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Abstract

Infectious disease modeling is crucial for predicting disease progression over time and
helps guide decision makers in public health policy. Hepatitis C virus (HCV) prevalence
is still increasing in Zimbabwe, a low-middle-income country (LMIC), despite the avail-
ability of effective treatments, and the reasons for this increase are not well understood.
Our study employed a mathematical model to explain the impact of poor treatment adher-
ence on HCV transmission dynamics in Zimbabwe. We computed the basic reproduc-
tion number (Ry), a vital metric of disease spread. Equilibrium states of the model were
determined, and their stability was investigated. The study demonstrated that an adher-
ence level exceeding 52% causes the reproduction number to drop below 1, curtailing
further spread. Our HCV model indicates that variations in re-susceptibility minimally
impact outcomes, suggesting that re-susceptibility can often be excluded in such analy-
ses. Our model unraveled the synergistic impact of simultaneously enhancing the recov-
ery rate of acutely infected individuals and treatment adherence on reducing Ro. The
study underlines the pressing need for stronger health interventions, including patient
education, financial assistance, and rigorous monitoring, to improve treatment adher-
ence. These interventions are paramount in curbing HCV proliferation, particularly in
LMICs like Zimbabwe, and can serve as a template for similar settings globally.

1 Introduction

Hepatitis C virus (HCV) is a bloodborne pathogen classified under the Hepacivirus genus
within the Flaviviridae family. It can lead to chronic liver diseases such as cirrhosis and hep-
atocellular carcinoma if left untreated [1,2]. Globally, as of 2019, around 58 million indi-
viduals were living with chronic HCV, with 1.5 million new infections occurring annually,
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including 3.2 million cases among children and adolescents [3]. Despite the availability of
highly effective antiviral therapies, only 5% of infected individuals were diagnosed and nearly
0% treated in 2021, according to WHO estimates [4]. This underlines a substantial gap in
HCV management and underscores the importance of scaling up testing and treatment, par-
ticularly in low- and middle-income countries (LMICs). In Africa, over 90 million cases of
hepatitis B and C were reported by 2021, with more than 1% of the population in 18 countries
infected with HCV [4]. In Zimbabwe, the burden remains unclear due to poor surveillance
systems and sparse epidemiological data. A study by the National Blood Services Zimbabwe
(NBSZ) showed an increasing trend in HCV prevalence among blood donors between 2015-
2018, with poor treatment adherence highlighted as a contributing factor [5]. Multiple bar-
riers to adherence exist in LMICs, including limited access to affordable medication, stigma,
low health literacy, and weak healthcare infrastructure [6,7].

Treatment adherence is critical to prevent drug resistance, improve patient outcomes, and
reduce transmission rates [8,9]. Yet, it is often overlooked in both intervention planning and
mathematical modeling. While previous modeling studies have explored various aspects of
HCV transmission dynamics [10-20], few have integrated the dynamic impact of adher-
ence. Clinical studies such as Bonner et al. [21] have discussed its importance, but to our
knowledge, no mathematical model has explicitly incorporated adherence as a determinant
of HCV transmission dynamics. This study addresses this gap by developing a compartmen-
tal model of HCV transmission that explicitly accounts for treatment adherence in Zimbabwe.
Our model distinguishes between individuals with chronic infection who are on treatment
and those who have discontinued treatment, capturing more nuanced transitions in disease
dynamics. By incorporating adherence behavior into the model, we aim to provide action-
able insights to inform public health policy and support efforts toward achieving WHO’s 2030
HCV elimination targets [22]. This approach is especially critical for LMICs, where interven-
tion design must consider socio-economic constraints and real-world treatment behaviors.

The subsequent sections of this paper are organized as follows: Sect 2 outlines the model
formulation, while Sect 3 computes the reproduction number and conducts a model anal-
ysis. Numerical simulations are presented in Sect 4. Sect 5 is the discussion. Sect 6 offers
concluding remarks and future directions.

2 Model description

The model analyzes the transmission dynamics of HCV within a homogeneously mixing pop-
ulation. The population is categorized into several compartments: susceptible to infection (S),
acutely infected (I), chronically infected under treatment (C), chronically infected after quit-
ting treatment prematurely (C,), and recovered individuals (R). The total population at time ¢,
denoted by N, is given by:

N=S+I+C+C;+R (1)

The number of susceptible individuals is augmented by a constant inflow into the population
at rate b. The parameter u signifies the natural mortality rate applicable to all compartments, v
represents mortality due to chronic infection under treatment, and v denotes disease-induced
mortality due to chronic infection not under treatment. It is assumed that v > v, reflecting

a higher mortality rate for not under treatment versus under treatment chronic infections.
Susceptible individuals acquire the infection at a rate A, defined as:

1:611+62C+,33Cq, (2)
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where 31, 82, 83 correspond to the transmission rates from the I, C, and C; compartments,
respectively. We assumed that 8, < 33, since quitting treatment before reaching sustained viral
response (SVR) increases HCV viral load, leading to higher transmissibility [23-25]. Recov-
ered individuals (R) lose immunity at rate ¢, reverting to the susceptible class (S). We intro-
duced the re susceptibility as suggested by [26], where it was stated that reinfection of hepati-
tis C is a crucial factor to consider in constructing a hepatitis C transmission dynamics model.
However, in [26], it had not been included. Acutely infected individuals transition out of the
acute stage at rate r, while a proportion 7 of these recover temporarily (R), while the remain-
ing (1 - 7) develop chronic infection. Those remaining either recover or die. We define 6 as
the proportion of individuals under treatment who successfully adhere to it. The treatment-
related transitions are modeled such that a fraction 6 of individuals in the treatment compart-
ment C complete treatment successfully, while the remaining fraction 1 -  fail to adhere and
move to the C; compartment at a rate §. Thus, the non-adherent individuals transition from C
to C, at rate §(1 - 8). Individuals under treatment recover at rate o, whereas untreated indi-
viduals recover at rate ap, where a € (0, 1), signifying a slower recovery rate for untreated
individuals. Chronically infected individuals on treatment recover faster than those who have
quit treatment because the active medication continuously suppresses the viral load and sup-
ports the immune system. The compartmental model is governed by the following system of
ordinary differential equations (ODEs):

%:b—(u+/1)s+¢R,

Z—i:/lS—(,u+r)I,

dcC

E:(l—n)rl—é(l—e)C—(p+,u+v)C, (3)
dC
d—tq:é(l—@)C—(ocp+u+v)Cq,

% =(C+aCy)p+nrl-(u+¢)R.

