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ARTICLE INFO ABSTRACT

Keywords: Background: Ukraine, a country of 45.5 million people, has one of the most volatile HIV and HCV epidemics in
HIV the world. In this paper, we estimate the prevalence of HIV and HCV among PWID in five Ukrainian cities.

HCV Methods: A cross-sectional study was conducted in 2014-2015, based on stratified hybrid sampling with random
Prevalence and respondent driven sampling in five cities: Kyiv, Odesa, Mykolaiv, Dnipro and Lviv. Using data on HIV and
E‘grlgne HCV antibody testing from 1613 respondents, we evaluate selection bias in the sampling methods by analyzing

spatial and network patterns of sampling processes. We develop and apply inverse probability weights in order to
estimate the HIV and HCV prevalence in each city, as well as in the overall sample.

Findings: The aggregate HIV prevalence for the five cities is 35.1% (95% CI: 29.5%-38.5%) but this varied
considerably by city: in Kyiv the HIV prevalence is 26.6% (95% CI: 20.3.8%-33.4%), in Odesa — 38.2% (95% CI:
29.8% and 47.1%), in Mykolaiv - 42.0% (95% CI: 34.3%-49.2%), in Dnipro — 58.8% (95% CI: 52.2%-65.8%),
and in Lviv 24.6% (95% CI: 18.8%-30.8%). The aggregate HCV prevalence estimate for the five cities is 58.6%
(95% CI: 54.9%—61.7%). The highest HCV prevalence is estimated in Kyiv — 84.8% (95% CI: 78.5%-90.1%).
HCV prevalence in Odesa is the lowest and estimated to be 36.5% (95% CI: 29.5%-45.1%), in Mykolaiv — 49.1%
(95% CI: 41.5%-57.0%), in Dnipro — 56.1% (95% CI: 50.3%-63.4%) and in Lviv 38.5% (95% CI: 31.8%—45.0%).
Conclusions: Monitoring behavioral and health outcomes of PWID on a regular basis is necessary for determining
prevention and treatment priorities for HIV and HCV infections in Ukraine and elsewhere. The heterogeneity of
the local epidemics provides insights into the best prevention and treatment strategies to be deployed in low-
resource settings.

Respondent-driven sampling
Sample selection bias

Background reduction programs (Mazhnaya et al., 2016). The hidden nature of

PWID poses significant challenges to estimating the size of the popu-

Ukraine, a country of 45.5 million people, has one of the most vo-
latile HIV and HCV epidemics in the world. While HIV transmission and
mortality have decreased globally, the HIV epidemic in Ukraine con-
tinues to grow (Booth et al., 2016; UNAIDS, 2017). Ukraine’s harsh
criminalization of drug use favors incarceration over rehabilitation,
which further contributes to ongoing HIV and HCV transmission (Altice
et al., 2016). Stigma, discrimination, and fear of criminal prosecution
contribute to the marginalization of people who inject drugs (PWID),
many of whom refuse or underuse addiction treatment and harm

lation and disease prevalence among this group (Semaana, Santibanez,
Garfein, Heckathorn, & DesJarlais, 2009). Among the estimated
340,000 PWID (172,000-520,000) in Ukraine, the HIV prevalence is
approximately 19.1% (16.2-22.2), while the estimated HCV prevalence
is 53.9% (49.2-58.7) (Balakirieva, Bondar, Loktieva, Sazonova, &
Sereda, 2014; Barska & Sazanova, 2016; Degenhardt et al., 2017). In
2016, the HCV prevalence among PWID was estimated to be 56% based
on a sample of 8512 PWID who were prescribed opioid agonist thera-
pies (OAT) with methadone or buprenorphine in a healthcare setting
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(Alliance for Public Health, 2016). Data from treatment facilities,
however, may not be fully representative of all PWID, the majority
(approximately 97%) of whom do not receive OAT.

Both HIV and HCV prevalence throughout Ukraine, however, is
variable and potentially related to regional micro-epidemics that re-
quire further exploration (Zaller et al., 2015). The HIV prevalence es-
timates between different geographical locations range from 3% to
50%, while the HCV prevalence ranges from 8.8% to 60.1%
(Balakirieva et al., 2014). Regional variation may, however, also reflect
selection biases inherent in the method of sampling, rendering accurate
comparisons across time within geographical areas highly problematic.
For example, the mean of the square deviation of HIV prevalence within
cities from 2009 to 2015 is as high as 40%, indicating a lack of con-
sistent estimates across time (Balakirieva et al., 2014; G. Berleva &
Sazonova, 2017). The data for HCV estimates among PWID are even
more limited than for HIV, and exhibit a similar pattern of variation
within cities. City-level HCV prevalence estimates collected in 2013
through RDS are an order of magnitude higher than HCV estimates
collected in the same set of cities in 2011, despite the similarity of
sampling methods used (Balakirieva et al., 2014). Given the variability
of the estimates due to sampling biases, the overall objective of this
study is to assess the performance of the sampling methods and to es-
timate HIV and HCV prevalence among PWID in five Ukrainian cities
using a combination of random sampling and RDS. In the process of
estimation, we aim to identify and correct for sample selection bias.

