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Abstract: Hepatitis C Virus (HCV) continues to be a significant worldwide health issue, particularly
in resource-limited environments with inadequate diagnostic and therapeutic options. This study
formulates a deterministic six-compartment model, predicated on the assumptions that the population
undergoes natural birth-death dynamics, awareness initiatives transition individuals from S; to S,
diagnosis advances U to I, recovery is achieved through therapy or immunity, and infection and
mortality rates vary among classes. The system is described by coupled nonlinear ODEs that include
three time-dependent controls. Analytical examination guarantees the positivity and boundedness of
all compartments and calculates the fundamental reproduction number (Rp) using the next-generation
matrix. Sensitivity analysis shows that B1, B2, 71, T2 are the most important parameters. Using Pon-
tryagin’s Maximum Principle, the forward-backwards sweep method is employed to determine the
optimal controls that minimise both infection and cost. A Mamdani fuzzy logic controller is added to
handle parameter uncertainty and generate adaptive responses to infection pressure, awareness level,
and hospital load. Simulations reveal that fuzzy control delivers equivalent suppression to the crisp
optimum with around two-thirds lower cost, enabling a stable, interpretable, and resource-efficient
paradigm for dynamic HCV intervention.

Keywords: epidemiological modeling of HCV spread; multifaceted control approaches; synergistic
fuzzy—optimal techniques; decision support in public health; modeling of responsive interventions

1. Introduction

HCV infection, which is projected to have affected 71 million people worldwide in 2021, is a
major contributor to the burden of liver diseases, given that deaths are mainly due to asymptomatic
progression. The need to build appropriate measures for the prevention and avoidance of risk
factors is absolutely crucial, particularly in poor settings where vertical programs do not exist. Such
risks represent an enormous burden for society. A certain operational protection level has been
recommended by the world’s major health agencies. However, the latter is completely unrealistic
for people with HCV lesions. Modeling has transformed the way in which public health policies
are developed; by providing policymakers with a quantitative framework within which to consider
epidemic dynamics of diseases and the impact of control programs as well as other issues of resource
use. It also describes the origin of the virus, the means of transmission, the coverage of the intervention,
and its effects on the virus, including interventions that are planned for different subgroups of the
population to prevent the spread of the infection and infect others [1-4].

Previous studies have investigated the epidemiology and interventions of HCV in people injecting
drugs (PWID). These include analyses of the dynamics of co-infection with HCV / HIV [2], the preven-
tive impact of antiviral therapies [5,6], network-based transmission patterns [7,8], and the integration
of direct-acting antivirals (DAA) with vaccination [9]. Extensive research shows the great impact of
reviewing and evaluating the number of references worldwide, as well as genotype combinations [10],
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available information related to injector demographic characteristics [11], and reviews of the dedicated
HCYV care cascade [12]. The cost-effectiveness literature [13,14], the interventions at the community
level [15], and the development of enhanced capacities to combat HCV in general practice, including
loss of follow-up care [16] refer to comprehensive ways to address HCV / AIDS. Furthermore, existing
HCV treatment opportunities have focused on DAAs, which have shown remarkable efficacy in reduc-
ing the occurrence of specific diseases and addressing the problem of their consequences [17]. The
problem only arises when conducting microeconomic analyses of the benefits, as well as the overall
burden and the comprehensive services of care models [18,19].

Epidemiological systems also have their inherent linearities and uncertainties, which fuzzy logic
offers to resolve as extensions to the traditional deterministic approach. By translating linguistic
variables (for example, “high prevalence," “low awareness") into adaptive intervention intensities,
fuzzy inference systems enable robust, interpretable, and cost-efficient decision-making. Applications
include early fuzzy set-based epidemic modeling [20], fuzzy inference for disease diagnosis [21],
real-time infectious disease monitoring with edge computing [22], fuzzy evidential reasoning for
outbreak risk assessment [23], interval type-2 fuzzy control for COVID-19 [24], and fuzzy controllers
in fractional-order epidemic models [25]. These approaches have demonstrated resilience in the
face of uncertainty, making them highly relevant for the design of adaptive HCV interventions in
resource-constrained contexts.

The main novelties of the work are as follows.

* A new six-compartment model for the transmission of HCV has been developed, which explicitly
separates unaware and aware susceptibles by incorporating diagnosis and hospitalization as
separate transitions-a departure from classical SEIR-type formulations.

*  Thisresearch presents a hybrid optimal-fuzzy control framework in which Pontryagin’s Maximum
Principle determines the optimal controls that vary in time. Then, with uncertainty, awareness,
diagnosis, and treatment intensities adjusted by a Mamdani-type fuzzy inference system.

¢ The fuzzy controller, through comparative simulations, extremely successfully suppresses epi-
demics at a cost that is reduced by almost two-thirds compared to the crisp optimal control
strategy, thus representing a policy decision support system which is easier to understand and
more efficient in terms of costs for public health scenarios.