Invariant region

Since the HCV model (3) deals with human population which cannot be negative, we need to
show that all the solutions of system (3) remain positive with positive initial conditions in the
bounded. To guarantee that the system 3 is mathematical well-posed in a feasible region ®, we
establish that:

G:{S(t), I(t), C(t), C4(t), R(t) ER}, N< z} (4)

Theorem 1. Let S(0) > 0,1(0) > 0,C(0) > 0,C,4(0) >0,R(0) > 0 be the initial solutions of the
model (3); then, S(t),1(t), C(t), C4(t), R(t) are positive in R, for all t > 0.

Proof of Theorem 1 is presented in Appendix A.
Theorem 2. The region © shown in equation (4) is bounded in the space R>.

Proof of Theorem 2 is also provided in Appendix A.
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3 Reproduction number

The global behavior of our model is largely determined by the basic reproduction number,
denoted by R¢. This number represents the average number of secondary infections pro-
duced by a single infectious individual when introduced into a completely susceptible pop-
ulation. For the absence of disease, the system exhibits a disease-free equilibrium point £° =
(8%, A% Q% C° R%), which is mathematically expressed as:

50:(b,o,0,0,0). (5)
u

To compute the basic reproduction number R, we adopt the next-generation matrix
method as developed by van den Driessche and Watmough [27]. In accordance with their
methodology, we define two matrices F and V at the disease-free equilibrium. Matrix F rep-
resents the rate of new HCV infections generated by each infectious class, while matrix V
incorporates all other transitions between compartments. These matrices are given by:

bBi  bB. b
L e m 0 0

=4 5 0 vel-t-mr om 0. 6)
0 0 0 0 —5(1—6) ms

Subsequently, R is determined as the spectral radius of the next-generation matrix FV,
and can be expressed as:

bB, . brB,(1-n) . rbéfBs(1-1)(1-6)

Ro=Ri+Re+Re, =
0 ! ¢ G MMy Mmmy Mmimyms

(7)

wherem; =u+r,my=6(1-6)+u+v+p,and mz=ap+ u+v.
Equation (7) expresses the basic reproduction number Ry as the sum of three constituent
terms:

RO =R1+Rc+ch.

W

2!
acutely infected individual. The parameter 5; denotes the transmission rate from the acute

class, while m; = u + raccounts for the rate at which individuals leave the acute class due to
recovery or natural death.

B br,(1-7)
Re=—2——1

pMmym;

infected individuals who are under treatment. The factor (1 -7) reflects the proportion
of acutely infected individuals who progress to chronic infection, and §3, is the transmis-
sion rate from the chronic class. The denominator includes m, = §(1-6) + u + v + p, which

« Ry : This term represents the average number of secondary infections generated by an

: This term represents the secondary infections caused by chronically

reflects the rates of treatment failure, death, and recovery in the treated class.

166, (1-7)(1-6)
Mmimrms3

initiate but do not complete treatment and transition to the C, class. The parameter 53

s Rgy : This component captures the contribution of individuals who

reflects the higher transmissibility associated with incomplete treatment, and (1-6) repre-
sents the proportion of individuals who fail to adhere. The term mj; = ap + u+v includes the
reduced recovery rate in this group, as well as disease-induced and natural mortality.
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The sub-reproduction numbers Ry, R¢, and R, quantify the contributions to the overall
transmission of HCV from individuals in compartments I, C, and Cy, respectively.

If Ry < 1, the disease-free equilibrium is locally asymptotically stable. However, under
certain conditions, the model may exhibit a backward bifurcation, in which case a stable
endemic equilibrium may also exist when R < 1. Using Theorem 2 in van den Driessche and
Watmough (2002) [27], the following result is established.

Theorem 3. The disease-free equilibrium (DFE) of system (3) is locally asymptotically stable
(LAS) if Ry < 1 and unstable otherwise.

Local stability offers insights only into the behavior of the disease when the number of
HCV infections is close to the equilibrium. If the number of infections is near 0 (albeit not
exactly 0), they will decline and converge to 0 over time. But this doesn’t provide any assur-
ance about larger outbreaks. If there is a significant outbreak, the dynamics of HCV might
take an unpredictable turn, highlighting the importance of proactive measures even when the
disease seems to be under control.

We now investigate the global stability of £°, the disease-free equilibrium. We claim the
following result.

Theorem 4. If R < 1, the DFE is globally asymptotically stable (GAS) in ©.

Proof of Theorem 4 is presented in Appendix B.

Theorem 4 implies that if R < 1, then the disease free equilibrium is globally asymp-
totically stable, and the disease will eventually die out, regardless of initial infection levels.
However, this relies on the assumption that no other stable equilibria exist when Ry <1, a
condition that is examined further in subsequent sections.

Theorem 5. If R > 1, the disease is uniformly persistent. Specifically, there exists a positive
constant € such that

liininf{l(t) +C(t)+Cy(t)} >¢
for every solution (S, I, C,Cy, R) of (1) satisfying

I1(0) + C(0) + C4(0) > 0.

Proof of Theorem 5 is presented in Appendix C.

Theorem 5 means that when the reproduction number is greater than 1, (R > 1), the dis-
ease persists in the population. This highlights the importance of of control strategies aimed
at reducing Ry below the critical threshold. The consistent presence of the disease, even at
low levels, in the community can act as a reservoir, posing a threat to the wider population.
It would be important to keep continuous surveillance and intervention measures at play,
within communities especially within high risk groups.

3.1 Endemic equilibrium point

Computing and analyzing the endemic equilibrium point (EEP) is key for our study due to
its implications on the understanding of the persistence and dynamics of system 3. Through
the study of the EEP, we are able to realize valuable insights into system 3 stability, long term
behavior and the critical threshold conditions necessary to its sustained existence. The EEP
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for system 3 is denoted by £* = (§*,I", C*, C;, R*). To compute the equilibrium values, we set
the right-hand sides of the system (3) to zero:

%zb—(,u+ﬂ.)8+¢R:0,

Z—i:its-(,qur)I:O,

dac

E:(1—n)rI—5(1—6)C—(p+/,¢+v)C:0, (8)
dc

7::5(1—6)C—(ap+y+v)cq:0,

dR

E:(C+va)p+an—(,u+¢)R:O,

where the force of infection is given by,

A:BII+‘82C+63C(1. (9)
Then, the EEP is given by
* _ mymyms
Bimams +r(1-n)my
. myms[(bB1 - umi)myms + br(1 - n)my](u + $)

[Bumams + r(1 = n)ma][umams(u+ @) + rma (1 + (1 -1)vé + ums)
+18(1-0) (u* + (1 - n)mep + ums)]
r(1-n)my[(bBimams — u(r+ w)myms + br(1 - n)my| (1 + @)

T Bomams + (1) s (1 + ) + s (1 + (1) + ps)
+18(1-0)(u* + (1 -n)mep + ums)]
o 101 =n)(1-6)[(bBims - pmimyms + br(1 - n)ma] (1 + )
T [Bums + r(1-n)my][umyms (e + ¢) + rmy(p + (1 - 1) v + pums)
+18(1-0) (U + (1 -n)mep + ums)]
r[(bB1 = umy)myms + br(1 -n)my][ma(n(u +v) + p)
R - +6(1-0)(ap +n(p+ms))]

[Bimams + (1 =n)ma][umams(p+ ¢) + rma (i + (1-1)v + pms)
+18(1-0) (u* + (1 - n)mep + ums)]

wherem=pu+r,my=p+v+p,my=u+v+p+6(1-0),my=F(u+v+p)+p6(1-06),
ms=v+p+¢d(l-n),ms=v+p(l-a)

To examine the local stability of the EEP we will make use of the Centre Manifold Theory,
and the next result is established.

