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Abstract

Background: Epidemiologic surveys of people who inject drugs (PWID) can be difficult to
conduct because potential participants may fear exposure or legal repercussions. Respondent-
driven sampling (RDS) is a procedure in which subjects recruit their eligible social contacts. The
statistical validity of RDS surveys of PWID and other risk groups depends on subjects recruiting at
random from among their network contacts.

Objectives: We sought to develop and apply a rigorous definition and statistical tests for uniform
network recruitment in an RDS survey.

Methods: We undertook a detailed study of recruitment bias in a unique RDS study of PWID in
Hartford, CT, USA in which the network, individual-level covariates, and social link attributes
were recorded. A total of 7=527 participants (402 male, 123 female, and two individuals who did
not specify their gender) within a network of 2626 PWID were recruited.

Results: We found strong evidence of recruitment bias with respect to age, homelessness, and
social relationship characteristics. In the discrete model, the estimated hazard ratios regarding the
significant features of recruitment time and choice of recruitee were: alter’s age 1.03 [1.02, 1.05],
alter’s crack-using status 0.70 [0.50, 1.00], homelessness difference 0.61 [0.43, 0.87], and sharing
activities in drug preparation 2.82 [1.39, 5.72]. Under both the discrete and continuous-time
recruitment regression models, we reject the null hypothesis of uniform recruitment.

Conclusions: The results provide the evidence that for this study population of PWID,
recruitment bias may significantly alter the sample composition, making results of RDS surveys
less reliable. More broadly, RDS studies that fail to collect comprehensive network data may not
be able to detect biased recruitment when it occurs.
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Introduction

People who inject drugs (PWID) are at increased risk of HCV, HIV, and other adverse health
outcomes [1]. Reliable information about risk behaviors, access to care, and health outcomes
for PWID is needed to inform intervention measures and public policy. But public health
and epidemiolic research on PWID can be difficult to conduct in a rigorous way. Because
PWID are a marginalized, stigmatized, and often criminalized population, potential
participants in a research study may be hidden from researchers’ view; there is often no
“sampling frame” by which researchers can obtain a representative sample. Instead, public
health researchers have developed recruitment procedures that rely on study subjects to
recruit other participants via their social network. Respondent-driven Sampling (RDS) is the
most popular social network recruitment procedure for epidemiological surveys of PWID
[2]. RDS is widely used in social, behavioral, epidemiological, and public health research on
injection drug use.

In RDS, a few individuals called “seeds” are chosen to participate at the beginning of the
study. These subjects are interviewed and receive a small number of coupons that they can
use to recruit other members of the target population. The seeds recruit their social contacts
by giving them a coupon, the new recruit redeems the coupon to participate in the study, and
new participants are interviewed and given their own coupons. The process repeats
iteratively until the desired sample size is reached. Coupons are marked with a unique code
so that researchers can track who recruited whom. For confidentiality reasons, subjects in
RDS surveys typically do not report on the identities of their alters in the target population
social network; instead, they report their egocentric network degree, without providing
identifying information about their alters. The most popular estimator of the population
mean from data obtained by RDS is known as the Volz-Heckathorn estimator [3], which is
consistent under conditions formalized by [4]. The properties of this estimator depends on
“unbiased” recruitment of network alters by recruiters, but authors have provided differing
interpretations of “unbiased” recruitment on a network [2, 5, 6, 7, 8, 9].

Despite its importance in determining the statistical properties of RDS estimates for
important risk groups, there is no consensus among epidemiologists about what “biased”,
“preferential”, or non-uniform recruitment actually means [10, 11]. Different authors give
different or contradictory definitions of recruitment bias [12, 13, 14, 8]. Many authors
confuse non-uniform recruitment of network alters with network homophily — the tendency
for individuals to form social ties with others who have similar traits — or mistakenly assert
that auto-correlation in the recruitment chain is evidence of one or the other [see 11, for a
comprehensive list of examples]. Several authors have attempted to measure non-uniform
recruitment in RDS studies of injection drug users using correlations in the trait values of
recruiter-recruitee pairs [15, 13, 14, 16, 8, 17]. Empirical claims about recruitment bias in
RDS studies are therefore difficult to interpret: the definitions of bias and tests for its
presence may not be comparable or generalizable. To separate network characteristics from
recruiters’ choices, some researchers advocate follow-up interviews of subjects to determine
whom they intended to recruit and the reasons for successful and unsuccessful recruitment
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of those individuals, and offer different recommendations for incorporating this information
into assessments of selection bias [18, 19, 9].

