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Survey Futures is an Economic and Social Research Council (ESRC)-funded initiative (grant 

ES/X014150/1) aimed at bringing about a step change in survey research to ensure that high 

quality social survey research can continue in the UK. The initiative brings together social 

survey researchers, methodologists, commissioners, and other stakeholders from across 

academia, government, private and not-for-profit sectors. Activities include an extensive 

programme of research, a training and capacity-building (TCB) stream, and dissemination and 

promotion of good practice. The research programme aims to assess the quality implications 

of the most important design choices relevant to future UK surveys, with a focus on inclusivity 

and representativeness, while the TCB stream aims to provide understanding of capacity and 

skills needs in the survey sector (both interviewers and research professionals), to identify 

promising ways to improve both, and to take steps towards making those improvements. 

Survey Futures is directed by Professor Peter Lynn, University of Essex, and is a collaboration 

of twelve organisations, benefiting from additional support from the Office for National 

Statistics and the ESRC National Centre for Research Methods. Further information can be 

found at www.surveyfutures.net. 

Research Strand 1 of Survey Futures (“Enhanced Sampling Frames and Procedures”), led by 

Professor Paul Smith (University of Southampton) aims to establish the feasibility and 

advantages of individual-based sampling and respondent-driven sampling (RDS) to recruit of 

hard-to-reach groups, and to identify good practice in the use of non-probability sampling. 

Research Strand 1 has three sub-projects: 

(1) Uses of administrative and alternative data in sampling. 

(2) Combining probability and non-probability-based samples. 

(3) Use of RDS for boosting probability-based samples. 

The suggested form of citation for this report is: 

Todd M, Li T, Maslovskaya O, Cornesse C & Jessop C (2026) ‘Respondent driven sampling: 
evidence review’, Survey Futures Report no. 10. Colchester, UK: University of Essex. 
Available at https://surveyfutures.net/reports/. 
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Executive Summary 

This Evidence Review examines how Respondent-Driven Sampling (RDS) has been used in 

practice, with a specific focus on sampling and recruitment and not on statistical estimation. 

RDS is increasingly applied in research on populations that lack a conventional sampling 

frame, yet the effectiveness of its implementation varies substantially across studies. The 

purpose of this review is to introduce researchers and survey practitioners to RDS and 

facilitate their design choices by clarifying how recruitment practices and fieldwork decisions 

shape the performance of RDS. 

The review is guided by a set of research questions:  

1. How does Respondent-Driven Sampling perform in practice across different 

populations, recruitment modes, and study designs? 

2. How do recruitment structures (seeds, referral caps, incentives, chain length) shape 

recruitment trajectories and sample composition in RDS? 

3. Which fieldwork, operational, and design strategies are associated with more 

successful RDS implementation? 

4. How do different recruitment modes (face-to-face, online, and mixed-mode) affect 

the feasibility, integrity, and outcomes of RDS? 

5. Where, why, and for whom does RDS break down as a sampling and recruitment 

method? 

6. Where are the gaps in the existing evidence base regarding RDS? 

While the review draws on a substantial body of peer-reviewed literature published between 

1997 and 2024, it is not a systematic review or a meta-analysis. Key indicators are reported 

too inconsistently across studies to support formal aggregation, and the review instead 

adopts a rigorous narrative approach that synthesises commonly reported design features, 

patterns, strengths, and weaknesses. 

The review is organised in two main sections. The first section documents how RDS 

recruitment is designed and implemented in published studies, focusing on features that are 

under researchers’ control. This includes how target populations are defined, how initial 

participants are selected, how peer recruitment is structured, how incentives and peer-

referral limits are used, and how recruitment patterns unfold in practice. The second main 

section provides an analytical evaluation of this evidence. By bringing the findings across 

studies together, the review assesses how recruitment practices interact with social network 
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structure and operational decisions to shape recruitment success, sample composition, and 

the credibility of inferences.  

The review highlights both the flexibility of RDS and its recurring vulnerabilities. While RDS 

can be effective in accessing groups that lack conventional sampling frames, its performance 

is sensitive to weak connectivity within and between social networks, incomplete data, and 

violations of the core methodological assumptions. In particular, the evidence points to a 

tension between RDS’s reliance on social networks and its tendency to under-represent 

individuals who are weakly connected or socially isolated. 

The review concludes that RDS is a complex sampling method that is neither a universally 

reliable solution nor an inherently flawed method. Its credibility depends on careful formative 

research, strategic recruitment design, ongoing fieldwork monitoring, flexibility and 

adaptation to a specific context. For researchers concerned with representativeness and 

external validity, the review emphasises the importance of cautious implementation and, 

where possible, the use of complementary or hybrid sampling approaches. Greater 

transparency and standardisation in reporting, through guidelines such as STROBE-RDS, are 

encouraged to strengthen comparability across studies and further development of this 

method. 

  



5 
 

Content Page 

 
Executive Summary .......................................................................................................... 3 

Content Page .................................................................................................................... 5 

Glossary of Terms ............................................................................................................. 7 

1. Introduction ................................................................................................................. 8 

1.1 Background & Objectives ........................................................................................ 8 

1.2 Definition and History of RDS .................................................................................. 8 

2. RDS Design Aspects and Common Features ................................................................... 9 

2.1 Target Populations and Seed Selection in RDS .......................................................... 9 

2.1.1 Number of Seeds ............................................................................................ 12 

2.1.2 Origin and Recruitment of Seeds ..................................................................... 13 

2.1.3 Screening and Eligibility Procedures by Target Population ............................... 14 

2.1.4  Active Peer Recruitment ................................................................................ 16 

2.2 Incentive Structures and Their Impact on Recruitment ........................................... 16 

2.3 Achieved Sample Sizes and Sample Representativeness ......................................... 19 

2.3.1 Achieved Sample Size Variation in RDS Studies ................................................ 19 

2.3.2 Referral Caps .................................................................................................. 20 

2.3.3 Recruitment Productivity Patterns .................................................................. 20 

2.3.4 Recruitment Chain Length and Representativeness ......................................... 23 

3. Analysis and Evaluation of RDS Recruitment ................................................................ 25 

3.1 Recruitment Mode Effects ..................................................................................... 25 

3.1.1 Offline (Face-to-Face) Recruitment .................................................................. 25 

3.1.2 Online Recruitment ........................................................................................ 26 

3.1.3 Mixed-Mode Recruitment (Hybrid Designs) ..................................................... 27 

3.2 Link-Tracing Methods ............................................................................................ 27 

3.3 Technical Challenges in Link-Tracing ....................................................................... 29 

3.4 Network Effects, Clustering and Population Parameters ......................................... 30 

3.4.1 Theoretical Assumptions Underpinning RDS Estimators ................................... 30 

3.4.2 Network Structure, Clustering, and Homophily ............................................... 30 

3.4.3 Non-Random Recruitment and Preferential Referral ........................................ 31 

3.4.4 External Validation and Estimator Performance............................................... 32 

3.4.5 Self-Reported Degree and Weighting............................................................... 32 

3.5 Recruitment Monitoring, Diagnostic Tools and Adaptive Design ............................. 32 

3.5.1 Recruitment Diagnostic Tools .......................................................................... 33 



6 
 

3.5.2 Adaptation and Variation during Data Collection ............................................. 34 

3.5.3 Diagnostics as Justification for Adaptation ...................................................... 35 

3.6 RDS in Comparison to Alternative Sampling Methods ............................................ 35 

4. Conclusion .................................................................................................................. 38 

4.1 Empirical Performance of RDS ............................................................................... 38 

4.2 Strategies Associated with Better Recruitment ...................................................... 39 

4.3 Methodological Limitations: Where and Why Recruitment Breaks Down ............... 39 

5. Recommendations for Practitioners ............................................................................ 40 

6. Evidence Gaps and Future Research ............................................................................ 41 

Bibliography ................................................................................................................... 44 

Appendix A: The RDS Evidence Review: Methodology, Scope and Research Questions ..... 54 

Appendix B: AI coding prompts ....................................................................................... 58 

 

 

  



7 
 

Glossary of Terms 

Bottleneck 
A point where recruitment flow between sub-groups is restricted, limiting 
mixing and recruitment depth. 

Bottleneck plots 
Graphs used by researchers to see where recruitment slows or fails to mix 
between subgroups. 

Chains 
Recruitment sequences that begin with a seed and extend across multiple 
waves. 

Convergence 
The process by which sample characteristics stabilise across waves; see 
also Equilibrium. 

Coupon 
A paper or digital invitation that participants use to recruit peers into the 
study. 

Eligibility criteria Rules defining who can take part in the study. 

Equilibrium 
A state where sample composition stabilises across key variables across 
recruitment waves and becomes less dependent on initial seeds. 

FSWs (Female Sex Workers) Women who exchange sexual services for money or goods. 

HIV (Human Immunodeficiency 
Virus) 

A virus affecting the immune system; HIV referenced in relation to health-
at-risk populations. 

Homophily 
The tendency for participants to recruit others similar to themselves, 
contributing to clustering and potential bias. 

IDU (Intravenous Drug User) A person who injects drugs. 

Incentives (or Dual Incentives) 
Compensation given for participating and for successfully recruiting 
peers. 

LGBTQ+ (Lesbian, Gay, Bisexual, 
Transgender and Queer+) 

A collective term for sexual and gender minority groups. 

MSM (Men Who Have Sex with 
Men) 

Men defined by sexual behaviour rather than identity. 

Network The social connections through which recruitment occurs. 

Network size (or Degree) 
The number of people in the target population that a participant knows 
and could potentially recruit. 

NGO (Non-Governmental 
Organisation) 

Independent organisations that often assist with identifying or recruiting 
seeds due to community access and trust. 

RDS (Respondent-Driven Sampling) 
A peer-recruitment sampling method using traceable referrals to reach 
populations without conventional sampling frames. 

RDS-II 
A commonly used RDS estimator that weights cases by reported network 
size. 

Recruitment tree diagrams 
Visual representations of recruitment chains showing who recruited 
whom. 

Recruitment-transition matrix A table showing which groups tend to recruit which other groups. 

Referral Cap 
The maximum number of peers a participant may recruit, used to control 
recruitment speed and concentration. 

Replacement seed A new seed added if recruitment slows or stops. 

Screening 
Procedures used to confirm participant eligibility, ranging from self-report 
to in-person verification. 

Seed 
An initial participant selected by researchers to start recruitment chains 
in RDS. 

STBBIs (Sexually Transmitted and 
Blood-Borne Infections) 

Infections transmitted through sexual contact or blood; referenced in 
relation to health-at-risk populations. 

STI (Sexually Transmitted Infection) An infection transmitted through sexual contact. 

Waves 
Rounds of recruitment, starting with the first participants (seeds) as wave 
0, and continuing as participants recruit others through referral chains. 
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1. Introduction 

 

1.1 Background & Objectives 

The aims of the Survey Futures research programme are to provide understanding of the key 

properties of alternative approaches to data collection in areas where these are not yet fully 

understood, with a view to providing guidance and tools for the implementation of good 

practice in the short- to medium-term, and to explore possibilities for game-changing 

advances in other areas of survey data collection practice, recognising that these advances 

might only be realised in the medium- to long-term. 

Research Strand 1: Enhanced sampling frames and procedures (led by Professor Paul Smith) 

This Research Strand (RS1) aims to 1. establish the feasibility and advantages of individual-

based sampling, 2. identify good practice in the combining of probability and non-probability 

samples and 3. assess effectiveness of the use of Respondent-Driven Sampling (RDS) to recruit 

hard-to-reach groups. This evidence review is produced for the third subproject. 

Many surveys suffer from under-representation and biases within population sub-groups, but 

these groups are often of particular interest. RDS using a probability-based ‘seeds’ may 

provide a relatively robust but cost-effective way to reach and potentially ‘boost’ these under-

represented population sub-groups. RS1 aims to review existing evidence on the use of RDS 

for recruiting representative samples of hard-to-survey groups, summarise current 

knowledge and practice, and finally produce guidelines for survey practitioners. 

1.2 Definition and History of RDS 

RDS is a chain-referral sampling method developed in the late 1990s by Douglas Heckathorn 

to access hidden or hard-to-reach populations lacking a defined sampling frame (Heckathorn, 

1997). Building on earlier snowball sampling techniques, RDS introduced a structured 

recruitment process supported by mathematical modelling, theoretically enabling the 

generation of statistically robust population estimates. RDS begins with a set of purposefully 

selected initial participants, referred to as ‘seeds’, who usually (but not always) belong to the 

target population. These seeds are given a limited number of uniquely coded ‘coupons’ to 

recruit peers from within their social networks. Recruits then receive their own coupons to 

invite others and continue the recruitment process (through waves), resulting in successive, 

traceable ‘chains’ of participants. Commonly, incentives are provided both for participating 

in the study and for successfully recruiting peers, this is to increase participation rates and 

maintain momentum within recruitment chains (known as the “dual incentive scheme”). All 

main terms used in the review can be found in Glossary on page 7. 

RDS population estimation is based on the idea that as people are recruited in traceable 

chains that disperse over time, the influence of the initial seeds fades and the sample begins 

to reflect characteristics of the broader population. When this happens (after 4-6 waves of 
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recruitment) and the characteristics of the sample remains stable from one wave to the next, 

the sample is said to have reached a steady state, or “equilibrium”. In theory, once this 

stability is reached, the data can be used to estimate characteristics of the population without 

systematic bias. 