Theorem 6. If A > Ay, a> 0, then system (3) undergoes a backward bifurcation at Ry = 1,
otherwise a < 0 and a unique EEP £* guaranteed by Theorem 4.1 in [28] is locally asymptoti-
cally stable for Ry > 1, but close to 1.

3.2 Backward bifurcation analysis

In this section, we apply center manifold theory to our model (system 3) to establish the con-
ditions under which a backward bifurcation may occur. Specifically, we derive the bifurcation
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0.2

Stable EE

0.05]

Stable DFE Unstable EE Unstable DFE

Fig 1. Backward bifurcation diagram for A* of model 3, using the parameter values shown in Table 1. EE denotes
endemic equilibrium and DFE denotes disease-free equilibrium.

https://doi.org/10.1371/journal.pone.0329543.9001

coefficient a, following the approach of Castillo-Chavez and Song [28], and demonstrate that
under certain parameter conditions, particularly those involving the treatment adherence rate
6, treatment discontinuation rate d, and the transmission parameters 1, 5,, 83; the coeflicient
a becomes positive. This confirms the existence of a backward bifurcation, as presented in
Theorem 6. Model system 3 reveals that backward bifurcation arises when A; > A, and a > 0,
indicating the coexistence of a stable endemic equilibrium and a stable disease-free equilib-
rium even when the basic reproduction number satisfies R < 1, as also stated in Theorem 6.
This dynamic is illustrated in Fig 1.

The occurrence of backward bifurcation has some epidemiological implications. Under
standard epidemic models, reducing the basic reproduction number R, below one is suffi-
cient to eliminate the disease. However, in the presence of a backward bifurcation, this clas-
sical threshold rule breaks down: even if Ry < 1, the disease may persist due to the coexis-
tence of multiple stable equilibria. This means that conclusions based solely on R can be
misleading. From a control perspective, backward bifurcation implies that more aggressive
and sustained intervention strategies are necessary not only to drive R, below one but also
to significantly reduce the number of existing infections. Failing to address the size of the ini-
tial infected population may result in persistent endemic transmission, even when standard
thresholds are met. Furthermore, the complex dynamics arising from this phenomenon, such
as sensitivity to initial conditions complicate eradication efforts. This highlights the critical
need to integrate early diagnosis, high treatment coverage, and behavioral interventions into
public health strategies for HCV control.

4 Numerical simulations

In this section, we perform numerical simulations and sensitivity analyses on our model
parameters.

The cited parameters, (b, u, v, 81, , 1), 8), were used with their respective ranges from
the literature. By incorporating these cited parameters and their ranges, we ensured that the
model remained consistent with established findings and grounded in real-world data. The
fitted parameters, including v (mortality), 5, and B3 (transmission rates), r (acute to recov-
ered rate), o (chronic recovery rate), and « (slow recovery modification), were determined
using Berkeley Madonna’s slider feature to ensure the model closely matched HCV data from
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Zimbabwe (1990-2019) with an RMS error of 0.0001. The values were kept within biologi-
cally plausible ranges based on real-world dynamics, particularly reflecting higher transmis-
sion rates for untreated chronic cases and slower recovery rates for individuals not receiv-
ing treatment. This fitting process allowed for a model model that accurately represented the
progression and transmission of HCV, Fig 2.

The data projection shows that starting from 2019, the HCV cases are declining gradually.
Due to the unavailability of data for that period, no verification could be carried out.

In Fig 4, the distribution of the basic reproduction number Ry, as determined by LHS,
offers notable insights into the variability of the system. While the mean reproduction number
stands at 2.19, the spread of the values reveals that certain parameter combinations can lead to
either higher or lower R values. The reproduction number that we estimated lies in the same
range as the one previously estimated [35]. This variability emphasizes the system’s sensitiv-
ity to parameter changes. The broader spread in certain regions of the histogram suggests that
even minor alterations in some parameters (as given in Table 1) can have substantial impacts
on the system’s dynamics. Understanding this variability is crucial as a higher R, indicates a
more rapid spread of the infection, necessitating different intervention strategies compared
to a scenario with a lower . The results underline the importance of accurate parameter
estimation in predicting and controlling the spread of the infection.

In Fig 5, we observed that the recruitment rate exhibits the highest positive index, while
the treatment adherence proportion 8 presents the most pronounced negative PRCC index. In
comparison to Fig 6 where the disease transmission rate for (C,) class 83 had a greater impact
on the reproduction number than the disease transmission rate for (I) class (31, here we found
that 3, exerts a stronger influence than ;. However, the distinction is not substantial, as both
B1 and 35 have a more pronounced influence than the disease transmission rate for (C) class
B,. Fig 5 illustrates that enhancing treatment adherence can play a pivotal role in reducing the
reproduction number. Strategies such as patient education, addressing financial barriers, and
consistent follow-ups and monitoring can be essential in curbing HCV spread by decreasing

0.0175 P
0.0170
0.0165

0.0160 d

Prevalence (%)
“

0.0155

0.0150/ A

x\__-__h:__l-/;_l.
1990 1995 2000 2005 2010 2015 2020
Time (years)

0.0145

Fig 2. Data fitting results for the HCV dynamics model. The blue markers represent observed data points,
while the red line illustrates the model’s predictions. The close alignment between the two shows the model’s
accuracy in capturing the underlying dynamics of HCV transmission and progression. The model was fitted to
the data from Zimbabwe over a period of 30 years between the years 1990 - 2019, which can be obtained from:
https://www.globalhep.org/country-progress/zimbabwe [29], using initial conditions as follows Sy = 0.8, Iy =
0.01, Cp =0.015, Cqo =0, Rg = 0. The root mean square (RMS) was calculated as 0.0001.

https://doi.org/10.1371/journal.pone.0329543.g002
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Table 1. Model parameters and their interpretations.

