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Abstract

Background—Injection-equipment-sharing networks play an important role in hepatitis C virus
(HCV) transmission among people who inject drugs (PWID). Direct-acting antiviral (DAA)
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treatments for HCV infection and interventions to prevent HCV transmission are critical
components of an overall hepatitis C elimination strategy, but how they contribute to the
elimination outcomes in different PWID network settings are unclear.

Methods—We developed an agent-based network model of HCV transmission through the
sharing of injection equipment among PWID and parameterized and calibrated the model with
rural PWID data in the United States. We modeled curative and preventive interventions at annual
coverage levels of 12.5%, 25%, or 37.5% (cumulative % of eligible engaged), and two allocation
approaches: random vs targeting PWID with more injection partners (hereafter ‘degree-based’).
We compared the impact of these intervention strategies on prevalence and incidence of HCV
infections. We conducted sensitivity analysis on key parameters governing the effects of curative
and preventive interventions and PWID network characteristics.

Results—Combining curative and preventive interventions at 37.5% annual coverage with
degree-based allocation decreased prevalence and incidence of HCV infection by 67% and 70%
over two years, respectively. Curative interventions decreased prevalence by six to 12 times
more than preventive interventions, while curative and preventive interventions had comparable
effectiveness on reducing incidence. Intervention impact increased with coverage almost linearly
across all intervention strategies, and degree-based allocation was always more effective than
random allocation, especially for preventive interventions. Results were sensitive to parameter
values defining intervention effects and network mean degree.

Conclusion—DAA treatments are effective in reducing both prevalence and incidence of HCV
infection in PWID, but preventive interventions play a significant role in reducing incidence when
intervention coverage is low. Increasing coverage, including efforts in reaching individuals with
the most injection partners, preventing reinfection, and improving compliance and retention in
preventive services can substantially improve the outcomes. PWID network characteristics should
be considered when designing hepatitis C elimination programs.

Keywords

people who inject drugs; hepatitis C; social network; simulation model; direct-acting antiviral
treatment; harm reduction

Background

The advent of highly effective and well tolerated direct-acting antiviral (DAA) treatments
for hepatitis C virus (HCV) infection (Gane, et al., 2013; Poordad, et al., 2013) has

raised prospects for the elimination of hepatitis C. In 2015, it is estimated that 71 million
people globally lived with chronic HCV infection (WHO, 2017). In 2016, the World Health
Organization has set goals to reduce new HCV infections by 90% and reduce HCV-related
deaths by 65% by 2030 (WHO, 2016). In the United States, it is estimated that more than 2.4
million people had hepatitis C over 2017 to 2020 (Hall, et al., 2024), and people who inject
drugs (PWID) face high risks of HCV infection, accounting for 67% of new HCV infections
(Trickey, et al., 2019). The ongoing opioid crisis in the United States has led to increased
incidence of HCV infection in recent years, and rural regions have been disproportionally
affected (CDC, 2021a, 2021b; Zibbell, et al., 2018), contributing to an urgent need for
effective control strategies for HCV infection especially in rural PWID populations.
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There are two essential dimensions to hepatitis C elimination strategies among PWID
(WHO, 2016). The first dimension is to treat and cure HCV infections to reduce mortality
and morbidity and interrupt transmission through the use of DAA treatments (Metzig,

et al., 2017; Zelenev, Li, Mazhnaya, Basu, & Altice, 2017). The second dimension is

to reduce the risk of HCV transmission among PWID through preventive interventions

that decrease exposure via shared injection equipment. Prevention includes harm reduction
interventions such as syringe services programs (SSPs) and medications for opioid use
disorder (MOUD) (Wilson, Donald, Shattock, Wilson, & Fraser-Hurt, 2015). Studies have
shown that engagement in MOUD reduced incidence of HCV infection (Jordan, et al., 2020;
Minoyan, et al., 2020; Palmateer, et al., 2022; Platt, et al., 2018), and that combining MOUD
and SSPs can substantially reduce HCV transmission (Platt, et al., 2018), with somewhat
weaker evidence on the effectiveness of SSPs alone in reducing HCV transmission among
PWID (Palmateer, et al., 2022; Platt, et al., 2018). Ultimately, the most effective hepatitis

C elimination strategy may involve both curative and preventive interventions; however,
evidence on the impact of different interventions as well as how this impact may vary by
PWID populations is currently limited.

