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SUMMARY

Autozygosity is associated with rare Mendelian disorders and clinically relevant quantitative traits. We inves-
tigated associations between the fraction of the genome in runs of homozygosity (Fron) and common dis-
eases in Genes & Health (n = 23,978 British South Asians), UK Biobank (n = 397,184), and 23andMe. We
show that restricting analysis to offspring of first cousins is an effective way of reducing confounding due
to social/environmental correlates of Fron. Within this group in G&H+UK Biobank, we found experiment-
wide significant associations between Frony and twelve common diseases. We replicated associations
with type 2 diabetes (T2D) and post-traumatic stress disorder via within-sibling analysis in 23andMe (median
n = 480,282). We estimated that autozygosity due to consanguinity accounts for 5%-18% of T2D cases
among British Pakistanis. Our work highlights the possibility of widespread non-additive genetic effects
on common diseases and has important implications for global populations with high rates of consanguinity.

INTRODUCTION same clan or social group.®® These practices increase the rates

of autozygosity, i.e., stretches of homozygosity in the genome

The prevalence of consanguinity, unions between related indi-
viduals, differs around the world, being relatively low in Europe
and higher in South Asia and the Middle East." It often co-oc-
curs with endogamy—unions between individuals from the
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that are identical by descent.® Autozygosity is known to increase
the risk of rare congenital anomalies and recessive Mendelian
disorders,”® and it has been associated with various other
phenotypic outcomes, such as decreased height, fertility, and
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self-reported overall health,® ' as well as increased risk for com-

plex diseases such as Alzheimer’s disease'' and coronary artery
disease (CAD).'? Notably, the prevalence of CAD and other com-
plex diseases such as type 2 diabetes (T2D) is significantly
higher in British South Asian individuals compared with White
British individuals.'® Although this is undoubtedly partly due to
social and environmental factors'®'* as well as differential addi-
tive genetic susceptibility toward T2D at certain loci in South
Asians compared with White Europeans, '® it is unclear whether
higher rates of autozygosity could also contribute.

One mechanistic explanation for the association between au-
tozygosity and certain traits and diseases is that autozygosity in-
creases the chance of harboring rare homozygous genotypes at
damaging recessive variants, which are less effectively removed
from the population by negative selection than dominantly acting
variants.'® However, other potential explanations exist, such as
the heterozygote advantage hypothesis, whereby heterozygosi-
ty for certain common variants leads to fitness advantages'® or
that the increased variance in additive genetic liability toward bi-
nary traits induces associations with autozygosity in the absence
of non-additive effects.'”

A challenging problem in assessing the relationship between
autozygosity and phenotypes is that associations may be
confounded by both population structure and the social circum-
stances in which consanguinity and endogamy are practiced.
For example, attempted replication of a previously detected
association with schizophrenia'® failed in reasonably powered
cohorts,'®?° suggesting potential confounding. In another
example, it has been shown that a negative association in the
Netherlands between depression and the fraction of the genome
in runs of homozygosity (ROHSs) (Fron, @ measure of autozygos-
ity) was confounded by religious assortative mating, whereby
religious individuals had higher Frop due to stricter endogamy.?’
Thus, the environmental and social factors that correlate with
having related parents may produce spurious associations be-
tween autozygosity and disease phenotypes. However, experi-
mental studies in nonhuman organisms that are free of social
and environmental confounding confirm the effects of auto-
zygosity on several phenotypes,'®??® suggesting that the ob-
servations in humans may be at least partially of genetic origin.

Here, we describe the patterns of consanguinity and examine
the effect of autozygosity on disease risk across the phenotypic
spectrum in two cohorts: the Genes & Health (G&H) cohort, a
population-based study of self-identified British Bangladeshi
and British Pakistani individuals, and UK Biobank (UKB) individ-
uals genetically inferred to have majority European and South
Asian ancestries. We show that subsetting association analyses
to highly consanguineous individuals better controls for social
and environmental confounding. With this approach, we find sig-
nificant associations between autozygosity and various dis-
eases, several of which we replicate using a different method
in a within-sibling analysis conducted in the 23andMe cohort.
Via simulations, we show that these observed associations
most likely stem from non-additive genetic effects. Our study
quantifies the effect of autozygosity across the disease pheno-
typic spectrum using a robust approach that addresses con-
founding and highlights the possibility of widespread non-addi-
tive effects across diseases.
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Since consanguinity is a sensitive topic for many communities,
we have prepared a “frequently asked questions” document for
a lay audience in collaboration with the Community Advisory
Board from G&H, explaining the motivation for and results of
our study and placing them in a wider context.

