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Abstract Respondent-driven sampling (RDS) is a study
design used to investigate populations for which a proba-
bilistic sampling frame cannot be efficiently generated.
Biases in parameter estimates may result from systematic
non-random recruitment within social networks by geog-
raphy. We investigate the spatial distribution of RDS
recruits relative to an inferred social network among het-
erosexual adults in New York City in 2010. Mean distances
between recruitment dyads are compared to those of net-
work dyads to quantify bias. Spatial regression models are
then used to assess the impact of spatial structure on risk
and prevalence outcomes. In our primary distance metric,
network dyads were an average of 1.34 (95 % CI
0.82-1.86) miles farther dispersed than recruitment dyads,
suggesting spatial bias. However, there was no evidence
that demographic associations with HIV risk or prevalence
were spatially confounded. Therefore, while the spatial
structure of recruitment may be biased in heterogeneous
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urban settings, the impact of this bias on estimates of
outcome measures appears minimal.
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Introduction

Respondent-driven sampling (RDS) is a study design used
to investigate “hidden” populations: those for which a
probabilistic sampling frame cannot be generated effi-
ciently or at all [1]. An example is injection drug users:
there is no enumeration of population members given the
illegal nature of their defining activity [2]. Probabilistic
sampling may be possible for a potentially enumerated
subgroup, such as those visiting medical facilities, but
inference to the full population will be biased if the insti-
tutionalized systematically differ from the non-institution-
alized [3]. RDS addresses this by sampling at convenience
an initial set of population members (‘seeds’), then having
each seed sample a theoretically random set of members
from his network of peers in the target population, then
having those peers recruit, and so on until a target sample
size is met. RDS has become increasingly popular not just
for its potential to minimize biases of convenience sam-
pling, but also for its logistical efficiency (although there
are several examples demonstrating its inefficiencies [4-6]).
Study procedures typically occur at fixed geographic
locations that respondents and their recruits visit [7].
Recruitment network characteristics (network size, or
degree; and assortative mixing, or homophily) are col-
lected in RDS studies to adjust estimates for biases of
common to network-based recruitment: groups with high
degree and homophily tend to be oversampled [1]. Once
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weighted, study estimates may be theoretically unbiased,
although statistical uncertainty is larger than in tradi-
tional sampling. Variance is especially inflated when
there is a “bottleneck” of recruitment in one part of the
social network [8]; this occurs when there are sparse
connections between groups hindering recruitment.
There may also be systematic non-random sampling
within the social network, in which all respondents tend
to recruit peers with a particular trait (e.g., lower income
level). This phenomenon violates a theoretical RDS
assumption of random recruitment, and current methods
used to adjust for recruitment biases do not address this
one [9]. Bottlenecks and non-random recruitment may be
inherently connected in cases where patterns of conve-
nience sampling exacerbate already sparse connections
between groups.

Geography is an important dimension to consider for
RDS recruitment when outcomes are spatially clustered.
Directly transmitted infectious diseases like HIV are
often spatially clustered, insofar as the geography rep-
resents some latent properties of sexual networks [10]. A
feasibility question for RDS is whether recruitment
chains penetrate into the geographic distribution of net-
works sufficiently enough to estimate parameters effi-
ciently. In Brazil, an RDS study of drug users found
spatial diffusion of recruitment across the target geog-
raphy, and while some areas were possibly underrepre-
sented, no data on the spatial distribution of the
underlying target population were available to confirm
this [11]. A recent study in rural Uganda that compared
an RDS sample to a known population cohort found
biased estimates of socioeconomic status (among other
outcomes) due to systematic under-recruitment of
wealthier population members [12]. A subsequent spatial
analysis of this study found variation in recruitment by
location, but minimal bias in parameter estimates by
geography mostly due to small spatial heterogeneity in
the population [13].

