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ABSTRACT. Dengue Hemorrhagic Fever (DHF) is spread through the bite of the Aedes aegypti mosquito and is
affected by the environment, especially temperature and rainfall. The purpose of this study is to create a SEIR
(Susceptible—Exposed—Infected—Recovered) mathematical model taking into account the effects of climate factors and
to estimate the parameters of this model using the Particle Swarm Optimization (PSO) algorithm. The analyzed data
consisted of monthly reports of the number of dengue fever cases, temperature, and rainfall for the city of Bandung
in 2022-2023 and were smoothed using a moving average. The parameter estimation process was performed by
minimizing the Mean Absolute Percentage Error (MAPE), and the numerical simulation of the model was performed
using the fourth-order Runge—Kutta method (RK4). The results of this study show that the model has two equilibrium
points: a disease-free equilibrium point and an endemic equilibrium point, and the stability of the equilibrium points
depends on the basic reproduction number Ro. The best parameters obtained were 5o = 3.5553, 51 = 0.0021,
B2 = 0.0001, 0 = 7.5, p = 0.0011, and ~y = 3.6865, with an MAPE value of 0.1740 or 17.40%. These findings
indicate that the model is able to represent the pattern of dengue fever spread with a low level of prediction error.

Sensitivity analysis showed that the recovery rate parameter () was the most responsive to changes in the model.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of [JoM: Department of Mathematics, Uni-
BY _NC versitas Negeri Gorontalo, Jin. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Dengue Hemorrhagic Fever (DHF) is one of the tropical dis-
eases that remains a major global public health problem. The dis-
ease is caused by the dengue virus, which is transmitted through
the bites of Aedes aegypti and Aedes albopictus mosquitoes,
both of which are active during the daytime and commonly breed
in urban environments [1]. Dengue is one of the fastest-growing
mosquito-borne diseases worldwide, with more than 14.1 mil-
lion cases recorded in 2024, representing a significant increase
compared with the previous year [2]. In Indonesia, dengue re-
mains a serious public health problem because of its high inci-
dence and frequent outbreaks. In Bandung, the number of DHF
cases reached 1,653 from January to June 2025, the highest num-
ber reported in West Java. This figure indicates that existing con-
trol measures remain insufficiently effective, with environmental
factors and increasing mosquito populations being among the
main contributing factors [3]. Therefore, it is important to ap-
ply mathematical modelling techniques that incorporate climatic
factors to describe dengue transmission more accurately and sup-
port appropriate decision-making for disease control.

In the model development process, several parameters de-
termine the accuracy of the model. These parameters include the
disease transmission rate, incubation rate, recovery rate, mortal-
ity rate, and coefficients representing the effects of climatic fac-
tors such as temperature, rainfall, and humidity on vector-related
parameters [4]. A mathematical model cannot be reliably applied
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to real-world conditions if the values of its parameters are un-
known [5]. Therefore, parameter estimation is crucial because it
directly affects the accuracy of the model used to predict dengue
transmission. Consequently, appropriate parameter estimation
needs to be performed [6].

Several studies have developed mathematical models to
investigate dengue transmission. Mathematical epidemic mod-
elling has commonly employed compartmental approaches that
divide the population into Susceptible (S), Exposed (E), Infected
(I), and Recovered (R) compartments. However, many exist-
ing models remain limited in their representation of local en-
vironmental conditions. Several studies have focused primarily
on biological aspects without incorporating local climatic fac-
tors that significantly influence dengue dynamics [7]. In par-
ticular, climatic variables such as temperature and rainfall are
often not comprehensively considered, even though they can
have substantial effects on dengue transmission [8]. Climatic
factors strongly influence the growth dynamics and population
size of Aedes aegypti mosquitoes, which are the primary vectors
of dengue. Increasing temperature can accelerate the develop-
ment of eggs, larvae, and pupae into adult mosquitoes, shorten
the development of dengue virus within the mosquito, and in-
crease mosquito biting frequency [9]. Meanwhile, rainfall can
create additional breeding sites in the form of standing water,
thereby increasing mosquito populations [10]. Together, these
climatic factors may increase the likelihood of dengue transmis-
sion. Therefore, climatic variables should be integrated into epi-
demiological models so that dengue transmission dynamics can
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be represented more accurately and realistically [11].

In addition, parameter estimation methods applied in pre-
vious studies have generally relied on classical approaches, such
as Maximum Likelihood Estimation (MLE) [12] and Bayesian
MCMC [13]. These classical methods have several limitations
when applied to nonlinear epidemic models involving multiple
variables. MLE requires an accurately specified likelihood func-
tion and may be vulnerable to parameter identifiability problems,
which can lead to non-unique parameter estimates in complex
epidemic models [14]. On the other hand, Bayesian MCMC re-
quires a large number of simulations, resulting in high compu-
tational costs, while its convergence depends on the selection
of prior distributions and appropriate Markov chain diagnostics
[15]. Therefore, epidemic models with nonlinear objective func-
tions and complex parameter spaces require optimization meth-
ods capable of performing efficient global searches without de-
pending on the explicit form of a likelihood function. Further-
more, research on the use of metaheuristic methods for this
parameter estimation problem remains limited. Metaheuristic
methods have advantages in solving nonlinear optimization prob-
lems with complex search spaces because they are capable of per-
forming global searches and reducing the possibility of becoming
trapped in local optima [16].

To date, Genetic Algorithm (GA) [17] and Particle Swarm
Optimization (PSO) [18] have been applied to parameter estima-
tion problems. However, these studies did not incorporate cli-
matic variables. This study addresses this research gap by apply-
ing parameter estimation to a climate-based SEIR model using
PSO. PSO was selected as the estimation method because it has
been shown to be efficient and adaptive, with favorable stability
and global convergence properties [19]. The climatic variables
incorporated in this study are temperature and rainfall. The data
used consist of dengue cases in Bandung City during 2022-2023.

Accurate parameter estimation plays an important role in
epidemiological analysis. This study employs an SEIR model with
a reduced-model approach for the human population. This ap-
proach differs from previous studies that generally applied dis-
ease models without explicitly incorporating environmental fac-
tors. In the proposed model, changes in the mosquito population
are not represented as a separate compartment but are incorpo-
rated through an effective transmission rate (T, P) that is di-
rectly influenced by climatic variables, namely temperature and
rainfall.

The time-lag effect of climate on vector biology is not ex-
plicitly included in the model because the direct use of the ef-
fective transmission rate (7, P) allows climatic effects to be
represented continuously and efficiently [20], without increasing
the complexity of a delay differential equation (DDE) system that
may potentially lead to overfitting during parameter optimiza-
tion. This approach is therefore expected to provide a more ef-
ficient and accurate framework for parameter estimation using
the PSO algorithm.

