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Abstract

Background. Serological testing was a key component of severe acute respiratory syndrome
coronavirus-2 (SARS-CoV-2) surveillance. Social distancing interventions, resource limitations,
and the need for timely data necessitated serosurveillance studies use creative recruitment
strategies, which likely influenced study representativeness. Select demographic subgroups, such
as racialized communities, have been underrepresented in previous SARS-CoV-2 serology
studies relative to the general population. Characterizing representativeness is crucial to identify

gaps in sampling coverage and to evaluate intervention impact on health inequities.

Objective. To assess the sociodemographic representativeness of Canadian SARS-CoV-2

serosurveillance research studies with diverse recruitment strategies.

Methods. This secondary analysis used demographic data collected between April 2020-
November 2023 from SARS-CoV-2 serology studies. The studies included three pre-existing
longitudinal cohorts, two convenience samples using blood donations and outpatient laboratory
specimens, and one de novo cross-sectional cohort. Specimen counts by age, sex, urbanicity,
race/ethnicity, and neighborhood deprivation quintiles were calculated and compared to 2016
Canadian census population counts. For each demographic strata, a representation ratio was
derived as the proportion of study specimens divided by the proportion of the population that
belonged to the strata. Subgroups were classified as notably underrepresented if greater than 95%

of bootstrap replicates produced a representation ratio < 3/4.

Results. Racialized minority subgroups were most underrepresented across sex and
race/ethnicity strata in pre-existing longitudinal cohorts (representation ratio 0.1-0.3) and blood

donors had low representation of females (0.4) but not males (0.9). Rural females were



underrepresented in all probabilistic study designs (representation ratio 0.3-0.7).
Representativeness generally improved as participant age increased and material deprivation
quintile decreased. 18-26-year-old males were underrepresented across most sex and urbanicity

strata.

Discussion. This study identified several demographic subgroups are underrepresented across
SARS-CoV-2 study designs. Representativeness differed by recruitment strategy for some
subgroups, particularly those related to age and rural residence. Ensuring adequate representation
is vital to optimize external validity and to enable interventions that address health inequities.
These findings highlight the need to further investigate the barriers impeding participation in

health research.

Conclusion. Nontraditional recruitment strategies were more representative along several
sociodemographic strata than traditional probability-based approaches. The influence of study
design and sampling strategy on study representativeness is an important consideration for future

serosurveillance studies.



Résumeé

Contexte. Le dépistage sérologique était un élément clé de la surveillance du coronavirus du
syndrome respiratoire aigu sévere 2 (SRAS-CoV-2). La représentativité des études de la
sérosurveillance était probablement influencée par les stratégies de recrutement inhabituelles, qui
¢taient utilisées quand des régles ont nécessité la distanciation physique, quand il y avait des
limites de ressources, et quand des données opportunes étaient nécessaires. Certains sous-
groupes démographiques, comme les communautés racialisées, étaient sous-représentées dans les
¢tudes sérologiques du SRAS-CoV-2 par rapport a la population générale. Par conséquent, c’est
important de caractériser la représentativité pour identifier les déficits selon la couverture

d'échantillonnage et pour évaluer I’impact des interventions sur les inégalités en mati¢re de santé.

Objectif. Evaluer la représentativité sociodémographique des études de la sérosurveillance

canadienne du SRAS-CoV-2 qui ont utilisé des diverses stratégies de recrutement.

Méthodes. Pour cette analyse secondaire, des données démographiques qui €taient recueillis
entre avril 2020 et novembre 2023 a partir des études sérologiques du SRAS-CoV-2 étaient
utilisées. Les études €taient : trois cohortes longitudinales préexistantes, deux échantillons de
convenance et une cohorte transversale de novo. Les chiffres d'échantillons selon 1'age, le sexe,
l'urbanité, la race ou 1'origine ethnique et les quintiles de défavorisation du quartier étaient
calculés et comparés aux chiffres de la population du recensement canadien de 2016. Pour
chaque strate démographique, un ratio de représentation était calculé comme la proportion de
spécimens d'étude divisée par la proportion de la population qui appartenait aux strates. Les
sous-groupes étaient classés comme sous-représentés en maniére notamment si plus de 95 pour

cent des répétitions de méthode bootstrap produisaient des rapports de représentation < 3/4.

Vi



Résultats. Dans les cohortes longitudinales préexistantes, les sous-groupes minoritaires
racialisés €taient les plus sous-représentés dans les strates de sexe et de race ou de 1’origine
ethnique (ratio de représentation 0.1-0.3). Aussi, des donneurs de sang avaient moins de
représentation féminine (0.4), mais une représentation masculine adéquate (0.9). Des femmes qui
vivaient en milieu rural étaient sous-représentées dans toutes les conceptions d'études
probabilistes (ratio de représentation 0.3-0.7). La représentativité a généralement amélioré quand
I’4ge a augmenté et quand le quintile de privation matérielle a diminué. Les hommes qui avaient
18-26 ans étaient sous-représentés dans la plupart des strates de sexe et de I’'urbanité dans chaque

étude.

Discussion. Cette ¢tude a identifié plusieurs sous-groupes démographiques sous-représentés dans
les études du SRAS-CoV-2. La représentativité de certaines dimensions sociodémographiques
différait selon la stratégie de recrutement. Notamment, les dimensions liées a I'age des
participants et a la résidence rurale. C’est essentiel d'assurer la représentativité pour
I’optimisation de la validité externe et pour identifier les interventions qui considérent des
iniquités en santé. Ces résultats soulignent I’importance d’effectuer la recherche qui examinera

les obstacles qui empéchent la participation a la recherche en santé.

Conclusion. Les stratégies de recrutement non traditionnelles étaient plus représentatives pour
plusieurs strates sociodémographiques que les stratégies traditionnelles basées sur les
probabilités. C’est important de considérer comment la conception de 1'é¢tude et la stratégie
d'échantillonnage influencent la représentativité sociodémographique dans les études futures de

sérosurveillance.
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Preface

This thesis assesses the sociodemographic representativeness of six Canadian severe
acute respiratory syndrome coronavirus-2 (SARS-CoV-2) serological surveillance studies
relative to the general Canadian population. An overview of SARS-CoV-2 serological
surveillance and study representativeness is presented in Chapter 1. A formal literature review of
public health disease surveillance, the SARS-CoV-2 pandemic, and the resulting implications for
study representativeness is provided in Chapter 2. Chapter 3 details the study methodology.
Results are presented as a manuscript in Chapter 4. Chapter 5 provides a detailed discussion of
the study findings. A formal summary and conclusion are given in Chapter 6. References are

listed in Chapter 7.

viii



Contribution of Authors

Matthew J. Knight (MJK) performed the literature review, statistical analysis, drafted the
manuscript, and wrote all chapters of the thesis. Primary supervisor Dr. W. Alton Russell (WAR)
provided guidance during analysis, contributed to interpretation of results, and critically
reviewed each chapter of the thesis. MJK and WAR conceived the study with input from co-
supervisor Dr. David L. Buckeridge (DLB). WAR and DLB provided access to study datasets
and edited the study protocol. DLB reviewed the thesis and provided funding in the form of a

stipend.

For the included manuscript, MJK performed data cleaning, statistical analysis, and wrote
the first draft of the manuscript. Yuan Yu (YY) provided access to and aided with analysis of the
CCAHS-1 and 2016 census data. Jiacheng Chen (JC) assisted with data cleaning of the Alberta
Precision Laboratories data. Sheila O’Brien (SB) provided access to the Canadian Blood
Services data. Carmen Charlton (CC) provided access to the Alberta Precision Laboratories data.

All co-authors critically reviewed the manuscript and contributed to the interpretation of results.



Acknowledgements

I would like to extend my deepest gratitude to Dr. Alton Russell for his continuous
support and guidance throughout this research project. Thank you for welcoming me into your
research group, for sharing your expertise, and for being a wonderful mentor. I would also like to
extend my most sincere thanks to Dr. David Buckeridge for his insightful guidance and
mentorship, and for providing the very generous stipend which allowed me to complete this
thesis project. I will always be grateful for the opportunity to learn from you both and can

wholeheartedly say I would not be the researcher I am today without your guidance.

I am thankful to the members of the D3Mod lab, the Surveillance lab, and the McGill
Clinical and Health Informatics research group for the warm welcome and for fostering such a
dynamic research environment. I would especially like to thank Yuan Yu for her support during
data analysis and unwavering perseverance with the analysis of the CCAHS-1 dataset. Many
thanks to Jiacheng Chen for his guidance during data cleaning of the APL dataset. I would like to
extend my gratitude to the data providers and participants of the six datasets, without whom this

project would not have been possible.

Finally, I am immensely grateful to my mom, Daniel, Val, and all of my friends and
family for their unwavering support. I will forever be thankful for the immense encouragement
and guidance you provided through every step of my academic journey. To those who couldn’t

be here to witness the completion of this project, I dedicate this work to you.



List of Tables

Table 1: Summary of Canadian serological study designs included in the study...........cc.cune.. 49
Table 2: Percentage of study demographic subgroups with greater than 25 collected specimens
AftEr STrAtITICATION ..o.eeieiiieiie ettt st et e et e st sbe e e aeeeaeeas 50
Table S1: Classification table of self-reported racial/ethnic identities ..........c.ccccvveeevveerciveenneenns 54
Table S2: Classification table of self-reported racial/ethnic identities provided by free text
response in CLSA and CanPath Studies. .........cc.eeeeiiiiiiiieiiie e 56
Table S3: Summary of demographic characteristics by research study ..........cccccvevvvierciienceenns 57
Table S4: Sensitivity analysis on the percentage of study demographic subgroups with greater

than 25 collected specimens after stratifiCation ...........cccoeecvieeeiieeiiie e 58

xi



List of Figures

Figure 1: Demographic representativeness of Canadian serological studies compared to the
general population by sex, urbanicity, and racial/ethnic identity.. .........ccccoeceeviniiniininncnicnene 51
Figure 2: Sociodemographic representativeness of Canadian serological studies compared to the
general population by age group, sex, urbanicity, racial/ethnic identity, and material deprivation
QUITIEILE... ettt ettt et a e et eeat e ea bt e s st e eabeesat e e seeenbeebeesnbe e bt e enseesaeenneas 52
Figure S1: Demographic composition of Canadian serological studies by participant age, sex,
AN UIDANICIEY ...eevvieiieeiieeie ettt ettt et ettt et e et eesibeesteeesaeenseessseenseeesbeeseesaseenseesnseensaesnsens 59
Figure S2: Demographic composition of Canadian serological studies by participant age, sex,
and self-identified race/@thNICILY ........c.oeviiiiiiirieeiieeie ettt e e e e e e esaeeneaes 60
Figure S3: Demographic composition of Canadian serological studies by participant sex and
material deprivation qUINTIIE SCOTE.......c.uiiiiieeriieeiiie ettt ee e e e teeesbeeesaeeesebeeenaaee s 61
Figure S4: Demographic composition of Canadian serological studies by participant sex and
social deprivation QUINEIIE SCOTE. .......eeiieriieiiieiiieiie ettt sttt e eseeesbeeaeeens 62
Figure S5: Sociodemographic representativeness of Canadian serological studies compared to the
general population by sex and social deprivation quIntile. .........c.ccoveveiierieriiienieeiieie e 63
Figure S6: Demographic representativeness of CCAHS-1 serological study specimens collected
from the capital cities of the Canadian territories compared to the general population by age
GEOUP ANA SEX .veevvieiieeiieetieettestteertteeteesteeeteesseeesseesseeenseessseenseassseenseesssaenseessseenseesnseeseesnseenseesnsens 64
Figure S7: Sensitivity analysis on the demographic representativeness of Canadian serological
studies compared to the general population where study participants identifying as mixed

race/ethnicity were classified as WHite.........coovuiiiiiiiiiiiiiii e 65

Xii



Figure S8: Sensitivity analysis on the demographic composition of Canadian serological studies
by participant age, sex, and self-identified race/ethnicity where study participants identifying as
mixed race/ethnicity were classified as White...........cccocuvieiiiiiiiiiiiiieceeeeee e 66
Figure S9: Sensitivity analysis on the demographic representativeness of Canadian serological
studies compared to the general population where total population counts were estimated using
the 2016 Canadian census and included Indigenous-identifying individuals. ............ccccveerernnnen. 67
Figure S10: Bootstrap distribution of Canadian serological study log10-transformed
representation ratios stratified by sex, urbanicity, and self-identified racial/ethnic identity ........ 68
Figure S11: Bootstrap distribution of Canadian serological study log10-transformed
representation ratios stratified by sex and material deprivation quintile .............ccceevieeiiennennen. 70
Figure S12: Bootstrap distribution of Canadian serological study log10-transformed
representation ratios stratified by sex and social deprivation quintile............cccceccevvveniinenienenne 71
Figure S13: Bootstrap distribution of Canadian serological study log10-transformed
representation ratios stratified by age group, sex, and urban residence...........ccccecveeecvieencieeennnenn. 72
Figure S14: Bootstrap distribution of Canadian serological study log10-transformed
representation ratios stratified by age group, sex, and rural residence. ..........cccceeevveeecvieencreeennnenn. 74
Figure S15: Bootstrap distribution of Canadian serological study log10-transformed
representation ratios stratified by age group, sex, and white racial/ethnic identity ...................... 76
Figure S16: Bootstrap distribution of Canadian serological study log10-transformed

representation ratios stratified by age group, sex, and racialized minority racial/ethnic identity. 78

xiii



List of Abbreviations

Ab-C: Action to Beat Coronavirus

APL: Alberta Precision Laboratories

CanPath: Canadian Partnership for Tomorrow’s Health

CBS: Canadian Blood Services

CCAHS-1: Canadian COVID-19 Antibody and Health Survey 1

CLSA: Canadian Longitudinal Study on Aging

COVID-19: Coronavirus disease 2019

DNA: Deoxyribonucleic acid

RT-PCR: Reverse transcription-polymerase chain reaction

SARS-CoV-2: Severe acute respiratory syndrome coronavirus-2

Xiv



Chapter 1: Introduction

1.1 Rationale

Public health surveillance can be broadly described as the continuous collection and
analysis of health-related data to inform public health action.! Surveillance systems have proven
vital during outbreaks of pathogens such as human immunodeficiency virus, Ebola virus, and
severe acute respiratory syndrome to evaluate community transmission patterns, assess incidence
across demographic and geographic strata, and identify emergent infections to enable
interventions that mitigate pathogen spread.>* The severe acute respiratory syndrome
coronavirus-2 (SARS-CoV-2) pandemic placed enormous pressure on surveillance systems to
provide accurate, timely data to guide resource allocation and decision-making. Indeed,
government and research institutions leveraged multiple data streams, including case reports,
wastewater samples, hospitalizations, and serology specimens to estimate SARS-CoV-2 spread

and monitor population immunity.>~’

An important characteristic of effective surveillance systems is that they are
representative of the target population along demographic, geographic, and other domains related
to the research outcome.® Representativeness is closely related to the concept of generalizability,
which estimates the degree to which study findings may be extrapolated to populations beyond
the drawn sample.” While generalizability is not necessary to perform valid causal inference,°
the ability to extrapolate the findings of a representative sample is extremely useful when the
entire target population cannot be reasonably measured.’ Characterizing generalizability is
necessary when sampling does not produce a measured population that is representative of the

target population.’



