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Abstract

The rapid spread and growing number of dengue cases worldwide, alongside the absence
of comprehensive vaccines and medications, highlights the critical need for robust tools to
monitor, prevent, and control the disease. This review aims to provide an updated overview
of important covariates and quantitative modelling techniques used to predict or forecast
dengue and/or its vector Aedes mosquitoes in Africa. A systematic search was conducted
across multiple databases, including PubMed, EMBASE, EBSCOhost, and Scopus,
restricted to studies conducted in Africa and published in English. Data management and
extraction process followed the ‘Preferred Reporting ltems for Systematic Reviews and
Meta-Analyses’ (PRISMA) framework. The review identified 30 studies, with the majority
(two-thirds) focused on models for predicting Aedes mosquito populations dynamics as a
proxy for dengue risk. The remainder of the studies utilized human dengue cases, incidence
or prevalence data as an outcome. Input data for mosquito and dengue risk models were
mainly obtained from entomological studies and cross-sectional surveys, respectively. More
than half of the studies (56.7%) incorporated climatic factors, such as rainfall, humidity, and
temperature, alongside environmental, demographic, socio-economic, and larval/pupal
abundance factors as covariates in their models. Regarding quantitative modelling tech-
niques, traditional statistical regression methods like logistic and linear regression were pre-
ferred (60.0%), followed by machine learning models (16.7%) and mixed effects models
(13.3%). Notably, only 36.7% of the models disclosed variable selection techniques, and a
mere 20.0% conducted model validation, highlighting a significant gap in reporting method-
ology and assessing model performance. Overall, this review provides a comprehensive
overview of potential covariates and methodological approaches currently applied in the
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African context for modelling dengue and/or its vector, Aedes mosquito. It also underscores
the gaps and challenges posed by limited surveillance data availability, which hinder the
development of predictive models to be used as early warning systems in Africa.

Author summary

Infections from dengue and other arboviral mosquito-borne diseases transmitted by
Aedes mosquitoes are on the rise globally, with Africa being no exception. Their advances
are driven by anthropogenic factors, such as rapid urbanisation, globalisation, and climate
change. Yet, knowledge of dengue epidemiology and burden on the African continent,
and how to enhance preparedness is scarce. Navigating the complexities of predicting the
spread/outbreaks of the dengue or the presence/abundance of Aedes vector mosquitoes, is
challenging due to the complex interactions between multiple factors involved in the
transmission. Despite these challenges, significant progress has been made in developing
various quantitative methods to predict spread and outbreaks in different regions in the
world. Here, we conducted a systematic review to shed light on existing quantitative
modelling approaches for dengue and/or its vector Aedes mosquitoes in Africa, focusing
on methodology, data sources, covariates used, model performance and validation. Our
study revealed several shortcomings in current modelling practices in Africa and empha-
sized the need for real-time primary predictor data and more comprehensive reporting of
model development techniques and validation processes. This review offers an evidence-
based framework for improving future modelling practices, to develop more accurate and
robust dengue prediction models, tailored for African contexts.

Introduction

Dengue is currently the fastest-spreading arboviral mosquito-borne disease globally, with a
high morbidity in children and adults in many tropical and sub-tropical countries. It stems
from the dengue virus (DENV), a flavivirus prevalent in 128 countries, infecting an estimated
390 million individuals annually [1-4]. Over the past two decades, the number of globally
reported human DENV cases has increased by more than a factor of 10 [5]. Urbanization,
rapid population growth, increase in international travel and trade, deficiency in vector con-
trol strategies, inadequate public health infrastructure and climate change have been identified
as important contributors to this resurgence of dengue [5-7].

On the African continent, more than 20 countries have reported outbreaks of dengue since
the 1960s, and the prevalence of dengue appears to have dramatically increased over the past
few decades, despite neither being systematically investigated nor generally considered as a
possible cause of fever by clinicians [8,9]. Africa’s growing populations, rapid and unplanned
urbanization, increasing global trade and movement of goods and people, makes it a rich
spawning ground for the spread of arboviruses such as DENV across the continent [10]. Still,
the epidemiology and burden of dengue are largely uncharacterized. Historically overshad-
owed by malaria, preparedness and early warning systems in Africa for arboviral diseases such
as dengue that are transmitted by a different genus of mosquito, thus remains comparatively
underdeveloped [11].

Preparedness, including the development of prediction models for dengue outbreaks, is
closely linked to the biology and ecology of the vector mosquitoes of the genus Aedes. Aedes
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aegypti is recognized as the primary vector for the DENV in Africa, while Ae. albopictus is con-
sidered more invasive due to its ability to thrive in a wider range of environments, including
both urban and rural areas [12-14]. Ae. albopictus can breed in a variety of natural and artifi-
cial containers, making it highly adaptable and capable of spreading rapidly [15,16]. In con-
trast, Ae. aegypti is typically more associated with urban environments [15,17], where it breeds
in containers with clean water. The adaptability of Ae. albopictus to diverse habitats contrib-
utes to its invasive potential, allowing it to establish populations in regions where Ae. aegypti
might be less prevalent [18].

The development of Aedes from egg to larval and adult stages is heavily influenced by cli-
matic variables such as temperature, precipitation, and relative humidity [19-21]. Increased
temperature (up to a certain limit) can quicken mosquito development, shorten the time
between blood meals, and affects the virus structure, resulting in increased transmission
[22,23]. Aedes mosquitoes thrive in temperatures ranging from 15°C to 35°C [12,24]. At the
same time, adult mosquito activity and survival are similarly influenced by humidity since they
are more active and live longer in humid environments [25]. Rainfall also influences dengue
transmission to a very high degree because it offers breeding grounds for mosquitos to lay
eggs, increases mosquito population, and regulates temperature and humidity, both of which
are essential for mosquito survival [22,26]. In addition to the direct influence of climatic vari-
ables on the development and survival of Aedes mosquitoes, the concept of lag effects plays a
crucial role in understanding mosquito population dynamics and disease transmission. Lag
effects refer to the delayed response of mosquito populations and disease incidence to changes
in climatic conditions. For instance, a period of increased rainfall might not immediately result
in an increase in mosquito populations or dengue cases but could lead to a significant increase
weeks later as the eggs laid during the wet period hatch and develop into adults. Similarly,
changes in temperature might affect mosquito development rates and viral replication with a
delay, influencing transmission dynamics after a certain period. Studies have shown that tem-
perature and precipitation lags of one to several weeks can significantly impact mosquito
abundance and the timing of dengue outbreaks [27-29]. These lags are important to consider
when modelling disease transmission, as they help in predicting outbreaks more accurately by
accounting for the time it takes for climatic changes to translate into increased mosquito activ-
ity and disease risk.

In the fight against dengue transmission, in Africa as well as globally, it is crucial to imple-
ment effective prevention measures, particularly in the absence of comprehensive vaccines and
medications. Among these strategies, vector control targeting the mosquito has demonstrated
a considerable success in mitigating dengue outbreaks [30]. However, the traditional practices
often rely on reactive responses, waiting to observe an increase in the number of cases before
identifying potential outbreaks. This reactive approach poses limitations, as it may lead to
delayed responses, allowing outbreaks to escalate before interventions are applied. To address
this challenge, there is a growing emphasis on developing forecasting models to serve as early
warning systems (EWS) for dengue outbreaks. Such models should be capable of predicting
disease outbreaks before they occur, identifying high-risk areas or populations prone to infec-
tion, and integrating both spatial and temporal dimensions. This model should incorporate
real-time data, such as climatic conditions, vector population dynamics, human mobility pat-
terns, and historical disease data, to provide timely and accurate predictions. By leveraging
these predictive insights, proactive measures can be implemented swiftly to prevent outbreaks
from worsening, thereby safeguarding public health and reducing the risk of disease
transmission.

In the realm of quantitative prediction techniques for dengue outbreaks, a wide range of
modelling approaches has been explored, including statistical, mathematical, and machine
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learning models [31-35]. These varieties of approaches in the “modelling toolbox” each has its
own strengths and weaknesses, with a distinct purpose. The challenge arises from the involve-
ment of multiple factors, including the DENV themselves, the vector mosquitoes, and the pop-
ulations susceptible to infection [36,37], reflected in a wide divergence among models in terms
of their setups and goals. To be effective in predicting outbreaks, a model needs to be adaptable
and capable of connecting susceptible population with weather patterns across different geo-
graphical regions [38], while also capturing the temporal aspect by predicting risks or out-
breaks in close to real-time and identifying higher-risk populations [39]. Selecting the
appropriate components, or covariates, for these models poses another challenge. Some mod-
els prioritize climate variables [40,41], while others consider mosquito characteristics or
human population demographics [42-44]. The debate over “the best model” is ongoing, espe-
cially in the African context, where a lack of capacity for arbovirus outbreak preparedness, sur-
veillance, and control has been highlighted [11]. Our focus on Africa is driven by a gap in
knowledge to understand the true scale and drivers of dengue in Africa, as well as the region’s
unique climatic and socio-economic conditions, significantly influencing dengue transmission
dynamics. Africa faces specific environmental and public health challenges that differ from
other parts of the world, necessitating a focused analysis. Expanding the study globally could
dilute the attention on these critical factors. Additionally, the global perspective has already
been considered in other studies [33,45,46], making our regional focus particularly relevant
for addressing gaps in understanding dengue in the African context.

Here, using a broader definition of “dengue modelling”, we conducted a systematic review
of all existing quantitative models applied to either dengue (i.e. human cases), as well as models
aimed at predicting or explaining Aedes vector distribution or abundance (as indicators of
potential dengue risk/outbreaks) in an African context. The aim was to identify and assess a)
the methods, sources of data, and key findings of the published modelling studies, and b) spe-
cific influential environmental factors and other factors associated with dengue risk/outbreaks
and/or Aedes mosquitoes on the continent. Finally, based on the identified modelling
approaches applied in the African context, we evaluate potential obstacles and possible ways
forward towards the development and implementation of EWS for dengue in the African
realm.

Methods

The systematic review’s objective, search strategy, and inclusion and exclusion criteria were
crafted following the ‘Preferred Reporting Items for Systematic Reviews and Meta-Analyses’
(PRISMA) framework, to ensure that the methodologies utilized for the systematic review
were clear, transparent, and consistent [47]. The PRISMA framework provides guidelines for
conducting systematic reviews and meta-analyses, thereby enhancing the quality and transpar-
ency of reporting in such studies. All figures and maps were generated using the R software
(version 4.3.3) [48].