Methods
Setting

The HIV and HCV epidemics in Ukraine are concentrated in PWID,
with 56% of new HIV infections in Ukraine attributable to drug injec-
tion (Ministry of Health of Ukraine, 2010; UNAIDS, 2010). In 2015,
there were over 292,000 registered HIV cases, while over 1.2 million
people are estimated to be infected with HCV (Ministry of Health of
Ukraine, 2018, 2015); there is no HCV registration program nationally.
Initially, in the post-Soviet era, the HIV prevention and treatment ef-
forts focused on the introduction of needle and syringe exchange (NSP)
and expanded gradually to incorporate OAT for treating opioid use
disorder. OAT with buprenorphine were first introduced in Ukraine in
2004 (Bruce, Dvoryak, Sylla, & Altice, 2007; Lawrinson et al., 2008),
followed by methadone maintenance treatment in 2008 (Schaub,
Chtenguelov, Subata, Weiler, & Uchtenhagen, 2010), and was prior-
itized for HIV-positive patients. Despite the reported effectiveness of
OAT, scale-up in Ukraine remains limited (Bojko et al., 2015;
Degenhardt et al., 2014; Mazhnaya et al., 2016), as less than 3% of
PWID are currently receiving OAT treatment.

Study design and data

From January 2014 to March 2015, self-administered surveys with
linked HIV and HCV testing was conducted in five large cities: Kyiv
(Kiev), Odesa (Odessa), Mykolaiv (Nikolaev), Dnipro (Dnepropetrovsk),
and Lviv (Lvov). Recruitment occurred sequentially (approximately
60-90 days per city) between 2014 and 2015. The sample was stratified
by three groups of PWID: 1) currently on OAT; 2) previously on OAT;
and 3) never on OAT. The overall objective of the study was to un-
derstand drug use behavior, health outcomes, risk factors, and barriers
and facilitators of accessing OAT treatment among PWID in Ukraine.

The eligibility criteria and sampling methods have been previously
described (Kutsa et al., 2016). Briefly, participants were over the age of
18 and met ICD-10 criteria for opioid dependence. Study participants
who were currently or previously on OAT were randomly selected from
client lists obtained from OAT sites in each city and invited by outreach
workers to participate in the study. Respondent Driven Sampling (RDS)
was used primarily to recruit clients who had never been on OAT, but
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also included some clients prescribed it. RDS seeds were selected based
on criteria that included residential location, age, injection duration,
and gender. After completing the online survey, all respondents un-
derwent point-of-care HCV and HIV testing by medical personnel, with
post-test counseling. Participants were paid 100 UAH (~US$4-10) for
completing the survey, and earned 20 UAH (~US$1-2) for up to 3 re-
cruited PWID peers (Salganik & Heckathorn, 2004). The study was
approved at Institutional Review boards at Yale University and the
Gromashevskiy Institute at the National Academy of Medical Sciences.
Additional details on the study design and implementation are con-
tained in Section A of the online Supplementary Appendix.

Study definitions

The primary outcomes, HIV and HCV, were assessed using rapid
tests (CITO TEST HIV 1/2/0, Pharmasco and CITO TEST HCV,
Pharmasco) based on the presence of disease antibodies. The testing was
administered by professionally-trained medical staff. Participation in
OAT was confirmed based on review of clinical records in the case of
the random sampling, while in the RDS, the frequency and type of OAT
prescribed was gathered by self-report. The population size statistics for
the OAT groups were taken directly from the administrative records of
OAT programs, as well as based on medical records, while population
size estimates of PWID who had no OAT experience were based on
previously published research (G. Berleva et al., 2012). Network size for
each RDS participant was defined in terms of the number of PWID each
person reported knowing personally in his/her city by name or nick-
name, who also knew the respondent by his/her name. In addition,
each respondent was asked to name an intersection of streets closest to
his or her residential locations, which were geocoded into latitude and
longitude coordinates and used in the spatial analysis.

