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Department of Department of Sociology

Respondent-Driven Sampling (RDS) is a widely used method for accessing hidden popula-

tions when more traditional survey techniques may not be feasible. However, the reliance

on non-random peer recruitment introduces substantial bias, particularly in the presence

of homophily. This paper introduces Randomized Respondent-Driven Sampling (RRDS),

a novel, cellphone-based adaptation that incorporates researcher-controlled randomization

into the recruitment process. RRDS preserves the network-based advantages of RDS while

mitigating selection bias by decoupling recruitment from respondent preferences. Through

simulation on synthetic networks with high homophily and an empirical application among

Bangladeshi garment workers during the COVID-19 pandemic, RRDS demonstrates superior

performance in sample representativeness, recruitment efficiency, and convergence to popula-

tion parameters. The empirical study also reveals gendered constraints in referral behavior,

underscoring the importance of context-sensitive implementation. RRDS offers a scalable,

remote-compatible alternative for sociological research in hard-to-reach populations, or in

populations that are not traditionally hard to reach, but become temporarily inaccessible,

such as the case of garment workers during the pandemic.
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1 Introduction

Researchers studying known populations produce representative samples using probabil-

ity sampling procedures drawn from complete sampling frames. These data serve as the foun-

dation for empirical work across sociology, political science, economics, and public health.

Sampling frames—such as voter registration lists, customer databases, census registries, or

administrative records—provide comprehensive and detailed inventories of individuals within

target populations. This enables researchers to weight their samples with appropriate in-

clusion probabilities, ensuring representativeness and facilitating valid population-level in-

ferences. Such representative samples are the gold standard for statistical inference, though

collecting data in this way is not always feasible. Sampling frames are often prohibitively

expensive, increasingly difficult to maintain due to falling response rates, or otherwise im-

possible to construct in many settings.

These challenges are particularly acute when studying sensitive or hidden populations—such

as unhoused individuals, injection drug users, sex workers, undocumented immigrants, or

other marginalized groups—where no detailed census exists and traditional probability sam-

pling becomes infeasible. Researchers in sociology, public health, demography, and allied

disciplines who work with such populations frequently rely on Respondent Driven Sampling

(RDS). RDS is a non-probability snowball sampling procedure that leverages social network

structures to recruit participants in the absence of a sampling frame. Initially proposed by

Heckathorn [1997], RDS has become a standard approach for accessing hard-to-reach popu-

lations worldwide.

Despite its widespread adoption, the principal challenge associated with RDS data lies in

the inherent difficulty of quantifying recruitment bias, rendering subsequent statistical infer-

ence potentially unreliable. Furthermore, key assumptions that underlie RDS methodology

frequently fail to hold in practice. For example, the assumption that respondents recruit ran-

domly from their networks is often violated due to homophily in recruitment patterns, where

participants tend to refer others with similar characteristics to themselves [Liu et al., 2012].

Other problematic assumptions include the requirement that respondents accurately report
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their network size, that sampling occurs with replacement, and that the target population

forms a single connected component [Gile and Handcock, 2010]. When these assumptions are

violated, traditional RDS estimators can produce biased results, particularly in populations

with strong within-group ties or when sampling a small fraction of the total population. This

limitation is well-documented in the RDS literature [Gile and Handcock, 2010, Salganik and

Heckathorn, 2004, Volz and Heckathorn, 2008], yet viable alternatives for accessing these

populations have remained elusive. Furthermore, traditional survey methods face a broader

crisis as response rates continue to decline globally[Meyer et al., 2015], exacerbating the

challenges of obtaining representative samples even in settings where sampling frames exist.

Recent global events, particularly the COVID-19 pandemic, have further complicated

data collection efforts, necessitating rapid adaptation in survey methodology. Physical dis-

tancing requirements, mobility restrictions, and heightened health concerns have disrupted

traditional face-to-face interviewing approaches that RDS typically relies upon. These cir-

cumstances have accelerated the need for innovative, remote sampling methods that maintain

methodological rigor while adapting to contemporary constraints.