Databases and search strategy

The literature search encompassed articles published until June 2023, ensuring a comprehen-
sive and up-to-date exploration of relevant studies. Four electronic databases, namely PubMed,
EMBASE, EBSCOhost, and SCOPUS, were employed to search and retrieve all published arti-
cles using the search terms outlined in S1 Table. To enhance the sensitivity and specificity of
the initial search across various databases, combinations of keywords were employed. Addi-
tionally, thematic keywords were refined using Boolean operators and truncations before
being applied to the selected electronic databases. Grey literature, such as commentaries,
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reports, and expert reviews that did not present original research, were consulted for addi-
tional information. The resulting relevant studies were then imported into an Excel database
for further analysis.

Inclusion and exclusion criteria

The articles selected for this review were chosen based on specific inclusion and exclusion cri-
teria. Firstly, we included only available peer-reviewed articles that presented a quantitative
model (predictive or explanatory) of dengue infections, including lab-confirmed infections,
IgG/IgM seropositivity for dengue, dengue or dengue haemorrhagic, and overall dengue prev-
alence, hereafter referred to as “dengue models” for the remainder of the paper. We also con-
sidered articles which used models to explain or predict the population dynamics of dengue
vectors (e.g., Ae. aegypti or Ae. albopictus), as a proxy for dengue risk, hereafter referred to as
“mosquito models” for the remainder of the paper. A quantitative technique, in this context,
refers to a systematic and measurable approach that involves the use of numerical data and the
application of statistical methods, mathematical algorithms, or computational tools to analyse
and interpret these data. Secondly, our search was restricted to publications conducted in any
African country and presented in the English language. There were no exclusions based on a
study’s design or publication year.

Data extraction

The initial screening process involved an assessment of study titles and abstracts to determine
their relevance. Studies that aligned with the research objectives were then subjected to further
evaluation to ascertain their eligibility for full-text review. Next, during the full-text review, a
more stringent set of inclusion and exclusion criteria were employed to select studies for data
extraction. This process involved extracting detailed information covering several key aspects:

« study identification (study titles, author names, publication year, and study location);

« quantitative model characteristics (type of model used and their data sources including
either human dengue cases or the population dynamics of Aedes vectors mosquito, the
covariates included in these models and their respective data sources);

« model assessment (variable selection approaches, model validation and performance
metrics).

Furthermore, the reference lists of the identified studies were examined to identify any sup-
plementary relevant papers. The searches were conducted and double-checked until consistent
results were achieved. Two authors (LLN and ASS) reviewed all hits to determine their rele-
vance. Subsequently, one data extractor (LLN) evaluated the abstracts and full texts of the
selected references for potential eligibility by applying all inclusion and exclusion criteria. All
relevant studies were then imported into Microsoft Excel 365 (Version 2303), where essential
details from each chosen study were extracted, as listed above. The extracted data from these
studies were then summarized, and the methodological characteristics of the models were
organized into a table.

Results
Literature retrieval and characteristics of the included studies

Based on keyword searches, a total of 7,337 records were identified during literature retrieval
from databases. After removing 3,259 duplicates, 4,078 records had their titles and abstracts
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Fig 1. PRISMA Flowchart depicting the number of records identified, included and excluded, as well as the
reasons for exclusion.

https://doi.org/10.1371/journal.pntd.0012679.9001

screened. Subsequently, 67 articles underwent full-text review, and after evaluating them for
eligibility based on inclusion and exclusion criteria, 30 articles were retained. The full article
screening and selection process is depicted in the PRISMA flowchart (Fig 1).

A summary of the identified covariates used in the studies are provided in Table 1. Details
of the studies are provided in S2 Table, encompassing the key identifiers and aspects consid-
ered in the identified studies. It includes whether the primary goal was to model or predict
human dengue cases/incidence (referred to as “dengue models”) or population dynamics of
Aedes vector mosquitoes (i.e., abundance or presence) as outbreak indicators (referred to as
“mosquito models”). Additionally, it details the sources of input data, the geographical cover-
age of the studies, and the types and numbers of covariates incorporated in the models, which
include environmental, climatic, larval/pupal abundance, demographic, and socioeconomic
factors, along with their sources. The table include details about the types of quantitative tech-
niques applied in the models and the metrics employed for both variable selection and model
validation.
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Table 1. Types of covariates included in the identified modelling studies, and their distributions. The percentages given are calculated as the total number of studies
utilizing the covariate in question out of the total number of identified modelling studies in the systematic review.

Number of Studies Total percentage (n/30)
Covariates Dengue models Mosquito models
Climatic factors
Temperature 2 5 23.3%
Mean Temperature 5 16.7%
Minimum Temperature 2 1 10.0%
Maximum Temperature 2 1 10.0%
Rainfall/precipitation (total) 2 4 20.0%
Bioclimatic variables 5 16.7%
Relative Humidity 2 3 16.7%
Seasonal (Dry, Rainy) 4 13.3%
Sun exposure 3 10.0%
Wind speed 1 3.3%
Environmental factors
Mosquitoes collection location (indoors/outdoors) 6 20.0%
Vegetation 6 20.0%
Habitant type/count 4 13.3%
Elevation/altitude 2 6.7%
Location of breeding site (urban/peri-ban/rural) 2 6.7%
Distance to water bodies 1 3.3%
Demographic factors
Age 5 1 20.0%
Gender 5 1 20.0%
Travel outside the country 2 6.7%
Population density 2 6.7%
Vaccination 1 3.3%
Socio-economic factors
House type or construction materials 5 1 20.0%
Use of mosquito preventive measures 4 1 16.7%
Household density/status 3 1 13.3%
Education level/status 3 10.0%
Occupation and employment status 3 10.0%
Access to clean water 2 6.7%
Larval/pupal abundance factors
House Index (HI) 4 13.3%
Container Index (CI) 4 13.3%
Breteau Index (BI) 4 13.3%
Pupae Index (PI) 3 10.0%
Pupae per Person Index (PPI) 1 3.3%

https://doi.org/10.1371/journal.pntd.0012679.t001

Distribution of dengue and Aedes modelling studies in Africa

The selected studies demonstrate a significant geographical diversity across multiple African
countries (Fig 2), with a notable concentration of studies originating from East Africa. The
country with most studies was Kenya, with 6 studies conducted (out of which 4 were mosquito
models [49-52] and 2 were dengue models [53,54], while the Republic of Tanzania contributed
5 studies, including 3 on mosquito models [55-57] and 2 on dengue models [58,59]. Finally,
three studies were conducted globally, accessing the distribution or global risk for major
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Fig 2. Map of Africa displaying the geographical distribution and scope of the studies and categories of
quantitative models (dengue models and mosquito models) as revealed by our systematic review. The Africa
shapefile was obtained and mapped in R using the naturalearth, rnaturalearthdata, and ggplot2 packages.

https://doi.org/10.1371/journal.pntd.0012679.g002

disease transmitted by Ae. aegypti and Ae. albopictus across multiple countries and including
over 50 African countries and territories (60-62) (not depicted on the map in Fig 2).

Type of data used as model outcome

Most of the identified models employed in Africa, about two-thirds (19 studies out of 30),
focused on modelling the presence or abundance of Aedes mosquitoes (“mosquito models”) as
an indicator or proxy for assessing the risk of dengue occurrence or outbreak, while only one-
third (11 studies out of 30) of the models attempted to directly model the actual risk of dengue
by assessing the human dengue cases/incidence (“dengue models”). The outcomes or
responses in these dengue models included laboratory-confirmed cases (included by 5 studies),
dengue/dengue IgM prevalence/seropositivity (included by 3 studies), and dengue infections
(considered by 3 studies). For mosquito models, the abundance of mature/immature Ae.
aegypti or Ae. albopictus was considered by 10 studies, the presence of mature/immature Ae.
aegypti or Ae. albopictus was utilized by 5 studies, mosquitoes infected with the dengue virus
were utilized by 2 studies, and viral transmission risk and ovitrap positivity were each utilized
by one study. None of the studies focusing on dengue models applied a predictive modelling
approach, while six studies [57,60-64] related to vector mosquito modelling had a predictive
purpose. Most of the studies were primarily conducted at regional and district levels (36.7%),
with 20.0% conducted in cities. Additionally, 10.0% of all the identified studies had a multi-
county scope, while the remaining studies were conducted at the state, provincial, village,
zone, port, and national levels.
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In the analysed studies, the sources of dengue and entomological data used to model den-
gue risk or outbreak indicators varied considerably. These sources included information on
human dengue cases and Aedes mosquito abundance. Most of the studies (66.7%) relied on
entomological surveys (43.3%) and cross-sectional surveys (23.3%) as their primary sources of
dengue infection and mosquito data, respectively. Approximately 20% of the studies used gov-
ernment records for dengue infection data, sourcing information from Ministries of Health,
hospital surveillance, and health statistical yearbooks to obtain the number of weekly or
monthly laboratory-confirmed dengue cases. Conversely, 6.7% (2/30) of the studies on mos-
quito data used secondary data from previously published studies, while another 6.7% (2/30)
utilized global data from the Global Biodiversity Information Facility (GBIF) and from World
Health Organisation (WHO) weekly epidemiological reports.

Model covariates

The reviewed studies incorporated a diverse set of covariates into their models, grouped into
five distinct categories: climatic, environmental, demographic, socioeconomic, and larval/
pupal abundance factors. The number of covariates utilized was counted based on their use in
either mosquito or dengue models, as shown in Table 1. Most studies incorporated at least
one of these categories into their models, but three studies [60,65,66] did not include any of
these covariates at all. Most of the dengue models incorporated climatic, demographic, and
socioeconomic factors, but did not include any covariates from environmental and larval/
pupal abundance factors. In contrast, most mosquito models incorporated at least one covari-
ate from all five categories. The majority of these covariates (43.3%) were obtained through
entomological and cross-sectional surveys, with 10.0% obtained from local meteorological
weather stations and national databases, and 30.0% from global databases such as the Global
Population Database, the National Oceanic and Atmospheric Administration (NOAA),
NASA’s Earth Observing System (EOS), and WorldClim.

