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Abstract

Introduction: The health of Indigenous Peoples in Canada is, on average, poorer than the general population
and in particular, the Indigenous community suffers from higher rates of cardiovascular disease. Respondent
driven sampling (RDS) allows the health of urban Indigenous people to be studied using information about
their connectedness. However, statistical methods for data arising from RDS studies are still being developed.
The objective of this thesis was to evaluate the statistical aspects of RDS as a technique for studying the

health of urban Indigenous communities.

Methods: Four studies were completed : 1) A simulation study examining the validity of regression models in
RDS data; 2) Development of a validated regression model to examine factors associated with cardiovascular
disease among the urban Indigenous community living in Toronto and Hamilton, Ontario; 3) A survey
of respondent driven sampling data sets from a variety of populations around the globe to describe their
characteristics; and, 4) A simulation study to investigate the performance of estimators of disease prevalence

using real-world RDS data.

Results: Personal network degree in RDS studies is skewed, with a small proportion of people reporting
many connections to others in their communities and is imprecisely reported by those with more than ten
connections. Simulations studies indicated that the homophily configuration graph estimator is the preferred
estimator for RDS data, and that weighted regression should be avoided because of the potential for inflated
type I error rates. In addition to age, diabetes and hypertension, there is some evidence of a link between

experiences of discrimination and cardiovascular disease in urban Indigenous communities.

Conclusion: Respondent driven sampling is an effective tool for measuring the health of urban Indigenous
communities in Canada. This work has identified important information regarding the distribution of RDS
degrees, regression methods and best practices. These findings are important for validating analyses of RDS
data. In addition to traditional risk factors, previous studies identified discrimination as a potential risk factor
for cardiovascular disease and this work supports those findings. Discrimination is a modifiable exposure that

must be addressed to improve cardiovascular health among Indigenous populations in Canada.
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Chapter 1

Introduction

The true measure of any society can be found in how it treats its most vulnerable members.

—Mahatma Gandhi

Improving health for Indigenous people living in Canada is an urgent priority to reduce current health
inequities. The Indigenous community (people of First Nations, Métis or Inuit descent who identify as
Indigenous) is disproportionately affected by both infectious diseases such as tuberculosis (1) and non-
infectious morbidities: higher cancer rates (2), lower cancer survival rates (3), nearly triple the rate of diabetes
(4) and an higher prevalence of cardiovascular disease (5). The need for improvement has been recognised:
Article 19 of the Truth and Reconciliation Commission Calls to Action (6) demands that the Government of
Canada “to establish measurable goals to identify and close the gaps in health outcomes between Aboriginal
and non-Aboriginal communities” on indicators such as chronic disease, mental health and illness, injury,

among others.

Achieving better health outcomes requires the ability to accurately measure health among all Indigenous
communities. Valid measurement of Indigenous health requires that all Indigenous people have an opportunity
to be included, not just those with legal Indian Status, those living on reserve or those whose healthcare is
administered through the FNIHB. Unfortunately, no sampling frame exists for the Indigenous community
living in Canada. Sampling from the urban Indigenous community is especially difficult, but it is essential, as
this is the fastest growing segment of the Indigenous population (7). Respondent driven sampling (RDS)

provides a means of sampling people who identify as Indigenous living in urban centres to provide community



leaders with the data they require to assess health and measure progress.

Respondent driven sampling is a sampling strategy, coupled with specialised statistical methods that allows
researchers to sample from populations where no sampling frame exists. The RDS approach is relatively
new and methodological work is ongoing. The main focus of the research community has been estimating
disease prevalence from RDS samples. At the time of writing, three main prevalence estimators have been
used in practice, and a fourth has been proposed. In addition to estimating disease burden in the Indigenous
community, it is important to be able to identify Indigenous-specific predictors of disease. Regression is the
preferred method for determining strength of association in the presence of confounding variables, but has

not yet been evaluated for RDS data.

The primary objective of this thesis is to evaluate and determine suitable regression methods for use with
RDS data and apply these to determine factors associated with the prevalence of cardiovascular disease.
Completion of this work led to questions regarding the nature of RDS samples and, as a result there are four

manuscripts corresponding to the specific aims of this thesis. Their objectives are:

1) To determine the validity of regression models in RDS data, presented in chapter three and published
in BMC Medical Research Methodology;

2) To develop and validate a regression model examining factors associated with cardiovascular disease
among the urban Indigenous community living in Southern Ontario, presented in chapter four and will

be submitted to the Canadian Journal of Public Health;

3) To survey respondent driven sampling data sets from a variety of populations around the globe and

describe their characteristics, presented in chapter five and under review with PLOS One, and,

4) To investigate the performance of estimators of disease prevalence motivated by real world RDS data,

presented in chapter six and under review with the American Journal of Epidemiology.

Lisa Avery performed all coding and simulations, conducted all analyses and drafted all manuscripts, with

support from her supervisory committee and the Our Health Counts study team.



Chapter 2

Background

This chapter contains background information to provide context for the manuscripts. The first section
provides an overview of the health data currently available for the Indigenous community living in Canada.
This is followed by a review of respondent driven sampling, both as a sampling strategy, and as an analytic

method.

2.1 Indigenous Health Data in Canada

Meeting the TRC’s guideline to “assess progress on closing the gaps between Aboriginal and non-Aboriginal
communities in a number of health indicators” (6) is challenging. Smylie and Firestone outline several
difficulties in the collection of Indigenous health data (8). Among their concerns are the used of ‘deficit-based’
indicators of health, as opposed to holistic indicators of positive health and the lack of inclusive Indigenous
identifiers, in contrast to those based on status or ethnicity. The following section summarises the current

availability of Indigenous health data in Canada.

2.1.1 Sources of Indigenous Health Data

The First Nations Regional Longitudinal Health Survey (RHS) collects information about members of the
First Nations and Inuit communities and has been executed over four cycles to date: 1997 (pilot), 2002-2003
(phase 1), 2008-2010 (phase 2) and 2015-2016 (phase 3). The RHS is an Indigenous-led survey, undertaken

by First Nations Information Governance Centre. The survey aims to be representative of the on-reserve



population and uses as its sampling frame the Indian Registry maintained by Indigenous and Northern
Affairs Canada (9). The RHS is a valuable source of information but, because it samples only from registered
First Nations living on-reserve (10) is limited in its generalisability. This is a major limitation of the survey,

because, according to the 2016 Canadian census, over half of the Indigenous population lives off reserve (11).

Statistics Canada lists three sources of data on the Indigenous community from the census program (12):
The Aboriginal Children’s Survey (ACS), the National Household Survey and the census itself. Of these,
only the ASC is designed to capture health information with the purpose of “providing a picture of the
early development of Aboriginal children and the social and living conditions in which they are learning and
growing” (13). Conducted before the mandatory long-form census was abolished the ACS included data on
17,000 First Nations, Inuit and Métis children living off-reserve who were identified in the 2006 census as
identifying with at least one Aboriginal group. The ACS was conducted only once, in 2006. Because of poor
response to the voluntary survey which replaced the long form census, a repeat of the ACS in 2011 would not
have contained a comparable sample. The target population of the ACS was children under the age of six,
which provides a snapshot of early health indicators, but, without a follow-up survey provides no information

on the future direction of the health of Indigenous children.

Several of the main national health surveys, including the Canadian Community Health Survey, the National
Longitudinal Children and Youth Survey and the Maternity Experiences Survey are limited in their ability to
provide high quality representative data because they exclude the on-reserve population (14). However, these
large-scale surveys did, prior to the abolition of the long-form census in 2011, attempt to obtain representative

samples of the off-reserve Aboriginal population.

The Inuit Health Survey and the Nanuvut children’s health survey were conducted during 2007 and 2008 to
provide Inuit-specific baseline health information. The adult health survey randomly sampled households
from 36 communities in Nunavut, Nunatsiavut and the Inuvialuit Settlement Region (15-17) and collected
information about family health history, access to food, cost of living, social and demographic data and
individual level medical data such as blood lipids, blood pressure and body size. The combined Inuit Health
surveys contain high-quality data representative of the Inuit population in the North and are a useful

benchmark against which to assess Inuit health in the future.

The difficulty of providing high quality, representative health data affects both official statistics and academic
studies. Health Canada, in their publication A Statistical Profile on the Health of First Nations in Canada

included data only from the Atlantic and Western regions, and reported that data from Ontario were



unavailable and the data from Quebec were of poor quality and not presented (18). The Study of Health
Assessment and Risk Evaluation in Aboriginal Peoples (SHARE-AP) was conducted to investigate the rates
of CVD and atherosclerosis and their risk factors among the Indigenous population in Canada (5). However,
while those of European descent were sampled from three urban areas (Hamilton, Toronto, Edmonton) all

the Indigenous participants lived on a single First Nations reserve, limiting generalisability.

Without representative health data it is impossible to track Indigenous health and therefore, efforts to
reduce health inequities. Hopefully change is imminent, un July, 2019 the Health Minister, Ginette Petitpas
Taylor announced funding of over $100 million for the Network Environments for Indigenous Health Research
Program (19). This fiscal infusion should improve the quality and quantity of health data for Indigenous

communities.

2.1.2 Defining Indigeneity

The Indigenous people living in Canada are ethnically, culturally, geographically and linguistically diverse.
The original habitants of Turtle Island (North America) are divided into three groups by the Canadian
Constitution: First Nations, Inuit and Métis peoples. The health of First Nations people on-reserve, and
the Inuit is the responsibility of the First Nations and Inuit Health Branch (FNIHB) (who also provide
some off-reserve services). Historically, membership in the Indian Registry defined whether a person was
recognised as Aboriginal, but this leaves out individuals who are ineligible under the Indian Act, which until
15 August, 2019 contained a number of conditions which limited eligibility of people whose fathers were
not registered Indians (20). Self-identification is the best means of determining who is Indigenous, but this
also complicates the collection of health data. According to work by Rotondi et al. (21), the 2011 Canadian
Census substantially underestimated the size of the Indigenous community in Toronto; a conservative estimate
suggested that the census value was one third of the actual population size. Without a sampling framework
for this target population, surveying a random sample is not possible. To address these shortcomings, the Our
Health Counts (OHC) studies were designed to establish baseline health information for the urban Indigenous
population in Ontario. This series of studies use respondent driven sampling to obtain representative samples

of self-indentified urban Indigenous populations.

2.1.3 A New Way to Measure Urban Indigenous Health: Our Health Counts

The Our Health Counts (OHC) project began in 2008 with a goal to improve the available data for urban

Indigenous people living in Ontario (14). Since the first study in Ottawa, OHC has expanded to Hamilton,



Toronto, London, Kenora and Thunder Bay. Investigators at St. Michael’s Hospital, led by Dr. Janet Smylie
have partnered with Indigenous community leaders and stakeholders in each city to produce accessible and
culturally relevant health databases that are community owned and controlled. The OHC studies share
a common recruitment method: respondent driven sampling. Using RDS allowed researchers to recruit
self-identified Indigenous people living in urban areas who, though recognized by their community, are
under-served by other Indigenous health survey programs such as the RHS and CCHS, which relies on Indian

status and reserve residency (10).

2.2 Overview of Respondent Driven Sampling

Respondent-driven sampling (RDS) was developed by Heckathorn (22) as an improvement on snowball-type
sampling for measuring disease prevalence in what he termed ‘hidden’ populations, i.e. those that are difficult
to reach due to the lack of a sampling frame. Groups commonly studied using RDS include men who have
sex with men, sex workers and people who inject drugs. The intricacies of RDS are well-described elsewhere
(22-25) so a brief outline is provided here. Researchers recruit an initial group of well-connected individuals
called ‘seeds’. Each seed is tasked with recruiting members from their personal network who are also members
of the target population. These recruited participants then become recruiters themselves and sampling
continues until a pre-specified condition is met. The stopping criteria is often the attainment of a pre-specified
target sample size, but sometimes is defined as achieving stable prevalence estimates (26). Figure 2.1 is an
example of a small-study recruitment diagram, with seeds shown in red. The main difference between RDS
sampling and snowball sampling is the ability to restrict recruitment from each participant through the use
of coupons, so that no one member of the population unduly influences the sample. Every participant is
incentivized to participate by receiving payment both for participation and for recruiting others into the
study. Recruitment is tracked using coupons so that participants can be traced back along the recruitment
chains and each participant is asked about the size of their personal network with respect to the population
of interest. For example, the OHC Toronto study used the question “Approximately how many Aboriginal
people do you know (ie, by name and that know you by name) who currently live, work or use health and
social services in Toronto?”. The resulting RDS data differs in two important aspects from a simple random
sample. First, sampling is not random, as some participants are more likely to be selected than others; this
likelihood is a function of how well-connected they are. Second, the observations are not independent; the

data are naturally clustered within recruiters and seeds.
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Figure 2.1: Small RDS sample with recruitment from five seeds, shown in red. Node represent participants

and lines represent recruitment relationships.
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Figure 2.2: Network degree in a small population. The node colour corresponds to network degree: blue

indicates fewer connections and lower degree, red indicates many connections and high degree.



2.2.1 Statistical Aspects of RDS Data

2.2.1.1 Non-random sampling

Non-random sampling arises in RDS data because individuals with more connections are more likely to be
recruited into the sample. Figure 2.2 shows connections among a hypothetical population of 10 people. When
calculating disease prevalence from RDS data it is necessary to reduce the weighting of those with the most

connections (like participant J in Figure 2.2), to compensate for their increased likelihood of being sampled.

2.2.1.2 Clustering

Clustering of participants is relevant to regression analysis, because it violates the assumption of independence.
Respondent-driven sampling produces branched recruitment chains, with participants nested in recruiters
that are in turn nested within their recruiters. When controlling for dependence among observations during
the analysis the choice of the appropriate clustering unit is unclear. When all participants descended from
the same seed are considered a cluster, it ignores the possibility of sub-clusters; that some recruiters (seeds as
well as later participants) may preferentially recruit others like them while others do not. At the other end of
the spectrum, treating only recruits from the same immediate recruiter as correlated ignores the possibility

that participant similarities may continue for several waves in a recruitment chain.

2.2.1.3 Homophily

Homophily within a population refers to the extent to which people have connections with ‘like’ people. For
instance, in the case of measuring HIV prevalence, homophily refers to how links between individuals is related
to HIV status. Homophily has been defined in various ways in the literature (27). For the purposes of this
study we define homophily as the increased likelihood of within-group connections in the target population. A
homophily of 1 indicates that connections are independent of group status, whereas homophily of 2 indicates
that individuals are twice as likely to be connected to another member of their group as to an individual

outside their group.

More formally: Hz = 27(1 — )R — 1, where R = 1 and T}; are the number of within-group
]

links, T;; are the number of between-group links 7 is the disease prevalence in the population.



2.2.1.4 Relative Activity

Related to the concept of homophily is relative activity; the ratio of the mean number of connections for one
group relative to another. In the study of communicable disease among hidden populations it is reasonable
to assume that the members of the population with a disease are more highly connected than those without

the disease.

2.2.2 Analysis of RDS Data

Heckathorn showed that, if the recruitment chains are long enough, under certain reasonable assumptions,
the RDS data can be analysed in such a way as to produce asymptotically unbiased population estimates
of disease prevalence (25). However, as this sampling technique has become more popular, researchers are
no longer just measuring prevalence, but also using regression analysis to look at factors associated with

outcomes of interest.

Although regression analysis of RDS data is frequently undertaken, the best method for accommodating
correlation between participants (clustering) and the non-random sampling of recruits remains unknown.
Carballo-Diéguez et al. noted in 2011 that “the pace of development of statistical analysis methods for
RDS-collected data has been slower than the explosion of implementation of RDS as a recruitment tool”
(28). McCreesh et al. cautioned that in estimates of prevalence, RDS-adjusted techniques often produced
confidence intervals that excluded the population value (29); Baraff et al. also observed too-narrow confidence
intervals (30). Several authors have recently observed that regression techniques in particular for RDS
samples are not well established (31-33). Yet, there is an urgent need for guidance on the best regression
techniques for RDS data. A search of PubMed for the terms ‘respondent driven sampling’ and ‘regression’
over the years 1997 to 2017 indicated that the first RDS paper to use regression techniques was published
in 2004, with 2008 having 12 papers with numbers steadily increasing to 59 papers by 2017. While many
authors do not specifically address the difficulties in performing regression on RDS data, some acknowledge
the limitations and perform unadjusted analysis (31,32). Several authors used weighted regression (33-37),
which assumes that network size is accurately reported. Weighted regression without further adjustment also
assumes independence between participants. One study reported efforts to mitigate the influence of extreme
responders to the network question by re-assigning extreme values to ones more aligned with the sample
(38). Fewer authors have attempted to control for clustering; Lima et al. attempted to control for homophily
(related to clustering) by incorporating the outcome value of the recruiter as an independent variable (40)

and Schwartz used robust Poisson regression ‘accounting for clustering’ of participants within the same seed



(32). Only one study was found that reported using both weighted regression and controlled for clustering;
those authors used weighted regression and modelled dependence among observations with two methods and

found similar results with both (41).

2.2.3 A Review of RDS Prevalence Estimators

For our discussion of RDS prevalence estimators we consider a simple population in which members belong to
two groups, A and B. We are intestested in 74, the propotion of the population belonging to group A, which

we estimate with 4. This estimate relies on various statistics from the sample, which we summarise here.

na The number of participants in group A

ng The number of participants in group B

N The total number of participants (N =na + np)
d; Reported network degree of the it" participant

Ca,p  The proportion of individuals in group B recruited by members of group A
Cp,a The proportion of individuals in group A recruited by members of group B

Tap  The number of ties between a person in group A and a person in group B

da The average degree of people in group A, ds = > ]fl,—A
i€A
dp The average degree of people in group B dg = > ]ii,lA

ieB

2.2.3.1 The observed sample proportion (Naive Estimator)

The simplest estimate of the population prevalence is the sample proportion.

~ na
Tnaive = N

2.2.3.2 The Salganik-Heckathorn Estimator (RDS-I), 2004

The original RDS-specific estimator is now referred to as the RDS-I or, alternately the SH (Salganik-
Heckathorn) estimator and was first proposed by Salganik and Heckathorn in 2004 (42). This estimator was
unique in that it used the sample data to make an estimate about the underlying social network, and then
estimated population prevalence from the model of the social network. The novel step of indirectly estimating
population prevalence by modelling a social network is why RDS became known as both a sampling process

and an analytic technique. Specifically, the RDS-I esimator makes use about the number of cross-group
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recruitments (where a member of group A recruited a member of group B or vice versa). This estimator

assumes that sampling is random from a partcipant’s network ties, and that all ties are reciprocated.

dgCr,a Cp s = T Cup = Tap
daCap+dsCpa Dieadi’ >icp di

TRDS—1 =

2.2.3.3 The Volz-Heckathorn Estimator (RDS-II), 2008

Volz and Heckathorn (43) recognised that probability of being selected into the study was proportional to the
reported degree, and that the inverse of the reported degree could therefore be used as a sampling weight.

They proposed the following Horvitz Thompson ["1] estimator:

I(y;=1
TRDS—II = Li ygli )
-1 = 1
2id
[*1]: The Horvitz Thompson estimator is an estimator which weights a statistic to account for differences in

probability of selection across the experimental units.

2.2.3.4 The Gile Successive Sampling Estimator (SS), 2011

Gile (44) made a minor modification to the RDS-II estimator, by assuming that recruitment occured over a
configuration graph, which is a type of model for network connections. If the sample is a small fraction of
the population (so that n << N), then the sampling weights are identical to that of the RDS-II estimator.
Otherwise, the weights can be estimated numerically, under the assumption that the sampling is proportional
to degree without replacement. This computation of the weights requires knowledge of the total population
size, N, which is a limitation of this estimator. In contrast, the RDS-II estimator uses probability proportional

to degree with replacement and so is independent of N. The SS estimator is computed as:

A 27, (ywi )

TSss = EL
T w;

2.2.3.5 The Homophily Configuration Graph Estimator (HCG), 2019

Fellows (45) extended the configuration graph used by Giles to allow for homophily, the tendency of people
with similar characteristics to connect to each other. Like the SS estimator, the HCG estimator requires prior

knowledge of N. In the case of n << N, the HCG estimator reduces to the RDS-I esimator, with the only
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difference being that the HCG does not use seeds to estimate prevalence. However, in practice the estimator
is iteratively computed, with an intial estimate equal to the RDS-I estimator and weights computed as for
the SS estimator. The RDS-I estimator is then re-computed with the new weights and the process continues

until convergence is reached.

2.3 Summary

There is a need to provide the Indigenous community and policy makers with better health data than is
currently available. Random samples offer the best data in terms of generalisability, but require a sampling
frame, which does not exist for the urban Indigeous community. Respondent driven sampling has been used in
this population, but the analyses of these data are complicated by the sampling strategy. In particular, RDS

data are non-random, and are susceptible to clustering along the recruitment chains caused by homophily.
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Chapter 3

Regression Methods for Respondent

Driven Sampling

3.1 Abstract

Objective: It is unclear whether weighted or unweighted regression is preferred in the analysis of data
derived from respondent driven sampling. Our objective was to evaluate the validity of various regression
models, with and without weights and with various controls for clustering in the estimation of the risk of

group membership from data collected using respondent-driven sampling (RDS).

Methods: Twelve networked populations, with varying levels of homophily and prevalence, based on a
known distribution of a continuous predictor were simulated using 1000 RDS samples from each population.
Weighted and unweighted binomial and Poisson generalised linear models, with and without various clustering
controls and standard error adjustments were modelled for each sample and evaluated with respect to validity,

bias and coverage rate. Population prevalence was also estimated.