In response to these challenges, I introduce Randomized Respondent Driven Sampling

(RRDS), a cell phone-based approach that builds upon traditional RDS while addressing

several of its key limitations. This method offers numerous advantages in the current survey

environment: (1) it reduces physical contact requirements, making it particularly suitable

for disaster settings and public health emergencies; (2) it leverages increasingly ubiquitous

mobile phone technology, even among marginalized populations; (3) it introduces random-

ization procedures that help quantify and mitigate recruitment bias; and (4) it provides a

scalable platform for reaching traditionally inaccessible populations while maintaining rigor-

ous statistical properties. Drawing from both a rigorous simulation study and empirical data

collected via cell phone from Bangladeshi garment workers during the COVID-19 pandemic

[Boudreau et al., 2024], I demonstrate the effectiveness of this randomized recruitment ap-

proach.

The remainder of this paper is organized as follows: in Section 2 I review the theoretical
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foundations and limitations of traditional RDS. In Section 3 I detail my proposed random-

ized recruitment methodology (RRDS) and in Section 4 I demonstrate performance with a

simulation study. Section 5 describes the empirical data collection procedure and 6 details

the results of the analysis. Finally, I discuss implications for survey research methodology

and directions for future refinement of the RRDS approach in 7.

2 Respondent Driven Sampling

RDS is both a sampling strategy and statistical estimation procedure. RDS data are

collected using a snowball mechanism where members of the target group leverage their

relationships to other group members in order to increase overall participation. Responses are

then weighted by the inverse of each respondent’s degree to correct for differential recruitment

probabilities throughout the network. The process begins with a convenience sample of

individuals known to be in the population of interest. This initial sample is known as the

seed sample; the individual recruits are referred to as seeds. Seeds are typically solicited with

a primary incentive to participate in the study, normally a monetary payment or material

reward. Then each seed is offered a secondary incentive to recruit some number of their

peers into the study. The seeds’ peers are offered the primary incentive to join the study

and the secondary incentive to recruit their peers into the study. This recruitment cycle

repeats, incorporating new recruits into the study with each wave, until the desired sample

size is reached. This sampling is done with replacement, meaning the same individual could

be recruited into the sample more than once if they are referred by multiple individuals.

It is important for the researcher to keep track of the order of recruitment for subsequent

analysis. Each individual is assigned a unique identifier the first time they are recruited into

the sample by the researcher so that the recruitment chain can be traced from the original

seed through to the final respondent.
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2.1 Theoretical Foundations and Key Assumptions

The statistical theory underlying RDS estimation rests on several critical assumptions

that enable inference about the target population from non-probability samples [Heckathorn,

1997, Salganik and Heckathorn, 2004, Volz and Heckathorn, 2008]. These assumptions are:

1. Respondents recruit randomly from their personal networks: Perhaps the

most consequential assumption of RDS is that participants select recruits at random

from their eligible network connections. This assumption is critical for the Markov

process model upon which RDS estimation depends, allowing researchers to model

recruitment as a random walk on the social network. However, substantial evidence

suggests this assumption is frequently violated due to homophily, convenience selection,

or other social factors that produce non-random recruitment patterns [Liu et al., 2012].

I will address this in Section 3.

2. Respondents can accurately report their personal network size: RDS estima-

tors require participants to report the number of eligible individuals in their personal

network (their ”degree”). These self-reported degrees are used to weight observa-

tions to account for differential recruitment probabilities. Inaccurate degree report-

ing—whether due to recall bias, social desirability, or definitional ambiguity—can sig-

nificantly bias population estimates [Gile and Handcock, 2010].

3. Sampling occurs with replacement: Standard RDS estimation theory assumes

sampling with replacement, meaning individuals could theoretically be recruited mul-

tiple times. In practice, most RDS studies implement sampling without replacement,

prohibiting multiple recruitment of the same individual. This discrepancy becomes

particularly problematic when sampling fractions are large relative to the size of the

target population [?].

4. The target population forms a single connected component: RDS assumes that

all members of the target population are connected, directly or indirectly, through a

single social network. If the population contains disconnected subgroups, seeds from
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all subgroups must be included for valid inference about the entire population.

