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Abstract

This study develops and analyzes a deterministic compartmental model for HIV–malaria
co-infection in a dual-endemic setting. The model incorporates direct HIV transmission,
vector-mediated malaria transmission, and epidemiological interaction through co-infected
compartments. The basic reproduction number R0 is derived to characterize the threshold
behavior of the system, and a normalized forward sensitivity analysis is performed to identify
key parameters influencing transmission potential. The results show that R0 is most sensitive
to the HIV transmission rate and the mosquito biting rate, indicating the dominant role
of transmission intensity parameters. Conversely, mosquito mortality and HIV disease
progression rates contribute negatively to transmission potential. Numerical simulations under
high-endemic baseline conditions representative of Papua, Indonesia, demonstrate distinct
epidemiological time scales and convergence toward an endemic steady state. The findings
provide a theoretical description of the interaction between HIV and malaria transmission
dynamics within a deterministic modeling framework.
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1. Introduction
Human Immunodeficiency Virus (HIV) and malaria remain two major infectious diseases that
continue to impose a substantial global public health burden, particularly in tropical and
subtropical regions [1], [2]. Despite notable advances in prevention and treatment, both infections
persist in many low- and middle-income countries, requiring sustained and coordinated public
health responses. HIV is a chronic viral infection that progressively weakens the immune system
and may develop into Acquired Immunodeficiency Syndrome (AIDS) in the absence of effective
antiretroviral therapy. Malaria, on the other hand, is a vector-borne parasitic disease transmitted
through the bite of infected female Anopheles mosquitoes and remains endemic in several regions
of Indonesia [3].

The coexistence of HIV and malaria within the same population creates conditions under which
co-infection may occur. Clinical and biological evidence suggests the presence of bidirectional
interactions between the two diseases. Acute malaria infection may induce immune activation
that enhances HIV replication, while HIV-related immunosuppression may increase susceptibility
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to malaria infection and severity of disease outcomes [4], [5]. Although these interactions operate
at the individual level, their cumulative effects can influence disease transmission and persistence
at the population level. Mathematical modeling offers a systematic framework for representing
such interactions through compartmental structures that explicitly include co-infected classes
and modified transmission or progression processes.

In Indonesia, substantial regional heterogeneity characterizes the epidemiology of both HIV
and malaria. National surveillance reports indicate that eastern provinces continue to experience
relatively high HIV incidence and prevalence [6]. Similarly, malaria annual reports consistently
show that eastern Indonesia remains an area of persistent endemic transmission [3]. Papua
Province, in particular, faces sustained public health challenges related to the concurrent presence
of both infections.

According to regional health statistics, Papua Province recorded 2,541 newly reported HIV
cases, alongside a malaria morbidity rate of 199.22 per 1,000 population. Official demographic
data further indicate that the total population of Papua exceeds one million inhabitants [7].
These figures demonstrate the coexistence of HIV and malaria within the same demographic
system. While coexistence alone does not imply direct causal interaction, it provides a relevant
epidemiological context for investigating potential interaction mechanisms through mathematical
modeling.

Deterministic mathematical models of HIV–malaria co-infection have been widely studied
using systems of nonlinear ordinary differential equations. Early analytical work established
threshold dynamics, equilibrium behavior, and persistence conditions through derivation of the
basic reproduction number [8], [9]. These foundational studies demonstrated how interactions
between HIV and malaria infections may alter disease dynamics at the population level.

Subsequent modeling efforts incorporated treatment-related mechanisms and behavioral
effects. The epidemiological implications of antiretroviral therapy for HIV–malaria co-infection
were examined in [10], while optimal control frameworks were employed to explore the theoretical
effectiveness of combined intervention strategies [11]. Sensitivity and elasticity analyses have
also been applied to coinfection models to identify parameters that exert the strongest influence
on transmission potential and threshold quantities [12], [13].

Beyond theoretical modeling, several empirical and epidemiological studies have highlighted
the public health relevance of HIV and malaria co-occurrence. Clinical investigations have
reported increased morbidity and altered disease progression among coinfected individuals [4],
[5]. In the Indonesian context, statistical and epidemiological analyses have documented regional
disparities in HIV and malaria burden, with eastern provinces exhibiting higher prevalence and
incidence rates [14], [15]. Environmental and climatic factors contributing to malaria transmission
in Papua have also been examined [16], [17], while clinical determinants of recurrence and mortality
among HIV–malaria coinfected patients in Jayapura have been reported in [18].

Specific to Papua Province, logistic growth modeling has been used to describe the temporal
evolution of HIV/AIDS cases [19]. However, deterministic compartmental models that explicitly
capture HIV–malaria co-infection dynamics, combined with systematic analysis of the disease-free
equilibrium, endemic equilibrium, basic reproduction number, and parameter sensitivity, remain
limited for this regional setting. In particular, mathematically consistent formulations that
clearly link model assumptions, parameter definitions, and threshold analysis are still needed.