What would a reasonable definition of recruitment bias entail? First, recruitment bias should
be defined with respect to a measured individual trait (e.g. drug use behavior, race, gender,
or HIV status) or social link attribute (e.g. familial, drug sharing, co-habitation, sexual
relationship) that is relevant to the scientific goals of the study. Second, researchers must be
able to characterize the set of possible new recruits at each step of the RDS recruitment
process. Without knowing which potential subjects are linked to a recruiter, and therefore
eligible to be recruited next, researchers cannot tell whether the next recruit is chosen
uniformly from this set. Third, if RDS recruitment is believed to take place across links in a
population social network, then the set of possible recruits changes dynamically in time over
the course of an RDS study. These challenges make it clear that formulating a sensible
definition of uniform recruitment requires careful attention both to the social network upon
which recruitment is supposed to operate, and the dynamics of the recruitment process
conditional on that network.

In this paper, we perform an in-depth study of recruitment bias in an RDS survey of PWID
in Hartford, CT, USA in which researchers conducted comprehensive sociometric mapping
of recruiters and their network alters [20, 17, 11]. We first formulate a rigorous definition of
uniform recruitment and construct regression-based tests that take network information into
account, which can be used to test the hypothesis of uniform recruitment. For this population
of PWID in Hartford, CT, we find strong evidence of recruitment bias with respect to
individual traits including age, gender, homelessness, and social link characteristics. The
results suggest that empirical RDS studies that do not collect such comprehensive network
information may not reliably reveal the complex dynamics of recruitment, and the bias that
may result.

Methods

In the RDS-net study, researchers conducted an RDS survey of 530 PWID in Hartford,
Connecticut, USA [20, 17]. Six individuals with large network size were selected as seeds;
these individuals were chosen to reflect the diversity of the PWID population with regard to
gender, ethnicity, neighborhood of residence, and drug use. Each seed was given 3 coupons
and were asked to recruit their friends who were eligible for the study. All subsequent
participants also received 3 coupons until the desired sample size was nearly reached: of the
530 recruited participants, 511 received coupons. Participants received $25 upon completion
of their baseline surveys, and $30 upon finishing follow-up surveys 2 months later. Each
participant also received an additional $10 for each successful recruitment of eligible
network alters. Coupons did not expire, but recruiters were instructed to recruit eligible
subjects within two weeks. Subjects were at least 18 years old, injected drugs, and resided in
the Hartford area. The study was approved by the institutional review board for the Institute
for Community Research, and informed consent was obtained from all subjects.

The baseline survey included components interrogating participants’ egocentric network size
(network degree) and composition, individual-level characteristics, demographics, drug use,
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and HIV risk behaviors, and a comprehensive ego-network assessment. Participants listed
their egocentric network members’ names and identifying characteristics, and answered
questions regarding relationship types and recent social activities with these members.
Names and identifying characteristics of egocentric network members were later matched
with other participants’ and nominees’ names via an identity resolution process [21, 22, 23,
24], to construct the “nomination network” representing the social network of PWID
connected to participating subjects [25, 26]. The egocentric network assessment and
subsequent identity resolution process makes the RDS-net study distinct from typical RDS
studies because the entire network connecting participants — and their non-participating
network alters — was reconstructed. Since this information is typically impossible to obtain
using traditional RDS recruitment procedures, the RDS-net study offers a unique
opportunity to study the dynamics of PWID recruitment in this population. A total of 2626
unique PWID were recruited or nominated. Figure 1 shows the RDS recruitment process
overlaid on the network of 2626 PWID. Some aspects of the RDS-net study design and data
collection have been described elsewhere [20, 17, 11].

Data structure

RDS recruitments are assumed to take place over social network links [2, 27, 3]. The target
population social network is a simple undirected graph G= (V/ E) [28, 11]. The vertex set V/
corresponds to members of the PWID population, and edges in £ represent social links
among PWID across which recruitments might take place. A recruiter is a subject who can
recruit other yet-unrecruited vertices because it has at least one coupon. A susceptible
individual is not yet recruited, and has at least one recruiter neighbor in G. Each recruitment
of a susceptible vertex costs the recruiter one coupon, and no subject can be recruited more
than once. Let M be the set of “seeds” in an RDS study whose sample size is 7. Let Gp=
(Vp, ER) be the recruitment subgraph, consisting of the set Vj of recruited subjects and the
set £ of recruitment links. It follows that the sizes of these sets are | Vg = nand |Eg = n— |
M. Let Gs= (Vg Es) be the induced subgraph of recruited subjects, where Esis the set of
all edges connecting subjects in V. Recruitment edges £p are a subset of the set of all
edges connecting recruited subjects, £ C Es. Let Ube the set of PWID connected to
recruited subjects Vj, and let £;,be the set of links connecting vertices in {to vertices in
V. Then define Gsyy= (Vsy, Esy) to be the augmented recruitment-induced subgraph,
consisting of Visyy= VpUUand Egy= EsU £y Then Ggyyis the network consisting of the
sampled PWID and those PWID connected to members of the sampled set.