Serological surveillance, or the testing of blood specimens for antibodies against a given
pathogen, is a useful tool to estimate population immunity.!' Serological surveillance studies can
be broadly classified as either convenience samples, probabilistic surveys, or pre-existing
longitudinal cohorts. Convenience samples were heavily relied on during the pandemic due to
their low cost and ease of data collection.” Convenience sampling of study populations that
regularly collect serology specimens, such as blood donors or healthcare patients, also permits
repeated sample collection over time. Serial cross-sectional designs using these populations were
used in multiple countries for SARS-CoV-2 serosurveillance.'>"!” However, the generalizability
of convenience samples may be limited if key demographic groups are ineligible for inclusion or
poorly represented in the drawn sample.” General probabilistic surveys are less prone to
recruitment biases due to the use of randomized, weight-based sampling methods.'® However,
low response rates may threaten their generalizability if respondents systematically differ from
non-respondents.!® These designs are also time- and resource-intensive.?’ Sub-studies of pre-
existing longitudinal cohorts benefit from use of pre-existing infrastructure and sampling
frame,?! but may also be time-consuming and have limited generalizability due to attrition or if

inclusion criteria for the original cohort are restrictive.??

Previous SARS-CoV-2 serological surveillance studies have identified gaps in
representativeness along several key variable dimensions. Select ethnic communities are
underrepresented amongst serology studies conducted in adults”-?3 and children?* relative to their
distribution in the general population. Evaluation of several pre-existing longitudinal cohorts that
were used for coronavirus disease 2019 (COVID-19) sub-studies found participants were more
educated and had higher income compared to the general population.?>2” Given some of these

underrepresented population subsets (e.g., racialized communities and individuals with low



socioeconomic status) have also been shown to experience greater SARS-CoV-2 burden,”?® it is
vital to assess differences in representation across recruitment strategies and identify barriers to
recruitment. Additionally, understanding differences in study representativeness is crucial to pool
data across studies and to inform future interventions that address health inequities. Multiple
statistical standardization techniques are routinely used to adjust for imperfect sampling in large
population health studies.?®° While these techniques can improve sampling imbalances at the
analytical stage, they may not be able to adjust for variable levels that are substantially
underrepresented in the study sample.?® Thus, characterizing the effect of recruitment strategy on

representativeness is useful to inform the design of future serosurveillance studies.

1.2 Objective

The sociodemographic representativeness of SARS-CoV-2 serosurveillance studies
conducted in Canada remains unclear. The primary objective of this study is to assess the
sociodemographic representativeness of six SARS-CoV-2 serosurveillance studies with various
recruitment strategies to the Canadian population. Representativeness will be assessed by age,

sex, urbanicity, race/ethnicity, and neighborhood levels of deprivation.



Chapter 2: Literature Review

2.1 Public health surveillance

2.1.1 Design and application

Public health surveillance is integral to preserving the health and well-being of the
general population. By monitoring and analyzing health-related data, public health surveillance
systems can produce valuable information to help mitigate disease outbreaks, identify high-risk
groups, and inform program design at a low cost.>' 33 Although a primary aim of public health
surveillance is to monitor disease in a population, surveillance data can also be used to assess the
effectiveness and equity of interventions and identify areas for improvement.3?> A key component
of public health surveillance is providing actionable data to inform policymaking and improve

public health.32

The structure and function of a public health surveillance system are primarily
determined by the outcome of interest.®3* For example, surveillance systems that monitor local
health outcomes, such as outbreaks of foodborne illness, may only require collection and
reporting of basic demographic and laboratory data to local health authorities. Other public
health surveillance systems may require municipal, state, and national-level data linkage of
multiple data streams to effectively assess disease status in the target population.®3? The nature
and severity of disease often dictate whether public health officers directly engage with a
medical network (active surveillance) or rely upon medical practitioners, public health
laboratories, and other health operators to report incident cases (passive surveillance).!!
Surveillance systems frequently use a combination of data streams, such as environmental
monitoring, clinical medical records, administrative databases, and other disease reporting

systems to monitor health-related outcomes.?3¢ Recently, digital surveillance systems that



monitor social media, web search data, and other virtual data streams have been deployed and

appear promising for public health surveillance.?”-8

The design of efficient public health surveillance systems requires careful consideration
of data standardization, quality, timeliness, and reporting infrastructure.® Standardization of case
definitions and measurement protocols is essential to accurately estimate disease prevalence and
permit comparison across reporting sites.?®3 Efficient data sharing and reporting infrastructures
are necessary for timely knowledge mobilization and to prevent workflow redundancies resulting
from a lack of communication between surveillance streams.® Rapid reporting systems are key
to identifying pathogen outbreaks and coordinating resources for containment.?! Data privacy,
technological barriers, and economic resources should also be considered when designing

surveillance systems.®

Public health surveillance systems have proven vital to the mitigation of disease within
Canada and abroad. The World Health Organization Influenza Surveillance Network has helped
mitigate and eliminate several influenza A pandemics through effective collaboration, pooling of
resources, and rapid notification of emerging variants.?! One foodborne pathogen surveillance
system operating between 1994-2009 in the United States provided an estimated $507 million in
savings by reducing medical and workforce losses incurred due to foodborne illness.*® Within
Canada, public health surveillance networks have provided estimates of chronic disease
incidence,’ assessed the burden of opioid- and stimulant-induced harms,*' and identified risk

factors for severe poisoning and injuries in youth and adults.*?

2.1.2 Representativeness of surveillance systems
An important characteristic of effective surveillance systems is that they are

representative of the target population. A representative surveillance system accurately models



the relevant demographic, geographic, and clinical attributes of the target population in the
population under surveillance.® Some assessments of representativeness in the literature are
vague and lack specification of the target population, underlying assumptions, and the degree to
which a study population is representative.”** Prior studies have argued representativeness
should not be prioritized during the design stage since representative sampling does not enhance
internal validity or causal inference.!? However, representative sampling is necessary when
attempting to describe the health status of a population within a specified time interval for which
risk factors and health outcomes may be inequitably distributed across subgroups.*} Use of a
representative study population is also required when applying statistical inference to a target

population that cannot be reasonably measured.’**

There are multiple dimensions along which a study may be representative of a target
population. A study may be representative if the distribution of sample characteristics matches
the target population. This representative subset may lead a study to be representative by
interpretation of effect, whereby one may assume the effect measure interpretation to be similar
between the study and target populations.*? In some cases, a representative subset is not required
to ensure estimates are representative in interpretation if statistical adjustment methods can be
applied to correct for imbalanced sampling.3® Representativeness may also be characterized as
the similarity in effect estimate when evaluated in the study and hypothetical target population.
For a study to be representative in estimate, the distribution of covariates must be effectively
modeled in the study population and relevant confounding variables accounted for during
analysis.*? The former can be achieved by the use of a probabilistic sampling strategy, while the

latter requires rigorous study design and background knowledge.



2.1.3 Methods to assess representativeness

A variety of methods have been utilized to assess study population representativeness.
The distribution of measured characteristics in the study population is often compared to a large
administrative population dataset that reasonably estimates the true variable distribution in the
target population, such as census data.”-'62%4 Formal hypothesis testing may be performed to
identify statistically significant differences in the variable distributions between the study and
target populations.*® In some cases, study estimates standardized for age, sex, marital status, and
other sociodemographic indicators may be compared to the target population to better reflect any
discrepancies in representativeness following statistical adjustment.*> While these are relatively
simple approaches, these comparison measures can be a useful heuristic to assess if study results
are likely to generalize to the target population and to assess the influence of recruitment strategy
on representativeness. Indeed, standardized study estimates were compared to a large population
registry to evaluate the effect of recruitment on the representativeness of the LifeLines cohort in
the Netherlands,* while the representativeness of racialized students in California medical
school populations was assessed by dividing the proportion of racialized students by the

proportion of racialized individuals in the general population.*’

Other quantitative, index-based measures to assess representativeness have been
developed in the clinical research sector. Rather than evaluate the representativeness of a drawn
sample, these methods assess the representation of one*® or several® characteristics amongst the
inclusion criteria of a sample of clinical studies. Thus, while these methods may provide useful
insights into specific variable dimensions that are underrepresented across studies compared to
the general population, they do not assess the representativeness of any given study

population. 8+



2.2 Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) pandemic

2.2.1 Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) epidemiology

Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) is a single-stranded
RNA virus first identified in December 2019 in Wuhan, China. A strong body of evidence
suggests SARS-CoV-2 originated as a product of zoonotic transmission between humans and
bats.>® Transmission primarily occurs via the transfer of infected liquid particles that penetrate
the mucosal membranes of the eyes, nose, and mouth.3'->3 Cellular infection occurs when a spike
protein located on the viral exterior engages with extracellular angiotensin-converting enzyme 2
receptors, facilitating membrane fusion and cellular penetration, followed by viral replication

and replicon release.>*

The clinical manifestation of SARS-CoV-2 infection is typically mild. Infected
individuals often present with fever or respiratory symptoms, but may also exhibit symptoms
such as sore throat, cough, and fatigue.>® Severe cases of coronavirus disease 2019 (COVID-19)
may require mechanical ventilation support and hospitalization.*® Individuals who are older,
immunocompromised, unvaccinated, or who have other comorbidities are at higher risk of
developing severe COVID-19.37-38 Patients may develop ‘Long COVID’ where symptoms persist
months after initial infection; one study evaluating 273,618 confirmed COVID-19 cases found

37% of individuals experienced 1 or more symptoms 3-6 months after infection.>

The prevalence and burden of SARS-CoV-2 varied substantially by geography
throughout the pandemic. Early estimates from serological studies (April 14 2020 — May 11
2020) collected during the pre-vaccine era (December 2019-November 2020) suggested
population-weighted SARS-CoV-2 prevalence was greater in Wuhan, China (6.92%)%° compared

to other countries (Spain [4.6%],%! United States [1.01%]).%> Relative to later pandemic periods,



estimates of SARS-CoV-2 prevalence from studies conducted between April 2020 — November
2020 remained low overall but were highly variable across countries (0.3% [Canada],® 0.73%
[India],®* 6.0% [England],®® and 7.9% [Switzerland]).%® Regional-level estimates were often
higher in large metropolitan areas compared to surrounding rural regions, likely due to greater
population density.%” A nationwide study in Spain identified up to five-fold differences in
prevalence (1.2%-14.4%) between regions.®! This may be attributable to differences in policies
regarding school closures, face masks, and social distancing, but also political factors and

individual adherence to public health recommendations.®’-6°

Despite the emergence of viral variants, SARS-CoV-2 prevalence remained around 5% or
less in Canada during the vaccine era (December 2020 — November 2021).” Prevalence of natural
infection rose sharply with the emergence of the Omicron variant (December 2021 — March
2023) in Canada due to spike protein mutations that provided enhanced transmissibility and
ability to escape immune surveillance.'*’%7! As of January 7, 2024, the World Health
Organization estimated the burden of SARS-CoV-2 has surpassed 774,000,000 cases and

7,000,000 deaths worldwide, although this is likely a conservative estimate.’?

The burden of SARS-CoV-2 is disproportionately distributed across the general population.
Racialized groups have a greater odds of hospitalization with COVID-1973 and experience higher
SARS-CoV-2 prevalence in Canada,’-'>% the United States,’* and abroad?®° compared to white
individuals. Studies conducted in Germany’> and Canada’® estimate the odds of infection to be
1.87 and 1.33 times higher in individuals with low education levels compared to highly educated
individuals, respectively. A higher likelihood of infection has also been associated with other
proxy measures of low socioeconomic status, such as high neighborhood material deprivation.”!4

Risk of hospitalization and in-hospital mortality due to COVID-19 is greater for older



individuals, which may be driven by poorer immune function.”””® While the risk of severe
COVID-19 outcomes is substantially lower for younger age groups, younger populations often
experience greater SARS-CoV-2 prevalence compared to older adults.”>'> Along with other
factors, social interaction tendencies and attitudes towards public health restrictions likely
contribute to the distribution of SARS-CoV-2 in both demographic groups.” Quantifying the
distribution of COVID-19 among demographic groups is essential to coordinate resource

allocation and reduce inequities.