Climatic and environmental factors

Climatic factors were the most included group of variables in the models, with temperature
being the most frequently used, followed by rainfall. About 23.3% of the studies (involving 2
dengue models and 5 mosquito models) incorporated temperature, while 20% of them (involv-
ing 2 dengue models and 4 mosquito models) accounted for rainfall. Among temperature met-
rics, mean temperature was the most utilized, appearing in 16.7% of the studies. All studies
reviewed considered total or cumulative rainfall in their models. The primary sources of data
for temperature (4 studies) and rainfall (3 studies) were local meteorological stations. There
was a limited use of satellite data across the reviewed studies, and these included the use of sat-
ellite databases, such as NASA’s Earth Observing System (EOS) (67), WorldClim [62], and the
National Oceanic and Atmospheric Administration (NOAA) [50,68].

Climatic and environmental factors for dengue models

A study conducted in Burkina Faso revealed that relative humidity, maximum and minimum
temperatures, and wind speed had a significant non-linear effect on dengue cases [67]. They
found that the optimal temperature for increasing dengue cases was between 27°C to 32°C for
the maximum temperature and between 18°C to 20°C for the minimum temperature. The
study also indicated that the estimated number of dengue cases increased in two distinct
ranges of maximum relative humidity: first, when maximum relative humidity increased from
15% to 45%, and then when maximum relative humidity increased from 60% to 70%. Addi-
tionally, they showed that an increase in daily wind speed was associated with a decrease in the
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number of daily dengue cases. Another study conducted in Sudan showed that relative humid-
ity, precipitation, and maximum and minimum temperatures were correlated with dengue
incidence [69]. They found that a 3-5-month lag in relative humidity was the strongest explan-
atory variable for dengue incidence. This suggests that while temperature, relative humidity,
and precipitation are critical factors in understanding and predicting dengue outbreaks, their
use should be tailored to specific geographical locations.

Climatic and environmental factors for mosquito models

Five studies on mosquito models [52,57,61,63,64] utilized temperature and precipitation data
in various formats, referred to as bioclimatic variables [70]. These variables included annual
mean temperature (BIO1), mean diurnal range (BIO2), isothermality (BIO3), temperature sea-
sonality (BIO4), maximum temperature of the warmest month (BIO5), minimum temperature
of the coldest month (BIO6), temperature annual range (BIO7), mean temperature of the wet-
test quarter (BIO8), mean temperature of the driest quarter (BIO9), mean temperature of the
warmest quarter (BIO10), mean temperature of the coldest quarter (BIO11), annual precipita-
tion (BIO12), precipitation of the wettest month (BIO13), precipitation of the driest month
(BIO14), precipitation seasonality (BIO15), precipitation of the wettest quarter (BIO16), pre-
cipitation of the driest quarter (BIO17), precipitation of the warmest quarter (BIO18), and pre-
cipitation of the coldest quarter (BIO19). These bioclimatic varijables were primarily used to
predict the potential distributions of Aedes species under present-day and future climate
conditions.

Variables related to habitat/environment were only considered for mosquito models. The
most utilized variables were mosquitoes collection location (n = 6), vegetation index (n = 6),
followed by habitat type/count (n = 4). Six studies specifically investigated mosquito breeding
site locations, with two revealing a higher density of Ae. aegypti mosquitoes in urban and peri-
urban areas compared to rural areas [71,72]. Furthermore, one study indicated that, Ae. albo-
pictus were more prone in urban and peri-urban areas, whereas Ae. aegypti were more preva-
lent in rural areas [73]; meanwhile, another study highlighted the widespread abundance of
Ae. aegypti mosquitoes across both urban and rural settings [56]. Four studies identified a posi-
tive significant association between the presence of surrounding vegetation and the presence/
abundance of mature/immature Ae. aegypti and Ae. albopictus species mosquitoes
[50,56,72,74]. Conversely, high habitat counts were observed to significantly contribute to the
increased density of Aedes mosquitoes [50,55].

Demographic and socioeconomic factors

Studies focused on determining the rate of dengue infections or prevalence primarily concen-
trated on demographic and socioeconomic factors. Among the demographic factors, age
(n=6,20.0%) and gender (n = 6, 20.0%) were frequently examined. In most studies, there was
no significant difference in dengue virus infection rates or cases between genders
[53,58,59,75-77]. However, some studies did note an association between age and dengue
infection, suggesting that children under 5 years of age were less susceptible to dengue virus
infection compared to older individuals [58,77]. Additionally, two studies indicated that indi-
viduals who travelled outside the country were more prone to dengue virus infection than
non-travellers [53,77].

Regarding socioeconomic factors, the type of housing or construction materials used
(n =6, 20.0%) was frequently examined, followed by mosquito preventive measures and
household density, each considered by four studies (13.3%). Poor housing conditions were
associated with high mosquito density and dengue infection [50,53,54,58,76-78], while
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overcrowded households were associated with an increased risk of dengue infections [54,76].
Two studies found no significant difference in dengue infection rates between individuals
using mosquito bed nets or repellents and those who did not [58,78]. However, one study sug-
gested that not using daily mosquito repellent was associated with an increased risk of dengue
infection [53], and another study indicated that respondents using Insecticide-Treated Nets
(ITNs) were more likely to be infected with dengue than those who did not use them [77].
Education level and occupation or employment status were also explored as socioeconomic
factors, each examined by three studies (10.0%). Some studies did not find a significant associ-
ation between education level and the risk of dengue infection [58,59,76,77]. However, one
study did find that a lack of knowledge about dengue disease was associated with dengue infec-
tion within the population [76].

Larval/Pupal abundance factors

Studies on mosquito models which aimed at assessing the magnitude and geographic disper-
sion of vector populations have predominantly focused on employing various larval/pupal
abundance factors to analyse and forecast the risk and spread of dengue and/or its vector
Aedes mosquitoes. None of the studies on dengue cases models considered any of the larval/
pupal abundance factors in their models. Among the studies reviewed on mosquito models,
five included different larval/pupal abundance factors in their analyses. The Breteau Index
(BI), indicating Aedes larvae-positive containers per 100 houses surveyed, the House Index
(HI), reflecting the proportion of infested houses with larvae or pupae, and the Container
Index (CI), showing the percentage of water-holding containers with active immature larvae,
were each incorporated as factors in the models in four studies [55,71-74]. Other entomologi-
cal variables like the Pupae Index (PI) [55,72,74], where pupae are counted, the collection loca-
tion [56,71], and the Pupae per Person Index (PPI) [72] were also considered in some studies.

Modeling techniques

Various quantitative models were applied to analyse dengue burden, outbreaks, or the pres-
ence/absence or abundance of Aedes species (for all details see S2 Table). The selection of
modelling techniques was driven by the specific study objectives, whether they aimed at pre-
diction/forecasting, analysis, or developing early warning systems for dengue and/or Aedes
vector monitoring. These models were categorized into four classes: machine learning, mecha-
nistic, mixed-effects models, and traditional statistical models (Fig 3). Traditional statistical
models include common techniques like logistic or linear regression, which (up to a transfor-
mation) analyse a linear relationship between variables but do not account for additional com-
plex structures like grouped data or random effects. Mixed-effects models are an advanced
form of traditional statistical models, designed to handle data with both fixed and random
effects, making them particularly useful for analysing hierarchical or grouped data by consid-
ering variability within and between groups. Mechanistic models are based on the biological
and physical processes that drive disease transmission or mosquito dynamics. They use mathe-
matical equations to represent how factors like temperature or precipitation influence mos-
quito populations and dengue transmission, offering a detailed understanding of the
underlying mechanisms. Lastly, machine learning models are data-driven approaches that use
algorithms to identify patterns in data without being explicitly programmed. These models
excel in making predictions and handling large datasets, often providing higher accuracy than
traditional methods, particularly in dealing with complex, non-linear relationships.

Mosquito models utilized various classes of these modelling techniques, whereas dengue
models relied primarily on traditional statistical models. The predominant modelling
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Traditional statistics n=8, 17% n=10, 21.3%
Machine learning n=5, 10.6%
Mixed effects n=4, 8.5%
Mechanistic n=2, 4.3%
0 10 20 30 40
Percentage

|:| Mosquito Models D Dengue Models

Fig 3. Quantitative model techniques: Mosquito models were found to encompass all modelling techniques,
whereas dengue models included only the more traditional statistical techniques.

https://doi.org/10.1371/journal.pntd.0012679.g003

approach employed was traditional statistical models (n = 18, 60.0%, including 10 dengue
cases models and 8 mosquito models), with logistic regression (binary and multivariable)
being the most prevalent (n = 8), followed by generalized linear models (GLMs) (n = 4) and
linear regression models (n = 2). One study each utilized Bayesian hierarchical Poisson model
(68), Poisson discrete probability (65), generalized additive models [67], and zero-inflated neg-
ative binomial models (ZINBs) [49]. Additionally, one study stated that they applied bivariate
and multivariate analyses but did not specify the model distribution [77].

Machine learning methodologies were used by 5 studies (16.7%), with 13.3% utilizing maxi-
mum entropy (MaxEnt) and 3.3% employing boosted regression tree (BRT) techniques. These
methods were commonly employed during the development of mosquito ecological niche or
species distribution models (SDM). Their primary goal was to describe the environmental suit-
ability of Aedes mosquitoes, especially on larger geographical scales like multicounty or multi-
continental levels.

Mixed effect models were employed by 4 studies (13.3%), with generalised linear mixed
models (GLMM) being the most prevalent, utilized by 2 studies [56,71]. Generalised additive
mixed models (GAMM) (50) and zero-inflated negative binomial mixed effect models
(ZINBMs) [55] were each used by one study. Studies often opt for the mixed effect models
over traditional statistical model when dealing with nested or clustered data, where observa-
tions are grouped within larger units. By incorporating random effects for these groupings,
mixed effect models can capture the variability within and between groups more accurately
than traditional models.