Definition Symbol Value (Range) Source
Recruitment rate b 0.01 (0.009-0.06) [30,31]
Natural mortality rate M 0.02 (0.01-0.03) [30,31]
Disease induced death rate (on v 0.006 (0.001-0.008) [32]
treatment)

Disease induced death rate (not on |v 0.055 (0.01-0.065) Fitted
treatment)

Disease transmission rate (I) B 0.214 (0-3) [33]
Disease transmission rate (C) Ip 0.016 (0.01-0.02) Fitted
Disease transmission rate (C;) Bs 0.05 (0.01-0.1) Fitted
Re-susceptibility rate ¢ 0.001 (0.0008-0.0012) |{[26]
Acute to recovered rate r 0.163 (0.1-0.18) Fitted
Recovery rate in acutely infected |7 0.3 (0.1-0.4) [34]
cases

Treatment quitting rate S 0.6 (0.4-0.7) [30]
Treatment adherence proportion |6 0.5(0-1) Assumed
Recovery rate for those with Iel 0.053 (0.009-0.0011  |Fitted
chronic infections

Slow recovery modification a 0.001 (0.0009-0.0011) |Fitted
parameter

https://doi.org/10.1371/journal.pone.0329543.t001

0.0175

0.0170

0.0165

0.0160

Prevalence (%)

0.0155

0.0150

0.0145

1990 1995 2000 2005 2010 2015 2020 2025 2030
Time {years)

Fig 3. Data fitting results for the HCV dynamics model. The blue markers represent observed data points, while the
red line illustrates the model’s predictions. This is an extension of the model fits Fig 3, with projections for the year
2019 to 2028.

https://doi.org/10.1371/journal.pone.0329543.9g003

the reproduction number. Furthermore, the recovery rate of those acutely infected r is also
crucial in this reduction. The parameter ¢, which represents the reinfection rate of those who
have recovered, has negligible impact on the reproduction number given its PRCC index is
near zero, hence we ddnt include it for the local sensitivity analysis. We further varied ¢ to
understand the impact of re susceptibility as shown in Fig 12.

In Fig 6, we elucidate the consequences of varying 8, 5., and 85 values independently,
with all other parameters maintained as shown in Table 1. The findings are graphically repre-
sented in Fig 6. Most strikingly, 85 exerts the strongest influence on the reproduction number.
This can be attributed to its correlation with the prolonged infectious period experienced by
individuals with chronic infections. Parameter 31, which has more impact over 3, also plays
a significant role, emphasizing its importance in the overall model. In contrast, even though
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Fig 4. Presents a histogram of the basic reproduction number Ry, computed from 10000 samples using LHS.
The distribution highlights the range and frequency of different R values, illustrating their sensitivity to variations
in the model parameters listed in Table 1. Notably, the mean value of R across these samples was estimated to be
2.19. The sampling ranges used are as indicated in Table 1.
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Fig 5. Partial Rank Correlation Coefficient (PRCC) sensitivity analysis results, obtained using LHS with 1000

samples and run in Python version 3.11.0. This highlights the relative influence of model parameters from Table 1
on the basic reproduction number . Parameters with positive PRCCs will increase Ro when they increase, while
those with negative PRCCs will decrease Ry as they increase. The sampling ranges used are as indicated in Table 1.

https://doi.org/10.1371/journal.pone.0329543.g005

P2 characterizes the chronically infectious population, its impact is minimized since these
individuals are typically under treatment.

Fig 7(a) demonstrates that as 0 increases, there is a marked decline in R. For values of 8 <
0.5, the decrease is gradual; however, when 6 > 0.5, the reduction becomes more pronounced.
Treatment adherence is particularly effective at reducing the reproduction number once it
goes beyond 50% threshold. Additionally, it is worth noting that the reproduction number
Ro goes below 1 when 6 > 0.52. Fig 7(b) illustrates the effect of changing o on the reproduc-
tion number, Ry. Interestingly, the reduction in R appears more consistent across all val-
ues of p. When p approaches a value of approximately 0.19, we observe that R falls below
1. In essence, as p increases, there is a systematic reduction in Ry, highlighting the inverse
relationship between the two.
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Fig 6. Impact of varying the effective contact rates 3;, i = 1,2, 3, on the reproduction number R,.

https://doi.org/10.1371/journal.pone.0329543.g006
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Fig 7. Illustrates the effects of varying: (a) the treatment adherence proportion 6, and (b) the recovery rate for individuals with chronic infections o on the
reproduction number Ry. In this analysis, 0 and 6 were varied while all other parameters were held constant as displayed in Table 1.

https://doi.org/10.1371/journal.pone.0329543.g007

Fig 8 provides a comprehensive visualization of the combined effects of varying both o and
0 on the reproduction number. The interplay between these parameters is clear: as 8 and p
increase, there’s a corresponding decline in the reproduction number. This indicates that, even
with a reasonable recovery rate among the chronically infected, achieving a minimal repro-
duction number requires exceptionally high adherence rates. Therefore, while the recovery
from chronic infection is pivotal, ensuring adherence to treatment protocols becomes equally,
if not more, crucial. This highlights the urgency of educational campaigns and the adoption
of other proactive strategies that aim to bolster adherence to HCV treatment, to further drive
down the reproduction number and, by extension, the spread of the virus.

Fig 9(a) reveals that when R < 1, treatment adherence plays a pivotal role in diminishing
the number of I cases. Consistently, the number of I cases exhibits a decline across the entire
adherence spectrum from 0% to 100%. This means that the disease cannot spread in the pop-
ulation because each infected individual, on average, transmits the disease to fewer than one
other person. Thus, when R < 1, the effectiveness of treatment is enhanced by adherence, but
the impact is relatively low since the disease is already in decline. Meanwhile, Fig 9(b) high-
lights that at an adherence rate of 75% or below, there’s a surge in the I cases. Nonetheless,
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Fig 8. Impact of recovery rate of the chronically infected o and the proportion adherence 6 on the reproduction

number Ry. This contour plot shows how p and 6 affect the reproduction number in HCV treatment.

https://doi.org/10.1371/journal.pone.0329543.9008
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Fig 9. Effect of varying the proportion of individuals adhering to treatment © on the acutely infected cases I, with (a) Ro < 1 and (b) R > 1.
https://doi.org/10.1371/journal.pone.0329543.9009

these start to subside after a span of 30 years. For this case, the impact of adherence is much
more effective. When R > 1, the disease is capable of spreading rapidly through the popu-
lation, which means that partial adherence is insufficient to control the spread, leading to a
substantial increase in infections.

