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While volunteer-based studies such as the UK Biobank have become the
cornerstone of genetic epidemiology, the participating individuals are

rarely representative of their target population. To evaluate the impact

of selective participation, here we derived UK Biobank participation
probabilities on the basis of 14 variables harmonized across the UK Biobank
and arepresentative sample. We then conducted weighted genome-wide
association analyses on 19 traits. Comparing the output from weighted
genome-wide association analyses (1 gecive = 94,643 t0102,215) with that
from standard genome-wide association analyses (n = 263,464 t0283,749),
we found that increasing representativeness led to changes in SNP effect
sizesand identified novel SNP associations for 12 traits. While heritability
estimates were less impacted by weighting (maximum change in A%, 5%),

we found substantial discrepancies for genetic correlations (maximum
changeinr,, 0.31) and Mendelian randomization estimates (maximum
change in fsp, 0.15) for socio-behavioural traits. We urge the field to increase
representativeness in biobank samples, especially when studying genetic
correlates of behaviour, lifestyles and social outcomes.

The overarching aim of genetic epidemiology is to elucidate the
genetic underpinning of health and disease. To maximize power for
genome-wide discovery, researchers curate large biobanks with rich
genetic and phenotypic data. To ensure the validity of findings in
genome-wide association (GWA) studies, researchers aimto eliminate
potential sources of bias, such as population stratification, assortative
mating, measurement error and indirect genetic effects'™.

A particularly challenging bias that is typically not considered in
genetic studies can occur when biobanks collect datafromindividuals
that are not representative of their target population®”. Under certain
conditions, research on non-representative samples can lead to valid

conclusions—for example, whenstudy participationis unrelated to both
theindependent and dependentvariables. However, many commonly
studied factorsinfluence study participation. These mayinclude mental
and physical health, substance use (such as cigarettes and alcohol),
income, and educational attainment® 2, where study participants are
typically healthier than the target population. Such ‘healthy-volunteer
bias’ is well documented in the UK Biobank (UKBB), one of the most
widely used resources for biomedical research. Of the nine million peo-
pleinvited to take partin the UKBB, only 5.5% (-500,000) participated
in the study—a sample of volunteers with healthier lifestyles, higher
levels of educationand better health than the general UK population®',
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Fig.1| Theimpact of participation biasin genetic studies. a-c, The
relationships between a genetic variant (G), an exposure (X) or outcome (Y),
and study participation (Z). Panel aillustrates the effect of participation bias
in GWA studies, where Z isacommon consequence of Gand Y (red dotted
line). Conditioning on acommon consequence (Z) induces a non-causal
association between G and Y. Panels b,cillustrate the effect of participation

biasin MR studies, where bias occursif Z is a consequence of either X (b) or Y
(c). Conditioning on Z induces an association between the genetic variant and
confounders, thereby violating the MR assumption of exchangeability. This
figureis a simplified illustration of how participation bias can impact results
obtained from two commonly employed methods in genomic studies. For
further examples illustrating the impact of selection bias, see Hernan et al.”.

Given the growing reliance on non-representative biobanks, it is
paramountto assess the extent to which study participationinduces bias
ingenome-wide studies and downstream analyses. In observational stud-
iesusing UKBB data, participation bias has already been shown to distort
phenotypic exposure-outcome associations>"". If study participation
includes a genetic component, biased estimates are also expected in
geneticstudies'®. Ingene-discovery studies, non-random participation
may distort the association between agenetic variant and the outcome
(Fig.1a).InMendelianrandomization (MR) (a causal inference technique
using single nucleotide polymorphisms (SNPs) as instrumental vari-
ables), participation bias could induce an association between genetic
instruments and unmeasured confounders of the exposure-outcome
relationship, thereby violating akey assumption of the method (Fig.1b,c).
Recent genome-wide studies investigating proxies of participation bias
have already described genetic variation associated with participation
and questionnaire responding'”*, indicating that genetic studies are
not immune to bias. While much of the recent GWA output has been
produced by non-representative biobanks (for example, UKBB, Million
Veteran Program and 23andMe), the extent to which participation bias
affects gene discovery and downstream analyses is currently unknown.

Researchers can correct for participation bias by the use of sam-
ples that are representative of their target population—a broader
group from which a study sample is drawn and to which the study
resultsshould generalize. In case of the UKBB, the target populationis
middle-aged to older adults of recent European ancestry living in the
United Kingdom, which is not the same as the general UK population
(Supplementary Information). Here we derive a model for participa-
tion probability and create a pseudo-sample of the UKBB matchingits
target population withrespect to14 variables. We can thereby evaluate
how ashift towards representativenessimpacts genome-wide findings
and downstream analyses. We anticipate that these findings will help
characterize theimpact of participation biasinlarge volunteer-based
samples used for biomedical research and help pin down areas of
research that might be particularly susceptible to bias when relying
onnon-representative samples.