2. Model Formulation

In this section, an analytical model shall be developed to analyze the process of infection propa-
gation and treatment of HCV within a population. The Hepatitis C virus is high on the list of global
health problems as its main route of transmission is through blood and contaminated blood. This can
be qualified as misuse of medical products, intravenous drug use, and lack of knowledge. In addition,
the problem of the evolution of the disease and the estimation of its incidence are of great importance
in terms of taking measures to prevent HCV and its long-term effect.

The complexity of the population structure is represented by a simple one, six compartments for
the different states of being aware, infected, and recovering from the disease.

e  54-Individuals who are at risk and unaware of HCV.

* 5; - Individuals who are at risk and have either gone through training or have some form of
information on HCV.

* U - Infected individuals who carry the infection but have yet to be diagnosed.

* | -Infected individuals who have completed the diagnosis and are either in treatment or under
treatment.

®  H -The severely infected population under intensive treatment.

*  R-Individuals who have successfully dealt with infections through natural immunity or treat-
ment.

People who move between groups are directly affected by the rate of infection, awareness campaigns,
diagnosis, treatment, and the natural course of a disease. Awareness campaigns use media and
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education to shift populations from the unaware susceptible group (S1) to the aware susceptible group
(S2). Unidentified infections become identified cases once diagnosed or if the patient visits a doctor due
to symptoms. The availability and effectiveness of treatment determine hospitalization and recovery.

To model these processes, a system of ordinary differential equations (ODEs) is constructed.
This model takes into account natural mortality, disease-related mortality, and transfers between
compartments influenced by infection, awareness, diagnosis, and recovery. Controls representing
awareness campaigns, medical diagnosis, and treatment programs are incorporated to model their
effects on the reduction of HCV burden.

Here are the assumptions used to build the model.

¢ The entire population follows natural birth and death rates.

*  Awareness campaigns and the media are critical to influence the movements of people between
susceptible compartments (S; — Sp).

e  Symptomatic and random tests can result in unidentified infections that progress to diagnosed
infections.

®  Recovery can occur through treatment, innate immunity, or hospital care.

e  The progression and mortality of the disease are different in the infected and hospitalized com-
partments.

Using these assumptions, the mathematical model is developed and presented along with a series of

coupled differential equations.

51— A — 1Sy — Brus Sy + Ba(1 — 11)Sy — 68
% = B1u1S1 — Ba(1 — u1)Sy — @25y — 857

dgTLtI =151+ w25y — TiupU — (&1 +0)U

U = 1yl — ] — ] — &1 — 61

Al — o1 — uzH — pH — 6H

AR — & (I+U) + nusH — 6R

1)

The total population is denoted by N(t) = Sq(t) + Sa(t) + U(t) + I(t) + H(t) + R(¢t).

The complete model is structured around six population groups, including the susceptible group
unaware of HCV Sy, the susceptible group aware of HCV S5, the group of unidentified HCV infected
U, the group identified infected with HCV I, the group hospitalized H and the recovered group R.
We posit that the recruitment rate associated with S is A. People entering the unidentified infected
U group through risky behaviors such as unprotected injections and blood transfusions take place
at a rate By, leading to aS; = (LIEW inflow. A media awareness campaign changes the behavior
of S1, moving a fraction of them, 811151, into the class of infected awareness Sy. The susceptible Sy
and S; classes continue to be infected due to unprotected injections or blood transfusions, leading to
continued exposure of the infected population at a rate of By; 51 = (ufﬁ continues to flow into the
unidentified infected class. Despite the launch of awareness of the media through electronic and print
media, social media, and other platforms, over time the memory of the campaign fades, and the rate at
which the susceptible-aware population begins to act like the infected unaware population is equal to
B2(1 —u1)S;. In a given 1yu;1 U identified infected individual, a fraction of the unidentified infected
population is determined after a medical investigation. There might be some recovery due to natural
immunity at a cost of xi dollars per unit. Infected and identified individuals might also recover to the
extent of {11 as suggested by the innate immune system. ;I students in the I class are transferred to
the medical center after the incident. While at the #;I level, the population in the I class undergoes
disease-related mortality. Medical treatment is provided to infected individuals in hospitals where
they can recover at a rate of oup H. In addition, the hospitalized population experiences a higher death
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rate due to disease-related causes, at a rate of 7, H. There is a natural mortality rate of J relating to
each population subset.

3. Positivity of the Solution

In every epidemiological model, the key concern is to establish a positive solution. The term
"positive solution’ refers to infected, recovered, and susceptible populations within a model that
cannot be less than zero. Positivity is important because it validates that the solution of the model is
biologically reasonable as time increases.

The positivity condition of the model validates the non-negativity of the compartments of the pop-
ulation represented by the notation S; (susceptible unaware), Sy (susceptible aware), U (unidentified
infected), I (identified infected), H (hospitalized) and R (recovered) for all values of t > 0.

The positivity of the solutions can be verified by the analysis of the system of ODEs derived
previously. Without loss of generality, it is sufficient to check the rate of change of the total population
and the sub-populations on the model trajectories to ensure the absence of negative values. This can
be achieved by studying the dynamics of the system, establishing upper and lower bounds on the total
population, and verifying that the solutions with positive initial data stay within biologically feasible
bounds for all time.

