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Abstract

Introduction:  infectious  diseases  present
significant global public health challenges, sharing
common transmission cycles, clinical
manifestations, and epidemiological

characteristics. Understanding these diseases
collectively can offer valuable insights into their
dynamics. This study aims to synthesize
methodologies used in spatial and temporal
modeling of diseases, focusing on identifying
common covariates and factors influencing joint
disease modeling. Methods: a systematic search
was conducted in June 2023 across electronic
databases (Scopus, PubMed, Web of Science,
Cochrane Library) using specified terms. Articles
published in English from January 2000 to April
2023 were included. Screening, data extraction,
and critical appraisal were independently
performed by two reviewers. The review employed
a modified quality assessment tool with a median
score of 10/12 for the included studies. Results:
seventeen articles met inclusion criteria, with
Bayesian methods prominently utilized in 10
studies. These studies employed generalized linear
mixed models integrating spatial random effects to
jointly model diseases. Nine studies conducted
simulations to validate their  findings.
Environmental and climatic variables were
frequently identified as significant covariates in
these models. Conclusion: joint modeling
approaches incorporating Bayesian frameworks
and spatial random effects offer robust
methodologies for disease surveillance and
understanding transmission dynamics across time
and space. Further advancements in
methodological approaches will be essential for
enhancing disease modeling accuracy and
informing effective public health interventions.

Introduction

Spatiotemporal modeling and analysis aim to
contribute to our understanding of disease
transmission dynamics, prediction of epidemic
courses, assessment of control measures, and

determination of epidemic sources in both space
and time, as well as their interaction [1-3].
However, there has been limited progress in
spatial dynamics modeling of infectious
diseases [4,5]. Most proposed approaches employ
population and individual level methods to design
mathematical models, statistical models, and
spatial simulation models [6]. The Susceptible-
Infection-Recovery (SIR) model, introduced by
Kermack and McKendrick in 1927, is a commonly
used model for epidemic disease transmission, by
Kreck et al. [7]. Modeling diseases jointly allows
researchers to identify potential risk factors
associated with different diseases, providing more
robust and convincing evidence for the underlying
risks in each disease under study [8,9].
Additionally, it enables the understanding of
interactions among two or more diseases [10].
Aswi et al. [11] emphasized the importance of
shared components among diseases when
mapping multiple diseases. Recent advancements
have strengthened the inference of disease data
by extending spatial models to include aspects like
time, space, and space-time interactions. For
example, Costa et al. [12] modeled dengue fever,
Zika, and chikungunya in Brazil, highlighting the
significance of spatial analysis in determining
priority areas for public health interventions [13].
However, the joint transmission of emerging
diseases remains understudied, leading to
knowledge gaps.

Numerous spatial models have been proposed,
ranging from univariate data-based models to
spatial multivariate models [14]. Bayesian spatial
and spatiotemporal modeling approaches were
systematically reviewed by Aswi et al. [11],
revealing their ability to incorporate a wider range
of variance components at different levels in the
model, facilitating a comprehensive assessment of
prediction uncertainty. Several Bayesian
spatiotemporal models have been applied to study
joint diseases, including the Generalized Linear
Mixed Model (GLMM) with both spatial and
temporal components proposed by Wah et al. [15]
and the Generalized Linear Mixed Model (GLMM)

Lameck Ondieki Agasa et al. PAMJ-OH - 14(14). 25 Jul 2024. - Page numbers not for citation purposes. P



Article g

A PAMJ

" One Health

with only spatial random effects studied by Knorr-
Held et al. [16]. Efforts have been made to model
two diseases with a shared component [17],
extending the single-disease modeling approaches
studied by Knorr-Held et al. [16]. The shared
component model breaks down the two diseases
into three spatial components that allow for
spatial random effects: one shared by both
diseases and two disease-specific components
reflecting residual spatial variation unique to each
disease [18]. This extends the work of Wakefield et
al. [19] by proposing an alternative formulation
using a bivariate Bayesian Poisson mixed model to
jointly model two diseases, addressing the
assumptions from [20,21] of shared and disease-
specific spatial components being assumed to be
independent and ignoring the possibility of
interactions between underlying covariates with
significant spatial structure.