Fig 10(a) illustrates the influence of treatment adherence on the C class when R < 1.
Throughout the 0 to 100% range, C cases increase initially but begin to decline after 15 years
suggesting that treatment adherence helps control the spread of infection over time, leading to
a reduction in new chronic cases eventually. Notably, as the adherence percentages increase,
there’s a consistent increase in C cases for R < 1. This increase in C cases with higher adher-
ence percentages shows the importance of maintaining high adherence to achieve long-
term benefits. When comparing Fig 10(a) with (b), it becomes evident that the C cases count
is greater when R, > 1 than when R < 1, due to more people infected when R > 1. In
Fig 10(b), C cases experience an initial rise in the beginning years, subsequently stabilizing for
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Fig 10. Effect of varying the proportion of individuals adhering to treatment, represented by 6, on the number of chronically infected individuals who are under
treatment, denoted by C, with (a) R < 1and (b) Ry > 1.

https://doi.org/10.1371/journal.pone.0329543.g010

all treatment adherence percentages (0-100%). In this scenario, the initial rise and subsequent
stabilization of C cases across all adherence levels suggest that while adherence helps manage
the infection, it doesn’t immediately reduce the number of chronically infected individuals
due to the higher transmission rate.

Fig 11 illustrates a significant result: at 100% adherence, there are no cases of C,. In
Fig 11(a), as adherence levels decrease, the number of HCV-infected individuals not under
treatment also increases. For all adherence levels, the number of C, cases increases for up to
20 years before beginning to decline for the remainder of the observation period. In Fig 11(b),
we observe that C; cases continue to increase over the entire 50-year period. The impact of
adherence is evident; when adherence increases, cases decrease, but the general trend shows
an increase. The same explanations from Fig 10 holds.

0.08

0.06
0.05
el 0.04-

0.03

Years Years

a b

Fig 11. Effect of varying the proportion of individuals adhering to treatment, 6, on the number of chronically infected individuals who are not under treatment,
denoted by Cg, with (a) R < 1 and (b) Ro > 1.

https://doi.org/10.1371/journal.pone.0329543.9011
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Fig 12. Effect of varying the re-susceptibility rates (¢) on infection dynamics across varying scenarios of the basic reproduction number (RR). Subplots (a) and (b)
show the number of acutely infected individuals without treatment (I) for Ry < 1 and R > 1 respectively. Subplots (c) and (d) depicts the chronically infected individ-
uals under treatment (I) for the corresponding R scenarios. Lastly, subplots (e) and (f) illustrate the dynamics of chronically infected individuals not under treatment
(Cy) under R < 1 and Ry > 1 conditions. This figure offers insights into the intricate relationship between treatment adherence and infection outcomes in diverse
epidemiological settings.

https://doi.org/10.1371/journal.pone.0329543.9012

Comparing Fig 10(b) and Fig 11(b) for C (chronic HCV patients adhering to treatment)
and C, (chronic HCV patients who have quit treatment), respectively, we note that individ-
uals adhering to treatment experience an increase in cases that reaches a plateau at around
9 years. This plateau suggests that treatment adherence can stabilize the number of chronic
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cases, preventing further escalation. In contrast, in cases where individuals do not adhere to
treatment, the number of C, cases continues to increase, indicating a lack of control over the
disease progression.

Thus, from Figs 9-11, we can denote that treatment adherence is crucial in the fight against
HCV. Ensuring that patients adhere to their prescribed treatment regimens can prevent the
increase in chronic cases and help achieve long-term disease control.

We observe that when R > 1, there is an increase in the number of HCV cases. Addition-
ally, variations in ¢ for each transition state appear to have minimal impact on the overall
population dynamics. This could be due to the fact that individuals who recover from HCV
often develop immunity or have a reduced probability of being re-infected. Furthermore, the
rate of re-susceptibility might be considerably lower than the primary infection rate, making
it less influential in the disease’s overall spread. Therefore, when constructing mathematical
models for HCV; it’s reasonable to omit re-susceptibility, as it doesn't significantly influence
the number of HCV cases.

5 Discussion

Mathematical modeling of infectious diseases is pivotal for understanding the spread and con-
trol of infectious diseases. In this study, we utilized infectious disease modeling to understand
the relationship between treatment adherence and HCV dynamics in Zimbabwe, a LMIC
country challenged by this pathogen. Mathematical models have been instrumental in pol-
icy formulations, guidance of resource allocation, and helping predict the spread and poten-
tial disease outcomes. We developed our mathematical model to reflect the diverse disease
stages within the population, providing us with a versatile framework for understanding the
various epidemiological transitions that HCV can undergo in this context. We computed the
models basic reproduction number (Ry), an important epidemiological threshold that mea-
sures the disease potential for propagation within the population. We managed to validate
our model using data for Zimbabwe HCV cases, from 1990 to 2019. We utilized LHS on 1000
samples to assess the basic reproduction number, R,. The results indicated that an average
R value of 2.19, emphasizing its sensitivity to the parameters detailed in Table 1. Through
sensitivity analysis, we were able to pinpoint the pivotal roles played by treatment adher-
ence and the recovery rate of the chronic infected individuals in driving reductions in R,.
We computed the model’s steady states, offering insights into its long-term behavior and dis-
ease dynamics. These steady states are crucial for understanding the potential outcomes and
stability of the modeled system. We found that variations in ¢ have minimal impact on pop-
ulation outcomes, suggesting that re-susceptibility can be reasonably omitted in HCV math-
ematical models, as recovered individuals often exhibit reduced re-infection rates or develop
immunity.

Certainly, the study’s exploration into the effective contact rates, specifically B;, 85, B3
unveils crucial dynamics in HCV transmission. Notably, 5 emerges as particularly influen-
tial, likely due to its association with extended infectious periods characteristic of chronic
infections. In contrast, 31, despite its significant role in disease transmission, also has a pro-
nounced impact, emphasizing its relevance in the disease’s spread. Surprisingly, ,, which
ideally should represent the chronically infectious population, has a more subdued influence,
potentially because these individuals are often under treatment. These findings display the
intricate interplay of contact rates in HCV transmission and highlight the necessity of under-
standing and managing these rates to effectively control the disease’s spread. Central to our
findings is the relationship between treatment adherence proportion and the reproduction
number, Ry. Notably, a pronounced decline in R is evident as adherence rises, particularly
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beyond the 50% threshold. In fact, the reproduction number drops below the crucial thresh-
old of 1 when adherence surpasses 52%. As adherence levels wane, the population’s pool of
chronically infected individuals not under treatment (C,) swells, pointing out the critical
importance of adherence promotion strategies in curtailing HCV transmission. This nuanced
understanding sheds light on the pressing need for comprehensive interventions aimed at bol-
stering treatment adherence in LMICs, such as Zimbabwe. Such strategies extend beyond the
mere provision of medication to encompass multifaceted initiatives, including patient educa-
tion, addressing financial barriers to treatment access, and the establishment of rigorous mon-
itoring and follow-up mechanisms. Furthermore, our model unraveled the synergistic impact
of simultaneously enhancing the recovery rate of acutely infected individuals and treatment
adherence on reducing RR,. This insight suggests that a holistic approach, addressing both the
clinical and behavioral aspects of HCV management, can have a profound impact on disease
transmission dynamics. Our in-depth sensitivity analysis, implemented through LHS, shed
light on the inherent variability within the system. This variability denotes the critical impor-
tance of precise parameter estimation in the realm of infectious disease modeling. Minor fluc-
tuations in certain parameters, as detailed in our analysis, can have substantial impacts on the
system’s dynamics, thereby emphasizing the need for accurate data collection and model cali-
bration. By fostering a higher rate of recovery among the infected individuals and promoting
adherence to treatment regimens, it becomes possible to significantly curtail the virus’s ability
to spread within the population.

