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Abstract: Vector-borne infectious diseases has continue to pose a significant challenge to global public health, and accurate
and timely transmission prediction are crucial for effective intervention and control. The development of accurate and efficient
vector-borne infectious disease predictive models has been the current trend in disease modeling. Modeling transmission,
however, has assumed a discrete transmission space, which is not always ideal in the real world, and little attention has been
paid to overestimation biases in predictions. The effectiveness of a predictive model is also determined by its capability to
capture a significant number of data characteristics to enhance robust and accurate prediction of cases. The study proposed the
application of a GIS-enhanced Bayesian Reinforcement learning model for the transmission of vector-borne infectious diseases,
and model performance assessment was determined. The Bayesian quantifies the uncertainty in the parameters of models, and
min-max ensemble Q-value estimation minimizes overestimation bias in the model. Simulation study was used to evaluate
model performance, success rate, and interaction rate. The findings show that vector and human can avoid interaction with a
success rate of 96.2% when human select combined intervention actions spray repellent, insecticide treated nets, larval
management, and vaccination. Other variables such as education, wealth index, community participation, and gender
empowerment significantly influence the transmission of the disease in the area. The model demonstrates a better performance
in describing the transmission of the disease, therefore setting the stage for future research in predictive modeling within
sub-Saharan disease-prone regions. The model can be used to determine the appropriate actions that the human should adopt to
reduce human-vector interaction.

Keywords: Geographic Information System, Bayesian, Reinforcement Learning, Infectious Disease, Transmission

1. Introduction
Vector-borne infectious diseases are human illnesses caused

by bacteria, parasites, and viruses. The diseases can be
transmitted from person to person, animal to person, or
person to animal after parasites and microorganisms infects
animals or human beings [1]. The infectious diseases
includes Chikungunya, Dengue and severe dengue, Yellow
fever, Zika virus, Malaria, Japanese encephalitis, Lymphatic
filariasis, Leishmaniasis, Crimean-Congo hemorrhagic fever,
Chagas disease (American Trypanosomiasis), Onchocerciasis,

Trypanosomiasis, human African (sleeping sickness), Plague,
and Schistosomiasis.

2. Models for Infectious Disease
Prediction

Development of mathematical models for modeling
infectious diseases has recently gained much attention from
researchers [2]. Zhang et al. proposed the compartmental
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model to predict infectious disease due to its flexible
framework and high adaptivity that can allow additional
approaches such as Bayesian inference and mixed-effects
modeling; the study results show that compartmental model
has highly adaptive powerful tool making it flexible to be
customized [3]. Osman et al. developed the Susceptible
Exposed Infectious Recovery - Susceptible Exposed Infectious
(SEIR-SEI) model, which is an extension of SEIR to model
malaria transmission [4], the model has also been used to
describe 2016 outbreak of the Zika virus in Brazil [5]. From
the review of compartmental models, the study observes that
the models assume constant parameters and homogeneous
mixing, which is unrealistic with vector-borne diseases where
interaction between vectors and hosts is largely heterogeneous.
Additionally, the models lack spatial heterogeneity and do not
adequately incorporate environmental and behavioral factors.

Due to compartmental models shortcomings, researchers
have applied non-compartmental models such as linear
models, time-series analysis, and stochastic models [6]
to predict the spread of infectious diseases. Forecasting
monthly malaria incidence in Kumasi Metropolis applied
Autoregressive integrated moving average (ARIMA) [7],
seasonal autoregressive integrated moving average (SARIMA)
and multi-step polynomial regression and models to forecast
malaria cases [8]. Application of SARIMA in predicting
malaria cases using monthly environmental variables
demonstrated that total rainfall is the most significant predictor
of malaria; this indicates that incorporation of environmental
factors can significantly improve the performance of predictive
model [9]. From the demonstration of the great performance
of stochastic models, studies have continued to develop
models that utilize stochastic, metapopulation, multiscale,
agent-based, and approaches to simulate the global spread
of infectious disease.