Spatial, temporal, and statistical methodologies in
health play a significant role in determining the
spread and transmission of diseases, particularly in
monitoring and surveillance efforts [15,20].
Advances in joint spatiotemporal modeling of
infectious diseases have been driven by
improvements in geostatistical techniques [22].
Despite this progress, there have been no prior
reviews on the methodological modeling of joint
diseases, which this review aims to address.
Therefore, this review contributes to the
advancement of methods for spatially modeling
diseases. The results of this systematic review
offer a comprehensive understanding of modeling
joint diseases, especially those transmitted by
similar vectors, thereby aiding in their spread and
mitigation. This study contributes to the
methodology and practice of spatiotemporal
modeling of emerging diseases. Its findings are of
great significance to researchers and all sectors
involved in epidemiological modeling and public
health. Ultimately, this research seeks to enhance
the understanding of joint modeling and
spatiotemporal methods in health data
applications to inform policies related to
monitoring and surveillance. The objectives of this

study was to systematically retrieve, summarize
methods and examine the methods that have
been used to jointly map diseases.

Methods

Methods: the results were reported according to
the Preferred Reporting Item for Systematic
Review and Meta-analysis guidelines [23]. Further
the paper [11,15] on methodological review was
used to guide the review writing.

Inclusion and exclusion criteria

Inclusion criteria: the study included Peer-
reviewed studies utilizing joint spatial and
spatiotemporal modeling techniques for disease
mapping. Spatial models, defined by a
geographical index, and temporal models,
characterized by a time index. Spatiotemporal
models, encompassing both geographical and time
indices. Joint models addressing two or more
diseases. Studies employing a minimum of two
visualization or modeling techniques, with or
without covariates, to assess diseases.

Exclusion criteria: studies employing only one
visualization or modeling technique, with or
without covariates, for disease assessment.
Commentaries, expert reviews, or reports lacking
original research, with only relevant research
studies considered for inclusion.

Registration and protocol: this systematic review
adheres to the guidelines outlined in the PRISMA
statement. Additionally, the review has been
registered on PROSPERO with the following
reference number: CRD42021246889.

Search methods for identification of studies: a
comprehensive search strategy was done for peer-
reviewed articles that employ use of spatial,
temporal, spatiotemporal and joint modelling
techniques in diseases with no time and language
limits. The following databases were searched:
PubMed, Science direct, Scopus, Cochrane library,
Trip database. Additional papers were identified
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by examining the reference lists of retrieved
studies and by contacting the authors where
necessary. A spatial model means that which has a
geographical index, while a temporal model has a
time index. Spatiotemporal implies those with
both geographical index and time index, and the
joint model means those that deal with two
diseases. The literature search was confined to
peer-reviewed journal articles published in English
from January 2000 to June 2023. All search results
were compiled, and duplicates were eliminated
using EndNote. Initially, one author screened the
titles and abstracts of the identified articles
through keyword searches. Subsequently, papers
meeting the inclusion criteria were subjected to a
comprehensive evaluation by reading the full text.
This latter stage was carried out independently by
two authors. Any disagreements between the
authors were resolved through discussion and
consensus.

Study selection: two authors independently
screened titles and abstracts to identify relevant
studies for inclusion in the study. Studies that
aligned with the research questions were further
assessed for eligibility in a full-text review. Any
discrepancies that arose were resolved through
consensus or with the involvement of an
independent arbitrator.

Data extraction and management: two reviewers
independently used a standardized extraction
form to gather data. This form was pre-tested and
refined as needed. In cases of discordance, a third
party, was consulted for input. The extraction
tools contained essential information such as
bibliographic details, research objectives, data
sources, disease data, types of covariates, data
analysis methods (including modeling
approaches), and the generated results.