2. Model

2.1. Model and Assumptions

The model applied in this study is the SEIR (Susceptible—
Exposed-Infected—Recovered) model. The effects of temperature
and rainfall are incorporated into the transmission rate parame-

ter B(T, P) because both factors influence the activity of Aedes
aegypti, the primary vector of Dengue Hemorrhagic Fever (DHF).
The model does not explicitly describe changes in the mosquito
population or account for the time lag between climatic effects
and the biological response of the vector. Instead, the direct use
of the effective transmission rate (T, P) allows climatic effects
to be incorporated continuously and efficiently. The SEIR model
is then analyzed for Bandung City using a parameter estimation
method based on the Particle Swarm Optimization (PSO) algo-
rithm. The changes in the number of individuals in each com-
partment of the SEIR model, including the effects of temperature
and rainfall, are represented as follows.

2.1.1. Susceptible Compartment (S)

The number of individuals in the Susceptible compartment
increases through new births at a rate A. By applying the constant
population condition A = uV, the number of births is balanced
with the total natural mortality rate of the population. The num-
ber of individuals in this compartment decreases due to natural
mortality at a rate .S and disease transmission from infected in-
dividuals at a rate §(T, P)SI/N. Therefore, the rate of change
of the susceptible population with respect to time is expressed
as

s ST

T =A-BTP)S - s, )

where the condition A = uN is applied.

2.1.2. Exposed Compartment (E)

Individuals enter the Exposed compartment from the sus-
ceptible population through infection at a rate §(T, P)SI/N.
Meanwhile, the number of individuals in the Exposed compart-
ment decreases because individuals complete the incubation pe-
riod and move to the Infected compartment at a rate o F/, as well
as through natural mortality at a rate uF. Therefore, the rate of
change of the number of exposed individuals is

dE SI1
— =BT P)2- — (0 +WE. 2)

2.1.3. Infected Compartment (I)

Individuals entering the Infected compartment originate
from exposed individuals who have completed the incubation pe-
riod at a rate o E. The number of individuals in this compartment
decreases through recovery at a rate «/ and natural mortality at a
rate i I. Therefore, the rate of change of the infected population
is expressed as

%ZUE—(’V+M)I- (3)

2.1.4. Recovered Compartment (R)

Individuals enter the Recovered compartment through the
recovery of infected individuals at a rate vI. The number of in-
dividuals in this compartment decreases due to natural mortality
at arate uR. Therefore, the rate of change of the recovered pop-
ulation with respect to time is expressed as

— =~I —puR. (4)
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2.1.5. SEIR Model System

Based on eq. (1) to (4), the mathematical model can be ex-
pressed as the following system of differential equations describ-
ing the SEIR dynamics with the effects of temperature and rain-
fall:

ds ST

2 A—B(T,P)2= —

= B(T, )N 1S,
dE ST

— =pB(T,P)— — (0 + n)E,
dt N )
dI

T _GE— I
priald (v +m),

dR

2 AT — uR.

w7 uR

with the initial conditions

The rate of change of the total population N(t) = S(t) +
E(t) + I(t) + R(t) with respect to time is obtained by summing
all differential equations in the system:

dN dS dE dI dR

a at Ta Tw
=AN—uS—puE —ul —uR (6)
=A—pu(S+E+I1+R)
=A— uN.

Since A = N is assumed, it follows that % = 0, which

shows that the total population IV remains constant over time.

2.1.6. Climate Effects on the Transmission Rate

In this study, a reduced human population model is used
in which the mosquito vector compartment, Aedes aegypti, is
not included as a separate compartment. Instead, the effects of
vector density and activity are incorporated directly through the
effective transmission rate 5(7, P) as a linear function of tem-
perature 7" and rainfall P:

B(T,P) = Po+ AT + B2 P. (7)

The parameters [y, 51, and (3 represent the sensitivity pa-
rameters of the transmission rate to temperature and rainfall. A
first-order Taylor approximation is used to describe the primary
effects of temperature and rainfall within the empirical observa-
tion range representing tropical conditions [21]. In addition to
maintaining a simple mathematical structure and avoiding high
computational costs, this approach also facilitates the interpreta-
tion of the sensitivity coefficients 5, and 32 and provides a higher
level of parameter identifiability during the optimization process
using the PSO algorithm [22].

Mathematically, because temperature 7'(¢) and rainfall
P(t) vary over time, the differential equation system in eq. (5) is
nonautonomous. For qualitative analysis, including the determi-
nation of equilibrium points, the basic reproduction number R,
and local stability analysis, this study uses the average tempera-
ture and rainfall values during the observation period, denoted
by T and P. Meanwhile, in the numerical simulations using RK4
and in the PSO parameter estimation process, the values of 7'(¢)
and P(t) are incorporated dynamically according to the monthly

data. The SEIR mathematical model is represented by the dia-
gram in Figure 1.

us HE ul MR
SI
A S BT.PYy E oE I yI R

Figure 1. SEIR mathematical model diagram for Dengue
Hemorrhagic Fever with the effects of temperature
and rainfall.

The mathematical model is developed to investigate the
transmission of DHF by considering the effects of temperature
and rainfall. The assumptions of the model are as follows:

1. The human population is divided into four compartments: S
(Susceptible), £ (Exposed), I (Infected), and R (Recovered).

2. There is no movement of individuals into or out of the study
area through immigration or emigration.

3. The number of new births is proportional to the total pop-
ulation at a rate A = u N, where the birth rate is balanced
with the total natural mortality rate ;. /N to maintain a con-
stant total population size N over time.

4. Every individual, regardless of compartment, experiences
natural mortality at the same rate p.

5. Susceptible individuals S may become infected with the
dengue virus through bites from infected mosquitoes at a
transmission rate 5(7, P)ST/N.

6. The transmission rate (T, P) depends on temperature T’
and rainfall P because these factors affect mosquito abun-
dance, biting frequency, and dengue virus development.

7. Individuals entering the Exposed compartment have been
infected with the virus but are not yet infectious because
they are still in the incubation period.

8. Individuals move from the Exposed compartment to the In-
fected compartment at a rate o, representing the rate at
which the incubation period ends.

9. Individuals in the Infected compartment can transmit the
virus and leave the compartment through recovery at a rate
~ or through natural mortality at a rate p.

10. Recovered individuals move to the Recovered compartment
and are assumed to acquire temporary immunity against re-
infection.

11. Individuals in the Recovered compartment may die naturally
at a rate p.

12. The total human population size N is assumed to remain
constant throughout the observation period, with N = S+
FE + I + R. To maintain a constant population size under
vital dynamics, the birth rate is assumed to balance the total
natural mortality rate, so that A = pV.

13. For equilibrium point and Ry analyses, climatic factors are
assumed to remain constant at their average values, whereas
in numerical simulations, climatic factors vary according to
the monthly data.

14. The DHF case data were obtained from the Bandung City
Health Office, while temperature and rainfall data were ob-
tained from Statistics Indonesia (BPS) of Bandung City.

JJoM | Jambura J. Math

Volume 8 | Issue 2 | August 2026



S. M. N. Afni, K. Novianingsih, and R. Sispiyati — Parameter Estimation of a Climate-Based Dengue Mathematical Model ...

245

Table 1. List of variables in the SEIR model.