In this study, we extend this line of inquiry to investigate
the spatial bias of parameter estimates from an RDS study
of high-risk heterosexually active adults in New York City
(NYC), an urban area with considerable geographic and
demographic heterogeneity [14]. The goal is to quantify
any spatial bias in recruitment that may impact estimation
of HIV prevalence and risk. Our hypothesis is that the
recruitment network is a geographically constrained subset
of the larger social network, and this constraint will spa-
tially bias estimates to a greater degree than seen in rural
Uganda given the unique heterogeneity in urban NYC.
Further, we extend the primarily descriptive statistical
methods used heretofore, and we also provide a framework
for inferring the spatial distribution of a social network in
lieu of a network census by using egocentric network data.

Methods
Procedures

Our current study is part of the National HIV Behavioral
Surveillance (NHBS) project, a cross-sectional study of
HIV prevalence and risk among three groups in 20 U.S.
cities with elevated AIDS prevalence [15]. This analysis
uses NHBS data collected in NYC in 2010, during the
study cycle for high-risk heterosexuals, the methods for
which have been described in detail [16]. Since the U.S.
heterosexual HIV epidemic is concentrated in impover-
ished areas [17], we conducted background research with
local HIV surveillance and U.S. Census data to determine
the areas within NYC with the highest rates of HIV and
household poverty. Two clusters were found (Harlem/
South Bronx and Central Brooklyn), and initial data col-
lection efforts focused on these areas.

Study ethnographers selected a small number of seeds
(n = 8) through community-based outreach with the goal
of diversity with respect to race/ethnicity, age, and gender
(they were balanced across these traits). Seeds participated
in the study and were then asked to recruit up to 3 peers
(defined only as sexually-active adults they knew) into the
study. These recruits were given the same recruitment
opportunity, and recruitment continued until the target
sample size (n & 500) was achieved. Unique study iden-
tification numbers were used to link the recruiters and
recruits.

To be eligible, respondents had to report heterosexual
vaginal or anal intercourse in the past year, be age 18-60,
reside in NYC, and comprehend English or Spanish. Res-
idence within the geographic cluster where we recruited
seeds was not an eligibility criterion, but most recruits
lived in these areas. The sample accordingly reflects the
demography of these specific target neighborhoods and not
NYC overall. Informed consent was obtained from all
eligible respondents, who were compensated for their
participation ($30) and also successful peer recruitment
($10 for each recruit).

Measures

In a structured interviewer-administered survey, respon-
dents provided the closest street intersection to where they
currently resided. In a sexual history module, they were
asked about their last six sexual partnerships in the past
year, including where (again to the closest street intersec-
tion) that partnership last occurred. Also considered in this
analysis are gender, age, race/ethnicity, past-year income,
past-year homelessness, past-year sexual risk factors
(unprotected sex with causal partners and having multiple
partners), and disease outcomes (diagnoses of non-HIV
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sexually transmitted diseases in the past year, reported HIV
diagnosis ever, and HIV infection). HIV infection was
determined through whole-blood testing procedures. Blood
collected through venipuncture was tested on HIV-1/2
enzyme-linked immunosorbent assays and confirmed on
HIV-1 Western blot platforms (Bio-Rad Laboratories).

Geospatial Data Processing

Residential and sexual partnership locations were geocod-
ed as latitude-longitude coordinates. Spatially oriented
network edges (i.e., links) were established between paired
spatial points (i.e., dyads), with up to nine edges possible:
one edge for each of a respondent’s recruits (up to three)
and one edge for each of a respondent’s sexual partners (up
to six). Euclidean distances were calculated for all edges,
and distance-based edges were mapped, using the sp and
rgdal packages in R [18].

Statistical Analysis

Three analyses were conducted. First, descriptive statistics
on the overall sample composition were run. The overall
sample was compared to three analytic subsamples:
respondents with any partnership geodata, respondents
with any recruiter geodata, and respondents with both
partnership and recruiter geodata. This final group is used
to address the main research questions in the distance
analyses as follows.