Assessment of risk of bias in included studies:
two authors independently assessed all articles.
Any disagreements or inconsistencies were
resolved by an arbitrator. The critical appraisal was
conducted using an adapted tool for assessing the
quality and risk of bias in modeling studies, as

described by Aswi et al., Wah et al.et Moher et al.
[11,15,23]. Eight-point scoring criteria, modified to
suit the aims, objectives, input data, model
validity, results, and conclusions of individual
studies, was employed. Screening questions and
criteria guided the scoring process, with scores
ranging from 0 (poor) to 2 (good) for each
criterion. The overall quality of individual studies
was categorized as very high (>13), high (11-13),
medium (8-10), or low (<8) [23].

Handling missing data: any missing data were
documented for consideration in the analysis.
Efforts were made to collect missing information
from the authors, and significant empirical data
related to the population under analysis were
analyzed.

Data synthesis: data from studies with similar
covariates, diseases, and study designs were
pooled. Due to variations in the measures used by
the studies that met the inclusion criteria, the
results were summarized in a narrative format.
The interpretation of study findings took into
account the methodological quality of the studies
before concluding.

Sample size calculation: sample size calculation
was not performed as all systematic reviews
published during the search period and meeting
the eligibility criteria were to be included.

Subgroup analysis: insufficient data prevented the
conduct of subgroup analyses to explore the
effects of covariates in modeling the diseases.

Results

Literature search: a total of 3630 studies were
retrieved from the various databases with 30
studies fully screened after the title and abstract
review. Ultimately 17 studies were included for
review and underwent quality assessment and
synthesis (Figure 1).

Characteristics of included studies: the systematic
review of infectious disease studies presents four
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distinct yet interconnected themes that
encompass critical aspects of disease modeling,
surveillance, and response. These themes
collectively contribute to our understanding of
infectious disease dynamics and the factors
influencing their spread and impact. The four
themes are listed below.

Surveillance and rapid response: this theme
investigates into the strategies and approaches
employed for the surveillance of infectious
diseases, with a focus on swift and effective
responses to emerging health threats. It explores
how data collection, monitoring, and early
detection play pivotal roles in disease control and
public health interventions.

Disease emergence and environmental factors:
understanding the emergence and re-emergence
of infectious diseases is vital. This theme
investigates the complex interplay between
environmental factors, climate change, and
disease dynamics. It highlights how shifts in
environmental conditions can influence the
prevalence, distribution, and emergence of
infectious diseases.

Bayesian modeling and spatial analysis: Bayesian
statistical modeling and spatial analysis techniques
are at the core of this theme. It showcases the
power of these methods in unraveling the
complexities of disease modeling and spatial
patterns. These approaches enable researchers to
gain valuable insights into disease spread,
clustering, and risk assessment.

Joint modeling of multiple diseases: investigating
the joint distribution and interactions of multiple
diseases is the focus of this theme. It
demonstrates the significance of understanding
how different diseases coexist and affect one
another. Joint modeling provides a holistic view of
disease dynamics, aiding in more effective disease
management and control strategies. The themes
from the table encompass a wide range of study
sites, modeling approaches, and software tools
used in infectious disease research. While some

studies explicitly mention the use of covariates,
others focus on Bayesian modeling, spatial
analysis, and the impact of environmental factors
on disease dynamics. These themes collectively
contribute to our understanding of disease
modeling, surveillance, and the factors influencing
disease spread. The provided in the Annex 1
presents a summary of various studies related to
infectious diseases, highlighting key details such as
study objectives, study locations and periods,
diseases involved, covariates, modeling
approaches, key findings, further
studies/recommendations, and software used.

