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Analysis of Data Collected by RDS Among Sex Workers in
10 Brazilian Cities, 2009: Estimation of the Prevalence of
HIV, Variance, and Design Effect
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Background: Respondent-driven sampling (RDS) is a chainreferral method that is being widely used to recruit most at-risk
populations. Because the method is respondent driven, observations
are dependent. However, few publications have focused on
methodological challenges in the analysis of data collected by RDS.

Methods: In this article, we propose a method for estimating the variance of the HIV prevalence rate, based on the Markov transition probabilities and within recruitment cluster variation. The method was applied
to a female commercial sex workers study carried out in 10 Brazilian
cities in 2008. Both the inverse of network size and the size of the city
were considered in the estimation of overall sampling weights. The study
included a behavior questionnaire and rapid tests for HIV and syphilis.
Results: About 2523 interviews were conducted successfully,
excluding the seeds. Results show a positive homophily between
recruits for those HIV+; HIV- recruiters selected HIV+ recruits 4% of
the time; HIV+ recruiters selected other HIV+ recruits 19.6% of the
time, about 5 times higher. The prevalence rate was estimated at 4.8%
(95% confidence interval: 3.4 to 6.1), and a design effect of 2.63.
Conclusions: Using statistical methods for complex sample
designs, it was possible to estimate HIV prevalence, standard error,
and the design effect analytically. Additionally, the proposed analysis
lends itself to logistic regression, permitting multivariate models. The
stratification in cities has proved suitable for reducing the effect of
design and can be adopted in other RDS studies, provided the weights
of the strata are known.
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INTRODUCTION
Studies have shown the importance of interventions in
populations at highest risk of HIV.1 Depending on the patterns
of sexual relationships among population subgroups, small
changes in the rate of contact between those at low risk with
those at high risk may change the pattern of spread of
HIV/AIDS in the general population.2 However, these highrisk groups are often small in number and are often hard to
reach populations, especially if they practice illicit or
stigmatized behaviors.3
The difficulties in monitoring the sexual risk and HIV
prevalence in higher risk groups has led to the development of
specific sampling methods to collect information in hard to
reach populations,4,5 including time-space sampling 6 and
respondent-driven sampling (RDS).7
The time-space sampling method combines traditional
techniques of ethnographic mapping to build a list of the
primary units of selection, under the assumption that the
groups at highest risk of HIV tend to gather in specific
locations.8 In RDS, the data are collected through a chain-link
recruitment process in which participants recruit future
participants of the same population group, forming a network
of recruits.9 Unlike snowball sampling methods, seeds can
only recruit a limited number of people, generally no more
than 3, and actual recruitment links are validated by a unique
coupon provided by the recruiter to each recruitee. Given
certain theoretical assumptions, it is possible to calculate the
probabilities of selection and thus classify RDS as a probability
sampling method.10
Since its development, RDS method has been used in
many countries worldwide in studies with population
subgroups at greatest risk of HIV.11–16 The US Centers of
Disease Control uses RDS for HIV biological and behavioral
sampling among populations of intravenous drug users. A
recent review of studies conducted outside the United States
between the years 2003 and 2007, reported 123 studies that
used RDS, 59 in Europe, 40 in Asia and the Pacific, 14 in Latin
America, 7 in Africa, and 3 in Oceania.17 Surveillance in these
groups have also been necessitated by UN General Assembly
Special Session on HIV/AIDS requirements for reporting
national-level indicator estimates in most-at-risk groups such
as sex workers, injection drug users, and men who have sex
with men. Brazil has experienced 2 multisite rounds of
surveillance with RDS; and in 2008 and 2009, multicenter
studies were conducted in 3 population groups at higher risk
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for HIV—men who have sex with men, female sex workers
(FSW) and drug users.
Although specifications for organizing and collecting
RDS data are well developed, questions remain about analysis.
The recruitment chain generates dependence between observations, making it difficult to estimate the parameters of
interest, the variance, and the design effect.18,19
So far, 2 estimators to calculate statistical inferences
with data collected by RDS have been developed. Under the
assumption that the recruitment process follows a Markov
process, the first estimation method is based on sample
estimates of the transition probabilities and the average size of
the personal network in each subgroup.10 Using a different
approach, based on the probability of an individual being
recruited for the research, a second method of estimation has
been proposed, which has the advantage of permitting the
analytical estimation of the variance without having to resort to
simulation procedures.20
Regarding the estimation of the average values and
dispersion measures, the 2 proposed estimators10,20 were
compared in a study in 2 samples of university students.
Although the estimators computed by both methods were
very close, the estimation of the variance was problematic
for both methods.21
For estimation of the variance, Salganick18 proposes the
use of bootstrap simulation methods. However, slight changes
in initial assumptions produce large differences in the design
effect.19,22 In the second estimation method,20 the dependence
between observations is considered only in the estimation of
variance under the assumption that the correlation between
observations decreases with the distance between them in the
chain of recruitment.
Although univariate statistics may be sufficient for
surveillance in single populations, researchers have been
frustrated by the methodological challenges to multivariate analysis with RDS data, which has been little studied.
The majority of RDS uses traditional procedures of multivariate logistic regression,14,23–27 treating observations
as independent.
This article proposes a method for estimating HIV
prevalence and its variance, taking into account unequal
selection probabilities and the dependence between observations, produced by the pattern of recruitment and by the
intraclass correlation among participants invited by the same
recruiter. The proposed analysis lends itself to logistic
regression, permitting multivariate models. This method was
applied to the study of FSWs conducted in 10 cities in 2009.
Finally, because we treat the sample as a stratified sample, we
argue that the method permits multiple samples to be treated as
a single sample, a novel argument for RDS.