Second, the geographic distribution of the recruitment
network was compared to the geographic distribution of the
sexual partnership network, which we use as a proxy for
the respondent’s social network. Total recruitment network
distance and total sexual partnership network distance were
calculated by summing the distances of a respondent’s
unique recruitment and partner edges, respectively. Mean
recruitment network and mean sexual partnership network
distance are calculated by dividing these sums by the
number of recruits and the number of partners, respec-
tively. Overall sample means are thus the means of indi-
vidual mean distances. We hypothesized that the mean
sexual partnership distance, as a proxy for the social net-
work distance, would be significantly greater than the mean
recruitment distance; if so, the recruitment network may be
a geographically constrained subset of the social network,
suggesting spatial recruitment bias. Linear regression was
used first to determine whether the difference of mean
distances was greater than zero, and second whether the
difference of mean distance varied by demographic and
other covariates.

The sexual partnership distance distribution may be an
inaccurate proxy for the social network distribution,
because the sexual contact space differs from the larger
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social contact space. Thus, separate summary measures
were calculated for mean recruitment network and mean
sexual partnership network distance away from the
respondent’s residence by dividing the total distances
above by the number of recruits and partners at a different
spatial location than the respondent. We call these “trun-
cated differences,” since we remove some spatial
locations.

Finally, the spatial dependence of two outcomes (mul-
tiple sexual partnerships in the past year and prevalent HIV
infection) were investigated to determine whether spatial
recruitment bias could influence these parameter estimates.
The hypothesis was that any spatially related confounding
in these associations could reflect spatial recruitment bias
in RDS. Because this hypothesis concerned the overall
sample independent of linked dyads, the full analytic
sample was used. We used generalized additive logistic
regression models parameterized as

10g< b ):O‘+Xiﬁ+g(si)7
1—p;

where the log odds of the outcome is modeled as a linear
function of covariates, X;, and a spatially structured spline
subfunction of the spatial coordinates, s;. The spatial term
captures the residual spatial variation in association above
the non-spatial covariates in order to assess overall spatial
non-stationarity. Three demographic covariates (age,
female gender, and black race) were chosen for all models
as the basis for comparing non-spatial models (no spatial
term added) and spatial models (as above). A difference in
the beta coefficient after adding the spatial term is inter-
preted as spatially induced confounding (although any
differences are evaluated qualitatively because there are no
purely statistical methods to evaluate confounding [19]).
These models were fit using the mgcv package in R [20].

Results

From the seeds (whom we dropped from the analysis), a
total of 523 eligible respondents completed the study. Of
these, 521 had their own complete residential geodata (a
successfully geocoded coordinate). Of the 521, 442 were
given RDS coupons for further peer recruitment (reasons
for not providing coupons to all respondents were high
socioeconomic status or current injection drug use, and also
end-of-study recruitment tapering). Of the 442 given cou-
pons, 237 had at least one recruit who successfully com-
pleted the study. With one of the 237 missing geodata,
there were 236 respondents with at least one linked
recruitment pair. Of the 521 with geodata, 494 reported one
sexual partner whose location could be successfully
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geocoded. In summary, 504 had either linked recruiter data
or partner data, 494 had linked partner data only, 236 had
linked recruiter data only, and 226 had both linked partner
and recruiter data.

Table 1 shows the characteristics of the full sample and
these analytic subsamples. Overall, we recruited a heavily
African-American, impoverished, and high-risk sample of
heterosexually active adults. Statistical testing was con-
ducted to investigate whether there were any systematic
differences between the full sample and analytic subsam-
ples, with the p values representing pairwise tests with the
full sample. Respondents with partner geodata had higher
incomes and were less likely to be homeless. Those with
recruiter geodata or both partner and recruiter geodata were
older and less likely to have multiple sexual partners.
Overall, the analytic subsample with complete geodata
(n = 226) was similar to the full sample.

Figure 1 illustrates the spatial edges in the recruitment
(left) and partnership dyads (right). The partnership
edge distribution is denser and exhibits more cross-geogra-
phy edges than the recruitment distribution. However, one
caveat is that the number of recruitment edges is artificially
constrained to half that of the partnership edges (three vs six).