No. Variable Definition Condition Unit

1 N(t) Total population at time ¢ N(t) >0 Individuals

2 S(t) Number of individuals susceptible to DHF infection at time ¢ S(t) >0 Individuals

3 E(t) Number of individuals exposed to the dengue virus but not yet infectious at ~ E(¢t) > 0 Individuals
time ¢

4 1(t) Number of infected individuals capable of transmitting the dengue virus at  I(¢) > 0 Individuals
time ¢

5 R(t) Number of individuals who have recovered and have temporary immunity R(¢) > 0 Individuals

against dengue infection at time ¢

Table 2. List of parameters in the SEIR model.

No. Parameter Definition

Unit Description

1 A Population birth rate

2 m Natural mortality rate

3 B(T,P) Disease transmission rate influenced
by temperature 7" and rainfall P

4 o Transition rate from exposed individu-
als F to infected individuals

5 ¥ Recovery rate of individuals from I to
R

6 T Average temperature

7 P Average rainfall

8 Bo Baseline transmission rate

9 61 Coefficient of the effect of temperature
on the transmission rate

10 B2 Coefficient of the effect of rainfall on

the transmission rate

Adds individuals to the susceptible
compartment S

Individuals/month

1/month Applies to all compartments
1/month Determines the transition of individu-
als from S'to E
1/month Represents the transition of individuals
from E to I
1/month Represents the recovery rate of in-
fected individuals
°C/month Climatic variable affecting 3
mm/month Climatic variable affecting 3
1/month Obtained from the PSO parameter esti-

mation process
Obtained from the PSO parameter esti-
mation process
Obtained from the PSO parameter esti-
mation process

1/(month - °C)

1/(month - mm)

In this study, temperature and rainfall data are incor-
porated using their original physical units, namely °C and
mm/month, without normalization. This allows the coefficients
(1 and [ to directly represent the sensitivity of the transmission
rate to changes in each physical unit of the climatic variables.
In addition, the model assumes that climatic effects on disease
transmission occur within the same monthly period. The time-lag
effect between the accumulation of rainwater, the breeding cycle
of Aedes aegypti mosquitoes, and the emergence of DHF cases
is not explicitly modelled because the direct use of the effective
transmission rate (T, P) allows climatic effects to be incorpo-
rated continuously and efficiently.

2.2. Variables and Parameters

The variables used in the DHF model with temperature and
rainfall as climatic factors are presented in Table 1.

After defining the variables in the model, the next step is to
determine the parameters used to represent interactions among
populations and the rates of change in each compartment. These
parameters include the transmission rate, recovery rate, mortal-
ity rate, and other parameters that contribute to the construction
of the model. The parameters used to construct the model are
presented in Table 2.

2.3. Model Analysis

Technically, because the transmission rate (7, P) varies
with changes in temperature 7'(¢) and rainfall P(t) over time,

the SEIR model system in eq. (5) is nonautonomous. Therefore,
to apply classical dynamic analysis techniques such as determin-
ing equilibrium points, calculating the basic reproduction num-
ber Ry, and analyzing local stability, the average temperature
and rainfall values during the observation period, denoted by T'
and P, are used. Meanwhile, the monthly dynamic climatic vari-
ables are fully incorporated into the numerical simulations and
PSO parameter estimation.

2.3.1. Equilibrium Points

An equilibrium point represents a condition in which the
populations in each compartment remain constant over time. De-
termining equilibrium points aims to understand the long-term
behavior of disease transmission and how climatic factors such
as temperature and rainfall affect the spread of DHE. The equilib-
rium condition is obtained when

ds dE dl dR
i ®)

2.3.2. Disease-Free Equilibrium Point

The disease-free equilibrium point (77) represents a theo-
retical condition in which no infected individuals are present in
the population, with I/ = 0, £ = 0, and R = 0. The existence of
this equilibrium point does not automatically guarantee that the
disease has been successfully controlled in practice. Disease con-
trol depends on the stability properties of the equilibrium point,
which are determined by the value of the basic reproduction num-
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ber Ry. If Ry < 1, the disease-free equilibrium point is locally
asymptotically stable, meaning that the number of infected cases
will decrease toward zero over time and the disease can even-
tually disappear from the population. Conversely, if Ry > 1,
the equilibrium point becomes unstable, so the introduction of
a small number of infected individuals may lead to disease trans-
mission toward an endemic condition.

2.3.3. Endemic Equilibrium Point

If infected individuals (I # 0) remain in the population for
a long period, meaning that the infection persists within the pop-
ulation, the system is said to be at an endemic equilibrium point.

2.3.4. Basic Reproduction Number

The basic reproduction number Ry is an important indica-
tor for determining whether an infection can spread or disappear
from a population. The value of R, represents the average num-
ber of secondary infections generated by one infected individual
in a population that is fully susceptible to the infection. A value
of Ry > 1 indicates that the disease is capable of spreading and
persisting in the population, whereas Ry < 1 indicates that the
disease will eventually disappear from the population.

2.3.5. Stability Analysis of Equilibrium Points

Stability analysis is conducted to understand the behav-
ior of the model system around an equilibrium point. After
the equilibrium points are determined, stability analysis is per-
formed for both equilibrium points. The first step is to linearize
the system of differential equations around an equilibrium point
(S, E, I, R). The result of this linearization process is then ex-
pressed in the form of the Jacobian matrix J. This approach al-
lows the stability of each equilibrium point to be evaluated and
provides information on whether the disease will spread or dis-
appear from the population over time based on the model pa-
rameters.

2.4. Parameter Estimation

Parameter estimation was performed to obtain parameter
values that best fit the observed data, so that the developed SEIR
model can represent the dynamics of Dengue Hemorrhagic Fever
(DHF) transmission more accurately. The estimated parameters
include those affecting the transmission rate and the transition
mechanisms between compartments, namely

6:{ﬂ0361752a0—777y’}3 (9)

with
B(T,P) = Po+ /1T + B2 P,

where T denotes the average temperature and P denotes the av-
erage rainfall at time ¢, o is the incubation rate, -y is the recovery
rate, and y is the natural mortality rate.

The fitness function used in the estimation process is the
Mean Absolute Percentage Error (MAPE) between the number of
infected cases obtained from the simulation, I;oqe1(¢; ©), and the
observed number of infected cases, Iya.(t). The function is ex-
pressed as

|Idata(t) - Imodel(t; @)|
Idata(t)

MAPE(O) — % >

t=1

(10)

A smaller MAPE value indicates a better fit between the
model and the observed data. This study emphasizes the use
of MAPE as the primary evaluation metric because it expresses
prediction errors in percentage form, making them easier to in-
terpret and suitable for evaluating the performance of the model
in predicting dengue cases [23].

The stages of PSO for parameter estimation are described
as follows.