Results

Samples

From the five Health Survey England (HSE) cohorts comprising
a total sample of n=81,118, we retained n = 22,646 after applying
the same inclusion criteria used for UKBB recruitment (Methods).
After further exclusion of HSE individuals with missing data on
the 14 auxiliary variables, we included a final sample of n = 21,816.
Comparing the distribution of a subset of auxiliary variables also

available in the UK Census Microdata (n = 895,649) shows that the
profile of the HSE sample closely matches that of the Census sample
(Supplementary Table 1). More specifically, proportions were com-
parable between the HSE and Census but deviated in the UKBB for
most of the selected variables, such as proportion (P) of female gender
(Pcensus = 51%, Pyse = 51%, Pukss = 54%), proportion of individuals of age
265 (Pcensus = 13%, Puse = 13%, Pyggs = 19%), mean (M) age when indi-
viduals completed full-time education (M¢gygus = 16.6, My = 16.4,
M s =17.2) and proportion of retired individuals (Pcgnsys =19%,
Pyse =19%, Puss = 34%). Further inspection of the associations between
variables available in the HSE and UK Census (Supplementary Fig. 1)
highlights that the HSE captures the characteristics of the population
residing in England well.

Of the initial UKBB sample (502,645 participants), we excluded
individuals of age >69 and <40 (n = 2463), individuals from Scotland
or Wales (n=56,483), individuals who self-identify as non-white
(n=28,371) and individuals withdrawing consent (n = 161). We further
removed 21,868 (5.27%) individuals with missing data for any of the
auxiliary variables. Since these individuals can be considered a special
case of missingness due to non-participation, which the probability
weights were designed to compensate for, we did not impute missing
datafortheauxiliary variables. The sampling weights were generated
forn=393,299 UKBB individuals, of which109,550 were removed after
we applied quality control steps for genome-wide analyses (Methods).

Performance of the UKBB probability weights

We derived a model for participation probability by comparing 14
harmonized characteristics of UKBB participants with those of a rep-
resentative sample (HSE). The application of the resulting probability
weights then facilitates the creation of a (weighted) pseudo-sample
of the UKBB that is more representative of its (representative) target
population (HSE). Figure 2a shows the distribution of the normalized
probability weights (w;,) for UKBB individuals. We obtained the prob-
abilities used to construct the weights from a LASSO regression model
retaining 454 of the 903 initially included predictors. Figure 2b illus-
trates which auxiliary variables were the most strongly linked to UKBB
participation (UKBB =1; HSE = 0), highlighting that older (retired),
more educated and non-smoking people were particularly likely
to participate.

To evaluate the performance of the weights, we first assessed
whether probability weighting recovered the reference (HSE) popu-
lation distributions. We included the generated weights in a univari-
ate logistic regression model predicting UKBB participation, where
UKBB individuals were given their normalized weight (w;,) and HSE
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participants were given a weight of 1. When we applied probability
weighting (shown on the right side of Fig. 2b), previously significant
predictors became non-significant. All means and proportions in the
HSE, UKBB (unweighted) and UKBB (weighted) are provided in Sup-
plementary Table 2.

Next, we estimated the degree of bias reductionin our 14 variables
following probability weighting. Here we quantified participation bias
as the difference between an estimate of association obtained in the
UKBB (rygs) and the reference sample (rqe). The largest differences
(raire = lruse — rukssl) were for employment status with overall health
(rgige= 0.19; ryge = —0.25; ryes = —0.06), overall health with age (r = 0.12;
ryse = —0.13; rys = —0.01), household size with income (74 = 0.10;
Iyse = 0.20; rygss = 0.31) and employment status withincome (7= 0.10;
ryse = —0.25; ryges = —0.35) (Fig. 2¢). The application of probability
weighting reduced bias induced by selective participation (median
bias reduction, 0.97; mean, 0.91; range, 0.58-0.998). The estimates
were very similar to the cross-validated model (median biasreduction,
0.96; mean, 0.90; range, 0.50-0.998), highlighting that overfitting was
unlikely to be a problem.

Finally, Fig. 2d summarizes the changes in means and propor-
tions following probability weighting, estimated for the auxiliary
variables (inblue) as well as other UKBB variables (in orange) not used
to construct the weights. Weighting resulted in a pseudo-sample with
less favourable health outcomes and demographics, including more
frequent mental illness (higher rates of schizophrenia and alcohol
addiction) and poorer socio-economic status (higher deprivation
index and lower job class).

In summary, using probability weighting, we created a
pseudo-sample of the UKBB population achieving higher levels of
representativeness along the 14 variables used in the weighting model.
Asaconsequence, the weighting also changed the distributions of some
variables not used in the weighting model (for example, an increased
level of deprivation). Probability weighting thus provides a useful tool
for examining bias due to selective participation in genomic stud-
ies, by evaluating how reweighting affects genome-wide results and
downstream analyses.

Probability-weighted GWA analyses

We next studied how the results of GWA analyses differ between
weighted GWA (WGWA) (Rgreciive = 94,643 10102,215, depending on the
trait) and standard GWA analyses ( 8, n = 263,464 t0 283,749, depending
onatrait). Reductionsin the effective sample size in wGWA result from
variability among the probability weights: when the weights are nor-
malized to have a mean of one, the effective sample size simplifies to
nx{1/[Var(w;,) +11}. This quantity thus depends on the unweighted
study sample size and onthe variance of the normalized weights across
study participants (w;,).

