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Mathematical Modeling and Parameter Estimation of Meningitis
Transmission Dynamic using Vaccination Strategies in Indonesia

Aufa Al Musyarof1, Faris Nur Hibban1, Mardlijah1, Didik Khusnul Arif1,∗

1Department of Mathematics, Institut Teknologi Sepuluh Nopember, Surabaya, 60111, Indonesia

ABSTRACT. Meningitis is a public health threat because it progresses rapidly and has serious clinical impacts,
including long-term disability. This research develops a six-compartment mathematical model to examine the dynamics
of meningitis transmission by dividing the population into susceptible, exposed, infected, recovered without disability,
recovered with disability, and vaccinated groups. The model parameters were fitted using the least squares method
based on annual meningitis case data in Indonesia from 1990 to 2023 according to estimates originating from the
Institute for Health Metrics and Evaluation (IHME)/Global Burden of Disease, accessed through the archived Our World
in Data source. Model validation shows high accuracy performance, with a Mean Absolute Percentage Error value of
3.12%. Local sensitivity analysis indicates that the transmission rate (β) and vaccination rate (ξ) are the parameters
most influencing changes in R0 resulting from parameter variation. Numerical simulation results show that rapid
immunization at the onset of an outbreak is the most effective strategy among the vaccination scenarios examined to
expedite herd immunity and limit disease spread.

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 JJoM: Department of Mathematics, Uni-
versitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction
Meningitis remains a significant public health challenge be-

cause of its dangerous consequences; even thosewho have recov-
ered from the disease may experience serious long-term compli-
cations [1, 2]. Bacteria, viruses, fungi, and parasites are some of
the pathogens that cause meningitis [3–5]. Understanding the
dynamics of meningitis transmission is essential for the public
so they can prepare in the event of an outbreak in a particular
area. This becomes a challenge for Indonesia because the quality
of data, such as data accuracy and timeliness of case reporting,
is sometimes still delayed, resulting in an increased risk of dis-
ease spread [6, 7]. Based on this, an analysis of the dynamics of
meningitis transmission can help prevent outbreaks and inform
the development of disease control strategies [8, 9].

Previous studies have examined the transmission dynamics
of meningitis using various intervention strategies, such as treat-
ment, vaccination, and stability analysis and simulation [10–15].
Research findings from these studies have enhanced our compre-
hension of how transmission dynamics are influenced by differ-
ent strategies, allowing for further development or modification
of these approaches. As with meningitis itself, individuals who
recover from meningitis still face the potential for serious issues
such as long-term disabilities [1, 16]. This can be analyzed by dis-
tinguishing between individuals who recover without disabilities
and those with disabilities. In addition, data calibration using
models has not yet been widely integrated into disease spread
dynamics modeling; for example, determining appropriate pa-
rameter values that align the data with the model also improves
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themodel’s ability to accurately depict real-world conditions [17–
19].

Based on this, this study developed a data-driven nonlinear
model of meningitis transmission dynamics in Indonesia. The
population is categorized into six groups: susceptible (S), ex-
posed (E), infected (I), recovered without disability (Rs), re-
covered with disability (Rd), and vaccinated (V ). This model
incorporates vaccination strategies, waning vaccine-induced im-
munity (assuming the vaccine is not perfect), and the effects of
treatment on infected individuals, thereby providing a more de-
tailed representation of disease progression and post-infection
outcomes, namely recovery without disability and recovery with
disability [11, 16].

The analysis of meningitis transmission dynamics in this
study was conducted based on annual incidence data for menin-
gitis cases in Indonesia from 1990 to 2023. These estimates
originate from the Institute for Health Metrics and Evaluation
(IHME)/Global Burden of Disease and were accessed through the
archived Our World in Data source [20]. For the purposes of
model fitting, these annual incidence data are explicitly treated
as a proxy for the infected population compartment (I). The val-
ues of the parameters used in this study were estimated using the
least squares method. The estimated parameters are expected to
calibrate the observed data with the model, thereby representing
the dynamics of meningitis transmission [21–23].