Non-pharmaceutical interventions played a critical role in mitigating the spread of SARS-
CoV-2 during the pandemic. A prospective cohort study of 198,077 individuals in the United
States found the risk of predicted COVID-19 was 62% lower for individuals who constantly used
face masks and 31% lower for communities with the highest grade of social distancing.” Other
countries, such as Sweden, adopted very limited non-pharmaceutical interventions with the goal
of permitting community infection to build a natural ‘herd immunity” in the population.® This
strategy was largely unsuccessful due to the rapid mutation of the virus and low COVID-19
prevalence in many countries®-%3-%¢ including Sweden, and resulted in elongated spikes in
infection with greater mortality in the Swedish population compared to other Nordic countries.
When the strain of SARS-CoV-2 used for vaccine development matches the strain circulating
through the general population, vaccination against SARS-CoV-2 has been shown to be up to
96% effective in preventing COVID-19 and is highly effective in preventing COVID-19-related
hospitalizations among high-risk groups, such as older adults.?"-82 However, due to antibody
waning over time, booster doses are necessary to prevent a resurgence in COVID-19 cases and
hospitalizations.?* Thus, both pharmaceutical and non-pharmaceutical interventions are key to

containing the spread of SARS-CoV-2.

10



2.2.2 Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) surveillance

Many infectious disease surveillance systems operating prior to the onset of the COVID-
19 pandemic were ill-equipped to effectively monitor SARS-CoV-2. Clinical case-based
reporting systems, used early in the pandemic, grossly underestimated COVID-19 prevalence
because the majority of SARS-CoV-2 cases are either asymptomatic or unreported to the medical
system.?33* Case-based estimates may also be biased by individuals who frequently seek out
medical care and by limited testing capacity.® In comparison, wastewater surveillance methods
that test community sewage samples for SARS-CoV-2 are unbiased by medical-seeking
behaviors and may provide more accurate prevalence estimates than case-based methods since
they capture both symptomatic and asymptomatic cases.®® Because SARS-CoV-2 can be detected
in wastewater specimens before individuals become symptomatic and report to medical
authorities, wastewater monitoring can provide early warning of SARS-CoV-2 community
transmission.?’ A study conducted in the Netherlands identified a linear correlation between
wastewater levels and COVID-19 prevalence, suggesting wastewater monitoring could provide
enhanced warning of spikes in COVID-19 case counts.®® However, this correlation has been
shown to fluctuate across time and geography.®” Additional limitations to wastewater
surveillance include the inability to identify individual characteristics associated with SARS-
CoV-2 infection and technical difficulties in deriving prevalence estimates from wastewater

data.®

Throughout the SARS-CoV-2 pandemic, governments and other public health
organizations utilized several types of biological assays to inform SARS-CoV-2 surveillance
outcomes.”® Among diagnostic tests used to identify active SARS-CoV-2 infection, reverse

transcription-polymerase chain reaction (RT-PCR) is considered the gold-standard due to its high

11



sensitivity and specificity. Briefly, RT-PCR converts viral ribonucleic acid to deoxyribonucleic
acid (DNA) and repeatedly replicates the DNA in order to detect SARS-CoV-2 within a pre-
determined number of test cycles.”® However, because RT-PCR can identify SARS-CoV-2 in
individuals with low viral loads, a positive test does not guarantee an individual is infectious.’!
Additionally, RT-PCR testing is costly, requires 1-2 days to obtain results, and may produce
false negatives due to test contamination or erroneous specimen handling and storage.”® A
common alternative to RT-PCR is the use of antigen-based diagnostic tests which recognize
SARS-CoV-2 surface proteins. While these tests provide several benefits, including low cost,
near-immediate results, and the ability to perform self-testing, they offer reduced test sensitivity
compared to RT-PCR.>%* Although not formally a diagnostic test, antibody testing of serology
specimens also proved effective for SARS-CoV-2 surveillance activities to assess the burden of
prior SARS-CoV-2 infection and estimating antibody dynamics.”® Regardless of the chosen
analytical test, lack of standardization in specimen processing, equipment calibration, and test

positivity thresholds limits the comparison of results across studies.”®"’

Serological surveillance was a major component of many countries’ SARS-CoV-2
surveillance strategies. In locations where approved vaccines only target the spike protein of the
SARS-CoV-2 virus, such as Canada, prior natural infection can be inferred by testing specimens
for antibodies against the nucleocapsid protein of the virus, while antibodies against the
nucleocapsid, spike, or receptor-binding domain proteins are suggestive of either natural
infection or vaccination.”® Reporting nucleocapsid and spike or receptor-binding assay results in
conjunction can be used to infer vaccination levels in the population.” Importantly, unlike
wastewater surveillance, serosurveillance offers the ability to identify associations between

individual characteristics and SARS-CoV-2 test positivity.’? Indeed, serosurveillance has been
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successfully used to identify subgroup differences in SARS-CoV-2 infection, 4239100 agsess

vaccine uptake and antibody waning over time, 10!

and estimate infection prevalence throughout
the pandemic.®® However, because antibody generation generally occurs between 10-15 days

after symptom onset, serology testing is a poor indicator of current infection rates. %2

2.3 Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) serosurveillance

2.3.1 Study design

Many SARS-CoV-2 serosurveillance studies relied upon convenience sampling to recruit
participants or obtain blood specimens for testing.!3:1416-17.103 Convenience samples using
leftover, or residual, blood specimens from blood donors or healthcare patient populations are
advantageous for serosurveillance due to low costs, pre-established infrastructure, and ability to
repeat sample collection over time.”!** Within Canada, residual blood convenience samples have
provided key insights into temporal patterns in SARS-CoV-2 infection,'3~!>70 antibody waning,’
and subgroup differences associated with SARS-CoV-2 test positivity.!*"!3 Convenience
sampling of serology specimens originally collected for alternative purposes may be necessary in
contexts where probabilistic designs are anticipated to fail; a study of 533 individuals receiving
routine medical care in Haiti elected to avoid probabilistic sampling designs due to concerns that
strong negative attitudes towards COVID-19 would severely reduce participation rates.'%
However, retrospective convenience samples relying on existing specimens often cannot collect
additional data pertaining to potentially confounding variables, such as ethnicity, education

status, and income level, beyond what is collected by the data provider.?!-196:107

Probabilistic sampling strategies provide a robust framework for deriving valid statistical
inference from serosurveillance studies. The use of random, non-zero weights to select

participants from a sampling frame may provide improved coverage and representativeness of
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the target population compared to convenience sampling.'%® Survey quality metrics such as
sampling errors, non-response rates, and characteristics associated with non-respondents may
also be calculated.!® Probabilistic serosurveys in Spain and Canada have accounted for
population density, COVID-19 prevalence, and low-population regions in their sampling

strategies while achieving near-national level coverage with adequate precision,!0%!10

Sub-studies of pre-existing longitudinal cohorts also present several advantages for
SARS-CoV-2 serosurveillance. Use of pre-existing sampling frames and study infrastructure
may reduce recruitment periods®!' and time to publication. Repeating specimen collection at
multiple time periods allows for effective modeling of immunity since recruitment biases likely
remain relatively constant over time, although attrition may introduce additional biases.®!!'! In
comparison to convenience samples, closed serosurveillance cohorts are conducive to
longitudinal analysis while providing the additional benefit of working within a probabilistic
framework.!!? Longitudinal cohorts likely collect more participant data than residual blood
convenience studies and also provide the ability to perform further data collection.!?”-!13 The use
of home-based serology tests, often necessitated by social distancing restrictions, may result in
reduced test performance and limited comparability to studies that employed venous specimen
collection techniques.!'* However, home-based collection methods may be more logistically
feasible and provide enhanced population coverage during pandemic periods compared to
designs requiring participants to travel for venous specimen collection.!!> Home-based serology
tests are especially useful for serosurveillance studies involving children, as parents are more

willing to consent to needle prick collection methods than venous collection methods. !

14



2.3.2 Representativeness to the general population

Several elements of serosurveillance study design may influence study
representativeness. Statistical inference from convenience samples is susceptible to selection and
non-response biases if the characteristics of the sample are not reflective of the true variable
distribution in the target population.!?®!17 While weighting techniques are available to adjust for
imbalances in representativeness, they cannot adjust for unmeasured covariates and may be
ineffective if the calibration dataset contains participation biases.!® Lack of a sampling frame
prevents assessment of metrics to quantify representativeness, including response rates, sampling
errors, or characteristics of non-respondents.!'® Low response rates, common to many

probabilistic serosurveys,’:10%119

may also impede generalizability if respondents systematically
differ from non-respondents along variable dimensions related to the outcome of interest.!® The

degree to which serosurveillance study design influences representativeness to the general

population remains unclear.

The characteristics of study populations available for serosurveillance may also influence
study representativeness. The generalizability of blood donor studies may be biased by self-
selection to donate, eligibility criteria, and donors’ tendency to be in better health than the
general population.”!?° A similar ‘healthy participant’ effect has been observed in respondents to

121 and general population research.!?? Study

prospective epidemiologic cohort studies
populations recruited from healthcare settings may be in worse health than the general
population or have greater tendencies to seek out medical care.'? Generalizability may be limited
when using pre-existing longitudinal cohorts or if inclusion criteria for the original cohort are

restrictive.?? Characterizing the extent to which study population selection and attrition

influences generalizability is key to reducing the influence of recruitment biases in future studies.
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Several statistical techniques are available to improve study representativeness.

Calibration weighting, commonly known as raking, iteratively weights sample data to reflect the

observed distribution of key covariates in the general population.3®!23 Multilevel regression and

post-stratification uses regression modeling to predict the outcome of interest for population
strata, after which strata-specific predictions are weighted according to the distribution of
variables in the general population.?’ While these methods are preferable over crude estimation
they may fail to provide valid estimates of population subgroups that are either included with
low frequency such that estimates are unstable or are not included in the study sample.*® Given
statistical modeling can reduce, but not eliminate, biases associated with imbalanced sampling,
assessing the influence of recruitment strategy on study representativeness is necessary to

improve the design of future serosurveillance studies.

9
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Chapter 3: Methods

3.1 Study overview

This study assessed the sociodemographic representativeness of six Canadian
serosurveillance studies as compared to the 2016 Canadian census. The studies included three
pre-existing longitudinal cohorts, two convenience samples, and one de novo probabilistic
survey conducted between April 2020 — November 2023.13:14.25-27 Following the framework
presented by Rudolph et al., we classified a study as representative if the sociodemographic
composition of the study population was aligned to the age- and region-matched 2016 Canadian
census.®> While this may produce an interpretation of effect that is representative of the target
population, this definition does not assume the magnitude of effect to be representative within an
estimated margin of error and makes no assumption of the underlying sampling mechanism. All
studies utilized antibody-based assays to assess the presence of SARS-CoV-2 antibodies in
participant serology specimens. This study received ethical approval from the McGill University

Faculty of Medicine and Health Sciences Review Board.

3.2 Data sources

3.2.1 Convenience samples

Blood donor data were provided by the Canadian Blood Services (CBS) coronavirus
disease 2019 (COVID-19) Seroprevalence study. CBS collects blood donations from fixed and
mobile sites in all Canadian provinces except Québec. To donate blood, donors must be at least
17 years old, have a blood hemoglobin level of 125 g/l (women) or 130 g/l (men), be afebrile,
and not be COVID-19 positive or been in contact with a positive case during the two weeks prior

to donation.”?* A small specimen is routinely retained from each donation for additional
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screening for infectious pathogens, known as retention samples, which this study used to conduct
a serial cross-sectional study of specimens collected between May 2020 — November 2023.14104
Retention samples from all weeks of the month were available for testing during most of the
study period, although the study was restricted to specimens collected in the second half of the
month during August 2020 — December 2020 and February 2021 — November 2021. A
combination of convenience sampling (May 2020 — July 2020, December 2021), random
sampling (January 2021 — May 2021, January 2022 — November 2023), and stratified random
sampling by age and region (July 2021 — November 2021) was used to select specimens for

testing.”-14.104

Outpatient data was provided by Alberta Precision Laboratories (APL). Venous residual
blood specimens from individuals receiving routine outpatient laboratory testing were collected
monthly from provincial laboratories in major metropolitan cities (Calgary, Edmonton) and
laboratories in surrounding regions (Lethbridge, Medicine Hat, Grand Prairie, Red Deer)
between April 2020 — October 2022.1%13 Specimens from metropolitan regions were tested one
day per month, while specimens from surrounding regions were collected sequentially over three
to seven days per month to increase rural representation. All residents of Alberta who sought
medical care and provided a venous blood specimens for laboratory testing were eligible for the

study.!>!3

3.2.2 Pre-existing longitudinal cohorts

The Action to Beat Coronavirus (Ab-C) study is a longitudinal open cohort recruited
from the Angus Reid Forum. The Angus Reid Forum is a marketing panel conceived using a
two-stage stratified design that sampled participants from 300 regional units across Canada,

stratified by age, gender, and education status, to produce a nationally representative sample.
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Census metropolitan area, age, sex, and education status were used as sampling strata to invite
Angus Reid Forum members to the Ab-C study.>> Members who were age 18 or older, spoke
French or English, and were willing to provide serology specimens via dried blood spot were
eligible for inclusion. Participants received compensation in the form of points from the Angus
Reid Forum, which can be used to purchase rewards such as pre-paid credit cards. Individuals
aged 60 and older were oversampled to provide sufficient power for stratified analyses.
Specimens and survey responses were collected at four time points between May 2020 — April

2022.%

Data for the Canadian Partnership for Tomorrow’s Health (CanPath) COVID-19
Antibody study was collected from six regional cohorts in Alberta, British Columbia, Manitoba,
Ontario, Québec, and the Atlantic provinces (New Brunswick, Newfoundland and Labrador,
Nova Scotia, Prince Edward Island).!?>-1?% Inclusion criteria varied for each original cohort.
Recruitment strategies also differed by cohort but included stratified sampling from

129

administrative healthcare datasets, < random digit dialing by health region combined with

further household sampling, '

and convenience designs relying on advertising, word of mouth,
and community events to recruit participants.!?>-12” No additional eligibility criteria were
specified for the COVID-19 Antibody sub-study. The sampling frame for the COVID-19
Antibody sub-study was tailored to include individuals with a higher risk of COVID-19,
including those residing in long-term care facilities or regions with low socioeconomic status.'3°

Survey responses and dried blood spot specimens were collected between February 2021 —

November 2021.