Statistical methods developed for RDS-generated data, such as the RDS-II estimator (Volz-

Heckathorn 2008), are designed to correct for known problems in non-probability samples, 

which include differences in how people recruit others and differences in the size of social 

networks. Under certain conditions, these adjustments allow RDS estimates to approximate 

what would be obtained from a probability-based sample, though this depends on 

assumptions that are discussed later. Tracing links along referral chains is vital for the 

calculation of RDS estimators. These links provide the necessary data to account for the 

sampling structure in RDS, track the differential recruitment patterns, and to adjust for 

potential biases in sample recruitment. This link-tracing capability distinguishes RDS from 

other forms of non-probability sampling, such as snowball sampling and underpins its 

potential methodological advantage. 

Since its development, RDS is being increasingly employed in public health, epidemiology, and 

social research to access a diverse array of “hard-to-reach” populations. These include 

marginalised or stigmatised groups such as the LGBTQ+ community, Intravenous Drug Users 

(IDU), sex workers, the homeless, undocumented migrants, people with medical conditions 

and individuals involved in informal or illicit economies. In addition to producing population 

estimates, RDS supports the investigation of social network structures, patterns of disease 

transmission, and the design and delivery of tailored health and social interventions in 

settings where traditional survey methods are impractical or unfeasible. 

 

2. RDS Design Aspects and Common Features 

This section documents the RDS design aspects that are reported in the reviewed literature 

and are under the researcher’s control, focusing specifically on sampling and recruitment 

features rather than data analysis or estimation procedures. It covers target populations, seed 

selection and screening, peer recruitment mechanisms, incentive structures, referral limits, 

and observed recruitment patterns as they are reported across studies. 

 

2.1 Target Populations and Seed Selection in RDS 

RDS is typically used to target “hard-to-reach” or “hidden populations,” groups characterised 

by their difficulty in sampling due to stigma, marginalisation, and a lack of conventional 

sampling frames. The RDS studies in this review can be grouped into four groups: Health-at-

Risk Populations, Socially Marginalised Populations, Specialised Populations with some 

General Population Samples (see Table 1). 
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Table 1: Target Populations Groups 

Target Population Barriers to Conventional Sample Frames 
Example 

Studies 

Health-at-Risk Populations  

Intravenous Drug Users 

(IDU) 

 

 

• Defined by high-risk injecting behaviour 

and criminalisation; their stigmatisation 

and legal risk make them difficult to 

sample.  

(Lee et al., 2017 ; 

McFall et al., 

2023 ; Johnston et 

al., 2013) 

Adult smokers 

 

• Behaviourally defined population (current 

smoking status); RDS is used where 

smokers are not easily identified via 

available sample frames. 

(Rajani et al., 2013) 

People infected with or 

highly at risk of sexually 

transmitted and blood-

borne infections 

(STBBIs) 

• High sensitivity, stigmatised population 

with privacy concerns which limit 

conventional sampling; RDS is used to 

gain access to discrete social networks for 

surveillance and risk-behaviour 

monitoring 

(Thompson, 2013; 

Fordjuoh et al., 

2024)  

 

Women seeking or 

having had an abortion 

 

• Highly sensitive, stigmatised population, 

criminalised in some contexts, RDS can 

reach women outside formal clinical 

pathways. 

(Zan et al., 2024) 

 

Socially Marginalised Populations  

Female Sex Workers 

(FSWs) 

 

• Stigmatised population, criminalised in 

most contexts and face economic 

marginalisation. Social networks may be 

accessed by RDS via location, venue or 

online platform. 

(Ouma et al., 2023; 

FISHER and MERLI, 

2014; Pravosud 

and Andreeva, 

2016) 

Sexual Minorities (i.e., 

Lesbian, Gay, Bisexual, 

Transgender and Queer 

(LGBTQ+)) 

• Stigmatised population, criminalised in 

some contexts, RDS leverages social 

networks. 

(Yauck et al., 2021; 

Welch, 1975; 

Middleton et al., 

2021; Martin, 

Johnson and 

Hughes, 2015; Lu 

et al., 2011; 

Michaels et al., 

2019;  Inghels et 

al., 2021; Ong, 



11 
 

2022; Diexer et al., 

2023) 

Migrant, Refugees, 

Ethnic Minorities, and 

Indigenous Populations 

 

• Geographically mobile or dispersed. 

Language, legal status, and mistrust of 

institutions obstruct conventional 

sampling. 

(Frere-Smith, 

Luthra and Platt, 

2014) 

(Pham et al., 2023) 

(Leonard, 2025) 

(Snyder et al., 

2024) 

Rural Populations and 

Informal Settlements 

 

• Low administrative visibility, weak 

sampling frames, physical access 

constraints and limited services, RDS 

leverages social networks. 

(McCreesh et al., 

2013 ; Truong et 

al., 2022 ; 

Jayaweera et al., 

2023) 

Specialised Populations  

Precarious Employment 

and Homecare Workers 

• Fragmented employment settings 

(agencies, informal private homes) with 

limited centralised registries or union 

structures. RDS uses peer connectedness 

among workers. 

(FerrerRosende et 

al., 2023, Jonsson 

et al., 2019) 

University Students and 

Young People 

• Low response rates for population from 

address-based sampling, strong social 

networks structured by courses, 

residence, and societies. 

(Wejnert, 2010, 

Hildebrand et al., 

2013) 

General Population Samples  

Region-Specific • RDS to access geographically defined 

groups, for example Guam or Albany 

county, USA. 

 

(Badowski et al., 

2017, Lee, 2024) 

RAND American Life 

Panel- online panel 

• Hybrid model combining online survey 

infrastructure with peer referral to boost 

representation of sub-populations with 

traditionally low response rates. 

(Schonlau, 

Weidmer and 

Kapteyn, 2014) 

 

The selection and number of seeds are crucial to the success of RDS. Most studies (61) used 

non-probability methods of recruiting initial seeds through NGOs, community groups, and 

digital platforms, while probability-based methods were rare. Tailored screening of seeds is 

used to ensure eligibility and varies by population type, such as Intravenous Drug Users (IDU) 

or LGBTQ+ individuals. 
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2.1.1 Number of Seeds 

Table 2 show how many seeds were used in the studies reviewed, grouped into four main 

categories. It is important to note that in some studies seeds are added during fieldwork after 

recruitment stalled. 

 

Table 2: Distribution of initial seed counts across studies 

 

Initial seed count Number of studies (%) Typical characteristics 

≤10 22 (32%) Small or focused RDS studies 

11–30 22 (32%) Moderate-sized studies 

31–100 11 (16%) Larger studies 

>100 13 (19%) Large-scale, multi-site, panel, or multi-arm studies 

 

Low seed counts (1–10) were used in 22 studies (32%), but this often causes problems. When 

recruitment slows or stops, researchers often must add more seeds later and sometimes 

dramatically , for example, by expanding from 8 to 43 seeds (Ngwakongnwi et al., 2014), from 

7 to 8 (Inghels et al., 2021), or varying across sites (3–35 seeds; Wejnert et al., 2012; and 3–

10 per region; Pham et al., 2023). Reviews and meta-analyses that report on papers with initial 

seed counts in this range reported a median of 7.5 initial seeds rising to 10 by study end 

(Johnston et al., 2016), typical ranges of 5–10 seeds (Wejnert and Heckathorn, 2008; Gile, 

Johnston and Salganik, 2015), and simulations comparing 1 versus 10 seeds (Lu et al., 2011). 

Use of a single seed was cited as ineffective (Kubal, Shvab and Wojtynska, 2014). Moderate 

seed counts (11–30) appeared in another 22 studies (32%), and most of these (19) did not 

add any new seeds later. But in Lachowsky et al. (2016), recruitment shortfalls prompted 

substantial seed additions, increasing from 30 to 119 seeds. Reviews that report on papers 

with initial seed counts in this range are Johnston et al., (2013) with up to 11 seeds and Kubal, 

Shvab and Wojtynska, (2014) with between 1 to over 20 initial seeds. 

Larger seed counts (31–100) were used in 11 studies (16%), and most (8) did not increase 

from initial seeds. When new seeds were introduced as recruitment slowed, there were 

increases from 8 to 43 seeds (Ngwakongnwi et al., 2014) and 89 additions post-initial phase 

(Lachowsky et al., 2016). Wang et al. (2024b) is a review reporting on papers with ranges of 4 

to 46 seeds. Very large seed counts (>100) featured in 13 studies (19%), usually in multi-site, 

multi-arm, or hybrid designs. Examples include 410 panel-derived seeds (Michaels et al., 

2019), 143 seeds across RDS and WebRDS modes (Hildebrand et al., 2015), and geographically 

split samples exceeding 200 seeds across cities or regions (Lee et al., 2017; Lee et al., 2020; 

Lee, Ong and Elliott, 2020). In some cases, hundreds of seeds were introduced strategically as 

recruitment faltered (Martin, Johnson and Hughes, 2015). Reviews in this group report very 

wide aggregate ranges, from 1 to 358 (Leonard, 2025), 1 to 1,015 (Helms et al., 2021) and 549 

across rounds/samples (Avery et al., 2021). 
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Across the evidence a significant proportion of seeds fail to recruit anyone, and early parts of 

recruitment chains fail quite often. Using a very small number of seeds increases vulnerability 

to stalled recruitment. Researchers should plan for this reality by being ready to add more 

seeds during fieldwork if necessary. 

The ratio of seeds to total sample size was inconsistently reported in the studies reviewed to 

enable the analysis. Leonard (2025) suggests the ratio of seeds to total sample size is a critical 

metric in RDS studies due to its implications for the efficacy and representativeness of the 

sample. A high seed-to-sample ratio suggests a limited reach beyond the initial recruits, 

potentially undermining the study's ability to capture a diverse population. Better reporting 

of the ratio may help facilitate guidance about the number of seeds required to achieve a 

desired sample size. Leonard (2025) also proposes that the metric may reflect the 

effectiveness of recruitment design aspects such as the incentive structure and formative 

research. Appropriate incentives are crucial for motivating participants to recruit others, 

thereby enhancing the recruitment chains and reducing the seed-to-sample ratio. 

Additionally, the ratio could be indicative of the impact of formative research: if studies that 

engage in thorough preparatory work tend to achieve lower seed-to-sample ratios, it could 

be a measure of more effective and extensive recruitment. Future RDS research should 

prioritise explicitly reporting metrics such as the number of seeds and the achieved sample 

so that the seed-to-sample ratio can be assessed as an indicator of success and 

methodological robustness. 

 

2.1.2 Origin and Recruitment of Seeds 

Most RDS studies in the reviewed literature use purposive, non-probability seed selection, 

reflecting the method’s employment in targeting populations who lack a defined sampling 

frame. Of the studies reviewed, 61 reported using non-probability-based seed selection, 9 

studies employed random or probability-based approaches, and 7 studies involved 

simulations or theoretical modelling to assess how different seed characteristics or selection 

methods may impact recruitment dynamics and sample properties. Purposive seed selection 

methods are tailored to the local context and population which can limit methodological 

comparability and reproducibility between RDS studies.  

 

Seed recruitment strategies often involve working with collaborators with knowledge of the 

community such as local charities, non-governmental organisations (NGOs), clinics in specific 

locations, and health outreach projects (Lee et al., 2020; Gile, Johnston and Salganik, 2015; 

Wirtz et al., 2021). Formative and participatory research involved the use of focus groups, in-

depth interviews, and community advisory boards, especially in the Men Who Have Sex with 

Men (MSM) studies reviewed (Liu et al., 2012; Lachowsky et al., 2016) and the youth-focused 

recruitment from sports clubs and youth programs (Hildebrand et al., 2015; Hildebrand et al., 

2013). Mixed-mode recruitment utilised both online and offline social networks, such as 
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Facebook advertising, online recruitment panels, distributing flyers, contacting church groups 

and word-of-mouth (Helms et al., 2021; Jonsson et al., 2019; Ngwakongnwi et al., 2014). 

Other seed recruitment included a research teams’ personal connections, such as among 

migrant populations (Górny and Napierała, 2016) and contacting prior study participants. 

Venue-based seed selection was particularly utilised for sex workers and diaspora 

communities (Ouma et al., 2023; Inghels et al., 2021; Frere-Smith, Luthra and Platt, 2014; 

McGowan et al., 2023). 

 

Although rare, probability-based seed selection (9 studies) included random selection of 

blocks from census tracts with a high percentage of Mexican Americans (Welch, 1975), 

random selection from the National Alcohol Survey (Middleton et al., 2021) and AmeriSpeak 

panel (Michaels et al., 2019; Xia et al., 2019), and sampling from representative cohorts, e.g., 

the American Community Survey (Diexer et al., 2023). 7 studies used simulations or 

theoretical modelling to assess how different seed characteristics or variations in peer-

referral may impact recruitment dynamics and sample properties. For example, seeds were 

randomly drawn or selected in proportion to social network size from the ‘Qruiser network’ 

study sample (Lu et al., 2011; Goel and Salganik, 2010), or peer-referral was modelled with 

random selection (Luis et al., 2017).  

 

2.1.3 Screening and Eligibility Procedures by Target Population 

Seed screening is an essential step to verify that seeds belong to a target population. 

Screening methods varied in mode and rigor, some studies conducted eligibility assessments 

prior to participation via telephone, online screening forms or pre-survey questionnaires 

(Bostwick, Hughes and Everett, 2015; Górny and Napierała, 2016; Helms et al., 2021). Others 

required in-person verification at study sites, including document checks and visual 

confirmation before survey invitations were issued (Lee et al., 2020). Some studies rely solely 

on self-reporting, which may be less reliable, whilst others implement more stringent multi-

step procedures to verify eligibility. For example, eligibility screening for Intravenous Drug 

Use (IDU) typically included self-reported recent injection behaviour or knowledge of drug 

preparation techniques, as well as physical evidence such as track marks (Heckathorn, 1997; 

Heckathorn et al., 2002) with varying time frames for recent use, including within 12 months 

(Wang et al., 2024a; Wejnert et al., 2012), 4 weeks (Mills et al., 2014) or weekly drug use (Liu 

et al., 2012). Sometimes additional demographic criteria were included, such as age (18+), 

local residency, and language proficiency (Wang et al., 2024a; Wang et al., 2024b; Wejnert et 

al., 2012). Some studies focused on subgroups or adjacent at-risk populations, not exclusively 

defined by injection status (Johnston et al., 2013; McFall et al., 2023; Young et al., 2014; Lee 

et al., 2017). 