The objectives of this study are to formulate the proposed
meningitis transmission model, determine the disease-free and
endemic equilibrium points, derive the basic reproduction num-
ber, and examine the local stability of the disease-free equilib-
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rium. In addition, this study performs parameter estimation,
model validation, sensitivity analysis, and numerical simulations
to identify the parameters exerting the greatest influence on dis-
ease transmission and to evaluate vaccination-related interven-
tion scenarios in Indonesia. By combining a refined epidemio-
logical structure with empirical calibration, this study provides a
data-driven framework for analysing meningitis transmission dy-
namics and vaccination strategies in Indonesia.

2. Method
This research employs mathematical modeling and compu-

tational simulation to examine meningitis transmission dynamics
and vaccination strategies in Indonesia. The study is based on
a nonlinear compartmental epidemiological model that divides
the population into six compartments: susceptible (S), exposed
(E), infected (I), recovered without disability (Rs), recovered
with disability (Rd), and vaccinated (V ). This framework explic-
itly integrates vaccination dynamics, waning immunity, and di-
verse recovery outcomes into a system of nonlinear differential
equations.

Following the model formulation, we analyzed the equilib-
rium points and system stability to elucidate disease behavior.
To ensure the model aligns with observed empirical data, param-
eter estimation was conducted using the least-squares method
based on longitudinal meningitis case records in Indonesia. A lo-
cal sensitivity analysis was then performed to ascertain the most
influential parameters affecting disease transmission. Finally, nu-
merical simulations were employed to investigate various hypo-
thetical vaccination scenarios and their effects on meningitis dy-
namics. The overall mathematical and computational procedures
are summarized in the accompanying flowchart:

Figure 1. Research method.

3. Results and Discussion
3.1. Mathematical Modeling of Meningitis Transmission Dynamics

The mathematical model is constructed to explain how the
disease spreads in a population by categorizing individuals into
distinct epidemiological compartments. The model assumes the
population is divided into compartments: susceptible, exposed,
infected, recovered without disability, recovered with disability,
and vaccinated individuals. Newborns enter the susceptible class
at a recruitment rate (Λ) as they possess no immunity. Each com-
partment experiences natural mortality at rate (µ). Susceptible
individuals (S) can become exposed (E) through close contact
with infected individuals (I). Exposed individuals then undergo
an incubation period before transitioning to the infected (I) class
at a rate of (σ), during which recovery does not occur. Infected
individuals leave the infected compartment through recovery at
a per capita rate γ. The dimensionless parameter ε represents
treatment effectiveness and is interpreted as the proportion of in-
fected individuals who recover without disability. Therefore, the
recovery flow to the recovered-without-disability compartment
Rs is given by γεI , whereas the recovery flow to the recovered-
with-disability compartment Rd is given by γ(1 − ε)I . Further-
more, infection-related mortality occurs at a baseline per capita
rate δ. In this model, treatment effectiveness is also assumed to
reduce meningitis-related mortality. Thus, the effective disease-
induced mortality rate is δ(1 − ε), yielding the mortality term
δ(1− ε)I .

Based on the above assumptions, a compartment diagram
can be drawn on Figure 2. This framework provides a compre-
hensive representation of disease progression and control mea-
sures, enabling the analysis of vaccination and treatment effects
on disease outcomes.

Figure 2. Compartment diagram of meningitis mathematical
model.

The force of infection is defined as λ = βI/N , which rep-
resents the per capita rate at which a susceptible individual ac-
quires infection and enters the exposed compartment through
contact with infectious individuals. Therefore, the incidence
term for new exposures is given by λS = βSI/N . This inci-
dence term appears as a loss term in the susceptible equation
and as a gain term in the exposed equation. The total popula-
tion is defined as N = S + E + I + Rs + Rd + V . Table 1
provides detailed descriptions of the model parameters.

The construction of a mathematical model to describe
meningitis spreads is represented by a system of nonlinear dif-
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Table 1. Model parameters, definitions, units, and sources.