Statistical methods
Overview of analytical strategy

Traditional probability-based sampling, including stratified random
sampling, has a crucial advantage over non-probability-based methods,
such as snowball sampling and RDS. This is because the former in-
creases the likelihood of obtaining samples that are representative of
the target population due to individuals’ having an equal probability of
being chosen for the sample, usually by chance. If random probability-
based sampling is carried out independently in each stratum, the pre-
valence of infectious diseases for each city can be estimated as a
weighted average of the disease prevalence in each city’s strata, where
the weights are equal to the share of the population in each strata,
following the conventional stratified sampling approach (Cochran,
1977; Seber & Salehi, 2013). In the case of non-random sampling, the
estimator based on the weighted average of the prevalence in each
strata is likely to be biased. Due to the hidden nature of the PWID
population, random selection has proven to be challenging and RDS has
emerged as an effective sampling method for PWID recruitment
(Malekinejad et al., 2008; Salganik & Heckathorn, 2004; Volz &
Heckathorn, 2008). Many researchers, however, have raised concerns
regarding RDS, as a chain referral method that starts from a convenient
sample and suffers from selection bias that may not disappear as the
sample grows in size (Erickson, 1979; Heimer et al., 2005; Zelenev,
Long, Bazazi, Kamarulzaman, & Altice, 2016). Given the shortcomings
of RDS, we adopted a hybrid sampling approach in our study. We di-
vided the population into strata based on OAT experience and used a
combination of random sampling along with RDS to collect the survey
data. Stratification based on OAT experience ensured that the in-
dividuals who participated in OAT would enter the sample, as they
represent less than 5% of PWID in the population and have a high risk
of being excluded by RDS. We assess the performance of the RDS
sampling method by comparing RDS to the random sampling method,
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and we develop a sample-selection-bias correction using inverse prob- total population size estimates. We evaluate the bias within the OAT
ability weights. The novelty of the method is the effort to develop a new strata, and, using the proposed correction, we estimate HIV and HCV
type of probability weight that combines random sampling, RDS, and prevalence in each city and for the entire sample.
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Fig. 1. HIV and HCV Cumulative Prevalence by City and Sampling Method (N = 1613).
Note: Shaded regions represents 95% Confidence Interval estimated by nonparametric bootstrap. The cumulative prevalence is based on the unweighted sample
proportion of HIV and HCV positive individuals calculated over time leading up to each time point.
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Data visualization
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Fig. 1. (continued)

geographical and network variability in the data and examine the
patterns of clustering among observations. We used ArcGIS software to

We compare spatial and temporal patterns of HIV and HCV pre- map the residential location of disease clusters in both RDS and random
valence in the RDS and random samples. First, we plot a series of cu- samples, and we use the package igraph in R to produce network plots of
mulative sample prevalence estimates for each disease, HIV and HCV, the disease among RDS respondents (ESRI, 2011; Gabor & Nepusz,
in each city and for each method of sampling. The cumulative pre- 2015).

valence estimates are based on the proportion of HIV and HCV positive
individuals recruited over time, and provide means to identify a lack of

convergence, as well as examine the dependence among observations in

Spatial statistical methods

the data over time (Bazazi et al., 2015; Gile, Johnston, & Salganik,

2015). In addition, we create several visual diagrams to display

In order to identify the possible sources of selection bias due to
recruitment within networks and residential locations, we compare the
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spatial properties between RDS and random sampling methods. We
compute Ripley’s K statistic, which is related to the variance of the
point process and measures the expected number of points within a
specified distance of an observed event (Ripley, 1977). We assess the
significance of the difference in Ripley’s K functions between random
and RDS samples using a Monte Carlo procedure suggested by Diggle
and Chetwynd, in which we randomly reshuffled points between the
two sampling groups and plotted the boundary of the difference in K-
functions (Diggle & Chetwynd, 1991). Significant differences between
the sampling processes would indicate differences in the amount of
clustering between two processes over distances, comparing them not
only to each other, but also to a complete spatially random process
(CSR), simulated by a Poisson process (Diggle & Ribiero, 2007). We
then computed auto-spatial correlations of the two diseases for both
RDS and random samples for each city using spatial probit models
(LeSage & Pace, 2009). In the spatial probit models, we condition on
several variables that include age, gender, years of injection, previous
heroin use, and network size. We varied the distance in the contiguity
matrix, which is a matrix that is used to specify the relative spatial
position in the spatial probit model. In addition to auto-spatial corre-
lations, we also estimate auto-correlation of disease within the re-
cruitment network of the RDS sample in each of the five cities. The
analysis was implemented in R and Matlab (R Core Team, 2017; The
MathWorks Inc., 2015).