5. Recruitment reaches the full network: RDS theory posits that after sufficient re-

cruitment waves, the sample composition stabilizes regardless of seed selection, reach-

ing a sampling equilibrium that reflects the target population. This requires chains to

progress through multiple waves, typically six or more, to overcome the bias introduced

by the non-random selection of seeds [Salganik and Heckathorn, 2004]. It also assumes

that the target population is fully connected.

6. Reciprocity of relationships: The estimators assume that network ties are recipro-

cal—if Person A reports a relationship with Person B, then Person B would also report

a relationship with Person A. Directional or asymmetric relationships can undermine

this assumption.

When these assumptions are violated, as frequently occurs in real-world implementa-

tions, RDS estimators may produce biased population estimates with misleading confidence

intervals [Gile and Handcock, 2010]. The degree of bias depends on the specific nature and

extent of assumption violations, characteristics of the target population’s social network,

and properties of the variables being estimated.

Despite these limitations, RDS has become the predominant methodology for studying

hidden populations due to its practical advantages in recruitment and its theoretical frame-

work for statistical inference. However, the fragility of its underlying assumptions highlights

the need for methodological innovations that can address these limitations while maintaining

the practical advantages of peer-driven recruitment. I propose a practical implementation

to address homophily in recruitment in the next Section.

3 Randomized-Respondent Driven Sampling

Randomized Respondent-Driven Sampling (RRDS) directly addresses one of the most

problematic RDS assumption violations—non-random recruitment. By introducing an ex-

plicit randomization step controlled by the researcher, RRDS maintains the network-based
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recruitment advantages while mitigating biases from homophily-driven selection. The RRDS

procedure works as follows: begin with a set of initial seeds, as in traditional RDS. Each

respondent provides contact information for multiple members of their social network who

meet the study criteria (typically phone numbers for m contacts). Instead of allowing respon-

dents to choose which contacts to recruit, we randomly select a subset (s) of these contacts

to follow up with. This process repeats through multiple waves until the desired sample size

is reached.

This approach keeps respondents engaged in identifying eligible participants from their

networks but removes their ability to selectively recruit contacts based on similarity or

other preferences. The randomization step serves as a barrier against homophily bias while

preserving the network-based recruitment mechanism that makes RDS effective for reaching

hidden populations. Figure 1 illustrates RRDS is particularly effective in settings where:

The population has moderate to high network density, respondents are willing and able to

provide multiple network contacts, and respondents can be incentivized to participate and

refer others.
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Figure 1: A) above illustrates tradtional RDS recruitment with homphily. When contacts

are not referred at random, the recruitment chains can fail to achieve full coverage of the

network. B) illustrates random referral by respondents, where wider coverage of the net-

work can be achieved with the same number of recruitment waves.

For a phone-based respondent-driven survey, I suggest the following procedure. Assum-

ing each respondent i has degree k in the target population: ask respondent i to provide

phone numbers for m of their k contacts where m < k. Then, the researcher randomly

recruits a subset s from the list of m contacts where s < m. Repeat these steps with each

new respondent for each wave of recruitment until reaching the desired sample size. This

randomization strategy is most effective when each respondent is both able and willing to

provide a substantial list of contacts. The method is less effective in sparse networks (where

respondents have few connections) or when respondents are reluctant to share contact infor-

mation. As I will discuss in Section 6, a small number of referrals per respondent presents a

major limit to the utility of this approach.
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4 Simulation Study

To evaluate the effectiveness of the proposed Randomized Respondent-Driven Sampling

(RRDS) approach compared to traditional RDS, I conducted a simulation study using a

synthetic network with known population parameters. This controlled environment allows

for direct comparison of how each method converges to known population values.

I generated a synthetic social network with 10,000 nodes representing individuals in a

target population. The age distribution was set to be normally distributed with a mean of

41.5 years and standard deviation of 10 years, bounded between 18 and 65 years. Gender

distribution was configured at 70% female and 30% male, implemented as a binary attribute.

Network connectivity was established with an average degree of 2 connections per individual

and a standard deviation of 2. A high homophily level of 0.9 was deliberately incorporated,

meaning individuals have a strong tendency to connect with others sharing similar attributes

in terms of gender and age. This high homophily parameter creates challenging conditions

for sampling, reflecting real-world social networks where similar individuals tend to cluster

together—a particularly important factor as it directly affects recruitment patterns in tra-

ditional RDS implementations.