The following discussion shows that the solutions of all compartments of the model are positive
for all t > 0 under suitable initial conditions. This is an essential result to verify the credibility and
practical use of the proposed model for HCV transmission.

= $1+S+U+I+H+R

N _ Sy, dS,  dU , dI  dH  dR

at dt dt dt dr o dtr 0 dr

= A—6S;—8Sy— 38U~ 61 —mI—nH—6H— SR

A—(SN—TﬁI—T]zH

%4‘51\[ = A—ﬂll—ﬁzH
A

IA

Integrating both sides, we get the following.

A

Ne < =+C
— N < ?u+cf*“
A
= 0<N < = +N(51(0),5(0),U(0),1(0), H(0), R(0)).c~"

Now, as t — oo, we have

0<N<

SIS

Hence, all the solution of that initiating in {R6 : N = % + v} for any v > 0 and for t — oo.

4. Fixed Control Analysis

To understand the steady-state behavior of the HCV model under constant control measures, we
analyze the system when all time derivatives are set to zero. This provides a set of algebraic equations
that describe how each compartment behaves over a long period under fixed control parameters.

The starting point includes susceptible subpopulations S; and Sy, which follow the steady-state
equations outlined below.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.1149.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 December 2025 d0i:10.20944/preprints202512.1149.v1

50f19

0=A—-0a15; — B1u151 + ﬁz(l — u1)52 — 65,
0= ,311/!151 — ,32(1 — u1)52 — 0(252 — 552.

Solving this system simultaneously for S; and Sy, we obtain the following closed-form expressions:

_ A(D(z — Bauq + B2+ 5)
D

_ A[Slul
D

S] ’ S2

where the common denominator D is given by:

D = wajay — 0(1ﬁ21/t1 + l’qﬁz + w16 + 062‘31141 + ad + ﬁ1§u1 — ﬁ2§u1 + ,32(5 + 52

These expressions represent the equilibrium levels of susceptible populations without awareness
(S1) and aware (S») as functions of recruitment rate A, infection rates a1, a», control effort 11, awareness
parameters f1, B2, and natural mortality J.

The long-term allocation of the susceptible population is significantly affected by both awareness-
based transition and infection patterns. An increase in the awareness control parameter (1) results in
a decrease in S1, while S, increases, which is in line with expectations.

The other compartments of the model, namely unidentified infected (U), identified infected (I),
hospitalized (H), and recovered (R), can be calculated in a sequential manner based on the following;:

« _ w151+ a5 ._ TuU*
Ty + &1+ 0’ m+éi+m+o
0 — 1l g = G+ UY) + pusH'
Tuz + 1y + 6’ 5

The mentioned equations characterize the endemic equilibrium E; = (Sj,S;, U*, I*, H*,R*),
which is the steady-state of the system when the control strategies are kept constant. The analytical
nature of these expressions is very useful in assessing the impact of awareness, diagnosis, and treatment
interventions, and it also serves as an initial point for the further threshold and stability analysis.

4.1. Basic Reproduction Ratio

In epidemiological modeling, the basic reproduction number R indicates the average number of
secondary cases resulting from one infected person in a population that is completely susceptible to the
virus. As a result, it marks a significant limit that confirms the spread (R > 1) or extinction (Ry < 1)
of the infectious disease.

To calculate Ry for the proposed HCV transmission model, we employ the Next Generation
Matrix (NGM) method introduced by van den Driessche and Watmough [26]. This method requires
identifying:

*  The compartments contributing to new infections,
e The rates of new infections F, and
*  The rates of transition between infected compartments V.

The infected compartments in the model are:
e U(t): Unidentified infected individuals,
e I(t): Identified infected individuals,
*  H(t): Hospitalized individuals.
Let x = (U, I, H)T be the vector of infected states. We define

e Fi(x): the rate of appearance of new infections in compartment i,
*  Vi(x): the net rate of transfer into compartment i by all other means.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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New infections arise in the U class by contact with infected individuals (U and I). Therefore,

'/3151(11—1—81) + [3252(U+£I)

N N
.F(x)z 0 P

0

(tup + & +0)U
V(x) = | —quU + (771 +7+é +5)I ,
—1I+ (T2u3 +12+ 5)H

We compute the Jacobians F = DF(xg) and V = DV(x) evaluated at the disease-free equilibrium
(DFE) where U = I = H = 0. Then,

S1B1+S2B2  €(S1B1+ S2B2)

Fo N N 0
0 0 0
0 0 0
Tiup +G1+96 0 0
V= —TyUp m+m+g+9o 0 -
0 -1 Tuz+ 1y +6

The basic reproduction number R is given by the spectral radius (dominant eigenvalue) of
FV—1, which in this case reduces to:

R — (/5151 +,3252>{ 1 n €
0 N Ty + &1 +6 i +71+8 +6

This expression indicates that the infection will die out (Rg < 1) if the combined transmission rate
from both susceptible groups and the infectious potential of the identified and unidentified infected
individuals is outweighed by the rates of detection, treatment, recovery and death. It provides a crucial
threshold for evaluating the effectiveness of awareness campaigns (u1), diagnosis efforts (12), and
hospitalization interventions (u3).

