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Abstract
Dengue fever has spread globally and outbreaks are
experienced. This study analyzed the roles of cli-
matic variables in the spread of dengue fever in
a Sub-Saharan Africa region using Agent-Based
Modelling (ABM) and Simulation. Dengue ABM
was implemented using GAMA 1.9.1 framework
and simulation results were analyzed using Python
3.9. Initially, the model was simulated for 300
days with 1200 mosquito agents (approximately 0.2
infected) and 2000 human agents (approximately
0.005 infected). Weather data from the Tanzania
Meteorological Agency (2012-2022) for the Dar es
Salaam region was used. Simulation results show-
ing the dynamics in mosquito agents’ infection sta-
tus and human agents’ infection status are pre-
sented. The fluctuations in dengue incidences with
weather parameters are also presented. Analysis of
this information aids in informing policy-makers,
health data stakeholders, and epidemiologists, and
enhances surveillance and decision-making.

1 Introduction and Background
Health data comprise complex large datasets that need intel-
ligent data-driven techniques to collect, analyze, and process
them to generate meaningful information that the decision-
makers can effectively utilize. Establishing good monitoring,
investigation, and reporting systems for infectious disease in-
cidences is crucial. Every year, millions of individuals are
put at risk of serious illness as a result of new infectious and
communicable diseases [World Health Organization, 2022b;
World Health Organization, 2024]. This seriously threat-
ens public health security at local, regional, or national lev-
els, due to the lack of infrastructure for timely epidemic
data collection, analysis, and reporting [Mahmood et al.,
2020]. It has been noted that policy-makers, epidemiolo-
gists, and other related health data stakeholders highly depend
on timely and accurate information to make informed deci-
sions that will improve the well-being of the nation as well
as the national healthcare system [Hoogeveen et al., 2014;
Mahmood et al., 2020; Pascoe and Mwangoka, 2016]. Fur-
thermore, reliable and real-time data provide decisionmakers
with the information they need to respond effectively to the

population’s health needs as a result the value of better ef-
fective data collection can be realized [Sambo and for Africa,
2014].

Dengue fever caused by Dengue Virus (DENV) is a highly
dangerous arboviral disease with high levels of transmission
in America, the Western Pacific, and Southeast Asia posing
a threat to around 4 billion people. The disease has been
identified in Europe since 2010, with an outbreak in Madeira
in 2012. All four serotypes of DENV have been reported
in Africa, with DENV-2 being the most frequently reported
in Africa [Ward et al., 2017]. In Tanzania, Dar es Salaam
was declared as an epicenter of the dengue outbreak that oc-
curred in 2019 and the preceding outbreaks even if there have
been some occurrences in different regions [Kampango et al.,
2021; Okada et al., 2019]. The 2019 outbreak resulted in
6670 confirmed cases and 13 deaths[Kampango et al., 2021].

Agent-based modeling (ABM) refers to computational
simulation models that are made up of a large number of dis-
crete agents [Thorne et al., 2007; Vodovotz and An, 2019].
An agent is any form of self-contained component in the real
world whose behavior can change from simple reactive deci-
sion rules to complicated adaptive intelligence [Auchincloss
and Garcia, 2015; Crooks et al., 2018; Dalski et al., 2017].
ABM is a valuable tool for epidemics modeling because it
can better track the spread of disease in specific geographic
regions and account for interactions among individual con-
tacts [Gharakhanlou et al., 2020; Kasaie and Kelton, 2016;
Pérez and Dragicevic, 2009]. Epidemiologic applications
aim to employ the ABM approach to help researchers per-
form preliminary “what-if” analyses to investigate how sys-
tems behave in various scenarios and determine which con-
trol measures are most effective [Carley et al., 2005; Chen
et al., 2004; Eidelson and Lustick, 2004].Thus, ABM can
be 124 considered as a technology for processing health data
and producing simulations that can provide meaningful infor-
mation for decision-makers concerning different disease out-
breaks, surveillance, reporting, and containment. This study
intended to explore the benefits of ABM in disease modeling
to enhance the surveillance of dengue fever in Sub-Saharan
Africa.
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1.1 Related Work on ABM and Disease
Surveillance