RESULTS

Our main analysis focuses on two cohorts, G&H and UKB, both
with electronic health record (EHR) data from primary and sec-
ondary care provided by the National Health Service (NHS) in En-
gland. G&H is a community-based cohort of individuals self-
identifying as British Bangladeshi (65%) and Pakistani (35%),
recruited in London, Manchester, and Bradford, UK (n =
44,190 with genetic and EHR data at the time of analysis). The
dataset is reasonably representative of the background popula-
tion, albeit likely with some over-sampling of individuals with
chronic diseases since much of the recruitment was conducted
in a primary care setting.”” We additionally analyzed individuals
from the UKB. We removed individuals for whom EHR data link-
age was unavailable, and one of each pair of individuals was in-
ferred to be third-degree relatives or closer.

We began by classifying G&H and UKB individuals into genet-
ically inferred ancestry (GIA) groups, as described in the section
“Inference of genetic ancestry” in STAR Methods. The rationale
for this was two-fold. Firstly, we were interested in exploring pat-
terns of consanguinity that might differ between people from
different genetic backgrounds. Secondly, we also wanted to
explore the effects of autozygosity on disease while ensuring
that these were not confounded by environmental or cultural fac-
tors that might be correlated with consanguinity and with GIA.
We recognize that these GIA groups do not capture the full ge-
netic diversity of human populations and that individuals with a
particular national identity, such as “Pakistani” or “Banglade-
shi,” may have varying ancestries. We analyzed 23,978 G&H in-
dividuals, of which 8,122 and 15,856 had majority Pakistani and
Bangladeshi GIA, respectively (referred to henceforth as “British
Pakistanis” and “British Bangladeshis”), 387,531 UKB individ-
uals with majority European GIA (UKB EUR), and 9,653 UKB in-
dividuals with majority South Asian GIA (UKB SAS). See Table 1
for descriptive statistics of the cohorts.

Consanguinity patterns in G&H and UKB
Given that G&H has high self-reported rates of consanguinity®’
(9% in British Bangladeshi individuals and 36% in British Pakis-
tani individuals), we first sought to genetically characterize con-
sanguinity patterns in the cohort and compare them with UKB.
We applied a method we previously developed to infer an individ-
ual’s parental relatedness (PR) based on the distribution of ROHs
in their genome.” The method infers ten classes of PR, some
involving multiple generations of consanguinity (STAR Methods).
Rates of consanguinity (offspring of second cousins or closer)
were very low in UKB EUR (2%) and higher in UKB SAS and
G&H (29% and 33%, respectively) (Figure 1A). In concordance
with previous findings in G&H based on Frey distribution,?”
self-reporting of PR was imperfect (Figures 1B and 1C).

Next, we explored whether the rate of consanguinity has been
changing over time (Figures 1D-1F). We replicated a recent
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Table 1. Descriptive statistics of unrelated individuals in the G&H and UKB cohorts

G&H (n = 23,978)

UKB EUR (n = 387,531)

UKB SAS (n = 9,653)

% male 47% 46% 54%

Age (years)—mean (SD) 44.9 (13.1) 56.7 (8.0) 53.4 (8.5)

Self-reported ethnic 65% Bangladeshi, 35% 94% Great Britain, 6% other 60% Indian, 21% Pakistani, 4%
background Pakistani European Bangladeshi, 15% other South Asian
Fron mean (SD) 0.0178 (0.025) 0.0037 (0.0050) 0.013 (0.022)

# “highly consanguineous” 4,034 (16.8%) 977 (0.25%) 754 (7.8%)

Fron is the fraction of the genome in runs of homozygosity. The bottom row gives the number of individuals inferred to be offspring of first cousin/avun-
cular unions included in the “highly consanguineous” analyses. SD, standard deviation.

finding®® that in UKB EUR, Frop significantly increases with age
(Figure 1D). In contrast, Fron significantly decreases with age in
G&H British Pakistani individuals but shows no significant asso-
ciation in G&H British Bangladeshi individuals (Figure 1D). In
UKB EUR and G&H British Bangladeshi individuals, age was
significantly positively associated with rates of both first cousin
or closer PR and of first cousins once removed/second cousin
PR (Figure 1F). In G&H British Pakistani individuals, although
there is no significant overall change in the rate of PR (i.e., sec-
ond cousin or closer) with age (Figure 1E), we see significant
and opposing age effects for different classes of PR (Figure 1F).
We note that although these trends are highly significant, the
changes are relatively modest; for example, 23% of British
Pakistani individuals aged 70-80 years were inferred to be
offspring of first cousins or closer, compared with 38% of those
aged 15-30 years (Figure S1).