Letd = (a4, ..., dy) be the vector of recruited subjects’ reported degrees in G. For /€ Vs,
let X;be a px 1 vector of continuous or categorical trait values of /. Likewise for /€ Vzand
J € Visywith 7# j let Z;;be a g x 1 vector consisting of continuous or categorical trait
values corresponding to the edge {/, /} € Eg. Likewise, let Xgy= {X;: i€ Vs } be the set
of trait values for subjects in Visy, and let Zgy={Zj: /€ VrjE Visyii# j} be the set of
edge attributes for vertices connected in Gg,. Finally, lett = (4, ..., ;) be the vector of the
dates of recruitment of each subject into the study.
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Statistical methods

Uniform, or unbiased, recruitment occurs when a recruiter chooses uniformly at random
from their currently susceptible network neighbors. When the network of all possible
recruiter-susceptible pairs Ggyis known, the observed data from an RDS study can be used
to test the “null” hypothesis that recruitment is uniform with respect to measured traits. If
the hypothesis of uniform recruitment is rejected, this means that susceptible individuals
with certain traits are recruited more rapidly than those with other traits. For a recruiter /€
Vs and a susceptible individual jwith {/, /} € Eg, define the edge-wise waiting time for 7
to recruit jas 7. When /recruits /, then 7j;is observed. If /does not recruit / then 7;;is
censored by recruitment of jby another recruiter, depletion of 7's coupons, or the end of the
study, whichever occurs first. By parameterizing the hazard function A,(9) of 7 in terms of
characteristics of /, /, and the edge {/, j/} connecting them, standard regression models can be
employed to learn about factors associated with more rapid recruitment, and to perform
statistical tests of uniform recruitment.

We develop time-to-event regression models for the edge-wise waiting time 7;;for /to
recruit /. We employ three types of covariates: characteristics X, of the recruiter 7and X, of
the susceptible vertex j; similarity of trait values [X;— X, where | - | indicates element-wise
absolute value with respect to its vector argument; and attributes Z ;; of the edge connecting /
and . We specify the edge-wise recruitment hazard of /recruiting j€ S{J) at time ¢> £;as

Aij(t — ti) = ),O(I — t,-)exp[ﬂ’|X,- - XJ| + Gin + GéXJ + K‘,Zij], Q)

where Ap(:) is a non-negative propensity to recruit (baseline hazard) shared by all recruiters,
and time is measured in days since recruitment of /. Below we briefly describe regression
models for estimating these unknown coefficients; statistical tests that B, &, x are equal to
zero follow directly. Rejection of the test constitutes evidence against uniform recruitment.
The Supplementary Appendix establishes a formal statistical connection between the fitted
regression models and the test of uniform recruitment.

One way to evaluate the dependence of recruitment events on recruiter, susceptible, and edge
covariates is to condition on the times of recruitment events and the identity of the recruiter
at each time, while treating the identity of the recruited subject as random. The likelihood
LB, 6, x) of the discrete-time recruitment process is given by the product of the
conditional recruitment probabilities, for each recruitment event. The likelihood is

X, = X)|+ 05X+ x'Z, |
X, = Xy + 05X, + K2, ]

g
Lip.02.0) = [] il

@
JEM Xk e s,j(zj)exp[ﬁ'

where 7;is the recruiter of /. The above expression follows because the terms Aq(¢ - #) and
exp(07.X;) cancel in each conditional recruitment probability. To determine whether uniform

recruitment holds, a simultaneous test over all coefficients can be conducted using a
likelihood ratio test. Details of the fitting algorithm and the likelihood ratio test are
described in supplementary materials.
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A second way to evaluate recruitment takes a continuous-time view and jointly models the
time to the next recruitment, and the identity of the next recruit, using a competing risks
regression approach [29],

n

L(B.6,,05,x) = H H ﬂtj(’ij)“{rjzi}exp[—/\ij(’ij)] ®)

i=1;¢ S,-(t{")

where 75is the recruiter of jand A () is the cumulative hazard function. Time itis

instantaneously after #; meaning that no recruitment events could happen between #;and 7"

The continuous-time likelihood (3) corresponds to a standard survival model for edge-wise
recruitment time with censoring. Allowing Aq(%) to be unspecified suggests use of the semi-
parametric Cox proportional hazards model [30]. Alternatively, letting the baseline
recruitment hazard take the parametric form ig(t) = pt” ~ !, the edge-wise waiting time Tjto

recruitment of /by 7has Weibull distribution. As before, if coefficients B, 6, xin the
regression model are zero, then recruitment is uniform. The likelihood ratio test introduced
above also applies here, and we use standard software for maximization of the likelihood
[31].