We assessed the impact of probability weighting on genome-wide
findings in terms of changes in effect sizes across SNPs (contrasting
weighted SNP effects, j3,,, to standard SNP effects, ) and the number
of significant SNP associations for 19 UKBB health-related traits col-
lected at baseline (Fig. 3). First, Fig. 3a highlights the number of SNPs
where weighting reduced ((|8 - |Bu)/|B| > 0.2) or increased
((1BI - 1BwD/ |B| < —0.2) SNP effect sizes. Among all genome-wide hits
(1,690, with P< 5 x1078), effect size reduction following weighting was

more common (420 SNPs, 24.85% of all genome-wide SNPs) than
increase (290 SNPs, 17.16% of SNPs). More specifically, effect size
increase was the most common for cancer (57% of SNPs), loneliness
(50%), education (33%) and reaction time (33%), whereas reduction was
present for depression/anxiety (67%), coffee intake (63%) and smoking
status (58% of SNPs). While a shift towards more representativeness
led to both effect size increases and decreases, we found no evidence
of changesin the direction of effects (Supplementary Section 3.2).
Second, withrespect to genome-wide discovery (Fig. 3b), we found
that of all SNPs identified in either wGWA or GWA analyses (n=1,690
across all phenotypes), 25 SNPs (1.48%) reached significance only in
the weighted analyses. We found new SNPs for 12 of the 19 included
traits, most notably for depression and anxiety (50% new genome-wide
SNPs), cancer (29%) and loneliness (25%). The detailed results are listed
inSupplementary Table 3 and plotted in Supplementary Figs. 2 and 3.

Probability-weighted GWA analysis on sex

The UKBBincluded proportionally more women (female g = 54.38%)
thanitstarget population (females = 50.74%; femalegysys = 50.62%).
Probability weighting recovered the target population prevalence in the
UKBB (weighted femaley; = 50.36%). SNP heritability estimates (h?)
(Supplementary Fig. 4a) using wGWA led to almost half of that of the
standard GWA (h? on liability scale, 1.2%, P= 0.1in wGWA versus 2.1%,
P=5.4x10"instandard GWA). Supplementary Fig.4b and Supplemen-
tary Table 4 display the SNP effects of 49 variants previously associ-
ated with sex (P<5 %1078, in an independent sample of >2,400,000
volunteers) to estimates obtained from standard GWA and wGWA.
Ofthose, 18 SNPs (36.73%) showed significantly lower sex-associated
effectsinwGWA. In contrast, only 3 SNPs (6.12%) had significantly lower
sex-associated effects in standard GWA.

GWA study on UKBB participation

We conducted a wGWA on UKBB participation in fggecive = 102,215
participants. A total of 28 SNPs reached genome-wide signifi-
cance (P<5x1078), of which we selected 23 linkage disequilibrium
(LD)-independent SNPs after clumping. Supplementary figures (Man-
hattan and QQ plots) and information (gene and phenotype annota-
tion) for these SNPs are available in Supplementary Figs. 5 and 6 and
Supplementary Tables 5and 6.

SNP heritability for UKBB participation was h*=0.009
(s.e.=0.005;LD-scoreintercept, 1.055). LD-score regression analyses
(Fig. 4b and Supplementary Table 7) implicated substantial genetic
correlations between UKBB participation and phenotypes related to
socio-economic factors and previously assessed participatory behav-
iour, including educational attainment (r, = 0.85), income (r,= 0.77),
participation (provided e-mail address for recontact and mental health
survey completion) (r,=0.69 and r,= 0.61, respectively), intelligence
(ry=0.62) and cigarette use (age of onset) (r,=-0.70).

Weighted SNP heritability and genetic correlation estimates

We next assessed differences in SNP heritability (h3,.. = h* — h})and
genetic correlations (ry e = r, — I'y,,) between standard GWA and wGWA
analyses (Fig. 5). On average, heritability estimates differed by 1.5%
(liability scale |2 |, 0.015; range, 0 t0 0.05). A} . was the highest for

BMI (7% = 0.24; h2 = 0.19), education (h*= 0.21; k2, = 0.24) and diabetes

Fig.2|Performance of the UKBB probability weights. a, Truncated (*) density
curves of the normalized probability weights (w;,) for UKBB participants, ranging
from 0.02to 50.01. b, Standardized coefficients (and 95% confidence intervals) of
variables predicting UKBB participation (HSE = 0; UKBB =1) in univariate logistic
regression models. Coefficients are provided for all UKBB participants and for
males and females separately. ¢, Correlation coefficients among all auxiliary
variables within the UKBB (obtained from weighted and unweighted analyses)
and within the HSE. Highlighted in blue are results where the coefficients
between the UKBB (rgs) and the reference sample () deviated (g > 0.05,

where rg = Iryse — rucesl)- d, Percentage change (for categorical variables) and
change inmeans as a function of weighting, obtained for anumber of health-
related UKBB phenotypes, including the auxiliary variables (blue) and variables
not used to construct the weights. Percentage change was estimated as the
difference between the weighted (p,,) and unweighted proportion (p), divided
by the unweighted value ((p,,— p) / p X 100). Change in means was expressed
asastandardized mean difference, estimated as the difference between the
unweighted mean (m) and the weighted mean (m,,), divided by the unweighted
standard deviation (m,, — m/s.d.).
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Fig.3|SNP estimates from weighted and unweighted genome-wide analyses.
a,b, Summary of the comparison between SNP effects obtained from wGWA

and standard GWA analyses on 19 traits. Panel a summarizes the proportions of
overestimated and underestimated SNP effects as a result of participation bias.