Data for the Canadian Longitudinal Study on Aging (CLSA) COVID-19 Antibody study

were collected from CLSA participants residing in the 10 Canadian provinces between October
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2020 — August 2021."3! The original CLSA cohort recruited participants aged 45-85 between
2010-2015 into either a tracking or comprehensive sub-cohort and will continue follow-up every
three years until 2033. Participants were sampled from provincial health databases, the Canadian
Community Health Survey — Healthy Aging, and using household random digit dialing.?%!32
Census data were used to oversample areas with low education and socioeconomic status since
these populations are typically poorly represented in population health studies.?® Individuals who
were cognitively and physically independent and who spoke French or English were eligible for
inclusion in the original cohort, while individuals who were institutionalized, member of the
Canadian armed forces, or who resided in Indigenous reserves, the Canadian territories, or select
rural regions were ineligible.!3* No additional eligibility criteria were specified for the COVID-
19 Antibody sub-study. A random sample stratified by age or age and province was used to
recruit participants from the comprehensive and tracking sub-cohorts, respectively.!3!
Participants provided survey responses and a sample for antibody testing. Participants either
went to one of eleven collection sites to provide a venous specimen or person or used a kit to

provide a dried blood spot if pandemic restrictions prevented travel to a collection site. 3!

3.2.3 De novo probabilistic cohort

The Canadian COVID-19 Antibody and Health Survey 1 (CCAHS-1) is a prospectively
sampled probabilistic survey. Questionnaire data and dried blood spots were collected between
November 2020 — April 2021 from participants aged 1 or older residing in the 10 Canadian
provinces and capital cities of the three Canadian territories (Iqaluit, Yellowknife, and
Whitehorse). Participants who were institutionalized, member of the Canadian armed forces,
resided in Indigenous communities, or resided outside the territorial capitals were ineligible for

inclusion.'3* The sampling frame for participants aged 25 and older was constructed using a
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comprehensive list of household addresses (Dwelling Universe File), while data from the 2016
Canadian census, Canadian child benefit program, and Canadian Revenue Agency were used to
construct the sampling frame for participants aged 1-24. Specimen collection was dispersed
across 30 geographic strata to reflect the distribution of COVID-19 in the general population.
The sample size of regional strata with large population counts or higher COVID-19 prevalence
was increased to produce adequately precise estimates but was adjusted to ensure a sufficient
quantity of specimens were collected from sparsely populated regions.!3* Stratified random
sampling was used to select participants directly from the sampling frame (ages 1-24) and
randomly select one participant from a selected household (ages 25 and older). Sample data were
weighted to adjust for probability of selection, survey non-response, and dried blood spot non-
response. Sample data were further adjusted using a supplementary administrative dataset to

ensure the regional distribution of age and sex were representative of the general population.'**

3.3 Data processing

I used unique identifiers provided by each data provider to calculate participant and
specimen counts. Participant identifiers were derived if they were not provided but excluded
specimens that could not be mapped to a participant (n = 324 [APL]). I excluded participants
who did not meet the inclusion criteria of their respective study or who were missing age,
province or territory of residence, and serology test result data. Given only one study collected
specimens in the Canadian territories (CCAHS-1),'3* I restricted the primary analysis to the 10
Canadian provinces and assessed territorial specimen representativeness in a separate analysis. |
did not calculate representativeness of the 0-17 age group in the CBS study because the

minimum donor age was 17.
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The sociodemographic composition of the general population was estimated using the
long-form 2016 Canadian census.'?3 The long-form census is a mandatory survey distributed to
25% of the Canadian population that collects data on a variety of topics including participant
health, ethnicity, employment, and housing. Data are weighted to account for survey design,
coverage, non-response, and sampling errors to ensure representativeness to the general
population.'3 Weighted 2016 Canadian census counts were rounded to the nearest multiple of 0
or 5 and weighted CCAHS-1 specimen counts were rounded to base 2000 in accordance with

Statistics Canada’s data privacy regulations.

I extracted participant age, sex, postal code, date of sample collection, and self-reported
race/ethnicity from each dataset and the 2016 census. I calculated participant age as either the
age at specimen collection (Ab-C, APL, CBS) or questionnaire completion (CanPath, CLSA,
CCAHS-1, 2016 census) and categorized age as 0-17 years, 18-26 years, 27-36 years, 37-46
years, 47-56 years, or 57 and older. For Ab-C specimens collected between December 2020 —
April 2021 and July 2021 — September 2021, I used the 2019 baseline age since the age at
collection was not measured. I categorized sex as male or female and removed alternative
responses (n = 138 [Ab-C]) for all analyses involving participant sex. I used the first three
characters of the postal code to classify participant’s residence as urban or rural. A mapping table
provided by CBS was used to assign full postal codes where available (CBS, APL, CCAHS-1,
CLSA, 2016 census) to a quintile of the Pampalon material and social deprivation indices.!36:137
Material deprivation is a composite measure of employment, education, and income that
estimates an individual’s access to materials or services that provide a good quality of life. Social

deprivation is a composite measure of family structure, marital status, and other social structures

that estimates the strength of an individual’s social network.'3¢ I calculated date of specimen
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collection as either the precise date a specimen was provided by the participant (CBS, APL), the
date of questionnaire completion (CanPath, CLSA, CCAHS-1) or the date the specimen was

received by the data provider (Ab-C).

To account for the differential measurement of race between study datasets, [
dichotomized self-reported race/ethnicity groups into ‘white’ or ‘racialized minority’ according
to the population group variable from the 2016 Canadian census (Tables S1-S2).!38 In the
primary analysis, I classified individuals who self-identified as both white and a racialized
minority, along with Indigenous-identifying individuals, as racialized minorities. I excluded
individuals who self-identified as Indigenous from the 2016 census dataset when assessing
representativeness for studies where data on Indigenous identity was unavailable (CLSA,
CanPath). For studies that performed multiple rounds of specimen collection (Ab-C, CBS,
CLSA), I imputed missing variables when available for another collection. I assessed
representativeness using a complete cases approach for each set of demographic strata (e.g.,
records missing race/ethnicity observations were excluded when stratified by age, sex, and

race/ethnicity, but not when stratified by age, sex, and urban or rural residence).'’

3.4 Statistical analysis

I summarized the variable distributions of each study dataset (Table S3). To assess the
representativeness of each study relative to the general population along one or more
sociodemographic dimensions, I calculated a representation ratio as the proportion of study
specimens belonging to sociodemographic strata divided by the proportion of weighted 2016
census counts belonging to the strata. Because the CCAHS-1 study was designed to be
representative only after statistical calibration with a supplemental administrative dataset, I used

weighted CCAHS-1 counts in the numerator of the representation ratio. Unweighted counts were
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used to assess representativeness for all other datasets. I restricted census counts by age and

region to match studies’ composition (Table 1).

I used bootstrapping to identify notably underrepresented sociodemographic subgroups.
Bootstrapping is a resampling technique that performs sampling with replacement to generate N-
simulated samples. This provides a distribution of the test statistic and permits the estimation of
standard errors and uncertainty intervals.!#? I produced 5000 bootstrap resamples to generate a
distribution of representation ratios for sociodemographic strata. I classified a subgroup as
notably underrepresented if greater than 95% of bootstrap resamples produced representation

ratios less than 3/4.

As mentioned in Chapter 2.3.2, multiple statistical adjustment methods can be applied to
correct imbalanced sampling if an adequate number of samples are collected for

underrepresented strata.-123

For each dataset, I assessed the feasibility of statistical adjustment
by imposing four increasing levels of stratification and calculating the number of cells with

counts greater than 25. Stratifying variables included age group, sex, urban or rural residence,

self-identified race/ethnicity, and sample collection date categorized into 2-month intervals.

To assess the influence of the race/ethnicity classification on study representativeness, I
conducted a sensitivity analysis that classified individuals who self-identified as both white and a
racialized minority as white. I also performed a second sensitivity analysis which included
Indigenous-identifying individuals in the census dataset when calculating representativeness for
studies that did not provide data on Indigenous identity (CLSA, CanPath). All analyses were

completed using R version 4.3.1.14!
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Chapter 4: Results

4.1 Preface

Serological surveillance studies were vital during the severe acute respiratory syndrome
coronavirus-2 (SARS-CoV-2) pandemic to estimate coronavirus disease 2019 (COVID-19)
prevalence and monitor population immunity. Resource limitations, public health interventions,
and need for timely data required studies to use diverse recruitment strategies to obtain serology
specimens, which likely influenced their representativeness to the general Canadian population.
While various methods to assess sample representativeness have been proposed in the literature,
few have directly compared the sociodemographic representativeness of studies with diverse
recruitment strategies. This study adds to the current literature by assessing the
sociodemographic representativeness of six serosurveillance studies with diverse recruitment
strategies to the general Canadian population. The present manuscript has been submitted to the
American Journal of Public Health and submitted as a conference abstract to the Association for

the Advancement of Blood and Biotherapies.
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Abstract

Objective. To assess the demographic representativeness of six SARS-CoV-2 serological
surveillance research studies in Canada.

Methods. We analyzed three pre-existing longitudinal cohorts, two convenience samples using
residual blood, and one de novo probabilistic survey conducted between April 2020 — November
2023. We calculated study specimen counts by age, sex, urbanicity, race/ethnicity, and
neighborhood deprivation quintiles. For each demographic strata, we derived a representation
ratio by dividing the proportion of study specimens by the proportion of population in the strata.
Results. The six studies included 1,321,675 specimens. When stratifying by age group and sex,
65% of racialized minority subgroups were moderately underrepresented (representation ratio <
0.75). Representation was generally higher for older Canadians, urban neighborhoods, and
neighborhoods with low material deprivation. Rural representation was highest in a study that
used outpatient laboratory blood specimens. Racialized minority representation was highest in a
de novo probabilistic survey cohort.

Conclusions. While no study had adequate representation of all subgroups, less traditional
recruitment strategies excelled in some dimensions of representativeness. Understanding
demographic representativeness and barriers to recruitment are important considerations when

designing population health surveillance studies.
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Introduction

In April 2020, the largest serological surveillance program in Canada’s history was established to
monitor population immunity to severe acute respiratory syndrome coronavirus-2 (SARS-CoV-
2), informing COVID-19 epidemiology and antibody dynamics. Between April 2020 and
February 2021, many studies began testing blood specimens for SARS-CoV-2 antibodies.' =
Challenged by social distancing measures to curb the coronavirus disease 2019 (COVID-19)
pandemic, studies used diverse strategies to recruit participants or obtain residual blood samples
for testing. Recruitment directly impacts the extent to which study participants represent the
general population.” Comparing the demographic representativeness of concurrent SARS-CoV-2
serosurveillance studies can inform surveillance strategies for diverse pathogens in Canada and

abroad.

SARS-CoV-2 surveillance studies can be broadly categorized as convenience samples, de novo
probabilistic surveys, or pre-existing longitudinal cohorts. In many countries, convenience
samples of residual blood specimens were used due to low operational costs and capability to
repeat sample collection over time.!>%° These study designs may suffer from selection bias if
demographic subgroups are poorly represented or ineligible to be sampled.'® General
probabilistic serosurveys can mitigate recruitment biases by using stratified, weight-based
approaches to recruitment. De novo designs allow tailoring recruitment to study objectives.
Probabilistic serosurveys were successfully deployed to monitor SARS-CoV-2 in multiple
countries.*>!!"13 However, these designs are time-intensive, require many resources, and have
important limitations, such as low response rates.®!%!4 Use of pre-existing longitudinal cohorts

may be more efficient due to established study infrastructure and sampling frame, but
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generalizability may be limited by attrition or if inclusion criteria for the original cohort are

restrictive.

In this study, we assessed the demographic representativeness of six SARS-CoV-2
serosurveillance studies by comparing the composition of each study population to the 2016
Canadian census according to age, sex, race/ethnicity, urbanicity, and neighborhood measures of

socioeconomic deprivation.