Mathematical modeling studies have previously examined the impact of hepatitis C control
interventions among PWID. In general, these studies have found that the most effective
hepatitis C elimination strategies include some type of combined approach (Fraser, et al.,
2018; Heffernan, Cooke, Nayagam, Thursz, & Hallett, 2019; Martin, Hickman, Hutchinson,
Goldberg, & Vickerman, 2013; Pitcher, Borquez, Skaathun, & Martin, 2019). Most of
these studies used compartmental models, which are well suited for high-level evaluation
such as projecting population-level outcomes for a country. However, compartmental
models typically adopt relatively strong structural assumptions, for example that the

risk of transmission is the same for all PWID or varies between a limited number of

risk groups, which may affect the modeled outcomes. HCV is transmitted through the
injection-equipment-sharing network among PWID, and therefore, incorporating details of
the network can also enable evaluation of network-based interventions (Bansal, Grenfell,
& Meyers, 2007; Hellard, et al., 2014; Johnson & Geffen, 2016; Metzig, et al., 2017;
Sacks-Davis, et al., 2012).

Agent-based network models have incorporated heterogeneous injection-equipment-sharing
behaviors and transmission risks among individuals to evaluate local elimination strategies
among PWID networks. Many such models have evaluated “treatment as prevention (TasP)”
strategies but have not included preventive interventions (Bellerose, et al., 2019; Hellard,

et al., 2015; Metzig, et al., 2017; Rolls, et al., 2013; Zelenev, et al., 2017). One recent
network modeling study of an urban PWID network concluded that scale-up of TasP was the
most effective strategy for micro-elimination, while scale-up of opioid agonist therapies was
important when TasP coverage was low (Zelenev, Li, Shea, Hecht, & Altice, 2020).

Injection network characteristics can vary greatly between locations. Generally, PWID have
fewer injection partners and lower access to interventions including DAA treatments and
SSPs in rural areas compared to urban areas (Barranco, et al., 2022; Dombrowski, 2020; Du,
Wang, Kong, Riley 11, & Jung, 2021; Welch-Lazoritz, et al., 2017). In this study, we focus
on comparative evaluation of the impact of curative and preventive interventions on hepatitis
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C elimination in a rural PWID network setting. This evaluation examines the impact

of different intervention coverage levels and allocation approaches, along with possible
variations in intervention effects and PWID network characteristics, to illuminate the
potential contributions of different interventions as components of hepatitis C elimination
strategies for rural PWID.

We analyzed data from the Social Networks among Appalachian People (SNAP) study
(Havens, et al., 2013; Young, Rudolph, & Havens, 2018), to characterize the demographics
and injection-equipment-sharing network characteristics in a rural PWID network. SNAP is
a cohort study of people who use drugs in rural Eastern Kentucky, which has a high burden
of opioid-related overdose and HCV infection (Havens, et al., 2013; Havens, et al., 2011).
This rich dataset provides unique details on the social relationships between the participants.
Participants in the SNAP study were recruited through respondent-driven sampling between
2008 and 2010 and followed up at six-months intervals. Participants reported up to 24
people with whom they used drugs, had sex, or received social support in the past six
months. Fuzzy look-up was used to cross-reference the names of reported alters with those
of participants to produce possible matches based on name similarity (Young, et al., 2018).
We analyzed data from a subsample of 287 SNAP participants who reported recent (past

6 months) injection drug use, and we used the baseline data (most complete and accurate
on partnerships based on personal communication with the investigators) to describe the
injection network. We defined the partnership as an injection equipment sharing partnership
if at least one member of the pair reported sharing needles or cookers with the other. We
used two years’ follow-up data to estimate prevalence and incidence of HCV infection

for model calibration. The mean age of the PWID sample was 32 years, 59% were male,
94% were non-Hispanic white, and all reported ever using opioids. The injection network
characteristics and HCV measures are summarized in Table 1.

Network Model

We used exponential random graph models (ERGMs) (Hunter, Handcock, Butts, Goodreau,
& Morris, 2008), which predict the probability that any two individuals in the population
share injection equipment based on individual-, dyad-, and network-level attributes, to
simulate the injection-equipment-sharing network. The target network statistics used to
estimate ERGM coefficients were derived from the SNAP data and literature review (Table
1). Figure 1 shows one simulated baseline network in our main analysis (we generated
multiple networks that incorporated stochasticity with ERGM for the analysis).