Table 1 Sample characteristics overall and by geodata completeness

Table 2 provides the results of the summary statistics of
the distance measurements for the analytic subsample with
both recruitment and partnership geodata (n = 226). The
mean distance between a recruiter and a recruit was 1.44
miles (95 % CI 1.18-1.70 miles). Overall, 8 % of recruits
were of sex partners. There was small variation around this
mean for by-group comparisons, with no statistically sig-
nificant differences by group. The mean distance between a
respondent and a sexual partnership was 1.38 miles (95 %
CI 1.08-1.69). Men had a significantly higher mean part-
nership distance compared to women, as did the homeless
compared to the non-homeless, and those with multiple
partners compared to those with only one partner. In fact,
the median partner distance of the most recent sexual
partnership was zero, suggesting that partnership tended to
occur at the respondent’s home. Overall, 48 % of respon-
dents had a median partnership distance of zero miles
(alternatively, 50 % of all partnerships were at a zero
distance). There were no significant differences across the
traits in Table 2 for respondents with a zero-distance
median to those with a median greater than zero.

The mean difference in distances between the recruit-
ment network and sexual partnership network proxy was

Total (n = 521)

Partner geodata (n = 494)

Recruiter geodata (n = 236) Both geodata (n = 226)

n % n % P n % P n % P

Gender 0.38 0.63 0.52

Male 311 59.5 296 59.9 143 60.6 138 61.1

Female 212 40.5 198 40.1 93 394 88 38.9
Age 0.47 0.06 0.04

18-29 184 352 174 352 71 30.1 68 30.1

30-39 71 13.6 68 13.8 36 153 35 15.5

40-49 138 26.4 127 25.7 60 254 56 24.8

50-60 130 24.9 125 25.3 69 29.2 67 29.6
Race/ethnicity 0.97 0.07 0.11

Black 416 79.5 393 79.6 196 83.1 187 82.7

Non-Black 107 20.5 101 20.4 40 16.9 39 17.3
Sociodemographics®

Income >$10,000 223 429 215 43.8 0.07 92 39.3 0.14 90 40.2 0.28

Homeless 204 39.0 187 37.9 0.03 86 36.4 0.28 80 354 0.14
Sexual risks*

Casual unprot. sex 271 51.8 259 52.4 0.25 118 50.0 0.45 113 50.0 0.47

Multiple partners 414 79.2 394 79.8 0.16 178 75.4 0.06 171 75.7 0.09
Disease outcomes

Reported STD diagnosis® 44 8.4 41 8.3 0.70 25 10.6 0.10 23 10.2 0.20

Reported HIV diagnosis 16 3.1 15 3.0 0.90 9 3.8 0.36 9 4.0 0.28

Tested HIV infection” 49 9.6 46 9.6 0.84 24 10.6 0.51 23 10.6 0.54

* In the past year
° HIV tested n = 507
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Fig. 1 The left map displays the recruitment edges of respondents
with complete recruitment and partnership geodata (n = 226), with
the edge color corresponding to the recruitment number (1-3). The
right map displays the partnership (social) edges of the same

—0.06 miles, meaning that partnership dyads were on
average 324 feet closer than recruiter dyads. However,
after truncating the difference in mean distances to exclude
those partnership dyads that occurred at zero distances,
those dyads were on average 1.34 miles farther away than
recruitment dyads. Men, the homeless, and the HIV-
infected were all significantly more likely to have higher
truncated differences.

In Table 3, we show the results of the regression models
for the impact of spatial confounding on parameter esti-
mates of the associations between three predictor variables
(age, female gender, and black race) and two outcome
variables (multiple sexual partnerships and HIV infection).
Model coefficients are in log odds. In the non-spatial
model, age and female gender were significantly associated
with having multiple partners; and age, female gender, and
black race were marginally or significantly associated with
HIV infection. In the spatial models, the statistical signif-
icance of these associations did not substantially vary. Only
the coefficient for black race on multiple partnerships
showed a non-trivial change with the incorporation of the
spatial function. Yet, the difference only represented a 4 %
change in the adjusted probability of the outcome.