Methods

Data

We assessed representativeness by analyzing demographic data from six Canadian study
populations (Table 1). Here, we define a study to be representative if the sociodemographic
composition of the study population matches that of the census-based target population; we make
no assumptions of the underlying sampling mechanism or whether inferences from the study
population are representative. This similarity suggests the interpretation of an effect measure
may be generalizable to the target population, but does not assume the quantitative effect
estimate, within a given uncertainty interval, will be identical between the study and target
populations.'> Studies’ recruitment strategies included one fully de novo cross-sectional
probabilistic sample (the Canadian COVID-19 Antibody and Health Survey 1 [CCAHS-1]), one
open longitudinal cohort recruited from a marketing research panel (Action to Beat Coronavirus
[Ab-C]), two pre-existing closed longitudinal cohorts (the Canadian Longitudinal Study on
Aging COVID-19 Antibody Study [CLSA], the Canadian Partnership for Tomorrow’s Health

COVID-19 Antibody Study [CanPath]), and two serial cross-sectional convenience samples that
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used residual blood from blood donations (Canadian Blood Services [CBS]) and from specimens
collected for outpatient laboratory testing (Alberta Precision Laboratories [APL]). The included
studies tested specimens collected from April 2020 to November 2023 with sample sizes ranging
from 11,050 (CCAHS-1) to 1,039,298 (CBS). Inclusion criteria and enrollment procedures for

each study have been described previously.!>6.13.16.17

From each dataset, we extracted participants’ age, sex, postal code, date of specimen collection,
and self-reported race/ethnicity. The first three digits of postal code were used to classify
participants’ residence as urban or rural, and the full postal code was used to assign participants’
neighborhood to a quintile of the Pampalon material and social deprivation indices. Material
deprivation is a composite measure of education, employment, and income reflecting access to
essential material resources. Social deprivation is a composite measure of people living alone,
single-parent families, and people who are either separated, divorced, and/or widowed, reflecting
the fragility of social networks. Both index measures are derived from the 2016 Canadian
census.'® Date of specimen collection was provided as the actual collection date (CBS, APL),
date of questionnaire completion (CanPath, CCAHS-1, CLSA) or date of specimen receipt (Ab-

O).

Race/ethnicity information was unavailable for the APL study. Deprivation indices were
available for the CBS, APL, CCAHS-1, and CLSA studies. Specimen counts for the CCAHS-1
study were rounded to base 2000 in accordance with data usage guidelines. Age was calculated
as the age at specimen collection (Ab-C, APL, CBS) or questionnaire completion (CanPath,

CLSA, CCAHS-1) and categorized as 0-17 years, 18-26 years, 27-36 years, 37-46 years, 47-56
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years, or 57 years and older. For Ab-C specimens collected between December 2020 — April
2021 and July 2021 — September 2021, we used the 2019 baseline age since the age at current
collection could not be calculated. We categorized sex as male or female and excluded
participants who provided alternative responses (n = 138 [Ab-C]) from all analyses involving
participant sex. Because race/ethnicity data collection varied between studies and differed from
census categorization, we re-classified participants as ‘white’ and ‘racialized minority’ and did
not analyze specific racialized minority groups (Tables S1-S2). For studies allowing multiple
encounters with participants, we imputed missing variables when available for another encounter
(CBS, Ab-C, CLSA). We classified participants who identified as both white and a racialized
minority as a racialized minority, and we considered Indigenous identities as a racialized
minority but conducted sensitivity analyses with different classifications. Because only CCAHS-
1 collected specimens from the capital cities of the Canadian territories, we restricted our
primary analysis to specimens collected from Canadian provinces but assessed territorial
representativeness in a separate analysis. We excluded participants who did not meet the
inclusion criteria of their respective study and who were missing age, province/territory of
residence, or serology test result data. For the CBS study, we did not assess the
representativeness of the 0—17-year-old age group because there were no donors younger than
17. We calculated specimen counts using complete cases within each set of demographic strata
(e.g., participants missing race/ethnicity were excluded when stratifying by age, sex, and

race/ethnicity but not when stratifying by age, sex, and urbanicity).
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Representation ratio analysis

To assess the representativeness of subgroups defined by one or more sociodemographic
variable, we derived a representation ratio by dividing the proportion of specimens in a
sociodemographic subgroup by the proportion of general population in the subgroup using
weighted 2016 Canadian census counts.!'® For each study, census counts were restricted by age
and province/territory to match studies’ composition (Table 1) and rounded to the nearest
multiple of zero or five. The representation ratio numerator used unweighted counts for all
studies except CCAHS-1, which was designed to be representative only after statistical
calibration with a supplemental administrative dataset.® Census counts by race/ethnicity were
derived using the population group variable.!” We did not classify Indigenous-identifying
individuals as racialized minorities for the CLSA and CanPath studies since data on Indigenous
status was not available. We performed bootstrapping (n = 5000) to identify notably
underrepresented demographic subgroups and considered a subgroup to be notably

underrepresented if representation ratios were below 3/4 in over 95% of bootstrap resamples.

Sample count by strata analysis

In some cases, statistical adjustment or subsampling may allow derivation of representative
population statistics from large but unbalanced study populations if there are sufficient samples
from less represented strata.? To inform whether this would be feasible in our study populations,
we assessed the number of strata with counts greater than 25 when grouped by age, sex,
urbanicity, race/ethnicity, and date of specimen collection binned into two-month intervals. All

analyses were conducted in R version 4.3.1.2! Analytical code will be available in a public
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repository upon publication. This study was approved by the McGill Faculty of Medicine and

Health Sciences Institutional Review Board.

Results

Study population

During data pre-processing, we excluded 3,718 observations for CBS (0.4%), 3,871 for APL
(1.8%), 2,052 for Ab-C (7.6%), 2,024 for CLSA (10.5%), and 4,258 for CanPath (16.4%) due to
missing data or failure to meet study inclusion criteria. We analyzed the remaining 1,035,580
(CBS), 210,905 (APL), 25,110 (Ab-C), 21,720 (CanPath), 17,310 (CLSA), and 11,050 (CCAHS-
1) observations. For the Ab-C, CLSA, and CanPath studies, the minimum age of participants
included in our analysis (Table 1) was older than the minimum age specified in their inclusion
criteria.!>1%17 Across studies, the largest number of observations were in the 57 and older age
group (34.4% [CCAHS-1]-91.4% [CLSA]) (Table S3). Observations for the 18-26-year-old
age group were generally low (0.0% [CanPath] — 5.6% [APL]) with the exception of the CBS
(10.6%) and CCAHS-1 (11.8%) studies. Among studies for which neighborhood deprivation was
available, specimen counts across social deprivation quintile were balanced, but only 8.2%
(CBS), 8.4% (APL), 9.6% (CLSA), and 13.1% (CCAHS-1) of specimens were provided from
the most materially deprived quintile of neighborhoods. Across studies, most observations were
for participants who self-identified as white (78.2% [Ab-C] — 94.7% [CLSA]) and female (52.3%
[CLSA] - 65.6% [CanPath]), except that 58.2% of CBS observations were from males. Rural
specimens accounted for 8.6% (CanPath) — 17.6% (CCAHS-1) of all specimens across studies.

Convenience samples collected substantially more specimens for each demographic strata
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compared to other recruitment strategies, but specimen counts per strata were greater in the CBS

study compared to APL (Figures S1-S4).

Representation ratio analysis

Studies generally had sufficient representation across sexes (representation ratio 0.7-1.3) and,
when available, by social deprivation (Figure 1, Figure S5). Racialized minority subgroups were
underrepresented (representation ratio < 1) in multiple age and sex strata in all studies (Figure 2).
Racialized minority representation, while still low, was often better in older age groups (Ab-C,
CanPath, and CLSA). In contrast, racialized minority representation was better for younger age
groups among women for CBS. While APL was sufficiently representative (representation ratio
0.8-1.3) across quintiles of material deprivation and rural regions, CBS observations skewed
towards less materially deprived neighborhoods and urban regions, although rural representation
for CBS was better than the three longitudinal cohort studies. Urban regions produced larger
representation ratios by age and sex strata than rural regions in all studies (Figures 1-2). 18-26-
year-old males were underrepresented across most sex and urbanicity strata in all studies for

which they were eligible to be sampled.

Among 18—46-year-olds, specimens collected from the Ab-C open cohort produced greater
representation ratios across sex and urbanicity strata compared to CanPath (Figure 2).
Representation ratios of 18-46-year-old rural residents were generally larger across age and sex
strata in the CCAHS-1 study than several studies with probabilistic recruitment strategies (Ab-C,
CanPath). Racialized minorities aged 47 years and older were sufficiently represented

(representation ratio 0.8-1.3) in the Ab-C open cohort but were underrepresented in the CanPath
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and CLSA closed cohorts, except for males aged 57 and older in the CanPath study. Of the two
convenience samples, the CBS study was more representative of participants aged 18-46 across
sex and urbanicity strata, whereas the APL study was more representative of individuals aged 47
and older. In CCAHS-1, the only study that sampled in the three Canadian territories, 0-17-year-
olds were underrepresented across sexes in territorial specimens. (Figure S6). A sensitivity
analysis reclassifying mixed race/ethnicity study participants as white had little impact on
findings, except all racialized minority subgroups in the Ab-C open cohort that were generally
well represented (Figure 2) became underrepresented because racialized minority counts
decreased by 55% (Figures S7-S8). A sensitivity analysis in which the denominator for CLSA
and CanPath representation ratios included Indigenous-identifying individuals as racialized

minorities had little impact on findings (Figure S9).

Sample count analysis

The convenience samples with large overall sample size produced substantially more cells with
counts greater than 25 across 4 levels of stratification compared to all other study designs in the
primary analysis (Table 2) and in sensitivity analysis (Table S4). Among studies with
probabilistic recruitment strategies, pre-existing closed cohorts (CLSA, CanPath) produced a
greater proportion of cells with counts greater than 25 than other probabilistic recruitment

strategies (Ab-C, CCAHS-1) for all strata.

Discussion

In this study, we observed considerable variability in the sociodemographic representativeness of

six serosurveillance studies with diverse recruitment strategies. No study was adequately
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representative of all sociodemographic subgroups. When planning future surveillance studies, the
strengths and weaknesses of each recruitment strategy must be considered in light of the research

question and pathogen of interest.

Probabilistically sampled surveys have traditionally been considered the ‘gold standard’ for
obtaining representative samples.” Use of administrative datasets to construct sampling frames
for large population survey studies often provides superior population coverage compared to
non-probability samples that rely on participant self-selection. The underlying statistical
framework also permits estimation of sampling errors and characteristics associated with non-
response.?? While resource constraints may limit the ability of probabilistic designs to perform
repeated specimen collection, non-probability sampling from sources with a continuous stream
of residual blood specimens, such as blood donors, may be conducive to longitudinal trend
modelling which can also incorporate complex geographic structures.?? The generalizability of
probabilistic designs may also be limited if differences between respondents and non-
respondents are non-random.” Bias may be introduced via a ‘healthy volunteer’ effect whereby
cohort participants are healthier than the general population,>* similar to the ‘healthy donor’ bias
documented in blood donor research cohorts.?> Where available, response rates of the included
studies were fairly low (23% [CCAHS-1],% 25% [Ab-C];!? these response rates exclude
individuals who completed a questionnaire but did not provide a blood sample). This suggests
non-response bias could partially explain some of the observed differences in representativeness
between study designs. The above response rates are consistent with other probabilistic

serosurveys,'? although response rates as high as 69% have been reported.'!
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Many large-scale SARS-CoV-2 serosurveillance studies in the United States and other countries
relied on blood donor and healthcare patient study populations for serology specimens.?>?® Blood
donors have traditionally been dismissed as a population for public health surveillance, while the
potential for expanded screening of residual outpatient laboratory samples remains unclear. Our
findings suggest they are representative along multiple sociodemographic dimensions relative to
the general population. Future studies should evaluate the potential of linking surveillance
cohorts to administrative datasets to improve characterization of representativeness and
derivation of statistical weights for adjustment. Gaps in demographic representation may be
overcome by using multipronged surveillance approaches that synthesize data from multiple
sources.?’ Yet differences in choice of assay, use of venous blood draws or dried blood samples,
and the format or availability of variables can curtail the ability to synthesize data across

studies.?82?

Racialized minorities were underrepresented (representation ratio < 1) across all studies included
in our analysis. Language barriers and skepticism of research or medical institutions may
contribute to poor representation of these populations.3%3! While use of stratified random
sampling or sampling weights may improve sample representativeness to the target population,
they fail to address the underlying individual and societal factors governing participation in
health research. Direct engagement and collaboration with community members throughout the
research cycle may help mitigate these recruitment barriers by facilitating trust, reducing
misinformation, and ensuring study materials are accessible.3!*? Racialized minorities may be
better represented in healthcare cohorts like APL,?® though a lack of race-based data in Canadian

administrative healthcare datasets may make this difficult to measure.3* Notably, representation
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of racialized minorities improved as age increased in most studies requiring participant opt-in
(Ab-C, CLSA, CanPath), but young minorities exhibited better representativeness compared to
older subgroups in the CBS study. Lack of a standardized definition of participant race/ethnicity
impeded comparison across studies and prevented assessment of representativeness by specific

minority group.

Several other dimensions of representativeness varied across studies. The Ab-C open cohort was
substantially more representative of participants aged 18-46 years old across sex and urbanicity
strata compared to the CanPath longitudinal closed cohort (Figure 2). Given both the CLSA and
CanPath studies began recruitment of participants aged 45-85 in 2010 and 35-74 in 2009,
respectively, the age distribution of both COVID-19 sub-studies unsurprisingly skewed towards
older adults.!®!” Between convenience samples, individuals who resided in highly materially
deprived areas were notably underrepresented when using blood donations (representation ratio
0.4-0.6), but not when using outpatient labs (representation ratio 0.9-1.2). Donor eligibility
criteria, along with the ‘healthy donor effect’ or other unmeasured socioeconomic factors, may
homogenize the demographic composition of the sampled donor pool.?’ Rural regions had
consistently worse representation compared to their urban counterparts in all studies, which may
be related to urban-centric study recruitment patterns or willingness to travel for specimen

collection (Figures 1-2).