Natural history of HCV infection

At each monthly time step, the model evaluates each partnership in a random order. If

the HCV infection status (i.e., RNA positivity) of the two individuals is discordant, HCV
transmission can occur based on a transmission probability. We calibrated the monthly
transmission probability per HCV-discordant partnership to match the seroconversion
incidence rate estimated from the SNAP data (Table 1): we first ran simulations with a series
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of transmission probabilities between 0 and 1 and compared the simulated seroconversion
incidences to the estimated incidence in SNAP. To generate a distribution of incidence rates
that include the SNAP estimate, the range of transmission probabilities for sero-discordant
pairs was determined to be between 0.03 and 0.06 per month. We then used a Bayesian
approach for model calibration, in which we ran 10,000 simulations with transmission
probabilities sampled from a uniform distribution across that range and calculated the
likelihood for each run with a Poisson distribution. We finally calculated the mean of

the 10,000 transmission probabilities weighted by their likelihood, which equals 0.031 per
discordant tie per month. During the first six months after acute infection, individuals have
a cumulative spontaneous clearance rate of 25% before transitioning to chronic infection
(Smith, Jordan, Frank, & Hagan, 2016).

Curative and preventive interventions

Intervention

We used DAA treatments to represent curative interventions. We assumed that HCV

viral suppression starts in the first month of treatment (Gane, et al., 2013) and therefore
individuals are not infectious after the start of DAA treatment. We also assumed that PWID
may reduce drug use and equipment-sharing during and after DAA treatment, and assigned a
relative risk of 0.34 of the primary infection risk during and after DAA treatment in the main
analysis according to results from systematic reviews (Esmaeili, et al., 2017; Hajarizadeh, et
al., 2020; Valencia, et al., 2019) (altered in sensitivity analysis).

From the perspective of HCV transmission, preventive interventions reduce exposure to
HCYV via reduced injection drug use and/or reduced sharing of injection equipment. We
modeled the effect of preventive interventions by reducing monthly HCV transmission
probabilities between the individuals engaging in preventive interventions and their sero-
discordant partners. Further, we modeled a limited duration for participation in preventive
interventions to account for attrition (Rudolph, Upton, McDonald, Young, & Havens,
2019; Rudolph, Upton, Young, & Havens, 2020). In sensitivity analyses, we relaxed these
assumptions to explore their impact on hepatitis C elimination outcomes. All parameters
relating to curative and preventive interventions are summarized in Table 1.

strategies, allocation approaches, and coverages

We simulated three intervention strategies: 1) curative intervention without preventive
intervention (“curative alone”), 2) preventive intervention without curative intervention
(“preventive alone”), 3) curative and preventive interventions (“curative + preventive”), as
well as a no-intervention “status quo”. Since individuals eligible for curative and preventive
interventions are different -- only those with current HCV infection are eligible for curative
intervention but all PWID are eligible for preventive intervention -- to meet the coverage
for both in the “curative + preventive” strategy, we assigned curative and preventive
interventions to individuals independently. We did not explicitly model any curative or
preventive interventions in the status quo scenario, which were uncommon during the period
over which the baseline SNAP data were collected (Fraser, et al., 2019). However, any
baseline interventions were already reflected in the modeled network; for example, PWID
who engage in SSPs would report fewer partnerships, which would be reflected as lower
mean degree in the modeled network.
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For each intervention strategy, we compared two allocation approaches: 1) randomly
assigning the interventions to PWID, noted as “random”, and 2) preferentially assigning
the interventions to those with higher degree (i.e., more equipment-sharing partners), noted
as “degree-based”. Degree-based allocation was implemented in the model by inducing
correlation between each individual’s probability of being selected for intervention and that
individual’s degree (i.e., using degree as the sampling weight).

Lastly, for each intervention strategy and allocation approach, we simulated three annual
coverage levels of 12.5%, 25%, and 37.5%, which represent the cumulative percentage of
eligible individuals receiving the interventions. Only individuals with current HCV infection
are eligible for curative interventions, and all PWID are eligible for preventive interventions.
Individuals who have completed curative or preventive interventions could be selected again
when becoming eligible. PWID were selected for the interventions gradually over time: for
example, in our main analysis, a network of 1000 PWID with an HCV-antibody positivity
of 59% at baseline (59%x%75% with current HCV infection), 25% annual coverage of
curative interventions equals to approximately nine (1000x59%x75%x25%/12) individuals
receiving DAA per month. Similarly, approximately 21 (1000x25%/12) individuals would
begin to engage in preventive interventions per month, and the total number of PWID
currently engaged in preventive interventions would increase from zero to 250 over the

first 12 months, and equilibrate (due to initiations and drop outs) at 250 afterwards since

the engagement duration was 12 months. Of note, PWID who do not have any injection-
equipment-sharing partners (37%) are also eligible for preventive interventions, but because
the modeled effect of preventive interventions is reduced transmission probability, preventive
interventions assigned to these individuals would have no effect on HCV transmission.