Mechanistic models were employed by 2 studies (6.7%), whereas one study used general cir-
culation models (GCMs) to predict monthly dengue global transmission risk in current cli-
mates and compare it to expected risk in 2050 and 2080 on a global scale [62]. Another study
employed the similarity search approach to create a risk map by integrating environmental
susceptibility analysis and geographical information systems [52]. It then compared areas with
dengue prevalence to all other locations.
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Variable selection/Dimension reduction

In this review, a total of 11 (36.7%) studies explicitly stated the techniques they used for vari-
able selection/dimension reduction during their model development (see S2 Table for details).
These techniques conveyed significant diversity, with the most frequently used technique
being the Akaike Information Criterion (AIC), which was employed by 6 studies, making up
20.0% of all the articles reviewed. The second most common approach was Principal Compo-
nent Analysis (PCA) [61] and Multi Correspondence Analysis (MCA) [54], implemented by 2
studies and accounting for 6.7% of the reviewed articles. Stepwise procedures [75], Unbiased
Risk Estimator (UBRE) [67], likelihood ratio tests [58], Jackknife procedures [57], and Bayes-
ian Information Criterion (BIC) [50] were each used by 1 study.

Model validation or predictive performance

In the 30 studies reviewed, only six (20.0%) specified the validation techniques used to assess
model performance (S2 Table). Among these techniques, confusion matrix-based metrics
with partial receiver operating characteristic (pPROC) curve were the most employed tech-
nique, implemented by 4 (13.3%) studies. The second most utilized technique for model vali-
dation was the Area Under the Curve (AUC), used by 3 (10.33%) studies. Other commonly
employed validation techniques included analysis of residual plots and partitioning the dataset
into training and test sets (cross-validation).

Discussion

This comprehensive review explores the quantitative models used for modelling and predict-
ing the spread/outbreak of dengue cases/incidences/prevalence or the abundance/presence of
its vector, Aedes mosquitoes, in the context of Africa.

The nature of data, including model outcomes and covariates, plays a significant role in
determining the type and structure of models within the field of modelling. Notably, two-
thirds of the studies used were “mosquito models” aiming at to predicting or modelling the
population dynamics of dengue vectors as a proxy risk factor for dengue. These studies focus
on monitoring Aedes mosquito populations and their breeding sites, serving as early indicators
of potential dengue outbreaks by identifying areas with high vector densities. While this proac-
tive approach is essential for implementing targeted vector control measures and can help pre-
vent outbreaks in human populations, it is important to note that the majority (65%) of these
mosquito data sets were obtained via entomological surveys, that can come with significant
associated costs and resource demands. Conducting regular entomological surveys to gather
essential data for dengue modelling and Early Warning System (EWS) development requires a
significant financial investment. These include expenses related to personnel, equipment, field-
work logistics, data collection, and subsequent analysis.

One third of the identified studies, utilized human dengue data as a model outcome and
encompass parameters like the number of confirmed dengue cases [54,65,67,69], individuals
with active dengue infections [53,58,75,77,78], and those testing seropositive for dengue IgG
and IgM antibodies [59,76]. Employing human dengue cases as an indicator for detecting den-
gue outbreaks provides a direct measure of dengue transmission and its impact on the suscep-
tible population. This approach can be particularly beneficial in areas where implementing
comprehensive entomological surveillance is challenging. However, it is crucial to ensure the
accuracy and timely availability of dengue cases data. This necessitates reliance on reliable and
high-quality data sources such as government surveillance systems, including hospitals, and
other trustworthy sources. Despite the advantages of using government surveillance systems to
obtain accurate dengue cases data, only a small proportion of the identified studies (n = 6)
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adopted this approach. Instead, about half of the human dengue modelling studies in Africa

(n = 20) relied on cross-sectional surveys, which can incur significant costs during the data col-
lection process, and which may therefore not form a sustainable backbone in a dengue early
warning system for a country. This pattern contrasts with trends observed in other parts of the
world, where more than two-thirds of the dengue cases data in reviewed studies came from
surveillance systems [33,45]. The preference of utilizing cross-sectional human dengue or
entomological surveys in Africa may be attributed by the challenges of unavailable dengue sur-
veillance systems [79], leading to underreporting or poor-quality data that complicates the
development of accurate models.

It was observed that 60% of the all the identified studies utilized traditional statistical (cor-
relative) models, with logistic regression being the most used approach, this is consistent with
the results of another systematic review [33]. Traditional statistical regression models work
under several assumptions, including linearity (meaning the relationship between the depen-
dent variable and the explanatory variables is assumed to be linear) and homogeneity of vari-
ance (indicating that the variability of the residuals is constant across all levels of the
explanatory variables). However, it is acknowledged that most of these assumptions may not
always reflect real-world scenarios accurately, especially when dealing with complex relation-
ships between variables like climatic factors, which can be non-linear [80,81]. Moreover, when
trying to forecast disease outbreaks over time and in specific regions, traditional statistical
regression techniques may face difficulties. To address these challenges, researchers can con-
sider using non-parametric models or adding random effects to their models [82,83]. These
adjustments aim to enhance the model’s flexibility and its ability to capture nuanced relation-
ships within the data. In studies conducted in Africa, only a few studies (13.3%) have adopted
these advanced techniques, such as generalized linear mixed models (GLMM), generalized
additive mixed models (GAMM), and zero-inflated negative binomial mixed models
(ZINBMs).

Regarding spatio-temporal models, which integrate geographical and temporal aspects,
none of the identified studies conducted in Africa considered these types of models. Spatial
models account for the geographical distribution and clustering of disease cases, as well as cor-
relations between spatial sampling units, while temporal models capture the patterns and
trends of dengue occurrence over time. Spatio-temporal models, on the other hand, integrate
both dimensions, providing a holistic view of disease spread across different locations and
time intervals. These models can offer valuable insights for risk assessments, aiding local or
national dengue prevention and control programs in preparing for and responding to dengue
epidemics in endemic regions. For instance, Patricia Marques et al. [84] used a Bayesian hier-
archical framework to forecast dengue dynamics in Brazil, revealing that some traditionally
non-endemic microregions might experience increased dengue incidence due to future cli-
mate scenarios. Similarly, Hwa-Lung Yu et al. [85] employed a spatio-temporal approach to
predict dengue outbreaks in Southern Taiwan, highlighting the significant impact of climatic
conditions and providing valuable "one-week-ahead" outbreak warnings. Moreover, in Singa-
pore, Haoyang Sun et al. [86] utilized a Bayesian hierarchical model to analyse the spatio-tem-
poral dynamics of Aedes aegypti and Aedes albopictus in relation to environmental and
anthropogenic variables. Their findings suggested that public residential estates with older
buildings and more nearby managed vegetation should be prioritized for vector control
inspections and community advocacy to reduce Aedes mosquito abundance and mitigate den-
gue risk. Dengue is sensitive to variations in climatic conditions at local, regional, and global
scales. Some areas currently at risk, but not yet endemic for dengue, may transition to endemic
status due to climate change, particularly related to temperature changes. The absence of these
models in Africa may stem from various reasons, notably the insufficient capacity and the
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unavailability of suitable data required for their construction. This may be due to the lack of a
dengue surveillance data system. The quality of accessible data, particularly surveillance data,
directly influences the caliber of models that can be created. Inadequate and inaccurate data
pose significant challenges to developing effective spatio-temporal models.

In many studies across several African countries, like findings in other parts of the world,
certain environmental factors such as rainfall, temperature, and relative humidity consistently
emerged as crucial covariates influencing the transmission of dengue and the presence or
abundance of its vector, Aedes mosquitoes. These climatic variables play a significant role in
the breeding and survival of Aedes mosquitoes, consequently impacting the prevalence and
spread of dengue. However, beyond these well-established factors, several other significant var-
iables affecting the spread of dengue in Africa were also observed. One such factor is the pres-
ence of surrounding vegetation, which has been notably associated with the presence of
immature stages of Ae. aegypti and Ae. albopictus. Vegetation provides ideal breeding grounds
for these mosquitoes, leading to increased transmission rates in areas with dense vegetation.
Additionally, poor housing conditions have emerged as strong indicators of higher dengue
incidence in African settings. Other socio-economic factors, such as lack of public knowledge
about dengue and overcrowded households, were also found to be influential determinants of
dengue risk. While vector abundance is a well-recognized risk factor for dengue outbreaks,
none of the analysed studies incorporated these entomological indicators directly into their
models. This omission is particularly surprising, as mosquito abundance is a key driver of den-
gue transmission. Including such indicators in future models could improve the accuracy and
effectiveness of outbreak predictions in Africa.

Evaluation metrics play a critical role in real-world data studies as they assess whether the
collected data suit the models’ intended objectives and help gauge data quality and bias
[87,88]. Our findings uncovered a concerning trend regarding the absence of robust variable
selection procedures and model validation among the reviewed published models. Many pre-
dictive models heavily depend on substantial data for accurate disease modelling. Therefore,
steps like variable selection and model validation are vital to counter overfitting and enhance
the interpretability and predictive accuracy of these models. Variable selection is pivotal as it
involves identifying and including the most relevant covariates from a larger set to create a
parsimonious model. This process is crucial because it eliminates extraneous or redundant
variables, thus reducing overfitting—where a model becomes too tailored on training data and
performs poorly on test data—while also improving the model’s interpretability, making it
more understandable and applicable in real-world scenarios. Additionally, model validation is
imperative to ensure the reliability and accuracy of predictive models. Validation should not
only be conducted within the population from which the data were sourced but also across
diverse populations to assess generalizability. It is concerning that our review identified a lack
of explicit use of out-of-sample validation techniques in the reviewed studies, indicating a
potential gap in ensuring the robustness and applicability of these models beyond their train-
ing data.

