dens and limited resources. Africa continues to experience recur-
rent infectious disease outbreaks due to factors, such as weak
healthcare systems, inadequate sanitation and limited access to
vaccination [67, 68]. In response, the WHO prioritizes capacity
building in these settings by promoting disease surveillance,
outbreak preparedness and the use of mathematical modelling
to support evidence-based decision-making. The concentration
of research in Africa suggests that the scientific community is
actively responding to global health priorities, aiming to enhance
the capacity to predict, respond to and control outbreaks in
resource-limited settings [16, 17]. However, a major challenge in
the African context is the heavy reliance on outdated outbreak
data, alongside persistent issues such as underreporting of cases,
limited data availability, and inconsistencies in data quality [24,
26, 33, 39, 42, 46]. These factors significantly constrain the
accuracy and effectiveness of mathematical modelling efforts
across the continent.

4.1 Strength and Limitations

The strength of this review lies in its systematic, comprehensive
and reproducible search strategy, which ensured broad coverage
of relevant literature. A robust quality appraisal was conducted,
and the included studies showed minimal heterogeneity and
limited risk of bias, enhancing the credibility of the findings.
Additionally, the inclusion of a substantial number of studies that
met the inclusion criteria strengthens the overall evidence base
and supports the generalizability of the narrative synthesis. A
key limitation is the inclusion of six studies that were rated as
low quality due to the absence of clear information on essential
methodological elements such as data sources, procedures for
data identification, assessment of data quality and relevance,
justification for data treatment (e.g., extrapolation or transfor-
mation), internal model validation (e.g., debugging), external
validation and the handling of uncertainty (e.g., sensitivity
analysis, structural or methodological uncertainty, discounting
and time horizons). However, these were only 6 out of 27
included studies, representing 22.2% of the included studies.
Despite their poor quality, they were retained because they
addressed the core objectives of the review. Excluding these stud-
ies would have risked omitting valuable context-specific insights
from resource-limited settings, where methodological reporting
is often constrained, and the overall body of evidence remains
limited. To mitigate the potential bias associated with their lower
quality, we applied a structured and transparent quality appraisal
process and clearly documented the limitations of these studies.
Additionally, findings from these studies were interpreted with
caution and were not overemphasized in our conclusions. All
claims have been cross-validated against higher-quality studies
in the discussion to ensure that any policy-relevant or practice-
informed insights were grounded in consistency. Additionally,
only five studies were eligible for inclusion in the meta-analysis,
as they provided pooled data on reproduction numbers during
disease outbreaks. This limited quantitative analysis reduces the
ability to draw strong statistical conclusions about intervention
effectiveness across diverse settings. The limited number of
quantitative studies may limit the statistical power and preclude

broad generalizability of the meta-analysis. However, this reflects
the scarcity of quantitative modelling research conducted in
underserved settings, a critical gap this review aims to highlight.
Although the pooled estimates provide valuable insights, they
should be interpreted with caution and within the context of
the specific populations and diseases studied. Furthermore, the
dominance of deterministic models and the underrepresentation
of diseases beyond high-profile outbreaks such as COVID-19 and
Ebola may limit the applicability of findings to a broader range
of infectious diseases, particularly those endemic in underserved
populations.

4.2 Conclusions

This review provides evidence of how mathematical modelling
has been applied to support the prediction and control of infec-
tious disease outbreaks in underserved populations. Although
several studies demonstrated practical utility, the effectiveness
of modelling approaches varied across contexts. Notably, one
consistent finding was the potential of modelling to predict
the impact of interventions on reducing reproduction numbers
(R0), as demonstrated by the meta-analysis, which yielded a
pooled effect size of 1.32 (θ = 1.32, p < 0.0001). Most of the
included studies employed deterministic models, valued for their
simplicity and interpretability, but these models offered limited
variability and may constrain broader applicability. The reliance
on a singlemodelling approach inmany cases highlights the need
for methodological diversity to enhance contextual relevance.
Importantly, the review highlights persistent challenges in data
availability and quality, which can significantly affect the relia-
bility of modelling outcomes. This work contributes to ongoing
efforts aligned with SDG 3 by promoting evidence-informed
approaches to disease prevention in low-resource settings. This
also supports SDG 10 by highlighting the need to reduce health
inequities through improved access to data-driven public health
tools.

4.3 Recommendation for Research

To address the limitations outlined, future research should prior-
itize the exploration of diverse modelling techniques, strengthen
data collection and reporting systems and broaden the scope
to include a wider range of diseases affecting underserved
populations. Additionally, there is a need for more high-quality,
quantitative studies that evaluate model performance using real-
world data. To enhance the quality and practical relevance of
future modelling studies in underserved settings, we recom-
mend the adoption of standardized modelling and reporting
frameworks.

4.4 Recommendations for Practice

4.4.1 Strengthening Data Collection andManagement
Systems

An effective data collection and management system is essential
for generating accurate and reliable information to support
public health decision-making. This can be achieved by providing
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targeted training to healthcare workers, equipping them with
the necessary skills and knowledge to manage and utilize data
effectively. Additionally, strengthening local infrastructure, such
as implementing robust health information systems and disease
surveillance networks, can enhance the timeliness and quality
of data collection, particularly in resource-limited settings. Pub-
lic health practitioners and policymakers in underserved areas
should also prioritize the integration of context-specific mathe-
matical modelling approaches to enhance outbreak preparedness
and guide response strategies.

4.4.2 Leveraging Technology

Mobile phones, mobile applications and electronic health records
offer practical tools for gathering, storing and transmitting data
efficiently, particularly in remote and underserved areas. These
technologies enable real-time data collection, which can signif-
icantly enhance response times. Moreover, they facilitate the
tracking of disease trends and support the early detection of
outbreaks, thereby strengthening overall surveillance and public
health response systems. These provide adequate and quality data
for models.
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