Results: In the regression analysis, the unweighted log-link (Poisson) models maintained the nominal type I
error rate across all populations. Bias was substantial and type I error rates unacceptably high for weighted
binomial regression. Coverage rates for the estimation of prevalence were highest using RDS-weighted logistic

regression, except at low prevalence (10%) where unweighted models are recommended.
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Conclusion: Caution is warranted when undertaking regression analysis of RDS data. Even when reported
degree is accurate, low reported degree can unduly influence regression estimates. Unweighted Poisson

regression is therefore recommended.

3.2 Introduction

Respondent-driven sampling (RDS) was developed by Heckathorn (22) as an improvement on snowball-type
sampling for measuring disease prevalence in ‘hidden’ populations, that is, those that are difficult to reach
because they lack a sampling frame. Groups commonly studied with RDS include men who have sex with
men, sex workers and drug users (34,46,47). The intricacies of RDS are described elsewhere (22-25) so we
provide only a brief outline here. Researchers recruit an initial group from the target population, called
‘seeds’. Each seed is tasked with recruiting members from their personal network who are also members of
the target population; these recruited participants then become recruiters themselves and sampling continues
until a pre-specified condition is met, typically when the target sample size is reached. Usually, participants
are incentivized to participant in the recruitment chains by receiving payment both for participating and for
recruiting others into the study. Recruitment is tracked using coupons so that participants can be traced
along the recruitment chains. Participants are also asked about the size of their personal networks with
respect to the population of interest. For example, in a study of HIV prevalence among injection drug users
in a city, participants may be asked: “How many other people who inject drugs in [city] do you spend time
with?”. The resulting RDS data differs in two important aspects from data obtained through simple random
samples. Firstly, sampling is not random, some participants are more likely to be selected than others and
this likelihood is a function of how well-connected they are. Secondly, the observations are not independent

as the data may be clustered within recruiters or seeds.

Clustering occurs if there is homophily in the population; if people are more likely to be connected to
others with a shared trait. Clustering can refer to network communities as outlied by Rocha et al. (48);
however, in this work, we consider clustering within a single community and therefore driven by homophily.
Heckathorn showed that, if the recruitment chains are long enough, under certain (reasonable) assumptions
the RDS-derived data can be analysed in such a way as to produce asymptotically unbiased population
estimates of disease prevalence (25). The utility of RDS-specific prevalence estimates has been studied using
simulation by Spiller et al. (49) and Baraff, McCormick and Raftery (30) who examined the variability of
RDS prevalence estimates and recommended RDS-specific techniques instead of naive sample prevalence

estimates. However, McCreesh et al. (29) cautioned that in estimates of prevalence, RDS-adjusted techniques
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often produced confidence intervals that excluded the population value. Until recently, the focus of most
studies using RDS has been to quantify disease prevalence, but as RDS becomes more popular, regression

analyses of these data are also becoming common.

Although regression analysis of RDS data is frequently undertaken, the best method for accommodating
correlation between participants (clustering) and the non-random sampling of recruits remains unknown.
Carballo-Diéguez et al. (28) noted in 2011 that “the pace of development of statistical analysis methods for
RDS-collected data has been slower than the explosion of implementation of RDS as a recruitment tool”.
Several authors have recently observed that regression techniques in particular for RDS samples are not
well established (31-33). Yet their use continues to increase; a search of PubMed for the terms ‘respondent
driven sampling’ and ‘regression’ over the years 1997 to 2017 indicated that the first RDS paper to use
regression techniques was published in 2004, by 2017 there were 59 papers. While many authors do not
specifically address the difficulties in performing regression on RDS data some acknowledge the limitations
and perform unadjusted analysis (31,32). Several authors used weighted regression (33-35,37,50), which
assumes that network size is accurately reported and without further adjustment still assumes independence
between participants. Another strategy for accounting for unequal sampling probability was to include
weights as covariates (37,50). At least one study (38) mitigated the influence of extreme responders to the
network question with the ‘pull-in’ feature of the RDSAT software (39) which re-assigns extreme values
to one more aligned with the sample . Fewer authors have attempted to control for clustering; Lima et
al. attempted to control for homophily (related to clustering) by incorporating the outcome value of the
recruiter as an independent variable (40) and Schwartz et al. used robust Poisson regression ‘accounting for
clustering’ of participants within the same seed (32). We found only one study which used both weighted
regression and controlled for clustering; those authors used weighted regression and modelled dependence
among observations with two methods and found similar results with both (41). Treatment of clustering is
the thornier of the two statistical issues with RDS regression, because clusters, if they exist, may be difficult
to identify. The main clustering unit may be at the level of the seed, which would produce a few, large
clusters, or it may be approximated by an auto-regressive structure in which participants are dependent on
their immediate recruiter, but largely independent of those further up the recruitment chain. The covariance
structure proposed by Wilhelm (51) in which correlation decreases with successive waves may provide a useful
middle ground. Added to these conceptual questions are statistical concerns with clustered data. Hubbard at
al. (52) note that when generalised estimating equations (GEE) are used, estimates can be inaccurate if the

number of clusters is small, so treating initial seeds as clustering units can be problematic. Another study
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with mixed cluster sizes found that failure to adjust for clustering would have led to incorrect conclusions
(53). There are a multitude of methods available to account for both unequal sampling probabilities and
clustering, but little work has been undertaken to determine the most appropriate regression methods for use

with RDS data.

3.2.1 Motivating Example

The Our Health Counts (OHC) Hamilton study was a community-based participatory research project with
the aim of establishing a baseline health database for an urban Indigenous population living in Ontario.
Respondent-driven sampling was appropriate for this population because of the inter-connectedness of the
population and the lack of a suitable sampling frame. Based on census estimates, the population is comprised
of approximately 10,000 individuals, 500 of whom were sampled in the OHC study. Commonly reported
network sizes are 10, 20, 50 and 100, the median network size of 20, with mean 46.5. The top decile of
participants reported network sizes in excess of 100 people. The distribution of reported network size for the

OHC Hamilton study is illustrated in Figure A.1, Appendix A.

The objective of this simulation study was to evaluate the validity and accuracy of several regression models
for estimating the risk of a binary outcome from a continuous predictor from an RDS sample and specifically,

to assess performance with varying levels of outcome prevalence and homophily.

3.3 Methods

We conducted a simulation study in which networked populations were created, 1000 samples were draw
from these simulated populations using an algorithm to mimic responded driven sampling and the samples
were analysed to evaluate the performance of various regression models. The methods are explained in detail

below and a visual overview of the workflow is shown in Figure 3.1.

3.3.1 Data Simulation

3.3.1.1 Population Generation

Populations of 10,000 networked individuals were simulated. Each individual was assigned four traits: a
binary trait indicating group membership (G1: Y=1 or G2: Y=0) with probability of G1 = 7, a continuous
predictor (Xpredict) such that Xy eqic ~ N(2,1) for G1 and Xpregict ~ N(0,1) for G2, a second continuous

predictor, Xnyyrr ~ N(0,1) for all individuals (to evaluate the type I error rate) and a network degree,
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. 1 Simulate Populations

N=10,000

Y = 0,1 with prevalence varied at 10%, 30%, 50%
draw Xnui from N(0,1)

draw Xpredictive from N(0,1) if Y=0 or N(2,1) if Y=1
network vertices to satisfy homophily specification

2 Draw RDS Samples
From each of 12 populations, draw 1000 RDS samples
e Start with 10 seeds
« Give 3 coupons to each seed
e Recruit into study with probability 50%
« Continue until sample size of n=500 is reached

3 levels of prevalence
(10%, 30%, 50%)
crossed with
:> 4 levels of homophily

(1.01.1,1.25, 1.5)

12 Networked Populations

12 Networked populations
1000 RDS samples each

:> 12,000 samples of n=500

L

3 Data Analysis

From Populations: Calculate the OR and RR of Y based on both Xnui and Xpredictive

Population parameters: ORnui, ORpredictive, RRnul, RRpredictive

From Each RDS Sample:

1. Type-| Error: Evaluate each model specified in Table 2 using Xnui as the

predictor.

For example, for model 1 fit: gim(Y ~ Xau, family = ‘binomial’)
For each population, sum the number of RDS samples for which Xqu was a
significant predictor of Y to determine the type-I| error rate.

2. Risk Predictor Coverage Rate: Evaluate each model specified in Table 2

using Xpredictive 8s the predictor.

For example, for model 1: fit gim(Y ~ Xprediciive, family = ‘binomial’)

For each population, sum the number of RDS samples for which the
population risk (OR for binomial models, RR for Poisson models) fell within
the 95% confidence interval of the sample risk to determine the coverage

rate

3. Bias: For each population, using the models fit in step 2, determine the
mean (and median) risk across samples and calculate
bias = (mean sample risk — population risk)/population risk

Figure 3.1: Illustration of study workflow.
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d;, specifying the number of connections with other members of the population. The proportion of the
population in G1 (7), known as the outcome prevalence henceforth, was varied at 10%, 30% and 50%; this
would normally refer to disease prevalence in RDS studies. Relative activity (w), the ratio of the average
reported network size in G2 relative to G1, was fixed at 1 for all populations. Population homophily (Hx),

the proportion of within group to between group links in the population, was defined as follows:

Tii
Hx =27(1- w)(T— +1)
ij

where Tj; and Tj; are the number of within group and between group ties, respectively. Homophily was varied
at 1.0, 1.1, 1.25 and 1.5. Each level of homophily was crossed with each level of population prevalence to
produce 12 simulated networked populations consistent with the range of outcomes and homophily levels

that were observed in the OHC Hamilton study.

Network degree was drawn from the distributions shown in Figure A.2, Appendix A, which is comprised of
a series of binomial distributions designed to mimic the modes reported in the OHC Hamilton study. The
generating distribution for this simulation study had similar properties to the OHC Hamilton sample, with
overall median degree 20 and mean degree 47.5. However, the OHC data did exhibit some ‘heaping’, i.e.,
rounding of degrees to multiples of 5, 10 or 100, which did not occur in the simulated samples due to the

exact knowledge of degrees from the populations.

3.3.1.1.1 Secondary Populations As a secondary analysis to determine if a correlation between network
degree and outcome affected the results we simulated eight additional populations. Outcome prevalence was
fixed at 10%, homophily was varied at 1.25 and 1.5. Four different levels of outcome-degree correlation were

modelled:
1. Extreme positive correlation, where the members of G1 were assigned the highest network degrees.

2. Moderate positive correlation, where, beginning with the top decile of network size 50% more individual
were assigned to G1 than would be expected, and this process was repeated with successive deciles until

10% of the population had been assigned to G1.
3. Moderate negative correlation, as with #2 but assignment to G1 began with the lowest degree decile.

4. Extreme negative correlation, as with #1, but assignment to G1 was allocated to subjects with the

lowest network degree.
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3.3.1.2 RDS Sampling

Figure 3.2: Simulated RDS Sample from a population with homophily of 1.5 and population prevalence of

10%. Red dots indicate the seeds and blue dots are members of Group 1.

From each population, 1000 RDS samples were drawn as follows. Ten seeds were randomly drawn. Non-
response was set to 50% in each group, to mimic real world conditions and to extend the recruitment chains.
Non-response refers to a potential recruitment that does not eventuate. Three coupons were ‘given’ to each
respondent and sampling continued, wave by wave, until the desired sample size of 500 was reached. Although
sampling with replacement is an assumption of the random-walk model on which RDS methods are based
(23) repeat recruitment was not allowed in this study, as is the case in real-world applications. Figure 3.2 is a
graph of a single RDS sample from a population with 7=10% and Hx=1.5; members of G1 are shown as blue

dots, seeds are shown as red dots.

Data simulation was performed by modifying the RDS Release (51) code in the R statistical language (54); the

networked populations and samples are available at https://github.com/la189/simulate-networked-population.
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3.3.2 Data Analysis

3.3.2.1 Population parameters

Odds ratio and relative risk of membership in G1, for each unit increase in the random variable (Xpredict),
were calculated for each population using generalised linear models with logistic (Binomial) and log (Poisson)
links respectively. For calculation of the population parameters there is no need to adjust for clustering
or unequal sampling probability so unadjusted analyses were performed using the glm function in R (54).
To ensure that the RDS sampling did indeed sample participants proportional to their network degree we
counted the number of RDS samples each participant appeared in (their sampling frequency) and looked at

the correlation between sampling frequency network degree across all populations.

3.3.2.2 Model Fitting

Three main approaches were used to model the simulated sample data. Binary logistic regression models
(GLM), in which the log-odds of belong in G1 (vs G2) is modelled as a linear function of the continuous
predictor (X), were fit using both the surveylogistic function in SAS (55) and the glm function in R (54).
generalised linear mixed models (GLMM) are an extension of GLM in which correlation in the sample, caused
by clustering within seeds and recruiters can be modelled with random effects. These models were fit using
the glimmix procedure in SAS and the glmer (56) and glmmPQL (57) functions in R. Finally, generalised
estimating equations (GEE) were modelled, using the geeglm function in R (58) and the glimmix function in
SAS. These models are often referred to as population-average models because the fixed-effects estimates
represent population average across all values of the random effects, which are not separately estimated, but
described by an estimated covariance matrix. To compensate for mis-specification of the covariance structure,
GEE estimates can be corrected with variance adjustments. A more thorough explanation of these different

models is provided by Rao et al. (53).

In addition to logistic regression, a subset of models was also fit using Poisson regression with log link. In
the interest of parsimony, not every possible model combination was explored, but instead we focused on
models reported in the literature and models we thought may be useful; thus a total of 31 models were
tested. A complete summary of each of the models is included in the results. Unless otherwise specified,
program defaults were used; ie glimmix procedures used the default pseudo-likelihood residual based ‘RSPL’
method. Seeds were excluded from the analyses. Every model was evaluated twice for each sample, once

using Xnyrr to evaluate validity and once using Xpreqict to evaluate the coverage rate for the predictive
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continuous variable. An explanation of model specifications follows.

3.3.2.2.1 Weighting Unequal sampling probability is one of the main differences between RDS samples
and simple random samples. In this simulation study we had the advantage of knowing precisely the degree
to which each participant was connected to others in the population. Standard weighted regression was
undertaken using the Volz-Heckathorn (RDS-II) weights (43) from the RDS package (59). These are inverse
probability weights, based on the reported network degree (assumed to be a proxy for the sampling probability)
and defined as:

1
7 N
d; Zi:l d%,

w; =

where d; is the reported network size.

3.3.2.2.2 Clustering In RDS data participants are clustered within their immediate recruiter and within
the recruitment chains, defined by the original seeds. Several different approaches were used to account
for this clustering. For GLM models, the outcome status of each participant’s recruiter was included as a
model covariate, as per Lima et al. (40) (models 3-4, 26-27). For the surveylogistic models fit in SAS (models
9,10) the strata and class commands were used to define observations within recruiters within seeds. Several
methods were used for the GLMM models: the glmer function was used to model unstructured covariance
within seeds (models 11-12, 28-29), glimmix was used to model first-order auto regressive correlation along
recruitment chains (models 13) and immediate recruiters as the clustering unit, with exchangeable correlation
structure (model 14), glmmPQL in the glmm package (60) was used to model a declining correlation structure
as described in Beckett et al. (41), in which the correlation decreases with increased distance along the
recruitment trees (model 15). Finally, in the GEE models, geeglm from the geepack package (58) was used
to fit an independent working covariance structure within recruiters (models 16-17, 30-31), and glimmix
was used to fit auto-regression correlation along recruitment lines (model 18) and exchangeable working
correlation structures within recruiter (models 19-23). In models with no clustering unit specified in Table

3.2 the clustering within recruitment chains was ignored (models 1-2,5-8,24-25).

3.3.2.2.3 Variance Adjustments To reduce the impact of a mis-specified covariance structure, various
adjustments, known as bias-corrected sandwich estimators were used. The classical robust sandwich estimator,
FIRORES, FIROEEQ and the Morel, Bokossa and Neerchal (MBN) were all tested; these estimators are
described in detail elsewhere (53,61,62). The variance adjustments applied to each model are detailed in

Table 3.2, most models were unadjusted.
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3.3.2.3 Evaluating Fitted Models

Observed type I error rate, parameter coverage rate and relative bias were assessed for each model. Parameter
coverage rate was defined as the proportion of simulations in which the 95% confidence interval of the risk
parameter contained the true population value. This approach was used in preference to a calculation of
power to better evaluate the ability of the regression models to discriminate between distinct groups in a
confidence interval-based framework. Type I error was assessed using the models in which the independent
variable was Xy pr, and coverage rate was assessed with an independent variable of X,,cqict. To compare
models estimating odds ratios with those estimating relative risk, the relative bias of the risk estimates was

%@_0, where 0 was the estimated odds ratio for logit link models and the

considered, defined as bias =
estimated relative risk for log link models. Relative bias was calculated with respect to both the mean of 0
and the median of 8. The type I error rate was calculated by fitting each model a second time, replacing the
continuous predictor X with the second predictor, Xy, and calculating the proportion of simulations with
a p-value < 0.05. Overall error, coverage rate and bias were calculated across all 12 simulated populations. To
evaluate the predictive ability of the models, model accuracy was calculated for those models with observed
error rate < 0.05 and observed coverage rate > 0.95. Accuracy was defined as the proportion of subjects

whose disease status was accurately predicted, specifically:

N
1
Accuracy = N Zf(pi >0.5and g;=1)+1(p; < 0.5 and g; = 0)

i=1
Because some models required knowledge of the outcome status of a participant’s recruiter (models 3,4,26,27)

and this information is not available for seeds, seeds were not included in the regression analysis.

For the secondary analysis investigating the correlation between network degree and outcome, the type I error
rate was focused on four models: unweighted binomial and poisson generalised linear models and weighted

binomial and poisson generalised linear models (models 1,2,24,25 from Table 3.2).

3.3.2.4 Outcome Prevalence

To confirm that RDS-II weights were the appropriate observation weights, outcome prevalence was calculated
for each sample, within each population. Using R and the RDS package (59) the naive, RDS-I, RDS-II
prevalence estimates were calculated. In SAS (55) the surveylogistic procedure was used to calculate the

unweighted and observation-weighted prevalence, with and without the Morel standard error adjustment.

22



Table 3.1: Population and mean sample characteristics for each simulated population.

Population Characteristics Mean Sample Characteristics
Homophily Odds Ratio Relative Risk mean mean mean
degree number recruits

of waves  per seed

Prevalence = 10%

1.0 7.6 2.9 444 8.4 57.5
1.1 7.6 2.9 43.5 8.3 57.2
1.2 7.2 2.8 44.2 8.4 57.0
1.5 6.9 2.8 43.7 8.3 56.9

Prevalence = 30%

1.0 7.5 2.1 43.8 8.1 55.9
1.1 7.6 2.1 43.4 8.1 55.6
1.2 7.5 2.1 44.4 8.2 55.9
1.5 7.6 2.1 44.2 8.2 56.3

Prevalence = 50%

1.0 7.5 1.7 43.6 8.2 55.6
1.1 7.5 1.7 43.5 8.1 55.6
1.2 7.5 1.7 44.2 8.2 55.3
1.5 7.5 1.7 44.0 8.2 55.9

3.4 Results

3.4.1 Population Parameters

Table 3.1 describes the 12 simulated populations. All populations have similar network and random variable
characteristics, and are in line with target values. Mean network degree, number of waves, and number
of recruits per seed are consistent across populations. In these populations, with relatively high outcome

proportion, the odds ratio is a poor estimate of the relative risk.
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3.4.2 Regression Model Performance

Model performance assessed across all populations is presented in Table 3.2. Results for individual populations

are presented in Appendix A.

3.4.2.1 Type I Error Rate

Of the 31 models tested, 14 had consistently inflated error rates (>0.05) across every populations: all 12
weighted regression models as well as the two GEE models fit with independent working correlation structure
using the geeglm function (models 16,30). Of the 17 remaining models, type I error was generally close to
the nominal rate of 0.05, but notably lower for the Poisson GLM models, which were the only models with
observed error rate < 0.05 for each and every population. Error rate was often inflated for the population
with outcome prevalence of 50% and the largest degree of homophily for binomial models, but not for Poisson
models which recorded lower than expected error rates in this population. The observed type I error rate

across 1000 RDS samples for each simulated population is included in Table A.1 (Appendix A).

3.4.2.2 Risk Parameter Coverage Rates

Risk parameter coverage rates were calculated as the proportion of samples in which the 95% confidence
interval of the risk estimate (the unit increase in risk attributable to Xpreqict) included the true population
parameter. Models using regression weights had poor coverage. The GLMM model fit with the declining
correlation structure suggested by Beckett et al. (41) exhibited low parameter coverage rate, despite an
acceptable error rate, due to underestimation of the parameter variance. This was also the only model for
which there were any problems with convergence; 1-13% of the simulated RDS samples did not result in
sensible standard errors (reported as either infinite or zero). In general, the GEE models had slightly lower
than expected coverage rates (models 16-23,30,21). However, the FIRORES and FIROEEQ adjustments
to the standard error resulted in coverage rates in the expected range. Table A.2 in Appendix A reports

coverage rates across 1000 RDS samples for each simulated population.

3.4.2.3 Bias

Tables A.3 and A.4 in Appendix A describe the relative bias of the risk estimates for each model. Bias with
respect to the median was substantially lower than with respect to the mean, indicating that some samples
had very large risk estimates. The Poisson regression models had similar bias whether respect to the mean or

the median and were of larger magnitude than the corresponding Binomial model.

24



Table 3.2: Summary of regression model performance across all

populations.