Prevalence estimation with a selection-bias correction

To assess the magnitude of bias in the RDS, we take advantage of the
overlapping strata based on OAT participation, which allows us to
compare the disease distribution in the RDS directly to a random
sample. The problem of selection bias, including in the RDS, can be
reframed as a problem of missing data, in which the mechanism for the
missingness is non-ignorable (Rubin, 1976). Inverse probability
weighting (IPW), a method in which each point is weighted by the
probability of being in the sample, was first proposed by Horvitz and
Thomson in 1952 and has been widely used to correct for sample se-
lection bias (Horvitz & Thompson, 1952; Little & Rubin, 1987;
Wooldridge, 2002). For example, the relatively popular Volz-Hecka-
thorn estimator is based on the idea of inverse probability weighting, in
which the weights are proportional to the size of a respondent’s net-
work (Volz & Heckathorn, 2008). Using data on the size of the popu-
lation in the OAT strata, we can estimate probabilities of non-response
for the OAT sample directly and use the estimated probabilities to
construct weights and adjust the estimates for sample selection bias.
The appendix contains the technical details describing the procedure
used to construct the inverse probability weights (see Section C in the
Supplementary Appendix). The 95% confidence interval for prevalence
was estimated by the non-parametric bootstrap, in which the sampling
probabilities were recalculated based on resampling with replacement
from the different strata (Rao, Wu, & Yue, 1992). In cities with very
small OAT samples within RDS, confidence intervals were not com-
puted due to insufficient number of observations, and sampling cor-
rection was applied based on the observed data.

Results

The total sample size was 1613. Fig. 1 presents the cumulative
disease prevalence for each infection over time, for each city and each
sampling method. Fig. 2 presents geographic spatial and network pat-
terns of participant residential locations in the RDS and random sam-
ples. Table 1 provides HIV and HCV prevalence estimates within sam-
pled and non-sampled OAT strata, and contains derivations of sampling
weights, which are used to calculate HIV and HCV prevalences for each
city. The final estimates of disease by city are contained in Tables 2A
and 2B.
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Convergence plots: RDS vs random sampling

Generally, the HIV and HCV convergence plots appear to be rela-
tively stable with some notable exceptions. The plots that indicate a
probable lack of convergence include the HCV plots in the RDS sample
in Mykolaiv, the HCV plots in the random sample in Dnipro, and the
HCV plots in the random sample in Lviv. These plots have large fluc-
tuations over time that do not appear to settle around a particular value
(Fig. 1). In Mykolaiv, the lack of convergence in the RDS data indicates
that the respondents that arrived in the second half of the study had
significantly lower HCV rates compared to respondents in the first half
of the study. In Lviv, the large fluctuations over time in the random
sample in HIV and HCV stem from the small sample size, as the random
sampling proved to be more challenging to implement compared to the
RDS. In other cities such as Kyiv, Odesa, and Lviv, the RDS samples
have attained relative convergence in HIV and HCV prevalence rates;
while in Dnipro there is not enough evidence to either corroborate or
refute the convergence in HIV and HCV cumulative prevalence in the
RDS sample.

Spatial and network patterns: RDS vs random sampling

The comparison of RDS and the random samples is presented in
Fig. 2 and suggests two distinct groups. In the first group, which con-
sists of Odesa, Dnipro, and Lviv, the RDS and random samples are si-
milar with respect to spatial and network patterns in three ways. First,
the differences in the Ripley’s K statistic are not statistically significant
between RDS and random samples, as indicated by the Diggle and
Chetwynd simulated bounds within which the estimated difference line
falls (Figs. 2.3B, 4.3B & 5.3B). Similarities in Ripley’s K statistic suggest
that RDS and random sampling processes have a similar clustering
pattern over distance. Second, the HIV and HCV status of respondents
are not significantly associated with the average HIV and HCV status of
social peers and neighbors over distance in both the RDS and the
random samples, as evident from the non-significant auto-correlation
coefficient from the probit regressions (Figs. 2.5A-2.5C; 3.5A-3.5C &
5.5A-5.5C). Third, RDS and the random sampling penetrate similar
physical areas, which can be seen from the geographical maps.

In the second group, which includes Kyiv and Mykolaiv, the RDS
and random samples are significantly different with respect to the
spatial and network patterns. First, in both Kyiv and Mykolaiv the RDS
is much more highly concentrated spatially, as indicated by the higher
values of Ripley’s K statistic. The differences in the Ripley’s K statistic
are significantly different from one another, as evident from the esti-
mated difference lying outside the Diggle and Chetwynd simulated
bounds in Figs. 1.3B & 4.3B. Second, in the random sample in both
cities, the HIV and HCV infection statuses are not correlated between
individuals over short distances, whereas in the RDS sample these are
highly correlated either spatially or in the network (Figs. 1.5A & 4.5A).
In Kyiv, for example, the HIV status of respondents is highly correlated
with the average HIV status of friends and neighbors residing within
close distances (< 1km) who are recruited through the RDS, although
this correlation declines and becomes non-significant as social and
physical distance between respondents increases. In Mykolaiv, the HCV
status of respondents is correlated with the average HCV status of
neighbors residing in close distances (< 1 km); while the HCV status is
not correlated with the average HCV status of social network peers
recruited through RDS (Figs. 1.5B, 1.5C, 3.5B, 3.5C). Third, RDS is
confined in geographical range, penetrating fewer neighborhoods re-
lative to the random sample. In Kyiv, more than 80% of the individuals
recruited through RDS resided in 3 of the 10 neighboring districts, and
some districts were excluded from the sampling. In the random sample,
respondents from all 10 districts were present (Figs. 2.1 & 2.2). Similar
to Kyiv, the Mykolaiv RDS failed to reach several neighborhoods that
the random sample was able to access, particularly in the South.
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Comparison of Disease Prevalence and Sampling Rates among OAT
Participants