Motivated by these gaps, the present study develops a deterministic HIV–malaria co-infection
model formulated as a system of nonlinear ordinary differential equations that partition human
and vector populations according to infection status. The analysis includes derivation of the
disease-free equilibrium, characterization of the endemic equilibrium, computation of the basic
reproduction number using the next-generation matrix approach, and normalized sensitivity
analysis of key parameters with respect to R0. Numerical simulations are conducted to illustrate
the qualitative behavior of the model under parameter variation. Optimal control strategies
and intervention optimization are not considered in this work. The results aim to provide a
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mathematically consistent theoretical framework for understanding HIV–malaria co-infection
dynamics and to contribute insight relevant to dual-endemic settings such as Papua Province.

2. Methods
This study develops a deterministic compartmental model to describe the transmission dynamics
of HIV–malaria co-infection in a structured population. The model is formulated as a sys-
tem of nonlinear ordinary differential equations (ODEs) governing the temporal evolution of
epidemiological compartments in both human and mosquito populations.

2.1. Model Formulation
Let NH(t) and NV (t) denote the total human and mosquito populations at time t, respectively.
The human population is divided into epidemiological compartments according to infection status,
while the mosquito population is structured into classes relevant to malaria transmission. The
model assumes homogeneous mixing among humans with frequency-dependent HIV transmission,
whereas malaria transmission occurs through mosquito bites. Humans are recruited into the
susceptible class at rate ΛH , assuming no vertical transmission from mother to child so that
all newborns are considered susceptible, and natural mortality occurs at rate µ. Susceptible
individuals may acquire malaria through bites from infectious mosquitoes or HIV through
effective contact with infectious humans. Malaria infection is recoverable at rate γ, whereas HIV
infection is chronic and may progress to AIDS at rate α1. Co-infection occurs when individuals
infected with one disease acquire the other, and individuals in the AIDS class are assumed not to
contribute to further HIV transmission. Mosquitoes are recruited at rate ΛV , experience natural
mortality at rate µV , and once infected with malaria remain infectious for life.

The epidemiological state variables are summarized in Table 1. The human population
consists of susceptible (S), malaria-exposed (EM ), malaria-infected (IM ), HIV-infected (IH), co-
infected (IHM ), AIDS-only (AH), and AIDS with malaria (AHM ) compartments. The mosquito
population consists of susceptible (SV ), exposed (EV ), and infectious (IV ) compartments.

Table 1: List of Model Variables

No Variable Description

1 S(t) Number of susceptible human population at time t
2 EM (t) Number of humans exposed to malaria at time t
3 IM (t) Number of humans infected with malaria at time t
4 IH(t) Number of humans infected with HIV at time t
5 IHM (t) Number of humans co-infected with HIV and malaria at time t
6 AH(t) Number of humans with HIV/AIDS at time t
7 AHM (t) Number of humans with AIDS and malaria at time t
8 SV (t) Number of susceptible mosquito population at time t
9 EV (t) Number of mosquitoes exposed to malaria at time t
10 IV (t) Number of mosquitoes infected with malaria at time t

Model parameters and their descriptions are provided in Table 2. Parameter values are
derived from published epidemiological reports where available, while remaining parameters are
estimated to reflect endemic conditions in Papua and to maintain epidemiological plausibility
consistent with prior HIV–malaria modeling studies [8], [10], [11].

Table 2: Model parameters and their epidemiological interpretation

No Parameter Value Description Source / Note

1 ΛH 45 Human recruitment rate (per day, Papua) Estimated
2 µ 3.8 × 10−5 Natural human mortality rate (per day) [7]

Continued on next page
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Table 2 continued from previous page
No Parameter Value Description Source / Note

3 ΛV 500 Mosquito recruitment rate (per day) Estimated
4 µV 0.04 Natural mosquito mortality rate (per day) [20]
5 θV 0.10 Progression rate from exposed to infectious mosquitoes

(per day)
[2], [3]

6 bM 0.80 Mosquito biting rate on humans (per day) [20]
7 βM 0.15 Malaria transmission probability (mosquito to human) [2], [3]
8 βV 0.08 Malaria transmission probability (human to mosquito) [2], [3]
9 βH 0.003 Effective HIV transmission rate (per day) [1], [6]

10 p 0.0833 Progression rate from exposed to infectious malaria in
humans (per day)

[2], [3]

11 γ 0.05 Recovery rate from malaria infection (per day) [2], [3]
12 ϕ 0.01 Early recovery rate from exposed malaria (per day) Estimated
13 α1 6.84×10−4 Progression rate from HIV infection to AIDS (per day) [1], [6]
14 α2 0.00137 Progression rate from HIV–malaria co-infection to AIDS