Showninb are the numbers and proportions of SNPs reaching genome-wide
significance in standard GWA, wGWA or both (GWA and wGWA). The scatter plots
to the right plot the weighted (| ,]) against the unweighted (| 8l) SNP effects for
four selected traits.

(h*=0.19; k2, =0.16). Of all assessed traits included in the LD-score
regression (n =18), five showed significant (Pgpg < 0.05) hélFF, of which
four (80%) were lower and one (education) was higher in the more
representative (weighted) sample. The weighted and unweighted her-
itability estimates are plotted in Supplementary Fig. 7, and additional
statistics (for example, LD-score intercepts) are provided in Supple-
mentary Table 8.

Concerning estimates of genetic correlations, we found anaverage
difference of |ry ol = 0.07 (range, 0 to 0.31) between results obtained
from standard GWA and wGWA analyses. r, decreased the most nota-
bly for r,(BMI, smoking status) (r,=0.27; r,,, = 0.13), r,(fruit intake,
physical activity) (r,= 0.32; r,,, = 0.18) and r (alcohol use frequency,
smoking status) (r,=0.35; r,,, = 0.21). The increase in r, after weight-
ing was the most prominent for r,(insomnia, risk taking) (r,=0.02;
1y = 0.31), r(vegetable intake, physical activity) (r,=0.3; r,,, = 0.58)
and r,(depression/anxiety, risk taking) (r,=0.27; r,,, = 0.47). For five
(3.27%) of the assessed trait pairs (n = 153) the weighted and standard

genetic correlations were significantly (Ppg < 0.05) different, of which
education was the most implicated trait (Supplementary Fig. 8 and
Supplementary Table 9). Change in the sign of genetic correlations
because of participation bias was less common (17 of the 153 assessed
trait pairs, but none of these r, e were significant (Ppz > 0.05), Sup-
plementary Section 3.3).

Weighted MR estimates
Figure 6 summarizes MR estimates with differences between the stand-
ard and weighted MR estimates (ap;rr = & — &y,).

Onaverage, increasing sample representativeness led to an abso-
lute change of 0.038 in standardized MR estimates (range, O to 0.15).
Associations between lifestyle choices, including coffee intake on BMI
(& =0.8; &,, = 0.65), fruit consumption on LDL cholesterol (& = 0.03;
&, =-0.12) and fruit consumption on coffee intake (& = 0.15; &,, = 0.01)
(Supplementary Fig. 9 and Supplementary Table 10), were the most
affected. Of all exposure-outcome associations tested (k=234), 14
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behaviour (ingreen) and other traits (in blue) (including publically available
summary statistics generated using standard GWA. SBP, systolic blood pressure;
IR,: Item-response theory.

(6%) estimates were either decreased (2%, |&| — |&,,| > 0.1) orincreased
(4%, |&| — |&w| < —0.1) after weighting. We found significant (Pgpg < 0.05)
differential effects for two exposure-outcome associations (education
on BMI and smoking status on fruit consumption). There was little
evidence of changes in the direction of MR estimates as a result of
weighting, which occurred for only two exposure-outcome pairs,
neither of which was significant (ap Prpg > 0.05) (Supplementary
Section 3.4).

Discussion

While large volunteer-based biobanks are key to advancing genetic
epidemiology, it is unclear to what extent selective participation
impacts genotype-phenotype associations obtained from their data.
In this work, we derived probability weights for the UKBB (based on
14 variables harmonized with data from a representative sample) and
conducted inverse-probability-weighted GWA analyses on 19 traits.
Conducting genome-wide analyses inamore representative (weighted)
sample of the UKBB, we found that selective participation can distort
genome-wide findings and downstream analyses.

Overall, increasing representativeness mostly affected the magni-
tude of effects rather than their direction. We found several differences
in estimates in all sets of genome-wide analyses, in both directions
(forexample, a decrease in SNP effects after weighting for cancer and
educationand anincrease in SNP effects for coffee intake and depres-
sion/anxiety). Of note, although effect size estimates can increase with
the use of morerepresentative samples, the increased standard errors
oftheinverse probability weighting (due to reduced effective sample
size) make new SNP discovery difficult. Despite this caveat, using wGWA
revealed new loci for 12 traits. Reweighting also changed heritability
estimates, genetic correlations and MR estimates, most notably for
socio-behavioural traits including education, diet, smoking and BMI.