Model Weight Clusters ¥  SE Adj. Error Coverage Bias (mean %) Bias (median %) Accuracy (%)
Logistic Regression
Generalised Linear Models
glm (R)
1 - 0.044 0.954 2.07 -1.63 88.1
2  RDS-II 0.552  0.442 20.89 8.51
3 - R-y 0.044 0.955 3.35 -0.48 88.6
4 RDS-II R-y 0.549 0.443 25.56 11.57
surveylogistic (SAS)
5 - 0.048 0.952 2.07 -1.63 88.1
6 RDS-II 0.069 0.903 20.88 8.51
7T - Morel 0.047 0.953 2.07 -1.63 88.1
8 RDS-II Morel 0.068 0.904 20.88 8.51
9 RDS-II RwS 0.071  0.903 20.88 8.51
10 RDS-II RwS Morel 0.069  0.904 20.88 8.51
Generalised Linear Mixed Models
glmer (R)
1 - S U 0.046  0.954 3.48 -0.46 88.1
12 RDS-II S U 0.547  0.402 44.55 26.73

glmmix (SAS)
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Table 3.2: Summary of regression model performance across all

populations. (continued)

Model Weight Clusters ¥  SE Adj. Error Coverage Bias (mean %) Bias (median %) Accuracy (%)
13 - S AR 0.043 0.955 3.45 -0.34 88.1
14 - R CS 0.038 0.957 2.40 -1.19 88.1
glmmPQL (R)
15 - S DC 0.043 0.865 -0.86 -6.34
Generalised Estimating Equations
geeglm (R)
16 - R I Classical 0.128 0.952 2.07 -1.63
17 RDS-II R I Classical 0.156  0.902 20.89 8.51
glmmix (SAS)
18 - S AR 0.044 0.939 1.85 -1.69
19 - R CS 0.042 0.937 2.52 -1.75
20 - R CS  Classical 0.047  0.948 2.52 -1.75
21 - R CS FIRORES 0.046 0.950 2.52 -1.75 88.1
22 - R CS FIROEEQ 0.047 0.951 2.52 -1.75 88.1
23 - R CS MBN 0.047  0.950 2.52 -1.75
Poission Regression
Generalised Linear Models
glm (R)
24 - 0.020 0.962 4.81 4.15 86.0
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Table 3.2: Summary of regression model performance across all

populations. (continued)

Model Weight Clusters ¥  SE Adj. Error Coverage Bias (mean %) Bias (median %) Accuracy (%)
25 RDS-II 0.486 0.457 9.48 8.23
26 - R-y 0.019 0.964 3.06 2.44 86.3
27 RDS-II R-y 0.467 0.493 7.74 6.46

Generalised Linear Mixed Models

glmer (R)
28 - S U 0.022  0.963 4.92 4.27 86.0
29 RDS-II S U 0.466 0.431 11.71 10.42

Generalised Estimating Equations

geeglm (R)
30 - R I Classical 0.131 0.859 4.81 4.15
31 RDS-II R I Classical 0.166 0.781 9.48 8.23

Clusters: R-y = recruiter outcome as covariate, S = seeds, R = recruiter, RwS = recruiter within seed ¥ (covariance

structure): AR = AR(1), CS= compound symmetry, DC = declining correlation, I = independent, U = unstructured
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3.4.2.4 Accuracy

Predictive accuracy was largely independent of the level of population homophily, but decreased with increased
outcome prevalence. The unweighted binomial model with participants’ recruiter’s outcome variable included
as a model predictor had the best accuracy, closely followed by the regular unweighted binomial model.
Accuracy of the Poisson regression models decreased more quickly than that of the Binomial models for
increased outcome prevalence, as shown in Figure 3.3. Table A.5 in Appendix A details the accuracy across

all populations.

90 4
> Family
® -
S — Binomial
3
< ---- Poisson
85 -

0.1 0.2 0.3 0.4 0.5
Outcome Prevalence

Figure 3.3: Prediction accuracy of the unweighted Binomial (model 1) and Poisson (model 24) for the

populations with homophily of 1.

3.4.3 Disease Prevalence

Table 3.3 reports the mean and standard deviation of the observed sample prevalence estimates across
populations, along with the coverage rate for the naive, RDS-IT and surveylogistic procedure. All estimators
tended to underestimate the true prevalence, with similar mean prevalence estimates across estimators. None
of the estimators had coverage at the nominal rate. The best coverage was achieved using the weighted
surveylogistic procedure, except at low prevalence (10%), where the unweighted procedure was superior. The
Morel adjustment to the estimation of variance produced results identical to the default degrees of freedom

adjustment used by SAS, to two decimal places and is not reported.
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Table 3.3: Outcome prevalence estimates using various estimators across populations.

Prevalence = 10%

Prevalence = 30%

Prevalence = 50%

Hx 1.0 Hx1.1 Hx Hx15 Hx10 Hx1.1 Hx Hx15 Hx10 Hx1.1 Hx Hx1.5
1.25 1.25 1.25

Mean Outcome Prevalence

naive 0.090 0.090 0.091 0.088 0.269 0.273 0.267 0.271 0.471 0.467 0.467 0.461

RDS-1 0.084 0.083 0.083 0.083 0.266 0.262 0.263 0.261 0.467 0.465 0.461 0.457

RDS-11 0.084 0.083 0.083 0.083 0.267 0.262 0.263 0.262 0.468 0.466 0.462 0.457
survey logistic models

unweighted 0.090 0.090 0.091 0.087 0.268 0.273 0.267 0.270 0.470 0.467 0.466 0.461

RDS-1I 0.084 0.083 0.083 0.083 0.265 0.261 0.261 0.259 0.466 0.462 0.459 0.454
Mean SD of outcome prevalence

naive 0.012 0.013 0.015 0.017 0.020 0.021 0.023 0.027 0.021 0.022 0.026 0.031

RDS-1 0.023 0.023 0.024 0.025 0.038 0.038 0.040 0.044 0.044 0.046 0.046 0.049

RDS-II 0.024 0.023 0.024 0.026 0.039 0.038 0.041 0.045 0.045 0.046 0.047 0.050
survey logistic models

unweighted 0.012 0.013 0.015 0.017 0.020 0.021 0.024 0.027 0.021 0.023 0.026 0.031

RDS-IT 0.022 0.022 0.023 0.026 0.038 0.037 0.040 0.043 0.043 0.045 0.047 0.049
Estimator coverage rates

naive 0.845 0.827 0.802 0.708 0.646 0.740 0.620 0.642 0.742 0.687 0.634 0.551

RDS-1 0.545 0.554 0.548 0.578 0.572 0.512 0.524 0.501 0.627 0.610 0.569 0.511

RDS-1I 0.772 0.776 0.766 0.749 0.799 0.761 0.744 0.723 0.839 0.831 0.791 0.741
survey logistic models

unweighted 0.916 0.900 0.875 0.784 0.657 0.745 0.611 0.645 0.747 0.684 0.644 0.544

RDS-11 0.828 0.819 0.799 0.769 0.89205 0.779 0.778 0.753 0.862 0.835 0.819 0.756

Hx = population homophily



Table 3.4: Type I error rate of unweighted and weighted regression models for populations with correlation

between outcome and network degree.

Population Outcome Unweighted Weighted Unweighted Weighted
Degree Binomial Binomial Poisson Poisson
Correlation

Mild Population Homophily

extreme negative -0.133 0.043 0.548 0.037 0.455
extreme positive 0.534 0.048 0.003 0.037 0.003
moderate negative -0.092 0.062 0.498 0.049 0.445
moderate positive 0.059 0.046 0.241 0.032 0.229

Moderate Population Homophily

extreme negative -0.132 0.037 0.529 0.029 0.412
extreme positive 0.534 0.054 0.006 0.043 0.006
moderate negative -0.093 0.037 0.459 0.025 0.418
moderate positive 0.060 0.024 0.186 0.020 0.175

3.4.4 Secondary analysis: Correlated Degree and outcome

Table 4 reports the type I error rate for the secondary populations. Type I error was affected by the correlation
between the outcome and network degree for weighted, but not unweighted analyses. In the populations with
extreme positive correlation, where those in G1 had the highest network degrees (and therefore the lowest
RDS-II weights) the observed error rate was <0.01, for the other populations the error rate for the weighted
regression is well in excess of the nominal rate of 0.05. Error rates for the unweighted analyses are similar to

those reported in the uncorrelated samples and near the nominal level.

3.5 Discussion

Using simulated data, with network degree modelled after RDS data collected from an urban Indigenous
population, a dichotomous outcome variable analogous to disease state, and normally distributed continuous
predictors we explored the error rate, coverage rate, bias and accuracy of various regression estimates. These
results indicate that weighted regression using RDS-IT weights can lead to inflated type I error, poor parameter

coverage and biased results. When the goal of research is to estimate risk associated with exposure, we prefer
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Poisson regression to standard logistic regression because it directly estimates relative risk and at higher levels
of outcome prevalence the odds ratio is a poor estimate of relative risk. Furthermore, the results show that

at low prevalence Poisson regression performs well in terms of observed error rate, coverage and accuracy.

Several studies have reported using weighted regression (WR) techniques, with RDS-II weights, to account
for the non-random nature of RDS samples (34,37,63-67). Results of this study indicated that weighted
regression, to account for non-random sampling probability should not be undertaken for RDS data without
careful consideration to the distribution of the weights used. The poor performance of weighted regression in
this study can be attributed to the increased variability of the weighted regression estimates, as illustrated in
Figure A.3, Appendix A. The weighted regression estimates are dependent on the reported network degree
and a participant reporting very few connections in the community weighs heavily in the analysis and can
act as a leverage point. The two most extreme simulated data sets from the population with prevalence of
10% and homophily of 1 are shown in Figure A.4, Appendix A. In this study, because population data were
simulated and therefore completely known, reported network degree was equal to the actual network degree
and participants were sampled based on their true degree of connectedness in the population. Despite perfect
knowledge of network size, the presence of participants within the samples who reported very low degree (and
hence had large weights) nevertheless unduly influenced the weighted regression estimates. That weighted
regression performed poorly in these controlled circumstances should serve as a caution to future researchers.
At the very least, unweighted estimates should always be reported. If weighted regression is performed care
must be taken to investigate the influence of those assigned large weights and to perform sensitivity analysis

on the degree information.

The secondary analysis investigated populations where the outcome and network degree were correlated and
largely replicated the findings of the primary investigation. When the outcome and degree are correlated,
weighted regression results in inflated type I error, except when those with the highest degree were in G1
(“diseased” group, outcome=1). In this situation the error rate was virtually zero because those in G1 have
the lowest RDS-II weights and so there are no leverage points that drive the high error rate in the other
populations. This too though is undesirable because those in G2 (“healthy group”, outcome=0) will tend
to be leverage points and may nullify true relationships when they form a large majority of the population.

Again, these findings suggest extreme caution using weighted regression with RDS samples.

Several techniques were examined for dealing with clustering: GLM and GEE with data correlated within

recruiter, seed or, both and with different covariance structures, as well as modelling the outcome value of the
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immediate recruiter as a model covariate. These results do not provide clear guidance on the best method of
handling dependence in the data. None of the methods were consistently poor across models and populations.
Including the outcome of a participant’s recruiter as a covariate may be a viable option; the results indicate
that the extra parameter did not reduce the coverage rate and accuracy was actually minimally improved. We
also note that in general, the impact of clustering on the variance of regression models is generally less than
in the estimation of variance means or prevalence itself. For example, in the context of cluster randomized
trials, Donner and Klar (68) discuss the decrease in variance in a regression model relative to a single mean
or proportion. Nonetheless more work is necessary to determine the utility of this approach in populations

where the relative activity depends on outcome group.

The performance of the unweighted GEE models was related to the working covariance structure and standard
error adjustment used. Models fit with a compound-symmetric working covariance structure and any of the
Classical, FIRORES, FIROEEQ or MBN adjustments to the standard error have acceptable overall error and
coverage rates (models 19-23). However, slightly inflated error rates were observed for the population with
prevalence of 50% and homophily of 1.5 and the population with prevalence 10% and no homophily. Coverage
rates were generally close to 95% for these models. When an auto regressive term was used within seeds
(models 27, 28), overall coverage dropped below 94%, this was also the case with a compound symmetric
structure and no adjustment to the standard error (models 29, 30). The independent correlation structure

(with no covariance between observations) performed poorly, with inflated type I errors.

The glimmix procedure in SAS was used to model GEE with compound symmetric working covariance
structures and various sandwich estimates (models 19-23). There were no appreciable differences in error
rates, coverage rates or relative bias among the various standard error adjustments for these models. As
shown in Table A.1 in Appendix A, the glimmix models have slightly lower coverage rates, and inflated error

rates for some populations, so we recommend simpler generalised linear models.

The accuracy of the models in terms of case prediction is higher for logistic regression than Poisson regression,
although as can be seen in Figure 3.3 the disparity is proportional to outcome prevalence. At lower prevalence
levels, the Poisson model variance approaches the variance of the Binomial distribution and so model

mis-specification decreases and accuracy increases.

Another method of simulating RDS data is through the use of exponential random graph models (ERGM).
Spiller et al. (49) in their recent simulation study investigating the variability of RDS prevalence estimators,

used ERGM to simulate multiple populations from distributions with specified homophily, prevalence, mean
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degree and relative activity. This approach creates networks that, when averaged over many simulations
have the desired network parameters, though in practice individual populations will vary. In contrast, this
approach randomly selected network degree from a specified distribution, and then randomly allocated
group membership and ties in such a way as to achieve precise levels of prevalence and homophily. For each
combination of desired network traits, a single population was created and multiple RDS samples were drawn,
thereby allowing only a single source of variability, the RDS sampling process. Given that the research
question of interest was how best to model data sampled using respondent-driven sampling from a networked
population, we feel that fixing the population constant is the appropriate strategy, but examining the impact

of the population simulation method is an area of future interest.

3.5.1 Prevalence

These findings are in line with other studies (30,49,69) that have found coverage rates substantially less than
95% in the estimation of prevalence from RDS samples. The results also support using RDS-II over RDS-I.
We found that the robust variance estimators of the surveylogistic procedure in SAS, using the RDS-II weights
performed well (Table 3.3). One interesting finding is that, similar to the regression results, the weighted
prevalence estimates are also susceptible to leverage points, but only at low prevalence (10%). When we
more closely examined samples with large disparities in the outcome prevalence estimates we found that the
disparity among estimators is caused entirely by individuals with low degree. The smallest reported network
size in these samples was 2, in line with degree reported in the OHC study and in this simulation study, a
reported degree of two is an accurate reflection of connectedness. The weights assigned to each participant
are related not only to the participant’s reported degree but the distribution of degrees across the sample.
If a sample contains a few reports of very large degree (as occurred in the OHC sample) then the weights
allocated to those with lower reported degree will have greater impact. We found that prevalence estimators
that incorporate weights are generally superior at moderate to high prevalence, but should be used with

caution in samples with low outcome prevalence.

The appropriate use of weights in regression analysis is an area of active discussion. The findings suggest that
the use of weights is appropriate for determining population outcome prevalence, but not in the application of
regression models for RDS samples. These results are in line with Lohr and Liu’s paper examining weighting
in the context of the National Crime Victimization Survey (70). In their survey of the literature they reported
little debate surrounding the use of weights in the calculation of average population characteristics, but

several competing views on the incorporation of weights into more complex analyses such as regression. More
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recent work by Miratrix et al. (71) further suggests that initial, exploratory analyses, as we are typically
performing in RDS data should be performed without weights to increase power and that generalisation to

the entire population should be a secondary focus of subsequent samples.

3.6 Conclusion

These results indicate that weighted regression should be used cautiously with RDS data. Unweighted
estimates should always be reported, because weighted estimates may be biased and may not be valid in
samples with a broad range of reported degree, such as the case with the motivating example of connectedness
in an urban Indigenous population. Researchers are likely to have prior knowledge regarding the prevalence of
the outcome in their target population (HIV prevalence, for instance), but much less likely to have knowledge
regarding the homophily of the population. The greater the outcome prevalence, the greater the discrepancy
between the odds ratio estimated from logistic regression and the relative risk. In light of this a simple,
unweighted, Poisson regression model is the recommended for modelling the likelihood of group membership

from an RDS sample.
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Chapter 4

A Model of Prevalent Cardiovascular

Disease

4.1 Abstract

Objective: Several studies have highlighted the inequities between the Indigenous and non-Indigenous
populations with respect to the burden of cardiovascular disease and prevalence of predisposing risks. The
objective of this study was to investigate factors associated with cardiovascular disease within and specific to

the Indigenous community in Canada.

Methods: Data from the Our Health Counts Toronto study measured the baseline health of Indigenous
community members living in Toronto, Canada. Respondent driven sampling was used to examine factors
associated with prevalent cardiovascular disease. An iterative approach, valuing information from the literature,
clinical insight and lived experiences, as well as statistical measures was used to evaluate candidate predictors
prior to multivariable modelling. The resulting model was then validated using a distinct, geographically

similar sample of Indigenous peoples in Hamilton, Canada.

Results: The final model had good discriminative ability (c-index = 0.83, development sample; c-index =
0.79, validation sample) and the Hosmer and Lemeshow x? statistic was non-significant indicating adequate

model calibration. Diabetes and hypertension were independently associated with disease risk and the
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presence of both comorbidities was associated with a three-fold increased risk of cardiovascular disease (RR
= 3.0 95% CI: 1.66, 5.50). Those who reported previous experiences of discrimination were 50% more likely
to have cardiovascular disease (RR = 1.53, 95% CI: 0.89, 2.80). This effect was more pronounced in the
validation sample (RR = 2.10, 95% CI 1.13, 3.89). The role of body size is less clear, and further study is

needed to determine the effect of body size on risk of cardiovascular disease in these Indigenous populations.

Conclusion: Discrimination is a modifiable exposure that must be addressed to improve cardiovascular

health among Indigenous populations.

4.2 Introduction

The high burden of cardiovascular disease (CVD) among Indigenous communities in Canada has been well
documented (72—76). Despite evidence that traditional models of CVD risk perform worse for Indigenous
peoples on Turtle Island (North America) than for the White or Black populations (77), relatively little
work has been done to identify risk factors specific to this population. The Study of Health Assessment
and Risk Evaluation in Aboriginal Peoples (SHARE-AP) was conducted to investigate the rates of CVD
and atherosclerosis and their risk factors among the First Nations population in Canada and to compare
risk factors with the general population (5). The authors found increased CVD burden among Indigenous
participants, and increased prevalence of risk factors such as smoking, diabetes and obesity. However, the
generalisability of those findings is limited as all First Nations participants lived on a single reserve. A
comparison of the distribution of risks factors between those of Nuxalk descent and other community members
(of mainly European descent) living in British Columbia found differences in blood lipid and glucose levels
and body mass index (BMI) between ethnic groups, but did not determine whether these translated into
different rates of CVD (72). A comprehensive review of CVD risk factors across ethnic groups within North
America found that diabetes, obesity and smoking were all more prevalent among Indigenous populations
than in the “white” population (78). This was consistent with a review by Lucero et al. (79) who reported
higher prevalence of CVD risk factors among Indigenous populations in Aoteoroa New Zealand, Australia

and the United States.

Differences in the prevalence of risk factors between the Indigenous and non-Indigenous populations is also
well established. Now the focus needs to shift to identifying modifiable risk factors for Indigenous peoples and
in particular, the fast-growing urban Indigenous community. Work has begun; a study protocol published by

Remond et al. (80) aims to uncover risk factors specific to the Indigenous population in Australia. We aim to
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inform similar work by describing biological and socio-cultural factors associated with disease prevalence

specific to the urban Indigenous population in Canada.

A common research short coming is the narrow definition of Indigenous peoples which has been defined as
those with band membership, residence on a reservation, or, registered Indian status. For example, the First
Nations Regional Longitudinal Health Survey, a valuable source of information on disease prevalence, samples
only from registered First Nations living on-reserve (10). Historically, health of First Nations people in Canada
has been assessed using the Indian Registry, by surveying people living on reserve or by the First Nations
and Inuit Health Branch, but as Lavoie et al. (81) identified, there are difficulties with such research. Reserve
and Indian status-based studies can no longer adequately describe the health of a population undergoing
a rapid transition to urban centres. According to Statistics Canada, the off-reserve Indigenous population
is the fastest growing segment of Canadian society : 56% of Indigenous people live in urban areas and the
off-reserve population grew by 49% between 2006 and 2016 (82). This transition requires a corresponding
shift in how health research is conducted for, and with, this population. Self-identification is the best means

of determining who is Indigenous, but it can complicate the collection of health data.

To address these gaps, our study aimed to accurately study the health of the urban Indigenous community.
Using respondent driven sampling (RDS) to obtain representative samples, the Our Health Counts (OHC)
studies were designed to establish baseline health information for the urban Indigenous population in Hamilton,
London, Ottawa, Toronto, Thunder Bay and Kenora. Respondent driven sampling (RDS) is a chain-referral
snowball sampling technique used to sample hard to reach populations when random sampling is not possible.
It was appropriate for the OHC studies given the lack of a sampling framework of Indigenous people in urban

centres, and strong cultural ties within the community.

Our objective was to explore the relationship between socio-cultural factors and risk of CVD among urban
Indigenous people living in Toronto, Canada while considering known biological predictors. Specifically, we
investigated how discrimination and ethnic identity are associated with CVD prevalence. This study reports
data collected from the OHC Toronto study, in accordance with strengthening the reporting of observational

studies using respondent driven sampling (STROBE-RDS) guidelines (24).

4.3 Methods

OHC Toronto was a collaborative study between Seventh Generation Midwives Toronto (SGMT) and

researchers from the Well Living House at St Michael’s Hospital. Given the traditional role of midwives as
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keepers of knowledge in the Indigenous community, SGMT was identified as the appropriate custodian of the
data. A thorough description of the study procedures has been previously reported (21) and a brief overview

is provided here.