METHODS

calculated to estimate an HIV prevalence of 6% with
a confidence interval (CI) of 95%, 2-tailed error of 1.3%,
and design effect of 2. We tried to distribute the sample in
proportion to the female population 18–59 years in the city, but
set a minimum sample size of 100 women in each city.
The project was approved by the Ethics Committee of
the Oswaldo Cruz Foundation, and endorsed by the committee
on National Research Ethics.
Women were eligible to participate in the study if they
met the following inclusion criteria: being at least 18 years of
age, working as a sex worker in one of the municipalities of
the study, have had at least 1 sexual intercourse in exchange
for money in the past 4 months; and present a valid coupon
to participate.
Fieldwork was conducted in health centers located in
the10 municipalities. For each site, 5–10 initial participants—
called seeds—were chosen purposively. Each seed received
3 invitations to give to other sex workers known to them. The
recruits of the seeds in the survey were the first wave of the
study. After participating in the interview, they received
3 coupons to distribute. This process was repeated until the
sample size was achieved in each location. RDS requires
a system of primary and secondary incentives. The primary
incentive in this study was a gift (beauty products), payment of
lunch, and transportation. The secondary incentive was
a payment of R$10 for each recruited person who participated
in the study. Sites for data collection and level of incentives
were selected following formative research by study PIs in
each city.
The questionnaire was presented as an audio computer–
assisted self-interview. The questionnaire included modules on
the following: information and sociodemographic characteristics related to professional activity, knowledge about HIV
transmission, sexual behavior, previous HIV test—in life and
in the last year, signs of an sexually transmitted infection, use
of alcohol and illicit drugs, access to prevention activities and
health services, and discrimination and violence.
Tests for HIV and syphilis were conducted using rapid
tests (capillary blood collection), according to the protocols
recommended by the Brazilian Department of STD, AIDS and
Viral Hepatitis. All participants received pretest and posttest
counseling. Participants who tested positive received additional posttest counseling, both to address the psychological
impact and to encourage partner notification, and they were
referred to public health services for follow-up.

Data Analysis
The rationale for data analysis was to use statistical
methods appropriate for data collected using this complex
sampling design. This analysis attempted to take into account the
dependence among observations, resulting from the recruitment
chains and the unequal probabilities of selection, resulting
from the different sizes of networks of each participant.