In contrast, we observed smaller changes between wGWA and
GWA estimates for molecular and physical traits (for example,
low-density lipoproteins and systolic blood pressure). This pat-
tern is in line with existing studies**?**, as well as our findings of high
genetic correlations between the liability to UKBB participation and
socio-behavioural traits (particularly education,income and substance
use). More broadly, different sources of bias probably affect similar
phenotypesingenome-wide studies, inthat genome-wide findings on
socio-behavioural phenotypes are biased by selective participation®?*,
indirect genetic effects’®, assortative mating*, error in measurements®
and population stratification®.

Ourworkbuilds onand extends recent efforts evaluating bias due
to selective participation. We replicate findings showing that pheno-
typic exposure-outcome associations in the UKBB differ from those
estimated in probability samples'": participation bias, defined as the
difference in exposure-outcome associations in the UKBB and the
reference sample (HSE), was substantial for several associations. For
example, phenotypically, participation bias distorted the association
of overall health with age and employment status. The application of
probability weighting eliminated a significant proportion (>90%) of
bias dueto selective participationin the UKBB.

We highlight patterns of bias and point to areas of research that
are the most impacted by this bias. Since GWA summary statistics are
increasingly used in epidemiological research to study causal questions
concerningeducation, diet and behaviour, greater care should be taken
whenrelying on data obtained from non-random samples. If research-
ers cannot assess participation bias in biobank data (for example, in
self-selected samples without adefined target population), their data
may be of only limited use when scrutinizing genotype-phenotype
relationships. As part of this work, we provide software to perform
wGWA, which allows researchers to conduct sensitivity checks when
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showing significant differences (P, < 0.05). All Pvalues are from two-sided tests
and are corrected for multiple testing using FDR correction (controlled at 5%).

relying on non-representative samples. Alternatively, recruitment
schemes incorporating probability sampling can help reduce bias,
but samples are typically small given the substantial costs associated
with recruitment.

Our results should be interpreted with caution. First, while the
application of probability weighting successfully reduced bias result-
ing fromselective participationin the UKBB based on our 14 variables,
residual bias still exists. We may have missed important factors inde-
pendently predicting UKBB participation when modelling participa-
tion probability, as we chose our auxiliary variables on the basis of the
availability of variables that could be harmonized between the UKBB
and thereference sample. Still, some of these omitted variables may
be proxied by (the combination of) some of the 14 variables, hence
not compromising the probability weights. Probability weighing
would not correct biasin situations where the exposure and the out-
come of interest both link to an aspect of study participation that is
unrelated to the auxiliary variables. This also means that WGWA for
outcome traits such as education level is expected to be accurate,
since this trait has been used when modelling participation prob-
ability. Finally, even for outcome traits completely unrelated to the
14 auxiliary variables but linked to traits influencing study participa-
tion, it is extremely unlikely that wGWA would be more biased than
unweighted GWA. Hence, when substantial differences are observed
between wGWA and standard GWA results, it is likely that the latter
is (more) biased. Still, weighting—like any other method of adjusting
for non-representativeness—should therefore be considered as only
the second-best option when tackling participation bias, as only the
implementation of probability sampling at the recruitment stage can
ensure full elimination of this type of bias.

Second, whenchoosing areference population, thereisatrade-off
betweenthe representativeness of the reference sample and the num-
ber of available variables to match the samples. We chose to use the HSE
asareference sample to strike abalance between these two factors, but
biases canremainifthe reference sampleis not representative enough.
Third, genome-wide analyses were restricted to phenotypes with little
missing data. Thisis ashortcoming since traits with substantial missing
data are perfect candidates for characteristics influencing participa-
tion. We therefore did not evaluate theimpact of participation bias on
variables collected at follow-up.

Finally, the UKBB probability weights are sample-specific, con-
structed for asample that is better educated, healthier and older and
includes more women than the target population. Bias due to selective
participation will differ across study contexts, and the participation
mechanisms evaluated in this study are therefore not generalizable
to other cohorts. For example, large health-registry-based biobanks,
whereolderindividuals with poorer healthtend to be over-represented,
do not have the healthy-volunteer bias but have different kinds of
selection biases”. Similarly, the genome-wide results discussed here
can be generalized only to adults of European genetic ancestry who
also self-identify as white. Future work should also assess the impact
of participation biasin more diverse samples, notably other ancestries
and racial and ethnic groups, as well as younger individuals.

In conclusion, our results highlight that GWA and downstream
analyses are sensitive to bias resulting from selective participation,
most visibly for socio-behavioural traits. Moving forward, more efforts
ensuring either sample representativeness or methods correcting for
participation bias are paramount, especially when studying the genetic
underpinnings of behaviour, lifestyles and educational outcomes.
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Methods

We first derived a model for participation probability by comparing
14 harmonized characteristics of the UKBB sample with those of a
representative sample. Using the estimated participation probabilities,
we conducted wGWA analyses on 19 UKBB traits. Second, to explore
the genetic basis of UKBB participation, we conducted a GWA on the
participation probability and evaluated the genetic findings. Finally,
comparing WGWA results with those obtained from standard GWA
analyses, we assessed the impact of participation bias on the estimation
ofthree frequently studied quantities: (1) the effect of genetic markers
on complex traits, (2) heritability and genetic correlation estimates,
and (3) exposure—-outcome associations obtained from MR.