4.1 Seed Selection

To create realistic conditions that demonstrate the resilience of both methods, I deliber-

ately selected non-representative seeds, consisting of 76 initial participants – predominantly

young men under 22 years old. This biased seed selection creates a significant initial devi-

ation from the true population parameters of 41.5 years mean age and 70% female. Both

sampling methods RDS and RRDS began with identical seeds to ensure fair comparison,

allowing the recruitment process itself to be the only variable between the two approaches.

4.2 Sampling Methods Implementation

The traditional RDS algorithm was implemented to simulate homophily-driven recruit-

ment patterns. For each participant in a given wave, the algorithm first identified all network
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neighbors who had not yet been recruited into the sample. These eligible neighbors were

then deliberately sorted by similarity to the recruiting participant, prioritizing same gender

first and then closest age. This sorting step explicitly modeled the tendency of individuals

to refer others similar to themselves. From these sorted neighbors, up to three were selected

for recruitment into the next wave, always choosing the most similar eligible neighbors first.

This process continued wave by wave until either reaching 12 waves or exhausting all possible

recruits.

In contrast, the RRDS algorithm followed a different selection process while maintaining

the same network structure and recruitment parameters. For each participant, all eligible

neighbors (those not previously recruited) were identified. However, instead of sorting by sim-

ilarity, the algorithm used random selection to choose up to three neighbors for recruitment

into the next wave. This was implemented using R’s sample() function without replacement,

giving each eligible neighbor an equal probability of selection regardless of their attributes.

This critical difference—random selection versus similarity-based selection—constitutes the

core innovation of the RRDS method. Both algorithms used identical stopping criteria, pro-

ceeding through the same maximum number of waves and recruiting the same maximum

number of participants per recruiter.

4.3 Performance Metrics

For both implementations, I tracked wave-by-wave statistics on recruitment success, de-

mographic composition, and convergence to population parameters. After each wave, I cal-

culated the number of new participants, their mean age, and proportion female. Cumulative

statistics were also computed at each step to monitor overall sample growth and representa-

tiveness. These metrics allowed direct comparison of how quickly each method approached

the known population parameters of 41.5 years mean age and 70% female distribution, as

visualized in Figures 2 and 3.
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4.4 Simulation Results

The results revealed substantial differences between the two methods. As shown in Figure

2, traditional RDS (panel a) showed persistent bias toward younger, male participants due to

homophily-driven recruitment, with slow convergence toward population parameters across

the 12 waves. The randomized approach (panel b) demonstrated more rapid demographic

convergence and significantly larger recruitment success per wave, with points consistently

larger in the RRDS visualization compared to the traditional RDS.

Figure 3 provides a compelling view of the cumulative effects of these recruitment dif-

ferences. Traditional RDS implementation reached a final sample size of approximately 900

participants, while RRDS yielded a substantially larger sample of about 1,908 participants –

more than double that of traditional RDS. As shown in panel (b), the RRDS approach not

only produced larger samples but also achieved better approximation of the true population

parameters, with the cumulative gender distribution and mean age more closely matching

the dashed reference lines indicating population values.

The difference in recruitment efficiency is particularly striking, with RRDS yielding an av-

erage of approximately 172 participants per wave compared to just 70 for traditional RDS.

This enhanced recruitment efficiency, coupled with improved representativeness, demon-

strates the practical advantages of introducing randomization into the recruitment process

for a population with high homophily. By mitigating the impact of initial seed bias and net-

work homophily, RRDS provides a more robust sampling methodology for hidden populations

while maintaining the network-based recruitment mechanism that makes RDS valuable for

reaching these communities.

5 Empirical Data: Garment Workers in Bangladesh

The Bangladesh garment industry context offers an unusual opportunity to evaluate

network-based sampling methodologies. Unlike most hidden populations studied with RDS,

garment workers are typically accessible through traditional sampling methods. However, the

COVID-19 pandemic created conditions that temporarily rendered this population difficult
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(b) Randomized RDS

Figure 2: Point size corresponds to the number of respondents recruited into each wave.