The RDS’s performance in terms of sampling different risk groups
varied among cities, and evidence for the presence of selection bias was
found in several cases. The fraction of OAT participants in all five cities
in the RDS sample was approximately 8% of the total RDS sample,
whereas in the administrative data from the OAT programs, the esti-
mated fraction of OAT participants is closer to 4%, and the differences
are statistically significant when Fischer’s exact confidence bounds

International Journal of Drug Policy 67 (2019) 91-101

were calculated (not shown). Kyiv had the highest rate of oversampling
of OAT participants, as 21% of the RDS sample indicated having ex-
perience with OAT. By contrast, the OAT participation rate gleaned
from administrative data suggests 4% of the total PWID population in
Kyiv participated in OAT. In other cities that include Dnipro, Mykolaiv,
and Lviv, the rate of OAT participation in the RDS sample corresponded
closely to the population rate, which was estimated from the adminis-
trative data, and the sample size was very small. In Odesa, the fraction
of OAT participants in RDS was below the fraction of OAT participants
estimated from the administrative data (1.5% vs 5.7%).
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Fig. 2. (continued)

In most cities, with the exception of Kyiv, HIV prevalence estimates
based on the OAT subsample are indistinguishable from the estimates
based on the random sample when uncertainty and sample size are
taken into account (Table 1). In Kyiv, by contrast, the HIV prevalence
among OAT participants was significantly different from the HIV pre-
valence among members of the random sample (13.6% vs 44.7%) at the
5% significance level. The difference appears to be due to a lower rate
of sampling of HIV-positive individuals relative to HIV-negative in-
dividuals — the probability that a PWID with HIV is sampled is 20%
lower than the probability that an HIV-negative person is sampled
(Table 1). By contrast, in Odesa, the probability that HIV-positive in-
dividuals appear in the sample are 15% higher than the probability of
HIV-negative individuals appearing, leading to an observed difference
in estimated HIV prevalence rates (41.8% vs 66.7%). In other cities
where the sampling rate was similar for HIV-positive and HIV-negative
groups, as the relative risk proportions are close to unity, the difference
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in the HIV prevalence rates between random sampling and RDS were
not statistically significant (Table 1).

In all five cities, the HCV prevalence estimates based on an RDS
OAT subsample are indistinguishable from the estimates based on the
random sample (Table 1). The largest differences in the sampling rates
between HCV-positive and HCV-negative individuals in the RDS were
observed in the Kyiv and Odesa samples, yet those differences did not
affect the HCV prevalence estimates. In Kyiv, the HCV-positive in-
dividuals on OAT recruited through RDS, on average, were 15% more
likely to appear in the sample than HCV-negative individuals on OAT.
The HCV prevalence in the random and RDS samples among OAT
participants were 81.8% and 89.7%, respectively, though not statisti-
cally significant. In Odesa, HCV-positive individuals were 15% less
likely to appear in the sample than HCV-negative individuals, and the
HCV prevalence in random and RDS samples were 47.0% and 77.7%
respectively, though not statistically significant due to uncertainty from
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a small sample. In other cities, the risk ratios relating to the sampling
probabilities conditional on HCV were close to unity, suggesting the
conditional probabilities of being sampled were close to one another in
the different disease groups.

The estimates of HIV and HCV (with a correction for selection bias)

Once we apply the bias correction, in the form of inverse probability
weights based on the differential response within the OAT sample, the

Table 1

aggregate HIV prevalence for the five cities is estimated to be 35.1%
(95% CI: 29.5%-38.5%) and varies considerably by city. The HIV
prevalence estimate is highest in Dnipro - 58.8% (95% CI:
52.5%-65.8%) and lowest in Kyiv - 26.6% (95% CI: 20.3%-33.3%) and
Lviv - 24.6% (95% CI: 18.8%-30.8%). Estimates for Odesa - 38.2%
(95% CI: 29.8%—47.1%) and Mykolaiv - 42.0% (95% CI: 34.3%-49.2%)
were in between these extremes.