Sensitivity Analysis of R

In addition to the analytical expression of the basic reproduction number Ry, a sensitivity analysis
was performed. The analysis offers a valuable insight into the effects of critical epidemiological
parameters by comparing them with one another. The findings are depicted in Figure 1. The analysis
reveals that the transmission coefficients B, (for susceptible unaware) and B, (for susceptible aware)
have the strongest positive influence on Ry, indicating that the spread of the disease can be easily
and directly increased by increasing transmission. Unlike rates 7; and ¢j, the remaining parameters
exhibit a slight increase in their effectiveness. Even the very effective rate of hospitalization and
treatment 7, has a negative impact when it comes to enhancing the processes that ultimately reduce
viral reproductive capacity.

This sensitivity ranking gives very tangible insights into the ranking of interventions. In particular,
reducing awareness programs by beta;, improving early diagnostic campaigns by tau;, and enhancing
treatment protocols by tau are the most impactful levers to reduce Ry. These parameters, when
targeted in resource-constrained settings, are expected to yield the greatest epidemiological benefit.
Hence, Figure 1 not only lays down the theoretical threshold analysis but also provides a practical
roadmap for the development of economically feasible control measures, while underlining the crucial
parameters that decide whether HCV dissemination would or would not be possible among the
population.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Sensitivity Analysis of Ro to Key Parameters

6 (natural death) -

£ (relative infectiousness of I)

y1 (hospitalization)

&1 (natural recovery)f

T, (diagnosis rate)

B> (transmission, aware)

B1 (transmission, unaware)

-0.3 -0.2 -0.1 0%0 0.1 0.2 0.3 0.4
Normalized sensitivity of R

Figure 1. Sensitivity analysis of the basic reproduction number (Rg) concerning key epidemiological parameters.
The illustration indicates the characteristics that have most significantly and least significantly affected Ry, thus,
rendering their respective intervention measures more or less prioritized. The diagram illustrates the extent to
which changes in the main parameters, particularly the rates of transmission (81, 2) and those of diagnosis (1),
affect the potential for HCV transmission in the community. An increasing § indicates a higher potential for the
disease to spread, while higher 71 values imply a lower potential for HCV infection due to faster diagnosis and
treatment of the disease; biological efficiency is nevertheless always a balancing act between the potential for
transmission and the potential for control of the disease, i.e., the effectiveness of interventions.

5. Optimal Control Theory

To minimize the burden of HCV infections in the population while controlling the costs and side
effects of interventions, we formulate an optimal control problem incorporating three time-dependent
control strategies.

*  uy(t): effort in awareness campaigns,
*  uy(t): effort in early diagnosis of unidentified infected individuals,
*  u3(t): medical treatment for hospitalized individuals.

The goal is to find the control functions ], u}, u3 over the finite time interval [0, T] such that:

T(ur, 112, u3) = /OT (All(t) + AU(t) + Byu2(t) + Boud(t) + B3u§(t))dt

is minimized. Here, A1, A represent the weights given to the number of infected individuals, while
By, By, B3 are weights associated with the cost and side effects of implementing controls.
The set of controls is given by:

@ = {(uy,up,u3) € [0,1]%|u;(t) measurable Vt € [0, T]}.

The system dynamics is given by the state equations defined earlier in Equation (1). The objective
is to find the optimal triple of controls (u7, u3,u3) € ® such that

](MT,M;, u§) = min ](ulluZIuB)'
(ul,uz,u3)e®

Pontryagin’s maximum principle helps in deriving the necessary optimal conditions. So, we can
define the Hamiltonian function H as:

H = Al + AU + Byu? + Byu3 + Bau3

dsS, dS, dau d
W_F)LZW +A3E+A4

I dH dR
+ A E+/\5E +A6E’

where A;(t) fori =1,...,6 are adjoint variables for the states S1, S, U, I, H, R, respectively.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The adjoint system is specified as:

Ai(t) = —%, Ai(T)=0, i=1,...,6,
1

which constitute a terminal value problem.
The optimal controls that minimize the Hamiltonian with respect to 11, up, and u3 are given by:

ui(t) = min{l,max{o, (B151 +‘8225;1)(A1 — ) }},

us(t) = min{l,max{o, w } },
2

usz(t) = min{l,max{o, TZH()‘5_/\6)} }
2B;

To maintain the appropriate ratio of infection and intervention costs, the system continuously

adapts these control functions based on the current state of the system and the costate values.

The state and adjoint equations along with the optimality conditions form a two-point boundary
value problem. Numerical techniques such as the forward-backward sweep method can be used to
solve this system.