Both simulations begin with the same non-representative seed (n = 76). Randomized re-

cruitment yields more recruits per wave on average (n̄RRDS ≈ 172 vs n̄RDS ≈ 70) and

converges in fewer waves than traditional RDS.

to reach through conventional approaches, similar to traditionally hidden populations. This

unique circumstance provides an ideal natural experiment for testing RRDS, as I have access

to a representative baseline from pre-pandemic surveys against which to compare results to

a “known” baseline.

The data collection process incorporated a parallel testing design, running both tradi-

tional RDS and RRDS arms simultaneously with the same starting conditions. Boudreau

et al. began with seed participants drawn from two previous representative surveys of gar-

ment workers: a 2017 survey conducted by the Bangladesh Institute of Governance and

Development (BIGD) that included 1,500 workers, and a smaller 2020 pilot survey. These

seed samples were geographically representative of garment-producing areas in the Dhaka

Division, which encompasses approximately 80% of Bangladesh’s garment factories.

The RRDS methodology was implemented through a clear protocol. All seed partic-

ipants were asked to provide contact information for multiple acquaintances who worked

in the garment industry, with small monetary incentives for each referral provided. In the

traditional RDS arm, respondents were explicitly asked which contacts they felt most com-
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(b) Randomized RDS

Figure 3: Cumulative sample from RRDS is larger than RDS (NRRDS ≈ 1908 vs NRDS ≈

900) and better approximates the underlying network characteristics.

fortable referring, and these preferred contacts were followed up with. In the RRDS arm,

contacts were randomly selected from the provided list without regard to the respondent’s

stated preferences.

The survey was conducted across five waves, beginning with the seed sample and pro-

ceeding through four subsequent waves of recruitment. Between the initial seed wave and

the first full survey wave, an intermediate links survey was conducted that allowed tracking

of referral patterns in detail. This structure enabled observation of how the demographic

composition evolved differently between the traditional RDS and randomized RDS arms.

This empirical application revealed both strengths and challenges of implementing RRDS

in real-world conditions. However, unexpected patterns in referral behavior were also en-

countered, particularly among female respondents who were less likely to provide multiple

referrals. This was not anticipated and limits the generalizability of the conclusions, see

Section 7 for a discussion about why females behaved differently than males in this context.

This necessitated adaptive sampling protocols to maintain viable recruitment chains, high-

lighting the importance of flexibility when implementing novel sampling methodologies in

field conditions. Ultimately, all of the results in section 6 focus only on male respondents

because females referred less than two people on average – the modal number of referrals for
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female respondents was zero.

Even despite these limitations, this study design provides empirical validation of the sim-

ulation findings while also revealing practical considerations for implementation. The ability

to compare both methods against a known population distribution represents a significant

methodological contribution, as most RDS studies lack a ”ground truth” against which to

evaluate their results. This real-world application demonstrates that RRDS can effectively

address homophily-based recruitment bias while maintaining the network-based advantages

of traditional RDS approaches.

6 Results

Demographic proportions for the male-only network-based samples were estimated using

two different weighting procedures, the RDS Tree Bootstrap Method [Baraff et al., 2016] and

traditional RDS weights. These estimates are compared against the representative estimates

from the 2017 BIGD/LSE survey of 1500 garment workers [Kabeer et al., 2019] to assess the

efficacy of the design. I compare estimates for proportion of native born workers, marital

status, primary and secondary education, and presence of young children in Figures 4, 5, 6,

7, and 8. RDS Tree Bootstrap weighted estimates are shown in green and traditional RDS

weights are shown in purple. RDS point estimates are shown with dots and RRDS estimates

are shown with triangles.

Despite the limitations discussed in Section 5, these empirical results consistently demon-

strate that RRDS provides improvements over traditional RDS across multiple demographic

characteristics. For marriage status (Figure 5), RRDS yields substantially less biased esti-

mates than traditional RDS. When traditional RDS weights are applied, the RRDS estimate

is not statistically different from the true population parameter, while the RDS estimate

shows significant deviation. This suggests that the randomization step effectively mitigates

homophily-based selection bias for this characteristic.