Joint modeling of arbovirus

Most studies demonstrate various approaches to
joint modeling, incorporating Bayesian methods,
spatial  analyses, and  consideration  of
environmental and social factors to understand
the complex dynamics of disease transmission,
particularly in regions affected by multiple
arboviruses [24-29]. Each study contributes
insights that can inform public health strategies for
surveillance, prevention, and control of these
diseases. Martinez-Bello et al. [24] aimed to
estimate the relative risk of dengue and Zika virus
concurrently in Colombia from October 2015 to
December 2016. Using Bayesian poisson joint
models, the researchers found distinct risk
distributions for Zika and dengue across different
municipalities in Colombia, highlighting
geographical variations in disease prevalence.
Aguiar et al. [25] conducted a study in Brazil
between 2015 and 2016, this study modeled
potential outbreaks of Zika and chikungunya.
Utilizing a statistical Maxent model, the research
identified environmental and social conditions
contributing to varying infection risks across
Brazilian territories, emphasizing the impact of
land use and other factors on disease ecology.
Gémez-Rubio et al. [27] proposed a Bayesian
hierarchical spatial-temporal model to jointly
analyze multiple diseases in Spain. The research
examined specific and shared spatial and temporal
effects, the research aimed to pinpoint areas at
high risk for various diseases, providing insights
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into disease dynamics useful for public health
decision-making. Freitas et al. [28] focused on Rio
de Janeiro, Brazil, during 2015 and 2016, this study
utilized scan statistics analysis to explore the
space-time dynamics of dengue, chikungunya, and
Zika outbreaks. The findings highlighted clusters of
these diseases and suggested targeted
interventions in high-risk locations to enhance
clinical management and vector-control measures.
Schmidt et al. [29] conducted a study in Rio de
Janeiro, Brazil, where dengue has been endemic,
this study developed a poisson-multinomial spatial
model to simultaneously analyze outbreaks of
dengue, chikungunya, and Zika. By incorporating
environmental factors, such as population density,
the research assessed how these variables
influence the spatial distribution and occurrence
of different arboviruses. These studies underscore
the importance of joint modeling approaches in
understanding the complex epidemiology of
arbovirus diseases, offering valuable insights into
geographical variations, environmental influences,
and potential strategies for disease surveillance
and control.

Modeling approaches

The studies reviewed employ a range of
sophisticated modeling approaches tailored to
understand the epidemiology of arbovirus
diseases across different regions and contexts.
Commonly utilized modeling techniques include
Bayesian approaches such as Bayesian Poisson
joint models [24,28-31], Bayesian hierarchical
spatiotemporal models [27,32], Bayesian change
point models [16,17,33], multivariate negative
binomial models [27,29], bivariate Poisson
distributions [33,34], Geographic Information
Systems (GIS)-based tools and geostatistical
analyses [32] and scan statistics and space-time
cluster analyses [28]. These methods allow
researchers to integrate various data sources,
account for spatial and temporal dependencies,
and provide robust estimates of disease risk
factors and transmission dynamics.

Additionally, multivariate negative binomial
models and bivariate poisson distributions are
used to analyze concurrent infections and
mortality rates across multiple diseases, enhancing
the accuracy of statistical inference compared to
traditional univariate methods. Spatial cluster
models implemented through reversible jump
Markov chain Monte Carlo methods are also
employed to detect joint and selective clustering
patterns of diseases within specific geographic
areas. Furthermore, Geographic Information
System (GIS) tools and geostatistical analyses play
a crucial role in spatial risk analysis, identifying
environmental hotspots conducive to disease
emergence and transmission. Scan statistics and
space-time cluster analyses within R software are
used to detect temporal and spatial patterns of
disease outbreaks, guiding targeted interventions
and public health measures. The diverse modeling
techniques highlight the complexity of arboviral
disease dynamics and underscore the importance
of interdisciplinary approaches in epidemiological
research to inform evidence-based public health
policies and interventions.

Covariates used

Integrating covariates in disease studies enhances
the understanding of disease dynamics and
informs targeted interventions. The studies
guantified the complex interactions between
environmental, climatic, and sociodemographic
factors, thereby improving public health strategies
for disease prevention, surveillance, and control.
Studies such as Aguiar et al. [25] looked at land
use and urbanization Adegboye et al. [26] studied
water bodies and irrigation. Ushijima et al. [32]
looked on land use and geographic suitability
while Freitas et al. [28] land use, urban planning
and urbanization, socioeconomic status [29,31]
looked urbanization, socioeconomic conditions for
transmission of arbovirus. These factors influence
vector habitats, breeding sites, and contact
between humans and vectors. All these
studies [25,26,28,31,35,36] considered climatic
variables like  temperature, rainfall, and
seasonality. These factors affect vector biology,
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pathogen development, and the seasonal patterns
of disease outbreaks. Held et al.et Souza-Santos et
al. [37,38] focused on sociodemographic factors
such as urbanization, socioeconomic status, and
healthcare access. These factors influence
exposure to disease, healthcare-seeking behavior,
and the effectiveness of public health
interventions.