Towards sustainable early warning systems for dengue in Africa

Having an effective EWS for dengue is important for controlling the disease before it becomes
a big problem. This works by using data from human case surveillance, monitoring mosquito
abundances, looking at environmental information, and using advanced modelling techniques
to predict and spot outbreaks before they become serious public health issues [89,90]. For a
model to serve as an effective EWS for dengue, it must have the capability to forecast disease
outbreaks proactively, identify areas or populations at high risk of infection, and integrate
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both spatial and temporal aspects. Such a model should integrate real-time data, including cli-
mate conditions, mosquito population dynamics, and historical disease data, to deliver timely
and precise predictions. In the studies reviewed, none had specifically developed models tai-
lored for dengue early warning systems in the context of Africa. This gap can be traced back to
the limited and inconsistent availability of data. This scarcity is a direct result of the absence of
comprehensive dengue surveillance systems in several African countries. As a result, many
existing models lean towards being descriptive rather than predictive. They are primarily
focused on comprehending the present distributions of dengue and/or Aedes species, as well as
their influencing factors, rather than anticipating and forecasting future outbreaks. As a way
forward, we suggest the following recommendations, addressing the gap of dengue EWS in
Africa:

v African governing bodies must prioritize enhancing dengue surveillance systems to address
the scarcity of reliable and high-quality dengue data. This can be accomplished by expand-
ing existing surveillance efforts from other diseases, like those conducted by National
Malaria Control Programmes, to also include dengue information. If no such systems are
currently in place, existing resources can be utilized to introduce a cost-effective surveil-
lance system. By fostering improved surveillance systems, we can achieve more accurate
and comprehensive data collection, which is essential for developing effective dengue mod-
els. This, in turn, will enable the creation of EWS for disease outbreaks, providing timely
alerts and facilitating proactive measures to mitigate the impact of dengue on public health.

v" Ongoing entomological surveys in Africa are essential for modelling dengue and Aedes mos-
quitoes and developing EWS. This is especially important given the limited dengue surveil-
lance currently available on the continent. However, these surveys need to be carefully
designed or refined to collect the appropriate data necessary for building an effective pre-
dictive model. To ensure the effectiveness and sustainability of these surveys, essential sup-
port from key stakeholders such as governing bodies, public health organizations, and
research institutions is inevitable. This collaborative effort will not only enhance data collec-
tion but also contribute to the development of accurate and appropriate predictive models,
thereby improving the effectiveness of dengue EWS and Aedes mosquito-related diseases.

v An effective predictive model that incorporates covariates from multiple domains, including
climatic, environmental, demographic, socioeconomic, and larval/pupal abundance factors,
would be highly advantageous. However, it is crucial to test whether the inclusion of any of
these covariates improves the model’s predictive capabilities.

Limitations

Our analysis was limited to studies published in English, which may have impacted our evalua-
tion of regional trends. Furthermore, there is a possibility that relevant literature, including
some grey literature, were not included as databases do not cover all journals and university
press articles. This is particularly crucial for locally significant modelling efforts that may not
have reached mainstream academic platforms.

Conclusion

We conducted a comprehensive systematic review, specifically examining the quantitative
methods used to model and/or predict dengue or its vector Aedes mosquito in Africa. Our
review identified several key shortcomings in the current modelling practices for dengue in
Africa, including scarce dengue surveillance systems, inadequate reporting of model
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development techniques, validation, and performance measures. We also observed the pre-
dominant focus on traditional statistical methodology in modelling techniques, with a lack of
utilization of more advanced models such as spatio-temporal models-crucial to enable real-
time prediction. Additionally, our review highlighted a lack of adoption of models suitable for
serving as dengue Early Warning Systems (EWS) in Africa. We hope the findings of this review
will aid in paving the way for improving dengue modelling practices as dengue continues to
spread/increase across the continent, making the development and implementation of appro-
priate dengue EWS are more critical than ever.

Supporting information

S1 PRISMA Checklist. PRISMA 2020 checKlist.
(DOCX)

S1 Table. Databases and search terms.
(DOCX)

$2 Table. Characteristics of the included quantitative models.
(DOCX)

Acknowledgments

We would like to express our appreciation to the hundreds of people and researchers who
worked so hard and published their work, which was critical for our evaluation.

Author Contributions

Conceptualization: Lembris Laanyuni Njotto, Ottmar Cronie, Anna-Sofie Stensgaard.
Data curation: Lembris Laanyuni Njotto, Anna-Sofie Stensgaard.

Formal analysis: Lembris Laanyuni Njotto, Wilfred Senyoni, Ottmar Cronie.
Methodology: Lembris Laanyuni Njotto, Michael Alifrangis.

Project administration: Michael Alifrangis.

Supervision: Wilfred Senyoni, Ottmar Cronie, Michael Alifrangis, Anna-Sofie Stensgaard.
Validation: Lembris Laanyuni Njotto, Ottmar Cronie, Anna-Sofie Stensgaard.
Visualization: Lembris Laanyuni Njotto.

Writing - original draft: Lembris Laanyuni Njotto, Anna-Sofie Stensgaard.

Writing - review & editing: Lembris Laanyuni Njotto, Wilfred Senyoni, Ottmar Cronie,
Michael Alifrangis, Anna-Sofie Stensgaard.

References

1.  Madewell ZJ. Arboviruses and their vectors. Vol. 113, Southern Medical Journal. Lippincott Williams
and Wilkins; 2020. p. 520-3.

2. BhattS, Gething PW, Brady OJ, Messina JP, Farlow AW, Moyes CL, et al. The global distribution and
burden of dengue. Nature. 2013 Apr 25; 496(7446):504—7. https://doi.org/10.1038/nature12060 PMID:
23563266

3. Gubler DJ. The global resurgence of arboviral diseases* [Internet]. Vol. 90, TRANSACTIONS OF THE
ROYAL SOCIETY OF TROPICAL MEDICINE AND HYGIENE. 1996. Available from: https://academic.
oup.com/trstmh/article/90/5/449/1917467.

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0012679 November 26, 2024 17/22


http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0012679.s001
http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0012679.s002
http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0012679.s003
https://doi.org/10.1038/nature12060
http://www.ncbi.nlm.nih.gov/pubmed/23563266
https://academic.oup.com/trstmh/article/90/5/449/1917467
https://academic.oup.com/trstmh/article/90/5/449/1917467
https://doi.org/10.1371/journal.pntd.0012679

PLOS NEGLECTED TROPICAL DISEASES A systematic review of modelling approaches for dengue and Aedes in Africa

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

Murray NEA, Quam MB, Wilder-Smith A. Epidemiology of dengue: Past, present and future prospects.
Vol. 5, Clinical Epidemiology. 2013. p. 299-309. https://doi.org/10.2147/CLEP.S34440 PMID:
23990732

World Health Organization. Dengue and Severe Dengue Key Facts. World Health Organization. 2021;
(January).

Warkentien T. Dengue Fever: Historical Perspective and the Global Response. Journal of Infectious
Diseases and Epidemiology. 2016 Aug 31; 2(2).

Islam MT, Quispe C, Herrera-Bravo J, Sarkar C, Sharma R, Garg N, et al. Production, Transmission,
Pathogenesis, and Control of Dengue Virus: A Literature-Based Undivided Perspective. Biomed Res
Int [Internet]. 2021 [cited 2023 Apr 26];2021. Available from: /pmc/articles/PMC8694986/. https://doi.
org/10.1155/2021/4224816 PMID: 34957305

Alfsnes K, Eldholm V, Gaunt MW, de Lamballerie X, Gould EA, Pettersson JHO. Tracing and tracking
the emergence, epidemiology and dispersal of dengue virus to Africa during the 20th century. One
Health. 2021 Dec 1; 13:100337. https://doi.org/10.1016/j.onehlt.2021.100337 PMID: 34746356

Gainor EM, Harris E, Labeaud AD. Uncovering the Burden of Dengue in Africa: Considerations on Mag-
nitude, Misdiagnosis, and Ancestry. Viruses. 2022 Feb 1; 14(2). https://doi.org/10.3390/v14020233
PMID: 35215827

Simo FBN, Bigna JJ, Kenmoe S, Ndangang MS, Temfack E, Moundipa PF, et al. Dengue virus infection
in people residing in Africa: a systematic review and meta-analysis of prevalence studies. Sci Rep.
2019 Dec 1; 9(1). https://doi.org/10.1038/s41598-019-50135-x PMID: 31541167

Braack L, Wulandhari SA, Chanda E, Fouque F, Merle CS, Nwangwu U, et al. Developing African arbo-
virus networks and capacity strengthening in arbovirus surveillance and response: findings from a vir-
tual workshop. Parasit Vectors. 2023 Dec 1; 16(1). https://doi.org/10.1186/s13071-023-05748-7 PMID:
37059998

Coldn-Gonzélez FJ, Sewe MO, Tompkins AM, Sjodin H, Casallas A, Rocklév J, et al. Projecting the risk
of mosquito-borne diseases in a warmer and more populated world: a multi-model, multi-scenario inter-
comparison modelling study. Lancet Planet Health. 2021; 5(7):e404—14. https://doi.org/10.1016/S2542-
5196(21)00132-7 PMID: 34245711

LiuK, Yin L, Zhang M, Kang M, Deng AP, Li QL, et al. Facilitating fine-grained intra-urban dengue fore-
casting by integrating urban environments measured from street-view images. Infect Dis Poverty [Inter-
net]. 2021; 10(1):1—16. Available from: https://doi.org/10.1186/s40249-021-00824-5.

WHO. Dengue and severe dengue. Who [Internet]. 2016;(January):1-13. Available from: http://www.
who.int/mediacentre/factsheets/fs117/en/.

Egid BR, Coulibaly M, Dadzie SK, Kamgang B, McCall PJ, Sedda L, et al. Review of the ecology and
behaviour of Aedes aegypti and Aedes albopictus in Western Africa and implications for vector control.
Vol. 2, Current Research in Parasitology and Vector-Borne Diseases. Elsevier B.V.; 2022.

Reinhold JM, Lazzari CR, Lahondére C. Effects of the environmental temperature on Aedes aegypti
and Aedes albopictus mosquitoes: A review. Vol. 9, Insects. MDPI AG; 2018.

Rodrigues MDM, Marques GRAM, Serpa LLN, Arduino MDB, Voltolini JC, Barbosa GL, et al. Density of
Aedes aegypti and Aedes albopictus and its association with number of residents and meteorological
variables in the home environment of dengue endemic area, Sdo Paulo, Brazil. Parasit Vectors. 2015
Feb 19; 8(1).