Educational attainment shows more nuanced results. For primary school education (Fig-
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ure ??), the RRDS estimate using RDS Tree Bootstrap weights shows greater bias than the

RDS estimate, though both methods retain statistical significance. With traditional RDS

weights, both methods produce similarly biased point estimates that differ significantly from

the baseline. For secondary education (Figure 7), both methods exhibit positive bias relative

to the baseline, though RRDS demonstrates reduced uncertainty when RDS Tree Bootstrap

weights are applied. With traditional RDS weights, the RRDS estimate shows less bias than

the RDS estimate, though neither reaches statistical significance.

The proportion of respondents with children under 5 years old (Figure 8) reveals particu-

larly strong homophily effects in traditional RDS. While the RRDS estimate using RDS Tree

Bootstrap weights shows considerable uncertainty, the RRDS estimate with traditional RDS

weights is unbiased and statistically significant. This demonstrates RRDS’s effectiveness in

counteracting homophily-driven recruitment patterns in family structure characteristics.

For the native-born proportion (Figure 4), both methods struggle to produce reliable

estimates due to the small baseline proportion in the population and limited sample size of

the network-based sampling. This highlights an important limitation: very rare population

characteristics may remain difficult to estimate precisely even with methodological improve-

ments to RDS.

Across all demographic dimensions examined, RRDS demonstrates either comparable

or superior performance to traditional RDS, particularly when traditional RDS weights are

applied. The consistency of these improvements across different demographic characteristics

suggests that the randomization mechanism effectively addresses non-random selection bias

while maintaining the practical advantages of network-based recruitment. These empirical

results complement and reinforce the findings from the simulation in Section 4, providing

real-world validation of RRDS’s theoretical advantages.
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7 Discussion

Randomized Respondent-Driven Sampling (RRDS) represents a methodological bridge

between conventional probability sampling approaches and network-based recruitment meth-

ods typically used for hidden populations. By introducing researcher-controlled randomiza-

tion into the recruitment process, RRDS preserves the advantages of network-based re-

cruitment while significantly reducing the biases introduced by homophily and non-random

selection [Salganik, 2012, Goel, 2010].

My simulation study provides compelling evidence that RRDS produces larger, more

representative samples with faster convergence to population parameters compared to tradi-

tional RDS. However, the real-world application with Bangladeshi garment workers revealed

important contextual challenges, particularly related to gender dynamics that affected refer-

ral patterns.

A particularly striking finding was the significantly lower rate at which female respondents

provided multiple referrals compared to their male counterparts. This gender disparity in

referral behavior has important implications for implementing RRDS in contexts with strong

gender hierarchies. The Bangladesh garment industry presents a complex gender landscape

worth exploring to understand these patterns. Despite women comprising approximately

60-80% of the garment workforce [Kabeer et al., 2019], their social position outside the

workplace remains constrained by traditional gender norms.

Several factors likely contributed to women’s reduced willingness or ability to provide

referrals. First, phone ownership patterns in Bangladesh exhibit strong gender disparities,

with many households sharing a single phone that is primarily controlled by male family

members. Even when women work outside the home, their communication technologies

are often monitored or controlled by husbands or fathers [Boudreau et al., 2024]. This

technological constraint directly impacts women’s ability to maintain independent social

networks that can be mobilized for survey recruitment.

Second, cultural norms regarding appropriate social connections for women may limit
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their network diversity. While male garment workers frequently socialize with colleagues

outside work hours, female workers often return directly home after shifts due to safety

concerns and family responsibilities. This constrains women’s opportunities to form and

maintain the broad occupational networks that facilitate successful referral chains in RDS

methodologies.

Third, the post-Rana Plaza environment has heightened sensitivities around garment

industry working conditions [Kabeer et al., 2019]. Female workers, who typically occupy

more vulnerable positions in factory hierarchies, may hesitate to refer colleagues into a

survey addressing potentially sensitive topics out of fear of workplace repercussions. As one

female respondent noted during recruitment, ”I know other workers, but I don’t want to

create problems for them.”

These gender dynamics present important methodological considerations for implement-

ing RRDS in contexts with similar gender hierarchies. Future applications should develop

gender-sensitive recruitment protocols that might include different incentive structures for

male and female participants, privacy assurances tailored to gender-specific concerns, and

potentially modified referral requirements that acknowledge women’s constraints in provid-

ing multiple contacts.