Discussion
In our study of high-risk heterosexual adults in NYC, we
found evidence of spatial bias in recruitment, but minimal

impact of spatial structure on two key epidemiologic out-
comes. The quantitative criterion used to determine bias
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respondents, with edge color corresponding to partner number
(1-6). The partnership map is denser partially by design because
respondents were given up to 3 recruitment opportunities but ask
about up to 6 partners (Color figure online)

was a comparison of the mean distances between the
recruitment dyads and the mean distances between the
sexual partnership dyads. Our main limitation was the use
of sexual partnership locations as a proxy for the geogra-
phy of social peer interactions; we assumed that the social
network spatial distribution represents a common distri-
bution from which both sexual partnerships and recruit-
ments arose.

Previous research has suggested that a core assumption
of RDS, random recruitment within respondents’ eligible
social network [21], is not always met [9, 12]. The problem
is not that recruitment is assortative, wherein groups on a
given trait preferentially recruit among themselves, since
the method includes techniques to adjust for that phe-
nomenon [8]. Instead, uncontrolled bias occurs when all
respondents preferentially recruit one group on that trait.
An example from the Uganda study is income: all RDS
recruiters tended to preferentially recruit lower income
peers rather than a random selection of peers independent
of income, based on the notion that higher income peers
would not participate [12]. Some of this bias may be
addressed in protocol development, by investigating and
mitigating barriers to recruitment prior to and during study
implementation [22]. Yet, some natural recruitment ten-
dencies may be immutable.

The weighted RDS estimators have been shown to be
unbiased, even with violations of the random recruitment
assumption [8]. But violations have the effect of amplify-
ing the variance. The design effect, which is the ratio of
variance of a given study design to that of a simple random
sample, may be as high as 10 for some parameters for
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Table 2 Comparison of average Euclidean distances for recruits and partnerships, among respondents with complete geodata (n = 226)

Recruiter distance®

Partner distance®

Distance difference®

Truncated difference’

Mean 95 % CI Mean 95 % CI Mean 95 % CI Mean 95 % CI

Total 1.44 1.18, 1.70 1.38 1.08, 1.69 —0.06 —0.38, 0.26 1.34 0.82, 1.86
Gender

Male 1.51 1.12, 1.89 1.48* 1.06, 1.89 —0.03* —0.49, 0.43 1.47* 0.84, 2.10

Female 1.34 1.02, 1.66 1.23 0.76, 1.70 —0.11 —0.54, 0.32 1.12 0.15, 2.08
Age

18-29 1.33 0.82, 1.85 1.29 0.80, 1.79 —0.04 —0.69, 0.62 1.15 0.13, 2.18

30-39 0.94 0.55, 1.33 1.06 0.38, 1.75 0.12 —0.53,0.78 1.37 0.17, 2.57

40-49 1.71 1.07, 2.36 1.25 0.64, 1.86 —0.47 —1.12, 0.19 1.24 —0.12, 2.60

50-60 1.58 1.13, 2.04 1.74 1.03, 2.45 0.16 —0.45, 0.77 1.61 0.81, 2.41
Race/ethnicity

Black 1.37 1.10, 1.64 1.36 1.02, 1.70 —0.01 —0.34, 0.32 1.40 0.87, 1.92

Non-Black 1.79 0.96, 2.62 1.47 0.66, 2.28 —-0.32 —1.37,0.74 1.07 —0.78, 2.91
Sociodemographics®

Income >$10,000 1.31 0.86, 1.75 1.45 0.93, 1.97 0.14 —0.41, 0.69 1.74 0.81, 2.67

Homeless 1.37 0.89, 1.85 2.26% 1.57,2.95 0.89 0.26, 1.52 2.02% 1.10, 2.94
Sexual risks®