4.3.1 Study Participants

Using RDS, the Indigenous community in Toronto was surveyed between March 2015 and March 2016.
Participants were interviewed in-person, using a respectful health survey, at three locations providing health
and social services. Results from the previous OHC Hamilton study indicated that a sample size of 1000 was
necessary to have adequate power for comparative measures, given the estimated design effects. Recruitment
started with ten seeds and three recruitment coupons per participant. After enrollment commenced, an
additional ten seeds were recruited, and the number of coupons increased to five per participant to speed
recruitment. Eligibility criteria were: 1) residing, working or receiving healthcare in Toronto, 2) identifying
as a member of the Indigenous community and, 3) being at least 15 years old. Participants were permitted
to participate only once. Duplicates were identified through provincial health card numbers, which 97% of
respondents voluntarily provided. Participants received $20 for participating and $10 for each person they
recruited. Recruitment chains were traced using unique codes on the recruitment coupons. To measure
network degree participants were asked ‘ Approzimately how many Aboriginal people do you know (i.e., by
name and that know you by name) who currently live, work or use health and social services in Toronto?'.
The model validation work was performed on the OHC Hamilton database, a sample of 554 adults recruited
using RDS, in a city approximately 70km from Toronto. Details of this sample have been reported previously

(83).

4.3.2 Modelling Approach

As this was a secondary analysis of cross-sectional data collected to measure baseline health, CVD prevalence
was modelled. When describing disease prevalence (as opposed to incidence), risk factors need to be evaluated
based on theory and the existing evidence base, about the causes of cardiovascular disease, in addition to
the observed data. This required careful deliberation of our initial set of variables, to ensure that observed
associations were likely causal in nature and that exposures weren’t influenced by disease status (reverse
causality). For example, under the social medicine model and supports that exist in Toronto, a diagnosis
of CVD could qualify someone for social assistance, thereby directly impacting their social determinants of
health. What appears to be a risk factor, may instead be the result of disease, and so consideration of causal

pathways was an integral part of our modeling process. This was facilitated by the specialist knowledge of the
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Indigenous community research members who included a midwife, physician-researcher and epidemiologist.
We took a thorough approach to evaluating our candidate predictors; all variables considered for inclusion
had a strong theoretical justification, including indicators identified in the literature. Variables that we
believed to be affected from a CVD diagnosis were described and discussed. Additionally, we were able to
undertake model development on a sample from Toronto, and then validate this model with a distinct, but

similar dataset among Indigenous peoples in Hamilton, Ontario, a neighbouring city.

4.3.3 Statistical Methods

As Johnston et al. (26) note, RDS is both a survey and an analysis technique. Heckathorn (25) showed
that after several recruitment waves, RDS samples are independent of the participants used to initiate the
recruitment (the ‘seeds’) and that prevalence estimates obtained from these samples are asymptotically
unbiased. Convergence plots were examined separately for self-reported heart disease and stroke to evaluate

the stability of CVD prevalence in the sample across recruitment waves.

In studies of disease prevalence using RDS, the sample must be weighted to account for the non-random
probability of participant selection. Naive and RDS-adjusted estimates, using the RDS-II estimator (43) of
CVD prevalence were calculated. Unweighted Poisson regression, with classical variance estimation, was used
to estimate the relative risk, and was chosen in favour of the Binomial model for two reasons: 1) our previous
work indicated that type I error was maintained over a broader range of conditions and that the model
was generally conservative (84), which was important given our many predictor variables; and 2) Poisson
regression provides a direct estimate of relative risk (RR), which is more easily interpreted than the odds
ratio (OR). Unweighted analysis was performed because of our finding that unweighted Poisson models have
superior validity and coverage rate for RDS data (84). All modelling was performed in the R statistical
language (54), and RDS-adjusted prevalence of CVD was calculated using the RDS package (59). Seeds were

excluded from the analyses.

4.3.4 Variables

The outcome of interest was CVD, scored dichotomously as self-reported diagnosis of stroke or heart
disease by a healthcare professional. We investigated the following predictors: age, gender, BMI, diabetes,
hypertension, cigarette smoking, exercise, education, income, housing, Indigenous self-identity and experiences
of discrimination. To determine which variables to include in a multivariable model, we examined the

relationship between each variable and risk of CVD, controlling for age, the single most important predictor of
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CVD (77,85). These bivariate relationships were examined and discussed to ensure they fit our expectations
under a causal model. This process involved examining Poisson regression coefficients, visualizing the data
(stratified by confounders if necessary), consulting the literature and discussing the findings in a group
consisting of Indigenous health professionals, community representatives, clinicians, epidemiologists and

statisticians. Missing values were treated by case-wise deletion, missing data is described in Table 4.1.

4.3.4.1 A Multivariable Model of CVD

A multivariable model of the selected predictors was fit. This contained variables which appeared to contribute
little unique information and so we sought to fit a more parsimonious model. To simplify comparisons across
models, we evaluated the multivariable model using a reduced sample (n=785) with complete data. This
approach assumes that missing observations are at random, an assumption that can not be tested. However,
inaccuracies in the model caused by a biased sample will be detected in the validation step. A number of
statistics were calculated for the full model, as well as models removing each variable in turn, these were:
Akaike’s Information Criteria (AIC), a statistic useful for comparing the likelihood of competing models,
Nagelkerke’s pseudo R? value (86) which is a measure of the proportion of variance explained by the model,
sensitivity, specificity, positive and negative predictive values and accuracy, as defined in Appendix B. These
predictive statistics were calculated by comparing the number of participants reporting CVD and the number
predicted by the model. Variables were removed from the multivariable model if the model fit was improved,
as indicated by a lower AIC, and if none of the predictive statistics were made worse. The relative risks for
the remaining variables were checked to ensure stability and to detect potential confounding. These steps
were repeated until the model fit and prediction could not be further improved. The final model was then

estimated for the final set of predictors with all data available for those variables.

4.3.4.2 Multivariable Model Validation

The predictive ability of our model was validated using a distinct, but geographically similar sample of
Indigenous peoples living in Hamilton, Ontario, from the OHC Hamilton study. The c-index was used to
assess model discrimination: this quantifies the probability that for any randomly chosen pair in which
one individual has CVD and one does not, the individual with CVD will have the higher model-predicted
probability, and is equivalent to the area under the receiver operating curve (87). Model calibration was
examined for risk deciles and the Hosmer-Lemeshow y? statistic was computed. To account for different
CVD prevalence in the samples, a conversion factor was added to the model intercept. The Poisson model

equivalent of the conversion factor proposed by Janssen et al. (88) was computed as CF = l77J(M’;3“1;t‘#M)7

validation
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where p is the disease prevalence and MPR is the mean predicted risk. Finally, to describe the relative risk of

the model in the Hamilton sample, the model was evaluated using the Hamilton data.

4.4 Results

4.4.1 Participants

There were 3505 coupons issued during the study, resulting in 959 recruits in addition to 20 seeds. After
removing those ineligible for the study, duplicates and seeds, 897 individuals were retained for analysis.
Participants ranged in age from 15-80 years, with a mean age of 42.5, 460 (51.3%) were women, 420 (46.8%)
were men and 17 (1.9%) responded with a different gender identity. Mean sample BMI was 27.8 kg/m?
(overweight) with a low of 16.5 kg/m? and a high of 56.2 kg/m?. The proportion of respondents with CVD
was 107/897 (11.8%) and the RDS-adjusted estimate of the population prevalence was 8.9% [5.5, 12.2].
Sample demographics, including missing data, are included in Table 4.1. The reported degree approximated a
log-normal distribution with median degree of 50, inter-quartile range 20-150 and mean of 165. Convergence
plots (not shown) indicated that prevalence estimates for self-reported stroke and heart disease were stable

after 750 participants were recruited.
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Table 4.1: Select sample demographics from the Our Health Counts

Toronto Study (N=897).

Variable N (%) Missing (%) RDS Adjusted
Prevalence (95% CI)
Age Group 0
< 40 years 382 (42.6) 51.8 (46.1, 57.5)
40-64 years 458 (51.0) 44.7 (39.0, 50.3)
65 years and older 57 (6.4) 3.5 (0.7, 6.2)
BMI Group 26 (2.9)
Healthy weight 310 (34.6) 40.4 (34.6, 46.1)
Underweight 18 (2.0) 3.2 (1.2, 5.2)
Overweight 273 (30.4) 30.2 (25.1, 35.3)
Obese I 157 (17.5) 17.3 (12.4, 22.2)
Obese 11 68 (7.6) 6.0 (3.5, 8.5)
Obese I1 45 (5.0) 2.9 (1.2, 4.6)
Social Determinants
Above before tax LICO 172 (19.2) 14 (1.6) 12.1 (8.5, 15.8)
Completed high school 503 (56.1) 2 (0.2) 49.6 (43.9, 55.3)
Lives alone 320 (35.7) 3(0.3) 29.0 (23.7, 34.2)
Married 46 (5.1) 5 (0.6) 4.0 (2.1, 5.9)
Unemployed 474 (52.8) 0 (0.0) 62.3 (56.8, 67.8
Lifestyle
Current Smoker 609 (67.9) 6 (0.7 63.1 (57.3, 68.9)
Drinking excessively once 480 (53.5) 6 (0.7) 47.3 (41.5, 53.0)
or more per month
Ezercise 4 (0.4)
none 60 (6.7) 7.1 (4.0, 10.3)
1 day per week 44 (4.9) 3.7(1.2,6.2)
2 days per week 58 (6.5) 6.6 (4.1, 9.2)
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Table 4.1: Select sample demographics from the Our Health Counts
Toronto Study (N=897). (continued)

Variable N (%) Missing (%) RDS Adjusted
Prevalence (95% CI)

3 days per week 98 (10.9) 13.3 (9.4, 17.1)
4 days per week 68 (7.6) 8.0 (4.9, 11.1)
5 days per week 76 (8.5) 10.1 (6.7, 13.6)
6 days per week 27 (3.0) 4.3 (2.4, 6.3)
7 days per week 462 (51.5) 46.8 (41.1, 52.4)
Comorbidity
Diabetes 155 (17.3) 5 (0.6) 15.0 (10.9, 19.1)
High Blood Pressure 217 (24.2) 8 (0.9) 23.9 (18.8, 29.0)
Ethnic identity, MEIM 1.99 ( 1.31, 3.02) 31 (3.5) 1.77 ( 1.16, 2.70)

score (mean, SD)

Obesity thresholds were defined according to BMI values as follows
Obese I: 30.0-34.9, Obese II 35-39.9, Obese III > 40.

Drinking excessively was consuming five or more drinks on one occasion.

4.4.2 Evaluating Candidate Predictors

From our original list of 12 candidate predictors we chose to include: age, gender, measured BMI categorized as
underweight, healthy /overweight or obese, a meta-variable combining self-reported diabetes and hypertension,
income (dichotomously scored as below or above the low-income cutoff), education (dichotomously scored as
having achieved a tertiary qualification or not), score on the Multi-Ethnic Identity Measure (MEIM total
score) and, a dichotomous variable indicating any previous report of discrimination. Table 4.2 presents the
preliminary multivariable model. Further details regarding choice of candidate predictors, and results of the

bivariate analyses are provided in Appendix B.
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Table 4.2: Relative risk of all candidate variables selected for the multivariable model. Risks presented are

controlling for all other model variables.

Variable RR (95% CI) p value
Age 1.05 (1.03, 1.07)  <0.001
Gender

male 1.00 (Reference)

female 1.1(0.72, L.71)  0.661
Diabetes & Hypertension

neither condition 1.00 (Reference)

diabetes 1.58 (0.69, 3.30)  0.251

hypertension 2.81 (1.62, 4.91) <0.001

both conditions 2.85 (1.55, 5.22)  <0.001
Body Mass Index (BMI)

normal or overweight 1.00 (Reference)

underweight 2.38 (0.71, 6.03) 0.103

obese 1.24 (0.80, 1.92) 0.333
Ethnic Identity (MEIM) 1.39 (0.87, 2.27)  0.176
Discrimination

no 1.00 (Reference)

yes 1.54 (0.89, 2.86)  0.142
Education

primary/secondary education 1.00 (Reference)

completed tertiary education  0.90 (0.51, 1.51) 0.705
Income

below lico 1.00 (Reference)

above before tax LICO 0.90 (0.48, 1.57) 0.717
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Table 4.3: Relative risk of variables included in the final multivariable model (N=862).

Variable RR (95% CI) p value

Age 1.05 (1.04, 1.07)  <0.001

Diabetes & Hypertension

neither condition 1.00 (Reference)

diabetes 1.66 (0.73, 3.46)  0.196

hypertension 2.98 (1.74, 5.12)  <0.001

both conditions 3.03 (1.66, 5.50)  <0.001
Body Mass Index (BMI)

healthy or overweight 1.00 (Reference)

underweight 2.72 (0.82, 6.72) 0.056

obese 1.30 (0.85, 2.00) 0.225
Discrimination

no 1.00 (Reference)

yes 1.53 (0.89. 2.80)  0.143

4.4.3 Refined Multivariable Model

Variables were removed from the preliminary model in the following order: education, income, gender, ethnic
identity (MEIM score). These variables were removed because they did not improve the predictive ability
of the model; at each deletion the AIC statistic was reduced and the predictive statistics either remained
unchanged or improved slightly. The relative risks of the remaining variables remained stable. Table 4.3

presents the final multivariable model.

4.4.4 Model Validation

Table 4.4 contains the measures of model validation for the Toronto and Hamilton samples. To adjust the
baseline prevalence for differences in the Toronto and Hamilton samples a conversion factor of cf = 0.22 was
calculated and used to adjust the model discrimination values. No adjustment was needed for the c-index,
being a rank-based statistic. Figure 4.1 shows the actual and model-predicted CVD prevalence for each
risk decile. In both samples the observed counts are similar to the model predictions, with an overestimate
of prevalence in the highest decile. The measures of model calibration and discrimination are model-level

indices and do not provide information on the performance of individual predictors. To better evaluate the
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Table 4.4: Model discrimination (c-index), calibration (Hosmer and Lemeshow x?) and predictive statistics

for the model development and validation samples.

Model Development Sample Validation Sample
Sample Size 862 531
C-Index 0.83 0.79
Model Calibration adjusted
Hosmer and Lemeshow GOF 2 5.65 11.3
p-value 0.686 0.184
unadjusted

17.0

p-value 0.030

Model Predictive Statistics

sensitivity 0.23 0.10
specificity 0.99 0.99
positive predictive value 0.68 0.50
negative predictive value 0.90 0.89
accuracy 0.90 0.88

performance of the model in a new sample an unweighted Poisson model was fit to the Hamilton data. These

results are presented in Table 4.5.

4.5 Discussion

Using a transparent, in-depth modelling approach, in which the knowledge of community health professionals
was prioritized, along with statistical results we developed, and validated a model of factors associated
with the prevalence of CVD in the Indigenous community. We began with a list of factors we knew or
hypothesized, based on the literature and/or Indigenous community health expertise would be associated
with CVD: age, gender, BMI, diabetes, hypertension, cigarette smoking, exercise, education, income, housing,
Indigenous self-identity and experiences of discrimination. With the exception of age, which we accepted
as fundamental, we considered each variable and whether it warranted inclusion in a multivariable model
based on existing scholarship, and the collective expertise of the research team. Age adjusted bivariate

models of risk and data visualisation were used to explore potential interactions. For variables expected
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Figure 4.1: Prediction of CVD prevalence for the model development sample (Toronto) and validation Sample
(Hamilton). Hamilton predictions have been adjusted to account for different overall prevalence in the

populations.
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Table 4.5: Relative risk of variables modelled with Hamilton validation sample.

Variable RR (95% CI) p value

Age 1.04 (1.02, 1.06)  <0.001

Diabetes & Hypertension

neither condition 1.00 (Reference)

diabetes 2.98 (1.23, 7.28) 0.016

hypertension 2.62 (1.36, 5.08) 0.004

both conditions 4.38 (2.20, 8.71)  <0.001
Body Mass Index (BMI)

healthy or overweight 1.00 (Reference)

underweight insufficient data

obese 0.95 (0.56, 1.60) 0.843
Discrimination

no 1.00 (Reference)

yes 2.10 (1.13, 3.89)  0.019

to predict prevalent CVD, we fit an initial multivariable model. We then sought to make the model more
parsimonious by removing variables which improved neither the fit nor the predictive ability of the model.
The final model was validated using a similar, but distinct sample of Indigenous peoples living in Hamilton,
Ontario, a community approximately 70km from Toronto. We have shed light on the ‘black-box’ often used
in model building, exposing our variable inclusion decision process and our initial multivariable model. This
approach is expected to assist in better understanding the complex dynamics involved in fitting a model
of CVD from cross-sectional data; in particular, the importance of using community-based knowledge and
information to ensure a culturally relevant model and the need to consider the possibility of disease status

modifying exposure.

After examining bivariate relationships and discussing the likely experiences of the target population we
excluded exercise, smoking and housing from our multivariable model. Exercise was excluded because of
the limited variability of self-reported exercise; the majority of participants, both with and without CVD
reported exercising seven days a week, and there was no observed reduction in CVD risk associated with
exercise (RR = 0.99, 95% CI 0.92, 1.08). Hackshaw et al. (89) reported a non-linear relationship between risk

and number of cigarettes smoked, with a high level of risk associated with minimal exposure (1 cigarette per
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day). We excluded smoking because we suspect that a diagnosis of CVD may have contributed to quitting
for this sample. In the OHC sample, 67% were current smokers, and were less likely to have CVD than
non-smokers. A reasonable assumption is that we are observing the ‘sick-quitter’ effect (90) where, for some,
a diagnosis was incentive to quit. The housing variable was similar in that we found that those reporting
homelessness had lower CVD prevalence than people who were stably housed. Experiencing homeless with
CVD may have led to social supports such as housing supports or institutionalization. As a result, CVD may

be directly influencing housing (the exposure).

Our preliminary multivariable model (Table 4.2) indicated, as expected, that income above the low-income
cutoff and a tertiary qualification were preventive with respect to CVD. However, confidence intervals for
both variables were wide, and their inclusion neither improved the model’s predictive ability nor the goodness
of fit. Females were found to have slightly higher risk of CVD than males, but the confidence intervals around
the risk estimate were wide (95% CI 0.72, 1.71) and removing sex/gender was not detrimental to the fit or
predictive ability of the model. Also, our contrasted with several other studies (5,85,91), including those on
Indigenous populations (73) which found higher rates of CVD for males. According to a global survey of the
burden of CVD (92) there is only one region in the world (sub-Saharan Africa) where females have higher
CVD prevalence than men. Thus, sex/gender was excluded from the model for statistical and theoretical
reasons. Indigenous ethnic identity, as measured by the MEIM, was positively associated with CVD. This
result was intriguing but we hypothesized it might have reflected differential treatment of Indigenous people
based on their outward expression of Indigenous identity, or may have been an artifact of the data: confidence

intervals of the risk were wide, and removing this variable made a small improvement to the model fit.

The final risk model for CVD included age, a combined variable of diabetes and hypertension, categorized
BMI, a measure of strength of ethnic identity (MEIM total score) and a dichotomous variable that was
coded ‘yes’ if participants had experienced discrimination on any of topics included in the survey questions:
discrimination from a health care provider, because of Indigenous identity, because of a health problem
or because of emotional or mental problems. The results were in line with our expectations: age was the
most significant predictor of CVD, diabetes and hypertension were predictive of CVD, and in combination
produced the greatest risk. Obese individuals (those with measured BMI > 30) and underweight individuals
(BMI<18.5) were more likely to have CVD, relative to those who were healthy weight or overweight, but the
confidence intervals were wide, so this should be interpreted cautiously. Despite the wide confidence intervals,

BMI was retained as a predictor because removing it resulted in a reduced positive predictive value.

49



Our model was 90% accurate in predicting self-reported CVD in the Toronto (development) sample and 88%
accurate for the Hamilton (validation) sample. This high overall accuracy is the result of correctly identifying
healthy individuals (specificity) rather than an ability to correctly predict those with CVD. This indicates that
our model is incomplete, there are other important correlates of CVD that our model hasn’t captured. A likely
reason for this is the exclusion of smoking and exercise from the model. The participants living in Toronto
reported high rates of commercial tobacco use (67%). However, in this sample, current smoking rates were
not associated with increased CVD risk. We suspect that, had information about former smoking behaviours
been available it would have made an important contribution to the model. Despite the low sensitivity of
the model, we are confident that our findings are generalisable to other, similar populations of Indigenous
peoples living in urban areas. The model has relatively high discriminative ability (c-index = 0.79 validation
sample, 0.83 development sample), good calibration ability as evidenced by the non-significant Homer and
Lemeshow x? statistic and, most importantly, similar findings of risk when the regression parameters from
distinct and independent samples are compared. In both samples, diabetes, hypertension and prior experience
of discrimination were associated with increased risk of CVD. The relationship between BMI and CVD in
these populations is unclear and further work to determine the extent to which body size affect CVD among

Indigenous peoples is needed.

Discrimination increased risk of CVD by over 50% (RR = 1.53, 95% CI 0.89, 2.80) in the OHC Toronto, and
by a factor of more than two in OHC Hamilton (RR = 2.10, 95% CI 1.13 3.89). This finding has important
implications for the delivery of healthcare. In their survey of discrimination and CVD Lewis et al. (93)
found heterogeneity across studies, which they attributed to the difficulties in measuring discrimination
and in modeling the complex pathways linking discrimination and CVD. Chae et al. (94) investigated these
complexities and found support for the hypothesis that stress is the mechanism by which discrimination
adversely affects cardiovascular health. Specifically, they found that, in the absense of internalised racism,
experiences of discrimination were linked to increased CVD. Our results are consistent with these findings.
This sample reported strong ethnic identity with a median MEIM score of 3.33 (IQR 3.00-3.75), coupled with

an association between discimination and increased CVD.

A major strength of our work was the validation step in an independent dataset (OHC Hamilton) which
allowed us to evaluate the predictive ability of our model. This work was undertaken as a secondary analysis
of data intended to measure the baseline health of a population; despite this limitation, we have identified
discrimination as a modifiable exposure that could be addressed to improve cardiovascular health. Our

validation work provides unique evidence for generalising these findings to other Indigenous communities.
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Chapter 5

Characteristics of RDS Samples

5.1 Abstract

Objective Respondent driven sampling (RDS) is an important tool for measuring disease prevalence in
populations with no sampling frame. We aim to describe key properties of these samples to guide those using

this method and to inform methodological research.