Associations between autozygosity and common
confounders

We then examined associations between Froy and phenotypes
in G&H and UKB, considering two sets of individuals within each
cohort; we carried out one version of the analyses using all indi-
viduals (full cohort) and one using only individuals who are in-
ferred to be offspring of first cousin/avuncular unions and who
have Fron < 0.18 (highly consanguineous cohort). (The cutoff
of Fron < 0.18 was chosen as it is the midpoint between the ex-
pected Fron for individuals having avuncular versus sibling par-
ents). The motivation for this was that we suspected that social
and environmental correlates of consanguinity may confound
associations between phenotypes and Fron within the full
cohort, i.e., highly consanguineous individuals might have sys-
tematically different cultural, social, or environmental exposures
to those whose parents are unrelated. If we restrict to individuals
whose parents had the same degree of PR and control for pop-
ulation structure, variance in Froy is attributable to stochastic
recombination events and Mendelian segregation (Figure 2),
thus mitigating associations between Fron and environmental
confounders. We excluded the small number of individuals
with Fron > 0.18 whose parents may be first-degree relatives,
since such unions might be associated with extreme environ-
mental confounders.

To test the robustness of this approach, we first considered
five traits/exposures that may confound associations with Fron
in UKB EUR and UKB SAS—self-reported religiosity, having
ever smoked tobacco, having ever drunk alcohol, socioeco-
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nomic status (SES) as measured by the Townsend deprivation
index, and having attended university. Clark et al. previously
showed that Fron negatively correlated with educational attain-
ment (EA) and alcohol and tobacco use.’ We find that in the full
cohort, Fron is significantly associated with all five traits as-
sessed in UKB EUR and UKB SAS (Figure 3). However, in the
highly consanguineous cohorts, we find no significant associa-
tions. Using power calculations,”® we find that the power to
detect significant associations in the highly consanguineous co-
horts using the odds ratio (OR) estimated from the full cohorts
ranges from 0.72 to >0.99 with a median of 0.86, suggesting
the widespread attenuation observed was unlikely to be due to
the reduction in sample size when restricting to the highly
consanguineous cohorts. As has been done in previous work
to attempt to control for confounding,®'%*° we then repeated
these analyses controlling for EA (number of years in education).
This made a minimal difference to our results (Figure 3, right),
showing that conditioning on EA does not attenuate associations
with the potential confounders we considered.

As a complementary analysis, we sought to quantify the vari-
ance in Fron explained collectively by the above confounders
in addition to body mass index (BMI), dietary patterns, and exer-
cise frequency-related variables (STAR Methods). Our goal was
to quantify the degree of potential confounding and increase the
power to detect confounding in aggregate. To do so, we re-
gressed Froy on the confounders within the full and highly
consanguineous cohorts and assessed the model fit. In both
full cohorts (UKB EUR and UKB SAS), the models are highly sig-
nificant, with adjusted-R? estimates greater than 0.01 (Table S1).
However, in the highly consanguineous cohorts, the model was
not significant (p > 0.3), with adjusted R? < 0.001. Notably, for
UKB SAS, we found we have >80% statistical power to detect
an R? half as large as that detected in the full cohort
(Table S1), suggesting that the lack of significant model fit is
not simply due to lower power in the highly consanguineous
cohort compared with the full cohort.

Associations between autozygosity and disease

Having demonstrated that focusing on highly consanguineous
individuals reduces confounding with risk factors for ill health,
we then assessed associations between Frony and diseases in
this subset of individuals, meta-analyzing G&H and UKB. We first
considered height as a positive control,” noting a significant as-
sociation between it and Fron in the highly consanguineous
cohort (B = —0.93 cm, p = 1.9 x 107° for Fron = 0.0625) that



Cell

inferred parental relatedness

[l 1st cousin, 3rd gen. [l 1st cousin, 2nd gen.
[l 1st cousin once removed 2nd cousin

1st cousin, 1st gen.