In the 441-day recruitment window, 530 people were enrolled and interviewed, of whom 527
(402 male, 123 female, and two individuals who did not specify their gender) were
determined to be injection drug users eligible for the study. Therefore the RDS sample size
is | Vg = 527. After record matching to identify duplicate nominees, the nomination network
Gsycontained | Vs | = 2626 individuals eligible for the study, and |Esf = 3309 edges
connecting individuals in Gg;. Of these edges, 1,180 connect recruited subjects and 2,129
connect recruited subjects to unrecruited subjects. The mean nomination network degree is
8.5 for recruited subjects. Among the 509 people who were successfully recruited and given
coupons, 325 recruited at least one new subject. The mean number of network alters
recruited by each subject is 0.98. While 184 people recruited no other subjects, 176 recruited
one subject, 104 recruited two subjects, and 45 recruited three other subjects. Among all
links in which a recruitment event occurred, the median time to recruitment was 13.85 days.
The median times to recruiters’ first, second, and third recruitments are 12.01, 16.92, and
19.01 days, respectively. Figure 2 shows a Kaplan-Meier curve [32] for the edge-wise
waiting times to recruitment. Most recruitments were made within 40 days after the recruiter
was interviewed and received coupons. To test for recruitment bias, we selected several
variables that have low missing rate, and are also of research interest. These variables are
used in the two proposed models. Since the terms 6;X; cancel in the likelihood, recruiters’

attributes do not enter into the discrete-time model.

We first fit the discrete-time model (2) to the recruitment data in the RDS-net study. Results
of the discrete-time analysis, including estimated coefficients, hazard ratios, and 95 %
confidence interval for hazard ratios, are given in Table 1. Difference in homeless status has
a negative regression coefficient: alters who have different homeless status from recruiters’
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are only 0.61 as likely to be recruited as those who share the same status as recruiters’.
Results also indicate that alters who use crack are not preferred by recruiters. Their chances
of being recruited is 30% less than the alters who do not use crack. And sharing activities
regarding cooker, cotton and rinse water increase recruitment probability to 2.82 times as
likely. Now consider the null hypothesis that all coefficients in the discrete-time model are
equal to zero. The likelihood ratio test Chi-square statistic is )(2 = 61.34, with degree of
freedom 19. The p-value for this test statistic is 2.37 x 1078, indicating strong evidence that
recruitment is non-uniform in the RDS-net study.

Table 2 shows results for the continuous-time Weibull model of edge-wise recruitment. The
results are similar to those produced by the discrete-time model. In addition, male recruiters
are more active: recruitment hazard is 1.52 times greater on an edge with male recruiter than
on an edge with female recruiter. Alters who had sex with recruiters have a doubled hazard
of recruitment. Recent drug-using activities together with recruiters (sharing activity) also
drops the alter’s recruitment hazard to 54%. The likelihood ratio test of B, & and xequaling
zero gives Chi-square statistic 2 = 83.74 with p-value 4.19 x 1010, We also performed
Cox proportional hazard regression and frailty regression to assess sensitivity of the results
to the hazard parameterization, with very similar results, described in Supplementary
Appendix. To illustrate the presence of non-uniform recruitment, we also split edge-wise
waiting times into subgroups using six variables from the Weibull continuous-time model,
and compare survival patterns among subgroups. Binary variables naturally divide samples
into two groups, and for continuous variable (i.e. age of alter), we use 35 as cutoff to split
samples. Figure 3 shows comparisons between Kaplan-Meier curves, marginally across all
subgroups.

Discussion

How do members of stigmatized or marginalized groups like PWID recruit their network
alters in real-world RDS studies? Sometimes the answer is of inherent interest in social or
behavioral epidemiology [33, 13, 5, 6, 16, 7, 34, 35, 36]. More often, researchers want to
know about recruitment because they wish to determine whether the assumptions required
by statistical estimators for population-level quantities are met [5, 6, 7, 8, 9]. RDS is not a
probability sampling design, but some researchers have argued that RDS approximates a
design in which subjects are chosen with probability proportional to their network degree,
either with replacement [2, 27, 3], or without replacement [37], though this approximation
has been questioned in methodological and empirical work on RDS [38, 39, 5, 40, 41, 42,
28]. Researchers studying the properties of estimators have asserted that estimators for
population-level quantities can exhibit bias when RDS recruitments are biased [27, 37].

In this paper, we have introduced a rigorous definition of uniform recruitment, a family of
regression models for recruitment across network edges, and corresponding statistical tests
for uncovering recruitment bias when the underlying network can be measured. The
continuous-time analysis prives more information about the attributes of both recruiters and
potential recruitees that are associated with successful recruitment. In contrast, the discrete-
time approach makes fewer parametric assumptions about the edge-wise waiting time
distribution, but does not estimate recruiter characteristics associated with successful
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recruitment. This model may be more suitable if the temporal resolution of recruitment data
— times/dates of recruitment — is low, or if there are gaps in subjects’ ability to be
interviewed (e.g. no recruitments on holidays or weekends).