1. Particle representation
A particle is represented as a vector of length six. The ele-
ments of each particle are real-valued numbers used to rep-
resent the solution through the particle position and veloc-
ity.
2. Initialization of PSO parameters
This stage is performed because the initial parameter set-
tings determine the movement pattern of all particles dur-
ing the solution search process. The PSO parameters consist
of:
* number of particles;
* number of iterations;
* inertia weight (w);
* acceleration coefficients (c; and ¢3); and
e parameter bounds.
Based on the incubation and recovery periods of DHF [24],
the parameter ranges are defined as follows:

Bo €[0.1,5],

A1 € [0.001,0.01],

B2 € [0.00001,0.0005],
o €[3,7.5),

1 € [0.0008, 0.0011],
v € [2,4.5].

3. Initialization of the initial population
(@) Determining the initial particle positions
In this stage, each particle is placed at a random posi-
tion within the search space at ¢ = 0. The initial po-
sition is randomly generated within the specified pa-
rameter bounds:

©)
1

z; g = Tamin +1and(0,1) (Tamax — Tamin),  (11)

where :cg(g is the position of the i-th particle in the d-
th dimension at the initial iteration, 24 max is the maxi-
mum value of the d-th dimension according to the up-
per bound of the corresponding parameter, and g min
is the minimum value of the d-th dimension according
to the lower bound of the corresponding parameter.
(b) Determining the initial particle velocities

After the initial positions are determined, each particle
is assigned an initial velocity vgg, which determines
the direction and magnitude of particle movement in
the subsequent iterations. Based on Shi and Eberhart
(1998), the initial velocity is defined as

0)

v§,d = —Ud,max + rand(O, 1) [Ud,max - (*vd,max)] 5

Vd,max = 0.2 (xd,max - wd,min) ,
(12)
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where vf(g is the velocity of the i-th particle in the d-

th dimension at the initial iteration, and vg max is the
maximum velocity in the d-th dimension determined
from the parameter bounds.
4. Fitness value calculation
In this study, the fitness value is calculated through the fol-
lowing steps:

(a) Substitute the parameter vector © in eq. (9) into the
SEIR model in eq. (5) to calculate I;oqe1(t; ©) for each
particle.

(b) Calculate the value of 8(t) for each month.

(c) Simulate the system of ordinary differential equations
using the fourth-order Runge—Kutta method (RK4) with

1
number of substeps per month’

In the RK4 method, substeps are additional computa-
tional steps performed within a given time interval to
obtain a more accurate approximation of the solution
before determining the state variables at the next time
point. In this study, 16 substeps per month are used.

(d) Obtain the values of Ijodel(t;©) fort =0,...,n.

(e) Calculate the MAPE between Ijodel(t; ©) and Igae(t)
using eq. (10).

(f) The resulting MAPE value is used as the initial personal
best value of each particle and subsequently to deter-
mine the global best value. A smaller MAPE indicates
a better parameter set.

5. Determining pbest and gbest
The personal best, pbest, is determined from the first itera-
tion until the maximum number of iterations is reached and
may change at each iteration based on the particle fitness
values. The pbest value is obtained from the fitness calcu-
lated using MAPE in the previous step. Meanwhile, gbest is
the best value among all pbest values, corresponding to the
smallest MAPE.

6. Determining the inertia weight
The inertia weight is used in the particle velocity update
and is adjusted until the maximum number of iterations
is reached. This study uses the Linear Decreasing Inertia
Weight (LDIW), given by

k

max

Wi = Wmax — (wmax - wmin) 5 (13)

where wpax = 0.9, wmin = 0.4, k is the current iteration,
and knax is the maximum number of iterations.
7. Particle velocity and position updates
At this stage, the velocity of each particle is updated. All par-
ticles move toward the optimal position according to their
velocities. The updated particle velocity is subsequently
used to calculate the new particle position. The velocity up-
date for each parameter is expressed as
U§Z+1) - wkuffi) + 171 (pbesti7d — :UE?)
(14)
+ corg (gbestd — :zzl(ffd)) ,

subject to
(k+1) <[ (k1)
Vi d = max \ min |v; 5= *; Vd,max | » ~Vd,max [ »

where vffffl) is the velocity of the i-th particle in the d-th

dimension at iteration k£ + 1.
After obtaining the updated velocity, the particle position
for each parameter d is updated using

rig ) =l g, (15)
subject to
ngd+1) — max {mln |:$§kd+1)7 xd,max} 7x(i,min} )
where xl(.fcdﬂ) is the position of the i-th particle in the d-th

dimension at iteration k + 1.

8. Re-evaluation and updating of pbest and gbest
After obtaining the updated particle velocities and posi-
tions, the new positions are evaluated through the following
steps:

(a) Calculate the fitness value for each new position by
simulating the SEIR model using RK4 and calculating
the new MAPE value.

(b) Update pbest if the new MAPE value is smaller than the
previous value.

(c) Update gbest if a new best pbest value is obtained.

The evaluation process from the fitness calculation to the
updating of pbest and gbest is repeated until the stopping
criterion is satisfied.

9. Stopping criterion
The PSO process terminates when the maximum number of
iterations is reached. The final solution is the best particle
stored in gbest at the end of the optimization process:

O* = gbest,

which represents the parameter set producing the smallest
MAPE value over all iterations.

2.5. Numerical Simulation

Numerical simulations were performed using the fourth-
order Runge—Kutta method (RK4) with initial conditions deter-
mined from real data for Bandung City at the beginning of the
observation period in January 2022. The total population of Ban-
dung City was N = 2,545,005 individuals, based on data from
Statistics Indonesia (BPS) of Bandung City. The initial value of
the infected compartment was estimated from the initial monthly
case data as 1(0) = 1,225 individuals. The exposed compart-
ment was set to F(0) = 9,750 individuals based on the incu-
bation ratio approach, while R(0) = 0. The initial susceptible
population was therefore calculated as

5(0) = N — E(0) — I(0) — R(0) = 2,534,030

individuals.

It should be noted that the monthly case records obtained
from the Bandung City Health Office represent incidence data,
namely newly reported cases during each month. In the mathe-
matical model, the state variable I(¢) represents the number of
actively infected individuals at time ¢. Therefore, the simulation
was calibrated by matching the dynamics of I(t) to the accumu-
lated trend of the monthly reported cases.

JJoM | Jambura J. Math

Volume 8 | Issue 2 | August 2026



S. M. N. Afni, K. Novianingsih, and R. Sispiyati — Parameter Estimation of a Climate-Based Dengue Mathematical Model ...

248
3. Results and Discussion the data. Mathematically, the 3-month MA is formulated as
3.1. Research Data
L . Li+1Li 1+ 1o
The data used in this study consist of secondary data cover- MAy = ————, (16)

ing the period from January 2022 to December 2023 (24 months),
obtained from two official sources, namely monthly DHF inci-
dence data and climatic variable data, including average tem-
perature and rainfall. Monthly DHF case data were obtained di-
rectly from the Bandung City Health Office on 27 February 2026
in digital spreadsheet format (.xlsx), which had been officially ap-
proved by the Head of the Disease Prevention and Control Divi-
sion of the Bandung City Health Office. Meanwhile, climatic vari-
able data were obtained through the Open Data portal of Statis-
tics Indonesia (BPS) of Bandung City. Before being used in the
parameter estimation process using the PSO algorithm, all data
were checked for completeness through a data cleaning process,
and the DHF case data were processed using a 3-month Moving
Average (MA) smoothing method to reduce short-term random
fluctuations and emphasize the trend in disease transmission dy-
namics. The data used in this study are described as follows.

