Pre prints.org

Review Not peer-reviewed version

Predictive Intelligence for Mpox Virus
Control in the Democratic Republic of
Congo: Opportunities, Equity, and
Pathways Forward

Chigozie Louisa J. Ugwu , Woldegebriel Assefa Woldegerima i , Andrew Omame , Farah Al Hashimi

Posted Date: 18 August 2025
doi: 10.20944/preprints202508.1267v1

Keywords: machine learning; predictive intelligence; Mpox; Democratic Republic of Congo; spatiotemporal
modeling; one health; equity

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/555502
https://sciprofiles.com/profile/2721562
https://sciprofiles.com/profile/2645799
https://sciprofiles.com/profile/4367538

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 August 2025 d0i:10.20944/preprints202508.1267.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Review

Predictive Intelligence for Mpox Virus Control in the
Democratic Republic of Congo: Opportunities, Equity,
and Pathways Forward

2 3,% 14

Chigozie Louisa J. Ugwu {7, Woldegebriel Assefa Woldegerima >*{, Andrew Omame

and Farah Al Hashimi !

1 Disease-Informed Modelling, Methods, and Systems (DIMMS) Laboratory, , Department of Mathematics and Statistics, York
University, Toronto, Ontario, Canada

Department of Statistics, University of Nigeria Nsukka, Enugu-State 410001, Nigeria

Department of Mathematics, CNCS, Mekelle University, Tigray, Ethiopia

Department of Mathematics, Federal University of Technology, Owerri 460114, Nigeria

*  Correspondence: wassefaw@yorku.ca; Tel.:+1-(416)-736-2100

=W N

Abstract

Machine learning (ML) and predictive intelligence are increasingly recognized as transformative
tools for epidemic preparedness, yet their translation into operational use in Mpox-endemic and
resource-limited settings such as the Democratic Republic of Congo (DRC) remains limited. This
narrative review examines emerging evidence on opportunities, challenges, and equity considerations
for integrating predictive approaches into Mpox control. We highlight principles of spatiotemporal
learning, hybrid and ensemble modeling, and geospatial risk mapping under conditions of sparse and
heterogeneous data. Rather than benchmarking algorithms, the review emphasizes context-sensitive
priorities, including covariate selection, interpretability, and alignment with One Health frameworks.
Pathways forward include transparent evaluation, participatory model development, and investment
in local analytic capacity. By situating predictive intelligence within DRC’s health system realities,
we argue that these approaches hold promise for strengthening early warning, improving targeted
interventions, and advancing equitable epidemic preparedness.

Keywords: machine learning; predictive intelligence; Mpox; Democratic Republic of Congo;
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1. Introduction

Mpox remains a persistent and complex public health challenge in the Democratic Republic of
Congo (DRC), which continues to report the highest global burden of cases [1-3]. The endemicity of
Mpox in the DRC reflects not only viral ecology but also the vulnerabilities of fragile health systems
that struggle to provide timely diagnosis, surveillance, and control. In recent years, outbreaks outside
Africa have drawn global attention, yet within the DRC the disease persists as an under-addressed
epidemic with profound social and economic consequences. Rural and marginalized communities
bear a disproportionate burden, underscoring inequities in health access, data quality, and research
attention. While zoonotic spillover from rodents and non-human primates, along with household
transmission, remain the dominant pathways of spread in the DRC, emerging evidence suggests that
sexual transmission may also contribute to Mpox epidemiology. Recent clusters have reported genital
lesions and detection of viral DNA in semen, indicating that sexual contact could play a role alongside
traditional transmission routes [4-6]. Although not yet as well documented or dominant as in Clade II
outbreaks in Europe and the Americas, this evolving evidence highlights the importance of flexible
modeling frameworks that can adapt to shifting epidemiological realities.

Moreover, advances in data science and machine learning have expanded the possibilities for
forecasting and early warning in infectious disease epidemiology [7-11]. Predictive intelligence, a term
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encompassing machine learning, geospatial modeling, and real-time surveillance analytics, offers new
pathways for anticipating epidemic dynamics, identifying ecological risk zones, and informing targeted
interventions. While these approaches have been piloted in other emerging infectious diseases, their
application to Mpox within the DRC remains extremely limited. Weak surveillance networks, patchy
laboratory infrastructure, and under-resourced data systems create barriers to both the development
and operationalization of predictive tools [12,13]. These gaps are not merely technical but structural,
reflecting broader inequities in global health research and response.