Stojanovic proposed a Bayesian Monte Carlo approach
to derive a spatiotemporal kernel for the prediction of the
spread of infectious diseases [10], the employed Bayesian
Monte Carlo framework is easily extensible and allows for
incorporating prior domain knowledge, making it suitable for
use on limited, yet complex data sets in epidemiology. Funk
et al. applied the Bayesian semi-mechanistic model to Ebola
forecasting [11]. A significant number of existing studies often
focus on classical statistical methods in estimation, leaving
room for incorporation Bayesian frameworks in disease
modeling. Bayesian methods have great power in parameter
estimation and uncertainty quantification [12].

Although mathematical and compartmental models are
sufficient in modelling infectious diseases, the models are
less suited to train Reinforced Learning (RL) agents as they
lack randomness that is an important requirement so that RL
agents do not overfit for a certain number of initial parameters
and generate more uncertainty, these models also does not
incorporate super-spreaders and also lack randomness [13].

Additionally, RL environments need to be dynamic to
explain the dynamics associated with disease and population
dynamics. ODE models are static, and to transform
it to dynamic state require addition of parameters [14]

that often become complex. Therefore, it is prudent to
avoid implementation of ODE models and instead adopt
implementation of virtual environment that will easily mimics
disease spread. The use of equation-based model has
been used extensively to model diseases; however, due
to non-linearity and complex patterns in infectious disease
outbreaks and advancement in technology, machine learning
and agent-based models have recently been adopted to improve
prediction capability and accuracy [15, 16].

Integration of machine learning and Least Absolute
Shrinkage and Selection Operator (LASSO) models has also
been proposed to predict dengue incidences in Singapore [17],
LASSO has also demonstrated its effectiveness in predicting
trends of dengue diseases in Taiwan, Japan, Singapore, and
Thailand, despite models significant performance in short-
term prediction, the model was less effective in longer-term
predictions [18]. Although LASSO model has demonstrated
good performance, the comparison of ARIMA, LASSO,
Random Forest (RF), and Random Forest with Uncertainty
Forest Analysis (RF-UFA) models on the prediction of weekly
dengue disease cases showed that the LASSO model was less
effective [19].

Comparison of long-short term memory (LSTM), Long-
short term memory with Attention (LSTM-ATT), seasonal
autoregressive integrated moving average (SARIMA),
Random Forest (RF), gradient boosting (XGB), LightGBM,
K-Nearest Neighbors (KNN), Keras, Poisson regression,
SVR-L, Support Vector Regression (SVR), Convolutional
Neural Network (CNN) and CatBoost models in predicting the
incidences of dengue diseases demonstrated that the effective
predictions were attributed to a mathematical model that
combines spatial analysis techniques and neural networks
based on Long-Short term memory (LSTM) architecture to
achieve better prediction performance [20, 21].

A study to compared the performance of deep neural
network (DNN), long-short-term memory (LSTM), and
autoregressive integrated moving average (ARIMA) models
in predicting the spread of infectious disease found that
deep neural network (DNN) and long-short term memory
(LSTM) performed better than autoregressive integrated
moving average (ARIMA) [22]. Application of Long short-
term memory (LSTM) on a big data platform to model malaria
transmission demonstrated that clinical and environmental
variables are vital in enabling the presence and transmission
of malaria [23]. The effectiveness of long short-term memory
(LSTM) in prediction of infectious diseases have also been
demonstrated in other research works by [24–30].

Studies have also proposed disease-specific models, Disease
Informed Neural Networks (DINNs) was proposed for
effective learning of dynamics of spread, progression forecast
for infectious diseases to future and finding disease unique
parameters such as death rate [31]. Applying Disease
Informed Neural Networks (DINNs) to zika and dengue
infectious diseases, the study found that Disease Informed
Neural Networks tend to perform highly with initial parameter
guesses. From the study findings, to improve the effectiveness
and reliability of the forecast, high-resolution and real-time
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data must be incorporated to enhance model interpretability.
Boosted regression tree model effectively predicted malaria

outbreak in Malaysia, however, the model must incorporate
temporal dependence crucial for accurate malaria prediction
[32]. Random Forest (RF) method demonstrated that the
is one of the best models for accurately and effectively
predicting West Nile virus cases, however, the model did not
include prediction of variations of West Nile virus cases over
different locations and times [33], therefore, including spatial-
temporal features could lead to more accurate and effective
predictions. Random Forest (RF) has also been found to
perform better than Neural Network models in predicting
Zika virus, though the model depends on the quantity of
data available[34]. The proposed models have demonstrated
more excellent performance in predicting infectious diseases
with less capability in controlling dynamic and uncertain
environments.