(per day)
Estimated

15 δM 1.0 × 10−4 Malaria-induced mortality rate in humans (per day) [2], [3]
16 δH 1.4 × 10−4 HIV-induced mortality rate (per day) [1], [6]
17 δA 2.7 × 10−4 AIDS-related mortality rate (per day) Estimated
18 ω 0.70 Modification factor for HIV susceptibility due to malaria

infection
Estimated

19 τ 1.50 Malaria mortality amplification under co-infection Estimated
20 ε1 0.50 Reduction factor of malaria recovery in HIV-infected

individuals
Estimated

21 ε2 0.30 Reduction factor of malaria recovery in AIDS individuals Estimated
22 η1 1.30 Enhancement factor of malaria susceptibility in HIV-

infected individuals
Estimated

23 η2 1.50 Enhancement factor of malaria susceptibility in AIDS
individuals

Estimated

2.2. Model Structure
A schematic transmission diagram illustrating the flow of individuals among compartments and
the malaria transmission cycle in mosquitoes is presented in Fig. 1. The diagram summarizes
the interaction pathways described in the assumptions above.

Fig. 1: Transmission diagram of the HIV–malaria co-infection model
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Based on the transmission pathways depicted in Fig. 1, the complete system of nonlinear
ordinary differential equations governing the HIV–malaria co-infection dynamics is formulated in
the subsequent subsection.

2.2.1. Human Population
The dynamics of the human population are governed by the following system of ordinary
differential equations:

dS

dt
= ΛH + ϕEM + γIM − (σM + σH + µ)S, (1)

dEM

dt
= σM S − (ϕ + p + µ)EM , (2)

dIM

dt
= pEM − (γ + ωσH + µ + δM )IM , (3)

dIH

dt
= σHS + ε1γIHM − (η1σM + α1 + µ + δH)IH , (4)

dAH

dt
= α1IH + ε2γAHM − (η2σM + µ + δA)AH , (5)

dIHM

dt
= η1σM IH + ωσHIM − (ε1γ + α2 + µ + τδM )IHM , (6)

dAHM

dt
= α2IHM + η2σM AH − (ε2γ + µ + τδA)AHM . (7)

2.2.2. Mosquito Population
The malaria transmission dynamics in the mosquito population are described by the following
equations:

dSV

dt
= ΛV − (σV + µV )SV , (8)

dEV

dt
= σV SV − (θV + µV )EV , (9)

dIV

dt
= θV EV − µV IV . (10)

2.2.3. Initial Conditions
The system is supplemented with the following non-negative initial conditions for the human
population:

S(0) = S0 > 0, EM (0) = EM0 ≥ 0, IM (0) = IM0 ≥ 0,

IH(0) = IH0 ≥ 0, IHM (0) = IHM0 ≥ 0, AH(0) = AH0 ≥ 0, AHM (0) = AHM0 ≥ 0.

Similarly, for the mosquito population:

SV (0) = SV 0 > 0, EV (0) = EV 0 ≥ 0, IV (0) = IV 0 ≥ 0.

All initial conditions are assumed to be non-negative to ensure biological feasibility and epidemi-
ological consistency of the model.

2.2.4. Forces of Infection
The transmission rates governing interactions between the human and mosquito populations are
defined as follows. The malaria transmission rate from infectious mosquitoes to humans is given
by

σM = βM bM
IV

NV
,

Vina Lusiana 632



Deterministic Modeling of HIV–Malaria Co-Infection and Sensitivity Analysis in Papua

where
NV = SV + EV + IV

denotes the total mosquito population.
The HIV transmission rate among humans is defined as

σH = βH
IH + IHM

NH
,

where
NH = S + EM + IM + IH + IHM + AH + AHM

represents the total human population. The malaria transmission rate from infectious humans to
mosquitoes is expressed as

σV = βV bM
IM + IHM

NH
.

2.3. Positivity and Boundedness of Solutions
The biological relevance of the HIV–malaria co-infection model requires that all state variables
remain non-negative and bounded for all t ≥ 0. In this subsection, it is shown that the solutions
of system Eqs. (1)–(10) satisfy these properties.

Lemma 2.1 (Positivity of Solutions). For any non-negative initial conditions, the solutions
of system Eqs. (1)–(10) remain in the positive orthant R10

≥0 for all t ≥ 0.

Proof. Each equation in the model can be written in the general form

dX

dt
= F (X) − G(X)X,

where F (X) ≥ 0 represents recruitment or inflow terms and G(X) ≥ 0 denotes the per
capita outflow rate.
If X(0) ≥ 0, then whenever X(t) = 0, we obtain

dX

dt

∣∣∣∣
X=0

= F (X) ≥ 0.

Thus, the vector field on the boundary of the positive orthant points inward or is tangent
to it, implying that the solution cannot cross into negative values.
As an illustration, consider the susceptible mosquito population:

dSV

dt
= ΛV − (σV + µV )SV .