The Survey Among FSWs
Cities were chosen by Brazilian Department of STD,
AIDS and Viral Hepatitis both by geographical criteria (at least
1 in each macroregion) and by its importance in the AIDS
epidemic in the country. The sample size was set at 2500,
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Weighting Of Data
The original authors of RDS propose an weighting based
on the inverse probability of selection proportional to the size
of the network of each participant.10 In this study, the question
Ó 2011 by Lippincott Williams & Wilkins

J Acquir Immune Defic Syndr  Volume 57, Supplement 3, August 15, 2011

used to measure the network size of each participant and the
resulting weighting is: ‘‘How many sex workers who work
here in town do you know personally?’’
In addition, as the research was conducted in
10 municipalities, the sample was weighted by the relative
population size of women 18–59 years of age in each site,
assuming the same proportion of women sex workers in all
sites, and considering each municipality as a stratum.
Mathematically, the sample weights were calculated by:
 
 
wij ¼ 1 dij + 1 dij  mj  n
i

where:
i represents participant in city j (j = 1,., 10).
dij = network size of participant i in city j,
mj ¼

Mj
+ Mj
j

Mj = female population of 18–59 years in city j.
n = sample size.

Estimation of HIV Prevalence, Variance, and
Design Effect
The method proposed here takes into consideration both
the chain-link effects and the unequal selection probabilities to
estimate the prevalence rate, the standard error, and CI, and the
design effect.
The tendency of a participant to recruit peers with
similar characteristics is called homophily.28 To take into
account this bias in recruitment pattern and possible overrepresentation of individuals with certain characteristics in the
study population, recruitment is modeled as a Markov process
and estimates of, for example prevalence, can be generated
from the equilibrium equation.9,10
Take P as the prevalence rate of HIV, the parameter
to be estimated. Then P can be written as a function of
the conditional probabilities of recruitment P1.0 (probability
that a negative participant recruits a positive one) and
P0.1 (probability of a positive participant recruiting a negative one), known as the transition probabilities of
Markov states:
P¼

P1:0
P0:1 þ P1:0

In turn, the conditional probabilities are estimated using
appropriate sample weights because the participants in the
sample have unequal probabilities of selection. Then, the
sample weight, Sab is the sum of sample weights corresponding
to participants with result a for HIV testing who were recruited
by participants with result b, where a and b are equal to 1 when
the result is positive and 0 when negative.
Let S0 = S00 + S01; S1 = S10 + S11; S0 = S00 + S10;
S1 = S01 + S11; S = S0 + S1
Then the transition probabilities are estimated by:
P1.0 = S10/S0 and P0.1 = S01/S1
Ó 2011 by Lippincott Williams & Wilkins
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To calculate the variance of P, we can
 write
 P as
P0:1
P0:1
a function of the logarithm of
. Let r ¼ ln
P1:0
P1:0
Then:
1
1 þ er
Using the delta method,29 the variance of P(r) is
estimated by:
var (P(r)) = [P’(r)]2 var(r), where, P’(r) is the derivative
of P(r).
Then:
var (P) = P2  q2  var(x), where q=1-p, and the variance
of x é estimated by:
P ðrÞ ¼

varðxÞ ¼ var ð ln P0:1  ln P1:0 Þ
1
1
¼
 var ðP0:1 Þ þ
 var ðP1:0 Þ
ðP0:1 Þ2
ðP1:0 Þ2

Logistic Regression Analysis
Another way to estimate the transition probabilities is to
use a logistic regression model. Under the assumption that
recruitment in the RDS method follows a Markov process, in
which relations of recruitment are determined by the direct
recruiter, not the recruiter’s recruiter or individual members of
earlier waves. In this context, we consider the following
regression model:
Logit(P) = a + b*xi
Where,
i represents participant (i = 1,.., n).
xi = 1, if the recruiter of participant i is HIV+,
xi = 0 otherwise.
In the regression model proposed above, the effect of
the status of the participant who is recruited is incorporated
into the model as a fixed effect. The influence of intraclass
correlation, given the similarity between the participants
recruited by the same person, should be incorporated into
the model as a random effect. Therefore, the estimation of
the regression model must be performed by specific
statistical software that takes into account the complex
sampling design.
Mathematically, it can be shown that the transition
probabilities can be expressed as a function of the parameter
estimators a and b of the logistic regression model. Moreover,
the model allows the test of dependence between the
serological status of the recruited and recruiter: if the odds
ratio (OR) is not statistically significant, we can infer that there
is no effect of homophily.
The equivalence of the 2 procedures in estimating the
prevalence permits modeling of the multivariate case as
follows:
LogitðPÞ ¼ a þ bxi þ +gk zik
k

where,
i represents participant (i = 1,.., n).
k represents variable (k = 1,.., K), K = number of
model variables,
www.jaids.com |
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xi = 1 if the participant recruiter i is HIV+,
xi = 0 otherwise.
zik = value of variable zk of participant i.

