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Abstract

Cardiovascular disease remains a major public health challenge worldwide, often progressing
silently toward chronic complications. Increasing awareness through media and individual
behavioral responses plays an important role in preventing disease transmission and reducing
long-term complications. Motivated by this, we formulate a deterministic compartmental
model to investigate the dynamics of cardiovascular disease by incorporating media awareness
and individual awareness as control-related parameters. The population is divided into
susceptible, exposed, infected, chronic, recovered, and deceased compartments. A qualitative
analysis of the linear dynamical system is carried out, including positivity of solutions, bound-
edness, equilibrium points, and local stability analysis using eigenvalue criteria. Numerical
simulations are performed to illustrate the effects of key epidemiological and awareness-related
parameters on disease progression. The simulation results indicate that increased media
and individual awareness significantly reduce the long-term burden of chronic cardiovascular
complications. In contrast, higher incidence and disease progression rates lead to increased
accumulation in the chronic compartment, even when the number of active infections declines
more rapidly. Sensitivity analysis confirms that awareness parameters have a negative influ-
ence on chronic disease prevalence, whereas core epidemiological parameters exert a strong
positive effect. These findings highlight the critical role of awareness-based interventions in
mitigating chronic cardiovascular disease and provide a quantitative framework to support
effective prevention and control strategies.
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1. Introduction

Mathematical modelling provides an integrative framework for capturing the initiation, pro-
gression, and long-term trajectories of non-communicable diseases, addressing the limitations
of static or purely descriptive approaches [1]. Such frameworks have been applied in cardio-
vascular disease research through compartmental and stability-based models that incorporate
lifestyle, genetic, and environmental factors [2]. Cardiovascular diseases are shaped by complex
and interdependent risk factors that accumulate over the life course, particularly in elderly
populations with metabolic comorbidities [3]. In contrast, cross-sectional analyses offer limited
insight into these dynamics due to static exposure—outcome assumptions [4]. Consequently,
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dynamic compartmental models based on ordinary differential equations provide a systematic
and analytically tractable approach for evaluating cardiovascular disease dynamics over time [5].
This distinction between static and dynamic approaches underpins subsequent developments in
cardiovascular disease modelling, which increasingly prioritise time dependent representations of
disease progression and intervention effects.

Recent advances in cardiovascular disease research highlight the combined role of dynamic
mathematical modelling and healthcare management in supporting risk prediction, diagnosis,
and intervention evaluation [1]. Early cardiovascular modelling studies predominantly emphasize
physiological and mechanistic representations. Systems of nonlinear coupled oscillators are
employed to model cardiac electrical activity and to analyse rhythm stability and ECG complexity
through interactions among the sinoatrial, atrioventricular, and His Purkinje compartments [6].
In the same year, a multimodal hemodynamic and electrophysiological framework is developed
to quantify chamber level pressure, volume, and flow dynamics, with a focus on patient specific
mitral valve disorders [7]. More recently, data driven and reduced order cardiovascular flow
models are advanced to quantify patient specific blood flow dynamics under uncertainty, with
an emphasis on data assimilation and predictive accuracy rather than analytical equilibrium
analysis [8].

Subsequent work shifts toward population based deterministic compartmental modelling of
cardiovascular disease progression. Multi stage nonlinear ordinary differential equation systems
are formulated to incorporate dietary fatty acids and to quantify gender specific cardiovascular
morbidity and mortality [9]. Related studies extend multi compartment ordinary differential
equation frameworks to coupled cardiovascular and respiratory dynamics with variable heart
rates, emphasizing physiological interactions rather than epidemiological stability [10]. In
parallel, social interaction driven lifestyle effects are introduced into compartmental models
linking cardiovascular disease and type 2 diabetes, enabling the analysis of long-term prevalence
and comorbidity dynamics [11]. Complementing these approaches, deterministic compartmental
frameworks are developed to explicitly incorporate personal lifestyle related risk factors as dynamic
drivers of cardiovascular disease progression, demonstrating through equilibrium analysis that
behavioural modification can act as a stabilizing mechanism leading to a locally asymptotically
stable disease-free state [12].

More recent studies further enrich compartmental approaches through stability and control
analysis. Equilibrium points and local and global stability of nonlinear heart disease models
are evaluated using the basic reproduction number and supported by numerical simulations
[13]. Related work models heart failure and heart transplantation dynamics using nonlinear
population systems to assess stability properties and prevention strategies under healthcare
capacity constraints [14]. Optimal intervention design is addressed through the application of
Pontryagin Maximum Principle to extended SEIR type cardiovascular models in order to quantify
the effects of curative, lifestyle, and educational controls on exposed, infected, and hospitalized
populations [15].

A dynamic compartmental modelling framework is adopted to describe the temporal evolution
of cardiovascular disease through a system of linear affine ordinary differential equations. The
population is divided into several epidemiological compartments, namely susceptible, exposed,
infected, chronic, recovered, and disease-induced death classes. Transitions between compartments
are governed by recruitment, exposure, progression, recovery, complication, and mortality rates.
This formulation enables a systematic analysis of disease progression pathways, equilibrium
behaviour, and stability properties, thereby allowing the assessment of long-term cardiovascular
outcomes and the potential impact of medical and preventive interventions. Consequently, the
dynamic structure of the model provides a more realistic representation of cardiovascular disease
dynamics compared with static approaches, as it explicitly captures time dependent interactions
among risk exposure, disease progression, and recovery.