I Unrelated (more distant than second cousins)

¢? CellPress

OPEN ACCESS

Figure 1. Patterns of parental relatedness
(PR) in G&H and UKB

(A) Stacked bar plots showing genetically inferred
PR for the indicated groups. The inferred classes
of PR include up to three generations of first cousin

A B G&H British Bangladeshis C  G&H British Pakistanis marriages, first cousins once removed, and sec-
1.00 1.00 1.00 ond cousins or unrelated.
o2 2 ] (B and C) Stacked bar plot showing genetically
3 075 3 0.75 3 0.75 inferred PR for G&H British Bangladeshi and British
-.§ .§ ' -§ ‘ Pakistani individuals, respectively, stratified by
5 5 5 self-reported PR.
5 0.50 50.50 5 0.50 (D) Effect sizes of age on Frop, inferred from linear
£ £ £ regression, in the indicated groups.
g § S (E) Effect sizes of age on being genetically inferred
s 025 20.25 20.25 offspring of second cousins or closer, from logistic
regression.
0.00 0.00 0.00 (F) Effect sizes of age having the indicated class of
PR, inferred from multinomial logistic regression.
Q? Lines indicated 95% confidence intervals. BB,
erb & British Bangladeshi; BP, British Pakistani.
See also Figure S1.
Self-reported Self-reported
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G&H BP p=0.06@| 107%). We replicated this in a set of
G&H BB p=1x10""% individuals inferred to be offspring of
N = -15. N . . .
G&HBB L p=1x10 B - Lo first cousin/avuncular unions (n = 1,476)
-0.015  -0.005 0.005  0.015 -0.03-0.02-0.01 0.00 0.01 0.02 0.03  from a cohort of Saudi Arabs. with
effect size effect size ’

(parental relatedness ~ age)

was not significantly different (p = 0.54, two-sample t test) from
the effect in the full cohort (3 = —1.07 cm, p < 1079
(Table S2). Then, to define the disease phenotypes, we used
the first-occurrence three-letter International Classification of
Diseases (ICD10) codes in UKB and generated phenotypes in
G&H by mapping diagnostic codes from primary and secondary
care EHRs using the methods defined in UKB (STAR Methods).
We considered the sixty-one diseases with at least a 5% case
prevalence in the G&H highly consanguineous cohort, since
this was the largest sample (n = 4,034 versus n = 977 and n =
754 for UKB EUR and UKB SAS, respectively).

After 5% false discovery rate (FDR) correction, we found
twelve associations, with four associations passing Bonferroni
correction (p < 0.05/61) in the meta-analysis of the highly
consanguineous cohorts (Figure 4A; Table S3). The disorders
span several organ systems, including metabolic, psychiatric,
ear, eye, immune, and respiratory disorders. When conducting
the same analysis in the full cohorts, thirty and thirteen diseases

(parental relatedness class ~ age)

effect size consistent with what we saw
in G&H+UKB (OR = 1.31 for Fron =
0.0625, 95% Cl =[1.06, 1.62], p = 0.012).

We assessed whether the effect of Fron varied linearly with
respect to the log-odds within the highly consanguineous co-
horts using binned Fron values to ensure model assumptions
were met. We find that the increase in log-odds for the signif-
icant traits consistently appears to be approximately linear
(Figure S2A), suggesting the associations are not driven by
extreme Fron values. However, a similar analysis in the full
cohort highlights nonlinearities in the log-odds across the
range of Fron outside the range considered in the highly
consanguineous analysis (Figure S2B), suggesting uncon-
trolled confounding. We also observe inflation in the p values
for Cochran’s Q test for heterogeneity in the meta-analysis
of the full cohorts and none for the highly consanguineous
cohorts (Figure S3A), suggesting that the effect size estimates
are more consistent across the latter.

As an additional sensitivity analysis, we refitted the regression
for the significant associations after stratifying each highly
consanguineous cohort by the number of generations of inferred
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Figure 2. Variability in autozygosity due to
stochastic recombination and Mendelian
segregation events among individuals with
parents who are first cousins

(A) Figure illustrating, using just one chromosome,
how autozygosity can vary substantially between
individuals who are offspring of first cousins. Two
offspring of independent first cousin unions have
inherited different ROHs of different lengths on one
chromosome due to stochastic recombination and
Mendelian segregation events.