Beyond addressing gender dynamics, future research should explore optimal incentive

structures to maximize referral compliance, examine the performance of RRDS across dif-

ferent network topologies, and develop specialized variance estimators that account for the

unique features of randomized network recruitment. Additionally, expanding the approach

to incorporate digital recruitment channels may further enhance its applicability in increas-

ingly connected populations, while remaining attentive to gender-based digital divides. In

summary, RRDS represents a valuable addition to the methodological toolkit for researchers

working with difficult-to-sample populations [Heckathorn and Cameron, 2017, Sarah Raif-

man, 2022], offering a pragmatic compromise between statistical rigor and practical feasibility

in challenging research environments. However, its implementation must be attentive to con-

textual factors, particularly gender dynamics, that shape referral patterns and ultimately
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determine sample composition.
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8 Figures

Figure 4: Proportion of respondents who are native born to the Dhaka region across re-

cruitment waves. The horizontal dashed line represents the population parameter from the

representative 2017 survey. This is a very small proportion of the population, and due to

the limited sample size of from the network-based sampling it is not possible to recover a

reliable estimate of this quantity with either method.
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Figure 5: Proportion of married respondents across recruitment waves. RRDS point esti-

mates are far less biased than traditional RDS. With traditional RDS weights, the RRDS

estimate is not statistically different from the true population parameter, while the RDS

estimate is.
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Figure 6: Proportion of respondents with primary school education across recruitment

waves. The RRDS estimate with RDS Tree Bootstrap weights is more biased than the

RDS estimate, but not enough to lose statistical signficance. For the traditional RDS

weights, both methods give similarly biased point estimates that are statistically differ-

ent from baseline.

20



Figure 7: Proportion of respondents with secondary school education across recruitment

waves. Both methods are positively biased relative to baseline, though the RRDS estimate

has less uncertainty than the RDS estimate when RDS Tree Bootstrap weights are used.

For traditional RDS weights, the RRDS estimate is less biased than the RDS estimate,

though neither are statistically significant.
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Figure 8: Proportion of respondents with children under 5 years old currently living at

home across recruitment waves. This demographic characteristic shows particularly strong

homophily effects in traditional RDS. We find considerable uncertainty around the RRDS

estimate with RDS Tree Bootstrap weights. However, with traditional RDS weights, the

RRDS estimate is unbiased and statistically signficant.
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A Appendix

Here I share further detail about the several waves of data collection. The data is all

freely available here, on the personal website of the original author, Professor Rachel Heath.

A.1 Wave 1 - Seed Sample

Seed for referral chains were collected from two prior surveys:

1) Administered in 2017, 1500 workers were surveyed by the Bangladesh Institute of

Governance and Development (BIGD) and London School of Economics [Kabeer et al.,

2019].

2) Administered in 2020, 60 workers were surveyed in a pilot survey by Boudreau and

Heath.

These two samples include both the names and phone numbers of respondents and, when

originally recruited, were geographically representative of garment-producing areas in the

Dhaka Division of Bangladesh, home to 80% of the country’s garment factories.

The data from the 2017 BIGD survey were stratified by cells defined by location (evenly

split between Ashulia, Gazipur, Narayanganj, Mirpur, and Hemayetpur), gender, and above

or below median experience (for one’s given gender-location group).

A.2 Intermediate Links

All wave 1 seed participants were asked to recruit their contacts using the following script:

We would like to survey more garment workers to learn about their experiences.

We are interested in calling workers who you have ever spoken to on the phone,

that is, whose numbers are in your recent call log. We will provide you BDT

10 for each worker (i.e., a name and phone number) that you give us, for up to

10 workers total. We will then use a lottery to choose one or more of them to

call. They may be selected to answer a much shorter survey than the one you just
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received, which will take about 10 minutes, and receive BDT 50 as a thank - you

for their time. We would let them know that you provided a referral. Would you

be willing to provide the names and phone numbers of family members and/or

friends who work in the garments sector who may be willing to participate?

Additionally, all wave 1 respondents - and subsequent referrals given by these respondents

- were asked the following questions:

• If the respondent listed 2 or more names:

Out of the workers you just listed, whom would you feel most comfortable

referring?