3.1.1. DHF Case Data

The DHF case data consist of the monthly number of con-
firmed DHF cases in Bandung City over a two-year period from
2022 to 2023. The data are presented in Table 3.

Table 3. DHF cases in Bandung City.

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2022 1225 738 457 428 445 416 357 311 226 201 198 203
2023 321 222 150 71 196 81 76 248 141 114 94 142

The DHF case data presented in tabular form were visu-
alized graphically to facilitate analysis of the data pattern. The
monthly distribution of DHF cases in Bandung City is presented
in Figure 2.
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Figure 2. Monthly DHF cases in Bandung City.

Based on Figure 2, the data show considerable fluctuations
with several substantial peaks. Therefore, a smoothing process
using a 3-month Moving Average (MA) was applied to reduce
short-term fluctuations and emphasize the underlying trend in

3

where M A; represents the moving average value at time ¢, and
I, represents the DHF case data at time ¢.

In the implementation, Python software was used to calcu-
late the moving average. At the beginning of the observation pe-
riod, the average was still calculated even when fewer than three
observations were available. Therefore, the data for the first and
second months were retained in the smoothing process, with the
MA value calculated based on the number of observations avail-
able during the corresponding period. The smoothed DHF case
data are presented in Figure 3.

Smoothed DHF Case Data (3-Month Moving Average)
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Figure 3. Smoothed DHF case data using the moving average
method.

3.1.2. Climate Data

The climate data consist of monthly average air tempera-
ture and rainfall intensity obtained from Statistics Indonesia (BPS)
of Bandung City. The climatic data are presented in Table 4.

3.1.3. Demographic Data

The estimated total population of Bandung City was used
as the basis for determining the initial value of the susceptible
population compartment. The total population was assumed to
form a closed population and was subsequently divided into the
SEIR model compartments, namely Susceptible (S), Exposed (E),
Infected (I), and Recovered (R). The initial susceptible popula-
tion was obtained by subtracting the initial numbers of exposed,
infected, and recovered individuals from the total population.

3.2.  Equilibrium Points and Basic Reproduction Number

Theoretically, because the climatic factors temperature
T'(t) and rainfall P(¢) vary from month to month, the transmis-
sion rate 3(T, P) is a time-dependent function, causing the dif-
ferential equation system of the model to be nonautonomous.
Therefore, equilibrium analysis, calculation of the basic repro-
duction number Ry, and local stability analysis cannot be directly
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Table 4. Climate data in Bandung City.

No. Year Month Average Temperature  Rainfall
(°Q (mm)
1 January 23.3 59.5
2 February 23.5 117.1
3 March 24.1 238.9
4 April 23.3 336.2
5 May 23.9 146.9
6 June 22.8 150.6
7 2022 July 23.1 98.5
8 August 23.3 299
9 September 23.3 182.2
10 October 23.2 366.7
11 November 23.4 307.2
12 December 23.3 277.7
13 January 24.0 67.0
14 February 23.3 111.0
15 March 23.7 200.0
16 April 24.1 276.0
17 May 24.6 269.0
18 June 241 90.0
19 2023 July 23.7 24.0
20 August 23.9 30.0
21 September 24.7 18.0
22 October 25.5 62.0
23 November 24.8 239.0
24 December 24.6 365.0

applied under these dynamic conditions. To perform qualita-
tive analysis of the model, the system is simplified into an au-
tonomous system by using the average temperature and rainfall
values during the observation period, denoted by T and P. Thus,
the transmission rate in this subsection is represented by the con-
stant average value

B(T,P) = Bo+ BT + B2P.

The average transmission rate 3(T, P) is subsequently
used to determine the equilibrium points, construct the Next
Generation Matrix (NGM), and formulate R.

3.2.1. Determination of Equilibrium Points

In the SEIR model, the equilibrium points are determined
by setting
dS _dE _dI _dR _
dt — dt dt dt
Therefore, the system in eq. (5) becomes

—
A= BT P)5] s =0,

oFE — (v+p) =0, (19)
and
vl — uR = 0. (20)

3.2.2. Disease-Free Equilibrium Point

To satisfy the disease-free equilibrium condition, let I = 0.
It follows from eq. (19) and (20) that £ = 0 and R = 0. From
eq. (17), with dS/dt = 0, we obtain

s =2
7
Using the constant demographic condition A = uNV, it follows
that
st _
I

Therefore, the disease-free equilibrium point is given by

A
T, =(S,E,I,R) = <M,0,0,0) .

3.2.3. Endemic Equilibrium Point

The endemic equilibrium represents a condition in which
the disease persists in the population, so that I # 0. Using the
equilibrium conditions in eq. (17) to (20), the endemic equilib-
rium point is obtained as

Ty = (S*, ", I R*) = N(U+fi)(1+u)’v+ul*7l*71[* ,
oB(T, P) o 1%
where
. Ao uN
I* = S
(c+w(y+un) BT, P)

The value of I* must be positive for the endemic equilib-
rium to exist biologically. This condition indicates that the dis-
ease can persist in the population when the effective transmis-
sion rate 3(T, P) is sufficiently large.

3.2.4. Basic Reproduction Number

The basic reproduction number Ry is calculated using the
Next Generation Matrix (NGM) approach [25]. In the mathemati-
cal model of DHF transmission, the infected compartments con-
sist of the exposed population E and the infected population I.
The corresponding differential equations are

dFE —
ar :5(T7P)W - (U+N>E7

21)
dl (

Using F; to represent the rate of new infections entering
infected compartment ¢, and V; to represent the net transfer of
individuals into and out of infected compartment i due to disease
progression, mortality, or recovery, we obtain

—
Fl = B(Tap)ﬁv
Fy, =0, (22)
Vi=(oc+pE,

Vo= —0E+ (y+p)l.

The Jacobian matrix associated with the new infection
terms is

or R S
o, o, 0
oF ol
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At the disease-free equilibrium, I = 0 and

A
S=N=—.
I
Therefore, -
_ (0 B(T,P)
Fe (0 > ) |
The Jacobian matrix associated with the transition terms is
v o
ve|oE o1 |_(otn O
Wy oV | “\ =0 qsp)
orE 01

The inverse of V is

v-lo 1 <7+u 0 )
(c+wy+u) \ o o+p)’

or equivalently,

1
0
v-l— o+
o 1
(c+mw)(y+p) v+u
The Next Generation Matrix is defined as
K =FV~L
Thus,
! 0
K- 0 B(T,P) o+ u
—\0 0 o 1 ’
(c+w)(y+u) vy+tu
which gives
of(T, P) B(T, P)
K=|(oc+p)y+p v+
0 0

The basic reproduction number Ry is determined from the
spectral radius of the matrix K. The eigenvalues are obtained
from the characteristic equation

det(K — \) = 0.
Therefore,
af(T, P) B(T, P)
A0
det | [ (c+p)(v+p) v+np 0 A =0

0 0
so that

af(T, P) B(T, P)

det | (o +p)(v+n) y+up | =0.
0 Y

Hence,

oB(T,P) )
—_— - —-A)=0.
(#5064 )
The eigenvalues are therefore
A =0
and _
oB(T, P)

2T ot i)

Thus, the basic reproduction number is
aB(T, P)

CETCET) )

Here, B(T, P) represents the transmission rate under aver-
age climatic conditions. If Ry > 1, the disease can persist in the
population and an endemic condition may occur. Conversely, if
Ry < 1, the disease-free equilibrium is expected to be stable and
the infection will gradually disappear from the population.