Time horizon and simulation

The average duration of injection equipment sharing partnerships in the SNAP sample is
unknown, but the average duration of knowing each other among the equipment sharing
partners was 10 years, which is the same as reported in another study in Hartford,
Connecticut (Zeleney, et al., 2017). Based on these relatively stable average partnership
durations, we used a static network model which does not capture partnership turnover

or other population dynamics, and we focused on short-term outcomes over a two-year
time horizon. We performed 1000 simulation iterations for each intervention scenario, with
parameter values fixed across iterations within a given intervention scenario, but allowing
for stochasticity across multiple iterations that use the same parameter values. In each
iteration, we pre-drew a random order of the partnerships that would be evaluated for
HCV transmission for each time step, and used this same partnership order matrix across
different intervention strategies in the iteration to reduce stochastic error. We also pre-drew
the potential transmission event for each partnership at each time step randomly for each
iteration. If HCV infection status were discordant in a partnership at a given time step, the
model would refer to this transmission matrix to determine whether transmission would
occur. In each of the 1000 iterations, we used the fitted ERGM to initiate a new network, and
conducted one simulation for each intervention scenario.
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Outcome measures and analyses

At each time step we recorded numbers of HCV-positive individuals, numbers of

incident infections (including new infections and re-infections), and numbers of susceptible
individuals. We converted these numbers to prevalence at the end of year two, cumulative
person-years of infection and incidence rates (per 100 person-year-at-risk) over two years.
We then calculated the relative reduction (i.e., percentage reduction) in person-years of
infection and incidence rates for each intervention strategy compared to the status-quo and
plotted means and 95% confidence intervals of the relative reductions over 1000 iterations.

Sensitivity analyses

Results

We did not model any specific preventive intervention because in this study we focus on
comparing the potential impact of curative vs preventive interventions and how intervention
effect parameters and other factors affect the outcomes. In real world practice, different
interventions have different mechanisms of preventive effect; for example, SSPs and
supervised injection sites reduce the sharing of injection equipment, MOUD reduce overall
drug use, people who are serviced by SSP may receive linkage to MOUD, etc. These
nuances and potential variation between programs may lead to different effects on reducing
HCV transmission. To quantify the sensitivity of results to uncertainty around effects of
curative and preventive interventions, we altered the relative risk of infection during and
after DAA treatment, the percentage reduction in transmission probability while engaging
in preventive interventions, and the duration of preventive intervention engagement, in each
case using values that are 50% higher or 50% lower than the values used in the main
analysis.

To evaluate the impact of variation in rural PWID networks on hepatitis C elimination
outcomes, we first conducted a literature review on rural PWID networks in the United
States. Based on this review, we selected a range of alternative values for parameters
governing population size, HCV infection prevalence, mean degree (average number of
injection partners per person), ratio of mean degree between HCV antibody positive and
negative PWID, percentage of sero-discordant partnerships, and transitivity (i.e., “a friend’s
friend is more likely to be a friend” phenomenon on injection partnerships, represented by
density of partnership triangles), and simulated 12 alternative networks that varied each of
these parameters one at a time (Table 1). For parsimony given that results were qualitatively
similar across different coverage levels and allocation approaches, we present the impact on
the intervention strategy of curative + preventive interventions with 25% annual coverage
and degree-based allocation in the main text for the sensitivity analyses and included results
of all coverage levels and allocation approaches in the Supplement.

Main analysis

In the status-quo scenario, the prevalence of HCV infection increased from 45% at baseline
to 57% by the end of the two-year simulation, and there were a cumulative 1074 person-
years of infection and 120 incident infections representing an incidence rate of 12.4 per
100 person-years at-risk in the simulated network of 1000 PWID over two years. The most
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intensive strategy examined (curative + preventive at 37.5% annual coverage with degree-
based allocation) led to the greatest reductions in all the HCV-related outcomes, reducing
prevalence to 19% (relative reduction of 67%) by the end of year two, reducing person-years
of infection to 681 (37%), and reducing incidence rate to 3.8 per 100 person-years-at-risk
(relative reduction of 70%) over two years.