Our study highlights the minimal impact of re-susceptibility on HCV outcomes, aligning
with Wang et al’s suggestion that re-susceptibility may not significantly contribute to trans-
mission dynamics in certain contexts [10]. While Elbasha [12] emphasizes the role of reinfec-
tion in HCV transmission, our findings highlight the more substantial influence of increas-
ing recovery rates and treatment adherence in reducing the basic reproduction number, R,.
Both our study and the work of Pitcher et al. [14] portray the critical role of treatment adher-
ence in the effort to achieve HCV elimination, with our analysis identifying a pivotal adher-
ence threshold of 52% for bringing R below 1. Furthermore, our conclusions regarding the
importance of adherence strategies are consistent with Feng et al’s [15] call for coordinated
testing and harm reduction programs to meet WHO elimination goals. While Tatara et al.
[16] highlight the significance of addressing reinfection risks, our model suggests that re-
susceptibility plays a less dominant role, with adherence remaining the key factor for effective
control. Additionally, the findings of Mushayabasa and Bhunu [17], which focus on nonad-
herence among intravenous drug users, complement our study by reinforcing the importance
of improving adherence in high-risk populations to reduce HCV transmission.

Our mathematical approach is comprehensive and without limitations. While the most
prevalent transmission of HCV occurs among individuals who inject drugs, we did not solely
concentrate on this group. Instead, we broadened our perspective to encompass the entire
population, utilizing a general transmission model without narrowing our focus. Emphasiz-
ing age structures might be crucial for a deeper understanding of the transmission dynam-
ics. Lastly, We cannot say the mathematical is complete, it is still open for further study.
Future directions of this model should incorporate age and sex structuring to capture more
granular transmission dynamics. This would allow for a more comprehencive understand-
ing of HCV transmission dynamics within specific subpopulations, leading to more tailored
intervention strategies. The data used for parameter estimation in this study was obtained
from the Global Hepatitis Progress Report for Zimbabwe (https://www.globalhep.org/data-
profiles/countries/zimbabwe) [29], which provides modeled trends of hepatitis-related indica-
tors rather than raw data collected annually. While this approach helps to estimate long-term
patterns, it introduces inherent limitations that may affect the accuracy of the model’s outputs.
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One key limitation is that the data points for each year are not the result of direct observation
but are instead derived through modeling processes. These modeled estimates are often based
on underlying assumptions, extrapolations, and limited available data, which may introduce
uncertainty and potential biases in the trends they predict. In resource-constrained settings
like Zimbabwe, where accurate and comprehensive surveillance systems may not be in place,
these modeled trends can be heavily influenced by the assumptions of the models used to gen-
erate them. As a result, the reliability of the data for key parameters such as infection rates,
treatment outcomes, and reinfection risks might be reduced. Given that these trends are mod-
eled rather than collected in real time, they may not fully account for rapid epidemiological
changes or the immediate impacts of public health interventions. This can introduce impre-
cision in key estimates and may affect the predictive power of the model. Moving forward,
efforts should be made to combine modeled trends with more frequent, real-time data collec-
tion to improve the accuracy and robustness of future parameter estimates and predictions.

6 Conclusion

Our mathematical model highlights the pivotal role of treatment adherence in shaping the
transmission dynamics of HCV in Zimbabwe, a low-middle-income country where the
disease remains a major public health concern. The analysis shows that the basic repro-
duction number, R, can fall below the epidemic threshold (R < 1) when adherence lev-
els exceed approximately 52%, provided other key parameters such as the recovery rate of
acutely infected individuals are also favorable. Sensitivity analysis revealed that both adher-
ence and recovery rate are among the most influential factors affecting HCV spread, while
re-susceptibility has a negligible impact and may be omitted from simplified models. These
findings support the implementation of targeted strategies to improve adherence, includ-
ing patient education, financial support mechanisms, and robust treatment monitoring sys-
tems. The model’s responsiveness to changes in parameter values highlights the critical need
for accurate parameter estimation in guiding public health decisions. Collectively, this study
provides evidence-based insights to inform HCV control efforts through comprehensive and
context-specific policy interventions in resource-limited settings.

Supporting information

Supplementary mathematical proofs. Includes detailed proofs of Theorems 1 through 6
related to positivity, boundedness, global and local stability, and backward bifurcation in the
model system.

(PDF)

Acknowledgments

The corresponding author and all co-authors are grateful to the Department of Computa-
tional Science at the University of Zimbabwe for making this study a success.

Author contributions
Conceptualization: Paride Oresto Lolika, Adquate Mhlanga.

Data curation: Tinashe Victor Mupedza, Laurette Mhlanga, Dennis Mamutse, Mlyashimbi
Helikumi, Paride Oresto Lolika, Adquate Mhlanga.

Formal analysis: Tinashe Victor Mupedza, Laurette Mhlanga, Mlyashimbi Helikumi, Paride
Oresto Lolika, Shingirai Tangakugara Murambiwa, Adquate Mhlanga.

PLOS One | https://doi.org/10.1371/journal.pone.0329543 August 8, 2025 17/19



https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0329543.s001
https://doi.org/10.1371/journal.pone.0329543

PLOS One Modeling the effects of treatment adherence challenges on the transmission dynamics of hepatitis C virus

Investigation: Tinashe Victor Mupedza, Laurette Mhlanga, Adquate Mhlanga.

Methodology: Tinashe Victor Mupedza, Laurette Mhlanga, Mlyashimbi Helikumi, Shingirai
Tangakugara Murambiwa, Adquate Mhlanga.

Project administration: Tinashe Victor Mupedza, Adquate Mhlanga.
Resources: Tinashe Victor Mupedza.

Software: Tinashe Victor Mupedza, Laurette Mhlanga, Dennis Mamutse, Shingirai Tangaku-
gara Murambiwa, Adquate Mhlanga.

Supervision: Adquate Mhlanga.
Validation: Mlyashimbi Helikumi.
Writing - original draft: Adquate Mhlanga.