Thus, ABM can be 124 considered as a technology for pro-
cessing health data and producing simulations that can pro-
vide meaningful information for decision-makers concerning
different disease outbreaks, surveillance, reporting, and con-
tainment. This study intended to explore the benefits of ABM
in disease modeling to enhance the surveillance of dengue
fever in Sub-Saharan Africa.84 ABM has several benefits in-
cluding its ability to harness the heterogeneity and stochas-
ticity in a modeling environment, agents’ behaviors being de-
fined with boundaries and their decision-making capability,
agents’ ability to learn and engage in dynamic strategic be-
haviors, agents’ ability to adapt and change their behaviors,
and agents’ ability to represent a spatial component to their
behaviors and interactions [Macal and North, 2009; Sabzian
et al., 2019]. These benefits and many more make ABM
suitable for modeling various health systems and phenomena
such as infectious diseases-EMOD framework [Bershteyn et
al., 2018], EpiSims software [Mniszewski et al., 2014], spa-
tial agent-based malaria model [Bomblies, 2014; Gharakhan-
lou et al., 2020], transport planning and epidemic spread
[Hackl and Dubernet, 2019], mosquito modeling [Stiner and
Chellamuthu, 2020] and Dengue epidemic [Jacintho et al.,
2010; Jindal and Rao, 2017; Mahmood et al., 2020].

Various disease surveillance applications have utilized the
benefits of ABM to enhance disease surveillance globally.
This includes tracking the spread of HIV, control of mosquito-
borne diseases, and the simulation of influenza outbreaks [Ar-
quam et al., 2020; Jarlais et al., 2022; Lukens et al., 2014;
Miksch et al., 2019]. The outcomes of employing various
public health interventions on disease transmissions could
also be tracked using ABM, such as the use of face masks
during the COVID-19 pandemic [Catching et al., 2021;
Narassima et al., 2021].

A study by [Sharma et al., 2023] proposed a framework
for the surveillance and prediction of dengue disease after re-
viewing various literature and identifying various tools used
for modeling and the factors that contributed to the spread
and dynamics of dengue disease. The framework included
remote sensing, epidemiological data, and health infrastruc-
ture inputs. Surface trend analysis, polynomial regression
models, and cluster analysis made up the dengue spread sub-
model. The dengue risk sub-model was developed using the
risk model together with the spatial Poisson point process
model, and lastly, various statistical machine learning mod-
els would develop the dengue prediction sub-model [Sharma
et al., 2023].

Furthermore, a study by [Guzzetta et al., 2020] stated
that “it is crucial to understand and quantify the transmis-
sion of infections caused by mosquitoes over space and time
through strengthening health system entomological and hu-
man surveillance, guidance on the implementation of vector
control measures, safe blood transfusion, delivery of vaccine,
and the ability to assess transmission risk,” [Guzzetta et al.,
2020].

Therefore, this study plays a great role in strengthening the
health system reporting and surveillance, especially on in-

fectious diseases, through the provision of timely, accurate,
complete, and consistent data. This is possible when the cru-
cial surveillance information obtained from dengue ABM is
deployed through a mobile application that will be used by
health workers and epidemiologists to monitor the dengue
transmission dynamics.

1.2 Climatic Factors and Dengue Fever

Urbanization, globalization of trade and travel, increased
population density, and the lack of effective prevention con-
trol methods have been identified as the risk factors as-
sociated with dengue transmission in East African coun-
tries, Tanzania being among them [Chipwaza et al., 2014;
Kajeguka et al., 2017]. Age, sex, and education are among
the individual factors that determine the risk of contracting
DENV, while the number of people residing in a room and
community size make up the household factors that increase
the chance of contracting DENV [Dumont et al., 2008]. Fur-
thermore, precipitation, humidity, temperature, human migra-
tion, wind speed, and sanitation contributed to the epidemic
conditions in areas affected by dengue and chikungunya
[Dumont et al., 2008; Tancredi et al., 2020; Singh et al.,
2022]. Integrated vector control strategies are recommended
by WHO to prevent and control dengue outbreaks and infec-
tions [Sambo and for Africa, 2014] [Puthanakit et al., 2022;
Hossain et al., 2022]. Most of the control and prevention
strategies are based on mosquito vector density management
[Puthanakit et al., 2022; Sambo and for Africa, 2014], influ-
enced by different factors, among them being climatic and
environmental.