Parameter Definition Unit Values
Λ Recruitment rate People per year Calculated from demographic data
µ Natural death rate Per year Calculated from demographic data
β Transmission rate Per year Model-fitted
σ Rate of transition of individuals Per year Model-fitted
γ Recovery rate Per year Model-fitted
δ Meningitis death rate Per year Model-fitted
ξ Vaccination rate Per year Model-fitted
ω Vaccine immunity decline rate Per year Model-fitted
ε Treatment effectiveness Nondimensional Model-fitted

ferential equations as follows:

dS

dt
= Λ− βSI

N
+ ωV − (µ+ ξ)S, (1)

dE

dt
=

βSI

N
− (µ+ σ)E, (2)

dI

dt
= σE − (µ+ δ(1− ε))I − γI, (3)

dRs

dt
= γεI − µRs, (4)

dRd

dt
= γ(1− ε)I − µRd, (5)

dV

dt
= ξS − (µ+ ω)V. (6)

3.2. Disease-Free equilibrium
In mathematical epidemiology, two principal equilibrium

points are commonly considered: the disease-free equilibrium,
characterized by the absence of disease in the population, and
the endemic equilibrium, in which the disease persists in the
population. These equilibrium points are determined by setting
the right-hand sides of eq. (1)–(6) equal to zero. The disease-
free equilibrium is obtained by setting the infection-related state
variables equal to zero, that is, E = I = 0. Solving the resulting
algebraic system yields the following disease-free equilibrium:

(S∗
0 , E

∗
0 , I

∗
0 ,R

∗
s,0, R

∗
d,0, V

∗
0 ) =(

Λ(µ+ ω)

µ(µ+ ω + ξ)
, 0, 0, 0, 0,

Λξ

µ(µ+ ω + ξ)

)
. (7)

3.3. Basic Reproduction Number
Epidemiologically, the R0 value obtained from this mod-

eling serves as the main threshold parameter that controls the
entire long-term dynamics of disease spread. If medical interven-
tion succeeds in suppressing this parameter value until R0 < 1,
then the disease-free equilibrium point is mathematically proven
to be locally asymptotically stable, indicating that the chain of
transmission will be broken and the disease will disappear from
the population over time. Conversely, if R0 > 1, the disease
will persistently invade the population and lead to endemic con-
ditions [11].

The Next Generation Matrix (NGM) method separates the
new infection terms represented by thematrixF from other tran-
sitions among the infected compartments represented by thema-
trix V . The spectral radius of the next-generation matrix FV −1

represents the expected number of secondary infections gener-
ated by a single infected individual during its infectious period
[10]. The basic reproduction number is determined using the
NGM method through the following steps:
1. Linearize the infected subsystem around the disease-free

equilibrium point. This linear system is represented by the
Jacobian matrix (J):

J(E∗
0 , I

∗
0 ) =

−(µ+ σ)
βS

N

σ −(µ+ δ(1− ε) + γ)

 .

2. Decompose the Jacobian matrix (J) into the transmission
matrix (F ) and the transition matrix (V ), J = F − V . The
transmission matrix is a matrix with entries that represent
the occurrence of new infections, while the transition ma-
trix is a matrix with entries that represent changes in the
infected population:

F =

[
0 a
0 0

]
, V =

[
b 0
−σ c

]
, V−1 =

 1

b
0

σ

bc

1

c

 ,

where

a =
β(µ+ ω)

µ+ ω + ξ
, b = σ + µ, c = µ+ δ(1− ε) + γ.

3. The basic reproduction number is defined as R0 =
ρ
(
FV−1

)
, where ρ denotes the spectral radius of a matrix.