Writing - review & editing: Tinashe Victor Mupedza, Dennis Mamutse.

References

1.  Wan H, Adams RL, Lindenbach BD, Pyle AM. The in vivo and in vitro architecture of the hepatitis C
virus RNA genome uncovers functional RNA secondary and tertiary structures. J Virol.
2022;96(8):e0194621. https://doi.org/10.1128/jvi.01946-21 PMID: 35353000

2. Heymann DL, editor. Control of communicable diseases manual, 18th ed. Washington, DC:
American Public Health Association; 2004.

3. World Health Organization. Hepatitis C, fact sheets.
https://www.who.int/news-room/fact-sheets/detail/hepatitis-c. Accessed 12 July 2024.

4. World Health Organization. WHO report 2023. Available at:
https://www.afro.who.int/news/91-million-africans-infected- hepatitis-b-or-c. Accessed 12 July 2024.

5. Mabaya S, Munongo E, Mapako T, Marowa L, Pasipanodya JG, Mutenherwa M. Prevalence and
trends of hepatitis B and C virus biomarkers in Zimbabwe: Analyses of a nation’s blood-donor
surveillance data, 2015 through 2018, plus systematic review and meta-analyses. Harare:
Zimbabwe National Statistics Agency; 2020.

6. Rich ZC, Chu C, Mao J, Zhou K, Cai W, Ma Q, et al. Facilitators of HCV treatment adherence
among people who inject drugs: A systematic qualitative review and implications for scale up of
direct acting antivirals. BMC Public Health. 2016;16:994.
https://doi.org/10.1186/s12889-016-3671-z PMID: 27645935

7. Svendsen MT, Bak CK, Sgrensen K, Pelikan J, Riddersholm SJ, Skals RK, et al. Associations of
health literacy with socioeconomic position, health risk behavior, and health status: A large national
population-based survey among Danish adults. BMC Public Health. 2020;20(1):565.
https://doi.org/10.1186/s12889-020-08498-8 PMID: 32345275

8. Flamm SL, Mangia A. Adherence in hepatitis C virus treatment: What we know. Semin Liver Dis.
2024;44(2):258-71. https://doi.org/10.1055/a-2313-0111 PMID: 38657680

9. Roose RJ, Cockerham-Colas L, Soloway |, Batchelder A, Litwin AH. Reducing barriers to hepatitis C
treatment among drug users: An integrated hepatitis C peer education and support program. J
Health Care Poor Underserved. 2014;25(2):652—62. https://doi.org/10.1353/hpu.2014.0096 PMID:
24858874

10. Wang Y, Zhao Z, Wang M, Hannah MN, Hu Q, Rui J, et al. The transmissibility of hepatitis C virus:
A modelling study in Xiamen City, China. Epidemiol Infect. 2020;148:€291.
https://doi.org/10.1017/S0950268820002885 PMID: 33234178

11.  Miller-Dickson MD, Meszaros VA, Almagro-Moreno S, Brandon Ogbunugafor C. Hepatitis C virus
modelled as an indirectly transmitted infection highlights the centrality of injection drug equipment in
disease dynamics. J R Soc Interface. 2019;16(158):20190334.
https://doi.org/10.1098/rsif.2019.0334 PMID: 31480919

12. Elbasha EH. Model for hepatitis C virus transmissions. Math Biosci Eng. 2013;10(4):1045-65.
https://doi.org/10.3934/mbe.2013.10.1045 PMID: 23906202

13. Greenhalgh D, Al-Rashidi N. Modeling the spread of hepatitis C virus amongst people who inject
drugs. Eng Rep. 2022;4(10). https://doi.org/10.1002/eng2.12503

PLOS One | https://doi.org/10.1371/journal.pone.0329543 August 8, 2025 18/19



https://doi.org/10.1128/jvi.01946-21
http://www.ncbi.nlm.nih.gov/pubmed/35353000
https://www.who.int/news-room/fact-sheets/detail/hepatitis-c.
https://www.afro.who.int/news/91-million-africans-infected-hepatitis-b-or-c
https://doi.org/10.1186/s12889-016-3671-z
http://www.ncbi.nlm.nih.gov/pubmed/27645935
https://doi.org/10.1186/s12889-020-08498-8
http://www.ncbi.nlm.nih.gov/pubmed/32345275
https://doi.org/10.1055/a-2313-0111
http://www.ncbi.nlm.nih.gov/pubmed/38657680
https://doi.org/10.1353/hpu.2014.0096
http://www.ncbi.nlm.nih.gov/pubmed/24858874
https://doi.org/10.1017/S0950268820002885
http://www.ncbi.nlm.nih.gov/pubmed/33234178
https://doi.org/10.1098/rsif.2019.0334
http://www.ncbi.nlm.nih.gov/pubmed/31480919
https://doi.org/10.3934/mbe.2013.10.1045
http://www.ncbi.nlm.nih.gov/pubmed/23906202
https://doi.org/10.1002/eng2.12503
https://doi.org/10.1371/journal.pone.0329543

PLOS One Modeling the effects of treatment adherence challenges on the transmission dynamics of hepatitis C virus

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Pitcher AB, Borquez A, Skaathun B, Martin NK. Mathematical modeling of hepatitis ¢ virus (HCV)
prevention among people who inject drugs: A review of the literature and insights for elimination
strategies. J Theor Biol. 2019;481:194—201. https://doi.org/10.1016/.jtbi.2018.11.013 PMID:
30452959

Fang K, Wang H-L, Lin Y, Li S, Wu J. Modeling the impacts of prevention and treatment
interventions on hepatitis C among people who inject drugs in China. Infect Dis Ther.
2023;12(4):1043-55. hitps://doi.org/10.1007/s40121-023-00779-0 PMID: 36894824

Tatara E, Gutfraind A, Collier NT, Echevarria D, Cotler SJ, Major ME, et al. Modeling hepatitis C
micro-elimination among people who inject drugs with direct-acting antivirals in metropolitan
Chicago. PLoS One. 2022;17(3):e0264983. https://doi.org/10.1371/journal.pone.0264983 PMID:
35271634

Mushayabasa S. Dynamics of HCV in the presence of optimal bleaching. Differ Equ Dyn Syst.
2017;25:101-16.