Machine learning and algorithms significantly predict
infectious diseases and improve capability in handling diverse,
large data sets and uncovering connections in the data
[35]. However, machine learning algorithms must develop
interconnections between vector, human, and environmental
factors that drives disease presence. Therefore, suggestion
for building a robust artificial intelligence and data science
capacities in resource-scare settings across all regions in the
world and diseases to capitalize on Machine Learning and
Deep Learning techniques potential prediction of Infectious
Disease [35].

2.1. Reinforced Learning Technique

Reinforced learning techniques have demonstrated better
capabilities compared to other machine learning techniques.
Reinforced Learning offers unique advantages for tasks
involving dynamic environments, sequential decision-making,
sparse rewards, and long-term planning. However, it
comes with challenges of exploration instability, sample
inefficiency, and need for tuning and careful reward design.
Reinforced Learning (RL) has been applied in disease
diagnostic, progression, and disease treatment, where Single-
Agent Reinforced Learning has been extensively applied [36–
38]. Multi-Armed Bandit (MAB) technique was proposed
to predict transmission of disease in aquatic [39], however,
this technique suffers from overestimation bias in deep Q-
learning. Deep reinforced Learning has been applied for
malaria likelihood prediction based on household questions
[40]; the study demonstrated that learning DQN generates
good results. Due to increased complexity in modeling real-
life problems, studies have demonstrated that Single-Agent
Reinforced learning provides inadequate results in complex
environments where agent cooperation is needed [37, 41].
Multiple studies have developed Multiple-Agent Reinforced
Learning (MARL) to address this complexity [37].

Multiple agents have been applied in the field of
transportation such as traffic light control [42, 43], Public
Health and Medical Diagnosis [44, 45], manufacturing such
as industrial robots [46], Portfolio management in financial

trade [47], and in smart education. Agents in Multi-
Agent Systems (MAS) employ trial-and-error contact with the
environment to solve sequential decision problems. However,
due to complexity of Multiple-Agent Learning, a stochastic
game (SG) was proposed to model multi-agent sequential
decision problems of non-Markovian nature [48, 49]. [50]
extended Deep Q-Network to multi-agent scenario and
equipping an independent Deep Q-Network for each agent,
where it consider agent’s interaction with the environment,
demonstrating that the training algorithm produce good results
for simple MAS but faces difficult in convergence for complex
tasks and with credit assignment issue. Twin Delayed Deep
Deterministic Policy Gradient (TD3) technique proves highly
effective in adaptive learning environments with significantly
small overestimation bias in deep Q-learning [51]. Despite
its success in different applications, a noticeable dearth of
literature applying the TD3 Policy Gradient to infectious
disease prediction. The identified gap present an opportunity
to innovate and extend application of reinforcement learning
in public health contexts.

2.2. Integration of GIS and Reinforcement Learning

Geographic Information System (GIS) is a technology that
creates, manages, analyses, and maps data. It connects data
to map, integrating location data with all types of descriptive
information, providing the foundation for mapping and
analyzing used in science. Geographic Information System
helps understand patterns, relationships, and geographic
context, improving communication, management, efficiency,
and decision-making [52]. GIS and remote sensing
technology are increasingly applied in analyzing disease
geography, focusing on relationships between pathological
and environmental factors. A full GIS potential can be
realized when environmental and disease surveillance systems
are developed, distributing data on environmental conditions,
disease agents, and health outcomes over time based on
user-defined queries for selected geographical areas [53].
Utilizing Machine Learning (ML) and Deep Learning (DL) for
infectious disease prediction fully, the models must include
the entire disease ecology in a One-Health context and
underrepresented hotspots [35]. Studies have demonstrated
that using GIS and dynamic modeling algorithms can offer
a well-timed solution in understanding and tracking disease
outbreaks, vulnerability to population health, spread, and
adaption [54]. Studies have also shown that spatial information
is significant in predicting spread and understanding the
disease pattern [59]. Due to the demonstrated importance
of GIS in disease distribution and pattern prediction, it
is significant to integrate GIS in developing new machine
learning algorithms for predicting infectious diseases to
improve accuracy and representative prediction results.