Figure 2 shows the relative reductions in person-years of HCV infection and incidence
rates compared to the status quo for all scenarios, which varied interventions, coverage
levels, and allocation approaches. The intervention impact (relative reductions) increased
with coverage levels almost linearly across different interventions and allocation approaches.
Degree-based allocation was more effective than random allocation in all intervention
scenarios, and the differences were more substantial for preventive interventions than
curative interventions. For person-years of infection, curative alone led to six to 12

times greater reductions compared to preventive alone across different coverage levels
and allocation strategies. For incidence, the difference between curative and preventive
interventions was relatively modest, and the order of comparison changed depending on
coverage: preventive interventions were more effective than curative interventions when
coverage was lower, and curative interventions were more effective at higher coverage
levels.

Sensitivity analyses

Figure 3a shows the impact of parameters defining effect of curative and preventive
interventions on the relative reductions in person-years of infection and incidence rate
compared to status quo. Varying the parameter values by 50% resulted in absolute value
changes in relative reductions of less than 2% for person-years of infection, and 6% to
15% for incidence rate. The variations in curative and preventive intervention effects could
change the comparative results on incidence reductions between curative and preventive
interventions in the main analysis. For example, if relative risk of infection after DAA
treatment decreased by 50% (less reinfection), curative interventions would become more
effective than preventive interventions in reducing incidence. Similarly, if relative risk of
infection while engaging in preventive interventions increased by 50% or if engagement
duration of preventive interventions decreased by 50%, preventive interventions would be
less effective than curative interventions in reducing incidence.

As shown in Figures 3b and 3c, varying characteristics of the PWID network could alter
person-years and incidence of HCV infection both without (Figure 3b) and with curative +
preventive interventions (Figure 3c) compared to the base-case scenario in the main analysis.
For example, increases in mean degree, initial prevalence of HCV infection, or percentage of
sero-discordant partnership would lead to increased person-years of infection and incidence
in the population without any intervention. In addition, mean degree had a substantial impact
on the relative reductions in person-years of infection and incidence: the relative reductions
were smaller in networks with higher mean degree and greater in networks with lower

mean degree. The impact of other parameters was relatively modest; population size and
transitivity had minimal impact both without and with intervention.
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Discussion

In this study we evaluated the potential impact of both curative and preventive interventions
on hepatitis C elimination among PWID using a network simulation model. We compared a
range of strategies that included combinations of interventions for treating HCV infections
and for reducing exposures to infection risk, and with varying levels of intervention
coverage and allocation strategies that were either random or targeted toward those with
greater numbers of injection partners. We performed sensitivity analysis on key parameters
governing intervention effects as well as PWID network characteristics.

Among the evaluated strategies, curative + preventive interventions with degree-based
allocation and 37.5% annual coverage achieved the greatest reduction in both prevalence
and incidence of HCV infection, decreasing prevalence by 67% by the end of year two, and
decreasing person-years of infection by 37% and incidence rate by 70% over two years.
Our finding that both curative and preventive interventions are required to maximize impact
is consistent with previous studies (Fraser, et al., 2019; Fraser, et al., 2018; Martin, et al.,
2013), but we reach that conclusion through a network modeling approach, in which the
transmission risk for an individual is dependent on their equipment-sharing partners and
hence heterogeneous across the population. Fraser, et al. used a compartmental model to
project prevalence and incidence of HCV infection among PWID from 2017 to 2030 with
three intervention strategies in Perry County, Kentucky. Although our modeled interventions
and time horizon are different, the relative reductions per year with similar intervention
components and coverage levels are comparable (Fraser, et al., 2019).

Our study provides insight into the roles that curative and preventive interventions could
play in seeking to achieve hepatitis C elimination. We show that although preventive
interventions also reduce person-years of infection by reducing incident infection, curative
interventions are substantially more effective, which reflects the fact that HCV treatment
quickly addresses prevalent HCV infection, preventing multiple years of infected person-
time and reducing the infection risk for their partners while they are HCV-negative.
However, our results also show that although reinfection risk after treatment is lower than
the risk of primary infection, HCV treatment has less impact on reducing incidence than
preventive interventions when coverage is low. It is therefore very important that hepatitis
C elimination plans combine preventive interventions with HCV treatment to control HCV
transmission.