A review on the influence of environmental variables (veg-
etation index, households, mosquito habitats, and breeding
sites) and climatic variables (precipitation or rainfall, temper-
ature, and relative humidity) on dengue disease modeling us-
ing an agent-based model in an African context and globally
revealed that temperature, precipitation, humidity, and envi-
ronmental factors influenced dengue transmission dynamics
and surveillance [Pascoe et al., 2022]. This review nailing the
need for enhancing dengue surveillance through agent-based
modeling and simulation while considering the influence of
climatic factors on mosquito lifecycle and dengue transmis-
sion dynamics.

2 Materials and Methods

2.1 Study Area

This study was conducted in the Dar es Salaam region, which
has an approximate area of 1,393 square kilometers (km2)
and is located between latitude 6°20’ S to 7°30’ S and lon-
gitude 39°00’ E to 39°30’ E [Kayombo and Mayo, 2018].
The region has a population of 5,383,728, of which women
are 2,783,710, making 52%, and men are 2,600,018, making
48%, with an annual growth rate of 2.1% [National Bureau
of Statistics, United Republic of Tanzania, 2022]. In Tanza-
nia, dengue fever outbreaks have been reported from differ-
ent districts in the Dar es Salaam region, making the region a
suitable study area to address the research question.
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2.2 Developed ABM for Dengue Surveillance
Overview, Design Concepts, and Details (ODD) protocol was
used in the domain and design model of dengue fever surveil-
lance ABM to ensure transparency and reproducibility. The
ODD protocol ensured that the model was designed to capture
the key concepts and details necessary for accurately sim-
ulating dengue disease transmission dynamics in the study
population. Seven elements of the ODD protocol have been
adopted in the developed dengue fever ABM [Pascoe et al.,
2023]. The ABM was implemented using GAMA 1.9.1,
which uses GAML scripting language based on Java Devel-
opment Kit (JDK) and supports Java 17, x86, and ARM ar-
chitecture. GAMA excels in managing spatial information
and integrating Geographic Information Systems (GIS), ren-
dering it particularly suitable for modeling scenarios with
significant spatial components. This functionality is crucial
for depicting spatial patterns and processes across human,
natural, and combined human-environmental systems [Man-
son et al., 2020] as well as modeling vector-borne diseases
like dengue that have strong spatial components. GAMA
can handle large-scale simulations with up to millions of
agents while supporting their complex behaviors. GAMA
supports real-time data integration from multiple sources, in-
cluding climate, epidemiology, reports, and remote sensing
data, making it ideal for data-driven simulations. GAMA’s
ability to provide advanced 2D/3D visualizations outstands
other frameworks as it provides intuitive model exploration
by providing real-time interaction with the model and facili-
tating stakeholder engagement. The advanced capabilities of
GAMA make it a more robust tool for studies on complex,
spatially explicit, and cognitively sophisticated agent-based
models. Its capacity to incorporate GIS data, accommodate
intricate agent behaviors, and offer versatility across diverse
fields makes it a preferred choice for models that require de-
tailed and realistic simulations of complex systems [Singh et
al., 2016; Manson et al., 2020]. Therefore, the GAMA ben-
efits have led the researchers opt for GAMA framework to
better model and simulate the ABM for dengue surveillance
with inclusion of weather parameters.

Figure 1 presents the implemented ABM for dengue
fever using GAMA. The model was initially simulated with
2000 human agents (approximately 0.005 infected) and 1200
mosquito agents (approximately 0.2 infected). Humans’ and
mosquitoes’ initial infection status were set at different in-
fection rates to represent an ongoing disease spread. Agent
parameters were selected to reflect real-world conditions to
ensure accurate simulation results. Epidemiological data, de-
mographic and population data, and entomological data ob-
tained from health reports, dengue outbreak data, previous
dengue related studies together with expert knowledge and
assumptions helped to obtain parameters such as infection
rate, recovery time, mortality rate, population density, age
distribution, mosquito lifespan, biting rate, egg-laying fre-
quency, and movement range.