The study had several limitations. First, our analysis only considered representativeness by age,

sex, race/ethnicity, urbanicity, and neighborhood deprivation. Many other sociodemographic

dimensions are important considerations regarding representativeness in serosurveillance studies,
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particularly those related to health and disability. Indeed, we hypothesize a ‘healthy participant’
sampling bias may have led to underrepresentation of individuals with poor health and/or
disability in all study populations except outpatient labs.?*?3 Prior analyses of the pre-existing
longitudinal cohorts included in our study have also indicated participants are more educated
and/or have higher income than the general population,'3!%17 as are blood donors in the United
States.>* Second, the measurement of race/ethnicity was inconsistent between studies.
Race/ethnicity options for CBS blood donors include four mutually exclusive categories, while
the Ab-C, CCAHS-1, CanPath, CLSA, and census datasets permitted selection of multiple
racial/ethnic identities. This necessitated dichotomizing the race/ethnicity variable as white or
racialized minority and may have biased the CBS representation estimate if individuals who
identified as mixed race/ethnicity selected their race/ethnicity as white during donation.
Additionally, due to missing Indigenous identity data, we modified our representation
assessment for the CLSA and CanPath studies by omitting Indigenous-identifying individuals
from the census dataset. Our sensitivity analysis suggests this did not substantially impact our
findings (Figure S9). Third, our criteria for defining notably underrepresented subgroups and
focus on strata with fewer than 25 samples were largely arbitrary. We plotted the representation
ratio bootstrap distributions to assess the influence of our artificial threshold for
underrepresentation (Figures S10-S16). Fourth, we did not analyze factors shaping the
sociodemographic composition of each study, including intentional oversampling. For example,
the CCAHS-1 study used a complex stratified random sampling strategy that oversampled
geographic regions with greater COVID-19 prevalence and less populated regions to improve
estimate precision. Less populated areas of Canada often have fewer racialized minorities, which

likely contributes to lower representation ratios.® Understanding the causes and consequences of
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each study’s sociodemographic composition requires more detailed analysis than is presented
here. Finally, our study is not a comprehensive assessment of all SARS-CoV-2 serology studies

conducted in Canada. Demographic groups excluded here have been evaluated elsewhere.>

Public health implications

Understanding variability in demographic representation between study designs is an important
consideration when planning serosurveillance studies, which increasingly leverage pre-existing
samples or study cohorts. We found that underrepresentation of racialized minorities and
younger age groups was common and not restricted to convenience samples, which had better
representation for some sociodemographic strata. Identifying coverage barriers is vital to support
adequate representation and detection of disease trends within demographic subgroups. We also
observed differences in the measurement of participant race/ethnicity between studies. This
highlights the need to adopt a standardized approach to the measurement of self-identified

race/ethnicity.
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Tables

Table 1: Summary of Canadian serological study designs included in the study. Serological

specimens were collected from various regions across Canada between April 2020 - November

2023.
Study Design Age Region Specimen type Study time and size De novo
recruitment

Action to Beat Pre-existing AB, BC, MB, 25,110 specimens from 10,621

. o NB, NL, NS, . .
Coronavirus longitudinal open >18 ON, PE, QC Dried blood spot participants No
(Ab-C) research cohort SK, YT* May 2020 - April 2022

Heparinized
Albgﬂg . . plasma 210,905 specimens from 187,887
Precision Serial cross-sectional -
Laboratories convenience sample 20 AB Plasma participants No
April 2020 - October 2022
(APL)
Serum

Canadian Blood Serial cross-sectional AB, BC, MB, 1,035,580 specimens from
Services random sample >18 NB, NL, NS, Serum 446,187 participants No
(CBS) P ON, PE, SK May 2020 - November 2023
Canadian Prospective cross- AB, BC, MB,
Covid-19 sectional cohort with NB, NL, NT, 11,050 specimens from 11,050
Antibody and direct (ages 1-24 )or >1 NS, NU, ON, Dried blood spot participants Yes
Health Survey |  multi-stage (ages > PE, QC, SK, November 2020 - April 2021
(CCAHS-1) 25) sampling YT
Canafilan. Pre-existing AB, BC, MB, Dried blood spot 17,310 specimens from 17,310
Longitudinal loneitudi NB, NL, NS, L.
Study on Aging ongltuﬁma;lclosed > 51 ON, PE. QC, | participants No
(CLSA)® research cohort SK Plasma October 2020 - August 2021
Canadian
Partnership for Pre-existing AB, BC, MB, 21,720 specimens from 21,717
Tomorrow's longitudinal closed >25 NB, NL, NS, Dried blood spot participants No
Health research cohort ON, PE, QC February 2021 - November 2021
(CanPath)°

Note. AB = Alberta; BC = British Columbia; MB = Manitoba; NB = New Brunswick; NL = Newfound and Labrador; NT
= Northwest Territories; NS = Nova Scotia; NU = Nunavut; ON = Ontario; PE = Prince Edward Island; QC = Quebec; SK
= Saskatchewan; YT = Yukon.

*Four specimens were collected from Yukon territory and were excluded from all analyses.

®Composed of comprehensive sub-cohort and tracking sub-cohort that recruited participants from seven and 10 provinces,

respectively.

°Composed of 6 distinct regional cohorts.
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Table 2: Percentage of study demographic subgroups with greater than 25 collected specimens
after stratification. Date of sample collection was binned into 2-month intervals. Subgroups with
counts above threshold value might produce more stable estimates when statistically adjusted.
Study specimens were collected from various regions across Canada between April 2020 -

November 2023. All specimen counts were unweighted.

Demographic subgroups

Age, Sex, Age, Sex,

Study Months Ilérgoe\:iiiz’ ?;zgoe\;iiz)e(’ Province, Province,
(specimen count) sampled Month ’ Urban. M 1,1 th Race/Ethnicity,  Race/Ethnicity,

0 » V10 Month Urban, Month
dcc})ilirb 2(1)0(;135 580) H 2% % 0% 2
APL outpatient 0 )
laboratory (210,905) 27 4% 5% NA A
cAot;l_c?rtO(p;Srll 10) 18 31% 20% 20% 12
A e e m o w
G [ o
CCAHS-1 closed 6 339 20% 21% 13%

cohort (11,050)
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Figure 1: Demographic representativeness of Canadian serological studies compared to the

general population by sex, urbanicity, and racial/ethnic identity. Representativeness was

calculated by dividing the proportion of study specimens collected from a subgroup by the

proportion of population in the subgroup. Total population counts were estimated using the

2016 Canadian census.!” Study specimens were collected from various regions across Canada

between April 2020 - November 2023. Bolded representation ratios indicate greater than 95%

of subgroup bootstrap replicates produced representation ratios below 0.75. Bootstrapping was

not performed for studies with weighted representation ratios (CCAHS-1).
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CBS blood APL outpatient CCAHS-1 closed CLSA closed CanPath closed
donor laboratory cohort cohort cohort
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Figure 2: Sociodemographic representativeness of Canadian serological studies compared to the

general population by age group, sex, urbanicity, racial/ethnic identity, and material deprivation

quintile. Representativeness was calculated by dividing the proportion of study specimens
collected from a subgroup by the proportion of population in the subgroup. Total population
counts were estimated using the 2016 Canadian census.!® Material deprivation scores were not
available for Ab-C and CanPath studies. Study specimens were collected from various regions
across Canada between April 2020 - November 2023. Bolded representation ratios indicate
greater than 95% of subgroup bootstrap replicates produced representation ratios below 0.75.

Bootstrapping was not performed for studies with weighted counts (CCAHS-1).
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Supplemental tables

Table S1: Classification table of self-reported racial/ethnic identities. Participants who identified

as non-white in race/ethnicity, or who identified as Indigenous, were classified as a racialized

minority. Ambiguous or missing responses were removed for all analyses which included

race/ethnicity as a stratum.

Response classification

Study

Race/ethnicity
definition

White

Racialized minority

Removed

CBS

Ethnicity

'White

Aboriginal, Asian, Other

Missing

CCAHS-1

Are you X?

'White

South Asian, Chinese, Black,
Filipino, Arab, Latin
lAmerican, Southeast Asian,
'West Asian, Korean,
Japanese, Other

NA

Ab-C

Ethnicity

English / Irish /

Other European
(e.g. German,

Scottish, French,

Russian, Italian,
INorwegian, etc.)

Indigenous / First Nations /
[nuit / Metis, Filipino, South
Asian (Indian, Pakistani, Sri
Lankan, etc.), Other Asian
(Vietnamese, Korean,
Japanese, etc.), Oceania (e.g.,
Australian, New Zealander,
Fijian, etc.), Other (Please
specify), Caribbean (e.g.
Jamaica, Cuba, Trinidad),
Central or South American,
African (e.g. South African,
Ethiopian, Nigerian, etc.),
Middle Eastern / Central
Asian (e.g. Lebanese, Iranian,
Turkish, Syrian, etc.),
Chinese

Rather Not
Say, NA

CanPath

Race/ethnicity

White

Arab, Black, Chinese,
Filipino, Japanese, Korean,
Latin American / Hispanic,
South Asian, Southeast
IAsian, West Asian, Other,

Other (Specify)

Rather not say
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CLSA Ethnicity

White

South Asian, Chinese, Black, [Rather Not
Filipino, Latin American, Say, Refused,
Arab, Southeast Asian, West [NA

Asian, Korean, Japanese,
Other (Please specify)

Note. NA = Not applicable.
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Table S2: Classification table of self-reported racial/ethnic identities provided by free text
response in CLSA and CanPath studies. Participants who identified as non-white in

race/ethnicity, or who identified as Indigenous, were classified as a racialized minority.

Ambiguous or missing responses were removed for all analyses which included race/ethnicity as

a stratum.

Response classification

White

Racialized minority

Responses which included
“White” or “Caucasian”.

Responses which included
“Caribbean”, “Indian”,
“Indo-Caribbean”, “Asian®,
“African”, “South American”,
“Iraqi”, “Ugandan”,
“Trinidadian”, “Chinese”,
“Japanese”, “Armenian”,
“Black”, “Guyanese”, “Latin-
I American”, “Khoisan”,
“Hispanic”, “Persian”,
“Assyrian”, “Latino”, “Afro-
Latino American”, “Berbere”,
“Amazigh”, “Maghrebine”,
“Moroccan Jewish”, “Arab”,
“Afrikaans”, “Jamaican”,
“Indo-European”,
“Colombian”, “Middle East”,
“Cherokee”, “Zimbawayan”,
“Indonesian”, “Punjabi”,
“Cambodian”, “Maurician”,
“Taiwanese”, “Afghan”,
“Tunisian”, “Mexican”,
“Metis”, “Aboriginal”, or

“Indigenous”.
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Table S3: Summary of demographic characteristics by research study. Scores of 1 and 5 indicate

the lowest and highest quantiles of deprivation, respectively. Raw CCAHS-1 counts were

rounded to base 2000 according to data usage guidelines.

CBS blood APL outpatient CCAHS-I closed CLSA closed CanPath closed Ab-C open
donor laboratory eohort cohort cohort cohort
n 1035580 210905 11050 17310 21720 25110
Age Group (%a)
0-17 040.0) T (34) 1750 (15.8) 0{0.0) 0{0.0) 0{0.0)
18-26 109542 (10.6) 11763 (5.6) 1300 (11.8) 0{0.0) 3(0.0) 991 (3.9)
27-36 1B3368 (17.7) 26334 (12.5) 1200(10.9) 0 (0.0} 355(1.6) 4244 (16.9)
37-46 176478 (17.0) 27646 (13.1)  1450(13.1) 0 (0.0} 1226 (5.6) 4219 (16.8)
47-56 192898 (18.6) 30443 (14.4)  1550{14.0) 1485 (8.6) 3687 (17.0) 43% (17.5)
5T+ 373294 (36.0) 107588 (51.0) 3800(34.4) 15825 (91.4) 16448 (75.7) 11260 (44.8)
Material deprivation
quintile (o)
1 267483 (25.8) 54152(257)  2550(23.1) 5345 (30.9)  0(0.0) 0{0.0)
2 225349421.8) 38727(18.4) 2250{20.4) JuRd(224)  0(0.0) 0{0.0}
3 188746 (18.2) 32684 (15.5)  1950(17.6) JI3Z2{18.1)  O(0.0) 0{0.0)
4 145317 (14.0) 26976 (12.8)  1850(16.7) 2404(13.9)  0(0.0) 0{0.0)
5 B5043 (8.2) 17743 (5.4) 1450 (13.1) 1659 (9.6) 0{0.0) 0{0.0)
Missing 123642 (11.9) 40623 (19.3)  930(8.6) BRG (5.1) 21720(100.0) 25110 (100.0)
Social deprivation
quintile (%)
1 197381 (19.1)  37530(17.8)  1600{14.5) 2822(163)  0(0.0) 0{0.0)
2 194957 (18.8) 28600 (13.6)  2100{19.0) 3432(19.8)  0(0.0) 0{0.0)
3 182655 (17.6) 35489 (16.8) 2250(204) 3479420.1)  0(0.0) 0{0.0)
4 167547 (16.2) 33994 (16.1) 2200(19.9) 3426(19.8)  0(0.0) 0{0.0)
5 169398 (16.4) 34669 (16.4)  1950(17.6) 3265(189)  0(0.0) 0{0.0)
Missing 123642 (119} 40623 (19.3)  950(8.6) 886 (5.1) 21720(100.0) 25110 (100.0)
Race/ethnicity (%)
Racialized minority 189304 (18.3)  0(0.0) 1400 (12.7) 461 (2.7) 1509 (6.9) 5286 (21.1)
White B46276 (R1.7) 0(0.0) 9200 (83.3) 16389 (94.7) 19829 (91.3) 19633 (78.2)
Missing 040.0) 210905 (100.0) 450 (4.1) 460 (2.7) 3BZ(LE) 181 (0.7)
Sex (%)
Female 433366 (41.8) 119362 (56.6) 6150(35.7) 0045 (523)  14258(65.6)  14815(59.3)
Male 602214 (58.2) 91530(43.4) 4900 (44.3) B265(47.7) 7462 (34.4) 10157 {40.7)
Missing 040.0) 13 (0.0} 0{0.0) 0{0.0) 0{0.0) 0{0.0}
Urbanicity (%a)
Rural 133393 (12.9) 26045 (12.3)  1950(17.6) 2429(14.00  1870(8.6) 3156 (12.6)
Urban S0Z180{87.1) 184859 (B7.7) 9050(81.9) 14881 (B6.0) 19850 (91.4) 21923 (R7.4)
Missing Ti0.0) 1(0.0) 0{0.0) 0{0.0) 0{0.0) 0{0.0)
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Table S4: Sensitivity analysis on the percentage of study demographic subgroups with greater

than 25 collected specimens after stratification. Study participants identifying as mixed

race/ethnicity (white and racialized minority) classified as white. Date of sample collection was

binned into 2-month intervals. Subgroups with counts above threshold value might produce more

stable estimates when statistically adjusted. All specimen counts were unweighted.