3.3.  Local Stability Analysis

Local stability analysis is performed to determine the sta-
bility properties of the equilibrium points of the SEIR model by
linearizing the system around each equilibrium point using the
Jacobian matrix. The stability of the disease-free equilibrium is
stated in Theorem 1.

Theorem 1. The disease-fiee equilibrium point

A
o~ <,0,0,0)
I

is locally asymptotically stable if Ry < 1 and unstable if Ry > 1.

Proof. To determine the local stability of the disease-free equilib-
rium point, the system is linearized around the equilibrium point
using the Jacobian matrix. The Jacobian matrix of the SEIR model
is obtained by taking the partial derivatives with respect to the
state variables (S, E, I, R), giving

Ju 0 Jiz 0
Jor Joa Jaz O
0 g J33 0

where
— = IO T 5 SO
Ji = —B(T, P)=2 Jis = —B(T, P)=2
11 B(T, )N ; 13 B(T, )N’
— — I
J21:ﬁ(T7P)N07 JQQ:_(O——’_:U’)?
_ S,
J23—5(T7P)ﬁ, 33 = —(y + ).
To simplify the notation, define
U = o+, Ug = ¥ + [

JJoM | Jambura J. Math

Volume 8 | Issue 2 | August 2026



S. M. N. Afni, K. Novianingsih, and R. Sispiyati — Parameter Estimation of a Climate-Based Dengue Mathematical Model ... 251

Thus, the Jacobian matrix in eq. (24) can be written as
A 0 Az 0
Ay —up Az 0

where
_ T So
An =BT Py —p  Ai=-pT P,
_ _ I — =5
A21_5(T7P)N7 A23_5(T7P)N
At the disease-free equilibrium point
A
Tl = <a07070> )
I
we have
A A
So = —, Ey=1y=Ry =0, N=5=—
J 0

—H 0 _B(Tv P) 0
—Uuy ﬁ(Tv P) O
0

0
J(Tl) - 0 g —U2
0 0 g —p

The eigenvalues are determined from

det(J(T1) — M) = 0

Hence,
——A 0 Cf) 0
0 —u; — A (T P) 0 —0
0 g U — A 0 o
0 0 0% —— A
which yields

(=i = N2 N2 4 (w1 + ug) A + uyus — oB(T, P)] = 0.

Therefore, the eigenvalues are

AL = —H, Ao = —H,
and
—(ur + ug) + /(w1 —u2)? + 40 8(T, P)
)\3 = 2 )
while
N = (u1 + u2) \/(Ul —ug)? +40p3(T, P)
1T 2
Using
oB(T, P)
Ry = ,
AT

the eigenvalues A3 and \4 can be expressed as

P G VA eV DGR [CRD)
2 )
and
h = @120 = V(e =)+ ARo(0 + W + 1)
2

Since the numerator of A4 is the sum of two negative terms,
it follows that
)\4 < 0.

For A3 < 0, the following condition must hold:

V(e =72 +4Ro(0 + p) (v + ) < o+ + 2.
Squaring both sides gives
(0 =72 +4Ro(0 + p) (v + p) < (0 ++2p)°.

Since

(0 4+7+21)% = (0 =) =4(0 + p) (v + p),
the inequality is equivalent to
Ry < 1.

Therefore, if Ry < 1, then A3 < 0. Hence, all eigenvalues
of the Jacobian matrix have negative real parts, and the disease-
free equilibrium point 73 is locally asymptotically stable. Con-
versely, if Ry > 1, then A3 > 0, and the disease-free equilibrium
point is unstable. O

After analyzing the local stability of the disease-free equi-
librium point, the local stability of the endemic equilibrium point
is considered to determine the condition under which the disease
persists in the population. The stability of the endemic equilib-
rium is also determined from the eigenvalues of the Jacobian ma-
trix evaluated at the equilibrium point and is stated in Theorem 2.

Theorem 2. The endemic equilibrium point

_(S*, B, I",R") = (N(U+u)(7+u)77+u1 I 71)
B(T, P) o

where
B Ao uN

“(o+wly+p)  BT,P)

is locally asymptotically stable whenever it exists biologically, that
is, when I* > 0.

*

Proof. The Jacobian matrix in eq. (24) is evaluated at the endemic
equilibrium point 75, giving

I i o S*
STP)—n 0 BT 0
0 o —(y+w) 0
0 0 Y —p
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Since
g - No+wly+p)
of(T,P)
we obtain 5 ( \( )
7o _ oty t+p
T,P)— =
AT, P) N o
Therefore,
Bll 0 Blg 0
Bgl —(0’ =+ ,U,) ng O
J(TQ) = )
0 o —(y+w 0
0 0 v —H
where
= 51" o+ +
B11=—5(T’P)N—M, 313=—w7
g
7 By (c+p)(y+p)
By1 = B(T, P)— By = —— =,
21 = B(T, )N’ 23 .
Using
uy = o+ U, Uz =77+,
the Jacobian matrix becomes
— I* U1U2
_B(T.P _ _
BT P)—p 0 5 0
— I Ui1Uz
smy=| PPy e 0
0 o — Uy 0
0 0 v —H
The eigenvalues are determined from
det(J(T3) — A1) = 0.
Thus,
_ I U1U
—B(T,P)— —pu— X 0 —
BT, P)w — 5
(—p—X) T P I- ) e =0.
/6( ) )N ul o
0 o —Us — A

The characteristic equation can therefore be written as

(= —A) [N+ AN + BA+C] =0,

where 2
A= 6(T,F)ﬁ + p+uy + ug,
B = (ﬁ(T,)N —|—,u> (u1 + ug),
and I
O = ’U,ﬂlgﬁ(T,F)N
One eigenvalue is
>\1 =—pu< 07

because ;1 > 0. The remaining eigenvalues Ay, A3, and A4 are
the roots of
N+ AN +BA+C =0.

According to the Routh—Hurwitz criterion for a cubic poly-
nomial, all roots have negative real parts if

A >0, B >0, C >0, AB > C.
Because

B(T, P) >0, >0, up > 0,

ug > 0, I" >0, N >0,
it follows immediately that
A>0, B >0, C > 0.
Furthermore,
AB—-C = (6(T,P); +pu+u + u2)

Since all parameters are positive and u; +us > 0, the above
expression is positive. Hence,

AB > C.