Casual unprot. sex 1.35 0.97, 1.74 1.47 1.06, 1.87 0.11 —0.24, 0.47 1.01 0.38, 1.64

Multiple partners 1.48 1.17, 1.80 1.62* 1.24,1.99 0.13 —0.24, 0.51 1.28 0.74, 1.83
Disease outcomes

Reported STD diagnosis® 0.90 0.47, 1.34 1.52 0.70, 2.35 0.62 —0.29, 1.53 0.82 —0.41, 2.06

Reported HIV diagnosis 1.39 0.30, 2.49 1.18 —0.30, 2.65 —-0.22 —2.01, 1.58 4.33 —5.13, 14.93

Tested HIV infection® 1.76 0.95, 2.58 1.78 0.67, 2.88 0.01 —-1.17, 1.19 3.17* 0.92, 541

" p < 0.05, representing by group comparisons with each distance metric

* In the past year
" HIV tested n = 507

c
d

e

Mean distance (miles) between study subject and successfully completed recruits with geodata
Mean distance (miles) between study subject and sexual partnerships with geodata

Difference between sexual partnership mean distance and recruit mean distance

T Distance difference corrected for sexual partnerships at the same location as the study subject

Table 3 Generalized additive logistic regression model of risk and
disease outcomes with and without spatial splines (n = 523)

Non-spatial model Spatial model

Coef. s.e. p Coef. s.e. p

Multiple partners

Age - 0.009 0.010 - 0.009 0.009
(continuous) 0.023 0.023

Female - 0.221 0.015 - 0.222  0.015
gender 0.537 0.542

Black race 0.166 0.281 0.555  0.038 0.289 0.896

HIV infection

Age 0.108 0.020 <0.001 0.109 0.020 <0.001
(continuous)

Female 0.531 0.324 0.102  0.530 0.328 0.107
gender

Black race 1.375 0.749 0.066 1.400 0.757 0.064

which there is heavy bottlenecking of recruitment [23]. A
design effect of this size effectively reduces a sample size
of 1,000 to a size of 100. Thus, there is a significant loss of
efficiency in estimation. Many RDS studies simply ignore
this and analyze data as if collected in a simple random
sample.

Distance and more complex spatial structures are theo-
retically important aspects of this recruitment bias. Since
recruitment is incentivized, recruiters make choices about
whom, within their social network, to recruit who will
participate in the study in a reasonable time frame [13]. As
recruiters have been shown to non-randomly recruit lower
income persons based on this psychological mechanism
[12], it is plausible that they would also recruit peers at
convenience with respect to proximity too.

The main challenge to evaluating this methodological
question concerns the reference group: from where do the
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RDS recruiters’ full network of peers within the target
population originate [7]? One may compare the spatial
distribution of recruits to that of some expected spatial
density that is derived qualitatively [11], but this has lim-
ited scientific rigor. Alternatively, the underlying social
network may be enumerated [12], but this is an expensive
and lengthy process. It may be impossible in a dynamic
open population, especially in dense, heterogeneous envi-
ronments like cities where many RDS studies occur.

The generative process for spatial recruitment bias is
ecological, where the probability of recruitment dyad for-
mation is influenced by local population density and
transportation infrastructure. This process may differ con-
siderably by area, limiting the generalizability of any
findings from small, rural settings to large, urban settings.
In this respect, our substantive findings may not be gen-
eralizable to cities other than NYC, which has unique
urban features. The broader issue addressed here, therefore,
is methodological: how to go about evaluating potential
spatial bias that is unique and local.

Our approach was to use egocentric network data on
sexual partnerships to infer characteristics about the parent
social network to serve as the reference group. There are
clear limitations with this proxy, as indicated by the
median zero distance for the most recent partnership: many
of these measurements for partner location represent only
the location of same-residence partnerships (e.g., cohabit-
ing partners). The sexual partnership network is not a good
approximation of the social network with respect to all
scientific questions, but for geography it may be useful.
This is because the sexual network is by definition a subset
of the social network, and thus the spatial distribution of
that sexual network conservatively estimates that of the
social network. With respect to space, any biases in using
the proxy would be conservative.