Recent studies have significantly advanced cardiovascular disease modelling through physio-
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logical, hemodynamic, and epidemiological approaches. However, most existing deterministic
compartmental models primarily focus on biological progression, lifestyle risk factors, or medical
interventions, while the potential influence of behavioral awareness and information dissemination
is rarely incorporated into cardiovascular disease dynamics. In practice, awareness generated
through mass media campaigns and individual behavioural responses plays a crucial role in pro-
moting preventive behaviour, reducing exposure to risk factors, and limiting the development of
chronic complications. Despite its practical importance in public health strategies, the combined
role of media awareness and individual awareness has not been adequately explored within a
mathematical modelling framework for cardiovascular disease progression.

Therefore, this study develops a deterministic compartmental model that incorporates both
media awareness and individual awareness as behavioral control-related parameters influencing
disease exposure and progression. The proposed model divides the population into susceptible,
exposed, infected, chronic, recovered, and deceased compartments. A qualitative analysis is
conducted to investigate the mathematical properties of the system, including positivity of
solutions, boundedness, equilibrium points, and stability conditions. Numerical simulations and
sensitivity analysis are performed to evaluate the influence of key epidemiological and awareness-
related parameters on long-term cardiovascular disease dynamics. Through this framework, the
study aims to provide a quantitative understanding of how awareness-based interventions can
contribute to reducing the burden of chronic cardiovascular complications.

2. Methods

In this study, the dynamics of cardiovascular disease are modeled using a compartmental SEICRD
framework (Susceptible, Exposed, Infected, Chronic, Recovered, Death). The positivity and
boundedness of the model will be analyzed to ensure that the solutions remain biologically
feasible, that the human population remains positive and does not grow indefinitely. Next, the
equilibrium states are determined to identify the constant solution of the model using the fixed
point theorem.

Stability analysis is performed both locally and globally. At the local level, the stability is
examined by analyzing the signs of the eigenvalues of the Jacobian matrix to investigate the
behavior of solutions near the equilibrium point. Furthermore, since the model is a linear system,
global stability can be proven using an integrating factor method to determine the exact solution
of the system, which applies for all possible initial conditions. Finally, numerical simulations
were conducted using MATLAB as part of the model validation, in order to observe the dynamics
of each variable in the model.

3. Results and Discussion

This section presents the developed mathematical model, including the formulation of the gov-
erning equations and key analytical expressions. It also examines the positivity and boundedness
of the solutions, followed by the identification of equilibrium points and an analysis of their
stability. Finally, numerical simulations are provided to illustrate the models dynamic behavior
and support the theoretical results.

3.1. Model Equations and Formulas

To describe the progression of cardiovascular disease while accounting for awareness, the total
population is classified into six compartments: Susceptible (S), Exposed (E), Infected (I), Chronic
(C), Recovered (R), and Death (D). The Susceptible population S(t) represents individuals who
are at risk developing the cardiovascular disease, the Exposed group E(t) consist of individuals
with significant risk factors but who have not yet been clinically diagnosed. Individuals in the
Infected class I(t) are those who have been diagnosed with the cardiovascular disease, the Chronic
compartment C(t) includes individuals who experience long-term complications and may require
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ongoing medical care. The Recovered class R(t) represents individuals who have undergone
recovery, while the Death compartment D(t) accounts for disease-induced mortality. In contrast to
classical infectious disease models, cardiovascular disease is treated here as a non-communicable
condition; hence, no direct human-to-human transmission is assumed. The progression of
individuals is driven by exposure to risk factors such as unhealthy lifestyle, environmental
influences, and behavioral patterns. To incorporate awareness effects, two parameters are
introduced. The parameter p € [0, 1] represents the level of media awareness, reflecting the
impact of public information and health campaigns in reducing population-level exposure to
risk factors. Meanwhile, the parameter ¢ € [0, 1] represents individual awareness, capturing
behavioral changes that influence disease progression at the personal level.

Accordingly, the baseline progression rate from the susceptible class is denoted by A, which
represents the rate of exposure to cardiovascular risk factors. Media awareness is assumed to
reduce this progression rate, leading to the modified form: A(1 — p). In contrast, individual
awareness directly affects disease progression by reducing the transition of infected individuals to
the chronic class. Therefore, the progression rate « is modified as: a(1 — ¢). This distinction
reflects the different mechanisms through which media awareness and individual awareness
influence the disease dynamics: media awareness acts at the population level by reducing exposure,
while individual awareness operates at the personal level by slowing disease progression.

The model is developed under the following assumptions :

e The total population is divided into mutually exclussive compartments and each individual
belongs to only one compartment at any given time

e The population is subject to natural birth and death processes, with al individuals experi-
encing a constant natural mortality rate ug

o The media awareness parameter p € [0,1] reduces the effective progression rate from
susceptible to exposed individuals.

o The individual awareness parameter g € [0, 1] reduces the progression of infected individuals
to the chronic stage

e The total population is given by N = S+ E+ I 4+ C + R, excluding the death compartment

The flow of transitions between compartments is showed in Fig. 1.