Screening of Female Sex Workers (FSWs) focused on occupational identity, with some studies 

targeting specific subgroups, such as FSWs with children (Ouma et al., 2023) or those in 

specific urban areas (Fisher and Merli, 2014; Pravosud and Andreeva, 2016). In other cases, 
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FSWs were included as part of broader at-risk groups (Johnston et al., 2013). Eligibility criteria 

for LGBTQ+ populations and specifically Men Who Have Sex with Men (MSM), included 

questions about sexual behaviour (e.g., recent sex with men), self-identified sexual 

orientation, gender identity and residency. Some studies focused on specific age groups such 

as 15–24 (Wirtz et al., 2021), or 18+ (Truong et al., 2013; Lachowsky et al., 2016; Inghels et 

al., 2021). Purposive selection was used to ensure diversity across attributes like ethnicity and 

HIV status (Lachowsky et al., 2016) within the target population. Eligibility for LGBTQ+ 

populations was also ascertained from prior questions in national surveys or panel 

membership (Middleton et al., 2021; Martin, Johnson and Hughes, 2015) or inferred based 

on membership of digital communities (Lu et al., 2011). Some studies employed mixed-seed 

strategies where both LGBTQ+ members of the target population and non-LGBTQ+ individuals 

were eligible for seed selection (Michaels et al., 2019). 

Age was the primary eligibility criterion for Adolescents and Youth (typically 14–19) 

(Hildebrand et al., 2015; Hildebrand et al., 2013; Truong et al., 2022), with some studies also 

screening at youth groups or sports participation (Hildebrand et al., 2013). Recruitment for 

Students was typically limited to university-affiliated individuals and focused on residences 

(Wejnert, 2010), but other studies provided less detail about the process (Wejnert and 

Heckathorn, 2008). Simulated networks using student populations were used in experimental 

designs (Goel and Salganik, 2010). Other studies targeting young adults had eligibility criteria 

to select across a wide range of sociodemographic variables, such as age, gender, region, and 

education level (e.g., Bauermeister et al., 2012), social network size (Bostwick, Hughes and 

Everett, 2015), and employment status (Jonsson et al., 2019). 

Studies with a reproductive health focus screened women based on recent reproductive 

events (e.g., abortion within the past three years) (Zan et al., 2024) or demographic factors 

such as age and residence (Jayaweera et al., 2023; Fordjuoh et al., 2024). A study of rural 

Ugandan tribes focused on male household heads, with eligibility determined by household 

status and village location (McCreesh et al., 2013; McCreesh et al., 2012). Screening for 

migrant populations incorporated nationality, ethnicity, or migration history. Examples 

included Korean Americans (Lee et al., 2020), Venezuelan migrants (Pham et al., 2023), and 

recent Polish and Pakistani immigrants in London (Frere-Smith, Luthra and Platt, 2014). The 

studies required participants to identify with specific cultural groups and practices or possess 

language proficiency relevant to the study context (e.g., Francophone or Yemeni diaspora) 

(Ngwakongnwi et al., 2014; McGowan et al., 2023; Leonard, 2025). Studies targeting workers 

in specific economic conditions used employment status as the key screening criteria (for 

example, the precariously employed (Jonsson et al., 2019) or homecare workers 

(FerrerRosende et al., 2023)). 
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2.1.4  Active Peer Recruitment 

Active Peer-to-Peer recruitment is central to the logic of RDS: seeds recruit peers directly via 

incentivised systems (e.g., coupons, vouchers, digital codes) and in 64 studies this approach 

was explicitly detailed. 45 of the studies provided detail about peer-to-peer recruitment, 

whilst 19 studies were more ambiguous. Structured systems are common and are typically 

traceable via personalised links and unique codes. The most common recruitment systems 

were: 

• Coupon-based systems: Widely used across studies (e.g., Young et al., 2014; Thompson, 

2014; Salganik, 2006; Wylie and Jolly, 2013; Jayaweera et al., 2023), these are numbered 

coupons that resemble tickets and are mostly distributed physically, via SMS/email, or on 

social media platforms like KakaoTalk (Lee et al., 2020) and used to access the study and 

incentives. 

• Digital-only referrals: some studies reported use of referral links (Jonsson et al., 2019; 

FerrerRosende et al., 2023) and invitation codes or PINs (Thompson, 2014; Michaels et al., 

2019; Sosenko and Bramley, 2022).  

 

A smaller group of studies (19) implied the language of active seed referral (e.g., “initiated 

recruitment”), without clarifying the specific mechanisms. Whilst the RDS framework implies 

active engagement, the lack of detail precludes further classification. 

 

2.2 Incentive Structures and Their Impact on Recruitment 

The use of dual incentives (rewards for both participation and successful peer recruitment) is 

a core feature of RDS methodology and has been shown to boost recruitment efficiency and 

improve sample diversity. As summarised in Table 3, monetary incentives remain the most 

common form of incentivisation.  Within the evidence, incentives typically range from $5 to 

$60 for participation (median: $20), and $0.75 to $20 for referrals (median: $10). For example, 

one study offered $50 for participation and $10 for each successful referral (Ong, 2022), while 

others used more modest incentives, such as $6–$10 per task (Liu et al., 2012; Heckathorn, 

1997). 

 

Electronic vouchers ranging from $6 to $15 were also used in digital or web-based RDS 

contexts, offering flexibility in delivery (e.g., $15 store voucher for participation and $10 for 

referral (Hildebrand et al., 2013)).  

In low-resource or culturally sensitive settings, small non-monetary items such as soap, 

notebooks, or transportation support were provided instead and valued between $1 to $25 

(McCreesh et al., 2012; McCreesh et al., 2013). These token incentives often served ethical 

and logistical purposes, especially where direct payments may have posed challenges.  

Several studies introduced lottery-based incentives, including raffles for high-value prizes 

(e.g., iPads, $500 draws per 50 referrals, or entries toward a $2,000 travel voucher), which 
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aimed to boost engagement while reducing coercive pressure (Truong et al., 2013; Lachowsky 

et al., 2016). Other studies adopted “Steering Incentives” which are similar to ‘Conditional 

Incentives’ in general survey methods. They are tiered and increase payments incrementally 

for reaching recruitment targets, or provide a bonus for enrolling specific subgroups (such as 

female Intravenous Drug Users (IDUs) (Heckathorn, 1997). 

Three studies emphasised non-monetary or socially motivated incentives to participation, 

appealing to altruism, community solidarity, or the symbolic value of contributing to public 

health goals, such as support for MSM communities in Vietnam (Bengtsson et al., 2012), and 

further detailed in Table 3. While these approaches may reduce ethical risks, they often lead 

to slower recruitment or fewer waves.  

Overall, while incentive strategies varied widely across the reviewed literature, their 

effectiveness depended heavily on context. Studies that aligned incentive types and values 

with local norms, ethical standards, and logistical constraints, such as using digital delivery in 

online studies or culturally appropriate tokens in community-based settings, tended to report 

more successful recruitment outcomes. Table 3 categorises the various incentive structures 

used across the reviewed literature on RDS studies. It includes monetary and non-monetary 

incentives, with typical value ranges and examples. The diversity of incentive strategies 

reflects efforts to balance recruitment efficiency with ethical, cultural, and logistical 

considerations. 

 

Table 3: Types of incentives  

Incentive 

Type 
Description & Examples Typical Value Range Context of Use 

References for 

examples 

Monetary: 

Cash 

Cash or direct monetary 

rewards for participation 

or recruitment.  

Participation: $5–

$60, median $20 
Recruitment: $0.75–

$20, median $10 

Most common   

Monetary: 

Electronic 

Vouchers 

Digital vouchers or 

electronic rewards (e.g., 

(1) shopping vouchers 

£5–£10, (2) mobile 

credits equivalent to 

lunch costs; (3) 

electronic store gift 

voucher:  

$6- $15 for 

participation 

 $6 -10 for 

recruitment 

 

 

Online studies; 

contexts 

requiring 

digital delivery. 

1. (Sosenko 

and 

Bramley, 

2022) 

2. (Pham et al., 

2023)  

3. (Hildebrand 

et al., 2013) 

Monetary: 

Lottery 

Chance-based 

rewards. Examples: 

iPad lottery, a $500 

Range widely: 

$250–$2000 prizes 

Increasing 

participant 

interest 

(Bengtsson et 

al., 2012) 
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raffle draw for every 

50 referrals. 

through large, 

chance-based 

incentives. 

 

Non-

Monetary: 

Token 

Small tangible items or 

gifts, such as soap, salt, 

school notebooks, or 

gasoline vouchers (e.g., 

(1) $1 equivalent items; 

(2) Bus tokens; (3) Free 

HIV screenings and 

counselling 

Approx. $1–$25 

equivalent 

Low-resource 

settings; 

culturally 

sensitive 

contexts. 

1. (McCreesh 

et al., 2012; 

McCreesh et 

al., 2013) 

2. (Wirtz et al., 

2021) 

3. (Yauck et 

al., 2021; 

Gile, 

Johnston 

and 

Salganik, 

2015; 

Heckathorn 

et al., 2002) 

Steering, 

Tiered or 

Incremental 

Incentives 

(1) initial £5 incentive 

increasing to £10 after 

poor referrals; (2) an 

extra $5 bonus for 

recruiting female IDUs 

to balance gender 

representation. 

(2 + 3) Bonus for 

recruiting within target 

population 

$5-6 incremental 

increases) 

 

 

 

$5-$10 bonuses for 

recruiting 18-25 yo 

or Female IDUs 

To motivate 

ongoing active 

recruitment (of 

a certain 

group). 

 

Boosting target 

population 

1. (Frere-

Smith, 

Luthra and 

Platt, 2014) 

2. (Heckathorn

, 1997) 

3. (Heckathorn

, 2002). 

Non-

Incentivised / 

Social 

Incentives 

(1) Relies on altruism, (2) 

community motivation, 

(3) social recognition. 

Non-monetary or 

service-based 

Community-

driven 

contexts; 

ethical 

considerations. 

1. (Ong, 2022) 

2. (Bengtsson 

et al., 2012; 

Heckathorn, 

1997) 

3. (Rajani et 

al., 2013) 

Note: based on 68/99 reviewed studies, others did not provide relevant information 

 



19 
 

2.3 Achieved Sample Sizes and Sample Representativeness 

2.3.1 Achieved Sample Size Variation in RDS Studies 

The number of participants recruited in RDS studies vary widely, reflecting differences in 

study design, target populations, and logistical constraints. This variation illustrates the 

adaptability of RDS to different research aims and contexts. 

I. Small samples (fewer than 300 participants): 

Seven studies recruited relatively small numbers of participants, with a focus on hidden or 

narrow subgroups or specialised research questions. Martin et al. (2015) recruited 62 Sexual 

Minority Women (SMW) in Chicago, and Diexer et al. (2023) sampled 98 Men Who Have Sex 

with Men (MSM) in Amsterdam. Additional studies reported recruitment totals such as 93 

(McGowan et al., 2023), 145 (Ngwakongnwi et al., 2014), 190 (Heckathorn, 2002), and 243 

(Heckathorn, 2007). In one case, recruitment occurred across two separate time points, with 

299 participants in 2006 and 292 in 2009 (Mills et al., 2014). While these smaller studies are 

often valuable for focused inquiry, they may offer limited generalisability of the results and 

statistical power.  

II. Medium-sized samples (300–1,000 participants): 

The majority of RDS studies reviewed (51) fall within this medium-sized range category. 

Examples include 503 people who use drugs in Appalachia, US (Young et al., 2014), 583 

Female Sex Workers (FSW) in Liuzhou, China (Fisher and Merli, 2014), and 975 FSW in five 

Ukrainian cities (Pravosud and Andreeva, 2016). Other studies recruited 813 participants 

(Crawford, 2016), 638 across Los Angeles and Miami (Lee et al., 2020) and multiple cohorts 

between 394 and 524 participants (Wang et al., 2024a). One review noted a median sample 

size of 325 across studies, with a range from 100 to 1,056 (Johnston et al., 2016). This sample 

size category is common in RDS research, offering a balance between feasibility and analytical 

robustness. 

III. Large samples (1,000–5,000 participants): 

Five studies reported sample sizes exceeding 1,000 participants. Yauck et al. (2021) recruited 

1,179 gay and bisexual men in Montréal, and Truong et al. (2022) included 3,061 adolescents 

in Kisumu, Kenya. Other studies included 1,203 participants in Ecuador and 1,231 in Peru 

(Zanoni et al., 2023), as well as 3,448 participants in a single large-scale study (Bauermeister 

et al., 2012). One study combined face-to-face RDS with web-based recruitment, reaching a 

total of 1,012 participants (Hildebrand et al., 2015). These larger studies enable more detailed 

sub-group analyses and increase the precision of statistical estimates. 

IV. Very large or aggregated datasets (more than 5,000 participants): 

Three studies involved large-scale recruitment or pooled data across multiple locations or 

rounds. McFall et al. (2023) reported 6,012 participants who engaged in Intravenous Drug Use 

(IDU) across six Indian cities. The National HIV Behavioral Surveillance System included 26,705 
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participants across two rounds (NHBS-IDU1 and NHBS-IDU2), with a final analytic sample of 

21,686 (Wejnert et al., 2012). One meta-analysis aggregated recruitment data from 53 

samples, totalling 36,547 participants (Avery et al., 2021).  