(B) This leads to the variation in genome-wide Fron
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short autozygous
segment
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first cousin PR (one, two, or three). We meta-analyzed these
three regressions within each of UKB EUR, UKB SAS, and
G&H and then meta-analyzed these results across cohorts
(“PR-stratified meta-analysis”; Figure S3B; Table S4). The ratio-
nale for doing so was to ensure that within the highly consanguin-
eous group, the results were not confounded by social/environ-
mental correlates of the number of generations of recent historic
consanguinity. Although this analysis reduces power, several as-
sociations remained significant, and effect sizes were highly
similar, with the average ratio of the effect size in the PR-strati-
fied meta-analysis compared with that in the original highly
consanguineous analysis being 1.055 (paired t test p = 0.486).
We additionally refitted the regressions in the highly consanguin-
eous UKB EUR and UKB SAS cohorts for the significant pheno-
types, adding the confounders assessed in Table S1 as covari-
ates, and found no reduction in effect size magnitude; the ratio
of the effect size from regression with the additional covariates
and the original regressions was 1.05 in UKB SAS and 1.10 in
UKB EUR (p = 0.73 and p = 0.47, respectively, paired t test),
and no phenotype had a nominally significant difference in the ef-
fect size estimates ascertained from the two regressions
(Table S4).

Within-sibling analysis of Froy-phenotype associations
in 23andMe

To attempt to replicate findings, we conducted a within-sibling
analysis in the 23andMe cohort using self-reported phenotypes
(n = 42,218-545,806 siblings, median 478,590; Table S5). This
complementary approach exploits variation in Fron within nu-
clear families, which eliminates confounding due to population
structure.®*"*? Confirming the results in Figure 3, we found no
significant association (p > 0.15) between Frony and having
ever used tobacco or reporting being “at all religious.”

We then considered fourteen disease phenotypes that match
or are similar to the three-digit ICD10 codes that passed
FDR < 5% in the meta-analysis of either the highly consanguin-
eous and/or full cohorts from G&H+UKB, as well as height. We
first sought to calculate statistical power to replicate associa-
tions in the within-sibling analysis. Briefly, we simulated sibling
pair Fron values and phenotypes with effect sizes equivalent
to those detected in the highly consanguineous or full cohort

4518 Cell 186, 4514-4527, October 12, 2023
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shown in (B) for G&H individuals inferred to have

parents who are first cousins. The red line in

F (B) indicates the best fit of a lognormal distribution,
ROH which was used for power calculations.

analysis and derived empirical estimates of statistical power
assuming the sample size available in 23andMe (STAR
Methods). For the seven tested phenotypes that were significant
in the highly consanguineous cohorts, we estimated we had 77%
power to replicate at least one association and 38% power to
replicate at least two associations at experiment-wide signifi-
cance; for the seven that were only significant in the full cohorts,
we had 52% power to replicate at least one association.

Height and the seven diseases that were significant in the
G&H+UKB highly consanguineous cohorts showed convincing
evidence of replication; across these eight phenotypes, we
saw no significant difference between the effect sizes esti-
mates in the 23andMe within-sibling analysis versus the anal-
ysis of highly consanguineous cohorts from G&H+UKB (mean
ratio of 6within-sib|ing/ﬁhighly consanguineous — 09131 p = 0.765
paired t test), there was no evidence for a bias of Byithin-sibling <
Boigny consanqunecss P = 0.688, exact binomial test), and all had
concordant directions of effect size, significantly more than ex-
pected by chance (p = 0.004, one-sided binomial test). Addi-
tionally, two were experiment-wide significant: post-traumatic
stress disorder (PTSD) (OR = 1.96 for Frony = 0.0625, 95%
Cl = [1.58, 2.43], p = 0.00082), which is included within
ICD10 subchapter F43, and T2D (OR = 1.57 for Fron =
0.0625, 95% CI = [1.32, 1.86], p = 0.00395). We had 54% po-
wer to replicate height at p < 0.05, which did replicate at nom-
inal significance (6 = —0.99 cm, 95% CI = [-1.91, —0.074], p =
0.036). In contrast, of the seven tested diseases that were only
significant in the G&H+UKB full cohorts, five had discordant di-
rections of effect in 23andMe and none passed experiment-
wide significance. Importantly, PTSD, the disorder with the
most significant Froy association in the replication analysis,
was only significant in the analysis of the highly consanguin-
eous cohorts in G&H and UKB (Figure 4B).