This narrative review examines the role of predictive intelligence in Mpox control, focusing
specifically on the opportunities and constraints in the DRC. Our intention is not to benchmark
algorithms or provide a systematic synthesis of model performance. Rather, we highlight conceptual
foundations, methodological innovations, and equity considerations that are relevant to fragile and
data-sparse contexts. By situating predictive approaches within the realities of the DRC health system,
we aim to show how methodological advances can be adapted, rather than transplanted, to support
context-sensitive epidemic preparedness. The review further emphasizes the importance of fairness,
participatory engagement, and governance in shaping predictive intelligence as a tool for equitable
public health action. Ultimately, our discussion frames predictive intelligence not only as a technical
innovation but also as a potential lever for reducing health inequities and strengthening epidemic
response capacity in one of the world’s most affected settings.

2. Foundations of Predictive Intelligence for Mpox
2.1. Principles and Scope

Predictive intelligence refers to the integration of machine learning, geospatial analysis, and
surveillance data into adaptive systems designed to anticipate outbreak dynamics and support public
health decision-making. In the Mpox context, this involves not only forecasting short-term incidence
trends but also identifying ecological risk zones, detecting emerging transmission pathways, and
integrating One Health covariates such as land use, climate variability, human mobility, and animal
reservoirs [14-18].

The scope of predictive intelligence extends beyond epidemic forecasting. Properly embedded
within fragile health systems, predictive frameworks can enhance routine surveillance, inform pre-
paredness planning, and support equity-focused interventions in marginalized populations. They can
also facilitate the early detection of non-linear spillover processes, particularly in zoonotic contexts
like Mpox where environmental and socio-behavioral drivers interact [10,19]. Importantly, predictive
intelligence must balance methodological sophistication with transparency, interpretability, and align-
ment with local health governance structures [20-22]. When appropriately adapted, these systems
represent not just analytical tools, but potential levers for reducing inequities and strengthening
epidemic preparedness in endemic settings.

2.2. Comparisons with Statistical Approaches

Classical regression and compartmental models remain valuable, particularly for estimating
transmission parameters and testing epidemiological hypotheses. However, they struggle with the
highly zero-inflated and sparse surveillance data typical of the DRC, where underreporting and
diagnostic delays are common [22,23]. By contrast, machine learning approaches such as ensemble
models and neural networks can capture nonlinearities, interactions, and latent risk drivers without
strict parametric assumptions [22]. Importantly, predictive intelligence should not replace statistical
methods but complement them, creating hybrid pipelines that combine epidemiological interpretability
with ML flexibility.
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3. Opportunities for Application
3.1. Forecasting Mpox Dynamics

Spatiotemporal machine learning models provide actionable forecasts that can inform rapid
response planning in fragile health systems. Approaches such as random forests, gradient boosting,
and neural networks have demonstrated utility in African outbreak contexts, including Ebola, Covid-19
and malaria, where traditional surveillance is incomplete [12,24-28]. For the Democratic Republic of
Congo, such models could generate province-level forecasts of Mpox incidence, enabling authorities to
anticipate short- and medium-term spikes, pre-position medical supplies, and intensify surveillance in
high-risk zones. Importantly, the value of machine learning lies not only in predictive accuracy but also
in its ability to integrate diverse One Health covariates and adapt to sparse, heterogeneous data. To be
operationally useful, these forecasting systems must also prioritize transparency and interpretability,
ensuring they can be trusted by decision-makers in under-resourced settings.

3.2. Hybrid and Ensemble Approaches

Hybrid models, which integrate multiple algorithms into a single predictive pipeline, have gained
traction in infectious disease forecasting because they combine complementary strengths. Artificial
neural networks (ANNSs) excel at capturing nonlinear relationships, while boosting methods such as
XGBoost reduce residual errors and enhance generalizability [8,29]. Ensemble frameworks, including
stacked or residual-corrected hybrids, have consistently demonstrated superior accuracy in forecasting
epidemics such as influenza, dengue, Ebola, and COVID-19, particularly in data-limited settings where
single-algorithm pipelines often underperform [25,30,31].