Therefore, all Routh-Hurwitz conditions are satisfied, implying
that the roots A2, A3, and A4 have negative real parts. Together
with \; = —p < 0, this shows that

Re();) <0, i=1,2,3,4.
Consequently, the endemic equilibrium point 75 is locally asymp-
totically stable whenever it exists biologically. O

Biologically, this result indicates that when the system is
near the endemic equilibrium point, small perturbations in the
population do not permanently alter the long-term state of the
system. The model solution will return to the endemic equilib-
rium, so the disease persists in the population at an endemic
level.

3.4. Parameter Estimation Using PSO

Parameter estimation for the SEIR model was implemented
using the Particle Swarm Optimization (PSO) algorithm in Python
on the Google Colab platform. In this study, a reduced human
population model was used in which the mosquito vector com-
partment was not explicitly included as a separate compartment.
Instead, the effects of vector density and activity were incorpo-
rated directly through the effective transmission rate 5(T, P).
The data used in the estimation process consisted of DHF cases,
average temperature, and rainfall in Bandung City during 2022-
2023. Each particle in the PSO algorithm represents the model
parameter vector © defined in eq. (9). The initial position of each
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particle was randomly generated within the predefined parame-
ter bounds, and each particle was evaluated using the Mean Ab-
solute Percentage Error (MAPE) objective function in eq. (10).

The MAPE value was obtained by first simulating the SEIR
model using the fourth-order Runge—Kutta method (RK4). The
simulation produced the number of infected individuals, which
was then compared with the observed DHF case data to deter-
mine the MAPE value. A smaller MAPE value indicates that the
corresponding parameter set provides a better representation of
DHF transmission dynamics. Subsequently, the PSO algorithm
updates the particle positions and velocities based on their per-
sonal best values (pbest) and the global best value (gbest) un-
til the maximum number of iterations is reached. Through this
process, the best model parameters corresponding to the lowest
MARPE value are obtained.

Before the optimization process, the DHF case data were
processed using a 3-month Moving Average (MA) method to re-
duce short-term fluctuations and make the underlying trend more
apparent. The PSO algorithm was then applied to identify the pa-
rameter combination that minimized the MAPE value. To ensure
the reproducibility of the experiment, the PSO algorithm settings
were specified explicitly. The PSO parameter configuration used
in this study is presented in Table 5.

Table 5. PSO parameter configuration.

PSO Parameter Symbol Value Used
Maximum inertia weight Wmax 0.9
Minimum inertia weight Wmin 0.4
Cognitive coefficient c1 2.0
Social coefficient c2 2.0
Number of particles Tparticle 60
Maximum number of iterations Kmax 600
Velocity bound v [—0.2,0.2]
Number of independent runs - 10
Random seed Seed 42
Bo €[0.1,5],
B1 € [0.001,0.01],
B2 € [0.00001, 0.0005],
Model parameter bounds ©
o € [3,7.5],
u € [0.0008,0.0011],
v € [2,4.5]

Since the PSO algorithm is stochastic, the consistency of
the estimation results was evaluated using 10 independent runs.
The evaluation results are presented in Table 6.

Table 6. Evaluation results from 10 independent parameter
estimation runs.

Result Value
Best MAPE 0.1740
Worst MAPE —

Average MAPE 0.1791
Standard deviation  0.0048

Based on these results, the parameter combination corre-
sponding to the best MAPE value was selected for numerical sim-
ulation and model evaluation. The relatively small standard de-

viation indicates that the PSO algorithm produced consistent pa-
rameter estimates across the independent runs.
The parameter estimation results produced the best values

Bo = 3.5553,
o=1.5,

By = 0.0021,
= 0.0011,

s = 0.0001,
~ = 3.6865,

with a MAPE value of 0.1740, or approximately 17.40%. Based on
the estimated parameters 3y, 81, and 3, the transmission rate
B(T, P) varied according to the monthly climatic data in Bandung
City. During the 2022-2023 observation period, the value of
B(T, P) ranged approximately from 3.6072 to 3.6435. The trans-
mission rate remained nonnegative, 3(T, P) > 0, over the entire
range of observed temperature and rainfall data, thereby satisfy-
ing the biological requirement of the epidemiological model. The
linear function was used as an initial approximation to capture
the direct effects of temperature and rainfall on vector activity in
a simple and computationally efficient manner.

The resulting MAPE value indicates that the model provides
a reasonably good representation of the DHF case data in Ban-
dung City. From a biological perspective, the estimated value
o = 7.5 corresponds to an average incubation period of ap-
proximately 4 days, while v = 3.6865 corresponds to an aver-
age recovery period of approximately 8 days. In addition, the
climate-dependent transmission parameters indicate that tem-
perature and rainfall contribute to variations in the transmission
pattern represented by the model. The application of the PSO
algorithm therefore enabled the model to follow the trend of the
smoothed DHF case data with predictive accuracy measured us-
ing MAPE. The smoothed data were used to reduce large fluctu-
ations in the monthly observations so that the general transmis-
sion trend could be more clearly identified. Consequently, the
numerical simulation results represent the trend of the smoothed
data as an approximation of the dynamics of DHF transmission.

3.5. Simulation and Model Evaluation

Numerical simulations were performed to describe the dy-
namics of DHF transmission using the SEIR model with parame-
ters obtained from the PSO estimation process. The simulations
were conducted using the fourth-order Runge—Kutta method
(RK4), incorporating the effects of temperature and rainfall on
the disease transmission rate. The simulation results were then
compared with the smoothed DHF case data to evaluate the ex-
tent to which the model followed the disease transmission pat-
tern during the 2022-2023 observation period. The DHF case
data generated by the SEIR model using the PSO-estimated pa-
rameters are presented in Figure 4.

The parameter estimation process and model simula-
tion were evaluated against the DHF case data that had been
smoothed using a 3-month Moving Average method. This step
was performed to reduce short-term random fluctuations and
emphasize the general trend of the disease dynamics. Based on
this evaluation, the model produced a MAPE value of 0.1740, or
17.40%, relative to the smoothed data.

These results indicate that the developed SEIR model is rea-
sonably capable of representing the main patterns and trends of
DHF transmission dynamics, particularly for trend fitting, rather
than serving as an absolute predictor of monthly case numbers.
When evaluated directly against the original unsmoothed data,
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Comparison of Original Data, Smoothed Data, and SEIR Model
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Figure 4. Comparison of DHF cases between the original data, smoothed data, and simulation results using the estimated parameters.

Table 7. Numerical results of parameter sensitivity analysis based on changes in MAPE.