Samples

UKBB. The UKBB is a large-scale prospective population-based
research resource focusing on the role of genetic, environmental
and lifestyle factors in health outcomes in middle age and later life.
More than 9,000,000 men and women between 40 and 69 registered
with the UK National Health Service were invited to take part. Of those,
5.4%(~500,000 individuals) were recruited in 22 assessment centres
across England, Wales and Scotland between 2006 and 2010°%%°.
Included in this study were data from UKBB participants of European
genetic ancestry who also identify as white and passed standard GWA
analysis quality control measures®. We further filtered the sample
according to geographic region (excluding individuals from Scotland
and Wales) to match the geographicregionsincludedin the reference
sample (HSE), and we removed individuals with missing data in the
auxiliary variables used to generate the propensity scores (further
described below). The UKBB resource was approved by the UKBB
Research Ethics Committee, and all participants provided written
informed consent to participate.

HSE. The HSEis anannual probability sample set out to measure health
andrelated behavioursin anationally representative sample of adults
and children living in private households in England®. In our study,
we included data from five cohorts recruiting a sample of more than
80,000 individuals between 2006 and 2010 (that is, the UKBB recruit-
ment period). We applied the same inclusion criteria to the HSE data as
used for UKBB recruitment, retaining only individuals aged between
40 and 69 years who self-identify as white. HSE response rates ranged
between 64% and 68%*'. HSE sample weights are supplied to account
for the unequal probabilities of selection and non-response®, weighing
individuals asafunction of sex, household type, region and social class.
In this study, the HSE weights were incorporated in LASSO regression
predicting UKBB participation (described below).

UK Census data. We also exploited data from the 2011 Census Micro-
data, a 5% sample of anonymized individual-level Census records®,
whichrunsevery tenyearsto collect basicdemographic variables (for
example, educational attainment, age and general health) through
a paper-based or online questionnaire. With a 95% response rate,
the UK Census Microdatais highly representative of the UK popula-
tion. We applied the same selection criteria to the Census dataasto
the UKBB and HSE (that s, filtered according to geographic region,
ethnicgroup and age), resulting in arelevant sample of n = 895,649.
We extracted all variables that could be harmonized with the UKBB
and HSE data (further described in the Supplementary Information).
The Census data were solely used to assess the level of representa-
tiveness of the HSE, by comparing the distributions and associations
between variables present in both the HSE and the Census sample.
For the generation of UKBB probability weights, we used the HSE
sample, givenitsricher phenotypic data, which are critical for accu-
rate weight estimation.
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Analysis

Auxiliary variables. We adjusted for participation bias in the UKBB
using probability weighting®. This approach adjusts for non-response
bias by weighting over-represented and under-represented individu-
als, thereby creating a pseudo-population that is more representative
of its target population®. Probability weighting relies on auxiliary
variables available for both a selected (non-representative) and a
representative reference sample. In this study, we selected auxiliary
variables tapping into dimensions related to health, lifestyle, educa-
tion and basic demographics. We included all variables that could
be harmonized across the two datasets (HSE and UKBB) with few
missing observations (that is, <50,000 in the UKBB and <500 in the
HSE). Fourteen variables derived from 12 measures were included
and harmonized across the two datasets. The five continuous vari-
ables included age, BMI, weight, height and education (age when
the individual completed full-time education). The nine categorical
variables included household size (1, 2, 3, 4, 5, 6, or 7 or more), sex
(male or female), alcohol consumption frequency (never, afew times
per year, monthly, once or twice weekly, three or four times weekly,
or daily), smoking status (never, previous or current), employment
status (employed, economically inactive, retired or unemployed),
income (<18k, 18k-31k, 31k-52k, 52k-100k or >100k), obesity status
(underweight, healthy weight, overweight or obese), overall health
(poor, fair or good) and degree of urbanisation (village/hamlet, town/
fringe, urban). Further details of the coding of the variables in each
dataset are provided in the Supplementary Information.

Construction and evaluation of UKBB probability weights. To derive
the model for participation probability, we first combined the harmo-
nized UKBB data with the data from the reference sample (HSE). We
thenused LASSO regression in glmnet*® to predict UKBB participation
(P;,, with UKBB =1; HSE = 0), conditional on the harmonized auxiliary
variables described above. We included 14 main effects (5 continuous
variablesand 9 binary/categorical variables) in the model. All categori-
cal and binary variables were entered as dummy variables, indexing
eachpossiblelevel of the variable. Inaddition, weincluded all possible
two-way interaction terms among the dummy and continuous vari-
ables, resulting in 903 included predictors. LASSO performs variable
selection by shrinking the coefficients for variables that contribute the
least to prediction accuracy. The shrinkageis controlled by the tuning
parameter (1), which was obtained using fivefold cross-validation that
minimizes the cross-validated error.