Overall, smaller studies (<300 participants) are valuable for focused inquiries but may offer 

limited generalisability and statistical power. Medium-sized samples (300–1,000 participants) 

are most common in RDS research, balancing feasibility and analytical robustness. 

 

2.3.2 Referral Caps 

Fixed referral caps are a core feature of RDS methodology, aimed at balancing recruitment 

speed and dispersal by preventing a few highly connected people from dominating the 

sample. The majority of studies cap referrals at three coupons per participant, with over ten 

studies explicitly reporting this limit (for example, Bostwick et al., 2015; Crawford, 2016; Gile, 

2011; Goel and Salganik, 2010; Liu et al., 2012; Ngwakongnwi et al., 2014). Four studies 

permitted 4 to 6 referrals, particularly when recruitment needed to be accelerated 

(Bengtsson et al., 2012; Heckathorn, 2007; Jonsson et al., 2019; Wang et al., 2024a; 

Lachowsky et al., 2016). Dynamic or adaptive referral limits start with lower caps, before 

increasing to maintain recruitment-chain progression. This can reduce the need for new seeds 

to be added and can help reach harder-to-access sub-groups if highly connected recruiters 

are present (Wirtz et al., 2021; Truong et al., 2013; Helms et al., 2021). Section 4.5 provides 

more details about recruitment monitoring and diagnostic tools used to help inform these 

decisions.  

2.3.3 Recruitment Productivity Patterns 

Recruitment patterns in RDS shape key methodological outcomes, including sample 

composition, chain length, and susceptibility to bias. Drawing on a typology informed by the 

reviewed evidence (Table 4), three general patterns emerge: low productivity, moderate 

productivity, and high productivity (super-seeds - individuals who recruit disproportionately 

large portions of the sample). These patterns are strongly influenced by referral caps, 

recruitment incentives, and characteristics of initial seeds and their social networks.  
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Table 4: Types of recruitment pattern  

Recruitment 

Pattern 
Description 

Typical 

Range 
(throughout 

recruitment)  

 Notes 

Number of 

studies with 

such pattern 

Low Productivity 

Many seeds fail to recruit any 

participants, short 

recruitment chains are 

common, limited coupon 

distribution. 

0–3 

recruits per 

seed 

Many seeds are 

non-generative - 

seeds commonly 

failed to recruit 

any participants. 

-Administrative 

errors 

occasionally 

resulted in up to 

4 recruits per 

seed.  

4 

Moderate 

Productivity 

Most seeds recruit a modest 

number of peers; stable, 

moderate-length recruitment 

chains; moderate coupon 

limits usually enforced (3–5 

coupons). 

3–10 

recruits per 

seed 

 The majority of 

studies limit 

recruits per seed 

(3–5), though 

occasionally 

relaxed to 

increase 

participation.  

- Seeds 

recruiting 

between 3–10 

peers usually 

maintain 

sustainable 

chains. 

53 

High Productivity 

(Super-Seeds) 

A few seeds recruit 

disproportionately high 

numbers, forming extensive 

recruitment chains; often 

facilitated by more relaxed 

coupon limits. 

10–241 

recruits per 

seed 

Exceptional 

cases observed 

where individual 

seeds recruit 

large 

proportions of 

total sample, 

indicating strong 

5 
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network 

influence.  

 

Note: based on 62/99 studies, others did not provide relevant information  

 

 

I. Low Productivity Patterns 

Low productivity is typically defined by minimal recruitment success per seed, often in the 

range of 0–3 recruits, with many seeds failing to generate any referrals. Studies report that a 

significant proportion of seeds or participants do not recruit any peers.  One study noted that 

over 50% of seeds failed to recruit even a single participant (Young et al., 2014). This pattern 

also has short recruitment chains, usually only 1–3 waves, which can impair the ability to 

reach equilibrium and increase seed-dependence bias. Recruitment limitations were often 

directly shaped by lower coupon caps (Lee et al., 2020; Górny and Napierała, 2016; 

Ngwakongnwi et al., 2014). In some cases, administrative or design constraints limited 

participants to only two referrals, especially in contexts seeking to tightly control chain 

expansion (Lee et al., 2020). 

Low productivity may stem from multiple causes, including poor seed selection, insufficient 

peer connectivity in the target population, and low motivation to recruit or participate (e.g. 

due to inadequate incentives). It signals the need for better formative research, improved 

seed monitoring to reduce early-chain drop-off and adaptive recruitment strategies to 

enhance representativeness. 

II. Moderate Productivity Patterns 

Moderate productivity patterns were the most common in RDS studies. Typically, seeds 

recruit between 3 and 10 peers, with referral limits of three to five coupons per participant 

(Crawford, 2016; Goel and Salganik, 2010; Liu et al., 2012; Yan et al., 2020). This structure 

encourages moderate chain growth while minimising the risk of over-representation by a few 

highly connected individuals. In one example, participants were issued three recruitment 

coupons each, resulting in mean recruitment of approximately 1.69 peers per successful 

recruiter, with 55.3% of participants successfully recruiting at least one peer (Wejnert, 2010). 

Several studies initially provided three referrals per participant but later increased the cap to 

five or ten in response to recruitment slowdowns (Wirtz et al., 2021; Truong et al., 2013). 

Moderate productivity patterns often reflect deliberate methodological choices, balancing 

recruitment control and speed, ethical concerns, and sample representativeness. However, 

they still require active monitoring to ensure inclusion of socially isolated sub-groups, who 

may be less likely to be reached through standard recruitment chains. 
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III. High Productivity Patterns and Super-Seeds 

In a smaller subset of studies, a few extremely productive seeds (often called “super-seeds”) 

recruited a disproportionately large numbers of participants. These high-productivity 

scenarios typically involve more relaxed coupon limits, or seeds embedded in highly 

connected social networks. Recruitment figures in these cases ranged from 10 to over 240 

participants per seed, and representing the majority of the final sample. In one example, a 

single seed recruited 241 individuals, comprising 77% of the total sample (McCreesh et al., 

2012). Another study found that three seeds recruited 92.4% of the entire participant pool, 

with individual seeds recruiting up to 259 participants (Ferrer-Rosende et al., 2024). Super-

seed effects were facilitated by high referral caps with up to ten referrals permitted in some 

contexts (Wirtz et al., 2021; Truong et al., 2013; Helms et al., 2021). While high productivity 

can enhance recruitment speed and help achieve equilibrium in some variables, it also poses 

risks to representativeness. Recruitment dominated by a small number of highly connected 

individuals can lead to network clustering, recruitment bias or ‘Homophily’ (a tendency of 

recruiters to recruit people like themselves) with over-representation of specific sub-groups 

and under-representation of others. Unless there is a strong quality control process, super-

seeds could be a signal of fabricated data, fraud or respondent duplication.  

Recruitment productivity in RDS studies falls along a spectrum from low to high, with each 

pattern carrying distinct methodological implications. Low productivity highlights challenges 

in network engagement and seed selection, often requiring mid-course adjustments. 

Moderate productivity (supported by typical referral limits of 3–5) strikes an operational 

balance, promoting stable recruitment while preserving representativeness. High 

productivity, often led by a few super-seeds, may speed recruitment but introduces 

heightened risk of bias. The risks within each pattern underscore the need for careful 

diagnostic tools, which are detailed in section 4.5, and to assess potential biases introduced 

by super-seeds. 

 

2.3.4 Recruitment Chain Length and Representativeness 

Table 5 shows the variation in recruitment chain length within the evidence. 

 

Table 5: Chain length 

Chain 

Length 
Typical Characteristics Examples / Notes 

Short 

Chains (1–

3 waves) 

- Often results from unproductive seeds 
- High seed bias 
- Limited diversity 
- Insufficient for equilibrium 

- Studies reported mean 

waves as low as 1.75; many 

chains died at seed stage or 

after one referral wave. 
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- Web-RDS are often limited 

to 2–3 waves. 

Moderate 

Chains (4–

9 waves) 

- Commonly observed range 
- Usually adequate for equilibrium 
- Improved diversity 
- Reduced seed bias, but still sensitive to homophily 

effects 

Median recruitment chains 

frequently ranged from 4-9 

waves; equilibrium often 

reached within 4-6 waves. 

Long 

Chains 

(10–20 

waves) 

- Associated with equilibrium achievement 
- good representativeness and diversity 
- Reduced dependency on initial seeds 
- Risk of clustering or compounded homophily if too 

extensive 

Longest chains up to 28 

waves; effective at capturing 

diverse subpopulations, 

though sometimes 

geographically or 

demographically clustered. 

Equilibrium stable by wave 

10 in many cases. 

Note: based on 62/99 studies, others did not provide relevant information 

Chain length varies greatly even within the same study, indicating variability in a seeds’ 

effectiveness. Recruitment chains ranged from extremely short with a mean chain length of 

1.75 waves, with a minimum of 0 waves due to unproductive seeds) and reaching up to 29 

waves (see Table 5).  

Short chains (1–3 waves) result from unproductive seeds and can lead to high seed 

dependence and limited demographic reach, failing to achieve equilibrium for key variables 

(Hildebrand et al., 2015; Lachowsky et al., 2016). For example, some studies reported that up 

to one-third of seeds were unproductive and failed to recruit any participants, necessitating 

the introduction of new seeds mid-study (Hildebrand et al., 2013; Avery et al., 2021; Helms et 

al., 2021).  

Moderate-length chains (4–9 waves) were the most common and generally sufficient for 

achieving equilibrium with improved diversity and reduced influence of the characteristics of 

initial seeds (Heckathorn, 1997; Heckathorn et al., 2002; Liu et al., 2012; Wang et al., 2024a). 

This suggests that recruitment chains shorter than 4 waves may be insufficient to achieve 

independence from the initial seed bias.  

Long recruitment chains (≥10 waves) were positively associated with representativeness and 

equilibrium. Studies documenting chains of 13, 16, or even 28 waves found this enabled 

deeper penetration into social networks, reducing initial seed influence and improving 

diversity of respondents (Wang et al., 2024b; Gile, Johnston and Salganik, 2015; Lachowsky 

et al., 2016). However, chains extending beyond 20 waves raised concerns about 

compounded homophily, geographic clustering and other structural biases as longer chains 

can become concentrated within specific sub-groups. 
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3. Analysis and Evaluation of RDS Recruitment 

 

3.1 Recruitment Mode Effects 

The evidence highlights how recruitment mode, such as face-to-face, online, phone and 

mixed-mode approaches change the RDS process itself in a way distinct to generic survey 

mode effects. Recruitment mode influences coupon and link control, seed productivity, 

recruitment chain growth, the ability to verify eligibility and ‘who recruited whom’, the risk 

of duplicate participation, and interacts with digital access and resource constraints. Table 6 

summarises the recruitment modes used in the studies, where they were reported. 

 

Table 6: Online and Offline Recruitment 

 

Recruitment Mode 
Number of 

studies 

Face-to-Face Only 27 

Online Only 18 

Mixed-Mode 12 

Unclear/Other 1 

  

3.1.1 Offline (Face-to-Face) Recruitment 

Face-to-face recruitment methods dominate the RDS studies analysed because of the mode’s 

application to accessing and engaging hard-to-reach populations. Physical recruitment shapes 

who can enrol and how quickly recruitment proceeds. In-person engagement allows 

researchers to build trust and rapport with participants through outreach and locally 

established community organisations in a way that can be critical for stigmatised or hesitant 

groups. RDS explicitly relies on trust embedded in social networks, and offline settings allow 

staff to reinforce this through personal interaction (Heckathorn, 1997, Liu et al., 2012). 

Interviewer training, confidentiality and a welcoming environment can serve to increase 

comfort, engagement and coupon exchange. Offline RDS frequently bundles services such as 

HIV testing, counselling, or STI screening along with participation incentives. These services, 

such as those used in the US National HIV Behavioral Surveillance system on injection drug 

use (NHBS-IDU), allow for additional non-monetary participation incentives (e.g., free HIV 

tests) that affect recruitment success and coupon return, largely unavailable to fully online 

RDS designs (Wejnert et al., 2012). Górny and Napierała, (2016) report the positive effect of 

in-person peer-referral on study data quality, with RDS respondents more ‘primed’ to trust 

the interviewer and the associated institution through the mechanism of peer-referral. They 

found peers had conveyed to respondents a positive impression about the interview, its 

atmosphere, duration and the character of the questions, before answering survey questions. 
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Face-to-face interviewing also allows for rigorous eligibility screening procedures, because 

coupon redemption is monitored by the members of staff. In Intravenous Drug Use (IDU) RDS 

studies, eligibility confirmation involved including visual identification of IDU status through 

a 7-step process, which included physical evidence (recent track marks) and detailed 

knowledge assessment (e.g., the ability to describe injection techniques), ensuring that only 

eligible seeds were selected by trained staff (Heckathorn, 1997). This type of verification 

directly protects the integrity of the recruitment chain, something which is much harder to 

validate remotely. Offline RDS approaches conducted in homes, clinics, or community venues 

were advantageous for populations with limited access to or familiarity with technology. 

Studies conducted entirely in-person in rural or low-resource settings were able to reach 

individuals who may not otherwise be accessible via web-based platforms and included target 

populations in Uganda (McCreesh et al., 2013; Ouma et al., 2023), FSW in rural China (Fisher 

and Merli, 2014), and Pakistani migrants (Frere-Smith, Luthra and Platt, 2014).   

However, these advantages came at the cost of significantly higher resource demands. Offline 

studies required investment in staff training, physical infrastructure and venues, and 

transportation logistical coordination (Heckathorn, 1997; Wang et al., 2024b; Górny and 

Napierała, 2016). Offline RDS is geographically anchored and if it is not located across multiple 

sites, recruitment clusters around a single location. This can affect participant burden in terms 

of travel, time costs, and any potential stigma associated with visiting survey sites. 