This linear equation has the explicit solution

SV (t) = SV (0)e−(σV +µV )t + ΛV

σV + µV

(
1 − e−(σV +µV )t

)
,

which satisfies SV (t) ≥ 0 for all t ≥ 0.
Applying the same argument to all remaining compartments yields

S, EM , IM , IH , AH , IHM , AHM , SV , EV , IV ≥ 0 for all t ≥ 0.

Therefore, all state variables remain non-negative for all time, and the solutions are biologi-
cally feasible. □
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Lemma 2.2 (Boundedness of Solutions). The total human population and the total mosquito
population remain bounded for all t ≥ 0.

Proof. Let the total human population be

NH = S + EM + IM + IH + AH + IHM + AHM .

Summing equations Eqs. (1)–(7) gives

dNH

dt
= ΛH − µNH − DH(t),

where DH(t) ≥ 0 represents disease-induced deaths. Hence,

dNH

dt
≤ ΛH − µNH .

Solving the comparison equation dY
dt = ΛH − µY yields

NH(t) ≤ NH(0)e−µt + ΛH

µ
(1 − e−µt),

which implies 0 ≤ NH(t) ≤ ΛH
µ as t → ∞.

Similarly, for the mosquito population

NV = SV + EV + IV ,

summing equations Eqs. (8)–(10) gives

dNV

dt
= ΛV − µV NV ,

with solution
NV (t) = NV (0)e−µV t + ΛV

µV
(1 − e−µV t),

so that 0 ≤ NV (t) ≤ ΛV
µV

.
Therefore, all solutions remain in the positively invariant region

Ω =
{

X ∈ R10
≥0 | NH ≤ ΛH

µ
, NV ≤ ΛV

µV

}
,

and the model solutions are bounded. □

2.4. Equilibrium Points
In epidemiological model analysis, equilibrium points represent states in which all population
compartments remain constant over time, indicating that no changes occur in the number of
individuals within each compartment. Mathematically, an equilibrium point is characterized by
the condition

dX

dt
= 0

for all state variables X.
In the HIV–malaria co-infection model, equilibrium points provide insight into the long-term

behavior of the system and indicate whether the infection will die out or persist in the population.
In general, the model admits two principal types of equilibrium points: the disease-free equilibrium

Vina Lusiana 634



Deterministic Modeling of HIV–Malaria Co-Infection and Sensitivity Analysis in Papua

(DFE) and the endemic equilibrium (EE).

2.4.1. Disease-Free Equilibrium (DFE)
The disease-free equilibrium corresponds to a state in which there are no individuals infected
with HIV, malaria, or co-infection in either the human or mosquito populations. Thus,

E∗
M = I∗

M = I∗
H = A∗

H = I∗
HM = A∗

HM = 0, E∗
V = I∗

V = 0.

Therefore, the disease-free equilibrium of the HIV–malaria co-infection model is given by

E0 =
(ΛH

µ
, 0, 0, 0, 0, 0, 0,

ΛV

µV
, 0, 0

)
.

This equilibrium represents a population state in which HIV, malaria, and their co-infection
are completely absent from both the human and mosquito populations. The local stability of the
disease-free equilibrium will be determined in the next section through the computation of the
basic reproduction number R0 using the next-generation matrix method.

Theorem 2.3 (Local Stability of the Disease-Free Equilibrium). The HIV–malaria co-
infection model admits a disease-free equilibrium (DFE) given by E0. The disease-free
equilibrium E0 is locally asymptotically stable if and only if R0 < 1, and it is unstable
whenever R0 > 1.

Proof. Let J denote the Jacobian matrix of the full system. Evaluating J at E0 yields a
block triangular matrix

J(E0) =
(

JH 0
0 JV

)
,

where JH corresponds to the human compartments and JV to the mosquito compartments.
The vector submatrix is

JV =

−µV 0 0
0 −(θV + µV ) 0
0 θV −µV

 .

Its eigenvalues are
−µV , −(θV + µV ), −µV ,

which are strictly negative for biologically meaningful parameter values.
The human submatrix can be written in compact form as

JH =



−A1 ϕ γ 0 0 0 0
0 −A2 0 0 0 0 0
0 ρ −A3 0 0 0 0
0 0 0 −A4 0 ε1γ 0
0 0 0 α1 −A5 0 ε2γ
0 0 0 0 0 −A6 0
0 0 0 0 0 α2 −A7


,

where

A1 = µ, A2 = µ + ϕ + ρ,

A3 = γ + µ + δM , A4 = µ + α1 + δH ,

A5 = µ + δA, A6 = ιδM + ε1γ + µ + α2,

A7 = ιδA + ε2γ + µ.
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The matrix JH is block triangular and decomposes into three epidemiological components:
malaria, HIV, and co-infection dynamics.
The malaria sub-block yields eigenvalues

−µ, −(µ + ϕ + ρ), −(γ + µ + δM ),

which are all negative.
The co-infection sub-block produces

−(ιδM + ε1γ + µ + α2), −(ιδA + ε2γ + µ),

which are likewise strictly negative.
The remaining eigenvalues arise from the HIV transmission sub-block(

−(µ + α1 + δH) ε1γ
α1 −(µ + δA)

)
.