The predicted probabilities (P)) were then used to build the indi-
vidual sampling weights (w;). The weights were calculated as an exten-
sion of standard inverse probability weights (w;= (1 - P,)/P,), designed
to make the weighted sample estimates conform to the population
estimates™. To assess the performance of the generated weights, we
evaluated the extent to which the weighting recovered means (for
continuous variables) and prevalences (for binary traits) in the UKBB
and hence mitigated participation bias. We also quantified participa-
tionbias asthe differences between the correlations among all auxiliary
variables within the UKBB (r s5) and the HSE (r,,;). The degree to which
the weighted correlations (rygg,) reduced bias was estimated as
(Iruse = Fukes! = Fuse = Fukeswl)/(IFuse — Fukesl), where avalue of one indicates
that weighting fully eliminated bias. The weighted means (and propor-
tions) for a given variable (X;) were estimated using the weights (w,),
with the expression :—V > wX, wherew =Y w,.

We further evaluated whether overfitting was a problem by rerun-
ning LASSO in train-test splits of the data (fivefold leave-one-out
cross-validation, with asplit ratio of 80:20). Here we used the training
sample (80% of the data) for model estimation and the test sample
(20% of the data) to generate the out-of-sample predicted probabili-
ties. The degree of participation bias reduction was then compared
between the out-of-sample predicted probabilities and the full-sample
probabilities.

Probability-weighted GWA analyses. To evaluate the extent to
which SNP effects were distorted by participation bias in the UKBB,
we conducted wGWA analyses. WGWA was performed for 19 UKBB
health-related traits collected at baseline with few missing observa-
tions (Nysing < 50,000). Some of these traits (education, frequency
of alcohol use, weight, height and smoking status) were used in the
model deriving the probability weights. The coding of all variables,
genotyping, imputation and quality control procedures are described
in the Supplementary Information. Additional quality control filters
for genome-wide analyses were applied to select participants (that s,
restricting the sample to unrelated individuals of European genetic
ancestry and excluding individuals with high missing rate and high
heterozygosity on autosomes) and genetic variants (Hardy-Wein-
berg disequilibrium P>1x107%, minor allele frequency > 1% and call
rate > 90%).

We obtained unweighted SNP estimates () from a standard ordi-
nary least squares linear regression model. The weighted SNP estimates
(B.) were obtained from weighted least squares regression. All GWA
analyses were conducted in LDAK (version 5.2)*"*%, which was extended
to accommodate sampling weights in a linear weighted least squares
model (linear; sample-weights). The standard least squares estimate
of the variance is based on the assumption of homoskedasticity (that
is, that the residual variance is constant across individuals). Since the
use of sampling weights violates this assumption, we used the Huber-
White estimator®” to estimate the variance of the coefficients:

By = X'WX)™ (X' WY)
Var (B,) = (X' WX)™ (X' WDWX) (X WX) ™!

with

D = diag [(v - x;?w)z]

where Y denotesthe phenotypic outcome vector, Wisadiagonal matrix
with the probability weights sitting on the diagonal and X is a column
vector of the genotype values.

Both modelsincluded the same covariates (PC1-PC5, sex, age and
batch effect). We applied a linear model to all outcomes (continuous
and binary traits). This was done to allow for the standardization of
SNP estimates and to ensure the comparability of effect sizes. Amore
detailed discussion on the advantages and disadvantages of using a
linear over a logistic model for binary outcomes is provided by von
Hippel*®*, as well as the Neale Lab** discussing its application specifi-
cally when using UKBB data.

Two additional sets of analyses were conducted to explore the
genetic basis of UKBB participation. First, we conducted autosomal
wGWA and standard GWA on biological sex and evaluated whether
wGWA reduced sex-differential participation bias. As previously sug-
gested?, autosomal heritability linked to biological sex could result
from sex-differential participation. As such, reduced heritability esti-
mates in WGWA compared with GWA would provide evidence for the
utility of WGWA for participation bias correction. Inaddition, we com-
pared the resulting SNP effects with the effects of previously identified
sex-associated variants (P < 5x1078). Here 49 variants assessed in an
independent sample of>2,400,000 volunteers curated by 23andMe**
were selected.

Second, we conducted a genome-wide analysis on the liability to
UKBB participation, by including theindividual participation probabili-
ties as the outcome of interest in wGWA. The application of standard
GWA analysisis not possiblein this context, as this approach stratifies
for the outcome of interest by selecting a subset of the population
willing to participate. LD-independent SNPs reaching genome-wide
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significance (P<5x107®) were selected via clumping (clump-kb, 250;
clump-r2, 0.1; following standard recommendations*). PhenoScan-
ner**, a database of genotype-phenotype associations from existing
GWA studies, was used to explore previously identified associations of
lead SNPs with other phenotypes. Genetic correlations with other traits
were estimated using LD-score regression® as implemented in the R
package GenomicSEM*®. The summary statistic files used in LD-score
regression were obtained for 49 health and behavioural phenotypes,
using publicly available summary statistic files accessible via consortia
websites or the MRC-IEU OpenGWAS project (https://gwas.mrcieu.
ac.uk)* (see Supplementary Table 11 for the details).