Methods In 2019, authors who published respondent driven sampling studies were contacted with a request
to share reported degree and network information. Of 59 author groups identified, 15 (25%) agreed to share
data, representing 53 distinct samples containing 36,547 participants across 12 countries and several target
populations including migrants, sex workers and men who have sex with men. Distribution of reported
network degree was described for each sample and characteristics of recruitment chains, and their relationship

to coupons, were reported.

Results Reported network degree is severely skewed and is best represented by a log normal distribution.
For participants connected to more than 15 other people, reported degree is imprecise and frequently rounded
to the nearest five or ten. Our results indicate that many samples contain highly connected individuals, who

may be connected to at least 1000 other people.

Conclusion Because very large reported degrees are common; we caution against treating these reports as

outliers. Among the samples examined, fewer recruitment coupons were associated with longer recruitment
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chains. Future studies of RDS estimators should incorporate skewed degree log normal distributions to

capture the real-world performance of these estimators.

5.2 Introduction

Since its development in 1997, respondent driven sampling (RDS) has become increasingly popular for
measuring disease prevalence and correlates of disease in hidden populations (22). In RDS, social connections
among members of these hard to reach target populations are used to propagate recruitment, similar to
snowball sampling. However, RDS differs from snowball sampling in two important ways: it requires the
collection of additional information, including network size and it creates long (as opposed to wide) recruitment
chains. Through the use of coupons with unique codes, the number of people a participant can recruit is
restricted. This produces long recruitment chains to ensure that the final sample is independent of the initial
recruits. It also allows researchers to trace the recruitment process and collect information on who recruited
whom. In addition, as a proxy for their sampling probability, participants are asked about their number
of connections in the target population. This additional information enables better estimation of disease
prevalence. Several prevalence estimators which account for the RDS design have been developed; the most
commonly reported are the Volz-Heckathorn RDS-IT estimator (43) and the Gile successive sampling estimator
(SS) (44). Gile et al. (95) have recently reviewed the statistical advances in RDS and give a thorough overview
of the available estimators. A number of studies have evaluated the performance of estimators and found
that none are uniformly superior (29,42,45,69,96,97). The accuracy of the variance estimates is still unclear

(43,49,69), and depends on network and sampling conditions.

Reported network degree (hence force referred to simply as degree) is an important variable in RDS studies.
Individuals with more network connections are more likely to be recruited into an RDS study, so participants’
reported degree is a proxy measure of sampling probability. Details on the distribution of degrees in RDS
simulation studies is scarce, but has been recently modelled as a Poisson process (45), or with the more flexible
Conway-Maxwell-Poisson distribution (98). Empirical research presented by Kilworth et al. (99) suggests that
social networks have a right-skewed distribution and their histograms of network degree suggest a log-normal
distribution. Our recent finding (84) that weighted regression methods performed poorly when the reported
network degree was highly skewed raised the question of whether those data were unique or if highly skewed
degree distributions are common. Preliminary analyses suggested that, if degree is normally distributed,
weighted regression may perform much better. Therefore, the question of how degrees are distributed is of

great practical importance: if skewed distributions are common then our recommendation for regression
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analyses remains not to weight observations, otherwise, more work is necessary to determine appropriate
regression strategies. Our previous regression work was motivated by an RDS sample of Indigenous people
living in Toronto, Canada. These participants reported degrees that were extremely skewed and appeared
log normally distributed. This distribution resulted in participants with low reported degree being assigned
very high weights. These acted as leverage points in the regression analysis, and resulted in poor regression

parameter coverage rates (84).

To continue to make improvements to the quality of inferences for RDS samples, it is necessary to understand
the real-world samples to which these methods are applied. Much work has been dedicated to evaluating
RDS estimates by simulation, which requires some assumption regarding degree distribution. The objectives
of this study were two-fold: 1) to describe the distribution of reported degree distributions in real-world
samples from various at risk samples around the globe and 2) to better inform RDS methodology researchers

on how to model degree distributions for methodological studies.

5.3 Methods

5.3.1 Search Strategy

Authors of recently published papers were contacted and asked to share study data on reported degree
and recruitment chains. The PubMed database was searched for papers using RDS published in English,
between 1 January 2019 and 31 August 2019 using the following search term: ((“respondent driven sam-
pling”[Title/Abstract]) AND (“2019/01/01”[Date - Publication] : “2019/08/31”[Date - Publication])) AND
“english”[Language]. One hundred six results were returned; there were three additional manuscripts in the
author’s reference database published in this period, so 109 manuscripts were examined for eligibility. There
was one duplicate manuscript, two protocol studies, three studies employing non-traditional RDS techniques
without degree estimates, a methods based manuscript with no sample and one study with a sample size too
small (n=36) to examine degree distribution. From the remaining 101 manuscripts 59 unique author groups
were identified and contacted, 15 (25%) agreed to share information regarding network information on 53

distinct RDS samples. Details of the data available from these studies are presented in Table 5.1.
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Table 5.1: Description of studies contributing information about

reported degree and recruitment chains.

Article & Sample  Target Study Setting Period Sample Size Degree Question

ID(s) Population
Description

Burton 2019 African, Windsor, 2012-2015 511 In a typical week, how many African,

(s53) Caribbean Canada Caribbean or Black youth (aged 16-25
and Black years), living in Windsor or Essex County,
Youth do you interact with? This could be in

Cucciare 2019
(s22)

Dickson-Gomez

2019 (s18)

person, by phone, or using the internet.

Rural Arkansas, 2002-2008 aggregate data How many other drug users do you know
stimulant Kentucky and across areas in your community
users Ohio, United analysed (n=243)
States
Crack users San Salvador, 2011-2016 2017 (summary Number of crack users seen in the past 30
El Savador data provided, raw days

data unavailable)

o4



Table 5.1: Description of studies contributing information about

reported degree and recruitment chains. (continued)

Article & Sample  Target Study Setting Period Sample Size Degree Question
ID(s) Population
Description
Lachowsky Men who Montreal, Distinct samples How many men who have sex with men

2019 (s1-s3)

Kitching 2019
(s52)

have sex with

men

Indigenous

people

Toronto and
Vancouver,

Canada

Toronto, 2015-2016

Canada

95

for Montreal
(n=1179), Toronto
(n=517) and
Vancouver

(n=753)

917

aged 16 years or older, including trans
men, do you know who live or work in
the [Metro Vancouver/Greater
Toronto/Metro Montreal] area (whether
they identify as gay or otherwise)? This
includes gay/bi guys you see or speak to
regularly.

Approximately how many Aboriginal
people do you know (ie, by name and
that know you by name) who currently
live, work or use health and social

services in Toronto?



Table 5.1: Description of studies contributing information about

reported degree and recruitment chains. (continued)

Article & Sample  Target Study Setting Period Sample Size Degree Question
ID(s) Population
Description
Meyer 2019 Migrant Mae Sot, 2011-2012 Three distinct How many migrant
(s45-s47) workers Thailand groups of migrant  (agricultural/factory/sex) workers who
workers: are over 18 and currently working in your
argicultural job from Burma dow you known and
(n=203), factory speak to in the past week?*
(n=258) and sex
(n=128)
Morozova 2019  Injection Mykolaiv and  2011-2013 Aggregate data How many people do you know (by name,
(s37-s38) drug users Odesa, across cities was and they know you by name) who
Ukraine supplied for injected drugs during the last 30 days,

o6

surveys in 2011
(n=9050) and
2013 (n=9486).
Data on
recruitment chains

not available

and you have seen in the past 30 days?



Table 5.1: Description of studies contributing information about

reported degree and recruitment chains. (continued)

Article & Sample
ID(s)

Target
Population

Description

Study Setting Period

Sample Size

Degree Question

Okiria 2019
(s42-s43)

Otiashvili 2019

(s19)

Raymond 2019
(s48-s50)

Samkange-Zeeb
2019 (s51)

Female sex

workers

Injection

drug users

Transgender

women

General

Population

Nimule and 2016-2018
Juba, South
Sudan

Thilisi, 2018

Georgia

San 2010-2016
Francisco,

United States

Bremen, 2017

Germany

o7

Distinct samples
for Nimule
(n=407) and Juba
(n=841)

149

Three distinct
surveys from 2010
(n=314), 2013
(n=233) and 2016
(n=312)

115

How many people do you know (by name,
and they know you by name) who
injected drugs during the last 30 days,
and you have seen in the past 14 days?*
How many people who have lived in
Thilisi for at least a year do you know
that use drugs, who you can seen
personally in the past month and are not
in the needle and syringe service that you
think you could recruit into the study?*
How many other transwomen do you
know and have seen in the past one
month that you would be willing to give

a coupon to?*

How many adults who live in your
neighbourhood do you know who you

have seen in the last four weeks?



Table 5.1: Description of studies contributing information about

reported degree and recruitment chains. (continued)

Article & Sample  Target Study Setting Period Sample Size Degree Question
ID(s) Population
Description
Solomon 2019 Men who Cities across ~ 2012-2013 Data were How many (MSM/PWID) have you seen
(s4-s15,520-s35) have sex with India available at least once in the past 30 days?
men and separately for the
injection drug 22 sites and
users ranged from
459-1002 for a
total of 11,995
MSM and 13,942
PWID
Stoicescu 2018 Women Who  Greater 2014-2015 731 How many female friends or
(s36) Inject Drugs  Jakarta acquaintances do you know (you know

o8

their name and they know yours), who
have injected drugs in the past year, are
18 years or older, and reside in Greater
Jakarta or Bandung, and who you would

be able to contact right now?



Table 5.1: Description of studies contributing information about

reported degree and recruitment chains. (continued)

Article & Sample  Target Study Setting Period Sample Size Degree Question
ID(s) Population
Description
Weikum 2019 Men who Hagen, Lae 2015-2016 Data were How many women do you know who have
(s16-s17,s39- have sex with and Port available sold or exchanged sex for money or goods
s41) men/ Moresby, separately for in the last six months, who live in Hagen
transgender Papua New three cities who aged 12 or older who you've seen in the
women and Guinea recruited FSW past two weeks?*
female sex (Hagen, n="709,
workers Laen = 709 and
Port Moresby
n=670) and two
cities who
recruited
MSM/TGW
(Hagen n=111 and
Port Moresby
n=400)
Weinmann Syrian Munich, 2017 195 How many Syrians living in Munich or
2019 (s44) immigrants Germany Upper Bavaria do you know?

* Indicates paraphrasing of the degree question when nested questions were posed to participants.

99



5.3.2 Analysis

For each sample, the Poisson, geometric, negative binomial, normal and log normal distributions using the
fitdistrplus package in R(100) and the discrete g-exponential, Poisson-lognormal, Conway-Maxwell-Poisson,
Yule and Waring distributions using the degreenet package (101) were fit to determine which best describes
the distribution of reported degrees. Fit was assessed using the BIC criterion, with smaller values indicating
better fit. Data from studies collected across multiple sites or years were left disaggregated. Participants
whose reported network degree was missing were removed from the analysis. Those who reported a network
degree of zero were recoded to 1, since in order to be recruited into the study, they needed to know at least
one other member of the population. For each sample and participant, the wave that the participant was
recruited into, and the identifier of the seed the participant was recruited from were determined. This data
was used to examine the distribution of waves across studies and to determine if the reported degree of the
seeds was correlated with the total number of participants in the seeds clusters. To give an indication of
how effective most RDS studies may be in achieving samples independent of the initial seeds, recruits were
ordered by wave and the wave of the median recruit was determined for each sample. This indicates the
minimum distance from seeds for at least 50% of the sample. The ease with which RDS chains propagated
was investigated by calculating the number of waves recruited for each seed and the number of recruits for

every participant, across all studies.

To determine how frequently the population of available recruits is substantially depleted by the sampling
process we used a method similar to that reported by Gile et al. (23) and Crawford et al. (102). These
authors regressed 1:n (with n representing the sample size) against the time-ordered reports of network degree
to determine if reported degree decreases monotonically with time. Such a decline would be expected if the
available recruits were indeed being depleted by the sampling process. Our approach was similar: the natural

logarithm of the reported degree was regressed on the wave number (as a proxy for recruitment order).

5.4 Results

Data from 15 groups, containing 53 distinct RDS samples from North and Central America, Europe, Africa
and Asia were collected. These samples mainly targeted four types of populations: men who have sex with
men, drug users, female sex workers and migrants. In addition, there were samples of transgender women,
Indigenous people, youth of colour and one general population sample. The shape of the reported degree

distributions was remarkably similar across population type and geography (Figure 5.2). Table 5.1 details
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the location and timing of the studies as well as the questions asked to elicit reported degree.

5.4.1 Distribution of Reported Degree

Under a criteria of minimising the negative log-likelihood, the log-normal distribution was the best fit to
the data, for all samples, followed by the Waring, Yule, geometric, negative binomial, normal and Poisson
log normal. The Conway-Maxwell-Poisson and Poisson models were consistently a poor fit for the network
degree data. Figure 5.1 illustrates the extreme skewness of the reported degrees; the mean (filled circle),
median (open circle), interquartile range and maximum reported degree are shown. The mean is always
greater than the median and is frequently greater than the top of the interquartile range. Maximum reported
degree is often an order of magnitude larger than the median degree. Very large reported degrees (>1000)
are not uncommon, particularly among MSM. Figure 5.2 illustrates the observed reported degrees, and the
expected counts under a log-normal distribution for a subset of samples. Table C.1, Appendix C describes
the distribution of the raw and log-transformed degrees. Figure C.1, Appendix C examines the fit of the

candidate distributions across all samples.

Reported degree, when greater than fifteen, is commonly reported in multiples of five or ten. Of the 12,492
reported degrees greater than fifteen, 81.8% were rounded to the nearest ten, 11.6% were rounded to the
nearest five and only 6.6% ended in neither a zero nor a five. This rounding is evident in Figure 5.2, the
general shape and spread of the observed degrees follow a log normal distribution, but degrees ending in 0
are reported much more frequently than expected. Figure C.2 in Appendix C shows the relative frequency of

reported degrees across various population types, aggregated across samples, for degrees up to 100.

5.4.2 Recruitment Characteristics

The number of waves recruited by each seed, corresponding to the length of recruitment chains was calculated,
across all samples. Approximately one-third of seeds were unsuccessful in recruiting participants into the
study, one-third of seeds produced recruitment chains of between one and three waves and the final third
produced chains four waves or longer. Figure 5.3 examines the relationship between the number of waves in
the longest recruitment chain and the wave of the median recruit. In Appendix C, Figure C.3 illustrates
the distribution of recruitment chain length for all seeds, and Figure C.4 plots seed degree against both
chain length and number recruited and indicates seed degree is not correlated with recruitment success.
Recruitment per person (including seeds) was summarised across all studies; of the 36,547 participants, 47%

did not recruit, 15% recruited one person, 34% recruited two people and 4% recruited three or more.
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Montreal, Canada (s1) -
Vancouver, Canada (s2) 1
Toronto, Canada (s3) 1
Bangalore, India (s4) -
Belgaum, India (s5) A
Bhopal, India (s6) -
Chennai, India (s7) A
Coimbature, India (s8) A
Hyderabad, India (s9) 1
Lucknow, India (s10) A
Madurai, India (s11) 4
Mangalore, India (s12) 4
New Delhi, India (s13) A
Vijayawada, India (s14) A
Vizag, India (s15) 1
Hagen, PNG (s16) -
Portmoresby, PNG (s17) 4

San Salvador, El Salvador (s18) 1
Thilisi, Georgia (s19) -
Aizawl, India (s20) -
Amritsar, India (s21) 4
United States (s22) A
Bhubaneshwar, India (s23) 1
Bilaspur, India (s24) 1
Chandigarh, India (s25) 4
Churachandpur, India (s26) A
Delhi, India (s27) 1

Dimapur, India (s28) 1
Gangtok, India (s29) -
Imphal, India (s30) 1
Kanpur, India (s31) 1
Ludhiana, India (s32) 1
Lunglei, India (s33) 1
Moreh, India (s34) A
Mumbai, India (s35) A
Jakarta, Indonesia (s36) -
Ukraine, 2011 (s37) 1
Ukraine, 2013 (s38) 1

Hagen, PNG (s39) -

Lae, PNG (s40) 1

Port Moresby, PNG (s41) 1
Juba, South Sudan (s42) -
Nimule, South Sudan (s43) 1

Syrians in Germay (s44) -
argricultural workers, Myanmar (s45) -
factory workers, Myanmar (s46) -

sex workers, Myanmar (s47) 1

San Francisco, US, 2010 (s48) 1

San Francisco, US, 2011 (s49) A

San Francisco, US, 2013 (s50) 1

general survey, Germany (s51) 1
urban Indigenous, Toronto (s52) -

ABC Youth (s53) 1
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Figure 5.1: Distribution of reported degree across all samples from various target populations. Bars delineate
the interquartile range, the mean is represented by a filled red circle, the median by an open circle and the

maximum reported degree by a square box. Small dots indicate all reports above the interquartile range.
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Imphal, India Juba, South Sudan
150 A
90
100 A
60 4
50 1
304
01 01
Madurai, India Montreal, Canada
200
150 A
150 -+
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100 1
50 1
50
0 A 0 A
logNormal observed

Figure 5.2: Distribution of the natural logarithm of reported degree for select populations. MSM in Montreal,
Canada (n=1179), MSM in Madurai, India (n=996), PWID in Imphal, India (n=998) and FSW in Juba,
South Sudan (n=846)
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5.4.3 'Trend in degree over time

A reduction in reported degree as study recruitment progress can indicate that a large fraction of the target
population has been recruited. Figure 5.4 illustrates the log of the reported network degrees, as a function of
recruitment wave, for the samples experiencing the greatest increase and decrease in reported degree over
successive waves. The slopes of the linear regression of the log of degree on wave are shown in the bottom
figure, plotted against study sample size, for every study. For most studies, there is little change in reported
degree over wave, the study with the largest decline had a rate of change of -0.14 log(degree) /wave, amounting

to twenty fewer network connections over ten waves of recruitment.

5.5 Discussion

Details about RDS recruitment chains and reported degrees were collected and summarised for 53 samples,
encompassing 36,547 participants representing several target populations in 12 countries. To our knowledge,
this is the first study to examine the distribution of RDS-reported degrees across several countries and
target populations. Our findings have implications for applied researchers using RDS and for statisticians
working to improve estimates arising from these data. Reported degree is a discrete variable, but consistently
resembles a log normal distribution and reports of very high degrees are common. Instead of interpreting
individuals with large reported degrees as outliers, the possibility of individuals acting as ‘super nodes’ arises
and thoughtful consideration needs to be given before modifying or removing these values. In their work
estimating population size from RDS data, Crawford et al. (102) report removing a subject with reported
degree of 200 who was considered an outlier. Our results indicate that this is likely too small of a limit for
truncation and we suggest caution in modifying or removing data. Sensitivity analysis, in which results with
all reported degrees are compared to results with a truncated upper limit on degree may be useful to inform

researchers about the effects of highly connected participants on RDS estimates of prevalence.

These findings indicate that reported degree is not a precise measure of actual degree; nearly all reported
degrees greater than ten are reported to the nearest five or ten people. This does not suggest that reported
degree is inaccurate, only that it is imprecise. Although reports of degree greater than 1000 may initially seem
unlikely, for an individual who has been closely involved with community members over several years 1000
connections is not unreasonable. Given that 14 of the 53 samples reported degrees in excess of 1000 suggests
that these large network connections are real. We can not comment further based on the data collected, but

future work may focus more on the accuracy of reported degree and its importance in analysing RDS data.

64



For statisticians developing RDS estimators, the distribution of reported degrees may have implications for
estimator accuracy and precision. Statistical tests of the appropriateness of different distributions, such
as the Shapiro-Wilk for normal data are not useful for RDS data because of the tendency for reported
degree to be reported to the nearest multiple of 5 or 10. For this reason, we compared the likelihood of
several reasonable candidate distributions: the Poisson, geometric, negative binomial, discrete g-exponential,
Poisson-lognormal, Conway-Maxwell-Poisson, Yule and Waring, as well as the continuous normal and log
normal distributions. Although a Poisson counting process may seem like a natural mechanism for modelling
connectedness, our results indicate that this is the least appropriate distribution for describing degree. Results
based on Poisson-simulated degree, such as Fellows’ (45) simulations of the performance of the homophily
configuration graph for prevalence estimation, may need to be re-examined in light of what we are now

learning about degree distributions in practice.

In our earlier work (84), we showed that weighted regression methods are not suitable for RDS data when
the degree distribution is highly skewed, and so we reiterate our need for caution when applying weighted
regression methods to RDS data. Extremely skewed degree data results in people with very few reported
connections receiving high Volz-Heckathorn weights. These individuals then act as leverage points, and can
either nullify true relationships or introduce relationships where none exist. While alternative weighting
strategies could be employed, our words of warning stem from the common use of the RDS-II (Volz-Heckathorn)

weights in regression analyses of RDS samples.

Long recruitment chains are desirable to minimise the impact of the initial seeds on the final sample.
Simulation studies have shown that even with heavily biased seeds, only four or five waves are necessary to
ensure unbiased prevalence estimates (22). Papers often report the length of the longest recruitment chain,
but we have not found information regarding wave distribution in the literature. In the samples observed
here, all studies that reported maximum chain length of at least eight waves had five or more waves for the
median recruit (Figure 5.3). Studies offering only two coupons per participant achieved the longest chains,
while those offering five or more were the least likely to have a median chain length of at least five waves. We
encourage authors to report the wave of the median participant, ordered by recruitment timing, as a measure

of the potential dependency of the sample on the initial seeds.

We found no evidence that the pool of available recruits was depleted by the recruitment process for the samples
investigated here. Although Figure 5.4 indicates that the reported degree often decreases as recruitment

progresses (negative values indicate an inverse relationship between degree and wave), the magnitude of the
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decline is minimal, and there were a number of studies with sample size near 1,000 where the reported degree

actually increased with successive waves.