The aggregate HCV prevalence estimate for the five cities is 58.6%
(95% CI: 54.9%—-61.8%). Estimated HCV prevalence is highest in Kyiv -

Prevalence of HIV and HCV infection in PWID within the Opioid Agonist Treatment (OAT) Group.

Location Total Random Sample RDS Sub-Sample Not Sampled Probability of Being Sampled Conditional on Disease

HIV Infection N N % HIV + N % HIV + N % HIV + P(Obs | HIV+) P(Obs | HIV-) Risk Ratio

Kyiv 1080 208 44.7 44 13.6 828 46.3 0.205 0.256 0.80
(38.1, 51.2) (4.5, 25.0) (39.1, 53.2)

Odesa 259 57 41.8 9 66.7 193 40.7 0.275 0.240 1.15
(28.1, 54.8) (33.3, 88.9) (27.5, 54.5)

Mykolaiv 894 190 42.8 13 30.8 691 43.1 0.223 0.230 0.97
(35.85 50.5) (7.7, 57.7) (36.0, 50.0)

Dnipro 383 160 55.7 5 54.8 218 56.1 0.431 0.431 1.00
(44.4, 58.6) NA (46.8, 64.4)

Lviv 157 65 55.9 3 33.33 89 56.7 0.425 0.443 0.96
(46.6, 64.1) NA (44.9, 68.6)

Location Total Random Sample RDS Sub-Sample Not Sampled Probability of Being Sampled Conditional on Disease

HCV Infection N N % HCV + N % HCV + N % HCV + P(Obs | HCV +) P(Obs | HCV—) Risk Ratio

Kyiv 1080 208 89.7 44 81.8 828 90.2 0.230 0.265 1.15
(84.2, 93.2) (70.5, 90.9) (85.6, 94.7)

Odesa 259 57 47.0 9 77.7 193 45.6 0.278 0.235 0.85
(34.3, 60.5) (44.4, 100) (32.4, 58.9)

Mykolaiv 894 190 75.8 13 84.6 691 75.6 0.229 0.222 0.97
(69.6, 81.7) (61.5, 100) (69.3, 81.6)

Dnipro 383 160 51.6 5 60.0 218 51.4 0.433 0.429 0.99
(43.5, 59.8) NA (43.1,59.6)

Lviv 157 65 66.6 3 33.3 89 67.7 0.424 0.452 1.07
(55.8, 77.8) NA (56.3, 79.3)

Note: The prevalence within OAT group is based on a weighted average of the proportion of HIV and HCV positive individuals in two strata: previously on OAT and
currently on OAT. The total population estimates of OAT participation were obtained from the administrative records of OAT programs. Relative risk ratios are
calculated by dividing probability of being observed conditional on testing positive for disease by probability of being observed conditional on testing negative for

disease.

98



A. Zeleney et al.

Table 2A
HIV Prevalence among PWID in 5 cities: Weighted Estimates for OAT, non-OAT
and Total Population. (N = 1613).

Non-OAT OAT Total
Location N Prevalence N Prevalence Prevalence

(CI%) (CI%) (CI%)

Kyiv 205 25.8 208 44.7 26.6
(18.7,33.5) (38.1, 51.2) (20.3,33.3)

Odesa 158 38.2 57 41.8 38.2
(28.1, 48.1) (28.1, 54.8) (29.8, 47.1)

Mikolaiv 154 41.9 190 42.8 42.0
(33.3, 50.4) (35.85 50.5) (34.3, 49.2)

Dnipro 208 58.6 160 55.7 58.8
(52.5, 65.9) (44.4, 58.6) (52.2, 65.8)

Lviv 208 23.7 65 55.9 24.6
(17.8 30.6) (46.6, 64.1) (18.8,30.8)

Total Estimate 933 34.2 680 46.6 35.1
(28.9, 36.7) (42.2,51.1) (29.5,38.5)

Table 2B
HCV Prevalence among PWID in 5 cities: Weighted Estimates for OAT, non-OAT
and Total Population. (N = 1613).