However, one strong conservative bias that we do
account for is the overrepresentation of sexual partnerships
at home, which will artificially narrow our estimate of the
spatial distribution of the social network. For that reason,
we use the truncated distance measure as our primary
metric for evaluation here. Overall, 50 % of sexual part-
nerships occurred at this null distance, compared to 20 %
of the recruitments; only 8 % of recruitments were of a
sexual partner. So the networks are not perfectly aligned,
and some of that disjoint concerns our research question
(true differences between the social and RDS recruitment
networks) and some is residual, conservative bias within
our proxy.

As the science of RDS and related network methods
evolve, it is critical to consider generally what geographic
measure of the underlying social network should be used.
The ideal is to measure all the places where people come
into contact socially, since those are the spatial points at
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which RDS coupons could be distributed. One might pro-
pose the location of social network members’ residences to
be the gold standard, but these may not be social spaces at
all, especially for populations who mainly engage in public
spaces like bars, parks, street corners, and churches.
Although our proxy is limited, a strength is that it measures
a point where contact actually occurred, which may not be
the case for network members’ residences. A promising
model-based approach that would infer the spatial distri-
bution of the social network from the observed recruitment
network may overcome some of our limitations [24], yet
both this and our approach capitalize on egocentric net-
work data to make inference on full networks that are
difficult or impossible to survey directly.

In the end, our study suggests some degree of spatial
recruitment bias, particularly among respondents who were
male, homeless, or HIV-infected. But our outcome mod-
eling, which investigated whether biased spatial recruit-
ment could itself impact the parameter estimates for
epidemiologically relevant outcomes, suggested no major
spatially induced confounding. Overall, the potential for
biased outcome estimates appears minimal even in the face
of spatial recruitment bias. This overall pattern of results is
similar to those in Uganda [13], and counter to our
hypothesis that we would see a greater effect in an dense,
urban environment like NYC. One reason may be that our
target population was actually a rather homogenous, clus-
tered subset of the larger heterogeneous population.

Limitations

As noted throughout, the key limitation of this analysis is
the use of sexual partners as a proxy for network peers.
This choice was made based on the data available. Future
research on spatial RDS bias should consider alternative
measures that better reflect the underlying social network
from which RDS recruits are drawn. While network
members’ residence is one choice, we reiterate that it is
also a proxy itself. There is a great potential for misrep-
orting of locations, even with survey aides like maps;
another strength to our proxy is that respondents may
report on the locations of the sexual partnerships more
accurately than peers’ residences. In the end, ours is the
first study to attempt to quantify the geography of RDS
recruitment within the U.S., and we hope this work
encourages other investigations into using better measures
in different settings. Another limitation of our paper con-
cerns our outcome regression modeling, in which estima-
tion depends upon spatially neutral sampling [20]. Since
this is violated by RDS, any lack of spatial dependence
should not be generalized to the larger population and these
results should be interpreted as in-sample characteristics
only.
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Conclusions

RDS is an innovative and popular method to study hidden
populations, which often play an epidemiologically rele-
vant role in infectious disease transmission. Despite its
poor statistical efficiency and potential for biased estima-
tion because of its functional assumptions about recruit-
ment, it may be the best tool given the alternatives [25].
Continued research on the source and magnitude of these
biases will help investigators address three important
questions: (1) whether to use RDS versus a competing
sampling method; (2) how to design a study protocol that is
more robust to recruitment bias; (3) when additional sta-
tistical methods are needed to adjust RDS estimates for the
effects of any remaining recruitment bias. Our study sug-
gests that spatial recruitment bias should be considered for
this type of RDS study, but that it may have minimal
impact on estimation of HIV prevalence and risk.
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