Therefore, for the proposed model, the basic reproduction
number is given by

R0 =
σβ(µ+ ω)

(µ+ ω + ξ)(µ+ σ)(µ+ δ(1− ε) + γ)
. (8)

3.4. Endemic equilibrium point
The endemic equilibrium point represents a positive

steady-state solution, indicating the disease’s persistence within
the observed population. This point is determined by setting
each equation in the model, as shown in Eq. (1)–(6), to zero. Con-
sequently, the endemic equilibrium point is expressed as follows:

S∗
1 =

Λ(µ+ ω)(δµ+ γµ+ γσ + µσ + µ2 − δϵµ)

µ(µ+ ω + ξ)Φ
,

I∗1 =
Λσ(R0 − 1)

Φ
,

E∗
1 =

Λ(R0 − 1)(δ + γ + µ− δε)

Φ
,
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R∗
s,1 =

Λεγσ(R0 − 1)

µΦ
, ;

V ∗
1 =

Λξ(δµ+ γµ+ γσ + µσ + µ2 − δεµ)

µ(µ+ ω + ξ)Φ
,

R∗
d,1 =

−Λγσ(R0 − 1)(ε− 1)

µΦ
,

where

Φ = R0µ
2 − δσ +R0δµ+R0γµ+R0δσ +R0γσ +R0µσ

+ δεσ −R0δεµ−R0δεσ.

3.5. Parameter Estimation
The annual incidence estimates used in this study orig-

inate from the Institute for Health Metrics and Evaluation
(IHME)/Global Burden of Disease and were accessed through the
archived Our World in Data source. The data collected was the
number of meningitis cases in Indonesia in the period 1990-2023.
This section presents the calculation of the parameter values
used in the model. The parameters are computed based on as-
sumptions and the available data, with the rate of change of the
parameter values assumed to remain constant over time. The
following details are the calculation of the parameters for the
meningitis transmission model:
1. Recruitment rate (Λ)

The recruitment rate is the constant rate of addition of new
individuals to a susceptible population (S) per unit time.
It is assumed that all new individuals are born susceptible.
The recruitment rate is often calculated based on the total
population size and crude birth rate (CBR). The CBR in In-
donesia is 16.4 births per 1,000 population [24]. The total
population in Indonesia in 2026 is 288,315,089 [25]. So that
the recruitment rate is obtained:

Λ = 0.0164 · 288, 315, 089 ≈ 4, 728, 367.

2. Natural death rate (µ)
In epidemiological models, the natural mortality rate is di-
rectly associated with the population’s life expectancy. The
calculation of the natural death rate based on data in In-
donesia is as follows [26]:

µ =
1

Life expectancy
=

1

74.47
= 0.0134.

The initial values of the variables were derived from de-
mographic and epidemiological data in Indonesia for the year
1990. The susceptible population (S) was based on the total
population of Indonesia in 1990, which numbered 179,378,946
[27]. The number of infected individuals (I) was obtained from
reported meningitis cases in Indonesia during the same year,
amounting to 168,257. Because empirical initial values for the
remaining compartments were unavailable in the public datasets,
the assumptions of E(0) = Rs(0) = Rd(0) = V (0) = 0 were
utilized. Therefore, the exposed population (E), recovered with
disability (Rd), recovered without disability (Rs), and vaccinated
individuals (V ) were all initially set to zero.

3.6. Parameter Fitting Using Least Square Method
Using least squares estimation via the least_squares

function from the SciPy library in Python, the nonlinear compart-

mental model proposed in eqs. (1)–(6) was adapted to annual
meningitis case incidence data in Indonesia from 1990 to 2023.
The optimization utilized the Trust Region Reflective (TRF) algo-
rithm, which is highly suited for bounded parameter fitting. Dur-
ing the fitting process, the ordinary differential equations (ODE)
were solved using the Radau method, an implicit Runge-Kutta
solver known for its stability. The initial guesses for the parame-
ters [Λ, µ, β, σ, γ, δ, ξ, ω, ε]were set to [4,728,367.0, 0.0133, 0.3,
0.2, 0.2, 0.1, 0.1, 0.1, 0.5]. The search space was constrained
with lower bounds of [4,728,366.0, 0.0132, 0.01, 0.01, 0.01, 0.01,
0.01, 0.01, 0.01] and upper bounds of [4,728,368.0, 0.0134, 2.0,
1.0, 1.0, 1.0, 1.0, 1.0, 1.0]. Furthermore, default algorithm set-
tings were employed for the stopping tolerances (with a function
tolerance of 10−8 ) and a maximum limit of function evaluations
to ensure convergence. This fitting process focused on visualiz-
ing long-term downward trends and reported annual fluctuations
to extract realistic and data-driven parameter estimates. Em-
pirical data originating from the IHME/Global Burden of Disease
exclusively provides the annual incidence of clinically reported
cases. Consequently, these annual incidence data are explicitly
treated as a proxy for the infected population compartment (I)
for the purposes of model fitting.