Its characteristic polynomial is
λ2 + a1λ + a0 = 0,

where

a1 = 2µ + α1 + δH + δA > 0, and a0 = (µ + α1 + δH)(µ + δA) − α1ε1γ.

By the Routh–Hurwitz criterion, both eigenvalues have negative real parts if and only if
a0 > 0. □

2.4.2. Endemic Equilibria
The endemic equilibrium (EE) represents a situation in which the disease persists in the population
at a stable level over time rather than dying out. At this equilibrium state, infection, recovery,
mortality, and transition processes are balanced, yielding positive and non–trivial steady–state
solutions of the system under the condition

dX

dt
= 0,

where X denotes the vector of all state variables.
In the HIV–malaria co-infection model, the existence of endemic equilibria is more intricate

due to biological interactions between the two pathogens. These include enhanced susceptibility
to secondary infection, altered immune responses, and modified disease progression, all of which
influence long–term persistence of the infections in the population.

Existence and Local Stability of Endemic Equilibria. Consider the HIV–malaria co-
infection model defined by system Eqs. (1)–(10). Let R

(M)
0 and R

(H)
0 denote the basic reproduction

numbers associated with malaria and HIV transmission, respectively. Then the system admits
the following endemic equilibria.

Endemic Equilibrium 1 (END–1): Malaria-Only Endemic State. If R
(M)
0 > 1 and HIV

transmission is absent, i.e.

I∗
H = I∗

HM = A∗
H = A∗

HM = 0, σH = 0,
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then the malaria-only endemic equilibrium is given by

S∗ = ΛH(γ + µ + δM )(ϕ + p + µ)
µ(ϕ + p + µ)(γ + µ + δM ) + σM [µ(p + γ + µ) + (p + µ)δM ] ,

E∗
M = σM ΛH(γ + µ + δM )

µ(ϕ + p + µ)(γ + µ + δM ) + σM [µ(p + γ + µ) + (p + µ)δM ] ,

I∗
M = pσM ΛH

µ(ϕ + p + µ)(γ + µ + δM ) + σM [µ(p + γ + µ) + (p + µ)δM ] .

Endemic Equilibrium 2 (END–2): HIV-Only Endemic State. If R
(H)
0 > 1 and malaria

transmission is absent, i.e.

E∗
M = I∗

M = I∗
HM = A∗

HM = 0, σM = 0,

then the HIV-only endemic equilibrium is given by

S∗ = ΛH

σ∗
H + µ

, I∗
H = ΛHσ∗

H

(α1 + µ + δH)(σ∗
H + µ) ,

A∗
H = ΛHα1σ∗

H

(α1 + µ + δH)(µ + δA)(σ∗
H + µ) .

Endemic Equilibrium 3 (END–3): HIV–Malaria Co-infection Endemic State. If
both reproduction numbers satisfy

R
(M)
0 > 1, R

(H)
0 > 1,

then the system admits a coexistence endemic equilibrium in which

E∗
M , I∗

M , I∗
H , I∗

HM , A∗
H , A∗

HM > 0.

The coexistence equilibrium is given by

S∗ = (ϕ + p + µ)(ωσH + δM + γ + µ)ΛH

D
, E∗

M = (ωσH + δM + γ + µ)ΛHσM

D
,

I∗
M = pΛHσM

D
, I∗

H = NIH
σHΛH

DK
,

A∗
H = NAH

σHΛH

D
, I∗

HM = NIHM
σM σHΛH

DK
,

A∗
HM = NAHM

σM σHΛH

D
.

For the mosquito population, the equilibrium values are

S∗
V = ΛV

σV + µV
, E∗

V = σV ΛV

(σV + µV )(θV + µV ) ,

I∗
V = σV θV ΛV

µV (σV + µV )(θV + µV ) .

where
D = (ωσH + δM + γ + µ)(µ2 + µp + µϕ + µσH + µσM + pσH),

K = (δM τ + γϵ1 + µ + α1)(η1σM + α2 + δH + µ).
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NIH
= δM µωτ + δM ωpτ + δM ωϕτ + γµωϵ1 + γωpϵ1 + γωϕϵ1

+ α2µω + α2ωp + α2ωϕ + µ2ω + µωp + µωϕ,

NAH
= α1δM µτ + α1δM pτ + α1δM ϕτ + α1γµϵ1 + α1γpϵ1 + α1γϕϵ1

+ α1µ2 + α1µp + α1µϕ,

NIHM
= η1µω + η1ωp + η1ωϕ + δM η1µ + δM η1p + δM η1ϕ

+ η1γµ + η1γp + η1γϕ + η1µ2 + η1µp + η1µϕ,

NAHM
= α2η1µ + α2η1p + α2η1ϕ + α2µ2 + α2µp + α2µϕ.