Bonizzoni M, Gasperi G, Chen X, James AA. The invasive mosquito species Aedes albopictus: Current
knowledge and future perspectives. Vol. 29, Trends in Parasitology. 2013. p. 460-8. https://doi.org/10.
1016/j.pt.2013.07.003 PMID: 23916878

Paul KK, Dhar-Chowdhury P, Emdad Haque C, Al-Amin HM, Goswami DR, Heel Kafi MA, et al. Risk
factors for the presence of dengue vector mosquitoes, and determinants of their prevalence and larval
site selection in Dhaka, Bangladesh. PLoS One. 2018 Jun 1; 13(6). https://doi.org/10.1371/journal.
pone.0199457 PMID: 29928055

Tran A, L'Ambert G, Lacour G, Benoit R, Demarchi M, Cros M, et al. A rainfall- and temperature-driven
abundance model for Aedes albopictus populations. Int J Environ Res Public Health. 2013; 10(5):1698—
719. https://doi.org/10.3390/ijerph10051698 PMID: 23624579

Cai X, Zhao J, Deng H, Xiao J, Liu T, Zeng W, et al. Effects of temperature, relative humidity, and illumi-
nation on the entomological parameters of Aedes albopictus: an experimental study. Int J Biometeorol.
2023 Apr 1; 67(4):687-94. https://doi.org/10.1007/s00484-023-02446-y PMID: 36884085

Paaijmans KP, Read AF, Thomas MB. Understanding the link between malaria risk and climate. Proc
Natl Acad Sci U S A. 2009; 106(33):13844-9. https://doi.org/10.1073/pnas.0903423106 PMID:
19666598

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0012679 November 26, 2024 18/22


https://doi.org/10.2147/CLEP.S34440
http://www.ncbi.nlm.nih.gov/pubmed/23990732
https://doi.org/10.1155/2021/4224816
https://doi.org/10.1155/2021/4224816
http://www.ncbi.nlm.nih.gov/pubmed/34957305
https://doi.org/10.1016/j.onehlt.2021.100337
http://www.ncbi.nlm.nih.gov/pubmed/34746356
https://doi.org/10.3390/v14020233
http://www.ncbi.nlm.nih.gov/pubmed/35215827
https://doi.org/10.1038/s41598-019-50135-x
http://www.ncbi.nlm.nih.gov/pubmed/31541167
https://doi.org/10.1186/s13071-023-05748-7
http://www.ncbi.nlm.nih.gov/pubmed/37059998
https://doi.org/10.1016/S2542-5196%2821%2900132-7
https://doi.org/10.1016/S2542-5196%2821%2900132-7
http://www.ncbi.nlm.nih.gov/pubmed/34245711
https://doi.org/10.1186/s40249-021-00824-5
http://www.who.int/mediacentre/factsheets/fs117/en/
http://www.who.int/mediacentre/factsheets/fs117/en/
https://doi.org/10.1016/j.pt.2013.07.003
https://doi.org/10.1016/j.pt.2013.07.003
http://www.ncbi.nlm.nih.gov/pubmed/23916878
https://doi.org/10.1371/journal.pone.0199457
https://doi.org/10.1371/journal.pone.0199457
http://www.ncbi.nlm.nih.gov/pubmed/29928055
https://doi.org/10.3390/ijerph10051698
http://www.ncbi.nlm.nih.gov/pubmed/23624579
https://doi.org/10.1007/s00484-023-02446-y
http://www.ncbi.nlm.nih.gov/pubmed/36884085
https://doi.org/10.1073/pnas.0903423106
http://www.ncbi.nlm.nih.gov/pubmed/19666598
https://doi.org/10.1371/journal.pntd.0012679

PLOS NEGLECTED TROPICAL DISEASES A systematic review of modelling approaches for dengue and Aedes in Africa

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

Hay SI, Cox J, Rogers DJ, Randolph SE, Stern DI, Shanks GD, et al. Climate change and the resur-
gence of malaria in the East African highlands. Nature. 2002; 415(6874):905-9. https://doi.org/10.1038/
415905a PMID: 11859368

Franklinos LHV, Jones KE, Redding DW, Abubakar . The effect of global change on mosquito-borne
disease. Lancet Infect Dis [Internet]. 2019; 19(9):e302—12. Available from: https://doi.org/10.1016/
S$1473-3099(19)30161-6 PMID: 31227327

Drakeley CJ, Carneiro |, Reyburn H, Malima R, Lusingu JPA, Cox J, et al. Altitude-dependent and -inde-
pendent variations in Plasmodium falciparum prevalence in Northeastern Tanzania. Journal of Infec-
tious Diseases. 2005; 191(10):1589-98. https://doi.org/10.1086/429669 PMID: 15838785

Parham PE, Michael E. Modeling the effects of weather and climate change on malaria transmission.
Environ Health Perspect. 2010; 118(5):620-6. https://doi.org/10.1289/ehp.0901256 PMID: 20435552

Xu C, Xu J, Wang L. Long-term effects of climate factors on dengue fever over a 40-year period. BMC
Public Health. 2024 Dec 1; 24(1).

Kakarla SG, Caminade C, Mutheneni SR, Morse AP, Upadhyayula SM, Kadiri MR, et al. Lag effect of
climatic variables on dengue burden in India. Epidemiol Infect. 2019;147. https://doi.org/10.1017/
$0950268819000608 PMID: 31063099

Lowe R, Gasparrini A, Van Meerbeeck CJ, Lippi CA, Mahon R, Trotman AR, et al. Nonlinear and
delayed impacts of climate on dengue risk in Barbados: A modelling study. PLoS Med. 2018 Jul 1; 15
(7). https://doi.org/10.1371/journal.pmed.1002613 PMID: 30016319

Buhler C, Winkler V, Runge-Ranzinger S, Boyce R, Horstick O. Environmental methods for dengue vec-
tor control-A systematic review and meta-analysis. Vol. 13, PLoS Neglected Tropical Diseases. Public
Library of Science; 2019.

Ogunlade ST, Meehan MT, Adekunle Al, McBryde ES. A Systematic Review of Mathematical Models of
Dengue Transmission and Vector Control: 2010-2020. Vol. 15, Viruses. NLM (Medline); 2023.

Louis VR, Phalkey R, Horstick O, Ratanawong P, Wilder-Smith A, Tozan Y, et al. Modeling tools for
dengue risk mapping—a systematic review. Vol. 13, International Journal of Health Geographics.
BioMed Central Ltd.; 2014.

Leung XY, Islam RM, Adhami M, llic D, McDonald L, Palawaththa S, et al. A systematic review of den-
gue outbreak prediction models: Current scenario and future directions. PLoS Negl Trop Dis. 2023 Feb
13; 17(2). https://doi.org/10.1371/journal.pntd.0010631 PMID: 36780568

Ho TS, Weng TC, Wang J Der, Han HC, Cheng HC, Yang CC, et al. Comparing machine learning with
case-control models to identify confirmed dengue cases. PLoS Negl Trop Dis. 2020 Nov 1; 14(11):1—
21. https://doi.org/10.1371/journal.pntd.0008843 PMID: 33170848

Naish S, Dale P, Mackenzie JS, McBride J, Mengersen K, Tong S. Climate change and dengue: A criti-
cal and systematic review of quantitative modelling approaches. BMC Infect Dis. 2014 Mar 26; 14(1).
https://doi.org/10.1186/1471-2334-14-167 PMID: 24669859

Monaghan AJ, Sampson KM, Steinhoff DF, Ernst KC, Ebi KL, Jones B, et al. The potential impacts of
21st century climatic and population changes on human exposure to the virus vector mosquito Aedes
aegypti. Clim Change. 2018 Feb 1; 146(3—4):487-500. https://doi.org/10.1007/s10584-016-1679-0
PMID: 29610543

Wilcox BA, Colwell RR. Emerging and reemerging infectious diseases: Biocomplexity as an interdisci-
plinary paradigm. In: EcoHealth. 2005. p. 244-57.

Ramadona AL, Lazuardi L, Hii YL, Holmner A, Kusnanto H, Rocklév J. Prediction of dengue outbreaks
based on disease surveillance and meteorological data. PLoS One. 2016 Mar 1; 11(3). https://doi.org/
10.1371/journal.pone.0152688 PMID: 27031524

Martheswaran TK, Hamdi H, Al-Barty A, Zaid AA, Das B. Prediction of dengue fever outbreaks using cli-
mate variability and Markov chain Monte Carlo techniques in a stochastic susceptible-infected-removed
model. Sci Rep. 2022 Dec 1; 12(1).

Yavari Nejad F, Varathan KD. Identification of significant climatic risk factors and machine learning
models in dengue outbreak prediction. BMC Med Inform Decis Mak. 2021 Dec 1; 21(1). https://doi.org/
10.1186/s12911-021-01493-y PMID: 33931058

Mwanyika GO, Mboera LEG, Rugarabamu S, Ngingo B, Sindato C, Lutwama JJ, et al. Dengue virus
infection and associated risk factors in africa: A systematic review and meta-analysis. Viruses [Internet].
2021 Apr 1 [cited 2024 Feb 19]; 13(4):536. Available from: https://www.mdpi.com/1999-4915/13/4/536/
htm. https://doi.org/10.3390/v13040536 PMID: 33804839

Ong SQ, Isawasan P, Ngesom AMM, Shahar H, Lasim AM, Nair G. Predicting dengue transmission
rates by comparing different machine learning models with vector indices and meteorological data. Sci
Rep. 2023 Dec 1; 13(1). https://doi.org/10.1038/s41598-023-46342-2 PMID: 37926755

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0012679 November 26, 2024 19/22


https://doi.org/10.1038/415905a
https://doi.org/10.1038/415905a
http://www.ncbi.nlm.nih.gov/pubmed/11859368
https://doi.org/10.1016/S1473-3099%2819%2930161-6
https://doi.org/10.1016/S1473-3099%2819%2930161-6
http://www.ncbi.nlm.nih.gov/pubmed/31227327
https://doi.org/10.1086/429669
http://www.ncbi.nlm.nih.gov/pubmed/15838785
https://doi.org/10.1289/ehp.0901256
http://www.ncbi.nlm.nih.gov/pubmed/20435552
https://doi.org/10.1017/S0950268819000608
https://doi.org/10.1017/S0950268819000608
http://www.ncbi.nlm.nih.gov/pubmed/31063099
https://doi.org/10.1371/journal.pmed.1002613
http://www.ncbi.nlm.nih.gov/pubmed/30016319
https://doi.org/10.1371/journal.pntd.0010631
http://www.ncbi.nlm.nih.gov/pubmed/36780568
https://doi.org/10.1371/journal.pntd.0008843
http://www.ncbi.nlm.nih.gov/pubmed/33170848
https://doi.org/10.1186/1471-2334-14-167
http://www.ncbi.nlm.nih.gov/pubmed/24669859
https://doi.org/10.1007/s10584-016-1679-0
http://www.ncbi.nlm.nih.gov/pubmed/29610543
https://doi.org/10.1371/journal.pone.0152688
https://doi.org/10.1371/journal.pone.0152688
http://www.ncbi.nlm.nih.gov/pubmed/27031524
https://doi.org/10.1186/s12911-021-01493-y
https://doi.org/10.1186/s12911-021-01493-y
http://www.ncbi.nlm.nih.gov/pubmed/33931058
https://www.mdpi.com/1999-4915/13/4/536/htm
https://www.mdpi.com/1999-4915/13/4/536/htm
https://doi.org/10.3390/v13040536
http://www.ncbi.nlm.nih.gov/pubmed/33804839
https://doi.org/10.1038/s41598-023-46342-2
http://www.ncbi.nlm.nih.gov/pubmed/37926755
https://doi.org/10.1371/journal.pntd.0012679

PLOS NEGLECTED TROPICAL DISEASES A systematic review of modelling approaches for dengue and Aedes in Africa

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Chang FS, Tseng YT, Hsu PS, Chen CD, Lian | Bin, Chao DY. Re-assess Vector Indices Threshold as
an Early Warning Tool for Predicting Dengue Epidemic in a Dengue Non-endemic Country. PLoS Negl
Trop Dis. 2015 Sep 14; 9(9).