Dependence on geographic location can bias the achieved sample toward those with easier 

physical access. Offline studies can also lead to slower recruitment and more limited 

scalability, as the mode is dependent on staff presence and site capacity. Physical coupon 

exchange represents a physical bottleneck, which is more difficult to rapidly expand 

compared to online approaches. This limitation becomes evident when contrasted with web-

based RDS, which can recruit hundreds or thousands of participants in weeks rather than 

months (Wejnert & Heckathorn, 2008). 

3.1.2 Online Recruitment 

Online RDS has the advantage of removing physical bottlenecks. Asynchronous and remote 

participation enables rapid recruitment chain progression when the target population is well-

connected online (Wejnert & Heckathorn, 2008; Bengtsson et al., 2012). The mode can reduce 

participant burden and the versatility of platforms available can broaden network access 

opportunities, ranging from web-based questionnaires and email/SMS referrals to 

integrations with Zoom, WhatsApp, Open Data Kit (ODK) infrastructures to a variety of 

incentive delivery options (Bauermeister et al., 2012; Jonsson et al., 2019; McGowan et al., 

2023). For example, Ong (2022) integrated Zoom interviews with web surveys, Wejnert (2010) 

used a fully email-based coupon referral system and Schonlau et al. (2014) relied on existing 

internet panels for both recruitment and follow-up. Digital systems can automatically log 

recruiter–recruit links, referral limits, and incentive eligibility, reducing manual errors that are 

possible with paper-based coupon systems (Wejnert & Heckathorn, 2008; Helms et al., 2021).  
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However, within the evidence there is a trade-off between these advantages and the fact that 

online RDS is vulnerable to duplicate participation, identity misrepresentation, and incentive 

fraud (Helms et al., 2021). Sosenko and Bramley (2022) note that it is often unable to screen 

vital eligibility criteria such as residence, age or ethnicity, and that online RDS opens a 

“Pandora’s box” of fraud risks as recruitment is incentivised, which can challenge the 

credibility of RDS sample data. Web-RDS also requires secure platforms, device compatibility, 

IT expertise, and notable technical setup costs (McGowan et al., 2023). Technical failures such 

as mobile incompatibility, broken links, email spam filtering and server issues have been 

reported as recruitment barriers influencing referral chain progression in multiple web-RDS 

studies (Helms et al., 2021). Other online mode effects reported are not unique to RDS. Helms 

et al. (2021) note persistent concerns about survey content engagement in web-RDS relative 

to face-to-face designs.  

3.1.3 Mixed-Mode Recruitment (Hybrid Designs) 

The key strength of mixed-mode recruitment is that it allows researchers to tailor to 

participants’ preferences and technological access, maximising reach for heterogeneous 

population sub-groups. However, the fact that different modes reach different subgroups 

violates RDS assumptions if not accounted for. Pham et al. (2023) compared telephone vs 

Internet RDS for Venezuelan refugees and migrants in Colombia and found that whilst the 

phone-based recruitment reached the target sample size in both locations, the Internet 

strategy succeeded in reaching their target sample size in Bogotá but not in Norte de 

Santander, a lower-connectivity remote border region. Furthermore, combining modes 

increases operational complexity and creates difficulties in harmonising consent, eligibility 

screening, incentive systems, referral, and link-tracing (Ngwakongnwi et al., 2014). 

Synchronising paper coupons with digital links and preventing cross-mode duplication 

requires bespoke systems and careful monitoring (Wejnert & Heckathorn, 2008; Helms et al., 

2021). Hildebrand et al. (2015) compares face-to-face RDS against WebRDS in a study of 

adolescent alcohol norms and highlights how mode changes the mechanics of peer referral 

and recruitment management, not just response patterns. Helms et al., (2021) notes that 

many mixed-mode studies fail to report results separately due to analytical and operational 

complexity, undermining the credibility of those results. 

 

3.2 Link-Tracing Methods 

RDS is fundamentally a link-tracing sampling method. Documenting recruiter–recruit 

relationships (along with each participant’s network size) theoretically underpin the 

estimation of population parameters (Heckathorn, 1997; Wejnert & Heckathorn, 2008), 

enables reconstruction of recruitment chains (often visualised as tree diagrams) and the 

calculation of metrics like homophily or recruitment depth. Preserving the peer-referral 

structure in the data can help researchers assess whether the sample has reached equilibrium 

and whether recruitment was random within social ties (Helms et al., 2021). These methods 

are detailed in section 4.5. 
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49 studies explicitly document link-tracing mechanisms, with uniquely numbered coupons 

being the most frequently employed (25 studies). Each coupon carries a unique identifier that 

links the recruit to the recruiter’s ID. Digital/electronic tracking was mentioned in 9 studies, 

and management systems such as RDS Coupon Manager (an SPSS package) was referenced 

by Koyuncu et al. (2023) and Badowski et al. (2017), which helps track coupon distribution, 

prevent duplicates, and records recruitment relationships. In a study on identifying IDUs in 

India, McFall and colleagues (2023) linked respondents’ biometric data (e.g. blood) to their 

records at local health facilities to rule out any duplication (known as biometric matching).   

 

Some studies detailed the implementation of electronic systems other than coupons for link 

tracing. In web-based RDS (WebRDS), participants may receive digital codes or URLs that 

serve the same role as physical coupons (McGowan et al., 2023). Wejnert & Heckathorn 

(2008) demonstrated an early example of online RDS where seeds are recruited by email and 

given unique invitation links (or codes) to forward via email to their peers.  Michaels et al. 

(2019) tracked recruitment using email addresses and personal identification numbers (PINs), 

while Inghels and colleagues (2021) used SMS-based text messages with embedded referral 

codes. Pham et al., (2023) and FerrerRosende et al., (2023) tracked recruitment through 

unique digital links distributed via WhatsApp, phone, or internet-based platforms. Sosenko 

and Bramley (2022) reported the use of smartphone-based systems incorporating unique 

invitation codes and phone numbers. Similarly, other studies (Bauermeister et al., 2012; 

Jonsson et al., 2019; McGowan et al., 2023; Lee et al., 2020) described digital recruitment 

processes employing web-based RDS platforms with embedded tracking IDs or digital tokens.  

 

Manual methods were used in 2 studies, especially in earlier RDS studies or resource-limited 

settings. Welch (1975) tracked referrals using participants’ names and addresses. Another 

study (Ouma et al., 2023) reported maintaining manual coupon log notebooks to monitor 

recruitment activities. A smaller subset of studies (3) documented mixed-mode paper-based 

and electronic tracking systems (Truong et al., 2013; Lachowsky et al., 2016; Wirtz et al., 

2021). In these studies, participants could choose between physical and electronic referral 

coupons. All recruitment instances were assigned unique identifiers across all modes, and in 

some cases systematic follow-up was conducted to ensure linkage. 

While link tracing is clearly crucial in RDS, many published studies provide minimal technical 

detail on how it was implemented. For example, authors often state that coupons were used 

to track recruitment, but do not specify the coupon design, logging procedure, or any 

software used. The STROBE-RDS reporting guidelines (White et al., 2015) were introduced to 

improve this situation, but their uptake remains limited. Newer variants (like web-based RDS) 

sometimes imply link-tracing mechanisms without describing them. For instance, a webRDS 

study might mention that seeds were given referral links but not provide detail about 

duplicate or fraudulent enrolments. McGowan et al., 2023 found that webRDS 

implementations and designs varied considerably and “none of the available sources provide 
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a thorough description of the RDS system architecture,” making it difficult to compare 

strengths and weaknesses of each link-tracing approach. 

 

3.3 Technical Challenges in Link-Tracing 

A frequent challenge in RDS is that a substantial fraction of initial seed participants do not 

recruit anyone at all, with one study reporting that over 50% failed to generate recruits due 

to invalid addresses and procedural errors (Young et al., 2014). It is, therefore, often 

necessary to substitute unproductive seeds with new ones to jump-start recruitment, 

particularly in response to early recruitment failures (Zan et al., 2024). This kind of ad-hoc 

seeding is common in RDS fieldwork (Wejnert et al., 2012), but it can complicate analysis if 

not properly documented. Another issue arises when participants are mistakenly treated as 

seeds due to missing link data. Ideally, every recruit should come with a coupon or referral 

code identifying their recruiter. However, if a recruit shows up without a valid coupon (for 

example, they lost it, or the code was illegible), the study might enrol them to not lose the 

data, effectively considering them a new “seed” in the dataset. This misclassification of 

recruits as seeds breaks the recruitment chain and can distort network measures and 

undermine the validity of the resulting recruitment chain analysis (Wang et al., 2024b). 

 

When RDS relies on digital platforms, a host of technical issues can impact recruitment and 

link-tracing, and one issue is basic internet and communication infrastructure. If participants 

have unstable internet access, online surveys may be interrupted, or referral links may not 

send or receive properly (e.g., Pham et al., 2023). An extreme example is where email 

invitations were filtered as spam during an online RDS pilot in Thailand. Despite careful setup, 

many invite emails never reached participants because email providers blocked them, which 

“severely affected” recruitment chain progression (Helms et al., 2021). Similarly, web-based 

RDS studies have reported that a portion of seeds’ recruitment emails ended up in junk folders 

or were ignored as possible scams, leading to slower recruitment that required follow-up or 

alternate contact modes (Helms et al., 2021). Platform policies and constraints can also limit 

RDS. WhatsApp, for instance, forbids bulk unsolicited messaging, and a web-RDS project 

noted that WhatsApp’s automated detection of bulk messaging was a barrier preventing 

seeds from easily forwarding invites to many peers at once (FerrerRosende et al., 2023; 

McGowan et al., 2023). SMS referrals can also be constrained by character limits and some 

carriers filter bulk messages containing referral links after being flagged as potential spam. In 

a Yemeni diaspora web-RDS study, the integration with SMS/WhatsApp was “relatively 

complex and limited the information we could send” within a single message, restricting 

referral success (McGowan et al., 2023). Helms et al., (2021) found that unexpected 

incompatibility with individual mobile platforms and devices (e.g., Android, iPhone) was a 

barrier to referral-link progression in several studies. 
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Maintaining the integrity of Link-Tracing data goes beyond recruitment itself and extends to 

the quality and completeness of survey responses and the personal network data collected. 

Because RDS relies on peer recruitment, sometimes people will enrol (perhaps to get an 

incentive) but not fully complete the survey, resulting in partially filled questionnaires or 

missing key information. This creates a dilemma as excluding those cases may significantly 

truncate a recruitment chain but including them means having missing data. Wejnert et al. 

(2012) refer to situations where eligible participants started but did not complete the full 

survey. Although their substantive responses were excluded from analysis, their recruitment 

data was retained to preserve the integrity of the recruitment chains. Specifically, 64 

individuals with incomplete surveys were included solely for their recruitment information, 

ensuring continuity in the peer-referral structure critical to RDS modelling. 

 

3.4 Network Effects, Clustering and Population Parameters 

The distinctive contribution of RDS to sampling is its attempt to use chain-referral recruitment 

with estimation to analyse and adjust for recruitment and network-based selection biases. 

Therefore, the effectiveness of RDS inference is contingent upon interrelated assumptions 

about the underlying social network and the recruitment process in the statistical estimators 

used. The evidence suggests that valid inference does not depend on any single recruitment 

factor but on the joint satisfaction of several interdependent conditions, including the 

underlying network structure, recruitment randomness and the accuracy of reporting 

personal network size (degree). Without capturing these indicators accurately RDS risks 

producing misleading inferences about a population. 

3.4.1 Theoretical Assumptions Underpinning RDS Estimators 

RDS estimation relies on a stochastic framework, typically modelled as a random walk or first-

order Markov process on a social network (Handcock and Gile, 2010; Hartfiel and Seneta, 

1994; Heckathorn, 2002). This model assumes that recruitment transitions are memoryless, 

that is, only influenced by the recruiter’s characteristics and not by earlier steps in the chain 

(Heckathorn, 2002). Core statistical assumptions include the following: respondents 

accurately report their personal network size, network ties are reciprocal, the network of the 

target population forms a single inter-connected component, peer recruitment is random, 

and sampling occurs with replacement (Heckathorn, 2007; Heckathorn, 2011; Johnston et al., 

2016). However, RDS is typically conducted without replacement, as individuals cannot be 

recruited more than once (Crawford, 2016; Gile and Handcock, 2010; Jonsson et al., 2019). 

While with-replacement models facilitate estimation, they can introduce bias, particularly 

when sample fractions are large or when the network has uneven connectivity (Gile and 

Handcock, 2010; Wang et al., 2024a; Gile, Johnston and Salganik, 2015). 

3.4.2 Network Structure, Clustering, and Homophily 

Network structure fundamentally shapes recruitment dynamics and estimator accuracy. 

Many studies assume or report a single, connected, sufficiently dense social network in which 
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members of the target population are connected to one another, allowing recruitment chains 

to reach the full target population (Heckathorn, 2007; Lee et al., 2020; Johnston et al., 2016; 

Górny and Napierała, 2016). In reality, populations often contain disconnected sub-groups, 

which lead to clustering and homophily (where individuals are more likely to recruit those 

similar to themselves). Bottlenecks and low conductance between sub-groups violate the 

assumption that the eligible population network is (effectively) one component and that the 

recruitment process mixes well enough between groups for the sample composition to 

become seed-independent. The implication of this assumption is that estimates for minority 

sub-groups become unstable and ‘equilibrium’ claims may be superficial (i.e., do not mean 

global mixing). Homophily statistics are commonly calculated to quantify within-group 

recruitment bias, which can reinforce clustering effects (Heckathorn, 1997; Heckathorn et al., 

2002; Wang et al., 2024b; Wejnert et al., 2012). Within-group biases are reported across 

various dimensions, including gender, ethnicity, age, and drug use behaviour (Heckathorn, 

1997; Heckathorn et al., 2002; Wang et al., 2024a; Wang et al., 2024b). National, linguistic, 

workplace, and status-based homophily can be strong enough that recruitment is quasi-

segregated. Sub-group proportions and sub-group specific outcomes remain dependent on 

the initial seeds and their effect on recruitment dynamics. Such clustering and network 

fragmentation can reduce representativeness and increase design effects.  