N (¢S B N
¢

\U "

HO 1 HO I

Fig. 1: SEICRD transition diagram.

Base on the compartmental structure illustrated in Fig. 1 and the parameter definitions
provided above, the dynamics of the system can be described by the following system of differential
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Table 1: Parameters description.

Parameter Description

A Annual recruitment rate

A Effective exposure rate from susceptible to exposed individuals
Lo Natural mortality rate

o Progression rate from exposed to infected individuals

« Progression rate from infected to chronic individuals

Y1 Recovery rate of infected individuals

LI Disease-induced mortality rate of infected individuals

n Relapse rate from recovered to chronic individuals

Yo Recovery rate of chronic individuals

we Disease-induced mortality rate of chronic individuals

equations Eq. (1):

ds
2 A= A1 -p)S — oS
7 (1—-p)S — uoS,
dE
— =A1—-p)S—0E — pokE,
dt
dl

EZUE—(Q(l—Q)+W+M+M0)I,
(1)

dC
E:a(l—Q)I+ﬂR—(Vc+/~Lc+M0)C7
dR

E:’YII+’YCC—(77+M0)R7

dD

O il + peC

I prd + pcC,

with the initial conditions S(0) > 0, E(0) > 0, 1(0) > 0, C(0) > 0, R(0) > 0, D(0) > 0.

3.2. Positivity and Boundedness Properties

Lemma 1 (Positivity of Solutions). Given the initial conditions S(0) > 0, E(0) > O,
1(0) > 0, C(0) > 0, R(0) > 0, D(0) > 0 the trajectory (S(t), E(t), I(t), C(t
the system remains positive for all t > 0.

ot
=
—
~~
o
o
~—
~~
S—
S—
o
-+

Proof. The first equation of the system gives

dsS
o5 = A A1 =p)S —poS 2 —A1 = p)§ — poS =~ (M1 =p) +1p0) S 2 —(A+po)
Integrating the differential inequality
dsS
—>—(A
7 = (A + o) S,
yields

S(t) > S(0)e~Atrot > ¢

which guarantee the positivity for S(¢). A similar argument applies to the second and third

equations. For the exposed class, it follows that
dE
T AM1=p)S—0FE -k >—0F — ok = — (0 + po) E,

implying
E(t) > E(0)e~(7+ro)t 5 ¢,
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Likewise, for the infected class,

dl
E:(IE—(a(l—q)JrWJrueruo)f
>—(a(l—q)+~vyr+pr+po)l

> — (a1 4+ pr+po) I

which leads to
I(t) > I(o)e—(a'i"w-&-,ul-i—lto)t > 0.

Therefore, the solutions S(t), E(t), and I(t) are positive for all ¢ > 0. Next, consider the
fourth and fifth equations:

dc

— =al=a)l+nR = (ho + pe + po) C > nR = (Yo + po + po)
dR

= =L +9cC = (n+ po) B> 7cC — (n+ po) B.

These inequalities can be written in matrix form as
d |C C

A — |~ e+ e+ o) U
Yo —(n+ po)

where

Observe that all off-diagonal entries of matrix A are positive. The matrix A is a Metzler
matrix. It follows that the matrix e4* > 0 for all ¢ > 0. Consequently, for any initial
conditions C(0) > 0 and R(0) > 0, the solutions C(¢) and R(¢) remain positive for all ¢ > 0.
Furthermore, since

dD
— =yl + ucC
dt 122 rcl,

it follows that D(t) is non-decreasing and D(t) > 0 for all ¢t > 0 whenever D(0) > 0. O

Proposition 1 (Proposition of Boundedness). All trajectories of the system starting from
positive initial conditions remain uniformly bounded in the region

Fﬁ:{(57E71707R)GR?.:S-FE-FI-FC—FRS;\—|—g}.
0

Proof. Let
N@t)=S{t)+ E({)+ I(t)+ C(t) + R(t).

Summing the first five equations in Eq. (1) yields

dN
E:A—HDN—MII—MCCSA—MON,

since puy > 0, uc > 0, and I(t) > 0, C(t) > 0 for all ¢ > 0. Thus,

dN
— N < A.
at + podV <
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Solving this differential inequality gives
ot | A —pot
N(t) < N(0)e™! + = (1 - e7o!),
Ho

for all ¢ > 0. Consequently,
A
N(t) < max {N(O), } ,
Ho
for all ¢ > 0. For t — o0, it follows that
A
limsup N(t) < —.
t—o00 Ho
Hence, for any € > 0, there exists 7. > 0 such that
A
N(t) S - + Ev
Ho
for all t > T.. Define
5 A.
Fe=4(5EICR)eER]:S+E+I+C+R<L ;—i—e’:‘ )
0
On the boundary of T';, it holds that
dN A
— <A — o <+€> = —ppe <0,
dt o

which implies that the vector field points inward. Therefore, I'; is positively invariant and
absorbing. O

Furthermore, the deceased compartment D(t) does not influence the boundedness of the
living population since it does not appear in the equations of the other compartments. From
equation

dD
T >
TR + pcC =0,

for all ¢ > 0. Hence, D(t) is a non-decreasing function of time and remains non-negative whenever
D(0) > 0. Consequently, the bounded region I'; characterizes the invariant region for the living
population (S, E, I, C, R), while D(t) represents the cumulative disease-induced deaths over time.