Our study also provides potential insight into the role of leveraging network effects by
allocating interventions to PWID with more equipment-sharing partners. Previous modeling
work has reported inconsistent results. For example, one study found that targeting HCV
peer education services to PWID with the highest degree led to three times more HCV
infections averted over a 10-year period than allocating the intervention randomly (Fu,
Gutfraind, & Brandeau, 2016). However, another study by Zelenev et al. demonstrated that
assigning DAA treatment randomly to PWID is on average more effective than targeting
individuals with the most equipment-sharing partners (Zelenev, et al., 2017). Our study
found that degree-based allocation was more effective for both curative and preventive
interventions, but the difference was greater for preventive interventions. An important
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difference between our model assumptions and the second study mentioned (Zeleneyv, et

al., 2017) is that we assumed reduced risk of reinfection after DAA treatment (relative

to primary infection) based on meta-analyses of primary infection and reinfection after
treatment among PWID (Esmaeili, et al., 2017; Hajarizadeh, et al., 2020). In a sensitivity
analysis where we increased the risk of reinfection by 50%, random allocation of curative
interventions at coverage of 12.5% became more effective than degree-based allocation
(Table S1), consistent with the study by Zelenev and colleagues. In an additional simulation
where we assumed reinfection risk was equal to the risk of primary infection, random
allocation of curative interventions was also more effective with the higher coverage levels.
These findings explain why the previous studies came to different conclusions: the effect of
the allocation approach may be different depending on the type of intervention. PWID with
higher degrees are more likely to transmit and acquire HCV, thus are at higher priority for
any intervention that reduces transmission risks, including harm reduction services and DAA
treatment with a protection benefit for reinfection. At the same time, however, since PWID
with a higher degree are also more likely to be reinfected after they are treated and cured,
prioritizing high degree individuals for DAA treatment without preventing reinfection is less
efficient. In the current study we did not consider the possible peer influence on partner’s
behaviors (e.g., secondary syringe exchange) and uptake of interventions, which may play
arole in the effectiveness of prioritizing higher degree individuals (Rudolph, et al., 2019).
And there are more aspects to consider such as ethics and equity when making real-world
decisions on this choice.

Eligibility and health plan coverage for DAA treatment varies, with some plans requiring
abstinence from substance use prior to treatment whereas others do not, which may affect
people’s injecting behavior during and after DAA treatment. The impact on injecting

and equipment-sharing behaviors (compliance) and engagement duration (retention) of
preventive interventions may also vary. Our findings show that variations in parameters
governing effect of the interventions could substantially affect their impact on reducing
incidence, emphasizing the importance of preventing reinfection after DAA treatment,

and improving compliance and retention of preventive interventions. In our model, we
assigned curative and preventive interventions independently to individuals in the curative
+ preventive strategy. In real-world practice, programs such as SSPs could be used to refer
people to HCV treatment, so the overlap between curative and preventive interventions could
be higher than by random. Given the same coverage level, we don’t expect the extent of
overlap to substantially alter the impact on prevalence and incidence of HCV infection,
however, preventing reinfection among the cured individuals especially for those with more
advanced fibrosis may increase the overall quality-adjusted life years and decrease the
overall mortality.

Our sensitivity analyses on PWID network characteristics show that mean degree of a PWID
network had the highest impact on the reduction of both person-years and incidence of

HCV infection. PWID studies often collect information on number of injection partners. Our
findings suggest that when this information is available for a PWID population, it should

be considered in the design of hepatitis C elimination programs. For example, for a denser
PWID network like those typical in large cities, more coverage of interventions is needed to
achieve the same reduction in prevalence and incidence compared to sparser networks.
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There are several limitations in our study. First, we modeled a static network and a

closed population. In reality, entries and exits of PWID might change the population
composition, and injection partnerships can change, although the average duration of
injection partnerships reported in the SNAP PWID sample and another urban PWID sample
were both 10 years (Rudolph, Upton, McDonald, Young, & Havens, 2020; Zeleneyv, et al.,
2017). Therefore, we limited our simulations to a two-year time horizon instead of providing
a long-term prediction toward hepatitis C elimination. With longer-term interventions, the
prevalence and incidence of HCV infection can further decrease. Second, we model a