LD score regression and heritability estimates. SNP heritability
estimates were obtained for both the standard GWA and wGWA output
(h*and 2, respectively) using LD score regression asimplemented in
GenomicSEM. We applied the default settings (restricted SNPs to minor
allele frequency > 0.01, LD scores from the European-ancestry sample
inthe1000 Genomes Project*®). For binary phenotypes, the observed
scale was converted to the liability scale*’, where the population preva-
lence was set to be equal to the weighted prevalence in the UKBB. We
also estimated bivariate genetic correlations among all phenotypes
included in standard GWA and wGWA (r, and r,,, respectively). To
compare the estimates obtained from wGWA and standard GWA, we
calculated the difference (rypye =1, — 1y and h2 .. = k2 — h2) and used

DIFF
the following test statistic (here exemplified for r, pye):

7 I'g DIFF
==
£ s.e.(rgpiFr)

s.e.(Igpirr) = \/s.e.(rg)z +5.e(rgy)? —2rs.e.(ry) s.e.(rgy)

The correlation coefficients r(h?, h%) and r(r,, r, ) were obtained
from 200-block jackknife analysis. For this, we split the genome into
200 equal blocks of SNPs and removed one block at atime to perform
jackknife estimation.

MR analyses. To evaluate the impact of selection biaswhen using MR,
we assessed whether sample weighting altered MR estimates. As
geneticinstruments, we selected LD-independent (clump-kb,10,000;
clump-r2,0.001; adhering to standard MR protocols®’) SNPs reaching
genome-wide significance (P <5 x1078) in either wGWA or standard
GWA for agiven phenotype. Phenotypes with few (<10) geneticinstru-
ments were not included in the MR analyses. We used the
inverse-variance weighted (IVW) MR estimator, which combines the
ratio estimates of the individual genetic variants G;to derive the causal
effect (éyw). Theratio estimateis &; = /?;JUT/BJ.EX", where BJ.EX" corresponds

to the SNP-exposure association and [ZIQUT corresponds to the SNP-
outcome association. Since the IVW estimator assumes that the uncer-
tainty in the genetic association with the exposure is zero, we used
the following correction® to account for selected genetic variants
(fop) that were genome-wide significantin one analysis (for example,

standard GWA) but not the other (for example, wGWA) for the

m-1 “j=1
* =8~ ~ 3" Var (B}, where m refers to the number of SNPs
selected as instruments. The corresponding variance was estimated
~ ~ s?
as Var(alvw,corrected) = Vaf(alvw)ﬁ—z-

For each exposure-outcome association, we obtained (1) an MR
estimate using the SNP effects from standard GWA analyses and (2) an
MR estimate using the SNP effects from wGWA analyses. We included
in MR the standardized SNP effects and standard errors (that is, the
effect of the genotype on the standardized outcome), which were
derived using the following formula®: s, = Z/A/2p — p)(n + 22) and

2
. N N 2 1 P P
same trait: dyw corrected = Hvw 5;, where 2 = — 7 (ﬁjEXP — Bexe ) and

s.e.(Bstp) = 1/A/2p(1 — p)(n + Z2), where nis the sample size, pis the minor
allele frequency and Zis the SNP effect j divided by its standard error
(Z = prs.e.(B).Of note, when standardizing the weighted estimates (3,,),
nwas replaced by the effective sample size (nesective = W2/ Z?’zl w? ) to
account for the unequal contribution per observation. w,, refers to the
normalized probability weights, obtained by dividing w; by its mean
(Win = wi/w;).

To compare the standard (&) to the weighted MR (&,,) estimates,
we estimated ap (& — &) and the corresponding test statistic as
7= ape/S-e.(apyre), Where

s.e.(Apyrp) = \/s.e.(é()2 +s.e.(&,)? — 2rs.e.(&)s.e.(ay).

The correlation coefficient was derived using a jackknife procedure,
where we performed MR leaving out each SNPin turn to then calculate
the correlation r (&, &,,) from these results. The results were corrected
for multiple testing using FDR correction (controlled at 5%), correcting
for the total number of conducted MR analyses.

Reporting summary
Furtherinformation onresearchdesignisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

All summary statistic files generated using standard and weighted
genome-wide analyses are accessible on the GWAS catalogue (https://
www.ebi.ac.uk/gwas/) at the accession numbers GCST90267266 to
GCST90267307. The UKBB probability weights generated as part of
this study are available via the UK Biobank repositories.

Code availability

The following software was used to run the analyses: LDAK (http://
dougspeed.com/downloads/; a tutorial on how to perform stand-
ard and weighted genome-wide analyses is available at https://
tabeaschoeler.github.io/TS2021_UKBBweighting/wGWA.html),
TwoSampleMR (https://mrcieu.github.io/TwoSampleMR/) and
GenomicSEM (https://github.com/GenomicSEM/GenomicSEM). All
analytical scripts are available at https://github.com/TabeaSchoeler/
TS2021_UKBBweighting.
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may be biased by selective participation. We did not select an independent replication sample. There are no genotype datasets of similar size
in the UK for which sampling weights could be computed, making replication currently not feasible.

Not applicable

Not applicable

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Involved in the study

D Antibodies

D Eukaryotic cell lines

D Palaeontology and archaeology
D Animals and other organisms
D Clinical data

D Dual use research of concern

n/a | Involved in the study

|Z| D ChlIP-seq
|Z| D Flow cytometry

|Z| D MRI-based neuroimaging
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