These tools, along with data from the RDS-net study of PWID in Hartford, CT, yield insight
into the dynamics of recruitment in this important risk population. The RDS-net study is
unusual because it mapped the network of recruited individuals and their eligible alters. For
practical and privacy-related reasons, most RDS studies do not gather this information.
When researchers conduct an RDS study that does not measure any network data except the
links between recruiter and recruitee, they may not be able to formulate or test a reasonable
definition of uniform recruitment. As a result, claims about the presence or absence of
recruitment bias in traditional RDS studies may not be falsifiable.

Our models have identified several factors that induce bias in the recruitment process in this
study population of PWID, including age, homelessness, and social relationship
characteristics. It is surprising that none of the race-related features were identified as
important factors, because subjects with same race often demonstrate higher social
closeness. It is also worth noting that some of the regression covariates are likely correlated,
for example sharing activity, needle using, and joint drug injection activity. Although only
sharing activity is significant in the regression model, the others also demonstrate
association with recruitment marginally.

There are important limitations in our interpretation of the regression results from the RDS-
net study. We have constructed the augmented recruitment-induced subgraph Gg, by taking
the union of the recruitment graph Ggand the nomination network, and we treat this graph
as the network of possible recruitments. However, it is possible that the true network of
possible recruitments differs from the nomination network. The RDS-net study also
collected information about the nominated alters that each subject intended to recruit; in a
follow-up survey, many recruited subjects indicated that they received a coupon from
someone other than the recruiter to whom that coupon was initially given [17]. This form of
“indirect recruitment” could affect the results of our analysis: we have assumed that coupon
redemption constitutes recruitment, and that the union of the actual recruitment and
nomination networks represents the network of possible coupon redemptions, rather than the
coupon-passing network. If many recruited individuals were not among their recruiter’s
social acquaintances, or if recruitment took place on a network of starkly different topology,
a core assumption of RDS recruitment may be violated. Consequently, the set of possible
recruits at different times during the RDS-net study may differ from the network used in this
analysis. Still, the results presented here provide an assessment of factors that appear to
drive recruitment based on the characteristics of nominated — and actually recruited —
individuals. In this case, the regression coefficients and tests illustrated in this paper may
provide partial answers to questions about whether some individuals are more likely to be
recruited than others.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Am J Drug Alcohol Abuse. Author manuscript; available in PMC 2020 November 22.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zeng et al. Page 9

Acknowledgements

We are grateful to Gayatri Moorthi, Heather Mosher, Greg Palmer, Eduardo Robles, Mark Romano, Jason Weiss,
and the staff at the Institute for Community Research for their work collecting and preparing the RDS-net data. We
thank Alexei Zelenev for helping clean the RDS-net data.

Funding

LZ was supported by a fellowship from the Yale World Scholars Program sponsored by the China Scholarship
Council. FWC was supported by NIH grants NICHD DP2 1DP2 HD091799-01, NCATS KL2 TR000140, NIMH
P30 MH062294, the Yale Center for Clinical Investigation, and the Yale Center for Interdisciplinary Research on
AIDS. RDS-net was funded by NIDA 5R01 DA031594-03 to Jianghong Li.

References

[1]. Mathers Bradley M, Degenhardt Louisa, Phillips Benjamin, Wiessing Lucas, Hickman Matthew,
Strathdee Steffanie A, Wodak Alex, Panda Samiran, Tyndall Mark, Toufik Abdalla, et al. Global
epidemiology of injecting drug use and hiv among people who inject drugs: a systematic review.
The Lancet, 372(9651):1733-1745, 2008.

[2]. Heckathorn Douglas D. Respondent-driven sampling: a new approach to the study of hidden
populations. Social Problems, 44(2):174-199, 1997.

[3]. Volz Erik and Heckathorn Douglas D. Probability based estimation theory for respondent driven
sampling. Journal of Official Statistics, 24(1):79-97, 2008.

[4]. Aronow Peter M. and Crawford Forrest W.. Nonparametric identification for respondent-driven
sampling. Statistics and Probability Letters, 106:100-102, 2015. [PubMed: 26327739]

[5]. Gile Krista J and Handcock Mark S. Respondent-driven sampling: An assessment of current
methodology. Sociological Methodology, 40(1):285-327, 2010. [PubMed: 22969167]

[6]. Tomas Amber and Gile Krista J. The effect of differential recruitment, non-response and non-
recruitment on estimators for respondent-driven sampling. Electronic Journal of Statistics, 5:899—
934, 2011.