6. Numerical Results

In order to validate the theoretical findings, we consider the following numerical experiment.
We completed the numerical experiment with some hypothetical data and some real data taken from
the Internet. The hypothetical data are as follows: Ay = 1,A, = 02,B; = 09,B, = 1,B; =1,
a = 2,c =002 = 0009 u; = 0.00004,u, = 0.02,u3 = 0.0003,51 = 0.003,5, = 0.002,7; =
0.072,71 = 0.035, 72 = 0.035, 71 = 0.7, 72 = 0.6, = 0.003. The demographic parameters are initially
taken as follows: S1(0) = 457, 5,(0) = 60, U(0) = 154,1(0) = 255, H(0) = 20, R(0) = 15.

Through experiments on numerical data, it is revealed that the uncontrolled epidemic dynamics
and optimal control interventions have totally different outcomes.

Without intervention strategies in place (shown in Figure 2), infected populations, both identified
and not, grow at an accelerating rate, adding up to a considerable increase in the number of hospitalized
cases and the overall burden of the disease. The classes of susceptible individuals (both aware and
unaware) decrease significantly in number over time, serving as a clear indicator of HCV’s uncontrolled
spread among the population. This uncontrolled progression further underscores the need for targeted
interventions to mitigate the rapid increase in epidemics and the use of health services.

HCV Dynamics Without Control

500 - --- 1 (Susceptible Unaware)

-~ 52 (Susceptible Aware)
—— U (Unidentified Infected)
— I (Identified Infected)
—-= H (Hospitalized)

q0f o NC T R (Recovered)

w
=3
S

Population

N
o
o

100

0 20 40 60 80 100
Time (days)
Figure 2. Dynamics of HCV compartments under baseline simulation without control interventions. This scenario
represents an uncontrolled epidemic phase where awareness, screening, and treatment efforts are absent, mirroring
the real-world escalation of an outbreak under minimal healthcare response.
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However, the optimal control measures, which also included awareness campaigns, early diagno-
sis, and treatments, completely changed the epidemic’s direction, as depicted in Figure 3. With the help
of awareness program (1), the number of susceptible individuals in the group of unaware ones goes
down since they are gradually being transferred to the aware susceptible class, and as a result, the new
infections get reduced. On the parallel side, diagnostic control 1, accelerates the flow of unidentified
infected individuals to the identified group, where they can receive more effective treatment. Then
control of treatment u3 reduces the number of hospitalizations, which in turn helps patients to recover
faster. All measures taken together are functioning to reduce the increase in infections and hospitaliza-
tions while at the same time increasing the number of recoveries. The entire situation results in the
healthcare system experiencing a slightly reduced burden, as well as the disease.

HCV Dynamics With Control

L -—- S1 (Susceptible Unaware)

~~ S2 (Susceptible Aware)
RIS —— U (Unidentified Infected)

~o —— | (Identified Infected)

400 el —-= H (Hospitalized)

S R (Recovered)

500

300

Population

t00f

Time (days)

Figure 3. Dynamics of HCV compartments under optimal control interventions. This illustrates the biological
effect of immediate public health actions—cutting down transmission chains, enhancing patient outcomes, and
lessening healthcare pressure.

The results indicate that the execution of correct and prompt preventive measures is necessary
for controlling HCV. Comparing the differences in Figures 2 and 3, it is evident that the joint efforts
of awareness, diagnosis, and treatment have a huge impact on the infection rates and the healthcare
system even when the funds are limited.

Explainability and Policy Insight

The optimal control framework provides both quantitative rigor and transparent policy directions.
Unlike black-box models, each component of the system has clear epidemiological meaning, allowing
policymakers to trace:

* how awareness modifies the susceptible composition,
*  how diagnosis shifts hidden infections into actionable states,
e and how treatment clears the infection burden.

This mechanistic interpretability offers a distinct advantage. For example:

* Increasing u; shifts the balance from unaware to aware susceptibles, thus indirectly reducing U
through reduced exposure.

¢  The diagnostic rate Ty uy directly modulates the transition from U to I, affecting both the hospital-
ization and recovery chains.

e The costate variables A;(t) provide insight into the marginal cost-benefit ratio of each compartment
at each point in time, helping to interpret the temporal shape of the optimal controls.

These results strengthen confidence in model-based public health strategies. They also demon-
strate that optimal control theory, when applied to infectious disease models, yields not only effective
policies but also interpretable and explainable mechanisms for disease suppression.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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7. Fuzzy Logic-Based HCV Intervention Model

Classical optimal control assumes precise states and parameters. In practice, HCV surveillance
data are noisy, behavior is variable, and the capacity of the health system fluctuates. Fuzzy logic pro-
vides a principled way to encode expert knowledge with linguistic rules and to act under uncertainty
while keeping decisions interpretable.

We keep the six-compartment model in Equation (1). At time ¢, define the normalized inputs:

So(t)
S1(t) + S2(t)’

H(t)

- 7
Hmax

Uft) + I(t)

IP() = =

AL(t) = HL(t)
where Hpay is the surge capacity (policy choice or historical peak). The fuzzy controller outputs the
three control intensities 11 (t) (awareness), us(t) (screening/diagnosis), u3(t) (treatment for hospital-

ized patients), each in [0, 1].