TABLE 1. Distribution of Sex Workers by Venue
Venue of Recruiters
Venue of
Sex Workers

RESULTS
About 2523 interviews were conducted successfully,
excluding the seeds distributed by city as follows: Manaus
(199), Recife (237), Salvador (260), Campo Grande (147),
Brasilia (308), Belo Horizonte (289) Santos (191), Texas
(601), Curitiba (201), Itajaı́ (90).
Figure 1 presents the distribution of the sample by price
charged per sex act. The dispersion of the distribution shows
that the study reached different kinds of sex workers, both in
the lower tail distribution (4% with price less than or equal to
R$10.00) but also in the higher (5.7% with the program price
greater than or equal to R$ 200.00).
Table 1 presents the pattern of recruitment by sex work
venue. Despite the effect of homophily, diversity is achieved in
the sample, because only about 50% of sex workers are
recruited from the same location.
The Figure 2 shows the patterns of recruitment according to serological status in Rio de Janeiro. The tendency of
HIV+ participants to recruit other HIV+ participants shows
the need to incorporate the dependency of observations in
data analysis.
Table 2 presents the number of participants with
a positive HIV result according to the test results of the
corresponding recruiter, after weighting the data for the whole
sample in 10 cities. The refusal rate for HIV testing was 0.7%
(18 FSWs). Results show a positive homophily between
recruits for those HIV+: HIV2 recruiters selected HIV+
recruits 4% of the time; HIV+ recruiters selected other HIV+
recruits 19.6% of the time, about 5 times higher.
As described in the Materials and Methods section, the
data shown in Table 2 are the basis for calculating the rate of
HIV prevalence, standard error, CI, and design effect. The
prevalence rate was estimated at 4.8% (95% CI: 3.4 to 6.1),

FIGURE 1. Distribution (%) of sex workers by price charged for
sex act.
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Club
Hotel
Street
Other

Club
n

%

Hotel
n

%

Street
n

%

Other
n

%

Total
n

%

583 54.5 166 32.5 186 21.5 15 20.0 951 37.7
151 14.1 135 26.3 215 24.9 28 36.4 529 20.9
313 29.3 189 36.9 452 52.3 28 36.8 983 39.0
22 2.1 22 4.2 11 1.3 5 6.8 61 2.4

and a design effect of 2.63. By way of comparison, the results
of the logistic regression model are presented in Table 3,
estimated using the R statistical software. The OR was 5.8
(P , 0.0001), indicating homophily for HIV seropositivity.
The equivalence of results is demonstrated at the bottom of
Table 3, where the conditional probabilities and their standard
errors using the parameters estimates of the regression model
are estimated.

DISCUSSION
Studies conducted in groups at highest risk for sexually
transmitted infections using conventional sampling strategies
are generally problematic.30 A review of the literature on
estimating the rate of HIV prevalence among sex workers in
the period 2000–2008, showed that among the 75 articles
found, 84% used convenience samples and 47% of articles had
insufficient sample size.31
In this context, RDS is a methodological advance, in the
sense of providing a rationale for considering these samples as
probabilistic, in the sense of carefully controlling recruitment
and other procedures, and in the sense of utilizing the
community members own knowledge to recruit ‘‘hidden’’
members, that is, participants not normally enrolled in
surveillance.12,32
A recent systematic review of 128 international
published accounts of studies utilizing RDS for behavioral
surveillance in populations at highest risk of HIV found
a small proportion of studies with operational difficulties and
the mean ratio between the achieved sample size and planned
was 0.94.33 In this project, it was possible to recruit more than
2500 sex workers in a period of just 4 months in 10 Brazilian
cities. Only 2 municipalities did not achieve targeted size:
Salvador because of a delay in starting the research; and in
Itajaı́, due to heavy rains and flooding in the city, the field work
was interrupted for a month. Still, the ratio between planned
and achieved sample in these cities were, respectively, 0.87
and 0.90.
Besides incentives, rapid testing for HIV and syphilis at
the time of interview may have encouraged participation. In
fact, the refusal rate for HIV testing was very small. Despite
the fact that the incentives may have been more attractive to the
sex workers of lower socioeconomic status, the results
presented here show that the sample included sex workers
of diverse socioeconomic status.
With respect to the analysis of data collected by RDS,
there are still many unresolved issues. Although the point
Ó 2011 by Lippincott Williams & Wilkins
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FIGURE 2. Pattern of recruitment of
commercial sex workers according
to HIV test result in Rio de Janeiro.
*Large icons represent seeds.