3.4.3 Non-Random Recruitment and Preferential Referral 

Despite theoretical assumptions of random recruitment, numerous studies report evidence 

of non-random preferential referral. The evidence shows that people recruit “reachable” 

peers, friends, coworkers, and those within their own social or demographic group 

(Heckathorn, 2002; Jonsson et al., 2019; Wirtz et al., 2021; Ngwakongnwi et al., 2014). 

Recruitment patterns were influenced by observable characteristics such as age, gender and 

education, resulting in samples skewed toward cooperative and socially proximate individuals 

(Lee et al., 2020; Liu et al., 2012).  As participants in RDS studies are rewarded for successful 

recruitments, rational and self-interested participants could be expected to ignore contacts 

who are considered less likely to accept invitations (Lu et al., 2011). Such a combination of a 

group having a high probability of rejecting invitations and a high probability of being ignored 

violates the assumption that given someone’s network, recruits are selected randomly. The 

method of coupon distribution itself, whether through social media or face-to-face, also 

influenced who was ultimately selected for recruitment (Helms et al., 2021).  

Some studies explicitly tested for reciprocity with follow-up questions on the recruiter-recruit 

relationship, while others inferred non-random recruitment from sample imbalances (Gile, 

Johnston and Salganik, 2015). Although estimation methods often model recruitment as 

random, this assumption is frequently unsupported by empirical data (Liu et al., 2012; Wang 

et al., 2024a). In RDS, it appears peer-recruitment is not making simple random draws from a 

social network, and some individuals will be selected with greater probability than others. 

Such non-random recruitment undermines the assumption of equal inclusion probabilities. 
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3.4.4 External Validation and Estimator Performance 

Several studies validated RDS-derived estimates by comparing them to external benchmarks, 

including census data, national surveys, hospital records, and administrative statistics 

(Heckathorn, 1997; Heckathorn et al., 2002; Lee et al., 2020; Xia et al., 2019; Ngwakongnwi et 

al., 2014). These comparisons showed mixed results as some studies reported close 

alignment, while others identified substantial deviations in key demographic variables 

(Jonsson et al., 2019; Perera and Ramanayake, 2019). Real social networks and the recruiting 

behaviour of people in those networks can hardly meet all the assumptions underlying the 

RDS estimators, and there is no consensus on one universally correct estimator (White et al., 

2015). The RDS-II estimator (Volz-Heckathorn, 2008) was the most widely used within the 

studies reviewed and can (in principle) adjust for selection probabilities resulting from 

differential recruitment patterns and network sizes. The RDS-II estimator treats personal 

social network size (degree) as inclusion probabilities to weight values (Crawford, 2016; Wang 

et al., 2024a; Mills et al., 2014). But it still assumes random referral, within a fully connected 

population network, with with-replacement sampling (Lachowsky et al., 2016). While RDS-II 

improves upon naive means by accounting for unequal inclusion probabilities, it remains 

sensitive to degree misreporting and violations of referral randomness (Heckathorn, 2007; 

Wang et al., 2024a). 

3.4.5 Self-Reported Degree and Weighting 

Many studies report substantial variation in degree reporting, including over- and under-

estimation, rounding errors, and inconsistencies across study waves (Goel and Salganik, 2010; 

McCreesh et al., 2013; Lee et al., 2017; Badowski et al., 2017; Liu et al., 2012). These 

inaccuracies can distort both prevalence and regression estimates, and can increase variance 

(Avery et al., 2021; Snyder et al., 2024; Jayaweera et al., 2023). While some studies adjusted 

for degree (network size) in their analyses, only a minority described their methods in detail 

(Johnston et al., 2016). Consequently, degree-based weighting introduces sensitivity to 

degree measurement error and may amplify noise. 

 

3.5 Recruitment Monitoring, Diagnostic Tools and Adaptive Design 

RDS relies on peer recruitment processes that are only partially controlled by researchers. As 

a result, population estimates depend on a set of assumptions about recruitment behaviour, 

network structure, and mixing between subgroups discussed above. The STROBE-RDS 

guidelines (White et al., 2015) emphasises that these assumptions should be treated as 

“necessary approximations rather than binary conditions that are either met or violated”. 

Monitoring recruitment and reporting diagnostics therefore serves to support claims that 

estimator assumptions are reasonable in a study context and to justify any adaptations made 

during fieldwork. 
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3.5.1 Recruitment Diagnostic Tools 

White et al. (2015) do not present diagnostic tools as a single formal instrument. Instead, 

diagnostics are framed as empirical checks and monitoring outputs allow investigators to 

assess whether recruitment processes and RDS assumptions remain plausible as data 

collection progresses. Reporting diagnostics are not intended to prove that RDS “worked”, 

but to allow readers to judge the reasonableness of the data-generating process. 

Studies with simulation-based diagnostics assess how robust RDS estimation is to violations 

of underlying assumptions. Some studies used simplified mathematical models (such as 

Poisson or Binomial) to explore how different patterns of uneven peer recruitment might 

affect estimator performance (Perera and Ramanayake, 2019; Yan et al., 2020). These studies 

do not model real field behaviour directly but help clarify how sensitive RDS estimates are to 

unequal recruitment productivity, short vs long chains, dominance by highly productive 

recruiters (“super-seeds”) and delayed convergence (or equilibrium). In these simulations, 

researchers specify rules for how many peers each participant recruits. A Binomial 

distribution reflects a situation where each participant has a limited number of opportunities 

to recruit, and each opportunity may or may not succeed. A Poisson distribution reflects a 

situation where recruitment events occur irregularly, most people recruit none or just a few, 

whereas a small number of recruiters recruit more.  

Diagnostics based on observed recruitment data are the most directly relevant to monitoring 

fieldwork (Gile et al., 2015). These approaches rely on the link-tracing and network data 

collected during the study. A commonly reported tool is the recruitment ‘transition’ matrix, 

which summarises who recruits whom across key characteristics such as gender, ethnicity, 

age, location, or reported behaviour. In simple terms, this matrix shows how often 

participants from one group recruit participants from the same or different groups. These 

matrices are used to estimate referral probabilities and to identify patterns of homophily, 

segregation, or ‘bottlenecks’ in recruitment (Heckathorn, 1997; Heckathorn, 2002; 

Heckathorn, 2007; Gile, Johnston and Salganik, 2015; Wang et al., 2024a; Yan et al., 2020). 

Homophily statistics are derived from these recruitment patterns and quantify the tendency 

for participants to recruit others similar to themselves. High homophily indicates strong 

within-group recruitment and limited mixing between groups, which can reinforce clustering 

and reduce sample diversity. Within-group recruitment biases have been reported across 

dimensions including gender, ethnicity, age and behaviour (Heckathorn, 1997; Heckathorn et 

al., 2002; Wang et al., 2024a; Wang et al., 2024b). 

Recruitment chains are often reconstructed and visualised as ‘recruitment tree’ diagrams, 

which show the branching structure, depth, and productivity of recruitment. These 

visualisations allow investigators to identify short or stalled chains, dominant “super-seeds” 

and imbalances in recruitment depth. Preserving the peer-referral structure in the data 

enables assessment of whether recruitment has penetrated sufficiently beyond initial seeds, 
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if global mixing has occurred, and whether recruitment appears random within social ties 

(Helms et al., 2021). Several studies have also used ‘bottleneck plots’, which show how 

estimates behave across recruitment chains, and how estimates of key characteristics evolve 

separately for each seed. In simple terms, these plots show whether different recruitment 

chains mix and converge on similar estimates or remain isolated, indicating restricted 

pathways between subgroups (Gile, Johnston and Salganik, 2015). Bottlenecks, clustering, 

and network fragmentation have been shown to influence estimator convergence (or 

equilibrium), reduce sample diversity, and increase design effects (Heckathorn, 2002; 

Heckathorn et al., 2002; Yan et al., 2020). 

Seed-based diagnostics compare recruitment patterns and estimates across initial seeds. 

These include examination of chain length, recruitment speed, and whether recruitment 

equilibrates across chains. ‘Convergence plots’ are descriptive and show how estimates of 

key characteristics change across successive recruitment waves to assess whether the overall 

sample composition stabilises as recruitment progresses (Gile, Johnston and Salganik, 2015). 

For example, the proportion of women by wave, the proportion reporting a behaviour by 

wave, or the mean network degree by wave. Equilibrium is generally defined as the 

stabilisation of key sample characteristics over successive recruitment waves, indicating 

reduced dependence on initial seeds (Jonsson et al., 2019; Liu et al., 2012). Evidence from 

multiple studies indicates that short chains often fail to reach demographic stability, leaving 

estimates vulnerable to seed-induced bias, whereas longer chains are associated with 

reduced seed dependence and improved diversity, with equilibrium commonly reached 

within four to six waves. 

3.5.2 Adaptation and Variation during Data Collection 

The STROBE-RDS guidelines recognise that modifications during RDS studies are common and 

may be appropriate, provided they are well documented and respect the functional and 

analytic assumptions of RDS. Changes to coupon distribution include altering the number of 

coupons per recruiter, reducing the probability that recruits receive coupons, or temporarily 

halting coupon distribution. Dynamic or adaptive referral limits have been used in some 

studies, starting with lower caps and increasing them based on recruitment diagnostics to 

maintain momentum and reduce the need for additional seeds (Wirtz et al., 2021; Truong et 

al., 2013; Helms et al., 2021). The addition or substitution of seeds is a common adaptive 

response to early recruitment failures, stalled chains or under-representation of key sub-

groups. Substituting unproductive seeds or adding new ones can help jump-start recruitment 

and extend network penetration, particularly when diagnostics indicate insufficient 

recruitment depth or clustering (Zan et al., 2024). It may also be necessary to respond to a 

variety of recruitment problems which include addressing coupon selling, imposters, or 

duplicate recruits.  
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3.5.3 Diagnostics as Justification for Adaptation 

Across the literature, adaptive recruitment strategies are sometimes linked to diagnostic 

evidence rather than treated as ad hoc protocol deviations. Continuous monitoring of 

recruitment speed, number of waves per seed, chain expansion or stalling, and convergence 

diagnostics have been used to inform decisions such as extending recruitment, increasing 

coupon numbers, or introducing new seeds. Monitoring recruitment progression is important 

because recruitment-chains are treated as key dimensions of RDS sample data, not merely a 

means to an end. Recent work has emphasised adaptive designs that monitor recruitment 

progression toward equilibrium using diagnostics. When equilibrium is not achieved, 

extending recruitment waves or introducing new seeds is warranted (Gile, Johnston and 

Salganik, 2015; Rudolph et al., 2024). Crawford (2016) demonstrates how the timing and 

modification of recruitment events and coupon use can affect whether recruitment becomes 

confined within subgroups or successfully traverses broader social networks. 

3.6 RDS in Comparison to Alternative Sampling Methods 

Respondent-driven sampling (RDS) was developed as a response to the inferential limitations 

of non-probability convenience approaches, such as snowball, quota or venue-based 

sampling (VBS), which were applied to study hidden or hard-to-reach populations 

(Heckathorn, 2011; Górny and Napierała, 2016). In venue-based quota sampling, researchers 

first identify specific physical or social locations (venues) where members of a target 

population are known to gather (e.g. workplaces, markets, churches, clubs). They then recruit 

respondents at those venues to fill predefined quotas (such as by nationality, age, or gender). 

Similarly, with snowball sampling, researchers begin with an initial convenience sample and 

ask participants to recruit others from their social networks. 

RDS development attempts to address theoretical concerns about these convenience 

samples, by emphasising the role of the initial seeds in recruitment, gathering network size 

and link-tracing data to model the recruitment process itself. Explicit reporting on these 

distinctly RDS elements is essential to assessing the method versus snowball sampling (White 

et al., 2015). RDS introduces statistical estimators intended to adjust for network-based 

biases, with their validity depending on extent to which assumptions are met. Snowball 

sampling likewise relies on peer recruitment from an initial convenience sample but does not 

incorporate link-tracing or the formal estimation framework that RDS introduces to address 

seed dependence.  Biases arising from network structure clustering and homophily in 

snowball sampling are therefore difficult to quantify (Heckathorn, 2011). Quota or venue-

based approaches, whilst sometimes yielding high participant numbers, do not support chain-

based recruitment. The method rarely uses “seeds”, instead it usually relies on the physical 

presence of participants at known locations. 

In a study comparing venue-based quota sampling to RDS to recruit migrants, Górny and 

Napierała (2016) found that RDS produced higher-quality data (more complete, more 

precise), achieved higher sociometric diversity and better geographic dispersion. Venue-
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based quota sampling’s key limitation is that it systematically over-represents people who are 

present, visible and frequent at venues, while under-representing individuals who are more 

mobile, isolated, time-constrained, or deliberately avoiding public or institutional spaces. This 

makes ‘coverage’ depend on venue selection and prior assumptions about population 

composition (often missing for migrants) rather than true population structure (Górny and 

Napierała , 2016). A priori quota-based selection can appear balanced on paper but can be 

systematically misleading by hiding the mechanism of selection bias. In contrast, RDS can 

access previously hidden, unknown networks and provide data about the structure, the 

dependencies, and the sub-population bottlenecks. RDS’s tendency to follow strong ties 

rather than administrative categories can make for a faithful reflection of where social density 

really is. Detailed comparison of RDS to other recruitment methods is presented in Table 7 

below. 