Demographic subgroups

Age, Sex, Age, Sex,

Study Months llér%)e\;irsliz’ llér%)e\;irslzzj Province, Province,
(specimen count) sampled Month ’ Urban Mor’1 th Race/Ethnicity, = Race/Ethnicity,

’ Month Urban, Month
ggil’goé 5.550) 41 92% 74% 70% 52%
APL outpatient o o
laboratory (210,905) 27 SR S NA NA
éﬁf no(%‘;nl 10) 18 31% 20% 21% 14%
S;ﬁﬁ"fgil‘;;%‘; 10 40% 31% 33% 27%
cLSA 3382(110) B 50% 36% 34% 27%
CCAHS-1 closed 6 33% 20% 21% 13%

cohort (11,050)
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Supplemental figures

CBS blood APL outpatient CLSA closed CanPath closed Ab-C open
donor laboratory cohort cohort cohort
Age 57+ - 7,151 8,101 1,197 | 1,030 1,000 483 1,023 | 803
47-56 1/ 10,626 | 13,156 ||| 2,043 1,816 17 85 235 63 305 203
37461 9,168 | 9,783 || 1,624 - 1,101 58 | 15 244 157
27-361| 8,405 | 8,668 || 1,550 638 12 | 4 208 144 | 'g
18-26 1| 8,597 | 5,934 923 V 350 0 0 29 | 35
0-17 1 448 299 :
All ages ‘13.739 12,305 1314 | 1,115 1,305 @ 565 1,809 1,342
Age 57+ 7,068 @ 6,530 9,430 5,536 | 5460 3918
47-56 1 14474 12,109 663 620 2,381 | 1,008 2,400 1,468
37-46 - 15593 9,327 | 875 | 278 i 2311 1479
27-36 1 17544 6,616 265 74 2,295 1,550 §
18-26 1 | 7,428 3,060 2 | 1 525 381 |
0-17 3,556 | 2,806
All ages ! 7,731 | 7,150 12,953 | 6,897 12,991 8,796
Female  Male Female  Male Female  Male Female  Male Female  Male

Count
| Count< 1,000

11,000 < Count < 5,000
| 15,000 <Count < 10,000
| 10,000 <Count < 20,000
[7720,000 < Count < 50,000
[ 50,000 < Count < 100,000
I count > 100,000

[na

Figure S1: Demographic composition of Canadian serological studies by participant age, sex,

and urbanicity. Counts were calculated as the number of serological specimens contributed by

each study subgroup. CBS tested 3410 donations from 17-year-old donors, but they were

excluded from our analysis. CCAHS-1 counts were not included due to privacy regulations.
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CBS blood CLSA closed CanPath closed Ab-C open
donor cohort cohort cohort
Age 57+ 1| 10,729 175 205 404 403 963 658
47-56 1 | 11,165 39 42 237 179 626 412
37-461 | 13,841 134 62 689 420 | g
27-36 1 | 18,420 65 23 686 460 | g
18264 14,921 16,715 1 1 187 154 | g.
0-17
All ages 214 247 841 668 3,151 2,104
Age 57+ 7,898 7,137 9,846 5,503 5,479 4,035
47-56 1 723 631 2,337 870 2,07 1,253
37-46 1 788 222 1,849 1,201
27-36 4 207 55 1,799 1,231 §
18-26 1 1 0 363 259 |
0-17
All ages 8,621 7,768 13,179 6,650 11,561 7,979
Female Male Female Male Female Male Female Male

Count
Count < 1,000

" 11,000 < Count < 5,000
5,000 < Count < 10,000

110,000 < Count < 20,000
[7720,000 < Count = 50,000
[ 50,000 < Count < 100,000
B count > 100,000
~INA

Figure S2: Demographic composition of Canadian serological studies by participant age, sex,

and self-identified race/ethnicity. Counts were calculated as the number of serological specimens

contributed by each study subgroup. CBS tested 3410 donations from 17-year-old donors, but

they were excluded from our analysis. CCAHS-1 counts were not included due to privacy

regulations.
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CBS blood APL outpatient CLSAclosed
donor laboratory cohort
9,950 7,792 895 764
14,938 | 12,036 1,310 1,094
18,242 | 14,439 1,650 1,482
1,996 1,888
2,727 2,618
T T T T T T
Female Male Female Male Female Male

Figure S3: Demographic composition of Canadian serological studies by participant sex and

| | 1.000< Count < 5,000

| 5,000< Count < 10,00
\j 10,000 < Count < 20,000
[ 20,000< Count < 50,000

- 50,000 < Count < 100,000

- Count > 100,000

material deprivation quintile score. Counts were calculated as the number of serological

specimens contributed by each study subgroup. Scores of 1 and 5 indicate the lowest and highest

quintiles of deprivation, respectively. CCAHS-1 counts were not included due to privacy

regulations.
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CBS blood APL outpatient CLSAclosed
donor laboratory cohort
19,726 14,942 1,840 1,425
19,440 14,550 1,862 1,564
19,781 15,707 1,814 1,665
16,005 @ 12,595 1,713 1,719
20,558 | 16,969 1,349 1,473
T T T T T T
Female Male Female Male Female Male

Figure S4: Demographic composition of Canadian serological studies by participant sex and

Count

D 1,000< Count < 5,000
D 10,000 < Count < 20,000
D 20,000 < Count < 50,000

. 50,000 < Count < 100,000

. Count > 100,000

social deprivation quintile score. Counts were calculated as the number of serological specimens

contributed by each study subgroup. Scores of 1 and 5 indicate the lowest and highest quintiles

of deprivation, respectively. CCAHS-1 counts were not included due to privacy regulations.
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CBS blood APL outpatient CCAHS-1 closed CLSA closed
donor laboratory cohort cohort

Representativeness
Ratio

Female Male Female Male Female Male Female Male

Figure S5: Sociodemographic representativeness of Canadian serological studies compared to the

general population by sex and social deprivation quintile. Representativeness was calculated by
dividing the proportion of study specimens collected from a subgroup by the proportion of
population in the subgroup. Total population counts were estimated using the 2016 Canadian
census.'? Social deprivation scores were not available for Ab-C and CanPath studies. Bolded
representation ratios indicate greater than 95% of subgroup bootstrap replicates produced
representation ratios below 0.75. Bootstrapping was not performed for studies with weighted

counts (CCAHS-1).
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cohort

Age 57+ -

47-56 4 Representativeness

Ratio
37-46 A

27-36 A

18-26 - l
017 —

All ages

Female Male
Figure S6: Demographic representativeness of CCAHS-1 serological study specimens collected
from the capital cities of the Canadian territories compared to the general population by age
group and sex. Representativeness was calculated by dividing the proportion of study specimens
collected from a subgroup by the proportion of population in the subgroup. Total population
counts were estimated using the 2016 Canadian census.!? Bootstrapping was not performed
because representation ratios were calculated using weighted study counts. The population
distribution of the weighted CCAHS-1 data was assumed to reflect the total territorial population

distribution for this analysis.
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CCAHS-1 closed CanPath closed CLSA closed Ab-C open
cohort cohort cohort cohort

Age 57+

47-56 -

37-46 1

Auouw
paziepey
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37-46 -
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18-26 1

0-17 4
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Figure S7: Sensitivity analysis on the demographic representativeness of Canadian serological
studies compared to the general population where study participants identifying as mixed
race/ethnicity were classified as white. Representativeness was assessed by age group, sex, and
racial/ethnic identity. Representativeness was calculated by dividing the proportion of study
specimens collected from a subgroup by the proportion of population in the subgroup. Total
population counts were estimated using the 2016 Canadian census.!® Bolded representation ratios
indicate greater than 95% of subgroup bootstrap replicates produced representation ratios below

0.75. Bootstrapping was not performed for studies with weighted counts (CCAHS-1).
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CLSAccbsed CanPath closed Ab-C open
cohort cohort cohort
Age 57+ o 146 176 358 373 316 240
47-56 A 32 36 208 166 252 189
37-46 o 110 53 345 235 g
27-36 A 49 17 339 257 g
18-26 - 1 1 101 78 | g_
0-17 A
Allages 178 212 726 610 1,353 999
AgeS7+ 4| 7,927 7,166 9,892 5,633 6,126 4,453
47-56 730 637 2,366 883 2,445 1,476
37-46 A 812 231 2,193 1,386
27-36 o 223 61 2,146 1,434 g
18-26 - 1 0 449 335
0-17 1
Allages {| 8,657 7,803 13,294 6,708 13,359 9,084
Ferr:ale M;Iale Ferrlmle Mlale Fen;ale Melale

Count

.—\ Count 1,000

:‘ 1,000< Count < 5,000

D 5,000< Count < 10,000
D 10,000 < Count < 20,000
D NA

Figure S8: Sensitivity analysis on the demographic composition of Canadian serological studies

by participant age, sex, and self-identified race/ethnicity where study participants identifying as

mixed race/ethnicity were classified as white. Counts were calculated as the number of

serological specimens contributed by each study subgroup. CCAHS-1 counts were not included

due to privacy regulations.
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Figure S9: Sensitivity analysis on the demographic representativeness of Canadian serological
studies compared to the general population where total population counts were estimated using
the 2016 Canadian census and included Indigenous-identifying individuals.!” Representativeness
was assessed by age group, sex, urbanicity, racial/ethnic identity, and material deprivation
quintile. Representativeness was calculated by dividing the proportion of study specimens
collected from a subgroup by the proportion of population in the subgroup. Material deprivation
scores were not available for the CanPath study. Bolded representation ratios indicate greater

than 95% of subgroup bootstrap replicates produced representation ratios below 0.75.
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Figure S10: Bootstrap distribution of Canadian serological study log10-transformed representation ratios stratified by sex, urbanicity,
and self-identified racial/ethnic identity. Distributions were generated using 5000 bootstrap resamples and plotted with a binwidth of

0.01. Representativeness was calculated by dividing the proportion of study specimens collected from a subgroup by the proportion of
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population in the subgroup. Total population counts were estimated using the 2016 Canadian census.!® Dashed red lines indicate

representation ratio values of 0.75 and 1.33.
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Figure S11: Bootstrap distribution of Canadian serological study log10-transformed representation ratios stratified by sex and material

deprivation quintile. Distributions were generated using 5000 bootstrap resamples and plotted with a binwidth of 0.01.
Representativeness was calculated by dividing the proportion of study specimens collected from a subgroup by the proportion of
population in the subgroup. Total population counts were estimated using the 2016 Canadian census.!® Dashed red lines indicate

representation ratio values of 0.75 and 1.33.
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Figure S12: Bootstrap distribution of Canadian serological study log10-transformed representation ratios stratified by sex and social
deprivation quintile. Distributions were generated using 5000 bootstrap resamples and plotted with a binwidth of 0.01.
Representativeness was calculated by dividing the proportion of study specimens collected from a subgroup by the proportion of
population in the subgroup. Total population counts were estimated using the 2016 Canadian census.!® Dashed red lines indicate

representation ratio values of 0.75 and 1.33.
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Figure S13: Bootstrap distribution of Canadian serological study log10-transformed representation ratios stratified by age group, sex,

and urban residence. Distributions were generated using 5000 bootstrap resamples and plotted with a binwidth of 0.01. Representation

ratios between 0.00 — 0.09 were pseudo-adjusted to a value of 0.1 prior to transformation for visualization purposes.
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Representativeness was calculated by dividing the proportion of study specimens collected from a subgroup by the proportion of
population in the subgroup. Total population counts were estimated using the 2016 Canadian census.!® Dashed red lines indicate

representation ratio values of 0.75 and 1.33.
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Figure S14: Bootstrap distribution of Canadian serological study logl0-transformed representation ratios stratified by age group, sex,
and rural residence. Distributions were generated using 5000 bootstrap resamples and plotted with a binwidth of 0.01. Representation

ratios between 0.00 — 0.09 were pseudo-adjusted to a value of 0.1 prior to transformation for visualization purposes.
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Representativeness was calculated by dividing the proportion of study specimens collected from a subgroup by the proportion of
population in the subgroup. Total population counts were estimated using the 2016 Canadian census.!® Dashed red lines indicate

representation ratio values of 0.75 and 1.33.

75



CBS Ab-C

———
9z-8l
9z-8L

9¢e-12

9g-1¢

9G-L¥

95-LY of-L€
|

- s
+1G ar-LE

+1§

01 0.17 0.3 0.53

9z-8l

9€-22
95-L¥

::_:‘::-
95-Lv

+15

>
il ==

—
—
+1S

01 017 0.3 0.53 0.94 1.68 2.99 01 0.17 0.3 0.53 0.94 1.68 2.99

Sex . Female . Male

Figure S15: Bootstrap distribution of Canadian serological study log10-transformed representation ratios stratified by age group, sex,
and white racial/ethnic identity. Distributions were generated using 5000 bootstrap resamples and plotted with a binwidth of 0.005.