Population-attributable risk of autozygosity to T2D and
asthma

British South Asians have more than twice the rate of T2D
compared with White British Europeans,’®*® as well as a higher
rate of asthma hospitalizations and death.'®** Given the de-
tected associations between autozygosity and these diseases,
we estimated the fraction of the incidence of these disorders
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Figure 3. Associations between Froy and potential confounders in UKB
Associations between Fron and potential confounders with (right) and without (left) conditioning on educational attainment (EA) in (A) UKB EUR and (B) UKB SAS.
Forest plot showing Fron 0dds ratio. OR is calculated for Fron value of 0.0625 (expected Frop for first cousin PR). Bands indicate 95% confidence intervals

adjusted for multiple testing (p < 0.05/9).

that may be attributable to autozygosity due to consanguinity in
UKB EUR, British Pakistanis, and British Bangladeshis. To do so,
we calculated the percent population-attributable risk (PAR) (i.e.,
percent of cases in the population attributable to autozygosity)
for the two diseases (see STAR Methods). The calculation of
PAR incorporates the prevalence of the risk factor, which we
estimated from the fraction of individuals who were inferred to
be offspring of first cousins or second cousins in the relevant
cohort (Figure 1). It also incorporates the risk ratio for the dis-
ease, which we estimated based on the effect size estimated
for Fron in the G&H+UKB meta-analysis of the highly consan-
guineous cohorts (Figure 4A; Table S3), and the prevalence of
the disease in nonconsanguineous individuals. Since the latter
is unknown, we varied the assumed prevalence from 5% to
15% for each disorder, as that should reasonably capture the
true prevalence.>**°

Assuming a 5% prevalence of disease in nonconsanguineous
individuals, we estimated that 10.1% (5.2%-15.9%, 95% CI) of
the prevalence of T2D in G&H British Pakistanis is attributable

to autozygosity resulting from consanguinity (Figures 5 and
S4A-S4D). This is independent of the environmental/cultural cor-
relates of consanguinity that may influence risk of the disorder.
The PAR was estimated at 2.6% (1.2%-4.6%) in G&H British
Bangladeshis and at <1% in UKB EUR. Likewise, we estimated
that 7.4% (2.5%-12.5%) of asthma cases in G&H British Pakis-
tanis are attributable to autozygosity, 2.4% (0.9%—-4.2%) in G&H
British Bangladeshis, and <1% in UKB EUR. The estimates
decrease slightly when assuming a prevalence of 15%. We
conclude that a substantial proportion of the increased inci-
dence of T2D in British Pakistanis is due to autozygosity resulting
from consanguinity.

As a point of comparison for T2D, we considered the popula-
tion-attributable risk due to having a high polygenic risk score
(PRS) for the disease. We considered the T2D PRS developed
by Mars et al.*® which showed similar predictive accuracy in co-
horts of individuals with a majority European versus South Asian
GIA (OR for 1 SD of the PRS ~1.65 in both). In G&H British Pak-
istanis and British Bangladeshis, the increase in T2D prevalence
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See also Figures S2, S3, and S5.

due to autozygosity is similar to that due to individuals being in
the top 5%-18% and 1%-3% of polygenic risk, respectively
(Figure S4E).

Impact of genetic architecture on Froy associations
with binary traits

Associations between Frop and traits can be induced by several
underlying genetic architectures. A commonly described hy-
pothesis is that Froy increases the risk of inheriting deleterious
recessive variants, thereby increasing genetic predisposition to-
ward disease. An alternative (but not mutually exclusive) expla-
nation is that autozygosity increases the additive genetic vari-
ance of a trait in the population (specifically by a factor of 1 +
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F, where F is the average “inbreeding coefficient” in the popula-
tion,'” also see Note S1). Thus, under a liability threshold model
for a binary trait, individuals with high values for Froy are more
likely to cross the liability threshold even in the absence of
non-additive effects, inducing an association between Fgopy
and the trait (Figure S5A).