Table 7: Comparison of RDS to other recruitment approaches  

Methodologic

al Dimension 
RDS 

Alternative Sampling 

Methods 

Comparative 

Robustness & 

Reliability 

Risk of 

Duplicate 

Participation 

& Fraud 

- Particularly online RDS 

due to coupon sharing, 

multiple enrolments. 
- Preventative measures 

include unique coupon 

codes, digital verification 

(IP, biometric), and careful 

manual tracking. 

- Generally low in probability 

sampling, but higher in 

snowball or venue sampling 

due to weaker verification 

processes. 

RDS has stronger 

fraud-prevention 

than typical snowball 

methods, yet weaker 

than traditional 

probability sampling. 

Measurement 

& Reporting 

Errors 

- High risk due to reliance 

on self-reported network 

sizes and behaviours. 
 

- Lower risk in probability 

sampling methods using 

administrative verification, 

but similar high risk in 

snowball or convenience 

methods due to self-report 

reliance. 

Similar to other 

referral-based 

methods but inferior 

to probability 

sampling. 

Bias from 

Recruitment 

Patterns 

(Homophily, 

Seed Bias) 

- Significant potential for 

bias due to network 

structures, homophily, 

seed selection, and 

recruitment stickiness. 
- Requires strategic seed 

selection, chain 

monitoring, and 

convergence checks. 

- Snowball and venue-based 

methods have even higher 

bias potential due to less 

structured sampling. 
- Probability methods 

generally avoid these biases 

entirely due to 

randomisation. 

 Superior to snowball 

and venue methods 

but less robust 

compared to 

randomised 

probability sampling. 
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Technical & 

Administrativ

e Issues 

- High complexity (coupon 

management, chain 

tracking, online platforms). 
- Frequent administrative 

errors or coupon 

mismanagement. 
- Requires robust logistical 

and technical 

infrastructure. 

- Probability sampling 

methods (particularly web-

based survey) have simpler 

logistics and fewer technical 

complexities. 
- Snowball and venue 

methods have less formal 

management, resulting in 

different types of logistical 

errors. 

 May be more 

administratively 

challenging than 

random sampling 

methods. 

Representativ

eness & 

Generalisabilit

y 

- Representativeness can 

be achieved when properly 

managed. 
- Risks related to seed bias, 

recruitment chain 

limitations, and sample 

homogeneity. 
- Improved by formative 

research (for given target 

population), diverse seeds, 

and equilibrium 

monitoring. 

- Probability sampling offers 

superior representativeness 

due to randomisation. 
- Snowball and venue-based 

methods typically show 

lower representativeness and 

higher biases. 

RDS tends to be 

more representative 

than snowball 

sampling but less 

than probability 

sampling methods. 

Statistical 

Estimation 

Reliability 

- Dependent on validity of 

network assumptions, 

accurate reporting of 

degree, and unbiased 

recruitment. 
-  Statistical estimators 

(RDS-I, RDS-II, SS) attempt 

to address biases. 

- Reliability in probability 

sampling is higher with clear 

inclusion probabilities. 
- Snowball or convenience 

samples are not as reliable 

due to unclear inclusion 

probabilities and biases. 

Proper RDS 

estimates are more 

likely to be reliable 

than those from 

snowball and 

convenient methods, 

yet less precise than 

those of probability 

sampling. 

Cost and 

Feasibility 

- Cost-effective for hard-to-

reach populations due to 

peer-driven recruitment. 
- Feasibility challenged by 

network bottlenecks and 

seed productivity. 
- Online RDS can reduce 

costs but introduce fraud 

concerns. 

- Probability methods are 

often expensive and 

logistically difficult for hidden 

populations. 
- Snowball sampling is less 

costly but introduces greater 

biases and lower reliability. 

RDS balances cost-

effectiveness and 

feasibility better 

than alternatives 

when studying 

hidden populations. 

 

In summary, the main advantage of RDS relative to conventional snowball or venue-based 

sampling lies in its attempt to transform chain-referral recruitment into a framework with 

estimable properties. Despite these advantages, RDS remains less robust than traditional 
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probability-based sampling methods and its estimates are sensitive to violations of key 

assumptions regarding network connectivity, recruitment behaviour, and degree reporting. 

Its effectiveness is therefore conditional rather than assured and should be evaluated in light 

of how far these assumptions are plausibly met in specific study contexts. 

 

4. Conclusion 

Respondent-Driven Sampling (RDS) is a complex sampling method, the performance of which 

depends on interdependent recruitment practices, operational decisions, and analytical 

assumptions. Studies using RDS are frequently reported incompletely, limiting readers’ ability 

to assess the extent to which core design, recruitment, and analytic features were 

implemented in ways consistent with the method’s assumptions. Across the evidence, RDS 

demonstrates substantial flexibility and reach. When well-executed, it can penetrate the 

social networks of groups lacking coverage by traditional sample frames. However, the 

method has consistent vulnerabilities that may undermine its representativeness and 

inference when poorly executed and its assumptions are violated. There is also an internal 

contradiction within the evidence: because RDS relies on network structure to function, it 

may systematically under-represent very weakly networked individuals. Yet many of the 

target populations that the method is applied to are in fact defined by weak network 

embeddedness, marginality and social isolation. 

 

4.1 Empirical Performance of RDS 

The evidence shows that RDS has been effective in accessing hidden and diverse populations, 

including intravenous drug users (Heckathorn, 1997), precarious workers (Jonsson et al., 

2019), and migrant populations across multiple international contexts (Górny and Napierała, 

2016; Zanoni et al., 2023). The most common achieved sample size was 300–1,000 

participants, reflecting a balance between feasibility and analytic robustness, while Web-RDS 

facilitated accelerated recruitment speed and scaling (Helms et al., 2021).  

 

Recruitment productivity varies substantially across studies, with three dominant patterns 

observed: low productivity, moderate productivity (most common), and high productivity 

driven by “super-seeds.” Moderate productivity patterns, typically characterised by referral 

caps of 3–5 coupons and recruitment chains of 4–9 waves, most often achieved equilibrium 

within 4–6 waves. Short chains (1–3 waves) were associated with high seed-dependence and 

a failure to reach equilibrium, while very long chains (10–20+ waves) allowed deeper network 

penetration but increased risks of clustering and compounded homophily (Heckathorn, 1997; 

Heckathorn et al., 2002; Wang et al., 2024a). Overall, recruitment patterns and chain length 

were strongly shaped by referral caps, incentive structures, seed characteristics and social 

network connectivity, which emphasises the need for ongoing monitoring using diagnostics 

such as recruitment trees, transition matrices and homophily indices. 
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4.2 Strategies Associated with Better Recruitment 

Evidence consistently links stronger RDS performance to robust fieldwork and operational 

practices, including pre-survey outreach, formative research, and field site proximity to target 

populations (Abdul-Quader et al., 2006; Johnston et al., 2016). Formative assessment was 

central to evaluating whether key RDS assumptions were plausible, such as identifying 

population sub-groups, potential network bottlenecks, willing participants and logistical 

constraints. Most RDS studies rely on purposive, non-probability seeds selected through 

NGOs, community organisations, clinics and digital communities, often involving 

collaborators with specialised knowledge of a network (Gile, Johnston and Salganik, 2015; Lee 

et al., 2020; Wirtz et al., 2021). While fewer than 30 seeds were used in 64% of studies, 

reporting on the ratio of seeds to total sample size was inconsistent, limiting comparative 

assessment despite its suggested importance (Leonard, 2025). 

 

Effective recruitment was associated with clear eligibility screening, prevention of repeat 

enrolment and the use of dual incentive schemes for participation and referral (Heckathorn, 

1997; Shaghaghi, Bhopal and Sheikh, 2011; Lachowsky et al., 2016). Incentives aligned with 

local norms and delivery contexts (monetary or non-monetary) were linked to better 

recruitment outcomes, while fixed referral caps (most commonly three coupons) helped 

balance recruitment speed and dispersion. Adaptive strategies, including increasing referral 

caps or adding seeds in response to stalled recruitment, were also recommended. 

 

4.3 Methodological Limitations: Where and Why Recruitment Breaks Down 

Despite demonstrated strengths, the evidence documents recurring methodological 

limitations. Recruitment failure occurred in some populations due to poor seed selection, 

weak peer connectivity, inadequate incentives and inflexible designs that failed to adapt to 

stalled recruitment. Recruitment mode significantly shaped recruitment feasibility, data 

quality and representativeness, with face-to-face approaches offering stronger eligibility 

verification and rapport but at higher cost and with greater geographic clustering. Web-RDS 

increased scale and anonymity but introduced fraud risks and technical failures, which in 

some cases severely affected chain progression (Bauermeister et al., 2012; Helms et al., 2021; 

McGowan et al., 2023). The specific details of link-tracing systems are central to RDS validity 

but are frequently not reported. Technical failures, the misclassification of recruits as seeds, 

and incomplete or invalid link-tracing data can also undermine recruitment-chain 

reconstruction and valid network estimation (Wang et al., 2024b).  

 

More fundamentally, the evidence highlights that structural limitations of RDS are related to 

network clustering and homophily. RDS systematically reproduces groups with larger, denser, 

and more reciprocal networks, while weakly networked, dispersed, or socially isolated sub-

groups are less likely to be recruited. Multiple studies reported short chains and high seed 
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failure among highly marginalised populations (Wirtz et al., 2021; Inghels et al., 2021; Pham 

et al., 2023). These patterns raise unresolved questions about the extent to which RDS can 

capture socially isolated individuals within hidden populations.  

 

Finally, estimator performance was found to be sensitive to violations of core assumptions. 

Evidence of degree misreporting, differential recruitment success, non-random recruitment, 

and homophily challenges the adequacy of RDS-II weighting, as inclusion probabilities may no 

longer be well approximated by degree alone (Heckathorn, 2002; Heckathorn, 2007; Mills et 

al., 2014; Wang et al., 2024a). 

 

 

5. Recommendations for Practitioners 

Seed Selection: Strategic and diverse seed selection is essential to minimise initial sampling 

bias and enhances population coverage. Studies have demonstrated that diverse seed 

selection supports equilibrium and reduces seed-related bias over time. Seeds should vary 

across socio-demographic and behavioural characteristics applicable to the study aims or 

target groups of interest. Utilisation of local recruitment collaborators such as NGOs, 

community organisations, peer networks and digital platforms is beneficial to seed selection 

and to accessing social networks. Formative research methods like ethnographic mapping and 

focus groups help identify well-positioned, willing seeds who are validated as eligible. 

Eligibility screening ensures that seeds belong to a target population and are commonly 

established via questionnaires or in-person checks (depending on criteria specific to target 

populations). 

Incentive Design to Sustain Recruitment: Effective incentive structures in RDS studies are 

tailored to the local context. Dual incentives for participation and peer recruitment is a 

defining feature of RDS. Monetary incentives are common for online settings, while non-

monetary items are used in low-resource environments. Targeted incentives (conditional on 

sub-group membership) can increase recruitment among under-sampled populations, can 

target weakly networked individuals and help ensure participants achieve specific sampling 

aims, such as recruiting a minimum number of peers. 

Sample Size: Smaller studies (<300 participants) are valuable for focused inquiries but may 

offer limited generalisability and statistical power. Medium-sized samples (300–1,000 

participants) are most common in RDS research, balancing feasibility and analytical 

robustness. 

Chain Length: Recruitment chains shorter than 4 waves may not mitigate seed bias. 

Moderate-length chains (4–9 waves) are sufficient with equilibrium most often achieved 

within 4–6 waves to reduce seed dependency and improve demographic diversity. 
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Manage Recruitment Per Seed: Optimal recruitment outcomes are achieved with referral 

caps of three to five coupons per participant, resulting in stable chains and increased 

demographic diversity. Recruitment below three peers often necessitates new seeds, while 

more than ten peers can cause "super-seed" effects, distorting the sample. Lower coupon 

limits produce longer, more evenly distributed recruitment chains, enhancing sample 

integrity. 

Adaptive Recruitment and Diagnostics: Real-time monitoring and early replacement of non-

productive seeds, or the truncation of dominant chains (from super seeds), can address 

homophily and network clustering. Adjusting referral limits to maintain chain progression can 

ensure broader sample representation and expand reach to sub-groups.  

Link-Tracing: Comprehensive documentation of link-tracing methodology is crucial, 

specifying tools, platforms, and unique identifiers used. Quality control measures should be 

implemented to mitigate procedural errors and data quality risks.  

Personal Network Questions: Personal network questions should be included in the survey 

to identify degree and non-random preferential recruitment. They should capture social 

network size, number of contacts in the target population and recruiter-recruit relationship 

details. 

Standardised Reporting: RDS studies often fail to report recruitment processes, coupon 

details, seed handling, network size measurement, estimator choice and diagnostics. This 

makes it difficult to determine whether the study truly followed RDS principles, whether 

estimator assumptions are plausible and how recruitment dynamics shaped the sample. 

Standardised reporting of critical RDS operational indicators will improve the transparency, 

comparability and utility of RDS research. These reports should detail: the number and origin 

of seeds, the productivity of each seed (i.e., number of recruits per seed), achieved sample, 

incentive types, the length and sustainability of recruitment chains, equilibrium diagnostics, 

link-tracing systems, cost details and fraud control. The Strengthening the Reporting of 

Observational Studies in Epidemiology for RDS Studies (STROBE-RDS) guidelines are an 

excellent place to start and necessitate further adoption (White et al., 2015). 

 

6. Evidence Gaps and Future Research 

This review demonstrates that RDS has been widely implemented and extensively studied, 

yet several important gaps remain uncovered by our evidence.  