A limitation inherent in any survey is response bias and this survey is no exception. Despite a response rate
of 256%, there is sufficient evidence across many different target populations and countries to conclude that
reported degree distributions are severely right skewed and many remain skewed even after applying a log
transformation (Table C.1}, Appendix C). Future work will evaluate the impact of extremely skewed degree

on the accuracy of RDS prevalence estimators.

A valid RDS study will achieve a representative sample of the target population, and accurately estimate the
disease burden in that community. For researchers employing RDS methods we have two key findings: 1)
fewer coupons per participant may be useful in achieving longer recruitment chains and 2) reports of very
high network degrees are relatively common, and what constitutes an outlier is unclear. For researchers
investigating RDS estimator performance, we recommend using log normal distributions for reported degrees,
and recognising that degree is likely to be imprecisely reported by participants. Methodological work on
appropriate methods for RDS data will be most informative if validation is undertaken using data that reflects

what is observed in practice.
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Chapter 6

Performance of RDS Prevalence

Estimators

6.1 Abstract

Objective Respondent driven sampling (RDS) is used to measure disease prevalence in populations that are
difficult to reach, and often marginalized. The recently developed homophily configuration graph estimator
has been shown to be less biased than existing estimators, but the coverage rate has not yet been reported.
The aim of this study was to evaluate the performance of RDS estimators using real-world reports of personal

network.

Methods The performance of RDS estimators was evaluated under varying conditions of disease prevalence,
homophily and relative activity using simulated networks derived from real-world RDS studies and the

empirical Project-90 data set.

Results The naive sample mean over-estimates disease prevalence when those with a condition have more
network connections (activity) than others. The homophily configuration graph estimator has the least
amount of bias, but the coverage rate decreases when strong population homophily is present. The homophily
configuration graph is less sensitive to mis-specification of the population size than its predecessor, the

successive sampling estimator.
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Conclusion The homophily configuration graph estimator should be the preferred estimator of disease
prevalence for RDS studies. Across various populations this recently developed estimator has consistently low

bias, reasonable coverage and is robust to over-estimation of the population size.

6.2 Introduction

Random sampling is the gold standard for unbiased estimation of disease prevalence in a population. However,
when the target population is marginalized, or otherwise hidden among the general population, no sampling
frame exists. Respondent driven sampling (RDS) (22) is a chain-referral technique, and a well-established
method for obtaining asymptotically unbiased estimates of disease prevalence in these hidden populations.
Estimators that incorporate information about the target population and the recruitment process are essential
for accurate estimation of disease prevalence. RDS-specific estimators account for the increased likelihood of
sample inclusion for people with larger social networks, the tendency of people to cluster by disease status

(homophily) and differences in number of personal connections for different groups (relative activity).

A brief overview of the most commonly used estimators is presented below. Interested readers may refer to
Gile et al. (95) for a more detailed review. Early estimators were based on the assumption that recruitment
could be approximated by a Markov chain. A key insight was that the likelihood of inclusion in an RDS
sample is inversely proportional to the number of connections that a person has with other members of the
target population, their personal network degree. The first estimator of prevalence specific to RDS studies
was developed by Salganik and Heckathorn, the RDS-I or SH estimator. This estimator infers the prevalence
of disease in the population from the cross-group ties observed in the sample and respondent’s degree (42). A
subsequent estimator, developed by Volz and Heckthorn, the RDS-IT or VH estimator is an inverse-probability
weighted estimator (43), and remains the most commonly reported estimator of RDS prevalence. Both of
these estimators have the advantage of relying solely on sample data, with no required knowledge of the target
population. Gile’s successive sampling estimator, (44), was the first to model a true RDS process, of sampling
without replacement, and is more accurate than the previous estimators when the sample size is not a small
fraction of the population size. An improvement on Gile’s SS estimator has recently been suggested by Fellows
(45). This latest estimator, based on a homophily configuration graph (HCG), iteratively estimates network
degrees and the proportion of cross-group ties until the prevalence estimate converges. Several studies have
investigated the performance of RDS-specific estimators for disease prevalence (29,30,45,96,103). However, as
Gile et al. (95) state, none have identified a uniformly best estimator. Recently, Spiller et al. stated that the

SS estimator is superior to the RDS-II estimator unless the population size is ‘substantially underestimated’
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(49) and Fellows provided evidence that the HCG estimator is less biased than earlier estimators when the
sample size is large (45). As Goel and Salganik have noted (69), performance of RDS estimators is often
poor because of the high variability of the resulting estimates. This variability is also linked to the sampling

process; sampling with replacement results in larger design effects than sampling without replacement (45,69).

To construct valid confidence intervals requires accurate variance estimation. Lower than expected coverage
rates have been reported by several authors (29,30,49,69). Spiller et al. (49) conducted a systematic review
of commonly-used RDS variance estimators in RDS and reported the best coverage with Gile’s successive
sampling estimator, and unacceptably low coverage for the naive sample mean. Tree bootstrapping over
the RDS recruitment trees has been proposed to calculate confidence intervals around the RDS-II estimator
(30,104) and Green et al. (105) showed the consistency of the tree bootstrap method. We will not consider
tree bootstraps here because the method is overly conservative, with coverage rates in excess of nominal levels.
Rohe remarked that “studentized intervals from the A-tree-bootstrap often fail to be contained in [0, 1]” (104),
although bootstrap intervals computed using the percentile method performed somewhat better. Furthermore,
software for tree bootstrap intervals has only been developed for the RDS-II estimator, considerably limiting
its use. Both Gile’s SS estimator, and Fellows’ HCG estimator have been developed since Goel and Salganick’s
work (69) examining the coverage rate of the RDS-II estimator; to our knowledge the coverage rate of the
HCG estimator has not yet been reported. The objective of this study was to evaluate the accuracy and
coverage of RDS-specific prevalence estimators, to explore population characteristics associated with estimator

performance, and determine the optimal RDS estimator in practice.

6.3 Methods

To evaluate estimator performance, a number of populations were simulated to approximate real world
networks with various properties. RDS samples were drawn from these populations and the resulting statistics
were evaluated over 1000 simulations. Estimator performance was also evaluated using a real-world social

network, the Project 90 data set.

6.3.1 Simulated Data

Networked populations of size N = 20,000 with varying levels of disease prevalence (5% or 20%), homophily
(none, moderate or strong) and relative activity (equal activity, or higher activity for the groups with the
disease) were created to mimic real world networks. Network degree was drawn from actual reported degrees

compiled from 17 samples of men who have sex with men (106-108); these observed degrees are log normally
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distributed and commonly reported to the nearest 5 or 10. This was contrasted with network degree drawn
from a Poisson distribution with mean of 6, for comparison with Fellows (45). Full details are provided in

Appendix D.

RDS Sampling Process

For each population 1000 RDS samples were drawn to represent real world conditions.
1. Ten seeds were randomly selected from the network nodes.

2. Available neighbours were defined as connected nodes not already in the sample (i.e. sampling without

replacement).

3. For each node, between 0 and 3 recruits were sampled from the available neighbours with probability
(0.35, 0.15, 0.4, 0.1). These probabilities are based on the observed number of recruits reported across

many RDS samples (unpublished data).

4. Steps 2 and 3 were repeated until a sample size of 5000 was reached; smaller samples were obtained by

taking the first n recruits.

6.3.2 Statistical Analysis

The naive sample mean, RDS-I, RDS-II, Giles’ Successive Sampling (SS) estimator and the homophily
configuration graph estimator (HCG) were investigated. The RDS package, version 0.9-2 (59) available in
the R statistical programming language (54) was used for all parameter estimation. For the HCG estimator,
sampling wave was used as a proxy for recruitment time, because this information is reliably available to
researchers in practice. Violin plots were created to examine the accuracy of the point estimates and the
coverage rate, defined as the proportion of samples for which the 95% confidence interval contained the
true population proportion was calculated for each estimator. Because the SS and HCG estimators require
knowledge of the population size, which is often unknown, three variations of each of these estimators were
computed: using the known, true population size (N), using half the population size (N/2) and using twice
the population size (2N). Further sensitivity of the HCG estimator to gross mis-specification of N was

examined for cases where HCG was the preferred estimator.
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6.3.3 Empirical Application: Project 90

Project 90 was a study that collected full network data on a community of individuals at high risk of HIV
transmission. Originally published by Goal and Salganik (69), the data has subsequently been used in a
number of papers assessing RDS methods (30,45,109). The partial data set used here is available from the
Office of Population Research (https://opr.princeton.edu/archive/p90/) and contains information on fifteen
characteristics of 5475 individuals in a single network. One thousand RDS samples were drawn using the
method described above and relative bias (”Wi), root mean square error (RMSE) and coverage rate were
calculated for each estimator, for each characteristic. Estimator performance was then examined against the

homophily, prevalence and relative activity of each characteristic to determine which of these factors influence

estimator performance.

6.4 Results

6.4.1 Estimator Accuracy

Figure 6.1 shows the effect of personal network degree distribution (observed vs. Poisson) on estimator
variability for populations with equal relative activity and no homophily. Populations modelled with real-world
reported network degrees (log normally distributed), produce RDS-adjusted estimates with a small negative
bias, more variability and lower coverage rates than those with Poisson-distributed degrees. The following

results focus only on simulations conducted with real world reported degrees.

Figure 6.2 illustrates estimator performance for different sample sizes, disease prevalence and relative activity.
The homophily configuration graph estimator (HCG) performs well when there is elevated network activity
(i.e. greater degree for those with the disease) and is reasonably robust to mis-specification of the population
size. The naive estimator performs well when there is equal activity between groups, but substantially
over-estimates the population prevalence when there is elevated activity. The remaining RDS-adjusted
estimators tend to under-estimate prevalence in the presence of elevated activity. Moderate homophily in the
network did not substantially affect estimator performance as the plots for populations with no homophily
were nearly identical (not shown). However, strong homophily increases estimator variance substantially, and

for n << N, produces negatively biased RDS-II and SS estimators, as indicated in Figure 6.3.
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Poisson Real World Reported Degree
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Figure 6.1: Comparison of RDS estimators for populations with network degree from real world samples (log
normally distributed) and assuming a Poisson distribution. Populations were modelled with equal relative
activity (w = 1), no homophily (q=1), and moderate disease prevalence (7 = 0.2). One thousand RDS
samples of size n=500 were drawn from each population. Coverage rates of the 95% confidence intervals are

shown in the right margin.
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Figure 6.2: Performance of RDS estimators for simulated populations with either greater activity among those
with the disease (top row) or equal activity (bottom row). Moderate population homophily was modelled.
For small samples n = 500, large samples used n = 5000, (5 = 0.25). One thousand RDS samples were

drawn from each population.
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Figure 6.3: Performance of RDS estimators under strong network homophily with prevalence of 0.2. Simulated
populations had either greater activity among those with the disease (top row) or equal activity (bottom row).
For small samples, n = 500, large samples used n = 5000, (§ = 0.25). One thousand RDS samples were

drawn from each population. Coverage rates of the 95% confidence intervals are shown in the right margin.
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Figure 6.4: Coverage rates of 95% confidence interval around RDS estimators for different sample sizes,

relative activity and prevalence levels when moderate homophily is present.
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6.4.2 Coverage Rates

Coverage rate, the number of simulations in which the population parameter is contained in the 95% confidence
interval, is shown in Figure 6.4. RDS specific estimators perform much better than the naive sample mean
when there is elevated activity in the disease group. The RDS-I confidence intervals are too narrow in all
situations, leading to low coverage. The SS estimator performs well when the population size is correctly
specified; however, the HCG is more robust to mis-specification of the population size. When strong homophily
is present, coverage rates are reduced for all estimators, but remain highest for the HCG estimator (Figure
6.3). In the case of strong homophily, the HCG estimator is also robust to extreme mis-specification of the

population sample size, as shown in Figure D.1, Appendix D.

6.4.3 Predictors of Estimator Performance

The naive estimator is sensitive to both the level of relative activity and the population prevalence (Figures
6.2 and 6.3), the HCG estimator maintains lower bias, but is sensitive to strong homophily. In Appendix D,
Table D.1 illustrates the performance of the naive and HCG estimators across the simulated populations
for various sample sizes. Results from the Project 90 network (Figure 6.5) support these findings; the
HCG estimator is consistent across characteristics while the naive estimator performs poorly when there is
unequal activity between groups. The ‘non-white’” attribute, for which there was considerable variability and
poor coverage is also the attribute with the greatest homophily. The sensitivity of the HCG estimator to
extreme mis-specification of population size was assessed and was found to perform well when population
size was over-estimated by a factor of ten, but performed poorly when population size was substantially

under-estimated, see Figures D.1 and D.2, Appendix D.

6.5 Discussion

These results indicate that the second generation of RDS estimators, Gile’s SS estimator and its successor, the
HCG estimator, have improved accuracy and coverage relative to the earlier RDS-I and RDS-II estimators.
Because the HCG estimator is more robust to mis-specification of the population size, we recommend it as the
preferred estimator for RDS studies. Despite the superior performance of the RDS-adjusted estimators when
there is elevated relative activity, the variance of these estimators is underestimated. Variance estimation for
the HCG estimator is based on bootstrap resampling of an estimated population graph which models both

the degree distribution and the number of connections between groups (Fellows, personal communication).
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Figure 6.5: Estimator performance based on Project 90 network data. Homophily is shown an average

homophily across RDS samples.

78



Nevertheless, the coverage rate is sensitive to the degree distribution. As shown in Figure 6.1, if a Poisson
degree distribution is assumed the range of estimates is much more concentrated around the population value
of 0.2 (range: 0.136 to 0.269), then using real world reported degrees (range: 0.081 to 0.404). This research
largely corroborates previous findings that the variability of RDS-adjusted estimators is not fully captured.
Our simulations resulted in coverage rates in line with those observed in real-world networks, as a result of

using log normally distributed degree.

Our results suggest that relative activity is the primary indicator of estimator performance. The naive sample
mean is a surprisingly accurate estimator when there is equal activity between groups within the population,
as evidenced both through the simulation study and the Project-90 network. Unfortunately, the relative
activity for a population can not be accurately estimated from RDS samples and therefore the naive sample
mean should not be used in practice. In networks with differential relative activity, estimator performance is
related to attribute prevalence and sampling proportion. When the sampling proportion is small (§ = 0.025),
the RDS-II, SS and HCG estimators all perform well, while the RDS-I estimator has similar accuracy, but
poor coverage (Figure 6.4). However, when the sampling fraction is a significant proportion of the population
(% = 0.25), coverage rates are poor for all but the SS and HCG estimators. The HCG estimator is more

robust to mis-specification of the population sample size than the SS estimator.

If population size is underestimated by a factor of two then coverage rate of the SS estimator was reduced to
0.25 for prevalence of 0.2 under elevated activity (Figure 6.4, top right plot). After accounting for differential
activity, moderate homophily, similar to that observed in the Project 90 data, does not influence performance
of the HCG estimator; this was also reported by Fellows who used a different degree distribution and also
examined seed bias (45). However, when strong homophily is present, the variability of all estimators increases

substantially, and only the HCG and RDS-I estimators remain unbiased (Figure 6.3).

The Project 90 data supports our simulation results, specifically that relative activity and strong homophily
influence estimator performance. For the Project 90 data, the naive estimator only outperformed the HCG
for the retired and housewife attributes, which had approximately equal activity. For the characteristics with
elevated activity: thief, drug dealer, pimp, sex worker and unemployed, the naive estimator over estimated
prevalence substantially. Conversely, the naive estimator under-estimated prevalence for the sex work client
characteristic, which exhibited reduced activity. The coverage rate, while often below the nominal level of
0.95, was greater than 0.75, except for the non-white characteristic. Among all the Project 90 characteristics,

ethnicity displayed the greatest homophily, so the low coverage rate is unsurprising (Figure 6.5).
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The naive estimator is accurate under equal activity and the RDS-I estimator performs well when there is
strong homophily. However, information about the entire population is required to know the true relative
activity and homophily. Anecdotal evidence suggests that the main barrier to uptake of more recent estimators
is the requirement to specify the population size, an unknown quantity in most applications of RDS. Our
results suggest that the HCG estimator should be used in preference to the popular RDS-II estimator, which
has overly narrow confidence intervals when differential activity exists and the sampling fraction is large. If
the population size is unknown a high estimate should be provided because substantial under-estimation of
the population size results in poor performance of the HCG estimator (Figure D.2, Appendix D). Therefore,
our recommendation is clear: the HCG estimator should be used for all RDS studies. Moreover, this estimator
is available in the RDS package for R (59) and is easily implemented in practice. Finally, naive proportions
(and confidence intervals) should always be reported in addition to RDS-adjusted estimates. A discrepancy
between the naive population prevalence and the HCG estimator may indicate differential activity and this
may be useful information in its own right. The use of the HCG estimator will improve both future RDS
studies and can easily be applied to historical data sets to monitor prevalence over time, improving inference

from RDS data.
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Chapter 7

Discussion

The motivation for this thesis was to explore causes of cardiovascular disease among the urban Indigenous
community in southern Ontario. Members of the Indigenous community in Hamilton and Toronto, Ontario
were sampled using respondent driven sampling as part of the Our Health Counts initiative. The non-random
nature of this sampling technique requires that special consideration be given to the statistical analyses of the
OHC samples, which motivated the methodological components of this thesis. The first study investigated
which regression methods were most appropriate for use with RDS data. These results were used in the
second study, to develop and validate a model of cardiovascular disease in urban Indigenous communities.
Investigating regression methods raised questions regarding the distribution of personal network degree, which
motivated the third study, a survey of recent RDS manuscripts to describe the characteristics of RDS samples.
These survey results were then incorporated into a fourth study examining RDS prevalence estimators to

make recommendations regarding estimation of disease prevalence using RDS data.

7.1 Contributions

Prior to this work, there was no consensus in the literature regarding regression analyses in respondent driven
sampling. The two main strategies were to either 1) ignore the sampling design and conduct regression as if a
random sample had been chosen (31,32) or, 2) to incorporate RDS weights into the observations and perform
a weighted regression, giving greater weight to those with a lower probability of being included in the sample

(33-35,37,50). The first study, found that, when observations were adjusted for the RDS design, prevalence
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was estimated correctly, but regression parameters were not. Regression estimates using RDS-weighted
observations displayed inflated type I error rates and were biased. This has important implications for how
RDS samples are analysed. If RDS samples are used to determine the prevalence of a condition within
the target population, then it is essential to consider the sampling design and adjust for the differences in
sampling probability caused by an individual’s degree of connectedness with others in the population. If the
data are further examined, to explore factors associated with the condition of interest, then all members
of the sample should be given equal weighting in the analysis. The results of this study imply that RDS
study design affects the number of people in the sample with a condition, but not the relationship between

predictors and outcome.

The model of cardiovascular disease provides some evidence of an association between experiences of discrimi-
nation and cardiovascular disease. Discrimination against Indigenous people in Canadian health care settings
has been documented in the peer-reviewed literature (110,111), the Canadian press [(112);Brohman2017] and
was the subject of a recent book by Geddes, Medicine Unbundled (113). There is little doubt that discrimi-
nation against Indigenous people occurs in Canada, but its impact on health outcomes is not well known.
Applying a collaborative analytic approach, which privileged Indigenous clinical and research experience, and
incorporated findings from the data, prevalent cardiovascular disease among the Indigenous community living
in Toronto was modelled. This model indicated that previous experience of discrimination was associated
with a 50% increase in the likelihood of suffering from CVD, albeit with a wide confidence interval (0.89, 2.80)
that allowed for statistical variation as a potential explanation for the findings. Because the model building
process relied on careful examination of the candidate variables after the data were collected, it was essential
to apply the model to a distinct sample to verify its validity. The validation step was performed using RDS
data from Hamilton, Ontario, a community close to Toronto, where the original sample was located. The
effect of discrimination was more pronounced in the Hamilton sample, with a two-fold increase in risk of
CVD for those reporting discrimination and narrower confidence intervals indicative of a true association.
Discrimination has no place in an equitable society. Increasing the body of evidence linking discrimination
to morbidity provides further motivation to implement and enact policies that eliminate discrimination in

Canadian society.

Little was known about the RDS-specific characteristics of RDS samples prior to this work. Traditionally,
Table 1 of an epidemiological study presents demographic characteristics of the sample, and for an RDS
sample, this might include RDS-adjusted prevalence. Details about participant’s personal network size and

the number of participants recruited by participants are not generally reported. The most important finding
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from the survey of RDS studies is that personal degree report is log normally distributed, and that reports of
large network degree are common. This is important for research into RDS estimators because log normal
degree distributions result in larger variation in prevalence estimates than was previously assumed. This in
turn results in lower coverage rates for confidence intervals around prevalence estimators, and indicates the

need for larger samples to obtain precise estimates.

The final contribution of this thesis was to evaluate RDS prevalence estimators informed by real-world
reported degree reports. Properties of RDS estimators have been reported in the literature, but the coverage
rate of the newest estimator, the HCG, had not been reported, and had not been investigated using log
normally distributed degree reports. Using simulation and a real-world network of people at increased risk
of HIV the HCG estimator was found to perform well under all simulated conditions, in addition to the
real-world network. The HCG estimator was also found to be robust to poorly specified population size, as

long as the population size was over-estimated, and not under-estimated.