Qureshi E, Tabinda A. Sero-surveillance of dengue in the city Lahore, Pakistan [Internet]. Article in Jour-
nal of the Pakistan Medical Association. 2017. Available from: https://www.researchgate.net/
publication/333146809.

Lim AY, Jafari Y, Caldwell JM, Clapham HE, Gaythorpe KAM, Hussain-Alkhateeb L, et al. A systematic
review of the data, methods and environmental covariates used to map Aedes-borne arbovirus trans-
mission risk. BMC Infect Dis. 2023 Dec 1; 23(1). https://doi.org/10.1186/s12879-023-08717-8 PMID:
37864153

Baharom M, Ahmad N, Hod R, Manaf MRA. Dengue Early Warning System as Outbreak Prediction
Tool: A Systematic Review. Vol. 15, Risk Management and Healthcare Policy. Dove Medical Press
Ltd; 2022. p. 871-86.

Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020
statement: An updated guideline for reporting systematic reviews. Vol. 18, PLoS Medicine. Public
Library of Science; 2021.

R: The R Project for Statistical Computing [Internet]. [cited 2024 Jun 10]. Available from: https://www.r-
project.org/.

Mwakutwaa AS, Ngugi HN, Ndenga BA, Krystosik A, Ngari M, Abubakar LU, et al. Pupal productivity of
larval habitats of Aedes aegypti in Msambweni, Kwale County, Kenya. Parasitol Res. 2023 Mar 1; 122
(3):801-14. https://doi.org/10.1007/s00436-022-07777-0 PMID: 36683088

Ngugi HN, Nyathi S, Krystosik A, Ndenga B, Mbakaya JO, Aswani P, et al. Risk factors for Aedes
aegypti household pupal persistence in longitudinal entomological household surveys in urban and rural
Kenya. Parasit Vectors. 2020 Oct 1; 13(1). https://doi.org/10.1186/s13071-020-04378-7 PMID:
33004074

Agha SB, Tchouassi DP, Bastos ADS, Sang R. Dengue and yellow fever virus vectors: Seasonal abun-
dance, diversity and resting preferences in three Kenyan cities. Parasit Vectors. 2017 Dec 29; 10(1).
https://doi.org/10.1186/s13071-017-2598-2 PMID: 29284522

Attaway DF, Jacobsen KH, Falconer A, Manca G, Rosenshein Bennett L, Waters NM. Mosquito habitat
and dengue risk potential in Kenya: alternative methods to traditional risk mapping techniques. https:/
doi.org/10.4081/gh.2014.10 PMID: 25545930

Ellis EM, Neatherlin JC, Delorey M, Ochieng M, Mohamed AH, Mogeni DO, et al. A Household Serosur-
vey to Estimate the Magnitude of a Dengue Outbreak in Mombasa, Kenya, 2013. PLoS Negl Trop Dis.
2015 Apr 29; 9(4). https://doi.org/10.1371/journal.pntd.0003733 PMID: 25923210

Khan A, Bisanzio D, Mutuku F, Ndenga B, Grossi-Soyster EN, Jembe Z, et al. Spatiotemporal overlap-
ping of dengue, chikungunya, and malaria infections in children in Kenya. BMC Infect Dis. 2023 Dec 1;
23(1). https://doi.org/10.1186/s12879-023-08157-4 PMID: 36991340

Kampango A, Furu P, Sarath DL, Haji KA, Konradsen F, Schigler KL, et al. Risk factors for occurrence
and abundance of Aedes aegypti and Aedes bromeliae at hotel compounds in Zanzibar. Parasit Vec-
tors. 2021 Dec 1; 14(1). https://doi.org/10.1186/s13071-021-05005-9 PMID: 34686195

Saleh F, Kitau J, Konradsen F, Kampango A, Abassi R, Schigler KL. Epidemic risk of arboviral dis-
eases: Determining the habitats, spatial-temporal distribution, and abundance of immature Aedes
aegypti in the Urban and Rural areas of Zanzibar, Tanzania. PLoS Negl Trop Dis. 2020 Dec 1; 14(12).
https://doi.org/10.1371/journal.pntd.0008949 PMID: 33284806

Mweya CN, Kimera Sl, Stanley G, Misinzo G, Mboera LEG. Climate change influences potential distri-
bution of infected Aedes aegypti co-occurrence with dengue epidemics risk areas in Tanzania. PLoS
One. 2016 Sep 1; 11(9). https://doi.org/10.1371/journal.pone.0162649 PMID: 27681327

Camara N, Ngasala B, Leyna G, Abade A, Rumisha SF, Oriyo NM, et al. Socio-demographic determi-
nants of dengue infection during an outbreak in Dar es Salaam city, Tanzania. Tanzan J Health Res.
2018; 20(2).

Kajeguka DC, Kaaya RD, Desrochers R, Iranpour M, Kavishe RA, Mwakalinga S, et al. Mapping clus-
ters of chikungunya and dengue transmission in northern Tanzania using disease exposure and vector
data. Tanzan J Health Res. 2017 Oct 1; 19(4).

Leta S, Beyene TJ, De Clercq EM, Amenu K, Kraemer MUG, Revie CW. Global risk mapping for major
diseases transmitted by Aedes aegypti and Aedes albopictus. International Journal of Infectious Dis-
eases. 2018 Feb 1; 67:25-35. https://doi.org/10.1016/}.ijid.2017.11.026 PMID: 29196275

Kamal M, Kenawy MA, Rady MH, Khaled AS, Samy AM. Mapping the global potential distributions of
two arboviral vectors Aedes aegypti and Ae. Albopictus under changing climate. PLoS One. 2018 Dec
1; 13(12). https://doi.org/10.1371/journal.pone.0210122 PMID: 30596764

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0012679 November 26, 2024 20/22


https://www.researchgate.net/publication/333146809
https://www.researchgate.net/publication/333146809
https://doi.org/10.1186/s12879-023-08717-8
http://www.ncbi.nlm.nih.gov/pubmed/37864153
https://www.r-project.org/
https://www.r-project.org/
https://doi.org/10.1007/s00436-022-07777-0
http://www.ncbi.nlm.nih.gov/pubmed/36683088
https://doi.org/10.1186/s13071-020-04378-7
http://www.ncbi.nlm.nih.gov/pubmed/33004074
https://doi.org/10.1186/s13071-017-2598-2
http://www.ncbi.nlm.nih.gov/pubmed/29284522
https://doi.org/10.4081/gh.2014.10
https://doi.org/10.4081/gh.2014.10
http://www.ncbi.nlm.nih.gov/pubmed/25545930
https://doi.org/10.1371/journal.pntd.0003733
http://www.ncbi.nlm.nih.gov/pubmed/25923210
https://doi.org/10.1186/s12879-023-08157-4
http://www.ncbi.nlm.nih.gov/pubmed/36991340
https://doi.org/10.1186/s13071-021-05005-9
http://www.ncbi.nlm.nih.gov/pubmed/34686195
https://doi.org/10.1371/journal.pntd.0008949
http://www.ncbi.nlm.nih.gov/pubmed/33284806
https://doi.org/10.1371/journal.pone.0162649
http://www.ncbi.nlm.nih.gov/pubmed/27681327
https://doi.org/10.1016/j.ijid.2017.11.026
http://www.ncbi.nlm.nih.gov/pubmed/29196275
https://doi.org/10.1371/journal.pone.0210122
http://www.ncbi.nlm.nih.gov/pubmed/30596764
https://doi.org/10.1371/journal.pntd.0012679

PLOS NEGLECTED TROPICAL DISEASES A systematic review of modelling approaches for dengue and Aedes in Africa

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

Ryan SJ, Carlson CJ, Mordecai EA, Johnson LR. Global expansion and redistribution of Aedes-borne
virus transmission risk with climate change. PLoS Negl Trop Dis. 2018 Mar 1; 13(3).

Abdelkrim O, Samia B, Said Z, Souad L. Modeling and mapping the habitat suitability and the potential
distribution of Arboviruses vectors in Morocco. Parasite. 2021; 28.

Omar K, Thabet HS, TagEldin RA, Asadu CC, Chukwuekezie OC, Ochu JC, et al. Ecological niche
modeling for predicting the potential geographical distribution of Aedes species (Diptera: Culicidae): A
case study of Enugu State, Nigeria. Parasite Epidemiol Control. 2021 Nov 1; 15. https://doi.org/10.
1016/j.parepi.2021.e00225 PMID: 34646952

Ouattara CA, Traore S, Sangare |, Traore Tl, Meda ZC, Savadogo LGB. Spatiotemporal analysis of
dengue fever in Burkina Faso from 2016 to 2019. BMC Public Health. 2022 Dec 1; 22(1).

Raharimalala FN, Ravaomanarivo LH, Ravelonandro P, Rafarasoa LS, Zouache K, Tran-Van V, et al.
Biogeography of the two major arbovirus mosquito vectors, Aedes aegypti and Aedes albopictus (Dip-
tera, Culicidae), in Madagascar. Parasit Vectors. 2012; 5(1).