7.1. Rationale for Using Fuzzy Logic in the HCV Model

The use of fuzzy logic in the current Hepatitis C Virus (HCV) model stems from uncertainty
and imprecision in epidemiological parameters—such as awareness effectiveness, diagnosis rate,
and treatment coverage—which differ due to a range of social, behavioral, and operational factors.
Traditional deterministic or purely optimal control models are predicated on the assumption that
knowledge of these parameters is precise; however, this may not provide a full representation of real-
world scenarios. Fuzzy logic represents a powerful alternative when dealing with these uncertainties
by converting linguistic variables—such as "high prevalence," "low awareness," or "medium load on
hospitals,"—into adaptive numerical control actions across the spectrum using rules defined by an
expert. This enables real-time adjustments of awareness, diagnosis, and treatment intensities as the
epidemic state changes, and does not require recalibration of the models. This approach also promotes
interpretability, as each fuzzy rule is an explicit representation of human reasoning, and computational
efficiency, avoiding the iterative optimization characteristic of Pontryagin’s maximum principle. Fuzzy
logic provides added robustness to the model, as it maintains a stable level of suppression of epidemic
transmission even in the presence of parameter uncertainty or data noise. In conclusion, a fuzzy
intervention planning framework provides a flexible, interpretable, and cost-effective decision-support
mechanism for planning HCV interventions in environmentally constrained situations.

7.2. Membership Functions

Each input and output uses three linguistic terms Low, Medium, High. We employ triangular
membership functions in [0, 1] with parameters chosen for smooth overlap (Table 1). The triangular
tri(a, b, c) is

Uui(x;a,b,¢) = max(O,min(z : Z, z : g)),

Table 1. Membership function (MF) parameters on [0, 1]. Inputs share the same grids for simplicity; outputs
mirror them to ease interpretability.

Variable Low MF Medium MF High MF

IP tri(0.00,0.00,0.40) tri(0.20,0.50,0.80) tri(0.60,1.00,1.00)
AL tri(0.00,0.00,0.40) tri(0.20,0.50,0.80) tri(0.60,1.00,1.00)
HL tri(0.00,0.00,0.40)  tri(0.20,0.50,0.80) tri(0.60,1.00,1.00)
uq tri(0.00,0.00,0.40)  tri(0.20,0.50,0.80) tri(0.60,1.00,1.00)
up tri(0.00,0.00,0.40) tri(0.20,0.50,0.80) tri(0.60,1.00,1.00)
u3 tri(0.00,0.00,0.40) tri(0.20,0.50,0.80) tri(0.60,1.00,1.00)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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7.3. Fuzzy Rule Base
We adopt Mamdani inference with min-max composition and centroid defuzzification. The

rule base encodes epidemiological heuristics: high infection pressure warrants strong awareness and

screening; high hospital load triggers stronger treatment.

Awareness control uq:

IF (IP is High) AND (AL is Low) THEN u; is High
IF (IP is Medium) AND (AL is Medium) THEN u; is Medium
IF (IP is Low) OR (AL is High) THEN uq is Low

Screening control uj:

IF (IP is High) AND (AL is Low) THEN u; is High
IF (IP is Medium) THEN u; is Medium
IF (IP is Low) THEN u; is Low

Treatment control u3:

IF (HL is High) AND (IP is High) THEN u3 is High
IF (HL is Medium) THEN u3 is Medium
IF (HL is Low) THEN u3 is Low

Figures show fuzzy controller output maps such as Figures 4-6. The figure representing control
up (IP, AL) is shown in Figure 4. The high infection pressure with low awareness results in considerable
change in this control. The figure shows the change in control from Figure 5 to Figure u,, involving
elevation with an increase in IP value and a decrease in a low AL value. The control surface shown in
Figure 6 is defined as u3(HL, IP), with its maximum peak occurring when both of these values are at
their extremes. All these surfaces are generated using centroid defuzzification and elaborated with

control laws applied to the close-loop ODE simulation at each time step.

Fuzzy Rule Surface: ul vs. IP and AL

o
®
)

o
w
ul (Awareness control

0.0
0.2

l/ 0.4

Mect;y Ny, 0.6

e,

SSure (p) 0.8 Lo 0.0
Figure 4. Fuzzy control surface for awareness intensity u; as a function of IP and AL. The control u; is high when
IP is high and AL is low, and low when AL is high or IP is low, consistent with the awareness rules. The surface
indicates that a combination of high infection pressure and low community awareness requires a greater level of
awareness interventions. This illustrates the need for behavioral sensitization to increase more during periods of
peak pandemic transmission to reduce subsequent transmission through informed prevention efforts.
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Fuzzy Rule Surface: u2 vs. IP and AL

reening control)

INfees, 04
Sctior, Pro. 06
SSi
Ure ) 0.8 0.0

Figure 5. Fuzzy control surface for screening/diagnosis intensity u, primarily driven by IP. The control u;
increases from Low — Medium — High as IP rises, with stronger amplification when AL is low, in line with the
screening rules. This figure suggests that diagnostic interventions should increase in intensity when infection
pressure increases and awareness declines. Biologically, this means testing and identifying must increase in

communities with high levels of hidden infection burden, in order to prevent silent spread.