The findings from studies incorporating
environmental, climatic, and sociodemographic
factors into disease modeling are crucial for
advancing our understanding and prediction of
disease dynamics. Environmental factors play a
significant role in  disease  transmission
dynamics [25,26,35,38]. These factors influence
the distribution and abundance of disease vectors
and reservoirs, impacting the spatial and temporal
patterns of disease outbreaks. This is key in
understanding the geographic distribution of
disease risk and identify hotspots for targeted
interventions.

Climatic variables such as temperature, rainfall,
and seasonality significantly affect vector biology,
pathogen development, and disease transmission.
The studies [25-28,31,38] have demonstrated how
these factors can influence disease incidence and
outbreak dynamics. Incorporating climatic data
into models assist in predicting seasonal peaks and
troughs in disease incidence hence assessment of
the potential impact of climate change on disease
distribution and emergence. This can help in
developing early warning systems based on
climatic forecasts to enhance preparedness and
response to disease outbreaks.

Sociodemographic factors, including population
density, socioeconomic status, healthcare access,
and cultural practices, shape vulnerability and
resilience to disease. The studies [28,29,31] have
underscored the importance of these factors in
influencing disease transmission and response
strategies. These behavioral aspects help to
understand healthcare-seeking behavior,
compliance  with  control measures, and
community response to outbreaks. Thus,

addressing disparities in disease burden and
access to healthcare services across different
demographic groups.

Incorporating  environmental, climatic, and
sociodemographic factors into disease modeling
enhances our ability to predict, prevent, and
control infectious diseases effectively. These
findings are crucial for developing robust public
health strategies that can mitigate disease risks
and improve health outcomes globally.

Diseases involved and study sites

Both Zika and Dengue studies [3,24,25,31,32,38]
are mosquito-borne viral infections transmitted
primarily by Aedes mosquitoes. They pose
significant public health threats in tropical and
subtropical regions, causing outbreaks
characterized by fever, rash, and in severe cases,
neurological complications (Zika) and hemorrhagic
fever (Dengue fever). The study was conducted in
Colombia, Brazil, Thailand and Netherlands.
Malaria and Cutaneous Leishmaniasis was studies
in Afghanistan by Adegboye et al. [26]. Malaria is
caused by Plasmodium parasites and transmitted
through the bites of infected Anopheles
mosquitoes. Cutaneous Leishmaniosis is caused by
protozoan parasites of the Leishmania genus and
transmitted through sandflies bites. Both diseases
are endemic in Afghanistan, impacting rural
populations with limited access to healthcare and
vector control.

Multiple diseases were studied in Spain by Gémez-
Rubio et al. [27]. Studying multiple diseases allows
for a comprehensive understanding of disease
interactions, co-occurrence patterns, and shared
risk factors. This approach helps in developing
integrated surveillance and control strategies to
manage overlapping disease burdens effectively.
Zoonotic Diseases in these studies [24,31,32], are
infections transmitted between animals and
humans. The research reads to understanding of
the environmental and climatic factors influencing
zoonotic disease transmission thus crucial for
predicting and preventing outbreaks, especially in
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areas experiencing environmental changes and
human-animal interaction.

Arbovirus diseases (Dengue, Chikungunya and Zika
jointly) were studied in Brazil by the
studies [25,28,29,38]. These arboviruses are
viruses transmitted by arthropods (such as
mosquitoes and ticks). Dengue, Chikungunya, and
Zika viruses are major arboviral diseases affecting
tropical and subtropical regions worldwide. These
diseases have overlapping transmission cycles, and
their co-occurrence presents challenges for
disease control and management. Studying
diseases in diverse geographic locations provides
insights into regional differences in disease
burden, transmission dynamics, and risk factors.
This knowledge is crucial for tailoring interventions
to local contexts and populations. Additionally,
many of the diseases studied have global health
implications due to their ability to spread rapidly
across borders (e.g., Zika outbreaks in the
Americas). Understanding their epidemiology and
environmental drivers contributes to global health
security and pandemic preparedness.