The model initialization data is presented in Table 1.
Weather data from the Tanzania Meteorological Agency
(TMA) (2012-2022) for the Dar es Salaam region was used.
Input weather parameters in the dengue ABM for the year
2017 included temperature, which was believed to influence

mosquito survival and virus incubation period; precipita-
tion, and relative humidity, which affected mosquito breeding
sites. The defined agent parameters directly influenced agent
behavior in the simulation, such as the susceptibility, mobil-
ity, and symptoms development of the agents, the mosquito
life cycle, the infection probability of agents, the feeding
behavior of mosquito agents, and their movement patterns.
Mosquito reproduction rate, survival, and biting activity, as
well as the availability of breeding sites, were influenced by
environmental and climatic parameters.

The initial conditions in the model were set for mosquitoes
and human agents based on the literature reviews and infor-
mation obtained from previous dengue outbreaks. The initial
mosquito agent population was set to ensure progression to
disease dynamics as well as mosquito population at differ-
ent stages of the life cycle. Changing the initial mosquito
population affected the simulation results; when the initial
number was set below 1200, the mosquito population van-
ished after 150 simulation days. Alternatively, overestimating
the mosquito population would overestimate the speed and
extent of dengue spread as well as population growth. The
life stages of mosquito agents and immunity levels of human
agents reflected the biological and epidemiological knowl-
edge obtained from literature reviews and expert knowledge.
Human immunity could not be ignored because it would be
unrealistic and would result in missing the protective effects
of existing immunity in the population.

Figure 2 presents the output file generated after the model
simulation representing the changes in the population of
mosquito agents at different stages of the life cycle as well
as the changes in their infection status.

3 Results and Discussion
The ABM for dengue surveillance was simulated with
weather variables, including temperature, precipitation, and
relative humidity. The influence of these parameters on the
mosquito life cycle and dengue fever transmission to the
mosquito population and human population was observed.
Weather parameters were believed to influence mosquito life-
cycle and activities [Pascoe et al., 2022]. The results showed
that the weather parameters influenced the mosquito lifecycle
and various mosquito activities as a result, the transmission
dynamics of dengue fever depended on the weather param-
eters. Mosquito activities such as reproduction, flight capa-
bility, biting rate, hatching rates, mosquito population, and
dengue infections were influenced by weather parameters.
As a result, dengue infection in human agents was also af-
fected by these dynamics. This was also observed in a study
by [Miksch et al., 2019] that demonstrated the influence of
weather parameters on dengue dynamics and assessed the im-
pact of interventions on mosquito population.

Figure 3 and Figure 4 provide a comprehensive analysis of
dengue transmission dynamics by linking mosquito and hu-
man infection stages with climatic factors (temperature, hu-
midity, and precipitation). Figure 3 shows infection trends
in mosquito and human populations, while Figure 4 shows
the climatic data that influenced mosquito population growth
and dengue transmission. The mosquito population increased

Second IJCAI AI for Good Symposium in Africa hosted by Deep Learning Indaba

52



Figure 1: An agent-based model for dengue fever surveillance

Agents Parameters Value/Range Reference/source

Human-
Agent

Exposed days 4–10 days [World Health Organization, 2022a]
[World Health Organization, 2022b]

The probability of being bitten 0.5 [Deza-Cruz, 2018; Deza-Cruz et al., 2019]
Probability of infection 0.5 Study knowledge
Asymptomatic probability 0.5 [Shrestha et al., 2022]
Infectious days 3–14 days [Borges et al., 2015]

[World Health Organization, 2022b]
Probability of recovery 0.95 Study knowledge
Immunity days 120 days [World Health Organization, 2024]
Probability of hospitalization 0.5 Study knowledge
Probability of recovery after hospitalization 0.995 Study knowledge
Probability of death 0.05 [Deza-Cruz, 2018]

Ae. Aegypti
mosquito

agent

Mosquito Days (egg to adult) 12 days [Deng et al., 2008]
Probability of infection 0.75 [Aguiar et al., 2022]
Biting rate per day 0.26–0.67 [Aguiar et al., 2022]
Incubation period 9 days, 8–12 days [Borges et al., 2015; Deng et al., 2008]

[Deza-Cruz et al., 2019]
[World Health Organization, 2024]

Pregnant time 3 days [Deng et al., 2008; Deza-Cruz et al., 2019]
Life span (egg to death) 30 days [Deng et al., 2008; Deza-Cruz et al., 2019]
Number of eggs laid per time/batch 100–200 [Deng et al., 2008; Deza-Cruz et al., 2019]
Egg-laying cycle 3 times Study knowledge
Approximated total laid eggs per lifetime 300 Study knowledge