To assess the degree to which the increased additive variance
could induce associations between Fron and diseases, we
simulated binary traits with an additive polygenic genetic archi-
tecture and varying heritabilities, then estimated the power we
would have to detect significant associations between Fron
and the simulated traits in our current study, considering the
sample size and Frop distribution in the highly consanguineous
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cohorts. We find that purely additive, polygenic traits with herita-
bilities similar to those of the most heritable traits we consider
(e.g., T2D with an estimated narrow-sense h? of 20%-30%"")
would be very underpowered to show significant associations
with Fron in our study (Figure S5B). In the unrealistic case of
Fron Vvalues in the population being uniformly distributed from
0to 1, there would still be very little power to detect associations
at our current sample size (Figure S5C). We conclude that the as-
sociations we observe are unlikely to reflect a solely additive ge-
netic architecture. Hence, our findings highlight the possibility of
widespread non-additive effects on diseases across the pheno-
typic spectrum.

DISCUSSION

We introduce a robust approach to reduce confounding in
studies assessing trait associations with autozygosity by re-
stricting analyses to highly consanguineous individuals. We
find compelling evidence that autozygosity impacts several
common diseases spanning multiple organ systems, notably
T2D and PTSD. Simulations indicate that the associations
most likely stem from non-additive genetic effects, and we
calculate population-attributable risk fractions to show that
these effects cumulatively contribute substantially to disease
incidence in communities with high rates of consanguinity.

In concordance with previous studies,’*®*° we find that
British Bangladeshi and Pakistani individuals practice consan-
guinity at higher rates than British individuals with majority Euro-
pean GIA. Our results from G&H show that younger British Pak-
istanis are more likely to have parents who are inferred to be first
cousins. One might be concerned that this observation could be
due to the impact of autozygosity on health, which could lead to
an ascertainment bias whereby younger people would be more
likely to be recruited to the study if they had higher autozygosity
and were hence less healthy and spent more time in healthcare
settings where much of the recruitment took place. However, the
fact that we see the opposite pattern (i.e., a positive association
between age and likelihood of consanguinity) in British Bangla-
deshis suggests that ascertainment bias is not driving the asso-
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Figure 5. Population-attributable risk of Fron
for T2D and asthma

Percent population-attributable risk for (A) T2D and
(B) asthma due to Fron estimated for UKB EUR and
G&H British Bangladeshis and Pakistanis, assuming
underlying prevalence estimates of disease in non-
consanguineous individuals equal to 5% or 15%.
Error bars indicate 95% confidence intervals.

See also Figure S4.

prevalence

ciation between consanguinity and age
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from Pakistan/Bangladesh to the UK that

affected trans-national marriage/union
patterns.*® Recent work in large biobank settings has shown
that overall rates of consanguinity are decreasing in large co-
horts from the United States (All of Us and the Million Veterans
Program) and increasing in UKB South Asians.”® Our analysis
suggests that examining these trends at the level of a whole
country or broad-scale genetic ancestry group (e.g., South
Asian) may obscure fine-scale differences. Also, considering
only changes in mean Froq may obscure changes in rates of
different types of consanguinity (Figures 1 and S1). These results
highlight important trends for clinical settings, as autozygosity in-
creases the risk of recessive Mendelian diseases®' and, as we
show here, several common, complex disorders.

Before we assessed associations between Fron and disease,
we investigated associations between Fron and common con-
founders that are associated with disease risk, including socio-
economic, behavioral, and cultural traits in UKB. When consid-
ering all individuals, we found significant associations between
Fron and university attendance, deprivation, religiosity, and
alcohol/tobacco use (Figure 3). All of the associations were
attenuated by our approach of restricting analysis to the highly
consanguineous cohort, suggesting that they were due at least
in part to confounding. Consistent with this, religiosity and to-
bacco use were likewise not significant in the 23andMe within-
sibling analysis. We also considered whether, in aggregate,
these confounders plus exercise- and diet-related variables
explain a significant amount of variance in Froy within UKB
EUR and UKB SAS; we found a significant portion of variance
is explained in the full cohorts but not in the highly consanguin-
eous cohorts (Table S1). We note that we may have reduced po-
wer to detect confounding associations in the highly consan-
guineous cohorts, especially those of potentially weaker effect;
this led us to conduct further robustness checks of the disease
associations, namely redoing the analysis in UKB controlling
for measured confounders and the PR-stratified meta-analysis
(Table S4), both of which suggested that our results were robust.
We found that conditioning on EA, a sensitivity analysis common
in the autozygosity literature,®'%*° did not attenuate the associ-
ations between Frony and the potential confounders assessed
(Figure 3). These analyses illustrate the need to carefully assess
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whether the causes of Froy associations in several previous
studies are indeed biological and emphasize that they should
be interpreted with caution.