Limited Comparative Evaluation of Sampling Performance 

The evidence reviewed has limited systematic comparison between RDS and alternative 

sampling approaches applied to the same target populations or compared to populations with 

known parameters. While studies differentially report recruitment reach, sample size, and 
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equilibrium diagnostics, these indicators were insufficiently evaluated relative to other 

feasible sampling strategies. The evidence lacked comparative studies that explicitly assess 

trade-offs between samples achieved by RDS and alternative methods in terms of coverage, 

bias, feasibility, costs and operational burden.  

 

Incomplete Explanation of Recruitment Dynamics 

The evidence documents recurring recruitment patterns such as low productivity chains, 

equilibrium-achieving recruitment, or dominant “super-seed” networks, but lacks empirical 

validation to determine whether the recruitment structures in RDS achieved samples 

correspond to plausible underlying social structures and known population segmentation. A 

focus on why certain sub-populations generate short or fragile chains in RDS (not just that 

they do) is lacking. Future RDS research would benefit from comparing achieved RDS chains 

to known network features and independent evidence about network connectivity, sub-

group structure and social barriers. This would help address a core ambiguity about whether 

recruitment failure or clustering effects in RDS reflect poor design or genuine network 

structure. 

 

Absence of Diagnostics for Exclusion and Weakly Networked Populations 

An implicit concern in the evidence is the systematic under-representation of weakly 

networked or socially isolated individuals. Existing diagnostics focus on convergence and 

equilibrium among those recruited but offer no empirical strategy for identifying groups who 

remain unreached, or to estimate the size and characteristics of excluded subgroups. Future 

research may benefit from the development of diagnostics that address exclusion as well as 

inclusion. Hybrid designs that use RDS for well-networked groups and targeted outreach (or 

alternatives) for weakly networked groups may be necessary to evaluate how far RDS can 

adequately represent those characterised by marginality, dispersion, or limited peer ties. This 

would help determine clearer criteria regarding sampling method goodness-of-fit with a 

population, and define when RDS should not be used, not just how to optimise it. 

 

Diagnostic and Estimator Performance Under Realistic Violations 

The review focused on RDS recruitment and sampling, rather than estimators, but it became 

clear that the estimation and analysis of network structure are what distinguishes RDS as a 

method, not just the overall achieved sample. The evidence demonstrates that analysis, 

diagnostic monitoring and adaptation during fieldwork are beneficial to RDS sample 

outcomes. This, therefore, suggests that the separation of fieldwork and statistical analysis 

cannot be considered distinct within RDS, as intended at the beginning of this review. Future 

work should shift from assumption-based validation toward robustness-based evaluation, 

examining how diagnostic tools and estimators behave under realistic combinations of 

aspects such as degree misreporting, preferential recruitment, clustering and homophily. This 

would support clearer guidance on adaptive design choices, or when weighting improves 

inference and when it may exacerbate bias.  
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Recruitment Mode as a Methodological Modifier 

The review shows that recruitment modes, such as face-to-face, online, or mixed-mode, 

substantially alters recruitment dynamics, verification processes, link-tracing integrity, fraud 

risk, and participant engagement. Future research should explicitly explore recruitment mode 

as part of the RDS mechanism itself, assessing whether digital adaptations preserve or 

transform the core assumptions (reciprocity, random referral, degree-based inclusion) 

underpinning RDS. This would clarify whether Web-RDS constitutes a methodological variant 

or a substantively distinct approach. 

 

Improved Digital Infrastructure 

The integration of digital tools into RDS, including electronic referrals, social media 

engagement, and Web-RDS platforms, remains under-researched and studies emphasise the 

need for the development of fraud prevention measures in online settings (Helms et al., 2021; 

Truong et al., 2013; McGowan et al., 2023; Bauermeister et al., 2012; Hildebrand et al., 2015). 

Additionally, more attention may be needed to address disparities in digital participation 

(such as socio-economic and cultural). 

 

RDS as a Boost to Probability-based Surveys 

Embedding RDS within existing probability-based survey designs by using seeds selected 

probabilistically from a survey sample, may allow RDS to function as a targeted boosting 

mechanism rather than an independent inferential framework. Because the initial sample is 

drawn from a known sampling frame, the probability survey provides a benchmark population 

structure against which RDS recruitment patterns and resulting estimates can be evaluated. 

Further exploration of this hybrid approach may allow expansion of sample sizes for 

networked subpopulations with declining response rates while preserving design-based 

comparability. This will facilitate the empirical assessment of bias, practical feasibility, and 

efficiency of RDS-derived estimates relative to established probability-based survey 

estimates. 

 

Standardised Reporting 

Finally, the evidence base is constrained by inconsistent reporting of key methodological 

features, including link-tracing systems, seed management, incentive design, recruitment 

diagnostics and chain structure. These omissions limit cumulative learning, hinder secondary 

analysis and improved transparency is essential for distinguishing between methodological 

and population-specific limitations. Full adoption of the STROBE-RDS (White et al., 2015) 

guidelines is an excellent place to start, and any further work on additional study-quality 

indicators would be beneficial. 
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Appendix A: The RDS Evidence Review: Methodology, Scope and Research 
Questions 

 
Objectives and Research Questions 

 

This Research Strand aims to evaluate the practical performance, implementation conditions, 

strengths and methodological limitations of Respondent-Driven Sampling (RDS) as applied 

across empirical studies. The review addresses the following inter-related research questions: 

1. How does Respondent-Driven Sampling perform in practice across different 

populations, recruitment modes, and study designs? 

2. How do recruitment structures (seeds, referral caps, incentives, chain length) shape 

recruitment trajectories and sample composition in RDS? 

3. Which fieldwork, operational, and design strategies are associated with more 

successful RDS implementation? 

4. How do different recruitment modes (face-to-face, online, and mixed-mode) affect 

the feasibility, integrity, and outcomes of RDS? 

5. Where, why, and for whom does RDS break down as a sampling and recruitment 

method? 

6. Where are the gaps in the existing evidence base regarding RDS? 

 

Metrics and Coding Criteria 

 

The following metrics were detailed in the specification and defined by the Survey Futures 

research team (Carina Cornesse, Olga Maslovskaya, Curtis Jessop) to be extracted and coded 

from each individual study: 

• Study identifiers (authors, publication year, links) 

• Number and characteristics of seeds 

• Seed origin and restriction to target population 

• Definition of target population 

• Recruitment statistics: number of recruits, recruitment per seed, recruitment 

chain length 

• Indicators of recruitment effectiveness 

• Reported technical issues (e.g., link generation failures) 

• Use of link-tracing methods 
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• Mode of survey administration (online/offline/mixed) 

• Recruitment mechanics (active vs. passive seed involvement) 

• Role of RDS in study design (standalone vs. supplement) 

• Participant access and sharing protocols 

• Use and value of incentives, including dual incentives for recruiters and recruits 

• Analytical methods (descriptive vs. inferential) 

• Quality assurance and fraud prevention procedures 

 

Inclusion and Exclusion Criteria for the Evidence Review 

 

Inclusion Criteria: 

• Peer-reviewed academic papers, grey literature, and unpublished reports 

• Studies published in English 

• International and UK-based studies 

• No temporal restrictions 

• Studies that implement or test RDS designs or theoretical simulations 

• Studies employing RDS either as a standalone recruitment method or to supplement 

a separate sample 

• Studies where recruitment is respondent-driven or intermediated by field staff 

Exclusion Criteria: 

• Studies utilising RDS for small-scale qualitative samples not aimed at 

representativeness 

There were no exclusions based on the specific RDS approach, survey mode, population focus, 

or study objectives. 

 

Search Strategy and Source Identification 

 

The Evidence Review was intended to be as rigorous as reasonably practicable, but not 

systematic. A list of 50 key papers and sources was provided by the Survey Futures research 

team (Carina Cornesse, Olga Maslovskaya, and Curtis Jessop) to guide the initial scoping and 

to validate search efficiency. Searches were conducted using Google Scholar and Scopus with 

multiple search iterations to maximise coverage. 
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Google Scholar 

• Search unfiltered by publication year 

• Grey literature included 

• Six search iterations performed 

• Final search successfully identified 35 of the 50 target papers 

• Best-performing search string: “Respondent Driven Sampling, RDS” 

• Total search hits: 7,600 

• A technical limitation with the API request implemented in Python was that the list 

was restricted to extracting the first (most relevant) 980 results before 

request/response timeout 

• Search was conducted on 08 January 2025 

Scopus 

• Sixteen search iterations performed 

• Final search successfully identified 41 of the 50 target papers; 9 remaining were 

outside Scopus coverage (books, conferences) 

• Best-performing search string: TITLE-ABS-KEY ( "Respondent Driven Sampling" OR ( 

"Network sampling" OR "Link Tracing Sampling" OR "link tracing" ) OR ( "stochastic actor-

based models" OR "sampling by referral" ) ) 

• Final search hit count: 2,859 

• A total of 355 records were retained 

• Final search was conducted on 20 February 2025 

The final dataset for screening combined 980 Google Scholar hits with 355 Scopus 

records, resulting in 1,335 studies, which were then screened by title and abstract. 

 

Screening and Coding Process 
 
From the 1,335 records, 225 were flagged for potential inclusion and prioritised based on 

methodological relevance, alignment with the inclusion criteria and according to how well 

each covered the metrics / coding criteria. Two reviewers (Toby Li and Mark Todd) conducted 

independent screening to prioritise the evidence, and any discrepancies were resolved 

through consultation with a wider research team (Olga Maslovskaya, Curtis Jessop, Carina 

Cornesse). This led to the identification of 71 high priority papers to include in the review. Of 

these, 48 were newly coded during the review process within the project time constraints. 
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Combined with the 50 pre-specified papers, 98 studies were coded overall and analysed for 

this evidence review (please see Figure 1 for details). Coding was initially conducted using AI 

(Google Gemini Flash 2.0 and ChatGPT 4.5; for the prompts see Appendix B), before papers 

were read and coding verified by the reviewers. The review is a narrative synthesis of the 

strengths and weaknesses of RDS sampling and recruitment, key metrics were inconsistently 

reported in different papers to enable meta-analyses. 

Figure 1: PRISMA Flowchart 
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Appendix B: AI coding prompts 
Item1 Google Gemini Flash 2.0 prompt used to help with coding: { 

I am going to provide you a selected text from a relevant respondent-driven sampling academic 

literature. Can you extract the relevant information according to the metrics? The metrics are: 

1. Study identifiers (authors, date, links, etc.) 

2. Number of seeds? 

3. Origin of seeds (e.g. a general population survey? community workers? click workers?) 

4. Are the seeds restricted to the target population (E.g. if our target population is LGBT people, do 

our seeds all need to be LGBT people, or could it be gen pop)? 

5. Definition of target population (e.g. a specific ethnic minority group? general population?) 

6. Number of successfully recruited people? 

7. Number of recruits per seed (mean/min/max)? 

8. Length of recruitment chains (mean/min/max) 

9. Quality indicators used on how effective RDS approach was (or if none used 

10. Study’s and/or our evaluation of effectiveness (or otherwise) of RDS approach 

11. Were there any technical issues? If so, which (e.g., recruitment link generation failures)? 

12. Was a link tracing procedure applied (i.e. can researchers trace who was recruited by whom)? 

13. Was the recruitment procedure/survey conducted online or offline or both? 

14. Did the seeds actively engage in the recruitment or did they only provide the contact details of 

the prospective recruits to the fieldwork agency? 

15. Was the RDS a standalone approach or used to boost.in conjunction with another study? 

16. Protocols for sharing/providing access to the survey for recruited participants 

17. Was the data used in an exploratory / descriptive way or did researchers attempt inferential 

statistics? Which and how? Which modeling approaches were used? 

18. Whether incentives were used. Value of incentives. Were incentives used for both recruiter and 

participant? 

19. Potential issues: duplications, fraud/methods for prevention & quality assurance  

Can you extract the relevant information from the following text according to the metrics listed 

above ? : [insert selected section of the academic paper] } 

 

Item2 ChatGPT 4.5 prompt used to help with coding: { 
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Using only the data and explicit findings from the attached paper, provide detailed coding for the 

following components. Do not include assumptions, external knowledge, or generalized RDS 

principles beyond what is explicitly stated in the paper. Use only direct evidence, results, or 

statements from the paper. If any component is not addressed in the paper, state 'Not reported in 

the paper' rather than inferring or assuming information. Produce results in table format: 

1. Study identifiers (authors, date, links, etc.)  

2. Number of seeds?  

3. Origin of seeds (e.g. a general population survey? community workers? click workers?)  

4. Are the seeds restricted to the target population (E.g. if our target population is LGBT people, do 

our seeds all need to be LGBT people, or could it be gen pop)?  

5. Definition of target population (e.g. a specific ethnic minority group? general population?)  

6. Number of successfully recruited people?  

7. Number of recruits per seed (mean/min/max)?  

8. Length of recruitment chains (mean/min/max)  

9. Quality indicators used on how effective RDS approach was (or if none used  

10. Study’s and/or our evaluation of effectiveness (or otherwise) of RDS approach  

11. Were there any technical issues? If so, which (e.g., recruitment link generation failures)?  

12. Was a link tracing procedure applied (i.e. can researchers trace who was recruited by whom)?  

13. Was the recruitment procedure/survey conducted online or offline or both?  

14. Did the seeds actively engage in the recruitment or did they only provide the contact details of 

the prospective recruits to the fieldwork agency?  

15. Was the RDS a standalone approach or used to boost.in conjunction with another study?  

16. Protocols for sharing/providing access to the survey for recruited participants  

17. Was the data used in an exploratory / descriptive way or did researchers attempt inferential 

statistics? Which and how? Which modeling approaches were used?  

18. Whether incentives were used. Value of incentives. Were incentives used for both recruiter and 

participant?  

19. Potential issues: duplications, fraud/methods for prevention & quality assurance   

}
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