Conversely, the available public Indonesian datasets lack
direct empirical observations for the exposed population (E),
individuals who recovered without disability (Rs), those who
recovered with disability (Rd), and vaccinated individuals (V ).
As a result, these unobserved compartments were mathemati-
cally reconstructed using the model’s internal dynamic structure,
incorporating parameter values from existing literature and ad-
justed initial conditions. This methodology aligns with previous
studies on meningitis modeling, where only temporal data on
the infected population was accessible. The states of the other
compartments were inferred through model simulations. Mathe-
matical models were thus developed to interpret the unobserved
system from observed data, facilitating parameter estimation and
scenario analysis despite incomplete data [28].

3.7. Model Fitting Evaluation
After parameter estimation was conducted and the results

were obtained, model validation was subsequently performed
to determine the appropriate variables by substituting the esti-
mated parameters and the initial values of the variables into the
discrete systemmodel. The best parameter values obtained from
the estimation are presented in the Table 2.

Table 2. Parameter estimation results.

Parameter Definition Values
Λ Recruitment rate 4,728,367
µ Natural death rate 0.0134
β Transmission rate 0.067713
σ Rate of transition of individuals 0.999995
γ Recovery rate 0.046768
δ Meningitis death rate 0.033465
ξ Vaccination rate 0.111910
ω Vaccine immunity decline rate 0.010344
ε Treatment effectiveness 0.834280

These parameters were used for model validation, as
shown in Figure 3. To evaluate the performance of these esti-
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mated parameters, an assessment was conducted. Given that the
obtained value is well below the 10% threshold, the fitted model
shows close agreement with the observed annual data, with a
MAPE of 3.12%.

Figure 3. Validation of the model using infected data.

3.8. Stability Analysis
The mathematical model of the spread of meningitis in

eq. (1)–(6) is a nonlinear differential system. Therefore, before
carrying out stability analysis, it is necessary to carry out lin-
earization. Linearization of the system can be done through Tay-
lor expansion around the equilibrium point. Linearization around
the disease-free equilibrium point with Jacobian matrix i.e.

J =



j11 0 j13 0 0 ω

0 j22 j23 0 0 0

0 σ j33 0 0 0

0 0 γε −µ 0 0

0 0 γ(1− ε) 0 −µ 0

ξ 0 0 0 0 −(µ+ ω)


, (9)

where

j11 = −(µ+ ξ), j13 = − β(µ+ ω)

µ+ ω + ξ
,

j22 − (µ+ σ), j23 =
β(µ+ ω)

µ+ ω + ξ
,

j33 = −(µ+ δ(1− ε) + γ).

The stability analysis of the disease-free equilibrium point was
carried out by substituting the parameter values given in Table 2
into the Jacobian matrix obtained in eq. (9), as follows:

J =


−0.1253 0 −0.0119 0 0 0.0103

0 −1.0134 0.0119 0 0 0
0 0.9999 −0.0657 0 0 0
0 0 0.0390 −0.0134 0 0
0 0 0.0078 0 −0.0134 0

0.1119 0 0 0 0 −0.0237

 .

Thus, the eigenvalues are λ1 = −0.013400, λ2 =
−0.013400, λ3 = −1.025740, λ4 = −0.135654, λ5 =
−0.053368, λ6 = −0.013400. For the estimated parameter
values, all eigenvalues have negative real parts, indicating local
asymptotic stability of the disease-free equilibrium.