GIS integration in reinforced learning has been applied
in different fields. A GIS-based reinforcement learning
model was derived for optimal planning of a rooftop PV
system; the model demonstrated good results where the
model outperformed existing models in volatile scenarios with
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lower solar radiation [60]. A study on modeling of forest
cover change demonstrated that integrating GIS and reinforced
learning captures emerging forest cover patterns and the
ability to evaluate trade-offs between different harvesting
objectives [61]. GIS-machine learning model proposed to
predict occurrence of infectious disease in Vietnam showed
that neural networks perform better in predicting the infection
[62]. An integrated GIS-based reinforced learning with Multi-
Armed Bandit (MAB) algorithm has also been developed
for efficient prediction of disease transmission [39]. The
algorithm shows more excellent performance compared to
Random Forest, SVM, Neural Network, Markov process, and
RL (Q-Learning); however, the superiority of Multi-Armed
Bandit was context-specific with possible high overestimation
bias, technique struggle with exploration-exploitation trade-
off in complex environments. Therefore, from the literature,
there has yet to be a defined and accurate algorithm for
the prediction of the spread and transmission of vector-
borne infectious diseases, and there is a need for further
research for classical models and machine learning algorithms
to improve prediction accuracy. Additionally, the integration
of Geographic Information System (GIS) in reinforcement
learning and the application of integrated GIS-Bayesian
reinforced learning model in the prediction of malaria is still
lagging.

3. Methods

This section presents the basic concepts used to achieve
the study objective. The proposed model for transmission of
vector-borne infectious disease and algorithms discussed.

3.1. GIS Enhanced Bayesian Reinforced Learning Model

The environment where hosts and disease vectors exist
is dynamic and continuous due to population migration,
population density, vector behavior, host-vector interactions,
spatial dynamics factors, temperature, humidity, and terrain,
which vary continuously across the space. Therefore,
developing a dynamic model that capture dynamic movement
of factors and the spatial nature of disease spread significantly
improve transmission prediction of vector borne infectious
disease and actions that reduce the spread of disease. A
dynamic reinforced learning environment described by a
virtual environment mimicking disease transmission was
implemented. Virtual environment in Figure 1, is designed
as a 2-dimensional grid where human can move randomly
and interact. The virtual environment generates states and the
results based on actions taken by human-agent.

The model makes the following assumptions about the
environment

1. Exist an infected vector in the environment.
2. Vectors and human move randomly in the environment.
3. The interaction between vector and human is

involuntary.
4. On vector-human interaction, the human is infected with

parasite with probability ≈ 0.3 [55].

Figure 1. Interaction between Vector and Human in the environment.

Deriving the study model, the study build on the
methodology developed by [39], where multi-Armed Bandit
(MAB) approach for predicting disease transmission in
aquatic, which requires agents to select among various
strategies to optimize reward over time where reward is
influenced by spatial effect of the selected strategy. Since the
study is considering the prediction of disease in a dynamic
environment, an approach designed for continuous action
space is needed. Therefore, a modified form of TD3 algorithm
that is utilized in a continuous control domain was used in
the study [51]. Twin Deep Deterministic Policy Gradient is
an actor-critic, off-policy model-free reinforcement learning
described as

∆θi = ∇θi(yt −Qθi(st, at))
2

yt = rt + γmin
i=1,2

Qθ
′
i
(st+1, a

′

t)

a
′

t = Pϕ′ (st+1) + u

(1)

where the error u is a clipped error that obeys normal
distribution given by u ∼ clip(N(0, σ2),−b, b)
rt agent immediate reward from taking action at in state

st, γ ∈ (0, 1) is discount factor which determines how future
rewards are discounted relative to immediate rewards, θi’s and
ϕ are random parameters for updating target networks, current
and next state st, st+1, current and next action at, a

′

t, truncated
value b with boundary −b and b (small constants greater than
zero), P is a target policy where Pϕ′ is target actor network
policy.