single transmission probability across all HCV-discordant partnerships, ignoring differences
in behaviors, like sharing frequency and type of equipment shared. A number of network
simulation models take the same approach (Metzig, et al., 2017; Zelenev, et al., 2017), while
others model equipment-sharing probability as a fraction of injection probability, which may
vary between individuals (Rolls, et al., 2013). We chose to simplify transmission dynamics
in this manner to avoid additional assumptions on the different transmission probabilities

of different types of sharing (e.g., sharing needle vs. sharing cotton used to prepare drugs).
We calibrated the transmission probability to the prevalence and incidence over only two
years, which could be biased due to the small number of calibration targets. A cohort

study estimated the transmission probability per sharing event to be 0.57%, with a weighted
mean of 51 sharing events per year, the monthly transmission probability would be 0.024,
compared to 0.031 in our study (Boelen, et al., 2014). Third, we included a selected number
of network statistics that are considered important for disease transmission and available
from the SNAP data, not incorporating other network characteristics could potentially affect
the distribution of transmission. Fourth, our model and the sensitivity analyses on network
characteristics are mostly based on data from rural PWID population. In future work it will
be useful to expand the model to include urban PWID to see if findings are comparable.
However, as PWID networks consist of distinct populations and their interconnections,
caution should always be taken to generalize results between different PWID populations.

Conclusion

Hepatitis C elimination strategies for rural PWID require expanded access to HCV
treatment, and also infrastructure to complement HCV treatment with preventive
interventions such as harm reduction services especially when treatment coverage is low.
DAA treatments are effective in reducing both HCV infection prevalence and incidence,
but efforts to prevent ongoing transmission risk are required to maximize its impact.
Increasing intervention coverage, taking efforts to deliver preventive interventions to those
with more injection-equipment-sharing partners, and improving compliance and retention to
preventive interventions can substantially improve the outcomes of hepatitis C elimination
interventions. PWID network characteristics including average number of injection partners
could substantially affect the intervention outcomes and should be considered when
designing hepatitis C elimination programs.
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Figure 1. PWID network graph for the main analysis
The graph shows an example of the injection network in our main analysis. PWID (the

nodes) either with current HCV infection (red) or non or previous HCV infection (blue) are
connected with injection-equipment-sharing partnerships (ties).
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Figure 2. Relative (percentage) reductions in person-years of HCV infection and incidence
rate over two years among the simulated PWID network with different intervention strategies,
coverage levels, and allocation approaches

The results of relative reductions (y-axis) are presented by outcome measures (row titles),
intervention strategies (column titles), coverage levels (x-axis), and allocation approaches
(colors). In each panel, the bars and error bars show the means and 95% CI over 1000
iterations of model simulation.
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Figure 3. Impact of curative and preventive intervention effect parameters and network
parameters on person-years and incidence of HCV infection

Figure 3a presents results for person-years of infection in the upper panel and incidence
rate in the bottom panel. In each panel, the parameters varied in the sensitivity analysis

are shown as row labels, and the value axis shows relative reductions in the outcomes in
relation to differences in the parameter values. For each parameter, the point in the middle
represents the relative reduction for a corresponding intervention (“curative alone” for
curative intervention parameters, “preventive alone” for preventive intervention parameters)
in the main analysis (base-case), and the endpoints of lines represent relative reductions
when the parameter value was varied from the base-case level (variation noted by line
colors). The results are from interventions at an annual coverage of 25% and degree-based
allocation, results of other coverage levels and allocation approaches are qualitatively similar
(summarized in the Supplement Figure S1).
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Figure 3b presents results for person-years of infection in the upper panel and incidence

rate in the bottom panel. In each panel, the parameters varied in the sensitivity analysis are
shown as row labels, and the value axis shows baseline values (before intervention) of the
outcome under variation in parameter values. For each parameter, the point in the middle
represents the baseline value of the corresponding outcome in the main analysis (base-case),
and the endpoints of lines represent the baseline values of the corresponding outcomes when
the parameter value was varied from the base-case level (variation noted by line colors).
Figure 3c presents results for person-years of infection in the upper panel and incidence

rate in the bottom panel. In each panel, the parameters varied in the sensitivity analysis are
shown as row labels, and the value axis shows relative reductions in the outcomes in relation
to differences in the parameter values. For each parameter, the point in the middle represents
the relative reduction after intervention in the main analysis (base-case), and the endpoints
of lines represent relative reductions when the parameter value was varied from the base-
case level (variation noted by line colors). The results are from curative + preventive at an
annual coverage of 25% and degree-based allocation, results of other coverage levels and
allocation approaches are qualitatively similar (summarized in the Supplement Figure S1).