The endemic equilibria are obtained by setting all derivatives of the system Eqs. (1)–(10)
equal to zero and solving the resulting algebraic equations. For the malaria-only equilibrium,
HIV-related compartments are set to zero and the reduced malaria subsystem is solved. Similarly,
the HIV-only equilibrium is obtained by eliminating malaria compartments. The coexistence
equilibrium is obtained by solving the complete steady-state system in which all infected com-
partments are positive. Local stability can be established by evaluating the Jacobian matrix of
the system at each equilibrium point and applying the Routh–Hurwitz stability criteria.

2.5. Basic Reproduction Number (R0)
The basic reproduction number R0 is defined as the average number of secondary infections
produced by a single infectious individual introduced into a completely susceptible population.
For the HIV–malaria co-infection model, which incorporates both host–vector interactions and
pathogen–pathogen coupling, the Next-Generation Matrix (NGM) method proposed by van den
Driessche and Watmough (2002) is employed to derive an explicit analytical expression for R0.

The NGM approach decomposes the dynamics of the infected compartments into two compo-
nents: the rate of appearance of new infections, denoted by F(x), and the rate of transfer out of
infected compartments, denoted by V(x). These components are linearized at the disease-free
equilibrium (DFE).

The vector of infected compartments is defined as

x = (EM , IM , IH , IHM , EV , IV )⊤,

with notation consistent with system (2.1)–(2.10). At the DFE, the susceptible populations
satisfy

S∗ = ΛH

µ
, S∗

V = ΛV

µV
,

and all infected compartments are zero.
The vector of new infection terms is given by

F(x) =



βM bM
SIV

NV
0

βH
S(IH + IHM )

NH
0

βV bM
SV ((IH + IHM )

NH
0


,

The transition vector V(x), which represents progression, recovery, and disease-induced
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mortality, is expressed as

V(x) =



(ϕ + p + µ)EM

(γ + µ + δM )IM − pEM

(α1 + µ + δH)IH

(α2 + ε1γ + µ + τδM )IHM − η1σM IH − ωσHIM

(θV + µV )EV

µV IV − θV EV


The Jacobian matrices

F = DF(E0), V = DV(E0),

are evaluated at the DFE. The next-generation matrix is defined as

K = FV−1,

and the basic reproduction number R0 is defined as the spectral radius of the next-generation
matrix K. Thus, we have

R0 = ρ(K) = max
{

R
(M)
0 , R

(H)
0

}
.

Here,

R
(M)
0 =

√
βM βV b2

M θV p

µV (θV + µV )(ϕ + p + µ)(γ + µ + δM )
denotes the basic reproduction number associated with malaria transmission, while

R
(H)
0 = βH

(µ + α1 + δH)
represents the basic reproduction number corresponding to HIV transmission through direct
human-to-human contact.

Biologically, R
(M)
0 represents the average number of secondary malaria infections generated

through the complete mosquito–human–mosquito transmission cycle by a single infectious
individual introduced into a wholly susceptible population. The square-root structure reflects
the two-stage transmission process between humans and vectors. Meanwhile, R

(H)
0 denotes the

average number of secondary HIV infections produced by one infectious individual through
direct human-to-human contact. The overall threshold parameter is determined by the dominant
transmission pathway. Co-infection interaction parameters influence endemic dynamics but do
not affect the invasion threshold at the disease-free equilibrium.

2.5.1. Sensitivity Analysis of the HIV–Malaria Co-Infection Model
Sensitivity analysis is performed to identify key parameters that most strongly influence the basic
reproduction number R0, which represents the epidemic threshold and transmission potential of
the HIV–malaria co-infection system. Determining the relative importance of model parameters
is essential for guiding effective intervention strategies and prioritizing public health control
measures.

In this study, a normalized forward sensitivity analysis, also known as elasticity analysis, is
employed. For a given parameter x, the normalized sensitivity index of R0 with respect to x is
defined as

ΥR0
x = ∂R0

∂x
· x

R0
.

This index quantifies the proportional change in R0 resulting from a proportional change in
parameter x. Consequently, a sensitivity index of magnitude |ΥR0

x | indicates that a 1% increase
in x produces an approximate |ΥR0

x |% change in R0, providing a clear and interpretable measure
of parameter influence.
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The computed normalized sensitivity indices for the HIV–malaria co-infection model are
summarized in Table 3.