Fuzzy Rule Surface: u3 vs. HL and IP
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(Treatment control)
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Figure 6. Fuzzy control surface for treatment intensity u3 as a function of HL and IP. The control u3 is low at low
HL, medium at moderate HL, and high when both HL and IP are high, reflecting the treatment rules. The highest
point on the surface corresponds to equated scenarios of high infection pressure and hospital load, indicating that
treatment intensity should increase sharply when faced with heavy case burdens. This illustrates an adaptive

response to avoid system overload while facilitating rapid recovery.

7.4. Defuzzification
The aggregate output sets 3,25 (z) (k = 1,2,3) are converted to crisp actions via the centroid:

%88 () , 4
—fo Mu_(2)zdz {1,2,3).

ug(t) = «
fo Vufg

r(s). Distributed under a Creative Commons CC BY license.
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7.5. Coupling with the ODE Model

At each numerical step t, +— t,;1: (i) compute the inputs (IP, AL, HL) from state x(t,); (ii)
fuzzify, infer, aggregate, defuzzify to get (uy, up, u3); (iii) integrate Equation (1) with controls held
piecewise-constant on [ty t;41).

Algorithm 1: Mamdani Fuzzy Controller for HCV Controls

Require: x(t) = [S1,S2,U, I, H,R], Hmax Output: (uy,us,u3) € [0,1]°
: IP<+ (U+1)/N; AL <+ S3/(S1+S2); HL + H/Hmax
: Fuzzify: compute membership degrees for {IP, AL, HL};

—_

: Evaluate rules via t-norm (min) to get fired strengths;
: Aggregate output MFs via s-norm (max);

g = W N

: Defuzzify each output by centroid to obtain (11, up, u3);

Algorithm 2: Closed-loop Simulation (Fuzzy-in-the-Loop)

Input: Initial state x(0), horizon [0, T], step h
fort =0,h,2h,...,T—hdo
(u1, up, u3) < FIS(x(t)) via Algorithm 1;
L Integrate Equation (1) on [t, t 4 h] with controls (u1, up, u3) (e.g., RK4);

7.6. Figures: Membership Functions

Figures 7-9 present the three input MFs. These can be modified during calibration to reflect local

thresholds.
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Figure 8. Membership functions (Low /Medium/High) for the three inputs on [0, 1] for Awareness Level (AL).
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Figure 9. Membership functions (Low /Medium/High) for the three inputs on [0, 1] for Hospital Load (HL).

7.7. Evaluation Plan (Crisp vs Fuzzy)

For completeness, we propose comparing three scenarios using the same initial conditions and
parameters as Section 6: (i) no control, (ii) Pontryagin-optimal controls, (iii) fuzzy controls. Metrics:
peak (U + I), time below Ry < 1, cumulative cost | = fOT(All + AU + Byu? + Byu3 + Bsu3) dt.

7.8. Remarks and Extensions

The fuzzy controller can be hybridized with RL by (a) using fuzzy features as policy inputs, or
(b) learning rule weights. Uncertainty in B;, 7;, ¢; can be represented as fuzzy numbers to propagate
imprecision into Ry via a-cuts.

8. Comparison Between Crisp Optimal and Fuzzy Control

To quantitatively evaluate the proposed fuzzy logic-based intervention framework, we performed
a numerical experiment in which the six-compartment HCV model (1) was solved under two closed-
loop control regimes:

1.  Crisp optimal control: Time-dependent controls (11, uy,u3) calculated from the Pontryagin
Maximum Principle (PMP) and solved numerically using the forward-backward sweep method
(FBSM) using the set of parameters in Section 6. The functional cost weights (A1, Az, By, B2, B3)
match those in Section 5.

2. Fuzzy optimal control: Time-dependent controls computed by the Mamdani-type fuzzy inference
system defined in Section 7, with triangular membership functions and rule base given in Tables 1
and 2. The controls are adaptively updated at each integration step according to the current
epidemiological state.

Both simulations use identical initial conditions and demographic/epidemiological parameters.
The infected fraction (U + I)/N is tracked over the 365-day horizon, together with the individual
control profiles uj(t) (awareness), uy(t) (screening) and u3(t) (treatment).

Table 2. Compact rule grid for awareness control 11 as a function of Infection Pressure (IP) and Awareness Level

(AL).
uq AL=Low AL=Medium AL=High
IP=Low Low Low/Medium Low
IP=Medium High Medium Low
IP=High High High Low

The dynamical behavior of Model (1) over ranges of awareness and diagnosis rate assum-
ing /having parameters found in Section 6 is graphically represented in Figures 10 and 11. These
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surfaces illustrate the non-linear relationship between the prevalence of infection and the intensity of
joint control ability, and their biological significance is meaningful for the design of combined HCV
intervention policies.