Mushayabasa S, Bhunu CP. Mathematical analysis of hepatitis C model for intravenous drug
misusers: Impact of antiviral therapy, abstinence and relapse. Simulation. 2014;90(5):487-500.
https://doi.org/10.1177/0037549714528388

Martin NK, Vickerman P, Hickman M. Mathematical modelling of hepatitis C treatment for injecting
drug users. J Theor Biol. 2011;274(1):58-66. https://doi.org/10.1016/.jtbi.2010.12.041 PMID:
21236265

Corson S, Greenhalgh D, Hutchinson S. Mathematically modelling the spread of hepatitis C in
injecting drug users. Math Med Biol. 2012;29(3):205-30. https://doi.org/10.1093/imammb/dgr011
PMID: 21900152

Bonner JE, Esserman DA, Golin CE, Evon DM. Self-efficacy and adherence to antiviral treatment
for chronic hepatitis C. J Clin Gastroenterol. 2015;49(1):76-83.
https://doi.org/10.1097/MCG.0000000000000055 PMID: 24356458

WHO AR. Hepatitis scorecard for the WHO Africa region implementing the hepatitis elimination
strategy. https://www.afro.who.int/publications/
hepatitis-scorecard-who-africa-region-implementing-hepatitis- elimination- strateqy

Poles MA, Dieterich DT. Hepatitis C virus/human immunodeficiency virus coinfection: Clinical
management issues. Clin Infect Dis. 2000;31(1):154—61. https://doi.org/10.1086/313892 PMID:
10913414

Juniastuti, Utsumi T, Nasronudin, Alimsardjono L, Amin M, Adianti M, et al. High rate of
seronegative HCV infection in HIV-positive patients. Biomed Rep. 2014;2(1):79-84.
https://doi.org/10.3892/br.2013.188 PMID: 24649073

American Association for the Study of Liver Diseases, Infectious Diseases Society of America. HCV
guidance: Recommendations for testing, managing, and treating hepatitis C. Available at:
https://www.hcvguidelines.org/. Updated 24 October 2022; Accessed 28 May 2024.

Wang Y, Zhao Z, Wang M, Hannah MN, Hu Q, Rui J, et al. The transmissibility of hepatitis C virus:
A modelling study in Xiamen City, China. Epidemiol Infect. 2020;148:e291.
https://doi.org/10.1017/S0950268820002885 PMID: 33234178

van den Driessche P, Watmough J. Reproduction numbers and sub-threshold endemic equilibria for
compartmental models of disease transmission. Math Biosci. 2002;180:29—48.
https://doi.org/10.1016/s0025-5564(02)00108-6 PMID: 12387915

Castillo-Chavez C, Song B. Dynamical models of tuberculosis and their applications. Math Biosci
Eng. 2004;1:361-404.

Global Hepatitis. Country progress: Zimbabwe.
https://www.globalhep.org/country-progress/zimbabwe. Accessed 10 July 2024.

Zimbabwe National Statistics Agency. Zimbabwe demographic and health survey 2010-2011.
Harare: Zimbabwe National Statistics Agency; 2012.

Bhunu CP. Homelessness and drug misuse in developing countries: A mathematical approach.
Commun Nonlinear Sci Numer Simul. 2014;19(6):1908-17.
https://doi.org/10.1016/j.cnsns.2013.10.013

Coalition for Global Hepatitis Elimination. Country progress: Zimbabwe.
https://www.globalhep.org/country-progress/zimbabwe. Accessed 10 July 2024.

Vickerman P, Hickman M, Judd A. Modelling the impact on Hepatitis C transmission of reducing
syringe sharing: London case study. Int J Epidemiol. 2007;36(2):396—405.
https://doi.org/10.1093/ije/dyl276 PMID: 17218325

Woyesa SB, Amente KD. Hepatitis C virus dynamic transmission models among people who inject
drugs. Infect Drug Resist. 2023;16:1061-8. https://doi.org/10.2147/IDR.S403133 PMID: 36845020
Irwin MA, Harvey JA, James LB, David EC, David AS, Snorri ST, et al. The liver: Biology and
pathobiology. 6th ed. Hoboken: John Wiley & Sons Ltd.; 2020.

PLOS One | https://doi.org/10.1371/journal.pone.0329543 August 8, 2025 19/19



https://doi.org/10.1016/j.jtbi.2018.11.013
http://www.ncbi.nlm.nih.gov/pubmed/30452959
https://doi.org/10.1007/s40121-023-00779-0
http://www.ncbi.nlm.nih.gov/pubmed/36894824
https://doi.org/10.1371/journal.pone.0264983
http://www.ncbi.nlm.nih.gov/pubmed/35271634
https://doi.org/10.1177/0037549714528388
https://doi.org/10.1016/j.jtbi.2010.12.041
http://www.ncbi.nlm.nih.gov/pubmed/21236265
https://doi.org/10.1093/imammb/dqr011
http://www.ncbi.nlm.nih.gov/pubmed/21900152
https://doi.org/10.1097/MCG.0000000000000055
http://www.ncbi.nlm.nih.gov/pubmed/24356458
https://www.afro.who.int/publications/hepatitis-scorecard-who-africa-region-implementing-hepatitis-elimination-strategy
https://www.afro.who.int/publications/hepatitis-scorecard-who-africa-region-implementing-hepatitis-elimination-strategy
https://doi.org/10.1086/313892
http://www.ncbi.nlm.nih.gov/pubmed/10913414
https://doi.org/10.3892/br.2013.188
http://www.ncbi.nlm.nih.gov/pubmed/24649073
https://www.hcvguidelines.org/
https://doi.org/10.1017/S0950268820002885
http://www.ncbi.nlm.nih.gov/pubmed/33234178
https://doi.org/10.1016/s0025-5564(02)00108-6
http://www.ncbi.nlm.nih.gov/pubmed/12387915
https://www.globalhep.org/country-progress/zimbabwe.
https://doi.org/10.1016/j.cnsns.2013.10.013
https://www.globalhep.org/country-progress/zimbabwe.
https://doi.org/10.1093/ije/dyl276
http://www.ncbi.nlm.nih.gov/pubmed/17218325
https://doi.org/10.2147/IDR.S403133
http://www.ncbi.nlm.nih.gov/pubmed/36845020
https://doi.org/10.1371/journal.pone.0329543

	Modeling the effects of treatment adherence challenges on the transmission dynamics of hepatitis C virus
	Introduction
	Model description
	Reproduction number
	Endemic equilibrium point
	Backward bifurcation analysis

	Numerical simulations
	Discussion
	Conclusion
	References


	pbs@ARFix@1: 
	pbs@ARFix@2: 
	pbs@ARFix@3: 
	pbs@ARFix@4: 
	pbs@ARFix@5: 
	pbs@ARFix@6: 
	pbs@ARFix@7: 
	pbs@ARFix@8: 
	pbs@ARFix@9: 
	pbs@ARFix@10: 
	pbs@ARFix@11: 
	pbs@ARFix@12: 
	pbs@ARFix@13: 
	pbs@ARFix@14: 
	pbs@ARFix@15: 
	pbs@ARFix@16: 
	pbs@ARFix@17: 
	pbs@ARFix@18: 
	pbs@ARFix@19: 