7.2 Study Implications

Results of this thesis provide advice for epidemiologists, methodologists and policy makers. For epidemiologists
who are designing RDS studies the important recommendations are to: 1) restrict coupons to increase the
length of recruitment chains to limit seed bias; 2) use the new HCG estimator for measuring disease prevalence;
3) to use caution determining who is considered an outlier with respect to degree size; and, 4) to weight all
participants equally in regression analyses For methodologists working to improve inference from RDS data
the finding that degree reports are highly skewed should be incorporated into future evaluations of RDS
estimators, particularly into assessments of estimator variability. This may prove useful in a Bayesian model
of disease prevalence. For policy makers, the important finding is that discrimination may be associated with
increased rates of CVD among the Indigenous community. As Chae et al. (94) have shown, the effects of
discrimination can be difficult to isolate, given the effect of internalised negative stereotypes, which makes
studying discrimination difficult and requires prospective studies designed specifically to estimate the causal
effect of discrimination. This should be a priority area of research and policy focus. Eliminating discrimination
is an achievable and worthy goal; better understanding the mechanisms by which it adversely impacts health

should further motivate change to end inequitable treatment.
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7.3 Strengths

The methodological studies in this thesis filled gaps in the knowledge of appropriate statistical analyses of
RDS data. Using simulation studies, a wide variety of population and estimator conditions were explored
and, because the populations were simulated, it was possible to know the true population parameters and to
explore and describe how different regression techniques and prevalence estimators perform. The model of
prevalent cardiovascular disease was based on cross-sectional data as opposed to prospective longitudinal
data, which ordinarily would be a limitation of the model. However, replicating and validating the model on

an independent data set from Hamilton provides greater confidence in the results.

7.4 Limitations

Simulation studies are by definition limited in their scope. In theory, using simulation it is possible to explore
every conceivable permutation of population characteristics, such as disease prevalence, homophily, relative
activity and degree distribution. In practice however, computational resources limit the number of scenarios
that can be examined. Future work could involve the development of sample-driven simulations, in which the
population characteristics are estimated from a sample, and are input into an automated simulation program
that evaluates statistical techniques in populations most likely to represent the target population. For the
study modelling CVD, the main limitations are the use of self-reported data that are cross-sectional. Future
work should use outcomes that have been developed and validated to measure discrimination, and record

incident CVD prospectively to better evaluate the causal linkage between discrimination and CVD.

7.5 Conclusion

Respondent driven sampling provides a valuable tool for studying the health of populations who are otherwise
difficult to reach or sample. This collective body of work advances our knowledge regarding the analyses of
RDS samples and contributes to our knowledge regarding social determinants of cardiovascular disease in the

urban Indigenous community in Southern Ontario.
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Appendix A

Supplemental Material For Regression

Methods
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Figure A.1: Reported degree from the Our Health Counts Hamilton Study. The full range of reported degrees

is shown in A, and a reduced range of degree < 125 is shown in B.
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Figure A.2: Simulated degree used as the generating distribution for the simulated networked populations.

The full range of reported degrees is shown in A, and a reduced range of degree < 125 is shown in B.
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Table A.1: Observed type I error rate for all models and simulated

populations.

Prevalence = 10% Prevalence = 30% Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5

—

0.051 0.037 0.034 0.037 0.048 0.035 0.041 0.038 0.035 0.041 0.051 0.075

2 0.524 0.499 0.490 0.499 0.583 0.581 0.571 0.555 0.563 0.600 0.592 0.566
3 0.052 0.036 0.033 0.038 0.048 0.039 0.033 0.046 0.035 0.043 0.045 0.075
4 0.519 0.505 0.482 0.477 0.584 0.583 0.576 0.551 0.565 0.606 0.586 0.550
) 0.068 0.048 0.043 0.053 0.050 0.037 0.041 0.038 0.035 0.039 0.051 0.072
6 0.080 0.085 0.081 0.073 0.060 0.072 0.063 0.066 0.068 0.055 0.064 0.060
7 0.066 0.048 0.042 0.052 0.050 0.037 0.040 0.038 0.035 0.037 0.051 0.072
8 0.079 0.085 0.080 0.073 0.060 0.072 0.062 0.065 0.068 0.053 0.063 0.058
9 0.083 0.084 0.082 0.079 0.059 0.073 0.062 0.065 0.069 0.062 0.071 0.060

10 0.080 0.082 0.080 0.078 0.058 0.073 0.059 0.063 0.067 0.062 0.069 0.060

11 0.051 0.036 0.034 0.059 0.048 0.037 0.041 0.039 0.035 0.040 0.051 0.079
12 0.509 0.505 0.498 0.528 0.582 0.575 0.563 0.545 0.545 0.585 0.571 0.558
13 0.051 0.037 0.033 0.039 0.046 0.039 0.039 0.036 0.036 0.040 0.050 0.071
14 0.050 0.035 0.029 0.031 0.045 0.032 0.040 0.026 0.034 0.040 0.041 0.059
15 0.055 0.026 0.033 0.050 0.046 0.041 0.042 0.038 0.030 0.038 0.048 0.068

16 0.157 0.131 0.129 0.143 0.129 0.105 0.122 0.121 0.092 0.120 0.106 0.183
17 0.173 0.183 0.177 0.167 0.149 0.159 0.156 0.156 0.137 0.131 0.151 0.138
18 0.051 0.037 0.037 0.043 0.045 0.037 0.041 0.038 0.038 0.038 0.050 0.078
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Table A.1: Observed type I error rate for all models and simulated

populations. (continued)

Prevalence = 10% Prevalence = 30% Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5

19 0.049 0.034 0.032 0.041 0.049 0.034 0.039 0.035 0.031 0.038 0.051 0.069
20 0.061 0.046 0.045 0.051 0.051 0.038 0.038 0.041 0.035 0.040 0.051 0.070

21 0.060 0.045 0.043 0.051 0.049 0.037 0.038 0.037 0.032 0.040 0.050 0.068
22 0.061 0.045 0.043 0.051 0.051 0.037 0.038 0.040 0.034 0.040 0.051 0.070
23 0.061 0.045 0.043 0.051 0.051 0.037 0.038 0.039 0.034 0.040 0.051 0.069
24 0.043 0.033 0.027 0.031 0.023 0.021 0.013 0.014 0.003 0.011 0.008 0.012
25 0.507 0.485 0.471 0.491 0.518 0.523 0.507 0.495 0.440 0.456 0.480 0.453

26 0.042 0.028 0.026 0.029 0.025 0.021 0.015 0.010 0.003 0.011 0.008 0.011
27 0.498 0.481 0.468 0.430 0.520 0.505 0.504 0.448 0.436 0.451 0.457 0.409
28 0.045 0.033 0.027 0.055 0.024 0.023 0.013 0.012 0.003 0.011 0.008 0.012
29 0.483 0.490 0.469 0.507 0.512 0.505 0.489 0.467 0.399 0.413 0.441 0.418
30 0.162 0.133 0.134 0.144 0.131 0.107 0.124 0.124 0.094 0.123 0.109 0.183

31 0.181 0.192 0.189 0.174 0.166 0.168 0.162 0.170 0.144 0.147 0.156 0.142

Hx = population homophily
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Table A.2: Observed coverage rate for all models and simulated

populations.

Prevalence = 10% Prevalence = 30% Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5

—

0.955 0.935 0.939 0.944 0.970 0.960 0.954 0.959 0.952 0.955 0.962 0.963

2 0.435 0.457 0.509 0.470 0.408 0.437 0.436 0.439 0.434 0.421 0.419 0.434
3 0.957 0.937 0.947 0.938 0.963 0.965 0.952 0.958 0.955 0.954 0.962 0.969
4 0.435 0.472 0.485 0.473 0.414 0.431 0.444 0.443 0.435 0.415 0.433 0.440
) 0.956 0.936 0.942 0.947 0.959 0.952 0.951 0.961 0.948 0.954 0.962 0.958
6 0.880 0.911 0.912 0.898 0.896 0.907 0.893 0.905 0.922 0.909 0.901 0.906
7 0.956 0.938 0.945 0.947 0.959 0.952 0.952 0.962 0.949 0.954 0.962 0.958
8 0.881 0.911 0.912 0.899 0.896 0.909 0.893 0.905 0.922 0.909 0.904 0.907
9 0.877 0.915 0.911 0.892 0.897 0.906 0.891 0.901 0.922 0.907 0.906 0.906

10 0.879 0.916 0.912 0.894 0.898 0.907 0.893 0.902 0.924 0.908 0.907 0.907

11 0.956 0.934 0.933 0.939 0.967 0.964 0.955 0.961 0.953 0.957 0.959 0.972
12 0.388 0.437 0.435 0.414 0.377 0.384 0.421 0.397 0.406 0.384 0.374 0.402
13 0.959 0.935 0.946 0.943 0.964 0.963 0.954 0.960 0.952 0.958 0.961 0.966
14 0.958 0.938 0.940 0.945 0.970 0.966 0.955 0.965 0.952 0.957 0.966 0.970
15 0.915 0.887 0.894 0.732 0.932 0.922 0.918 0.723 0.944 0.933 0.943 0.637

16 0.957 0.937 0.942 0.946 0.961 0.948 0.944 0.963 0.947 0.954 0.964 0.957
17 0.876 0.914 0.909 0.891 0.896 0.905 0.891 0.903 0.920 0.907 0.905 0.907
18 0.923 0.909 0.942 0.920 0.948 0.942 0.943 0.955 0.946 0.944 0.952 0.948

102



Table A.2: Observed coverage rate for all models and simulated

populations. (continued)

Prevalence = 10% Prevalence = 30% Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5

19 0.914 0.905 0.939 0.910 0.944 0.944 0.939 0.950 0.945 0.946 0.950 0.954
20 0.955 0.933 0.938 0.941 0.955 0.947 0.943 0.962 0.948 0.947 0.963 0.948

21 0.957 0.935 0.942 0.943 0.956 0.950 0.947 0.963 0.949 0.948 0.964 0.948
22 0.957 0.936 0.942 0.945 0.956 0.950 0.949 0.963 0.949 0.948 0.964 0.948
23 0.956 0.933 0.939 0.942 0.956 0.950 0.946 0.963 0.949 0.949 0.964 0.948
24 0.933 0.942 0.952 0.948 0.964 0.966 0.952 0.972 0.994 0.987 0.969 0.969
25 0.445 0.418 0.427 0.433 0.463 0.428 0.457 0.459 0.518 0.481 0.490 0.465

26 0.929 0.940 0.953 0.908 0.962 0.968 0.972 0.974 0.995 0.992 0.982 0.993
27 0.442 0.429 0.487 0.517 0.457 0.452 0.495 0.553 0.514 0.500 0.518 0.555
28 0.940 0.943 0.956 0.947 0.964 0.966 0.952 0.971 0.994 0.987 0.969 0.969
29 0.363 0.393 0.406 0.427 0.410 0.408 0.428 0.435 0.504 0.462 0.479 0.459
30 0.847 0.823 0.880 0.875 0.863 0.909 0.840 0.874 0.921 0.870 0.785 0.818

31 0.736 0.725 0.750 0.709 0.807 0.766 0.791 0.774 0.867 0.840 0.818 0.793

Hx = population homophily
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Table A.3: Bias with respect to the mean for all models and simu-

lated populations.

Prevalence = 10%

Prevalence = 30%

Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx 1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx 1.25 Hx 1.5
1 -0.3 -1.3 -1.0 -0.1 10.2 -2.1 5.7 1.9 -0.6 0.1 12.1 0.2
2 36.4 27.5 26.1 31.5 17.8 16.3 15.4 17.3 14.0 17.3 15.6 15.5
3 0.9 0.1 1.1 1.8 11.1 -1.2 6.9 3.2 0.1 0.8 13.2 2.2
4 39.9 324 34.1 42.4 21.4 20.1 19.1 22.6 16.5 20.1 18.4 19.7
5 -0.3 -1.3 -1.0 -0.1 10.2 -2.1 5.7 1.9 -0.6 0.1 12.1 0.2
6 36.4 27.5 26.1 31.5 17.8 16.3 15.4 17.3 14.0 17.3 15.6 15.5
7 -0.3 -1.3 -1.0 -0.1 10.2 -2.1 5.7 1.9 -0.6 0.1 12.1 0.2
8 36.4 27.5 26.1 31.5 17.8 16.3 15.4 17.3 14.0 17.3 15.6 15.5
9 36.4 27.5 26.1 31.5 17.8 16.3 15.4 17.3 14.0 17.3 15.6 15.5

10 36.4 27.5 26.1 31.5 17.8 16.3 15.4 17.3 14.0 17.3 15.6 15.5
11 0.9 0.2 1.1 2.9 11.0 -1.1 7.0 3.6 0.0 0.9 13.4 1.9
12 74.1 56.3 62.3 66.4 37.3 37.0 34.3 37.1 30.7 34.0 32.6 32.4
13 1.5 0.5 0.9 1.6 11.4 -0.9 6.9 3.1 0.4 1.1 13.4 1.6
14 0.2 -1.0 -0.8 0.3 10.6 -1.7 5.9 2.3 -0.3 0.2 12.2 0.9
15 2.5 19.7 -4.2 -13.0 10.6 -2.5 0.9 -12.9 -0.6 -1.3 6.1 -15.6
16 -0.3 -1.3 -1.0 -0.1 10.2 -2.1 5.7 1.9 -0.6 0.1 12.1 0.2
17 36.4 27.5 26.1 31.5 17.8 16.3 15.4 17.3 14.0 17.3 15.6 15.5
18 -0.2 -1.3 -1.1 -0.6 10.1 -2.2 5.6 1.3 -0.7 0.0 11.8 -0.6
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Table A.3: Bias with respect to the mean for all models and simu-

lated populations. (continued)

Prevalence = 10%

Prevalence = 30%

Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5
19 0.6 2.1 -0.3 3.3 10.4 -2.2 5.6 0.7 -0.7 0.0 11.8 -1.1
20 0.6 2.1 -0.3 3.3 10.4 -2.2 5.6 0.7 -0.7 0.0 11.8 -1.1
21 0.6 2.1 -0.3 3.3 10.4 -2.2 5.6 0.7 -0.7 0.0 11.8 -1.1
22 0.6 2.1 -0.3 3.3 10.4 -2.2 5.6 0.7 -0.7 0.0 11.8 -1.1
23 0.6 2.1 -0.3 3.3 10.4 -2.2 5.6 0.7 -0.7 0.0 11.8 -1.1
24 7.5 9.3 6.2 6.9 3.7 3.0 4.8 3.8 2.2 3.0 3.9 3.5
25 16.0 17.3 15.5 16.1 6.7 7.7 7.2 7.5 4.4 4.7 4.9 5.6
26 8.2 9.5 3.3 -2.0 4.0 2.9 3.4 -0.6 2.3 2.8 2.9 0.2
27 16.8 18.0 12.6 6.6 7.1 7.7 5.9 2.7 4.6 4.8 3.9 2.2
28 7.9 9.6 6.4 7.2 3.8 3.0 4.8 3.8 2.2 3.0 3.9 3.5
29 22.0 22.7 19.5 18.5 8.4 9.3 8.8 8.6 5.2 5.6 5.7 6.2
30 7.5 9.3 6.2 6.9 3.7 3.0 4.8 3.8 2.2 3.0 3.9 3.5
31 16.0 17.3 15.5 16.1 6.7 7.7 7.2 7.5 44 4.7 4.9 5.6

Hx = population homophily
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Table A.4: Bias with respect to the median for all models and

simulated populations.

Prevalence = 10%

Prevalence = 30%

Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx 1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx 1.25 Hx 1.5
1 -5.4 -6.6 -6.1 -5.4 7.2 -4.8 2.0 -2.0 -3.8 -2.5 9.5 -1.6
2 15.9 9.9 9.3 13.8 7.5 7.9 4.9 6.8 7.2 6.4 7.9 4.6
3 -3.7 -4.9 -3.8 -4.4 7.7 -4.0 2.6 -0.8 -3.0 -1.6 11.0 -0.8
4 17.7 13.0 16.4 19.1 10.8 10.6 7.1 9.0 8.8 9.0 9.5 7.9
5 -5.4 -6.6 -6.2 -5.4 7.2 -4.8 2.0 -2.0 -3.8 -2.5 9.5 -1.6
6 15.9 9.9 9.2 13.8 7.5 7.9 4.9 6.8 7.2 6.5 7.9 4.6
7 -5.4 -6.6 -6.2 -5.4 7.2 -4.8 2.0 -2.0 -3.8 -2.5 9.5 -1.6
8 15.9 9.9 9.2 13.8 7.5 7.9 4.9 6.8 7.2 6.5 7.9 4.6
9 15.9 9.9 9.2 13.8 7.5 7.9 4.9 6.8 7.2 6.5 7.9 4.6

10 15.9 9.9 9.2 13.8 7.5 7.9 4.9 6.8 7.2 6.5 7.9 4.6
11 -4.5 -5.5 -4.7 -3.0 8.2 -4.2 2.8 -0.6 -3.2 -1.6 10.8 0.0
12 41.0 314 33.2 36.3 24.9 26.0 19.6 22.8 20.7 22.6 234 19.0
13 -3.9 -4.9 -4.5 -4.0 8.2 -3.8 2.9 -0.9 -2.6 -1.6 11.0 0.1
14 -4.6 -6.4 -5.7 -5.1 7.4 -4.5 2.0 -1.7 -3.5 -2.3 10.1 -0.1
15 -3.3 -6.4 -10.5 -18.0 7.2 -5.3 -3.1 -15.8 -3.2 -3.7 3.6 -17.6
16 -5.4 -6.6 -6.1 -5.4 7.2 -4.8 2.0 -2.0 -3.8 -2.5 9.5 -1.6
17 15.9 9.9 9.3 13.8 7.5 7.9 4.9 6.8 7.2 6.4 7.9 4.6
18 -5.0 -6.5 -6.0 -5.7 7.2 -4.9 2.0 -2.6 -3.6 -2.3 9.4 -2.3
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Table A.4: Bias with respect to the median for all models and

simulated populations. (continued)

Prevalence = 10% Prevalence = 30% Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5

19 -4.9 -6.3 -5.6 -5.8 7.6 -4.7 2.0 -3.5 -3.7 -2.2 9.4 -3.2
20 -4.9 -6.3 -5.6 -5.8 7.6 -4.7 2.0 -3.9 -3.7 -2.2 9.4 -3.2
21 -4.9 -6.3 -5.6 -5.8 7.6 -4.7 2.0 -3.5 -3.7 -2.2 9.4 -3.2
22 -4.9 -6.3 -5.6 -5.8 7.6 -4.7 2.0 -3.9 -3.7 -2.2 9.4 -3.2
23 -4.9 -6.3 -5.6 -5.8 7.6 -4.7 2.0 -3.5 -3.7 -2.2 9.4 -3.2
24 6.2 9.2 4.6 4.8 3.2 2.6 4.2 3.1 2.0 2.8 3.6 3.4
25 12.5 14.2 13.9 13.4 6.0 7.3 6.6 6.6 4.2 4.3 4.7 5.0
26 6.6 9.1 2.0 -3.8 3.6 2.5 3.0 -1.0 2.0 2.7 2.6 0.1
27 13.5 14.5 10.5 3.8 6.3 7.1 5.3 2.2 4.5 4.4 3.6 1.6
28 6.6 9.4 5.1 5.1 3.2 2.6 4.3 3.2 2.0 2.8 3.6 3.4
29 18.9 19.8 17.2 15.3 7.8 8.5 8.3 7.9 5.1 5.4 5.4 5.5
30 6.2 9.2 4.6 4.8 3.2 2.6 4.2 3.1 2.0 2.8 3.6 3.4
31 12.5 14.2 13.9 13.4 6.0 7.3 6.6 6.6 4.2 4.3 4.7 5.0

Hx = population homophily
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Table A.5: Predictive accuracy across simulated populations for select models.

Prevalence = 10% Prevalence = 30% Prevalence = 50%

Model Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5 Hx 1.0 Hx 1.1 Hx1.25 Hx 1.5

1 93.3 93.4 93.5 93.6 87.0 86.2 86.8 87.0 83.9 84.0 84.7 83.7
3 93.3 93.5 93.8 94.3 87.1 86.4 87.4 88.3 84.0 84.1 85.5 85.5
) 93.3 93.4 93.5 93.6 87.0 86.2 86.8 87.0 83.9 84.0 84.7 83.7
7 93.3 93.4 93.5 93.6 87.0 86.2 86.8 87.0 83.9 84.0 84.7 83.7
11 93.3 93.4 93.5 93.6 87.0 86.2 86.9 87.0 83.9 84.0 84.7 83.7
13 93.3 93.4 93.5 93.6 87.0 86.2 86.9 87.0 83.9 84.0 84.7 83.7
14 93.3 93.4 93.4 93.6 87.0 86.2 86.8 86.9 83.9 83.9 84.7 83.6
21 93.3 93.4 93.5 93.6 87.0 86.2 86.8 87.0 83.9 84.0 84.7 83.7
22 93.3 93.4 93.5 93.6 87.0 86.2 86.8 87.0 83.9 84.0 84.7 83.7
24 92.8 92.8 93.1 93.2 84.2 83.9 84.7 84.1 80.9 80.5 81.2 80.8
26 92.9 92.9 93.2 93.6 84.2 84.0 85.0 85.0 81.0 80.7 81.7 82.0
28 92.8 92.8 93.1 93.2 84.2 83.9 84.7 84.0 80.9 80.5 81.2 80.8

Hx = population homophily
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Figure A.3: Distribution of the odds ratio estimates from unweighted and weighted logistic regression models

fit with the glm function in R (models 1 and 2). No adjustments were made for clustering.
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Figure A.4: Network degree from two RDS samples drawn from population with 10% prevalence and
homophily of 1 that produced the smallest and largest weighted odds ratios. Top panels are members of
G1, bottom panels are members of G2. The population OR and RR were 7.59 and 2.86, respectively. For
Sample 1: unweighted OR = 3.2 weighted OR =2.3, unweighted RR = 2.5, weighted RR = 2.0. For Sample
2: unweighted OR = 17.9, weighted OR = 73.7, unweighted RR = 4.2, unweighted RR = 4.1.
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Appendix B

Supplemental Material For Model of

Cardiovascular Disease

B.1 Specific decisions regarding variable inclusion

B.1.1 Outcome

An affirmative answer to either of the following questions was considered prevalence CVD: Have you been told

by a healthcare provider that you have any of the following chronic health conditions: Stroke or Heart Disease.