Table 3: Normalized sensitivity indices of the basic reproduction number R0

No. Parameter Description Symbol ΥR0
x

1 Human recruitment rate ΛH −0.01027
2 Malaria transmission (vector to human) βM +0.25035
3 Malaria-induced death rate δM −0.21906
4 Progression to infectious malaria p +0.00150
5 HIV transmission rate βH +0.50956
6 Malaria recovery rate γ −0.01825
7 Natural human death rate µ −0.02640
8 Progression from HIV to AIDS α1 −0.41350
9 HIV-induced death rate δH −0.08270
10 Mosquito biting rate bM +0.49044
11 Malaria transmission (human to vector) βV +0.25035
12 Mosquito incubation progression rate θV +0.12518
13 Natural mosquito death rate µV −0.37553

Positive sensitivity indices indicate that increases in the corresponding parameters lead
to higher values of the basic reproduction number R0, whereas negative indices indicate a
reduction in transmission potential. The results show that the HIV transmission rate (βH)
and the mosquito biting rate (bM ) have the largest positive sensitivity indices, suggesting that
HIV transmission intensity and human–vector contact play a major role in determining R0. In
contrast, parameters related to disease progression and mortality, particularly the progression
rate from HIV infection to AIDS (α1) and the natural mosquito death rate (µV ), exhibit relatively
large negative sensitivity indices, indicating their association with reduced transmission potential.

2.5.2. Numerical Simulation of the Model
Numerical simulations are performed to investigate the baseline temporal dynamics of the HIV–
malaria co-infection system under high-endemic conditions representative of Papua, Indonesia.
Papua reports the highest combined burden of HIV and malaria nationally, with an estimated
total population of NH = 1,197,497, 2,541 documented HIV cases, and an Annual Parasite
Incidence (API) of 199.22 per 1,000 population [3], [6], [7].

Initial conditions are selected to reflect a high-transmission environment while maintaining
demographic consistency:

S(0) = 704,946, EM (0) = 250,000, IM (0) = 238,600,

IH(0) = 2,451, AH(0) = 500, IHM (0) = 1,200, AHM (0) = 300,

and for the mosquito population,

SV (0) = 50,000, EV (0) = 10,000, IV (0) = 5,000.

All model parameters are fixed at their baseline values in order to examine the intrinsic
dynamic behavior of the coupled HIV–malaria system in the absence of intervention measures.

Single-Disease Dynamics. To distinguish the intrinsic transmission mechanisms of each
pathogen, the model is first simulated under isolated single-disease scenarios: (i) HIV-only
transmission, obtained by suppressing malaria transmission parameters, and (ii) malaria-only
transmission, obtained by excluding HIV transmission pathways. The full compartmental
structure is retained to ensure structural consistency across simulations.
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(a) HIV-only dynamics (b) Malaria-only dynamics
Fig. 2: Temporal dynamics under single-disease scenarios: (a) HIV-only and (b) malaria-only.

Fig. 2 illustrates the temporal behavior under these scenarios. HIV-only dynamics evolve
on a relatively slower time scale, characterized by gradual progression from HIV infection to
AIDS-related compartments. In contrast, malaria-only dynamics exhibit faster transient behavior
driven by vector-mediated transmission, with rapid changes in exposed and infectious classes.
These contrasting temporal patterns highlight the fundamentally different epidemiological time
scales governing HIV and malaria transmission.

HIV–Malaria Co-infection Dynamics. The full co-infection model is subsequently simulated
with all transmission pathways active over a 10-year time horizon. This configuration represents
a dual-endemic environment in which HIV and malaria circulate simultaneously within human
and vector populations.

(a) Human compartment dynamics over a 10-year
horizon

(b) Mosquito compartment dynamics over a 10-year
horizon

Fig. 3: Baseline temporal dynamics of the HIV–malaria co-infection model under high-endemic conditions
in Papua: (a) human compartments and (b) mosquito compartments.

The human population dynamics presented in Fig. 3a reveal nonlinear interactions between
HIV and malaria. In particular, the co-infected compartments (IHM and AHM ) initially in-
crease before gradually approaching steady-state levels. This transient amplification reflects
the synergistic influence of HIV-induced immunosuppression combined with sustained malaria
exposure.

Meanwhile, the mosquito dynamics shown in Fig. 3b demonstrate persistent malaria transmis-
sion within the vector population. Although the infectious mosquito compartment (IV ) declines
from its initial value, it stabilizes at a positive level, thereby maintaining continuous transmission
pressure on the human population.
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Overall, the numerical trajectories suggest convergence toward an endemic steady state
under baseline parameter values. This equilibrium-like behavior arises from the balance between
infection, disease progression, recovery, and natural or disease-induced mortality. These baseline
simulations provide a reference framework for subsequent sensitivity analyses and evaluation of
parameter-driven intervention strategies.

2.5.3. Numerical Simulations with Parameter Variations
Following the baseline simulations, a normalized forward sensitivity analysis was conducted
to determine the parameters that most strongly influence the basic reproduction number R0.
To further illustrate the epidemiological implications of these dominant parameters, additional
numerical simulations were performed by varying each parameter around its baseline value while
keeping all other parameters fixed. The simulations focus on how variations in key HIV- and
malaria-related parameters affect the infected human populations.