Int J Drug Policy. Author manuscript; available in PMC 2025 August 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Zhu et al. Page 20

Table 1
Model parameter values
Main Sensitivity
Parameters analysis analyses References
Network simulation
Population size 1000 500, 2000 Expert opinion

SNAP, (Grande, et al., 2015; Grau, Zhan, & Heimer,
Baseline HCV antibody positivity, % 59 50, 70 2016; Habecker, et al., 2018; Zibbell, Hart-Malloy,
Barry, Fan, & Flanigan, 2014)

SNAP, (Abadie, Welch-Lazoritz, Gelpi-Acosta, Reyes,
& Dombrowski, 2016; Campbell, et al., 2017; Duncan,

Mean degree (i.e., average number of 1.43 05,3 etal., 2017; Grande, et al., 2015; Grau, et al., 2016;

*

partners ~ per person) Habecker, et al., 2018; Thrash, et al., 2018; Zibbell, et
al., 2014)

Isolates, % (i.e., individuals with no

Jolie. 37 NA SNAP
partners )
Ratio of mean degree * between HCV 173 1,3 SNAP, (Abadie, et al., 2016; Zibbell, et al., 2014
antibody (+) and (=) PWID ' ' ' ( ' v ! ' ” )
HCV sero-discordant partnerships *, % 29 15, random? SNAP, expert opinion
Transitivity (triangle density /) 0.28 random?, 0.4 SNAP, expert opinion
HCV transmission and natural history
HCV seroconversion incidence rate, per 100

iy’ P 24.8 - SNAP

person-year-at-risk
Monthly transmission probability per HCV- 0.031 } Calibrated

discordant partnership

(Grebely, et al., 2007; Hofer, et al., 2003; Micallef,
HCV spontaneous clearance, % 25 - Kaldor, & Dore, 2006; Smith, et al., 2016; Thomas, et
al., 2009; Young, et al., 2012)

Interventions

DAA efficacy (cure rate), % 95 - (Gane, et al., 2013; Poordad, et al., 2013)

DAA treatment duration, months 3 - (Gane, et al., 2013; Poordad, et al., 2013)

Relative risk of HCV infection and 0.34 0.7 0.51 (Esmaeili, et al., 2017; Hajarizadeh, et al., 2020;
transmission during and after DAA treatment? o Valencia, et al., 2019), expert opinion

Relative reduction in transmission probability 05 0.95. 0.75 (Abdul-Quader, et al., 2013; Patel, et al., 2018), expert
while engaged in preventive interventions ’ B opinion

Duration of engagement in preventive 12 6 18 (Gindi, Rucker, Serio-Chapman, & Sherman, 2009),

interventions, months expert opinion

Abbreviation: HCV, hepatitis C virus; PWID, people who inject drugs; SNAP, Social Networks among Appalachian People.

*
Partnerships defined as injection-equipment-sharing partnerships

fThere were 7% of partnership triangles (three PWID sharing injection equipment with each other) that are closed, i.e., number of triangles divided
by number of 2-stars (two PWID sharing with another common PWID). We transformed the measure as proportion of partnerships that belongs to

at least one triangle, corresponding to normalized geographically weighted edge-wise shared partner (GWESP(0)) in ERGM.

’tFor these network variations, we did not find information from literature to specify the ranges for sensitivity analyses. In nature, when there is
more serosorting, percentage of discordant partnership would be lower and we hence used half of the main analysis value as the lower bound; since
no heterophily (individuals prefer to partner with individuals with different infection status) has been observed, we used random (i.e., excluding
this term in ERGM, letting discordant partnerships to emerge at random) as the upper bound, and the average percentage of discordant partnership
in simulated networks with this setting was 0.41. Similarly, we used random as the lower bound for transitivity, and the mean in the simulated
networks was 0.006.
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§The SNAP study collected HCV antibody testing results. To calculate seroconversion incidence, only those who were HCV antibody negative
were counted as susceptible (denominator), and those who were newly infected but spontaneously cleared would still be counted in the numerator
because they would still develop antibody. These make the value greater than the true HCV infection incidence as shown in our simulation results.

”The relative risk is applied to the transmission probability. We used incidences of reinfection and primary infection in the two systematic reviews
to calculate the relative risk.
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