3.3. Equilibrium State

The equilibrium point represents a constant solution of Eq. (1), where the number of individuals
in each compartment remains unchanged over time. By solving the following equation

as _ dE _ dl _ dc _ dR _
E_Ov dt_()’dt_O’ dt_07 dt_07

the equilibrium point of the cardiovascular disease model is obtained as follows

Ecvd = {S*, E*, I*a C*a R*}a (2)
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with
. A
5= A1 —=p) + po
B AL —p)A
(A1 = p) + o) (o + po)
- Al —p)Ao
(A1 =p) + o) (o + po) (a(1 — q) +v1 + pr + po)
oF — AL =p)Ao ((n+ po) a(l — q) +171)
(AL =p) + po) (0 + po) ((1 = q) + 1 + i1 + po) ((ve + pe + o) (1 + po) — 1yc)
R — A(1 = p)Ao (vea(l — q) + (Yo + pe + 1o) 1)

(A1 =p) + o) (0 + po) (a1 — q) + 1 + pr + po) ((ve + pe + ko) (0 + po) — myc)

Since all model parameters are assumed to be positive, all components of E.,4 are non-negative.
Therefore, the endemic equilibrium point exists and is biologically feasible.

3.4. Stability Analysis
3.4.1. Local Stability

Local stability is analyzed to examine the behavior of solutions near the equilibrium point. The
Jacobian matrix of Eq. (1) is given in Eq. (3).

= (A(1 = p) + po) 0 0 0 0
A(l—p) —(o + o) 0 0 0
J = 0 o —(a(l = q) + 1 + pr + po) 0 0 (3)
0 0 a(l—q) — (o + pe + o) n
0 0 yr Yo —(n+ po)

Next, by solving the characteristic equation |J — £I| = 0, the eigenvalues of the Jacobian
matrix are obtained. Since the upper 3x3 matrix of J is triangular, its eigenvalues are given by
its diagonal entries.

Si=—A1=p)+po),&2=—(0+m), &=—(a(l—q)+r+pur+po).

Clearly &1, 82,83 < 0.
From the lower-right 2x2 submatrix of J, the characteristic polynomial is given by

E+al+b=0
with
a="c+ pc +n+ 2

and
b= (e + pe + po)(n =+ po) — nyc.

By the Trace-Determinant criterion, we note that
Trace(Jox2) = —a <0 and Determinant(Jox2) = b > 0.

Consequently, both eigenvalues have negative real parts.

—a+ Va2 —4b —a— a2 —4b
““Lf“<0 and &= YT

o= 5

Since all eigenvalues are negative, the system Eq. (1) is locally asymptotically stable.
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3.4.2. Global Stability

Before proceeding with the stability analysis, it is important to clarify that the death compartment
represents a cumulative quantity that increases over time due to disease-induced mortality.
Therefore, it does not admit a classical equilibrium in the usual sense. Hence, the global stability
analysis in this section is restricted to the living population compartments, namely S, F, I, C, and
R. This is standard in epidemiological modeling when cumulative compartments are involved.
The global stability of the model is analyzed by deriving the exact solution of Eq. (1). We first

consider the susceptible population S(¢). From Eq. (1), we have

B A=)+ ) S(1) = A

Let
ks = A1 —p) + po.

Using the integrating factor e*st, we obtain

% (ekstS(t)) = AePst,

Integrating both sides from 0 to ¢ gives
A
kgt _ — kst
e”stS(t) — S(0) s (e 1) :

Therefore,

S(t) = <5(0) - é) ehst 4 kAS

Since kg > 0, the exponential term vanishes as t — co. Hence,

A A
li == = 5"
A S = 5 = A0 T o

Thus, S(t) converges asymptotically to S*.

The same method is applied to determine the solution for the exposed individuals E(¢). From

Eq. (1), we obtain

dE(t

"0 4 (o 10) B(E) = M1~ )S(0).
Let

ks = A(1 —p) + po, kg = o+ o

kgt

Using the integrating factor €2, the solution can be written as

t
B(t) = EQ)e ™= 4 A1~ p) [ e D57 dr,
0
Substituting the expression of S(¢) from Eq. (4), namely
_ A —ksT A
s(r) = (s0) ks) T+
we define the integral term as

t
Tp(t) = /0 e~het=1)5(7) dr.
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Then
t
Ir(t) = <S(0) - ;}) / e ket o=ksT (7
S 0

+ A /t e Fe(t=7) dr,
ks Jo

For kg # kg, this gives

A\ e kst — gkt A
= 1—ehet)
Tu(t) (5(0) ) et (1—eket)

ks
Therefore,
A —kst _ —kgt
E(t) = E(0)e 5! + A(1 - p) (5(0) - ) e e
ks kg — ks
A1 =pA —kgt
— (1 - EY) 5
T hskn (1) (5)
Since kg > 0 and kg > 0, all exponential terms vanish as t — co. Hence,
1—pA 1—pA
t—00 kskg (A1 =p) + po) (0 + ko)

Thus, E(t) converges asymptotically to E*, and the exposed compartment is asymptotically
stable.