Beyond improved accuracy, hybrid and ensemble designs enable probabilistic forecasting and un-
certainty quantification, which are essential for decision-making under fragile health system constraints
[22,32]. In the Mpox context, these approaches are especially promising given sparse surveillance
data, heterogeneous reporting, and nonlinear zoonotic drivers. Our ongoing work extends this line
of research by developing a residual-stacked ANN + XGBoost framework tailored to the Democratic
Republic of Congo, with the goal of balancing predictive accuracy, interpretability, and operational
feasibility.

3.3. Illustrative Use-Cases

Predictive outputs can directly support operational decision, making in fragile health systems.
For example, spatiotemporal forecasts can anticipate diagnostic kit demand, guide targeted ring
vaccination in high-incidence zones, and optimize the allocation of rapid response teams. Beyond the
response to the outbreak, geospatial risk maps can highlight areas where ecological change, such as
deforestation and habitat invasion of wildlife, overlaps with the risk of Mpox transmission, informing
One Health interventions [24,33,34]. Similar approaches have been applied in Ebola and COVID-19
contexts to anticipate healthcare surge capacity and improve supply-chain planning [25,31]. These
examples underscore the translational potential of predictive intelligence when embedded within
stronger surveillance workflows, ensuring that forecasts are actionable rather than merely descriptive.

3.4. Geospatial Risk Mapping and Prioritization

Mpox spillover in the DRC is associated with putative reservoirs such as rope squirrels (Funis-
ciurus spp.), dormice (Graphiurus spp.), and Gambian pouched rats (Cricetomys spp.), with occasional
amplification by primates and domestic animals [15,24,34]. Human infection occurs through bushmeat
handling, contaminated materials, and close contact, while environmental drivers such as deforestation,
biodiversity loss, and land-use change increase opportunities for spillover and transmission [1,3,35].
For predictive modeling, these ecological and socio-behavioral factors represent critical covariates.
Integrating spatial ecology, human mobility, and land-use data with machine learning can improve
detection of non-linear spillover patterns and enable more effective early-warning systems [8,27].
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Figure 1. Conceptual framework of zoonotic spillover pathways of Clade I Mpox in the DRC. Rodents are the
primary suspected reservoirs, with possible amplification by primates and domestic animals. Human cases arise
through contact with animals, bushmeat, or fomites, with limited human-to-human transmission through close
contact and droplets. Environmental drivers such as deforestation, bushmeat trade, and weak surveillance amplify
spillover risk. These factors represent essential covariates for machine learning-based predictive models. Figure
created with https:/ /biorender.com.

4. Equity, Ethics, and Context
4.1. Bias, Representation, and Fairness

Health data in the DRC are unevenly distributed, with surveillance often stronger in urban
and better-resourced provinces compared to rural and marginalized regions. This imbalance risks
embedding algorithmic bias, where models disproportionately capture urban dynamics while neglect-
ing rural spillover pathways. Such bias could exacerbate existing inequities in outbreak response.
Fairness-aware machine learning methods, subgroup validation, and stratified evaluation are essential
to ensure that predictions remain representative and equitable across diverse communities [36,37].

4.2. Participatory Approaches

Contextual adaptation of predictive systems requires the active involvement of local researchers,
health workers, and communities. Participatory approaches not only build trust and legitimacy but
also reveal context-specific drivers of transmission, such as cultural practices around bushmeat or
mobility patterns, that external models often miss [38,39]. Co-designing models with local stakeholders
also supports long-term sustainability by fostering co-ownership and reducing reliance on external
expertise.

4.3. Governance and Accountability

Predictive intelligence must be governed with transparency, accountability, and ethical safeguards.
Without such measures, models risk reinforcing donor priorities or political agendas at the expense of
local needs. Open-source workflows, clear documentation, and community oversight can mitigate
these risks and ensure that predictive systems align with public health priorities [23,40]. Embedding
independent governance mechanisms is particularly important in fragile health systems where trust is
limited.
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5. Pathways for Operationalization in the DRC
5.1. Operational Barriers in the DRC

Weak infrastructure, limited diagnostic capacity, and fragmented health information systems
constrain the integration of predictive modeling into Mpox control. Most published studies remain
proof-of-concept with limited downstream translation into decision-support tools [41,42]. Bridging
this gap requires investments in both technical innovation and system-level strengthening, including
surveillance infrastructure and routine data quality improvements [43].