Ouattara CA, Traore Tl, Traore S, Sangare |, Meda CZ, Savadogo LGB. Climate factors and dengue
fever in Burkina Faso from 2017 to 2019. J Public Health Afr. 2022 May 24; 13(1).

Althouse BM, Hanley KA, Diallo M, Sall AA, Ba Y, Faye O, et al. Impact of climate and mosquito vector
abundance on sylvatic arbovirus circulation dynamics in senegal. American Journal of Tropical Medi-
cine and Hygiene. 2015 Jan 1; 92(1):88-97. https://doi.org/10.4269/ajtmh.13-0617 PMID: 25404071

Noureldin E, Shaffer L. Role of climatic factors in the incidence of dengue in port sudan city, sudan.
Eastern Mediterranean Health Journal. 2019; 25(12):852—-60. https://doi.org/10.26719/emhj.19.019
PMID: 32003443

Bioclimatic variables—WorldClim 1 documentation [Internet]. [cited 2024 May 9]. Available from:
https://www.worldclim.org/data/bioclim.html.

Badolo A, Sombié A, Yaméogo F, Wangrawa DW, Sanon A, Pignatelli PM, et al. First comprehensive
analysis of Aedes aegypti bionomics during an arbovirus outbreak in west Africa: Dengue in Ouagadou-
gou, Burkina Faso, 2016—2017. PLoS Negl Trop Dis. 2022; 16(7). https://doi.org/10.1371/journal.pntd.
0010059 PMID: 35793379

Wilson-Bahun TA, Kamgang B, Lenga A, Wondiji CS. Larval ecology and infestation indices of two
major arbovirus vectors, Aedes aegypti and Aedes albopictus (Diptera: Culicidae), in Brazzaville, the
capital city of the Republic of the Congo. Parasit Vectors. 2020 Sep 25; 13(1). https://doi.org/10.1186/
s$13071-020-04374-x PMID: 32977841

Djiappi-Tchamen B, Nana-Ndjangwo MS, Tchuinkam T, Makoudjou I, Nchoutpouen E, Kopya E, et al.
Aedes mosquito distribution along a transect from rural to urban settings in Yaoundé, Cameroon.
Insects. 2021 Sep 1; 12(9).

Kamgang B, Ngoagouni C, Manirakiza A, Nakouné E, Paupy C, Kazanji M. Temporal Patterns of Abun-
dance of Aedes aegypti and Aedes albopictus (Diptera: Culicidae) and Mitochondrial DNA Analysis of
Ae. albopictus in the Central African Republic. PLoS Negl Trop Dis. 2013; 7(12).

Lim JK, Fernandes JF, Yoon IK, Lee JS, Mba RO, Lee KS, et al. Epidemiology of dengue fever in
gabon: Results from a health facility-based fever surveillance in lambaréné and its surroundings. PLoS
Negl Trop Dis. 2021 Feb 1; 15(2):1-15.

Soghaier MA, Himatt S, Osman KE, Okoued SI, Seidahmed OE, Beatty ME, et al. Cross-sectional com-
munity-based study of the socio-demographic factors associated with the prevalence of dengue in the
eastern part of Sudan in 2011 Infectious Disease epidemiology. BMC Public Health. 2015 Jun 18; 15
(1).

Mazaba-Liwewe ML, Siziya S, Monze M, Mweene-Ndumba I, Masaninga F, Songolo P, et al. First sero-
prevalence of dengue fever specificimmunoglobulin G antibodies in Western and North-Western prov-
inces of Zambia: A population based cross sectional study. Virol J. 2014 Jul 30; 11(1). https://doi.org/
10.1186/1743-422X-11-135 PMID: 25078113

Elaagip A, Alsedig K, Altahir O, Ageep T, Ahmed A, Siam HA, et al. Seroprevalence and associated risk
factors of Dengue fever in Kassala state, eastern Sudan. PLoS Negl Trop Dis. 2020 Dec 1; 14(12):
e€0008918. https://doi.org/10.1371/journal.pntd.0008918 PMID: 33296362

Sylvestre E, Joachim C, Cécilia-Joseph E, Bouzillé G, Campillo-Gimenezid B, Cuggiand M, et al. Data-
driven methods for dengue prediction and surveillance using real-world and Big Data: A systematic
review. Vol. 16, PLoS Neglected Tropical Diseases. Public Library of Science; 2022.

Wu X, Lang L, Ma W, Song T, Kang M, He J, et al. Non-linear effects of mean temperature and relative
humidity on dengue incidence in Guangzhou, China. Science of The Total Environment. 2018 Jul
1;628-629:766—71. https://doi.org/10.1016/j.scitotenv.2018.02.136 PMID: 29454216

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0012679 November 26, 2024 21/22


https://doi.org/10.1016/j.parepi.2021.e00225
https://doi.org/10.1016/j.parepi.2021.e00225
http://www.ncbi.nlm.nih.gov/pubmed/34646952
https://doi.org/10.4269/ajtmh.13-0617
http://www.ncbi.nlm.nih.gov/pubmed/25404071
https://doi.org/10.26719/emhj.19.019
http://www.ncbi.nlm.nih.gov/pubmed/32003443
https://www.worldclim.org/data/bioclim.html
https://doi.org/10.1371/journal.pntd.0010059
https://doi.org/10.1371/journal.pntd.0010059
http://www.ncbi.nlm.nih.gov/pubmed/35793379
https://doi.org/10.1186/s13071-020-04374-x
https://doi.org/10.1186/s13071-020-04374-x
http://www.ncbi.nlm.nih.gov/pubmed/32977841
https://doi.org/10.1186/1743-422X-11-135
https://doi.org/10.1186/1743-422X-11-135
http://www.ncbi.nlm.nih.gov/pubmed/25078113
https://doi.org/10.1371/journal.pntd.0008918
http://www.ncbi.nlm.nih.gov/pubmed/33296362
https://doi.org/10.1016/j.scitotenv.2018.02.136
http://www.ncbi.nlm.nih.gov/pubmed/29454216
https://doi.org/10.1371/journal.pntd.0012679

PLOS NEGLECTED TROPICAL DISEASES A systematic review of modelling approaches for dengue and Aedes in Africa

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Hossain S. Generalized Linear Regression Model to Determine the Threshold Effects of Climate Vari-
ables on Dengue Fever: A Case Study on Bangladesh. Canadian Journal of Infectious Diseases and
Medical Microbiology. 2023;2023.

Colén-Gonzalez FJ, Fezzi C, Lake IR, Hunter PR. The Effects of Weather and Climate Change on Den-
gue. PLoS Negl Trop Dis. 2013; 7(11). https://doi.org/10.1371/journal.pntd.0002503 PMID: 24244765

Harrison XA, Donaldson L, Correa-Cano ME, Evans J, Fisher DN, Goodwin CED, et al. A brief introduc-
tion to mixed effects modelling and multi-model inference in ecology. Peerd. 2018; 2018(5). https://doi.
0rg/10.7717/peer].4794 PMID: 29844961

Marques P, Bermudi M, Neto FC, Blangiardo M, Gardini R, Palasio S, et al. Spatio-Temporal Dynamics
and Climate Change Scenarios Forecast of Dengue Incidence in Brazil. medRxiv [Internet]. 2024 Jul 22
[cited 2024 Aug 29];2024.07.22.24310334. Available from: https://www.medrxiv.org/content/10.1101/
2024.07.22.24310334v1.

YuHL, Yang SJ, Yen HJ, Christakos G. A spatio-temporal climate-based model of early dengue fever
warning in southern Taiwan. Stochastic Environmental Research and Risk Assessment [Internet]. 2011
May 17 [cited 2024 Aug 29]; 25(4):485-94. Available from: https://link.springer.com/article/10.1007/
s00477-010-0417-9.

Sun H, Dickens BL, Richards D, Ong J, Rajarethinam J, Hassim MEE, et al. Spatio-temporal analysis of
the main dengue vector populations in Singapore. Parasit Vectors [Internet]. 2021 Jan 11 [cited 2024
Aug 28]; 14(1):1-11. Available from: https://link.springer.com/articles/10.1186/s13071-020-04554-9.

Shi L, Westerhuis JA, Rosén J, Landberg R, Brunius C. Variable selection and validation in multivariate
modelling. Bioinformatics. 2019 Mar 15; 35(6):972-80. https://doi.org/10.1093/bioinformatics/bty710
PMID: 30165467

Lee G, Kim W, Oh H, Youn BD, Kim NH. Review of statistical model calibration and validation—from the
perspective of uncertainty structures. Vol. 60, Structural and Multidisciplinary Optimization. Springer
Verlag; 2019. p. 1619—44.

Lee JS, Carabali M, Lim JK, Herrera VM, Park IY, Villar L, et al. Early warning signal for dengue out-
breaks and identification of high risk areas for dengue fever in Colombia using climate and non-climate
datasets. BMC Infect Dis. 2017 Jul 10; 17(1). https://doi.org/10.1186/s12879-017-2577-4 PMID:
28693483

Hossain MP, Zhou W, Ren C, Marshall J, Yuan HY. Determining the effects of preseasonal climate fac-
tors toward dengue early warning system in Bangladesh. 2020; Available from: https://doi.org/10.1101/
2020.09.21.20199190.

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0012679 November 26, 2024 22/22


https://doi.org/10.1371/journal.pntd.0002503
http://www.ncbi.nlm.nih.gov/pubmed/24244765
https://doi.org/10.7717/peerj.4794
https://doi.org/10.7717/peerj.4794
http://www.ncbi.nlm.nih.gov/pubmed/29844961
https://www.medrxiv.org/content/10.1101/2024.07.22.24310334v1
https://www.medrxiv.org/content/10.1101/2024.07.22.24310334v1
https://link.springer.com/article/10.1007/s00477-010-0417-9
https://link.springer.com/article/10.1007/s00477-010-0417-9
https://link.springer.com/articles/10.1186/s13071-020-04554-9
https://doi.org/10.1093/bioinformatics/bty710
http://www.ncbi.nlm.nih.gov/pubmed/30165467
https://doi.org/10.1186/s12879-017-2577-4
http://www.ncbi.nlm.nih.gov/pubmed/28693483
https://doi.org/10.1101/2020.09.21.20199190
https://doi.org/10.1101/2020.09.21.20199190
https://doi.org/10.1371/journal.pntd.0012679