• If the respondent listed 3 or more names:

Whom would you feel next most comfortable referring?

• If the respondent listed 4 or more names:

Whom would you feel next most comfortable referring?

Referrals from these wave 1 seed respondents were randomly assigned to either “ran-

domized” (RRDS) or “traditional” (RDS) recruitment groups according to the following

protocols.

1) The first round of the intermediate links survey began on November 26, 2020. In the

RRDS group, 3 contacts (or however many contacts were given, if less than 3) were

picked at random to be followed and asked for referrals of their own. In the RDS

group, three preferred contacts (or however many contacts were given, if less than 3)

were followed.

2) On December 12, 2020, we began following all referrals of women, regardless of treat-

ment group.

3) From December 21, 2020 until we finished the intermediate links survey on January
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16, 2021, we began following up to four referrals per respondent, using the following

algorithm:

a. From respondents in the RRDS group, we selected four referrals randomly.

b. For respondents in the RDS group, we first selected one referral randomly from all

referrals that they gave (both the preferred and others). Then, if the randomly selected

referral was one of the three preferred referrals, we just follow the 3 preferred referrals,

as we have been doing already. If the randomly selected referral was not one of the

three preferred referrals, we follow that random referral and the 3 preferred referrals,

for up to four referrals total.

These updates to the sampling procedure were made to adjust for the behavior of re-

spondents. Early on we observed that women were exceedingly unlikely to provide referrals

despite, resulting in the expiration of those recruitment chains. As we will discuss in section

5, this was an unforeseen challenge that we did our best to overcome.

In total, there were 30 waves of the intermediate links survey, where the selected referrals

from wave n constitute the sample for referrals in wave n+ 1.

A.3 Wave 2a

Wave 2a consisted of a random selection of 25% of the 2017 sample, as well as selections

from intermediate links, selected in the following way:

1) 25% of factories were selected, and 3 workers per factory were selected.

2) Up to 10 workers from wave 10 on-wards from each factory that agreed to be sur-

veyed in the Bangladesh Garment Manufacturers and Exporters Association (BGMEA)

matched survey conducted by Laura Boudreau beginning in January 2021. If a BG-

MEA factory appears after wave 10 but has fewer than 3 post wave 10, allow up to 3

workers using respondents from waves before 10.

3) All respondents not currently employed in garment factories were selected.
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4) All women from wave 10 on-wards were selected , up to a max of 15 per factory.

5) 50% of workers with 3 or fewer years of experience from random seeds in wave 10

on-wards were selected.

6) For those who have left the garment sector, select up to 3 workers from that same

factory if they don’t already have at least 3 workers sampled.

7) There was a cap of 5 men per factory (that wasn’t matched to BGMEA). So randomly

throw out men if more than this number was selected.

A.4 Wave 2b

Among referrals given by the respondents to wave 2a:

1) All referrals not currently employed in garment factories were selected.

2) All referrals of women were selected, unless they lead to greater than 15 workers per

factory in expectation ( assuming a 50% probability that a selected respondent leads

to a completed survey, based roughly on the intermediate links surveys).

3) All referrals of newly agreed upon factories in the BGMEA survey.

4) Add men until 3 per factory in expectation are selected. Choose from among men with

3 or fewer years experience if available.

5) 20 men with more than 3 years experience were randomly selected.

A.5 Wave 2c

Among referrals given by the respondents to wave 2b:

1) Select referrals in factories in the BGMEA survey who currently have less than 10

successful surveys. Select women to yield 10 successful surveys in expectation, again

assuming at 50% success rate.
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2) Select all women unless their factory has more than 20 current surveys.

3) Select 100 men randomly.

Additional selections were made from the intermediate links:

1) In factories in the BIGD survey that did not yield 10 successful surveys so far, select

workers to yield 10 successful surveys in expectation.

2) Select women whose factories have 5 or fewer surveys currently.

A.6 Wave 2d

Among referrals given by the respondents to wave 2c:

1) Select all referrals from those in BGMEA matched factories.

2) Choose 60 new factories at random from factories not matched to BGMEA survey.

Choose all women from these factories and 25% of men in these factories.

3) Select all women who have left the sector.

4) Select 25% of men who have left the sector.
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