[7]. Rudolph Abby E, Fuller Crystal M, and Latkin Carl. The importance of measuring and accounting
for potential biases in respondent-driven samples. AIDS and Behavior, 17(6):2244-2252, 2013.
[PubMed: 23515641]

[8]. Rudolph Abby E, Gaines Tommi L, Lozada Remedios, Vera Alicia, and Brouwer Kimberly C.
Evaluating outcome-correlated recruitment and geographic recruitment bias in a respondent-
driven sample of people who inject drugs in Tijuana, Mexico. AIDS and Behavior, pages 1-13,
2014. [PubMed: 23321946]

[9]. Gile Krista J, Johnston Lisa G, and Salganik Matthew J. Diagnostics for respondent-driven
sampling. Journal of the Royal Statistical Society: Series A (Statistics in Society), 178(1):241—
269, 2015.

[10]. White Richard G, Hakim Avi J, Salganik Matthew J, Spiller Michael W, Johnston Lisa G, Kerr
Ligia RFS, Kendall Carl, Drake Amy, Wilson David, Orroth Kate, Egger Matthias, and Hladik
Wolfgang. Strengthening the reporting of observational studies in epidemiology for respondent-
driven sampling studies: ‘STROBE-RDS’ statement. Journal of Clinical Epidemiology, In press,
2015.

[11]. Crawford Forrest W, Aronow Peter M, Zeng Li, and Li Jianghong. Identification of homophily
and preferential recruitment in respondent-driven sampling. American Journal of Epidemiology,
187(1):153-160, 2017.

[12]. Heckathorn Douglas D. Extensions of respondent-driven sampling: Analyzing continuous
variables and controlling for differential recruitment. Sociological Methodology, 37(1):151-207,
2007.

[13]. Abramovitz Daniela, Volz Erik M, Strathdee Steffanie A, Patterson Thomas L, Vera Alicia, and
Frost Simon DW. Using respondent driven sampling in a hidden population at risk of HIV
infection: Who do HIV-positive recruiters recruit? Sexually Transmitted Diseases, 36(12):750,
2009. [PubMed: 19704394]

Am J Drug Alcohol Abuse. Author manuscript; available in PMC 2020 November 22.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zeng et al.

[14].

[15].

[16].

[17].

[18].

[19].

[20].

[21].

[22].

[23].

[24].

[25].

[26].

[27].

[28].

Page 10

Uuskdila Anneli, Johnston Lisa G, Raag Mait, Trummal Aire, Talu Ave, and Jarlais Don C Des.
Evaluating recruitment among female sex workers and injecting drug users at risk for HIV using
respondent-driven sampling in Estonia. Journal of Urban Health, 87(2):304-317, 2010. [PubMed:
20131018]

Iguchi Martin Y, Ober Allison J, Berry Sandra H, Fain Terry, Heckathorn Douglas D, Gorbach
Pamina M, Heimer Robert, Kozlov Andrei, Ouellet Lawrence J, Shoptaw Steven, et al.
Simultaneous recruitment of drug users and men who have sex with men in the United States and
Russia using respondent-driven sampling: sampling methods and implications. Journal of Urban
Health, 86(1):5-31, 20009.

Liu Hongjie, Li Jianhua, Ha Toan, and Li Jian. Assessment of random recruitment assumption in
respondent-driven sampling in egocentric network data. Social Networking, 1(2):13, 2012.
[PubMed: 23641317]

Li Jianghong, Valente Thomas W, Shin Hee-Sung, Weeks Margaret, Zelenev Alexei, Moothi
Gayatri, Mosher Heather, Heimer Robert, Robles Eduardo, Palmer Greg, et al. Overlooked
threats to respondent driven sampling estimators: Peer recruitment reality, degree measures, and
random selection assumption. AIDS and Behavior, pages 1-20, 2017.

de Mello Maeve, de Araujo Pinho Adriana, Chinaglia Magda, Tun Waimar, Janior Aristides
Barbosa, Ilario Maria Cristina F. J., Reis Paulo, Salles Regina C. S., Westman Suzanne, and Diaz
Juan. Assessment of risk factors for HIV infection among men who have sex with men in the
metropolitan area of Campinas City, Brazil, using respondent-driven sampling. Population
Council, Horizons, 2008.

Yamanis Thespina J, Merli M Giovanna, Neely William Whipple, Tian Felicia Feng, Moody
James, Tu Xiaowen, and Gao Ersheng. An empirical analysis of the impact of recruitment
patterns on RDS estimates among a socially ordered population of female sex workers in China.
Sociological Methods & Research, 42(3):392-425, 2013.

Mosher Heather I, Moorthi Gayatri, Li JiangHong, and Weeks Margaret R. A qualitative analysis
of peer recruitment pressures in respondent driven sampling: Are risks above the ethical limit?
International Journal of Drug Policy, 26(9):832-842, 2015. [PubMed: 26141164]

Young April M, Rudolph Abby E, Su Amanda E, King Lee, Jent Susan, and Havens Jennifer R.
Accuracy of name and age data provided about network members in a social network study of
people who use drugs: implications for constructing sociometric networks. Annals of
epidemiology, 26(11):802-809, 2016. [PubMed: 28126091]

Bartunov Sergey, Korshunov Anton, Park Seung-Taek, Ryu Wonho, and Lee Hyungdong. Joint
link-attribute user identity resolution in online social networks. In Proceedings of the 6th
International Conference on Knowledge Discovery and Data Mining, Workshop on Social
Network Mining and Analysis ACM, 2012.