Table 1: Summary of parameters for Human-Agent and Ae. aegypti mosquito agent.

towards the end of the year, indicating a likelihood of favor-
able breeding conditions such as temperature and precipita-
tion. Compared to the susceptible population, the infected
mosquitoes remained relatively lower, suggesting that trans-
mission might have been controlled by other factors such
as host availability and virus incubation period. The pop-

ulation of infected human agents increased significantly to-
wards the end of the simulation, correlating with the rise
in infected mosquitoes. The graphs indicated that transmis-
sion was climate-dependent, whereas peak mosquito popu-
lations coincided with rainy seasons (March-May, October-
Dec). Low temperatures reduced mosquito activity and hu-
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Figure 2: Sample output file of the agent-based model simulation results

man infections. The graphs also show human infection lags
behind mosquito trends in which infection spikes in humans
appeared after the mosquito population increased, indicating
the incubation delay in dengue transmission.

Based on this result, future outbreaks could be anticipated
by tracking rainfall and temperature patterns among other fac-
tors. Dengue preventive measures could as well be imple-
mented before peak mosquito seasons. All this information is
useful in assisting the health data stakeholders and epidemi-
ologists in decision-making during an outbreak or before an
outbreak. This also helps to highlight the kind of resources
needed at different stages of the dengue transmission dynam-
ics depending on the spatial-temporal data available. As a re-
sult, decision-making could be enhanced thus, accurate inter-
vention strategies could be employed, and suitable resources
needed to combat the dengue fever could be allocated.

Figure 5 shows the possible correlation between precipi-
tation and dengue cases in which the rainy period (days 50-
100) preceded the first spike in dengue cases, which peaked
in days 150, suggesting that the increased precipitation cre-
ated breeding sites for mosquitoes, leading to a delayed surge
in dengue cases. A time lag between dengue incidences and
precipitation was observed, and this could be explained by
mosquito activities such as the mosquito lifecycle, virus incu-
bation period, and human infection dynamics. Although there
was a decline in precipitation towards the end of the simula-
tion, dengue cases were observed to continue rising sharply.
This could be explained by the fact that once a high mosquito
population was established, dengue transmission could sus-
tain itself even with reduced rainfall. Therefore, the simu-
lation results suggested a strong link between precipitation

and dengue incidences with a delayed effect. Rainfall events
created breeding conditions for mosquitoes, leading to a later
increase in infections. Thus, public health interventions could
focus on mosquito control during and shortly after rainy peri-
ods to reduce dengue transmission.

Figure 6 presents the association rules developed, the de-
veloped association rules had a lift greater than one indicating
there existed positive associations between the antecedents
and the consequents. The analysis of association rules re-
vealed that increases in human infections and total exposed
individuals were strongly correlated with a rise in mosquito
infections, indicating that infected humans were crucial in
transmitting dengue to mosquitoes.

Elevated mosquito infection rates were closely associated
with growth in the female mosquito population, which are the
primary vectors for dengue spread. This finding suggested
that female mosquitoes were the main culprits in dengue
transmission. Environmental factors, such as higher tem-
peratures, precipitation, and extended transmission periods,
resulted in greater human exposure, implying that climate
played a significant role in the spread of dengue.

Figure 7 presents the network graph of the association
rules, showing the association between different variables re-
lated to dengue fever transmission, the climatic factors and
population dynamics of both human and mosquito agents.
The edges represented the correlations between the param-
eters with confidence values ranging from 0.90 to 1.00 sug-
gesting strong associations between the variables. Weather
parameters (precipitation and temperature) were strongly
linked to many parameters such as total infected mosquitoes,
total infected humans, and the dengue incidence rate indi-
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Figure 3: Dengue transmission dynamics in mosquito and human agents

Figure 4: Weather data for Dar es Salaam region for year 2017

cating that the weather conditions play a significant role in
dengue transmission dynamics. Infected mosquito popula-
tions were strongly linked to human infection and dengue
incidences emphasizing the cycle of transmission between
vector and human hosts. The network graph of the asso-
ciation rules was used to enhance the predictive model for
dengue outbreaks thus health authorities could predict when
and where outbreaks were most likely to occur allowing for
timely interventions. Furthermore, understanding these asso-
ciations assists policymakers and healthcare professionals in
making well informed data-driven decision based on dengue
fever which are crucial for outbreak prediction, targeted con-
trol measures and public health planning.