Action at is calculated at state st based on actor network
Pϕ, the objective action a′ is computed through actor target
network Pϕ′ at state st+1. Qθi (st+1, at) and the target
Qθ1 (st+1, a

′
t) Q-values determines action-quality in st, and

actor network policy update. yt is obtained through selection
of minimum Q-value of (Qθ

′
1

and Qθ
′
2
) estimated by critic

target network and apply it to ∆θi =∇θi (yt −Qθi (st, at))
2.

The algorithm updates θi based on ∆θi of the critic network
parameters, that is obtained through the gradient increase of
the loss equation (yt −Qθi (st, at))

2 for i = 1, 2.
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The information obtained from the update step, actions,
current states, rewards, and next states are stored in tuple
format in experience replay buffer. The data needed
for updating actor and critic network parameters are then
randomly sampled from experience replay buffer.

The framework for Twin Deep Deterministic Policy
Gradient is described as shown in the figure 2.

Figure 2. Framework for Twin Deep Deterministic Policy Gradient Algorithm: Source
[56].

Spatial effect, economic factors (wealth, and education),
temperature, rainfall that influence the reward (rt) are
introduced into the model equation (1)

Rt = rt × I(st)|(Max,Min) (2)

where I(st)|(Max,Min) is the malaria risk probability that
embodies spatial and economic influence at state st, the reward
Rt is define as a modified reward agent obtain after taking
action at at state st and I(st)|(Max,Min) is given by

I(st)|(Max,Min) =
(
1 + e(−(Sitβ+ui+γt+ϵit))

)−1

(3)

Si = (S1, S2, . . . , Sn)
′ are m × 1 vector of predictors

measured at location i and time t, β = (β1, β2, . . . , βk)
are regression coefficients, u = (u1, u2, . . . , un)

′ is a spatial
random effect for each spatial location mi (random effect
introduce spatial dependence through dependence structure
of u), γt temporal fixed effects for time t (to capture year-
specific baseline risks) γt ∼ N(0, σ2

γ), and ϵit ∼ N(0, σ2
ϵ )

is the spatial-temporal unstructured random effect (model
uncorrelated noise) in the model. Equation (1) is modified to

∆θi = ∇θi(yt −Qθi(st, at))
2

yt = Rt + γmin
i=1,2

Qθ
′
i
(st+1, a

′

t)

a
′

t = Pϕ′ (st+1) + u

(4)

Rt correlates with disease occurrence, actions that prevent
host-vector interaction get a higher reward.

yt is derived by concurrent learning of five Q-
values Qθ

′
1
, Qθ

′
2
, . . . , Qθ

′
5

Min-Max ensemble estimation

Q̂(st+1, a
′

t) = maxa′
t∈A mini∈N Qθ

′
i
(st+1, a

′
t) to reduce

the overestimation and underestimation bias conservatively
to minimize bias during learning [57, 58].

Qθj
1
(st+1, a

′

t) ensure that estimation is not overly
conservative. The estimate retains the benefits of conservative
estimation while effectively mitigating both overestimation
and underestimation biases while maintaining stability and
performance. The model equation is therefore given by

Q̂(st+1, a
′
t) = max

(
min(Q2, Q3, Q4), Q5, Q1

)
(5)

where Qi = Qθ′
i
(x) i = 1, . . . , 5 and x = (st+1, a

′
t)

∆θi = ∇θi(yt −Qθi(st, at))
2 i = 1, . . . , 5

yt = Rt + γmax
a′∈A

min
i∈N

Qθ
′
i
(st+1, a

′
t)

a
′

t = Pϕ′ (st+1) + u

(6)

The soft updates on actor network and target networks is
given by

∆ϕ = ∇ϕQθi (st, Pϕ (st)) i = 1, . . . , 5

θ′i ← δθi + (1− δ)θ′i

ϕ′ ← δϕ+ (1− δ)ϕ′
(7)

Where δ is a small positive soft update attenuation
coefficient (δ ≤ 1), the update ensures iterative target
network updating, utilizing linear combination of network
parameters ϕ, θi and target network parameters ϕ′, θ′i. The soft
update ensures gradual and smooth changes of target network
parameters, and the target values also change smoothly.
Smaller value of soft update δ coefficient of attenuation leads
more stable algorithm and slower variation target network,
with more sluggish algorithm convergence rate.