Vosecky Jan, Hong Dan, and Shen Vincent Y. User identification across multiple social networks.
In Networked Digital Technologies, 2009. NDT’09. First International Conference on, pages
360-365. IEEE, 2009.

Bilgic Mustafa, Licamele Louis, Getoor Lise, and Shneiderman Ben. D-dupe: An interactive tool
for entity resolution in social networks. In Visual Analytics Science And Technology, 2006 IEEE
Symposium On, pages 43-50. IEEE, 2006.

Li Jianghong, Weeks Margaret R, Borgatti Stephen P, Clair Scott, and Dickson-Gomez Julia. A
social network approach to demonstrate the diffusion and change process of intervention from
peer health advocates to the drug using community. Substance Use & Misuse, 47(5):474-490,
2012. [PubMed: 22428816]

Weeks Margaret R, Clair Scott, Borgatti Stephen P, Radda Kim, and Schensul Jean J. Social
networks of drug users in high-risk sites: Finding the connections. AIDS and Behavior, 6(2):193-
206, 2002.

Salganik Matthew J and Heckathorn Douglas D. Sampling and estimation in hidden populations
using respondent-driven sampling. Sociological Methodology, 34(1):193-240, 2004.

Crawford Forrest W.. The graphical structure of respondent-driven sampling. Sociological
Methodology, 46:187-211, 2016. [PubMed: 31607761]

Am J Drug Alcohol Abuse. Author manuscript; available in PMC 2020 November 22.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zeng et al.

[29].

[30].

Page 11

Prentice Ross L, Kalbfleisch John D, Peterson Arthur V Jr, Flournoy Nancy, Farewell Vern T, and
Breslow Norman E. The analysis of failure times in the presence of competing risks. Biometrics,
pages 541-554, 1978. [PubMed: 373811]

Cox David R. Regression models and life-tables In Breakthroughs in Statistics, pages 527-541.
Springer, 1992.

[31]. Therneau Terry M and Lumley Thomas. Package ‘survival’, 2016.

[32].

[33].

[34].

Kaplan Edward L and Meier Paul. Nonparametric estimation from incomplete observations.
Journal of the American Statistical Association, 53(282):457-481, 1958.

Scott Greg. “They got their program, and | got mine”: A cautionary tale concerning the ethical
implications of using respondent-driven sampling to study injection drug users. International
Journal of Drug Policy, 19(1):42-51, 2008. [PubMed: 18226516]

Lu Xin. Linked ego networks: improving estimate reliability and validity with respondent-driven
sampling. Social Networks, 35(4):669-685, 2013.

[35]. Verdery Ashton M, Merli M Giovanna, Moody James, Smith Jeffrey A, and Fisher Jacob C.

[36].

[37].

[38].

Respondent-driven sampling estimators under real and theoretical recruitment conditions of
female sex workers in china. Epidemiology, 26:661-665, 2015. [PubMed: 26214337]

Rocha Luis EC, Thorson Anna E, Lambiotte Renaud, and Liljeros Fredrik. Respondent-driven
sampling bias induced by community structure and response rates in social networks. Journal of
the Royal Statistical Society: Series A (Statistics in Society), 2016.

Gile Krista J.. Improved inference for respondent-driven sampling data with application to HIV
prevalence estimation. Journal of the American Statistical Association, 106(493):135-146, 2011.
Goel Sharad and Salganik Matthew J. Assessing respondent-driven sampling. Proceedings of the
National Academy of Sciences, 107(15):6743-6747, 2010.

[39]. Johnston Lisa Grazina, Whitehead Sara, Simic-Lawson Milena, and Kendall Carl. Formative

[40].

research to optimize respondent-driven sampling surveys among hard-to-reach populations in
HIV behavioral and biological surveillance: lessons learned from four case studies. AIDS Care,
22(6):784-792, 2010. [PubMed: 20467937]

Salganik Matthew J. Commentary: respondent-driven sampling in the real world. Epidemiology,
23(1):148-150, 2012. [PubMed: 22157310]

[41]. White Richard G, Lansky Amy, Goel Sharad, Wilson David, Hladik Wolfgang, Hakim Avi, and

[42].

Frost Simon DW. Respondent driven sampling — where we are and where should we be going?
Sexually Transmitted Infections, 88(6):397-399, 2012. [PubMed: 23012492]

Mills Harriet L, Johnson Samuel, Hickman Matthew, Jones Nick S, and Colijn Caroline. Errors in
reported degrees and respondent driven sampling: Implications for bias. Drug and Alcohol
Dependence, 142:120-126, 2014. [PubMed: 24999062]

Am J Drug Alcohol Abuse. Author manuscript; available in PMC 2020 November 22.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Zeng et al.