B.1.2 Body size

Overweight and obesity are well-established risk factors for CVD, but the best approach for modelling BMI is
unclear. A j-shaped relationship has been reported, with both underweight and overweight/obese individuals
at increased risk relative to those of normal weight (91,114). Body weight and height were measured in
the study and body mass index (BMI) was calculated. To determine whether BMI should be treated as a
continuous predictor we examined plots of CVD prevalence across commonly considered ordinal levels of BMI:
underweight (<18.5) healthy weight (18.5-25) overweight (>25), obese I (>30) obese II (> 35) and obese III
(>40). Plots indicated that, relative to people with healthy weight, both underweight and obese individuals

had higher CVD prevalence, but overweight people had slightly lower prevalence, this was confirmed with a
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Poisson regression which controlled for age. Based on these findings we chose to model BMI as a categorical
variable with healthy/overweight forming the reference category, underweight as a distinct group and all

levels of obesity grouped together.

B.1.3 Diabetes and Hypertension

Ohishi described a complicated relationship among hypertension, diabetes, obesity and CVD in which the
risk of CVD is greater if both conditions are present than for either condition alone (115). We were limited
in our analysis to self-reported hypertension and diabetes. To ensure a model that reflected our knowledge of
the biological mechanisms contributing to CVD we created a combined variable which classified participants
into four groups: 1) those reporting neither condition, 2) those with diabetes alone, 3) hypertension alone or
4) those with both conditions. Mathematically this approach is identical to modelling an interaction term
between diabetes and hypertension, but we chose this approach because it provides a very clear interpretation

of the risk associated with the individual and combined conditions.

B.1.4 Cigarette Smoking

Smoking is an important risk factor for CVD, even in small quantities. Hackshaw et al. (89) reported a
non-linear relationship between risk and number of cigarettes smoked, with a high level of risk associated
with minimal exposure (1 cigarette per day). In the OHC sample, 67% were current smokers, and were less
likely to have CVD than non-smokers. We suspect that lower smoking rates among those with diagnosed
CVD may be a result of smoking cessation subsequent to a CVD diagnosis. Because smoking behaviour may
be affected by a diagnosis of CVD and because no data is available regarding smoking history we excluded

smoking in our multivariable model.

B.1.5 Exercise

The role of exercise in cardiovascular health is well established (116). In the OHC Toronto sample, the
self-reported number of days a week spent exercising was very similar for both those with and without CVD
and level of exercise was high, with the majority of participants in both groups reported exercising seven
days a week. After adjusting for age, there was no association between days of exercise per week and CVD

(RR = 0.99, 95% CI 0.92, 1.08) so exercise was not included in our multivariable model.
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B.1.6 Education

Education is a social determinant of health, with increased education associated with several modifiable risk
factors, and with lower CVD incidence in several large-scale prospective studies (117-120). The effect of
education on incidence of CVD has been partially explained by biological factors. These include metabolic
syndrome, diabetes, BMI and hypertension (118,120), and more strongly explained by smoking, diet and
alcohol consumption (117,119). After controlling for age, relative to those who have a primary level of
education, completion of a tertiary qualification was associated with a small, non-significant reduction in
CVD prevalence (RR = 0.86, 95% CI 0.50, 1.42) and completion of high school was not associated with
a reduced risk (RR = 1.00, 95% CI 0.64, 1.53). We therefore collapsed the lower two educational levels
(primary /secondary) to explore the impact of completion of a tertiary qualification on CVD prevalence. We
classified tertiary education as all those who completed university, college or specialized trades training and

included this in our multivariable model.

B.1.7 Income

Income is a social determinant of health with rates of CVD increasing with declining income (121). This is
particularly important given the income disparity between Indigenous and non-Indigenous people and its link
to excess mortality from CVD (75). Data on total household income and household size were collected and
used, along with tables provided by Statistics Canada (122) to dichotomise participants into those above and
below the before tax low income cut-off (LICO). The LICO threshold indicates the threshold ‘below which a
family will likely devote a larger share of its income on the necessities of food, shelter and clothing than the
average family’. Because the LICO adjusts for average family earnings in the same geographic area, as well as
family size we viewed it as a more informative indicator of financial security than total income. Being above
the LICO carried a non-significant reduced risk of CVD (RR = 0.80; 95% CI 0.45, 1.32) and was included in

the multivariable model.

B.1.8 Multi-Ethnic Identity Measure MEIM

The multi-ethnic identity measure (MEIM) (123), was used to assess feelings of affirmation and belonging
and ethnic identity. We used the total MEIM score, which is comprised of twelve items measured on a
four-point Likert scale, with higher total score indicating stronger ethnic identity. The measure demonstrated
good validity among a sample of college students (Cronbach’s o = 0.90) (123). Increased ethnic identity
was associated with a 70% higher risk of CVD (RR = 1.72; 95% CI 1.14, 2.63), in contrast to our a priori
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expectation that strong ethnic identity would be protective. We hypothesized that our observation of increased
CVD for those with stronger ethnic identities may be linked to differential treatment of Indigenous peoples
based on their identities. The MEIM was included in the multivariable model because a diagnosis of CVD
would not have affected ethnic identity and we could theorise of a mechanism by which strong identity

influenced CVD mediated by discrimination.

B.1.9 Discrimination

Discrimination was scored dichotomously with an experience of discrimination recorded if participants reported
any type of unfair treatment including: 1) unfair treatment because of being Indigenous, 2) unfair treatment
because of mental or emotional problems, 3) unfair treatment because of gender or 4) unfair treatment
by a healthcare worker. Discrimination was associated with a 60% increase in risk for CVD, although the

confidence intervals were wide (RR = 1.61; 95% CI 0.97, 2.86); it was included in the multivariable model.

B.1.10 Housing

Participants were categorised into four levels of housing stability: 1) stable housing (having a permanent
place to stay), 2) precarious housing (staying with friends or relatives or in a motel, 3) institutionalised
(nursing home or hospital) or 4) homeless. Relative to those in stable housing, those in precarious housing
had no evidence of a statistically increased risk of CVD (RR = 1.14, 95% CI 0.56, 2.10), the homeless were
only half as likely to report CVD (RR = 0.51, 95% CI 0.23, 1.00) and there was too little data to draw
conclusions about institutionalised persons (RR = 4.16, 95% CT 0.24, 18.7). We decided that housing was a
poor predictor of prevalent CVD because those who are ill are more likely to be institutionalised and less

likely to be unstably housed; thus this variable was not included in our multivariable model.

B.1.11 Sex/Gender

The role of sex/gender in CVD is complicated enough that many studies (including Framingham) model
risk separately for males and females. Traditionally, rates of CVD are higher among males/men than
females/women, as are rates of metabolic disorders. However, rates among females/women are increasing
more quickly than among males/men (124). OHC did not collect information about biological sex, and the
sample is not large enough to stratify by sex/gender. We investigated the relationship between cis-gendered
individuals and CVD and found a non-significant age-adjusted increased risk of CVD for females relative

to males (RR = 1.35; 95% CI 0.91, 2.04). Relationships between sex/gender and both body size and
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diabetes/hypertension were examined graphically. As a result we did not model interaction terms, but did

include gender for consideration in the multivariable model.

B.2 Definitions of Model Performance

B.2.1 Predicted and Observed CVD

If the model score for a participant was > 0.5 then the participant was deemed to be ‘test positive’ so that
T+ =1, T~ =0, i.e. the model predicted the presence of CVD. Otherwise the participant was ‘test negative’
so that 7T = 0, T~ = 1. If the participant reported CVD they were deemed to be ‘disease positive’ so that

Dt =1,D =0, otherwise they were ‘disease negative’ so that D™ =0,D~ = 1.

B.2.2 Sensitivity

Sensitivity is the probability of being test positive for those who are disease positive.

N et +
_ Y I ND;
N
D1 Dj
#+4 Specificity Sensitivity is the probability of being test negative for those who are disease negative.

Sensitivity = Pr(TT|DV)

_ XL T nD;
= e
>im1 D
#+4 Positive Predictive Value The Positive Predictive Value (PPV) is the probability of being disease positive

Specificity = Pr(T~|D™)

for those who tested positive.

N ot +

- TN D;

PPV = Pr(DT|TT) = —Zzlel —
2 T

B.2.3 Negative Predictive Value

The Negative Predictive Value (NPV) is the probability of being disease-free for those who tested negative.

N _ _
_ 2= I N D;

NPV = Pr(D™|T") SIS
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B.2.4 Accuracy

Model accuracy was defined as the proportion of correctly classified participants.

Sy T nD; + 5, T nDf
N

Accuracy =
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Figure C.1: Comparison of the fit for different models of reported network degrees. Models were compared
on the basis of the Bayesian information criterion (BIC), lower values indicate better fit. Distributions tested
were: discrete g-exponential (dqe), continuous log normal (logNorm), continuous normal (norm), geometric

(geom), negative binomial (nbinom) and the Poissonlll%g normal (P-In).
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Figure C.2: Relative frequency of reported degree for various populations, aggregated across samples. Only

reported degrees up to 100 are shown.
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Figure C.3: Number of waves recruited by seeds (n=549) across all studies.
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Table C.1: Distribution of raw reported degree and log-transformed

degree across samples.

Raw Degree Log Transformed

Population N mean median sd IQR mean median sd
Men who have sex with

men

Montreal, Canada (s1) 1179 168.7 30 1153.0 15-80 3.6 34 1.3
Vancouver, Canada (s2) 753 369.8 30 3990.6 14-100 3.6 34 1.4
Toronto, Canada (s3) 517 100.9 37 454.7  15-100 3.6 3.6 1.3
Bangalore, India (s4) 997 14.4 4 40.8 2-10 1.7 1.4 1.2
Belgaum, India (s5) 998 14.2 4 62.5 2-8 1.4 1.4 1.3
Bhopal, India (s6) 1000 10.6 5 24.3  3-10 1.7 1.6 1.0
Chennai, India (s7) 1002 15.8 8 30.6 4-15 2.1 2.1 1.1
Coimbature, India (s8) 1001 22.3 14 28.6 7-25 2.6 2.6 1.0
Hyderabad, India (s9) 998 21.2 10 61.6 4-20 2.2 2.3 1.2
Lucknow, India (s10) 1000 9.9 4 25.0 2-9 1.5 14 1.1
Madurai, India (s11) 996 27.1 10 93.3 4-20 2.3 2.3 1.3
Mangalore, India (s12) 1002 43.2 16 186.4 8-36 2.8 2.8 1.3
New Delhi, India (s13) 997 26.1 10 59.3  3-20 2.2 2.3 1.4
Vijayawada, India (s14) 1002 25.4 20 28.9 10-30 2.9 3.0 0.9
Vizag, India (s15) 1002 69.8 60 58.9  20-100 3.8 4.1 1.1
Hagen, PG (s16) 111 3.6 3 3.3 24 1.0 1.1 0.7
Portmoresby, PG (s17) 400 7.3 5 8.1 3-8.25 1.6 1.6 0.9
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Table C.1: Distribution of raw reported degree and log-transformed

degree across samples. (continued)

Raw Degree Log Transformed
Population N mean median sd  IQR mean median sd
Drug Users
San Salvador, El Salvador 2107 284.5 150 42-360
(s18)
Thilisi, Georgia (s19) 149 22.3 10 51.6 5-20 2.3 2.3 1.2
Aizawl, India (s20) 997 27.7 12 479 5-30 24 2.5 1.4
Amritsar, India (s21) 929 26.2 15 474  5-30 2.5 2.7 1.3
United States (s22) 243 14.3 4 85.8 2-6 1.3 14 1.1
Bhubaneshwar, India (s23) 925 6.7 4 112 3-7 1.5 1.4 0.8
Bilaspur, India (s24) 982 15.1 6 25.2  3-20 2.0 1.8 1.2
Chandigarh, India (s25) 930 14.7 7 25.9 3-15 2.0 1.9 1.2
Churachandpur, India (s26) 1000 35.3 20 51.1 10-40 2.9 3.0 1.1
Delhi, India (s27) 990 23.1 10 42.0 5-20 2.5 2.3 1.1
Dimapur, India (s28) 997 8.6 5 15.0 2-10 1.5 1.6 1.1
Gangtok, India (s29) 1002 10.3 7 12.1  4-13 2.0 1.9 0.8
Imphal, India (s30) 998 34.5 10 73.2  5-30 2.6 2.3 1.3
Kanpur, India (s31) 968 13.9 8 30.8 5-15 2.1 2.1 0.9
Ludhiana, India (s32) 866 14.6 10 14.0  5-20 2.3 2.3 1.0
Lunglei, India (s33) 997 25.9 20 32.0 10-30 2.8 3.0 1.0
Moreh, India (s34) 459 40.5 20 136.4 10-42.5 3.1 3.0 1.0
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Table C.1: Distribution of raw reported degree and log-transformed

degree across samples. (continued)

Raw Degree Log Transformed
Population N mean median sd  IQR mean median sd
Mumbai, India (s35) 902 13.3 6 20.5 3-15 1.9 1.8 1.2
Jakarta, Indonesia (s36) 731 4.6 3 39 25 1.2 1.1 0.8
Ukraine, 2011 (s37) 9050 13.4 10 185 5-15
Ukraine, 2013 (s38) 9486 12.6 8 174 5-15
Female Sex Workers
Hagen, PG (s39) 709 5.9 4 76 3-6 1.5 1.4 0.7
Lae, PG (s40) 709 5.3 4 5.6 2-6 1.3 1.4 0.8
Port Moresby, PG (s41) 670 8.6 5 28.6 3-8 1.7 1.6 0.8
Juba, South Sudan (s42) 846 15.2 8 21.7  5-17.75 2.2 2.1 0.9
Nimule, South Sudan (s43) 407 9.4 5 15.6  3-10 1.8 1.6 0.8
Migrants, Migrant
‘Workers
Syrians in Germay (s44) 195 42.0 12 357.4 720 2.5 2.5 0.9
argricultural workers, 258 22.9 20 209 10-30 2.8 3.0 0.9
Myanmar (s45)
factory workers, Myanmar 203 154 9 24.5 5-15 2.2 2.2 0.9
(s46)
sex workers, Myanmar (s47) 128 9.1 9 4.3 5-10 2.1 2.2 0.5

Transgender Women
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Table C.1: Distribution of raw reported degree and log-transformed

degree across samples. (continued)

Raw Degree Log Transformed

Population N mean median sd  IQR mean median sd
San Francisco, US, 2010 314 23.7 10 53.6  5-20 2.3 2.3 1.2
(s48)

San Francisco, US, 2011 233 20.1 8 58.7 3-17 2.1 2.1 1.2
(s49)

San Francisco, US, 2013 312 69.7 15 419.3  7-40 2.8 2.7 1.4
(s50)

Other Populations

general survey, Germany 115 26.4 12 50.9 6-22.5 2.6 2.5 1.1
(s51)

urban Indigenous, Toronto 917 163.2 50 391.3  20-150 4.0 3.9 1.4
(s52)

ABC Youth (s53) 511 37.5 20 75.0 10-40 3.1 3.0 1.0
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Appendix D

Supplemental Material For RDS Esti-

mators

D.0.1 Creating Networked Populations

Networked populations of size N = 20,000 with varying levels of disease prevalence, homophily and relative
activity were created. Nodes corresponding to study participants were indexed from ¢ = 1,2,3,...N. Disease
prevalence, ™ was set to either 0.05 or 0.20. Reported network degree, d;, was drawn, with replacement, from
one of two distributions: 1) Actual reported degree compiled from 17 samples of men who have sex with men
(106-108); these observed degrees are log normally distributed and commonly reported to the nearest 5 or 10
or, 2) Poisson distributed with mean of 6, for comparison with results from Fellows (45). Each node, n;, was
assigned d; edge-ends, corresponding to network degree. Group membership (y;) was assigned depending

on the desired level of relative activity (w = %, where d_] and d_j are the mean degrees of group j and k,

respectively).

To produce a population with equal activity (w = 1): For group j, randomly select n; = 7N nodes and assign

them y; = 1 (representing nodes with disease). For all other nodes set y; = 0 (group k).

To produce a population with elevated activity (w > 1): For group j, randomly sample 0.757 N nodes from
nodes with d; > dg50 and the remaining 0.25m N nodes from those nodes with d; < dg50, where dgs refers to

the median degree across all groups. For all other nodes set y; = 0 (group k).
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The following process was used to network population nodes:

1. Defining q as the reduced proportion of cross-group ties as a result of population homophily, the number

of between group ties was calculated as:

EjEGo d; ZkEGl dk
> d;

Levels of population homophily investigated were: no homophily (q=1), moderate homophily (q=0.8)

Tir=q

and strong homophily (q=.1).
2. The resulting number of ties within groups is then: T}; = ZjeGo d; — Ty and, Ty = Zkecl dr — Tk

3. Unconnected edge-ends from group j were randomly drawn and connected. If a self-connection formed,

it was discarded and the draw repeated. This process was repeated until there were Tj; ties within

group j.
4. The previous step was repeated for group k.

5. The remaining edge-ends from groups j and k were randomly drawn and connected to form cross-group

ties.
6. For all ties t;;, reciprocal ties were created, t;; so that the graph was undirected.

In this manner, the exact degree distribution, disease prevalence and homophily was set for a simulated

network with no self-loops to mimic a real world network.
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Table D.1: Estimator performance as a function of relative activity

and sample size.

Relative Bias RMSE Coverage Rate
Sample Size Prevalence Homophily HCG-N Naive RDS-II HCG-N Naive RDS-II HCG-N Naive RDS-II
Equal Activity
500 0.05 None -0.006  0.138  -0.012 0.023 0.012 0.024 0.78 0.94 0.78
500 0.05 Moderate -0.050 -0.148  -0.023 0.024 0.014 0.025 0.75 0.74 0.73
500 0.20 None -0.008 -0.012  -0.002 0.044 0.017 0.046 0.82 0.97 0.80
500 0.20 Moderate -0.004 -0.033 0.003 0.044  0.021 0.047 0.80 0.89 0.77
500 0.20 Strong 0.077 -0.045 -0.031 0.138 0.124 0.128 0.45 0.19 0.29
1000 0.05 None 0.025 0.118  -0.004 0.019  0.009 0.017 0.79 0.93 0.82
1000 0.05 Moderate 0.020 -0.123  -0.007 0.018 0.010 0.017 0.79 0.77 0.80
1000 0.20 None 0.008 -0.011 0.003 0.032 0.011 0.030 0.84 0.97 0.83
1000 0.20 Moderate 0.014 -0.029 0.005 0.036  0.015 0.033 0.79 0.90 0.81
1000 0.20 Strong 0.049 -0.038  -0.022 0.074  0.100 0.109 0.51 0.15 0.24
5000 0.05 None -0.006  0.060  -0.018 0.006  0.004 0.006 0.93 0.94 0.91
5000 0.05 Moderate -0.008 -0.027 0.020 0.006  0.003 0.007 0.92 0.96 0.91
5000 0.20 None -0.002 -0.003  -0.001 0.010  0.004 0.012 0.94 0.99 0.92
5000 0.20 Moderate -0.001  -0.014 0.004 0.011  0.005 0.012 0.92 0.96 0.89
5000 0.20  Strong 0.007 -0.012  -0.015 0.018  0.036 0.051 0.73 0.22 0.26
Elevated Activity
500 0.05 None -0.003  0.582  -0.041 0.020 0.031 0.019 0.86 0.29 0.87
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Table D.1: Estimator performance as a function of relative activity

and sample size. (continued)

Relative Bias RMSE Coverage Rate

Sample Size Prevalence Homophily HCG-N Naive RDS-II HCG-N Naive RDS-II HCG-N Naive RDS-II
500 0.05 Moderate -0.044  0.444  -0.090 0.018  0.026 0.018 0.87 0.54 0.86
500 0.20 None 0.001  0.482  -0.036 0.038  0.098 0.037 0.84 0.00 0.86
500 0.20 Moderate -0.017  0.549  -0.061 0.041 0.112 0.038 0.83 0.00 0.84
500 0.20 Strong 0.062 0.272  -0.145 0.114  0.143 0.109 0.50 0.23 0.33
1000 0.05 None 0.005 0.568  -0.035 0.013  0.029 0.013 0.90 0.04 0.89
1000 0.05 Moderate -0.014  0.442  -0.057 0.013  0.024 0.013 0.90 0.23 0.88
1000 0.20 None 0.003 0.479  -0.029 0.024  0.097 0.025 0.90 0.00 0.89
1000 0.20 Moderate -0.002  0.538  -0.042 0.025 0.109 0.027 0.88 0.00 0.86
1000 0.20 Strong 0.006 0.343  -0.098 0.059  0.130 0.094 0.55 0.18 0.30
5000 0.05 None -0.023 0473 -0.092 0.004 0.024 0.006 0.91 0.00 0.80
5000 0.05 Moderate -0.013  0.416  -0.075 0.005  0.021 0.006 0.90 0.00 0.83
5000 0.20 None -0.014 0.434  -0.077 0.009  0.087 0.018 0.92 0.00 0.60
5000 0.20 Moderate -0.017  0.438  -0.096 0.009  0.088 0.021 0.91 0.00 0.43
5000 0.20 Strong -0.008 0.485  -0.017 0.015 0.106 0.047 0.72 0.02 0.30
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Figure D.1: Sensitivity of the HCG estimator under extreme mis-specification of population sample size, N.
Populations were modelled with strong homophily, and moderate disease prevalence (m = 0.2). One thousand
RDS samples of size n=500 were drawn from each population. Coverage rates of the 95% confidence intervals

are shown in the right margin.
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Figure D.2: Sensitivity of the HCG estimator under extreme mis-specification of population sample size, N

for the Project-90 data. Note that for the drug.cook characteristic, two simulations failed to converge and

eight produced prevalence estimates near one, which have been removed.
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