3.2. Implementation of the Model

To implement the model (6), we created a dynamic
environment where a human agent tries to avoid interaction
with a vector agent. The vector agent moves randomly while
interacting with the human agent. Rewards were based on
successfully avoiding interaction between human and vector
agents.

3.2.1. State Space
The human-vector distance was fixed as dt randomly

sampled at time t. A boolean variable ”Interaction” was used
as state variable st, where interaction is True when host-vector
interaction happens and False otherwise (8).
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Interaction =

{
True, dt = 0

False, dt > 0
(8)

When dt = 0, this implies that there is a human-vector
interaction, and therefore interaction occurs, and the vector
transmits disease parasites to humans. From the model
assumption, the human is recorded as infected. If dt > 0,
there is no human-vector interaction; no infection is recorded.
The distance dt is given

dt =
√
(xh − xv)2 + (yh − yv)2 (9)

where (xh, yh) is the point coordinate of human and (xv, yv)
is the point coordinate of vector in the environment.

3.2.2. Action Space
The actions encompass treatment rate, spraying rate, rate

of using treated nets. Human and vector agents moves
randomly in the environment in (x, y) direction where we set
the maximum linear speed of the human agent to be 0.5 m/sec
and maximum linear speed of vector to be 0.2 m/sec. The
vector in environment moves faster covering more ground
therefore having a higher chance of interacting with human
agent. Human agent is expected to take strategic actions
(spraying, IT-nets, larval source management, and vaccination)
to minimize interaction with the vector. The actions are
selected to maximize expected reward, and the optimal action
is selected during the learning process. Human agent actions
representation at each time step is given by a vector of four
continuous strategies

action = {aspray, aIT-nets, aLarval-Mgnt, avaccination} (10)

where aspray ∈ (0, 1), aIT-nets ∈ (0, 1), alarval-Mgnt ∈
(0, 1) and avaccination ∈ (0, 1). The agent selects values for each
of the four actions or get one optimal action that maximize the
expected return.

3.2.3. Reward Function
In the dynamic environment of disease spread, an

appropriate reward function enables human agents to reach
the target (avoiding interaction for 30 seconds). Human
agents pursue expected higher reward during training to
find an optimal action to avoid interaction. Therefore, the
reward function (11) design consists of two representations
corresponding to the two states; interaction with a vector and
reaching target (avoiding interaction with the vector for 30
seconds).

reward (Rt) =

{
rt × I(st)|(Max), dt = 0

rt × I(st)|(Min), dt > 0
(11)

dt is the human-vector distance. When d0 = 0, human-
vector agents interaction occurs and gets minimum reward
value given by rt × I(st)|(Max), and when dt > 0, there is
no human-vector interaction, and human agent gets maximum
reward value given by rt × I(st)|(Min). Human agent aim is to

maximize the number of instances with no vector-interaction
(dt > 0)

3.3. Evaluation of Model Performance

3.3.1. Success Rate
This metric measures the proportion of human agents taking

a significantly long time without interaction with the vector
over n number of runs per test to minimize infection. It is
estimated by

Success Rate =
No. of successful episode

Number of episodes
× 100% (12)

A higher success rate indicates agent’s learned actions
are more effective in reducing malaria transmission, while
a lower success rate suggests that the agent’s policy is less
effective. The success rate comprehensively evaluates the
model’s effectiveness in reducing malaria spread.

3.3.2. Infection Rate
The metric measures the rate of vector-human interaction

in the environment. It is the ratio of successive interactions
leading to infection between humans and the disease vector
to the total number of executions over n test episodes. The
measure is given by

Infection Rate =
Number of Interactions

Number of episodes
× 100% (13)

Lower infection rate indicate better policy performance,
while a decrease in infection rate over time due to the
model’s learning actions demonstrates the effectiveness of the
intervention.