The solutions for the infected, chronic, and recovered populations can be obtained in a similar
way. For the infected population, we have

dl
i oB(t) — (a(l —q) + 1+ pr + po) I().
Let
K=ol —q)+ 71+ pr + po-
Then,
t t
/ d <€KTI(7')) = / oeTE(r)dr.
0 0
Hence,
t
1(t) = 1(0)e %t 4 o / e~ K- B(7)dr. (6)
0
Define

A=

A1 —p) 3 A _ Al =pA
U—A(l—p)((o) A(1—10)+Mo)’ b (AL =p) + po) (0 + pro)

From the previous result, the solution of E(t) becomes
E(r) = E(o)e—(aﬂto)f + A (e—(A(l—p)Jruo)T — e—(0+uo)7> +B (1 — e—(o+uo)7> )
Substituting this expression into Eq. (6) and integrating term by term gives

aE(0) (e*(gﬂm)t - e*Kt)
K — (o + po)
6_()‘(1_p)+:u0)t — e_Kt e-((f—‘ruo)t — e_Kt
+0A —
K — (A1 =p)+ o) K — (o + po)

B (1 _ Kt - e—(o+mo)t _ e—Kt) |

I(t)=1(0)e Kt +

K K — (o + o)
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As t — oo, we obtain

lim 7(t) = 72 = oA~ p)A
t—00 K (M1 —=p)+ po) (o + po) (a(l —q) + 1 + pr + po)

Thus, the solution I(t) converges asymptotically to I*.
Next, the solution for C(t) is considered. From Eq. (1), we have

dc
o = ol =aI(t) +nR(t) - (ve + pe + p0) C(F).
Define
M = ~c + pe + po-
Thus,
dc
T MC(t) = a(l — q)I(t) + nR(t).

Using the integrating factor eM*, we obtain

% (MC1)) = (all — I(t) +nR(D) M.

Integrating from 0 to ¢ gives
C(6) = €O+ [ MO (a1 = g)1(r) + nA(r)) dr
From the previous results, we have
I(t) > I*, R(t)— R" as t— oc.

Using standard properties of convolution integrals, we obtain

=1TI".

Hence,
1 _ I* *
o = dd—gI" + R 7)
e + pe + Ho
Similarly, the solution for the recovered compartment R(t) is obtained from
dR
o = (&) +7cCt) = (n+ po) R(E).
Let
F=n+po.
Then,
dR(t
U0 4 PR = 11(1) + 70C).
Using the integrating factor ef*, we obtain
d ( Fi _ Ft
= ("R() = (uI(1) +cC(1) ™,
Integrating from 0 to ¢ gives
t
R(t) = RO)e ™+ [ e P (311(7) 4+ 70C(7))
0
Diana et al. 1369



Modeling the Dynamics of Cardiovascular Disease Using a SEICRD Framework

From the previous results, we have
I(t)y > I", C(t)—>C* as t— oo.
Using standard properties of convolution integrals, we obtain
. _ 1 ol + el
R = lim (o) = 2O

Hence,
I* C*
Ho +1
From Eq. (7) and Eq. (8), solving this linear system yields

Fa(l—q) I g

C* =
MFE —me

and
Myt + ool —q)
MF —nye

To rigorously establish convergence, define the error variables

R* = I*.

a'(t) = —Maz(t) + ny(t) + a(l — q) (1(t)
Y'(t) = yox(t) — Fy(t) +~yr (I(t) — I*

\./ |

From the previous results, we already have
I(t) = I" as t— oo.

Hence,
It)—I"—>0 as t— oo.

Therefore, the nonhomogeneous terms
a(l—q)(I(t)=I") and ~r(I(t) —I7)

vanish as t — oo.
Consequently, for sufficiently large ¢, the system can be associated with the following homo-
geneous linear system:

o' (t) = —Max(t) + ny(t), (9)
y'(t) = vcx(t) — Fy(t).

The system in Eq. (9) can be written in matrix form as

d(zt)\ _[(-M n | (=)
dt \y(t) e —F)\y@t))"

The stability of this system is determined by the eigenvalues of the coefficient matrix
M q
A= )
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The characteristic equation of A is given by
&+ (M+F)+ (MF —nye) =0
Since all parameters are positive, we have
M+F>0

and
MF —nyc > 0.

Thus, both eigenvalues have negative real parts. Therefore, the zero solution (x(t),y(t)) = (0,0)
is asymptotically stable. This implies that

z(t) -0, y(t)—0 as t— oo.

Recalling that

z(t) =C(t) — C7, y(t) = R(t) — R",
we obtain

C(t)—-C*, R({)— R as t— 0.