Representation ratios between 0.00 — 0.09 were pseudo-adjusted to a value of 0.1 prior to transformation for visualization purposes.
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Representativeness was calculated by dividing the proportion of study specimens collected from a subgroup by the proportion of
population in the subgroup. Total population counts were estimated using the 2016 Canadian census.!® Dashed red lines indicate

representation ratio values of 0.75 and 1.33.
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Figure S16: Bootstrap distribution of Canadian serological study logl0-transformed representation ratios stratified by age group, sex,
and racialized minority racial/ethnic identity. Distributions were generated using 5000 bootstrap resamples and plotted with a binwidth

of 0.005. Representation ratios between 0.00 — 0.09 were pseudo-adjusted to a value of 0.1 prior to transformation for visualization

78



purposes. Representativeness was calculated by dividing the proportion of study specimens collected from a subgroup by the
proportion of population in the subgroup. Total population counts were estimated using the 2016 Canadian census.'® Dashed red lines

indicate representation ratio values of 0.75 and 1.33.
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4.3 Postscript

In this manuscript, I assessed the sociodemographic representativeness of six SARS-
CoV-2 serosurveillance studies conducted in Canada. I identified key demographic subgroups,
such as racialized minorities and 18-26-year-olds, which were commonly underrepresented
across all study designs. I also identified several differences in the representation of studies with
similar designs, reflecting the role of recruitment strategy and chosen study population on

representativeness to the general Canadian population.

This study emphasizes the need for future research to identify and reduce the barriers
impeding racialized minorities’ representation in health research. While stratified random
sampling and weighting methods may improve study representation, they do not address the
personal and societal factors that drive racialized communities’ decision to participate in health
research. This study also highlights that non-probability data sources may produce samples that
are representative of the general population along multiple sociodemographic dimensions,
although the lack of a formal sampling frame may make it harder to formally assess

generalizability and generate weights for statistical adjustment. !

80



Chapter 5: Discussion

I observed variability in the sociodemographic representativeness of six Canadian
serosurveillance studies that used different recruitment strategies. Racialized minorities were
underrepresented (representation ratio < 1) in all serosurveillance studies, regardless of design,
although representation improved with age in pre-existing longitudinal cohorts (Action to Beat
Coronavirus [Ab-C], Canadian Longitudinal Study on Aging [CLSA], Canadian Partnership for
Tomorrow’s Health [CanPath]). Individuals residing in materially deprived neighborhoods were
underrepresented in all studies except the Alberta Precision Laboratories (APL) convenience
sample. Urban regions were consistently better represented relative to their urban counterparts in
all studies, although multiple studies (APL convenience sample, CLSA closed longitudinal
cohort, Canadian COVID-19 Antibody and Health Survey 1 [CCAHS-1] de novo probabilistic
cohort) were generally representative of rural residents aged 57 or older across both sexes.
Notably, no single study was sufficiently representative of all sociodemographic subgroups
included in this analysis. Some aspects of the study design and findings warrant further

discussion beyond those presented in Chapter 4.2.

The underrepresentation of racialized minority groups has also been observed in other
severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) serosurveillance studies.!>!¢ In
some studies, imbalances persisted despite oversampling from regions with a higher proportion
of non-white individuals.'¢ Because statistical weighting methods may fail to effectively adjust
for subgroups largely excluded from the study sample, identifying barriers to recruitment at the
sampling phase is key to improve study representativeness.’ Prior systemic racism and negative
experiences from medical and research institutions may influence the decision of individuals

from racialized communities to participate in health research.!#>!%? Lack of awareness of
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research activities, language barriers, and a perceived lack of personal benefit may also
contribute to the underrepresentation of certain racialized communities in study samples.'4>143
Community engagement is a common recommendation to improve the recruitment of socially
disadvantaged groups in health research and to minimize attrition. Collaborating with community
stakeholders in the design, implementation, and ownership of the research data may help

increase study awareness and reduce fears regarding data usage.'** Given racialized minorities
experience disproportionately greater SARS-CoV-2 burden compared to self-identified white

individuals, 32373749 jdentifying and reducing the barriers to participation is essential to

improve racialized minorities’ representation in future serosurveillance studies.

Several other notable differences in sociodemographic representation were observed in
this study. Strikingly, the APL convenience sample was the only study that was sufficiently
representative across all sex and material deprivation strata (representation ratio 0.8-1.3). The
universal need for healthcare and Canada’s publicly funded healthcare system may result in a
more socioeconomically diverse study population compared to populations who self-select to
donate blood or to participate in health research studies. However, provincial representativeness
of specimens from 0-17-year-olds was markedly superior in the CCAHS-1 de novo probabilistic
cohort compared to the APL convenience sample, suggesting stratified sampling techniques may
be better suited to reach younger populations. Among convenience samples, the APL study was
equally or more representative across sexes of rural residents aged 47 or older compared to the
Canadian Blood Services (CBS) study. This may result from increased healthcare utilization by
older populations or reflect easier access to healthcare clinics than blood collection sites, which

tend to be in urban areas.!**
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The use of convenience samples for population health research has traditionally been
criticized due to the potential biases inherent in non-probability sampling.'%143 The lack of a
sampling frame impedes estimation of sampling biases, while self-selection and recruitment
strategies may introduce selection bias if the distribution of characteristics in the sample differs
from the target population.!6-1!8 Characterizing the representativeness of residual blood
convenience samples may be further challenged if data providers do not collect data on key
variables related to participation, such as vaccination status and prior infection history, or rely on
participant self-recall.!#!4¢ Despite these limitations, this analysis found that residual blood
convenience samples can produce sufficiently representative samples along multiple
sociodemographic dimensions. Data linkage with supplementary probabilistic population surveys
may improve statistical inference from convenience samples. Future studies should assess the
utility of statistical methods such as propensity score weighting, inverse probability weighting,
and poststratification to improve sample representativeness and adjust for non-probability

sampling biases.?%:!18

Several aspects of study design may have influenced the representativeness of the pre-
existing longitudinal cohorts included in this study. For example, the Ab-C open longitudinal
cohort was recruited from a marketing research panel that provided rewards for participation.
Although weighting was performed to correct for higher education levels compared to the
general population,? latent characteristics inherent to individuals who participate in marketing
studies may bias associations if causally related to recruitment and the outcome of interest.**
Since the CLSA and CanPath closed longitudinal cohorts were conceived in 2010%° and 2009,%’
respectively, they are not representative of younger age groups. While this demographic profile

1s a natural consequence of using pre-existing longitudinal cohorts for serosurveillance, it limits
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their generalizability compared to probabilistic designs such as CCAHS-1. The
representativeness of studies relying on venous collection as part of their specimen collection
strategy (CLSA closed longitudinal cohort, APL convenience sample, CBS convenience sample)
may have also been limited by participant concerns and hesitancy to travel for specimen
collection, particularly for older individuals and other high-risk populations. The use of at-home
collection devices may help mitigate these participation barriers, although they may provide

reduced test performance compared to venous testing methods. !

The relatively limited range of sociodemographic variables used to assess
representativeness is a key limitation of this analysis. Numerous additional social and clinical
characteristics likely differ between the included study populations and the general population.
Participants from the original CLSA and CanPath closed longitudinal cohorts have been shown
to have higher education status and/or income compared to the general population.?®?” This may
result in selection bias or confounding if not appropriately adjusted for during analysis,* yet this
data may be unavailable for blood donor or healthcare study populations. Furthermore,
uncharacterized differences in the health status of blood donors or healthcare study populations
may produce samples that have generally better or worse health, respectively, than the general
population.!? Health-seeking behaviors, testing practices, and self-selection may all introduce
potential biases and limit the generalizability of estimates if not properly acknowledged during
analysis.®!3197 Future work could use administrative healthcare data to better characterize
differences in the distribution of health-related variables between residual blood cohorts and the

general population.

The study was also constrained by the inconsistent measurement of participant

race/ethnicity between studies. Differences in the phrasing and response options necessitated the
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use of a binary classification as ‘white’ or ‘racialized minority’. This classification obscured any
heterogeneity in representativeness between minority groups and prevented identification of
specific racial/ethnic subgroups that were poorly represented in the various study designs. Prior
studies have identified minority groups are differentially represented in SARS-CoV-2 study
populations,'®147 yet the lack of a standardized classification for participant race/ethnicity limited
the ability to assess this across the included studies. Characterizing the representativeness of
Canadian population health studies along racial/ethnic dimensions may also be difficult because

148

race-based data is not routinely available in Canadian administrative healthcare datasets.'*® In

contrast, the United States National Institutes of Health provides a standardized framework to

collect race-based data,'*’

while the United Kingdom’s Equality Act mandates the collection of
racial/ethnic identity in healthcare records.'>® Implementation of standardized collection and
reporting systems for race may aid comparison of racialized communities’ representation across

population health studies.'*®

There are other limitations in this analysis. The assessment of representativeness did not
account for any specific objectives of the included studies. For example, the Ab-C open cohort
oversampled participants aged 60 and older to ensure sufficient power for subgroup analyses,?®
but this study assumed representativeness along each stratum was of equal importance to
investigators. The representation ratios for the CCAHS-1 de novo probabilistic cohort territorial
analysis may be susceptible to coverage error. Because the weighted counts of the CCAHS-1 and
2016 Canadian census were designed to be representative of the three territorial capital cities and
the entire territorial population, respectively, bias may be present if the population distribution

109,151

differs between these two regional subsets. Finally, although survey weights were also

available for the Ab-C open longitudinal cohort, representativeness was assessed using
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unweighted data for all datasets except CCAHS-1. Because the unweighted CCAHS-1 sample
was solely designed to contain a sufficient amount of specimens per strata, use of the weighted
dataset was required to accurately capture the study design.'” Unweighted study data was used
for the remainder of the analysis to evaluate the influence of recruitment strategy, rather than
effectiveness of statistical adjustment, on the representativeness of the included SARS-CoV-2

serosurveillance studies.

Several additional factors should be considered when interpreting the results of this
study. Following the framework presented in Rudolph et al., this study estimated the capability
of six serosurveillance studies to produce interpretations of effect that are representative of the
census-based general population. While this approach assumes the interpretation of effect will be
similar between the study and target populations with similar demographic characteristics, it
does not imply representativeness of estimated population parameters.** The mechanism of
selection for residual blood cohorts also directly influences the forms of research that are
appropriate. For example, blood donors are an accessible, convenient population for public
health surveillance, but are an impractical study population for surveillance of sexually
transmitted infections since participants undergo screening prior to donation.*® However, given
their low operational costs, established testing infrastructure, and capability to repeat specimen
collection,”!% residual blood cohorts may be better suited to monitor changes in general
population health status over time compared to the other serosurveillance study designs assessed

here.

In summary, this analysis identified considerable differences in the sociodemographic
representativeness of six SARS-CoV-2 serosurveillance studies conducted in Canada. Racialized

minorities and young individuals were generally underrepresented across study designs. Future
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studies should investigate the utility of targeted recruitment methods to improve the
representation of these high-risk subgroups. This study also identified that no single recruitment
strategy produced a sufficiently representative sample along all sociodemographic dimensions.
This highlights the need to investigate multi-tiered surveillance approaches that may help
overcome gaps in representation, although data harmonization is needed to pool data across
studies.'3?!53 Such multi-tiered approaches could integrate a combination of wastewater testing,
population-based serology testing, and genomic sequencing to rapidly detect outbreaks, identify

subgroup differences in infection, and classify emerging variants of concern.®
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Chapter 6: Conclusion

The severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) pandemic created a
dire need for efficient population surveillance. Public health restrictions, resource limitations,
and a need for near real-time surveillance data forced studies to employ a range of strategies to
recruit participants, which likely influenced the characteristics of the resulting study populations.
Thus, this thesis aimed to assess the sociodemographic representativeness of six Canadian
SARS-CoV-2 serosurveillance studies relative to the general Canadian population. Racialized
minorities and young adults were identified to be underrepresented (representation ratio < 1)
amongst multiple sociodemographic strata across all recruitment strategies. Notably,
nonprobability recruitment strategies were adequately or more representative of the census-based
general population along multiple sociodemographic dimensions compared to traditional

probability-based approaches.

Public health surveillance is an important tool to monitor and protect the health of the
general population. To be effective, surveillance systems should ensure study populations are
representative of the general population among demographic, geographic, clinical, or other
dimensions relevant to the surveillance objective.® While representativeness is not necessary for
valid causal inference,!” representative sampling is necessary when attempting to describe the
health status of a larger population that cannot be feasibly measured.®*** This study supports
the conclusions of prior works that racialized minorities are underrepresented in SARS-CoV-2
serosurveillance study populations.’-?*>* Representativeness tended to improve with increasing
age, urban residence, and residence in neighborhoods with low amounts of material deprivation.
These observations may be useful considerations when planning future population

serosurveillance studies.
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The findings from this study emphasize the need to further investigate the barriers
impeding underrepresented subgroups’ participation in population health research studies.
Random sampling and statistical adjustment are often recommended to correct for imbalances in
study population representativeness, yet the results of the current study suggest further efforts at
the recruitment stage may produce more representative samples. Direct engagement with
underrepresented population subgroups is necessary to facilitate trust and develop community
engagement.'#?> This study also highlighted that residual blood convenience samples may
produce representative samples along multiple sociodemographic strata. Given advantages of
this sampling approach, such as pre-established testing infrastructures and capability to perform
repeated specimen collection, future studies should investigate the utility of residual blood
convenience samples for public health surveillance.!3* Development of methods to estimate
pseudo-weights or linkage to supplementary administrative data sources is necessary to better

characterize the representativeness of nonprobability samples and correct for sampling biases.
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