Effects of HIV-Related Parameters on IH and IHM Fig. 4 illustrates the impact of
variations in the HIV transmission rate (βH) and the HIV progression rate to AIDS (α1) on the
dynamics of HIV-only infected individuals (IH) and co-infected individuals (IHM ). An increase in
the HIV transmission rate βH leads to a substantial rise in both IH and IHM . Epidemiologically,
a higher transmission rate strengthens the force of HIV infection, increasing the number of newly
infected individuals. As the HIV-infected population expands, the pool of individuals susceptible
to malaria infection also grows, thereby elevating the number of co-infected individuals.

(a) Effect of βH on IH (b) Effect of βH on IHM

(c) Effect of α1 on IH (d) Effect of α1 on IHM

Fig. 4: Impact of dominant HIV-related parameters on the HIV-only infected population (IH) and the
co-infected population (IHM ). The first row illustrates the effect of the HIV transmission rate (βH), while
the second row illustrates the effect of the HIV progression rate to AIDS (α1).

The amplification observed in IHM demonstrates the strong epidemiological coupling between
HIV transmission dynamics and malaria exposure in endemic regions. In contrast, increasing
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the progression rate α1 accelerates the transition from the HIV-infected class to the AIDS class.
Consequently, the size of the IH compartment decreases due to faster disease progression. This
reduction indirectly affects the co-infected population IHM , since fewer individuals remain in the
HIV-infected stage where malaria co-infection may occur. These results highlight the important
role of HIV disease progression in shaping the long-term co-infection dynamics.

Effects of Malaria-Related Parameters on IM and IHM . Additional simulations examining
the effect of the malaria transmission probability βM on IM and IHM (see Figures corresponding
to βM ) show a similar trend. Increasing βM strengthens the malaria force of infection, leading
to a higher peak of malaria-only infections (IM ) and a substantial increase in the co-infected
population (IHM ). This occurs because stronger malaria transmissibility increases the likelihood
that HIV-infected individuals acquire malaria, thereby enlarging the co-infection compartment.

(a) Effect of bM on IM (b) Effect of bM on IHM

(c) Effect of µV on IM (d) Effect of µV on IHM

Fig. 5: Impact of malaria-related parameters on malaria-only infection (IM ) and HIV–malaria co-infection
(IHM ). The first row shows the effect of mosquito biting rate (bM ), while the second row shows the effect
of mosquito natural death rate (µV ).

Fig. 6a and Fig. 6b illustrate the impact of the malaria transmission probability βM on the
dynamics of malaria-only infection (IM ) and HIV–malaria co-infection (IHM ). An increase in
βM strengthens the malaria force of infection, resulting in a higher peak of IM and a substantial
growth in the co-infected population IHM . This occurs because higher malaria transmissibility
increases the likelihood that HIV-infected individuals acquire malaria, thereby enlarging the
co-infection compartment.
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(a) Effect of βM on IM (b) Effect of βM on IHM

Fig. 6: Effect of the malaria transmission probability βM on malaria-only infection (IM ) and HIV–malaria
co-infection (IHM ).

2.6. Discussion
A deterministic compartmental model for HIV–malaria co-infection has been formulated and
analyzed through reproduction number analysis, normalized forward sensitivity indices, and
numerical simulations. The model incorporates direct HIV transmission, vector-mediated malaria
transmission, and epidemiological interaction via co-infected compartments.

The sensitivity results indicate that the basic reproduction number R0 is highly responsive
to the HIV transmission rate and the mosquito biting rate, highlighting the dominant influence
of transmission intensity parameters. In contrast, the natural mosquito death rate and the
progression rate from HIV infection to AIDS have negative impacts on R0, reflecting the role of
removal and transition mechanisms in reducing transmission potential.

Numerical simulations demonstrate distinct epidemiological time scales, with HIV exhibiting
slower progression dynamics and malaria showing faster transient behavior. When both infec-
tions circulate simultaneously, the system converges to an endemic equilibrium under baseline
parameters, indicating sustained coexistence within the modeled population. Nonlinear coupling
effects are also observed, where malaria transmission parameters indirectly affect co-infection
prevalence through interaction terms.

3. Conclusion
This study provides a mathematical characterization of HIV–malaria co-infection dynamics in
a dual-endemic setting. The analysis shows that transmission intensity parameters strongly
determine the magnitude of R0, while vector mortality and disease progression mechanisms
contribute to reducing transmission potential. Under baseline conditions, the model predicts
convergence toward an endemic steady state.

These findings offer a theoretical foundation for understanding the interaction between HIV
and malaria within a deterministic modeling framework and may support further analytical
extensions of the model.
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