No. Parameter MAPE —10% MAPE +10% AMAPE —10% AMAPE +10%
1 Bo 0.587666 7.684147 0.413636 7.510117
2 Jo31 0.178704 0.178245 0.004674 0.004215
3 B2 0.176012 0.175898 0.001982 0.001868
4 o 4.274759 118.050134 4.100729 117.876104
5 m 0.175793 0.175714 0.001763 0.001684
6 o' 18.939629  104.423765 18.765599 104.249735

the model produced a MAPE value of 0.3544, or 35.44%. This
difference reflects the substantial short-term fluctuations in the
observed case data that may not be fully explained by macro-level
climatic factors alone.

3.6. Sensitivity Analysis

3.6.1. Parameter Sensitivity Analysis with Respect to Model
Goodness-of-Fit

Sensitivity analysis was conducted to evaluate the stability
and sensitivity of the goodness-of-fit of the SEIR model to vari-
ations in the parameters obtained from PSO optimization using
changes in MAPE, denoted by AMAPE, as the evaluation indica-
tor. This analysis employed a local sensitivity analysis using the
One-at-a-Time (OAT) approach. In this approach, one parameter
was varied at a time while the remaining parameters were fixed
at their optimal values obtained from PSO estimation. Each pa-
rameter, 5o, 51, B2, o, 4, and 7y, was varied by £10% from its best
estimated value. The model was then simulated again using the
same initial conditions, and the MAPE value was recalculated by
comparing the simulation results with the observed data. This
method allows the effect of each parameter to be evaluated in-
dependently without interference from changes in other param-
eters [26].

The sensitivity level of each parameter was assessed based
on the variation in the MAPE value after the parameter was per-
turbed. The optimal MAPE represents the MAPE value obtained
from the best parameter set, while MAPE _ 1o, and MAPE ;1 ¢, rep-
resent the MAPE values obtained after decreasing and increasing
the corresponding parameter by 10%, respectively. The changes

in MAPE are calculated as

AMAPE_ 195 = MAPE_ 105, — MAPE g5¢imal s
AMAPE ;105 = MAPE ;104 — MAPEptimal-

A larger absolute value of AMAPE indicates a higher sen-
sitivity of the corresponding parameter with respect to the
goodness-of-fit of the model. The sensitivity analysis was per-
formed locally by varying each parameter by £10% from its best
estimated value while keeping the other parameters constant.
The numerical results of the parameter sensitivity analysis are
presented in Table 7, which reports the MAPE values and the cor-
responding changes in MAPE for each parameter variation.

The changes in the simulation results caused by variations
in each parameter are further illustrated in Figure 5 to show the
influence of parameter perturbations on the goodness-of-fit of
the model.

The results show that the recovery rate v and the incuba-
tion or transition rate ¢ are the most sensitive parameters with
respect to changes in model accuracy. A variation of £10% in y
produces the largest increase in AMAPE compared with the other
parameters. This indicates that the goodness-of-fit of the model
is highly dependent on the precision of v and o. In contrast, the
parameters /31, (B2, and p exhibit relatively low sensitivity with
respect to MAPE, indicating that small variations in these param-
eters do not substantially affect the overall prediction error of
the model.

3.6.2. Parameter Sensitivity Analysis with Respect to the Basic
Reproduction Number

To further understand the epidemiological influence of the
model parameters, sensitivity analysis was also performed with
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Figure 5. Parameter sensitivity analysis with respect to model goodness-of-fit.

Table 8. Sensitivity analysis of model parameters with respect to the basic reproduction number Rg.

No. Parameter Parameter Value Sensitivity Index Effect on Ry
1 Bo 3.5553 +0.9724 Dominant positive
2 51 0.0021 +0.0135 Positive
3 B2 0.0001 +0.0055 Positive
4 o 7.5 +0.00015 Positive (very small)
5 I 0.0011 —0.00045 Negative (very small)
6 o4 3.6865 —0.9997 Dominant negative

respect to the basic reproduction number Ry using the Normal-
ized Forward Sensitivity Index. For a parameter p, the normalized
sensitivity index is defined as

’I‘Ro _ %ﬂ
P 6]7 Ro

Based on the best estimated parameter values, the normalized

sensitivity indices of R are presented in Table 8.

Based on the best estimated parameter values, the normal-
ized sensitivity index Tg‘oo = +40.9724 indicates that the base-
line transmission rate 3y has a strong positive proportional rela-
tionship with Ry. This means that a 10% increase in 8y would
result in an approximately 9.72% increase in Ry. Conversely,
the recovery rate + has a dominant negative sensitivity index of
Tffo = —0.9997. This indicates that a 10% increase in the recov-
ery rate would decrease Ry by approximately 9.99%.

The parameters o and p have sensitivity indices close to
zero, indicating that small variations in these parameters have
only a limited effect on Ry. Epidemiologically, these results sug-
gest that reducing the baseline transmission rate 3, for example
through the elimination of mosquito breeding sites, and increas-
ing the recovery rate + through improved medical facilities and
healthcare services are potentially the most effective strategies
for reducing dengue transmission in Bandung City.

4. Conclusion

Based on the findings of this study, a mathematical model
for the transmission of Dengue Hemorrhagic Fever (DHF) was

formulated as a nonlinear SEIR system of differential equations
by incorporating the effects of temperature and rainfall on the
transmission rate. In this study, a reduced human population
model was used in which the mosquito vector compartment,
Aedes aegypti, was not explicitly included as a separate com-
partment. Instead, the effects of vector density and activity
were incorporated directly through the effective transmission
rate (T, P). Using the associated autonomous system under av-
erage climatic conditions, the model has two equilibrium points:

the disease-free equilibrium 77 = (%, 0,0, 0) , which is locally
asymptotically stable when Ry < 1, and the endemic equi-
librium T, = (%, 7;“[*,]*,%[*) , where I* =
Ao _ _uN

(c+m)(v+n)  B(T,P)’ _
stable when Ry > 1, with Ry = %. Parameter esti-
mation using the Particle Swarm Optimization (PSO) algorithm
produced the optimal parameters for DHF case data in Bandung
City during 2022-2023, namely 8y = 3.5553, 81 = 0.0021,
B2 = 0.0001, ¢ = 7.5, p = 0.0011, and v = 3.6865. Based
on the numerical simulation results, the model was able to fol-
low the trend of the smoothed DHF case data with a MAPE value
of 0.1740, or approximately 17.40%, indicating a relatively low
fitting error. Thus, the developed model provides a reasonably
good representation of DHF transmission dynamics while incor-
porating climatic factors.

Although the model is able to represent the dynamics of
DHF cases reasonably well, the scope of this study is limited to a

which exists and is locally asymptotically
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direct transmission approach without explicitly considering the
time lag between climatic changes and the biological response
of the vector population. Future studies are recommended to in-
corporate Delay Differential Equations (DDE) or Distributed Lag
Non-linear Models (DLNM) to better represent the extrinsic incu-
bation period and delayed climatic effects on mosquito dynamics.
In addition, other metaheuristic optimization algorithms, such as
Genetic Algorithm or Simulated Annealing, may be included for
comparative parameter estimation, while the analysis may be ex-
tended to spatial-temporal modelling to provide a more compre-
hensive representation of Dengue Hemorrhagic Fever transmis-
sion dynamics.
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