3.9. Sensitivity Analysis
The sensitivity analysis conducted in this research is a local

sensitivity analysis. The normalized sensitivity index of variable
X , differentiable on parameter p, is defined as follows:

CX
p =

∂X

∂p
× p

X
.

where X is the variable to be analyzed and p is the parameter.
The higher the sensitivity index value, themore influential the pa-
rameter is. Positive and negative signs indicate the relationship
between the parameter and the variables being analyzed, namely
the basic reproduction number and the infection set point.

This sectionwill analyze the sensitivity of parameters to the
basic reproduction number. A sensitivity analysis of R0 was con-
ducted to determine which parameters exert the most significant
influence on R0. Based on the parameter values in Table 2, the
basic reproduction number value isR0 = 0.1778. The sensitivity
index of the parameter σ is:

CR0
σ =

∂R0

∂σ
× σ

R0
=

µ

µ+ σ
.

Using the same procedure, sensitivity index for other parameters
were obtained. The parameter values in Table 2 are used to cal-
culate the sensitivity index value. To evaluate the consistency of
the relationship between the parameter and the basic reproduc-
tion number, the parameter value was increased and decreased
by 10%, and the resulting variations in the basic reproduction
number were analyzed.

Table 3. Parameter sensitivity of the basic reproduction
number.

Parameter Sensitivity Index R0: p− 10% R0: p+ 10%
µ 0.2486 0.1732 0.1821
β 1 0.1600 0.1956
σ 0.0132 0.1775 0.1780
γ -0.7110 0.1914 0.1660
δ -0.0852 0.1793 0.1763
ξ -0.8250 0.1938 0.1643
ω 0.3594 0.1714 0.1842
ε 0.4236 0.1706 0.1857

The sensitivity index results indicate that the most influ-
ential parameters to R0 are the transmission rate (β) and the
vaccination rate (ξ). Specifically, based on the absolute sensitiv-
ity values, β has the largest positive influence, while ξ has the
largest negative influence on R0. To test whether the relation-
ship between the parameters and the basic reproduction number
is consistent, a 10% increase or decrease in the parameter value
is applied to observe changes in the basic reproduction number.
Increasing the parameter β by 10% increases the R0 value from
0.1778 to 0.1956. Conversely, decreasing the parameter β by 10%
also decreases theR0 value. This demonstrates that the analysis
results are consistent with the experimental results on the R0

value.
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3.10. Numerical Simulation
In this section, numerical simulations are carried out to

analyse in depth the dynamics of the meningitis transmission
model in Indonesia based on the system of nonlinear differen-
tial in eq. (1)–(6). The simulations were run using MATLAB soft-
ware to observe population trajectory behaviour over the period
from 1990 to 2023, corresponding directly to the time range
of the available actual empirical data. The initial conditions of
the system are strictly defined based on 1990 demographic data,
S(0) = 179, 378, 946 and I(0) = 168, 257, whilst the other state
variables are initialised to zero.

Based on the results of the sensitivity analysis in the previ-
ous subsection, the transmission rate β and the vaccination rate
ξ were identified as the two main parameters exerting the most
dominant control over changes in the basic reproduction number
R0 resulting from parameter variation. Therefore, the simulation
focused on two hypothetical intervention scenarios to examine
the sensitivity of the response of the susceptible population S to
changes in transmission rates, as well as the vaccinated popula-
tion V to strengthening the immunization program.

The parameter β measures the intensity of meningitis
transmission within a population. To thoroughly evaluate the
system’s resilience under extreme conditions—such as a sud-
den severe outbreak or a massive expansion of social contacts—
we simulated scenarios using significantly elevated transmission
rates. Because the selected values of β = 0.3, 0.5, 0.8, and 1
are substantially larger than the estimated baseline value of β =
0.067713, they serve as hypothetical high-transmission scenar-
ios designed to illustrate worst-case epidemic dynamics. Thus,
the simulation is divided into five levels: the estimated base-
line β = 0.067713, alongside the hypothetical values β = 0.3,
β = 0.5, β = 0.8, and β = 1. The results of the simulation of
the susceptible population (S) are presented in Figure 4.

Figure 4. Dynamics of the susceptible population to the
transmission rate.