Non-OAT OAT Total
Location N Prevalence N Prevalence Prevalence

(CI%) (CI%) (CI%)

Kyiv 205 84.6 208 89.7 84.8
(78.1, 90.1) (84.2, 93.2) (78.5, 90.1)

Odesa 158 36.2 57 47.0 36.5
(28.2, 45.1) (34.3, 60.5) (29.5, 45.1)

Mikolaiv 154 46.7 190 75.8 49.1
(38.3, 55.4) (69.6, 81.7) (41.5, 57.0)

Dnipro 208 56.4 160 51.6 56.1
(50.1,62.8) (43.5, 59.8) (50.3, 63.4)

Lviv 208 38.1 65 66.6 38.5
(31.2, 45.3) (55.8, 77.8) (31.8, 45.0)

Total Estimate 933 58.2 680 70.3 58.6
(55.3, 62.0) (66.2, 74.1) (54.9, 61.8)

84.8% (95% CI: 78.5%-90.1%) and lowest in Lviv - 38.5% (95% CI:
31.8%-45.0%). In Odesa, Mykolaiv, and Dnipro, the HCV prevalence is
36.5% (95% CI: 29.5%—45.1%), 49.1% (95% CI: 41.5%-57.0%), and
56.1% (95% CIL: 50.3%-63.4%), respectively.

Discussion

Our estimates for HIV and HCV prevalence using a different sam-
pling frame and correction factors are 35.1% and 58.6%, respectively.
In the case of HIV, the estimates here are higher than a 2014 country-
wide study based on a national city-wide survey (19.1%) of PWID
(Balakirieva et al., 2014; L. Degenhardt et al., 2017). When dis-
aggregating the reported data from a 2014 survey, HIV prevalence was
markedly different in the five cities we studied: Kyiv (14.9%), Odesa
(30.2%), Mykolaiv (31.8%), Dnipro (31.2%), and Lviv (23.5%). In four
cities (Kyiv, Odesa, Mykolaiv, and Dnipro), our point estimates for HIV
prevalence were 10-20% higher compared to the 2014 multi-city
survey. Our estimate for the HIV prevalence in Lviv, however, was
identical to the estimate from the national multi-city survey. The largest
differences between our estimates of HIV prevalence and the national
survey are remarkable for Kyiv and Mykolaiv. According to the biennial
multi-city surveys of PWID, HIV prevalence in Kyiv ranged from
15%-20% from 2013 to 2015, and 27%-31.8% in Mykolaiv, suggesting
that these surveys may underestimate the “true” HIV prevalence in
those two cities (Balakirieva et al., 2014; Barska & Sazanova, 2016).
Our estimates for HIV prevalence in Kyiv and Mykolaiv align more
closely with estimations from previous years in the national survey
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In the case of HIV, findings here have important implications for
study designs that employ RDS and other convenience sampling
schemes. For example, in Kyiv, we found some evidence of selection
bias in the RDS sample relative to respondents randomly selected from
OAT lists. The RDS respondents were more likely to participate in the
OAT program compared to the overall population of PWID in Kyiv, but
they were also more likely to be HIV-negative relative to the re-
spondents that were drawn from the same HIV distribution within the
OAT groups. Overall, the RDS sample in Kyiv was less representative
than the sample in other cities: RDS was more likely to recruit PWID
who resided in similar neighborhoods in a smaller geographic area, but
also included respondents with HIV and HCV statuses that were similar
to their network peers. In the case of Kyiv, the HIV convergence plot for
RDS failed to indicate the presence of selection bias, suggesting the
need for the development of a better diagnostic toolkit. In addition, RDS
in Kyiv did not provide geographic diversity to the same extent that the
random sampling method did, excluding neighborhoods from the
sample that clearly had PWID residents. Kyiv is the capital of Ukraine
and one of the most populous cities, with an estimated PWID popula-
tion of more than 31,000, which is as high as the combined estimate of
PWID population in Lviv, Dnipro, and Mykolaiv. An improvement in
the RDS design would entail a strategy that accounts for the size of the
population and geographical variability by selecting seeds that could
reach a wider range of neighborhoods as well as selecting research sites
that are accessible to residents from more neighborhoods. This finding
is similar to those in Kuala Lumpur, Malaysia, where HIV prevalence in
PWID differed markedly based on the neighborhood where recruitment
occurred (Zelenev et al., 2016). Compared to Kyiv, the selection bias in
RDS samples was minimized more in the other cities sampled (Dolan
et al., 2016; Joint United Nations Programme on HIV/AIDS (UNAIDS)
(2016)). We found evidence that in Odesa, Dnipro, and Lviv, the RDS
exhibited patterns that were similar to the patterns of the random
sample, including similar levels of clustering, geographical coverage,
and a lack of dependence of HIV or HCV status within a network and
across geographical locations. Some of the similarities between our
random and RDS samples may be due to the geographic compactness of
smaller cities and a well-developed system of transportation that con-
nects different parts of the cities. Although OAT samples were too small
to conclude definitively, in Dnipro, Mykolaiv and Lviv, the OAT sub-
samples in the RDS and the random sample had similar levels of HIV
and HCV prevalence. While RDS does not incorporate the sampling
timeframe, using available statistics on the size of the population par-
ticipating in harm reduction programs and OAT might help to under-
stand and quantify possible selection biases. Using the hybrid sampling
strategy in this analysis, we were able to develop a correction for the
selection bias. When incorporating the corrective sampling weights, the
HIV prevalence in Kyiv increased, while in other cities, such as Myko-
laiv, Dnipro, and Lviv, where the selection bias was not as pronounced,
the weights did not affect the city-level HIV and HCV estimates.