estimators can be argued to be asymptotically unbiased,
researchers have questioned the plausibility of theoretical
assumptions to real data.34 Other issues concern the
measurement of the size of individual networks. Studies have
shown that changes in the questions about the size of the
network change, the average estimates, and variability of
parameters of interest.35,36

TABLE 2. Recruitee HIV Test Results According to HIV Test
Results of the Corresponding Recruiter
Results of Recruiter
Results of Recruited
HIV2

HIV+

Total

HIV2
n
p0.0
Variance
n
p1.0
Variance

2238
96.0%
0.093
94
4.0%
0.093
2332

Ó 2011 by Lippincott Williams & Wilkins

HIV+
n
p0.1
Variance
n
p1.1
Variance

115
80.4%
0.288
28
19.6%
0.288
143

Regarding the estimation of the average values and
dispersion measures, the 2 proposed estimators10,20 were
compared in a study in 2 samples of university students.
Although the estimators computed by both methods were very
close, the estimation of the variance was problematic for
both methods.21
For estimation of the variance, Salganick18 proposes the
use of bootstrap simulation methods. However, slight changes
in initial assumptions produce large differences in the design
TABLE 3. Logistic Regression of Outcome Variable Recruitee
HIV Test Result, Controlling for the HIV Status of Recruiter
Parameters
a
b
Conditional
Probabilities
P1.0
P0.1

Estimators

Standard Error

Exponential

P

23.171
1.761

0.105
0.235

0.042
5.821

—
,0.001

Estimators
0.0403
0.8037

Variance
0.093
0.288
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effect.19,22 In the second estimation method,20 the dependence
between observations is considered only in the estimation of
variance under the assumption that the correlation between
observations decreases with the distance between them in the
chain of recruitment.
In this article, we propose estimators of the prevalence
and standard error, using statistical procedures suitable for
analysis of data collected in complex sampling designs. We
considered the effect of homophily, the intracluster correlation
of participants recruited by the same person and the unequal
selection probabilities. At equilibrium, our estimator is theoretically equal to the 2 other proposed estimators.10,20 However,
the prevalence estimates and standard error proposed here are
based on the estimation of transition probabilities from one
state to another and can be calculated analytically without the
need to consider equilibrium in Markov processes. Moreover,
the procedure is equivalent to modeling using logistic
regression, where the likelihood of HIV infection depends
on serological status of the direct recruiter.
Similar to our proposal, the OR was used previously to
test the significance of the effect of homophily.37 Frost et al38
have proposed the use of cross-tables between recruiters and
recruits and log-linear models to model the transition
probability. Similar to the approach used by Volzl and
Heckathorn,20 using the dependence of observations only in
the estimation of the variance, Strathdee et al39 proposed the
use of a logistic regression model using fixed effects to
represent covariates and random effects to express the possible
correlation between recruiter and recruit. However, in none of
these studies was the procedure used for the estimation of the
variance in HIV prevalence and the design effect.
In summary, the findings of this study show that the
RDS is a viable methodology for the study of FSWs in Brazil.
In the analysis of HIV prevalence, the effect of homophily was
significant, showing the need to consider the dependence of
observations. The design effect was large, approaching 3.
These findings and others suggest that design effect for RDS
may be so large that RDS restricted to a single geographic
locale in relatively small target populations—as originally
proposed by the authors of the method—may not achieve
adequate sample size or, if they can, be financially justifiable
for routine surveillance. It is worth noting, however, that the
design effect is calculated as the ratio between the estimate of
the variance determined by the sampling plan and the estimate
of variance obtained by a simple random sample of the same
size,40 which would not be a viable sampling method in studies
of sex workers. The ability to calculate analytically the effect
of design, as proposed in this article, allows the calculation of
sample size for future studies that will use the same complex
sampling design, facilitating the research project. The
stratification in cities or districts has proved suitable for
reducing the effect of design and can be adopted in other
works, provided that the weights of the strata are known.
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