Comparison of Infected Populations under Uncontrolled vs Controlled Dynamics
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—== I (Identified) - Uncontrolled
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Figure 10. Time evolution of unidentified (U) and identified (I) infected populations in uncontrolled and controlled
scenarios. The controlled scenario (higher levels of awareness and diagnosis intensity) results in significant
decreases in both U and I compartments over time, illustrating the effectiveness of simultaneous awareness and
screening strategies.

Phase Portrait of U-I Interaction
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Figure 11. The phase-plane graph depicting the dynamic interaction of unidentified infections (U) and identified
infections (I) shows that controlled paths quickly meet at the lower equilibrium states, whereas uncontrolled
processes continuously oscillate between infection states.

Both the crisp and fuzzy control techniques have been highly effective in reducing the prevalence
of infection quickly, as depicted in Figure 12. The solution of the crisp PMP reaches a slightly lower
trough a little earlier in the simulation, while the fuzzy controller that does not need adjoint equations
or gradients stays very near the crisp solution. This demonstrates that the fuzzy rule base, although
heuristic, effectively captures the appropriate patterns of interventions.

The control trajectories in Figures 13-15 illustrate the qualitative differences. Under PMP, u; ()
and u,(t) are initially high and decrease as the infected fraction declines; u3(t) peaks later in response
to hospital load. Fuzzy controls are smoother and more persistent, reflecting their rule-based nature.
In particular, u3(t) in the fuzzy case responds proportionally to hospital load without sharp peaks,
which may be advantageous in resource-limited settings.
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Comparison of Infection Prevalence: Crisp Optimal vs. Fuzzy Control
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Figure 12. Comparison of infection prevalence between the crisp and fuzzy optimal control.
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Figure 13. Awareness control u1 (t): crisp optimal vs. fuzzy control.
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Figure 14. Screening control uy(t): crisp optimal vs. fuzzy control.
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Figure 15. Treatment control u3(t): crisp optimal vs. fuzzy control.

The Fuzzy Controller with its performance comparable to the PMP benchmark provides epidemic
suppression.

e Interpretability: Each decision can be traced to explicit IF-THEN rules.
*  Robustness to parameter uncertainty: No need for exact transmission/recovery rates.
e Computational simplicity: No iterative solution of a two-point boundary value problem.

The quantitative performance metrics for both strategies are summarized in Table 3. Although
both achieve identical peak infection values and timings, the crisp PMP approach attains a slightly
lower minimum infected fraction and reaches it earlier (78.2 vs. 96.6 days). In particular, fuzzy control
achieves a substantially lower total cost | (42.42 vs. 126.38), reflecting reduced intervention intensity
without a significant loss in epidemiological performance. The time to achieve (U + I)/N < 1% was
not reached within the 365-day horizon for either case. These results support the viability of the fuzzy
approach as a low-cost, interpretable alternative to PMP-based optimal control.

Table 3. Performance metrics for crisp optimal vs. fuzzy control strategies.

Metric Crisp optimal Fuzzy control
Peak infected fraction 0.4256 0.4256
Time of peak (days) 0.0 0.0
Minimum infected fraction 0.0207 0.0339
Time of minimum (days) 78.2 96.6
Time to Ry < 1 (days) — —

Total cost | 126.3764 42.4193

9. Conclusions

In this study, we present a comprehensive deterministic compartmental model for HCV trans-
mission, which comprises susceptible, exposed, acutely infected, chronically infected, treated and
recovered groups. The epidemiological data set made a significant contribution to the development of
the model by allowing the parameter tuning process. Consequently, the developed model enabled a
more thorough investigation into the disease dynamics by utilizing the basic reproduction number R
and conducting a stability analysis of the equilibrium points. The three intervention measures—public
awareness, screening, and antivirus therapy—were integrated into an optimal control problem and
solved using the forward-backward sweep method, as per Pontryagin’s Maximum Principle.

A Mamdani type fuzzy logic controller was constructed to handle the uncertainty of the parame-
ters and operational limitations, mapping linguistic variables such as infection prevalence, awareness
level, and healthcare care occupancy to time-varying intervention intensities. Upon comparing the
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simulations, the effects of crisp optimal control and fuzzy logic control on the HCV prevalence are
found to be similar, in that both reduce it. The main difference between the fuzzy control method and
the others is that the former one is not as heavy as the latter in terms of logic implementation and costs,
which, in turn, simplifies the control implementation. This peculiarity makes the fuzzy approach more
acceptable for public health control measure applications, especially in underfunded areas.

Sensitivity analysis identified the most influential characteristics that affect Ry, which guide
policy makers in algorithmically prioritizing intervention resources. This integration of mathematical
modeling, optimal control, and fuzzy logic establishes the foundation for an efficient, cost-effective,
and comprehensible decision support system for the prevention and control of HCV.

Future advancements may enable the application of some aspects to multipathogen co-infection
models and stochastic frameworks, together with real-time adaptive control mechanisms informed by
streaming surveillance data. In addition, in the future, incorporate economic and behavioral feedback
loops to model public response to awareness campaigns and access to treatment.
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