Hence, the equilibrium point (C*, R*) is asymptotically stable. Moreover, from the previous
analysis, we have shown that

S(t) = 8%, E(t) — E*, I{t)—I*, C{)—C*, R(t)— R*

as t — o0.

Each compartment admits an explicit solution consisting of exponentially decaying terms
and constant limiting terms. Since all exponential terms vanish as t — oo, every solution
converges to a unique equilibrium value. Furthermore, the system has a triangular structure,
where the dynamics of each compartment depend only on previously stabilized components. This
ensures that convergence occurs sequentially and does not introduce instability. Therefore, the
equilibrium point E.,q = (S*, E*, I*,C*, R*) is globally asymptotically stable for all non-negative
initial conditions S(0) > 0, E(0) > 0, I(0) > 0, C(0) > 0, and R(0) > 0.

3.5. Simulation

This section presents the numerical simulations used to illustrate the behavior of the proposed
SEICRD model under different parameter scenarios. Before discussing the simulation results,
the parameter values and their estimation methods are first described.

3.5.1. Parameter Estimation

The parameter values used in the SEICRD cardiovascular model were obtained from a combination
of secondary data sources including [16, 17], World Health Organization (WHO) [18], BPJS
Kesehatan [19], BMC Public Health [20], The National Library of Medicine [21], Multidisciplinary
Digital Publishing Instituteand [22], and demographic data of national population [23-30]. For
reproducibility and transparency, each parameter is presented together with its unit, reference
source, and estimation procedure. Parameters directly reported in the literature are adopted
without modification. Meanwhile, several parameters are derived through calculations based
on epidemiological assumptions and secondary data. In particular, rate parameters associated
with disease progression, recovery, or transition between compartments are calculated using the
reciprocal relationship, that is, rate = 1/(average duration). Furthermore, when parameters are
originally reported in different time units, they are consistently converted into per-day units
to match the model formulation. For example, the recovery rate of infected individuals 7 is
obtained as the reciprocal of the average infectious period. Similarly, the natural death rate pq
is derived from life expectancy data and expressed as a daily rate. Other parameters, such as
transmission and transition rates, are either directly taken from the literature or estimated based
on available epidemiological reports.
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Table 2: Parameters Values and Estimation Method

Notation Value Unit References Method/Estimation
A 11,630 individual [15] Recruitment rate from demographic data
A 0.02716 day—! [15] Estimated via model fitting
140 0.0077 day~! [15] Derived from life expectancy (converted to daily
rate)
o 0.016 day~—! [15] 1/average incubation period
! 0.92346 day—! [15] Estimated from data
VI 0.1556 day—! [15] 1/infectious period
T 0.002 day—! [15] Estimated based on literature and calibration
n 0.000342 day~! [15] Estimated from data
Yo 0.22814 day—! [15] 1/average treatment duration
e 0.00000685 day—! [15] Estimated based on literature and calibration

3.5.2. Sensitivity Analysis

Sensitivity analysis is conducted to evaluate the robustness of the cardiovascular disease model
with respect to small perturbations in the model parameters. In this study, the sensitivity indices
are derived to quantify the relative influence of key parameters on the chronic complication
compartment C at equilibrium. This analysis allows identification of the most influential biological
and epidemiological mechanisms governing the long-term burden of cardiovascular complications.
The normalized forward sensitivity index of a state variable X with respect to a parameter r is

defined as,
_0X r
"o X
where X denotes the equilibrium value of the compartment under consideration and r represents
the corresponding model parameter. In this work the sensitivity indices are computed for the

chronic compartment C' with respect to the following parameters :

A, 0, oy, Y1, Yo, B, Hes Hos Dy g

Using the data from the Table 2, the sensitive index for chronic compartment is presented in
Fig. 2.
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Fig. 2: Sensitivity Analysis of Chronic Compartment

The sensitivity analysis indicates that the chronic compartment C' is most positively influenced
by the progression rate «, showing that faster progression significantly increases the burden of
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cardiovascular complications. The relapse parameter n and the baseline incidence rate A also
contribute positively, although with smaller magnitudes.

In contrast, the recovery rate from chronic conditions o exhibits the strongest negative effect,
followed by the disease-induced mortality rate puc and the recovery rate from the affected state 77,
indicating that these mechanisms play a major role in reducing the size of the chronic compartment.
The awareness parameters p and g show consistent negative sensitivity indices, confirming that
increased awareness contributes to lowering the accumulation of chronic cases, although their
influence is less dominant compared to clinical progression and recovery parameters. Overall,
the results highlight that controlling disease progression and enhancing recovery are the most
effective strategies for reducing long-term cardiovascular complications, while awareness-related
factors provide important complementary support in mitigating the overall disease burden.

3.5.8. Baseline Dynamic of Cardiovascular Disease Model

From Table 2, the numerical simulation of the dynamic model Eq. (1) is performed using the
initial conditions S(0) = 8500, E(0) = 5000, 1(0) = 500, C(0) = 200, R(0) = 10, D(0) = 10.
The simulation describes the temporal evolution of all population compartments under baseline
conditions without control p = 0,¢ = 0. It is conducted over a time horizon of 50 days to
illustrate the short-term dynamics of cardiovascular disease progression, as presented in Fig. 3.