The high levels of HIV prevalence in the random and RDS samples,
particularly in Odesa, Mykolaiv, and Dnipro, raise alarm about the
possible convergence of HIV prevalence between OAT and non-OAT
groups. This was not the case when OAT was introduced over a decade
ago, when HIV-infected PWID were prioritized for OAT. The decline in
the gap in HIV prevalence between OAT and non-OAT respondents
underscores the importance of continued scale-up of OAT throughout
Ukraine, as well as other evidence-based HIV prevention initiatives like
needle and syringe programs (NSP) and antiretroviral therapy (ART).
Mathematical modeling from Ukraine suggests that the combined scale-
up of OAT and ART is the most cost-effective way to reduce new HIV
infections and prevent transmission, with OAT scale-up alone as the
most cost-effective (Alistar, Owens, & Brandeau, 2011). OAT coverage
remains woefully inadequate throughout Ukraine, with fewer than 3%
of PWID currently receiving treatment. In settings where HIV pre-
valence is highest, OAT scale-up would result in increased engagement
in the HIV continuum of care as secondary prevention (Low et al.,
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2016), but in cities where it remains lower, its benefit would be highest
for primary prevention (Gowing, Hickman, & Degenhardt, 2013).

Our overall HCV prevalence estimate of 58.6% (95% CIL:
54.9%-61.8%) ranges from 37%-85% in the five cities, and is com-
parable to that appearing in non-peer reviewed reports (mean = 54.9%;
range: 56%-73%) (Balakirieva et al., 2014). HCV prevalence in this
report was 77.7% in Kyiv, 63.3% in Odesa, 65.8% in Mykolaiv, 65.5%
in Dnipro, and 58.1% in Lviv. In Kyiv our estimate is higher than the
estimate published in the report, while in Odesa, Mykolaiv, Dnipro and
Lviv, our HCV estimates are slightly lower. The sheer magnitude of the
HCV epidemic among PWID in Ukraine is compounded by the lack of
access to effective treatment and prevention. This is due to a number of
structural barriers, including prohibitive treatment cost, restrictive
protocols, stigma and discrimination in healthcare settings, amongst
other issues (Wolfe et al., 2015). HCV treatment using direct-acting
antivirals (DAA) has recently been introduced but remains limited
(Mazhnaya et al., 2017). Effective scale-up of HCV treatment sufficient
to reduce HCV transmission and incidence will likely require in-
tegrating such services into OAT services for PWID (Grebely et al.,
2015; Sylla, Bruce, Kamarulzaman, & Altice, 2007). Continued reduc-
tion in the costs of diagnostics and treatment, as well as increased
availability of DAA will become crucial steps in improving the scale up
of treatment and prevention efforts for HCV.

Despite the new findings presented, the study is not without lim-
itations. First, sample size could bias our estimates and influence the
bootstrap confidence intervals, resulting in a failure to capture the true
variability in the HIV and HCV prevalence levels. Second, the sampling
weight estimates were not found to be highly reliable in cities where the
OAT strata was particularly small (such as Lviv and Dnipro). Third,
HCV measures were based on antibody detection, and as such, over-
estimates true chronic viral infection. Fourth, inverse probability
weighting is a powerful remedy against selection bias but may not be a
panacea because it requires additional assumptions on the ratio of
sampling rates that may render the estimator inconsistent if the as-
sumption fails to hold. Fifth, though the inclusion criteria restricted our
sample to opioid-dependent PWID and limits the generalizability to
other PWID groups, this is partially mitigated by findings that nearly all
PWID meet this criteria, even polysubstance users. Notwithstanding
these limitations, however, the findings here introduce new methods
for adjusting prevalence estimates based on the at-risk population and
provide insights into prevention and treatment strategies for PWID with
or at-risk for blood-borne viruses.

Conclusion

Monitoring behavioral and health outcomes of PWID on a regular
basis is necessary for determining prevention and treatment priorities
for HIV and HCV infections in Ukraine and elsewhere. This includes the
sustained support for expanding evidence-based HIV and HCV pre-
vention interventions for HIV, including OAT, NSP, and ART for PWID,
as well as diagnostics and treatment for HCV. The heterogeneity of the
local epidemics provides insights into the best prevention and treat-
ment strategies to be deployed in low resource settings. *
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