The simulation results in Figure 4 show that at a value of
β = 0.067713, the susceptible population curve flattens gradu-
ally towards a figure approaching 5, 4× 107 individuals by 2023.
An interesting phenomenon occurs when the value of β is in-
creased aggressively. Theoretically, an increase in the transmis-
sion rate triggers a much faster depletion of the susceptible pop-

ulation due to the high rate of conversion from susceptible indi-
viduals to exposed individuals.

However, the graph results show that when β increased
from 0.3 to 0.5, the curves of the susceptible population de-
cline overlap closely, and the most extreme level of suscepti-
ble population depletion occurs exponentially in the maximum
transmission scenario, β = 1. This indicates a rapid depletion of
the susceptible population under very high transmission rates in
the short-term modeling, 33 years. When infections spread very
rapidly, the initial limitation on the number of susceptible indi-
viduals causes the S curve to plummet drastically until it reaches
a critical level of approximately 1.9× 107 individuals by the end
of the observation period.

Parameter ξ represents the government’s preventive inter-
vention in moving vulnerable individuals into the protected com-
partment V. Through this scenario analysis, we simulate the im-
pact of strengthening immunization coverage policy from the ac-
tual fitted value ξ = 0.111910 towards more extensive scenarios,
ξ = 0.3, ξ = 0.5, ξ = 0.8, and ξ = 1. Figure 5 illustrates the
cumulative response of the vaccinated population. As a more
cautious observation, this confirms that higher vaccination rates
accelerate the accumulation of vaccine-induced protection in the
population. In the ξ = 0.111910 scenario, the accumulation of
the vaccinated population progresses slowly and is only able to
reach approximately 1.9× 108 people by 2023.

Figure 5. Dynamics of the vaccinated population to the vac-
cination rate.

As the vaccination rate is increased to the moderate sce-
narios ξ = 0.3 and ξ = 0.5, a surge occurs where the pro-
tection curve rises sharply and exponentially over the first ten
years. When immunization policy is ramped up to the maximum
limits of ξ = 0.8 and ξ = 1, the cumulative curve becomes ex-
tremely steep at the start of the simulation period and immedi-
ately reaches a steady state above 2.3 × 108 people. This oc-
curs because the susceptible population has been absorbed into
compartment V . This experiment provides strong policy recom-
mendations that massive and rapid vaccination interventions at
the start of an outbreak are far more effective in containing the
spread of meningitis than constant but slow immunization pro-
grams.
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4. Conclusion
This study developed a six-compartment nonlinear mathe-

matical model (S,E, I,Rs, Rd, V ) to analyze meningitis trans-
mission dynamics in Indonesia. Parameter estimation using an-
nual incidence data from 1990–2023 showed close agreement
with the observed data, yielding a MAPE of 3.12%. The basic
reproduction number was estimated at R0 = 0.1778, indicat-
ing a locally asymptotically stable disease-free equilibrium. Fur-
thermore, sensitivity analysis revealed that the transmission rate
(β) and vaccination rate (ξ) are the most influential parameters
on changes in R0 resulting from parameter variation. Numeri-
cal simulations demonstrated that a rapid intensification of the
mass immunization program at the start of an outbreak is the
most effective strategy among the scenarios examined to accel-
erate vaccine-induced protection and contain the infection.

Despite the insights gained from this modeling approach,
several limitations of this study must be acknowledged. First, the
parameter estimation relied on a single observed time series of
annual meningitis incidence, necessitating the mathematical re-
construction of the remaining compartments due to the absence
of direct empirical observations. Second, themodel assumes that
all parameters remain constant over time, which may not fully
capture dynamic changes in population behavior or environmen-
tal factors. Furthermore, the empirical data used in this study
aggregate various meningitis etiologies—such as bacterial, viral,
and fungal—into a single infected compartment, thereby simpli-
fying the distinct transmission characteristics of each pathogen.
Finally, the evaluated vaccination interventions serve as hypo-
thetical scenarios and do not incorporate specific operational,
logistical, or economic constraints.
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