Baseline Dynamics of Cardiovascular Disease Model (p=0, q=0)

s(t)
E()
I(t)

C(t)
R(t)
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Time (Days)

Fig. 3: Baseline Dynamics of the Cardiovascular Disease Model (p = 0,¢ = 0)

The simulation results indicate that in the absence of intervention p = 0, ¢ = 0, the susceptible
population declines significantly in the early phase due to increased transitions into the exposed
class. The exposed population initially rises before gradually decreasing as individuals progress
to more advanced stages of the disease. Meanwhile, the infected population remains relatively
small and decreases rapidly, suggesting a fast transition toward either complication or recovery
stages. At the beginning, the number of recovered individuals increases and reaches a peak before
slowly declining, while complications gradually decrease and deaths remain low, suggesting that
the disease continues to persist in the population and eventually settles into an endemic state
without any control efforts.

3.5.4. Effect of Media Awareness Parameter on Disease Dynamics

In this study, the effect of awareness is incorporated into the model through the parameter
p € [0, 1], which represents the level of public awareness in reducing the risk of disease progression.
This parameter modifies the effective progression term, such that the incidence component is
expressed as A(1 — p)S, while the overall structure of the model remains unchanged, as shown in
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system Eq. (1). Higher values of p indicate greater awareness, which leads to reduced exposure
to risk factors and a slower transition from the susceptible compartment. From Table 2, the
numerical simulation of dynamic model Eq. (1) with the initial condition S(0) = 8.500, 1(0) = 500,
C(0) = 200, R(0) = 10, yields the time evolution of the compartments S(t), I(t),C(t), R(t).
The simulations are performed under three different scenarios of the parameter p, namely p = 0,
p = 0.3, p= 0.6 over a time horizon of 50 days as shown in Fig. 4.

Susceptible S(t) Infected I(t)
8000 500 — p=0.0
p=0.3
— =0.6
__ 7000 — 400 ?
) )
© K]
8 6000 2
= =
3 g 300
= 5000 =
c c
8 S
= 4000 = 200
3 2
2 2
& £
3000 100
2000
T r T T r T 0 T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Time (Days) Time (Days)
Chronic C(t) Recovered R(t)

4001 2000 A

w
v}
=}

w

=

=}
=
17
=}
S

N
w
=}

=

o

=

S

8]
=}
S

Population (Individuals)
Population (Individuals)

=

w

=}
w
=}
=}

=
1=}
S

T T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Time (Days) Time (Days)

Fig. 4: Dynamic Population Under Different Media Awareness Parameter Scenarios

The simulation results show that increasing the awareness parameter p significantly influences
the system dynamics, higher awareness slows the decline of the susceptible population by reducing
the transition to the exposed class, which in turn lowers both the peak and long-term levels of
infected and chronic complication cases, while also leading to a slower increase in the recovered
population due to fewer individuals progressing through severe stages, overall, this highlights
that awareness acts as a protective factor that effectively suppresses disease progression and
reduces the long-term burden of cardiovascular disease.

3.5.5. Impact of Individual Awareness on Disease Progression

Unlike the media awareness parameter p, which reduces the effective incidence rate, the parameter
q influences the internal progression dynamics within the infected population. To examine the
impact of individual awareness on disease progression, the baseline model is modified to include
an awareness parameter ¢ € [0, 1]. This parameter reflects behavioral changes at the individual
level that influence the progression of the disease toward more severe or chronic conditions.
Mathematically, ¢ modifies the transition rate from the disease-related compartment, while the
overall structure of the model remains unchanged. From Table 2, the numerical simulation of
dynamic model Eq. (1) with the inisial condition I(0) = 500, C'(0) = 200 yields the time evolution
of the compartments I(t), C(t). The simulations are performed under three different scenarios
of the parameter ¢, namely ¢ =0, ¢ = 0.3, ¢ = 0.6 over a time horizon of 50 days as shown in
Fig. 5.
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Fig. 5: Dynamic Population of the Infected and Chronic Compartment Under Different Individual
Awareness Parameter Scenarios

The results demonstrate that variations in the parameter ¢ have a notable impact on the
dynamics of infected individuals I(¢) and chronic cases C(t). For the infected compartment,
all trajectories exhibit a rapid decline during the early phase, reflecting fast transitions within
the system. However, higher values of g lead to a larger long-term level of infected individuals.
Mathematically, this behavior suggests that the parameter ¢ reduces the effective recovery rate
or increases the persistence of individuals in the infected state.

3.5.6. Influence of Incidence Rate on Cardiovascular Complications

This subsection examines the role of the baseline incidence rate A in shaping the dynamics of
cardiovascular complications. Although the effective incidence is expressed as A(1 — p), variations
in X represent differences in the underlying risk of developing the disease. The simulations show
how changes in this rate influence both the number of affected individuals and the long-term
accumulation of complications. From Table 2, the numerical simulation of dynamic model Eq. (1)
with the inisial condition I(0) = 500, C'(0) = 200, yields the time evolution of the compartments
I(t),C(t). The simulations are performed under three different scenarios of the parameter A with
p = 0 over a time horizon of 50 days as shown in Fig. 6.