4. Results and Discussion

4.1. Results

The model was applied to the scenario, and, as part of the
evaluation, the following results from the proposed Bayesian
RL algorithm are presented in Table 1. The table shows
the performance metrics for each model, their success rate,
and interaction rate. Various models we assessed for this
evaluation include GIS RL (TD3), Multi-armed Bandit, and
the proposed GIS Bayesian RL (5D3).

The statistical values for each algorithm’s success rate
in avoiding interaction for 30 seconds (equivalent to 300
episodes) can be used to calculate each algorithm’s success
ratio. The statistical values for interaction with vectors for each
algorithm can be used to derive the infection ratio between
each algorithm and the vectors. Therefore, the proposed
GIS Bayesian RL (5D3) has a 96.2% success rate compared
to the Multi-Armed Bandit algorithm in the same dynamic
simulation environment, and the total navigation duration is
4.184 hours. Compared to the GIS RL(TD3) algorithm,
the model improved the success rate by 3.4%; however, the
GIS RL(TD3) algorithm has a shorter training navigation
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time of 1.281 hours. The experimental outcome validates
the improved performance of the proposed GIS Bayesian RL
(5D3) method, which effectively solves the issues of weak
efficiency and low success rate caused by overestimation
and sample error. Based on the interaction rate, it can be
deduced that the majority of unsuccessful episodes are due
to interaction with vectors. Only a small number of episodes
are deemed unsuccessful because the exploration step length
exceeded the maximum value.

Table 1. Performance metrics of various algorithmic choices for vector-borne disease
transmission.

Algorithm Success

Rate

Infection

Rate

Model

Training(Hrs)

Multi-Armed Bandit 0.926 0.072 1.281

GIS RL (TD3) 0.928 0.074 24.184

GIS Bayesian RL(5D3) 0.962 0.048 0.013

The results in Table 1 are also illustrated in figure 3 where all
algorithms are accessed and their evaluation metrics presented.

Figure 3. Graphical representation of performance results for the algorithms.

Figure 4 show the variation of reward values with variation
of rounds when training human in the dynamic environments
of each algorithm. The convergence of GIS RL(TD3) and
Multi-Arm Bandit training is non-ideal, the algorithm has also
erratic stability. Furthermore, the human have a relatively
high interaction rate with the vector the subsequent stage of
training through observing the training of the human. The
algorithms has a slow convergence trend but it is not obvious,
and the random exploration process of the algorithms is
long, demonstrating the ability of human to finish 30 seconds
under the algorithm grows slowly, which ultimately affects the
convergence speed. The proposed GIS Bayesian RL (5D3)
show an improved success rate and good convergence degree,
and the convergence speed in the early stage is also faster, the
reward value converges to 12 in the final.

Figure 4. Reward values of the algorithms.

The figure 5 shows selection of actions/interventions by
human to prevent the interaction with vector over 3600
episodes using the proposed model. The first 350 episodes
illustrate action exploration by human, and as the training
progresses between episode 350 to 900, spray repellent,
insecticide treated nets, larval management, and vaccination
stabilizes at an average of 90%. From episode 900 to
3600, human maintains average action rate of 90% for
the actions spray repellent, insecticide treated nets, and
larval management. Vaccination however fluctuates to an
average of 15% between episode 900 to 3600 suggesting
policy adjustment, this shows that human favors adoption of
vaccination at 15% while maintaining high usage of insecticide
treated nets, and larval management at an average rate of 90%
with slightly fluctuating spray repellent.

The figure 6 shows selection of actions/interventions by
human to prevent the interaction with vector over 3600
episodes using the TD3 model. The first 350 episodes
illustrate action exploration by human, and as the training
progresses between episode 350 to 1200, spray repellent,
insecticide treated nets, larval management, and vaccination
stabilizes at an average of 98%. From episode 1200 to 3600,
human maintains average action rate of 98% for the actions
spray repellent and insecticide treated nets, vaccination and
larval management however fluctuates between 98% and 5%
suggesting policy adjustment, this shows that human favors
adoption of vaccination and larval management at 45% while
maintaining high usage of insecticide treated nets, and spray
repellent at an average rate of 98% with fluctuating rates of
vaccination and larval management.