The model simulation results that represent Dar es Salaam
as a case study can be applied in other Sub-Sahara African
regions that experience tropical climates such as Tanzania—
the presence of similar Ae. Aegypti species and pathogen
strains in other Sub-Sahara African areas also enhance the ap-

Figure 5: Changes in dengue incidences with precipitation pattern

plicability of the study findings in those regions. The model
can be adopted and calibrated with appropriate local envi-
ronmental, social, and epidemiological conditions from other
regions making the findings applicable in those areas. The
resulting simulation results would then help inform epidemi-
ologists and other public health stakeholders on the disease
spread dynamics and facilitate informed decision-making and
surveillance. Initial model sensitivity analysis was performed
to identify the high-sensitivity parameters from which the
threshold values for the parameters were identified to deter-
mine the robustness of the parameters. High-sensitive param-
eters identified included precipitation, temperature, number
of infected mosquitoes in a simulation cycle, dengue inci-
dences per simulation cycle, the total number of exposed hu-
man agents, and the total number of infected mosquitoes. Ad-
justing the threshold values of their parameters would cause
a drastic change in the outcomes.
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Figure 6: Developed association rules from the simulation results

The next step is observing the effects of varying key param-
eter values with scenario testing. Model validation was per-
formed using domain experts such as epidemiologists, pub-
lic health officials, and climate and environmental scientists,
who initially validated the conceptual model, mosquito life-
cycle sub-model, and the disease progression sub-model to
ensure that the assumptions made and the rules adopted ac-
curately represented the mosquito biology and epidemiology
of Ae. Aegypti. The use of the ODD protocol provided a
means for model validation as it ensured transparency and re-
producibility of the model and the simulation scenarios. Data
validation was carried out to ensure accurate calibration of
the model parameters. Dengue outbreak data for 20182019
and weather data from the TMA were used. Challenges
encountered during validation included data incompleteness,
unavailability of mosquito population data, and the inability
of the model to fully capture all the environmental interac-
tions that influence mosquito behavior apart from the weather
parameters considered. To account for the stochastic nature
of the model, it was crucial to run multiple simulations, which
were time-consuming and computationally expensive.

4 Conclusion
The developed agent-based model can be adapted to simulate
the impact of various public health interventions on dengue
transmission to utilize the benefit of ABM to capture the
complexity of interactions between individual agents, envi-
ronmental factors, and interventions. Feasible interventions
could include the reduction of breeding sites that would elim-
inate the larval habitat. This would reduce the ability of
mosquitoes to find suitable breeding sites, thus demonstrat-

ing how the reduction of the mosquito population at the larva
stage would influence the overall mosquito population dy-
namics and the transmission of dengue. Other interventions
could include the use of vaccinations, the model would re-
flect how vaccination reduced the susceptible human popu-
lation and its effect on dengue transmission dynamics. Pub-
lic awareness campaigns could be implemented in the ABM
whereby changes to human behavior could be modeled in re-
sponse to the effects of the designed public health campaigns
such as the use of mosquito repellants or participation in the
reduction of mosquito breeding sites and other measures.

Thus, this paper presents an ABM for dengue fever surveil-
lance and decision-making in which the model was imple-
mented using the GAMA framework, different simulation
scenarios were implemented, and the simulation results were
analyzed. Overall results indicated the dependence of dengue
fever transmission dynamics on the weather parameter, which
influenced the mosquito population at different stages of the
infection cycle, the fluctuations in the rate of infection in hu-
man agents and mosquito agents. The graphs presented the
ability of the simulation results to convey valuable informa-
tion to epidemiologists and health data stakeholders.

Thus, ABMs for dengue dynamics with climatic factors
are useful tools for studying the transmission dynamics and
can be used to inform public health experts on the effective-
ness of intervention when the models incorporate intervention
strategies. The model was calibrated with dengue incidence
data for the 2018-2019 outbreak in the Dar es Salaam region.
Based on the benefits of ABM in epidemiological studies, this
model will help inform public health policies and ultimately
reduce the burden of dengue on communities. Future work
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Figure 7: Network graph of the association rules

involves completing the dengue ABM sensitivity analysis to
further explore the impact of various parameters
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