Page 12

o

S
8 0%

s

Figure 1.
Pattern of RDS recruitment among people who inject drugs in Hartford, CT from the RDS-

net study. The nomination network is shown overlaid with the recruitment networks at four
time points (112, 190, 290, 441 days after the beginning of study). Recruited subjects are
shown in red, and recruitment edges are shown as a directed edge from the recruiter to the
recruitee. Edges not associated with recruitments are shown in gray. The analysis presented
in this paper aims to estimate recruiter and recruitee factors associated with recruitment in
this network.
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Kaplan-Meier survival curve for overall edge-wise recruitment showing the dynamics of
recruitment across network edges in the RDS-net study. The horizontal axis measures time
in days since the recruiter entered the study, and the vertical axis is the probability of no
recruitment on an edge. Dashed lines show a point-wise estimated 95% confidence interval
for the survival curve. The survival function corresponds to recruitment across edges, not to

recruitment of individual subjects.
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Dynamics of edge-wise waiting time to recruitment in the RDS-net study, as a function of
covariates in the continuous-time regression model. Kaplan-Meier curves represent the
distribution of time to recruitment across edges connecting recruiter and potential recruitees.
The horizontal axes show time in days since the recruiter entered the study, and the vertical
axes show the probability of no recruitment on an edge. Dashed lines show point-wise 95%
confidence intervals for the survival curves.
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Table 1.

Estimated coefficients and confidence intervals in the discrete-time model of edge-wise recruitment.
Recruiters” attributes do not enter the likelihood for the discrete-time model, and so correposinding
coefficients are not estimated here. We use y to represent the coefficients of all types of predictors. Variables
whose names are given in bold are significantly different from zero at the 0.05 level. The same notation
applies to all tables in this article.

Covariate Yy exp(p) 95% ClI of exp(y)
drug using -0.64 0.53 0.245,1.134
drug injection -0.42 0.66 0.296, 1.470
needle using -0.18 0.83 0.347, 2.006
sharing activity 1.04 2.82 1.391,5.715
sex 0.67 1.96 0.954, 4.030
hiv positive 0.23 1.26 0.591, 2.706
alter’s gender -0.05 0.95 0.620, 1.466
alter’s crack using -0.35 0.70 0.495, 0.997
alter’s homelessness 0.16 1.17 0.824, 1.674
alter’s age 0.03 1.03 1.016, 1.054
alter black 0.74 2.09 0.699, 6.269
alter white 0.99 2.69 0.885, 8.175
gender difference 0.004 1.00 0.633, 1.592
crack using difference 0.06 1.06 0.752, 1.491
homelessness difference  -0.50  0.61 0.427,0.867
age difference 0.005 1.00 0.980, 1.029
black difference 0.85 2.35 0.682, 8.082
white difference 0.45 1.57 0.450, 5.461
hispanic difference -0.45 0.64 0.200, 2.051
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Estimated regression coefficients and confidence intervals from the continuous-time Weibull model of edge-
wise recruitment time. Testing B, &, and « for equality with zero gives y< = 83.74 with degree of freedom 19,
and p-value 4.19 x 10710,

Covariate ¥y exp(y) 95% ClI of exp(p)
Intercept -4.28 0.01 0.005, 0.039
drug using -0.61 0.54 0.335, 0.877
drug injection -0.17 0.85 0.524, 1.369
needle using -0.07 0.93 0.532, 1.624
sharing activity 0.56 1.75 1.117,2.739
sex 0.73 2.07 1.262, 3.401
hivp -0.10 0.91 0.566, 1.455
recruiter’s gender 0.42 1.52 1.078, 2.145
recruiter’s crack using -0.13 0.88 0.669, 1.157
recruiter’s homelessness 0.08 1.08 0.814, 1.440
recruiter’s age -0.01 0.99 0.970, 1.002
alter’s gender 0.02 1.02 0.729, 1.426
alter’s crack using -0.25 0.78 0.595, 1.014
alter’s homelessness 0.22 1.25 0.952, 1.634
alter’s age 0.03 1.03 1.015, 1.043
recruiter black -0.60 0.55 0.224, 1.330
recruiter white -0.10 0.90 0.370, 2.208
alter black 0.22 1.24 0.559, 2.758
alter white 0.31 1.37 0.622, 3.015
gender difference 0.09 1.09 0.783, 1.528
crack using difference 0.20 1.22 0.937, 1.578
homelessness difference  —0.46 0.63 0.483,0.832
age difference -0.0028 1.00 0.980, 1.015
black difference 0.67 1.95 0.795, 4.773
white difference -0.18 0.84 0.341, 2.051
hispanic difference -0.19 0.83 0.358, 1.900
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