Infected Individuals /(t) Cardiovascular Complications C(t)
500 1 —— A =0.0136 — A=0.0136
A =0.0272 400 + A =0.0272
200 1 — A =0.0407 — h=0.0407
o & 350
o o
3 3
b=} b=}
> >
5 300 Z 300
= £
8 § 250
2 200 A =
2 2
3 5 200
100 A
150
0 100

T T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Time (Days) Time (Days)

Fig. 6: Dynamic Population of the Infected and Chronic Compartment Under Different Baseline Incidence
Rate Scenarios

The dynamics of the infected compartment I(¢) indicate that higher values of the baseline
incidence rate A lead to a more sustained level of affected individuals over the medium and
long term, as the initial decline becomes slower due to increased inflow into the infected class,
meanwhile, in the cardiovascular complication compartment C(t), increasing A produces higher
peaks and elevated long-term levels, reflecting a greater accumulation of chronic cases, thus
emphasizing that controlling the incidence rate is crucial to limit disease persistence and reduce
the long-term burden of complications.
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3.5.7. Effect of Disease Progression Rate on Complication Burden

This subsection examines the influence of the disease progression rate « on the evolution of affected
individuals and the accumulation of cardiovascular complications. Although the progression
term is expressed as a1 — ¢q), parameters o and ¢ represent fundamentally different mechanisms.
The parameter « reflects the baseline clinical progression rate, while ¢ captures behavioral
modifications at the individual level. Therefore, analyzing variations in « provides insight into
the intrinsic progression dynamics independent of awareness effects. From Table 2, the numerical
simulation of dynamic model Eq. (1) with the inisial condition I(0) = 500, C'(0) = 200, yields
the time evolution of the compartments I(t), C(t). The simulations are performed under three

different scenarios of the parameter o with ¢ = 0 over a time horizon of 50 days as shown in
Fig. 7.
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Fig. 7: Dynamic Population of the Infected and Chronic Compartment Under Different Disease Progression
Rate Scenarios

The results show that increasing the disease progression rate « speeds up the decline in the
infected population I(t) by driving individuals more quickly to advanced stages, but at the same
time leads to a higher and more persistent level in the complication compartment C(t), indicating
a greater accumulation of chronic cases; overall, this highlights a key trade-off in which faster
early-stage reduction does not reduce the total disease burden, emphasizing that effective control
strategies must also limit progression to chronic conditions, not just initial infection levels.

3.5.8. Two-Dimensional Analysis of Control Parameters on Chronic Disease Dynamics

This subsection presents a two dimensional numerical analysis to provide deeper insight into
the combined influence of time and key control parameters on the dynamics of the chronic
compartment C(t). The analysis focuses on the roles of media awareness p, individual awareness
q, baseline incidence rate A, and disease progression rate « in shaping the temporal evolution
of the chronic disease burden. Using the parameter values listed in Table 2, simulations of
model Eq. (1) are conducted over a time horizon of 50 days and the inisial condition of chronic
compartment is 200 individuals. The response of the chronic compartment C(t) is evaluated
under varying values of p, ¢, A, and «, and the results are visualized as surface plots in Fig. 8.
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Fig. 8: Surface Plots of the Chronic Compartment Under Variations of Media Awareness p, Individual
Awareness ¢, Baseline Incidence Rate A, and Disease Progression Rate «

The three-dimensional results show that the chronic compartment C(t) generally declines
over time as it is shaped by the balance between inflow, recovery, and natural mortality, with
higher media and individual awareness effectively reducing its magnitude by lowering the effective
incidence rate; however, increasing the incidence and disease progression rates produces higher
peaks and sustained long-term levels of C'(t), indicating that when transmission and progression
dominate, they outweigh reduction effects, thus emphasizing the strong sensitivity of chronic
disease dynamics to these key parameters.

4. Conclusion

This study develops and analyzes a compartmental model to explore the progression of cardiovas-
cular disease under the influence of awareness-related and epidemiological factors. The numerical
results demonstrate that both media awareness and individual awareness play a significant role in
slowing disease progression by reducing the rate at which individuals move into higher-risk health
states. As a result, the long-term burden of chronic complications is substantially decreased.
These findings highlight the critical importance of awareness-based, non-pharmaceutical strategies
in managing cardiovascular conditions.

In contrast, higher baseline incidence and faster progression rates markedly increase the
accumulation of individuals in the chronic stage, even when the number of individuals in
earlier stages declines more rapidly. The two-dimensional analysis further reveals inherent
trade-offs within the system, indicating that improvements in early-stage conditions do not
necessarily lead to a proportional reduction in long-term complications. This suggests that
effective management strategies should not only focus on early detection but also on slowing
disease progression. Overall, the proposed model provides a comprehensive framework for
understanding the long-term dynamics of cardiovascular disease. It emphasizes the importance
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of integrating awareness programs with strategies targeting disease progression, offering valuable
insights for the development of sustainable prevention and intervention policies.
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