Studying diseases across various study sites and
understanding their interactions with
environmental, climatic, and sociodemographic
factors is critical for advancing public health
research, improving disease control strategies, and
ultimately reducing the global burden of infectious
diseases.

Quality assessment of included studies

The study adapted an assessment tool for
modelling used by Aswi et al. [11] and attached in
Annex 1 where the quality scores for reviewed
paper ranged from 6 to 16 out of 16 (Annex 2).
two studies were classified as low quality, three
has high quality and 9 has high quality and two has
very high quality The median score was 13/16
which is categorized as high quality as shown in
result in Annex 3.

Discussion

A variety of Bayesian spatial and spatiotemporal
approaches were used in joint modelling of
diseases [14,15,19,29,33,36,37]. Most studies
adopted a fully Bayesian model with a spatially
structured random effect using a Conditional
Autoregressive (CAR) prior structure to investigate
the relationship between the risk diseases and
selected covariates spatial empirical Bayes
smoothing was used for two studies to examine
the spatial distribution of dengue and zika in
Columbia [24,25]. Generalized Linear Mixed
Models (GLMMs) with proper CAR spatial random
effects were applied to develop disease maps,
poisson temporal components were additionally
incorporated, either as a temporal
covariate [27,32]. Among the selected studies,
only two studies used a GLMM with spatial,
temporal and spatiotemporal random effects
while one included these components along with
an additional temporal covariate. Other GLMM
spatiotemporal random effects models with
incorporation of a temporal trend have also been
developed. These studies [14,16,17,33] used a
GLMM zero-inflated model. Alternative models
included estimation of relative risk for the
transmission of vector borne disease based on
discrete time and space via a susceptible-
infectious-recovered model for human
populations.

Modeling covariates

The covariates used in models varied widely
among the studies reviewed. Annex 3 shows two
categories of covariates have been used widely i.e
climatic covariates and migration. More than half
of the studies used environmental/climatic factors
in joint modelling of diseases. The climatic
variables that were used are temperature and
rainfall.

Implications for practice

Infectious diseases have spread in the globe faster
and will be a big problem in the future. As most of
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these diseases are mosquito-borne diseases, it
calls for careful study and understanding of the
joint effect of these diseases for policy and
containment. There is a need to continually review
and validate models that help in mapping and
surveillance of diseases jointly.

Implications for research

Modeling diseases jointly aids in prediction of the
next disease outcome. Variables should be
selected based on data variables and the effect
they have on the whole model. The aim of variable
selection should be to maximize predictions and
accurate mapping of diseases. The spatiotemporal
modeling approaches should incorporate the
challenges facing the control and elimination of
vector borne diseases like migration, and co-
infection.

Conclusion

There are only a few proposed spatiotemporal
models capable of jointly analyzing multiple
diseases, highlighting the necessity for further
model development in this area. This review
comprehensively covers the approaches used in
joint spatial and spatial-temporal modeling. The
strategy employed in this review was transparent,
as it encompassed all articles written in English.
Relevant papers published in other languages
were excluded, which aligns with the guidelines
for reporting methodological reviews. The
included studies offer a thorough description of
vector-borne diseases and their potential for joint
modeling. Consequently, conducting a meta-
analysis in this study would not be appropriate.

What is known about this topic

e Bayesian spatial and spatiotemporal
approaches are commonly used in joint
disease modeling;

e Generalized Linear Mixed Models (GLMMs)
are frequently employed for disease
mapping, often incorporating spatial and
temporal random effects;

e (Covariates used in joint disease models
vary widely, with environmental and
climatic factors being the most common.

What this study adds

e This study systematically synthesizes
methods for spatial and temporal modeling
of diseases, identifying shared covariates
across studies;

e |t reviews factors influencing the
development of joint disease models,
providing insights into methodological
advancements in disease surveillance;

e The review highlights the necessity for
further model development in joint spatial
and spatiotemporal modeling to address
the limited number of proposed models
capable of analyzing multiple diseases
concurrently.
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