5.2. Bridging Evidence and Decision-Making

Effective operationalization requires harmonizing surveillance and modeling workflows, ensuring
timely data access, and strengthening feedback loops between data producers (e.g., surveillance teams,
laboratories) and data users (e.g., public health officials, community leaders). Investments in local
analytic capacity, through training, regional data hubs, and mentorship, are critical for reducing
dependence on external partners and fostering sustainable adoption [7,44].

6. Future Directions and Research Agenda

Future priorities for Mpox predictive intelligence in the DRC can be framed along three in-
terconnected axes: methodological refinement, data integration, and policy embedding. On the
methodological front, advancing hybrid and ensemble pipelines that combine machine learning with
Bayesian inference will be essential for managing sparse surveillance data. Explicit strategies must
address zero-inflation, uncertainty quantification, and small-sample regimes, which remain persistent
challenges in outbreak prediction [30,31]. Importantly, approaches that balance interpretability and
predictive powe, such as probabilistic machine learning, are particularly valuable in fragile health
systems where decision-makers require transparent, reproducible, and actionable outputs.

Data-related advances are equally pressing. Integrating One Health covariates, including eco-
logical, climatic, and socio-behavioral determinants, will strengthen predictive fidelity by capturing
upstream drivers of Mpox emergence. Genomic surveillance is urgently needed to trace viral evolution,
monitor high-risk lineages, and better understand emerging modes of transmission, including possible
sexual transmission that has been suggested in recent outbreaks [34,45]. Linking these data streams
with mobility, demographic, and health system data can substantially enhance both national and
regional forecasting capacity.

Finally, embedding predictive intelligence within epidemic response frameworks requires robust
governance structures that ensure equity, transparency, and sustainability. Predictive tools must be
co-developed with local institutions, researchers, and health authorities to prevent donor-driven
priorities from overshadowing local needs [23,36]. Strengthening analytic capacity within the DRC
through training, mentorship, and regional data hubs will be critical to sustaining predictive systems
and ensuring their long-term operational value. Bridging the gap between proof-of-concept models
and real-world decision-support systems will hinge on this alignment between methodological rigor,
diverse data integration, and participatory governance.

7. Conclusions

Predictive intelligence offers a transformative pathway for Mpox preparedness in the DRC.
If effectively operationalized, predictive models can enable earlier detection, guide more precise
interventions, and reinforce One Health responses that address the human, animal, and environmental
dimensions of transmission. By explicitly incorporating genomic, behavioral, and contextual data,
these models can also clarify the role of emerging risk factors, including possible sexual transmission,
in sustaining outbreaks.

However, realizing this potential requires overcoming persistent barriers of data scarcity, weak
health infrastructure, and inequitable representation in surveillance systems. A forward-looking
research and policy agenda must therefore emphasize methodological innovation, cross-sectoral
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data integration, and inclusive governance. When designed with fairness, transparency, and local
participation, predictive intelligence can serve not only as a scientific innovation but also as an ethical
imperative for epidemic control. By bridging innovation with equity, predictive systems can transition
from experimental research tools to actionable instruments, shaping resilient epidemic preparedness
in the DRC and informing broader global responses [7,46].
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Abbreviations

The following abbreviations are used in this manuscript:

WHO World Health Organization

DRC Democratic Republic of the Congo
CDC Centers for Disease Control and Prevention
FAO Food and Agriculture Organization
LMICs Low- and Middle-Income Countries
Al Artificial Intelligence

ML Machine Learning

RF Random Forest

CART Classification and Regression Trees
XGBoost  Extreme Gradient Boosting

ANN Artificial Neural Network

GIS Geographic Information System

SPDE Stochastic Partial Differential Equation
ZIpP Zero-Inflated Poisson

ZINB Zero-Inflated Negative Binomial

PIT Probability Integral Transform

ocCs Ontario Cohort Study
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