The figure 7 shows selection of actions/interventions by
human to prevent the interaction with vector over 3600
episodes using Multi-armed Bandit model. From the first
episode and as the training progresses between 0 to 3600
episodes spray repellent, insecticide treated nets, larval
management stabilizes at approximately of 99%. Vaccination
however fluctuates between 0-20%, this shows that human
favors adoption of vaccination at approximately 10% while
maintaining high usage of spray repellent, insecticide treated
nets, and larval management at an average rate of 99%.
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Figure 5. Action selection by 5D3 algorithms.

Figure 6. Action selection by TD3 algorithms.

Figure 7. Action selection by Multi-armed Bandit algorithms.

Figure 8. Case Transmission in 8 Kenyan Regions after Human Actions.

4.2. Spatial Spread of Cases Using the Proposed Model

Figure 8 shows spatial distribution of the cases for malaria
cases in the western region of Kenya when the proposed model
is applied to the data to estimate the number of cases when
human agents select rates of actions to reduce the number of
interactions with mosquitoes. From the figure it was observed
that the number of cases reduces significantly with an average
rate of 30% across all the regions when human adopts and
average action rates of 90% for spray repellent, insecticide
treated nets, and larval management, and 15% for vaccination.

4.3. Discussion

The empirical assessment of our proposed model provides
a comprehensive understanding of disease transmission. The
algorithmic assessment in Table 1 suggests that TD3 model
outperforms the Multi-armed Bandit approach algorithm
across all metrics, including success and infection rate. Based
on performance, our proposed Bayesian RL 5D3 approach
achieves a 96.2% success rate. These results reinforce
the efficacy of reinforcement learning in modelling and
predicting complex processes such as vector-borne disease
transmission. In particular, its adaptive nature and its ability
to make decisions based on iterative feedback may contribute
to its superior performance. However, it is noteworthy
that while the success rate was high across all models,
relying solely on the success rate in disease modelling
can be misleading. The consequences of no interaction
between the agents in this context, erroneously predicting an
area with low disease transmission, can be critical. Thus,
precision, recall, and F1-score, which provide a more rounded
view of performance, should be taken into account. For
instance, the high recall value for the RL model suggests
its ability to detect most interactions, a crucial aspect in
epidemic modelling. Furthermore, the optimal action printed
during program execution implies a crucial actionable insight.
Determining whether the human agent should adopt preventive
measures, such as spray repellents, insecticide-treated nets,
larval management, and vaccination, is an immediate action
that can be extracted from the model. Such outputs not only
enhance the utility of the model for real-world application but
also underscore its role in decision-making processes during
vector borne outbreaks. The observation shown in Figure 8
is the spatial spread of disease cases. Low transmission
across regions indicates potential controlled spread under
stringent interventions or the presence of effective preventive
measures. The findings offer insights into a situation that
might be seen in a real-world context with interventions.
The reduction in transmission presents an exciting scenario,
with the disease affecting a smaller geographical area. Such
an understanding is essential for policymakers and health
authorities to anticipate and prepare for average vector-
borne disease outbreaks and the average rate of interventions
required to control their spread.
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5. Conclusion

The research developed an advanced predictive system
that models. The spread of vector-borne infectious diseases
within the population. The flexibility of our model enables
users to simulate disease spread across different regions,
underscoring its practicality. The model facilitates selecting
the actions the human should adopt to reduce the transmission
of vector-borne disease and predicting the number of cases
based on the human’s adoption of the combined actions.
By processing human action selection, our tool offers a
holistic perspective on potential pathways for vector-borne
disease transmission. This predictive prowess facilitates the
selection of optimal intervention rates, thereby safeguarding
the population’s health and vitality. A key achievement of our
study is the demonstrated efficacy of the GIS Bayesian 5D3
technique. Although the data indicate superior performance
metrics compared to other methodologies, it is crucial to
acknowledge that each algorithm has its own strengths and
weaknesses, and that GIS Bayesian 5D3’s superiority was
context-specific. While our primary focus was vector-borne
infectious disease in the population, the underlying principles
of our tool possess potential applicability to other sectors.
This adaptability might lead to innovative predictive models
that can transform risk management strategies across different
industries.
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