Having demonstrated that restricting analyses to highly
consanguineous individuals greatly attenuates confounding,
we investigated associations between Frop and clinical pheno-
types extracted from EHRs within this group. We found signifi-
cant associations between Fron and twelve diseases classified
by three-digit ICD10 codes, including T2D, asthma, and two psy-
chiatric disorders (“F43—reaction to severe stress disorders,”
which includes PTSD, and “F41—other anxiety disorders”).
These included several that are not well-defined diseases,
such as shoulder lesions, which include adhesive capsulitis, a
common comorbidity of T2D.*? It has also been shown that
PTSD symptoms and diagnosis are associated with increased
risk for T2D.*® As cohorts with highly consanguineous individuals
grow and non-additive loci are discovered for these disorders, it
may be possible to disentangle the potential causal paths oper-
ating between these associations.

There are multiple risk factors for the diseases for which we
found significant Fron associations that differ between British
South Asians and White British people (e.g., diet and lifestyle fac-
tors for T2D,**~*° socioeconomic status and experience of racial
discrimination for PTSD®?°"). However, there are several rea-
sons we feel these are unlikely to confound our results here.
Firstly, for the measured confounders we were able to assess
in UKB, we saw no evidence of significant associations with
Fron Within the highly consanguineous group (Table S1). Sec-
ondly, we replicated the associations between Fron and both
T2D and PTSD at experiment-wide significance in the 23andMe
within-sibling analysis, which is free from confounding because
variation in Fron within families is randomly determined at
conception and is not expected to be correlated with environ-
mental confounders. We showed that limited power was the
likely reason that some of the findings from the highly consan-
guineous group did not replicate in 23andMe.

When analyzing the full cohort from G&H+UKB, we found mul-
tiple additional associations. However, when attempting to repli-
cate seven of these via within-sibling analysis in 23andMe, none
passed experiment-wide significance, and five had discordant
directions of effect size, indicating that they were likely spurious.
Interestingly, the analysis of the full G&H+UKB cohorts gave
nonsignificant results for the two psychiatric disorders identified
in the highly consanguineous analysis (Figure 4B). This result
suggests that environmental/cultural factors correlated with
consanguinity, and therefore, Frop, in these cohorts, are either
truly protective against these disorders and/or that consanguin-
eous individuals are less likely to seek medical assistance for
them. Thus, our approach not only addresses spurious associa-
tions between Frop and diseases but also prevents masking that
is potentially due to consanguinity-related differences in disease
ascertainment in EHRs.

We showed that the risk of T2D and asthma incurred by auto-
zygosity may contribute substantially to the incidence of these
diseases in British Pakistanis and, to a lesser degree, in British
Bangladeshis. Our estimates of PAR assume that G&H is repre-
sentative of the broader British Pakistani and Bangladeshi com-
munities in the UK, although we note that the majority of the cur-
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rent G&H cohort is from London. Our recent work in a cohort
collected in Bradford, a city in the north of England with a sub-
stantial British Pakistani population, reported higher rates of
consanguinity than found here, with 44% of British Pakistanis in-
ferred to have parents who are first cousins or closer® (compared
with 33% in the current study), suggesting we are potentially
underestimating the true PAR. For T2D, we found that the rate
of consanguinity in British Pakistanis increases the prevalence
approximately equivalently to individuals being in about the top
decile of common variant risk measured in a previous study
(Figure S4E).*® Importantly, we note that our estimates for the
PAR due to autozygosity have large standard errors (the Cls
for T2D for British Pakistanis span between 5.2% and 17.5%,
depending on assumed prevalence) and that other risk factors
for T2D have a far higher PAR than autozygosity. One study esti-
mated the PAR for having BMI > 25 kg/m? is >60% in the Amer-
icas, with little fluctuation between geographic regions.*” In a
separate study of a cohort based in Rotterdam, the PAR for
BMI > 25 kg/m? was 51%, and 71% for all modifiable risk factors
assessed in their study (high BMI and waist circumference, cur-
rent smoking, and high C-reactive protein).>® Thus, although the
impact of autozygosity resulting from consanguinity on T2D risk
is significant, its impact is less substantial than that of other risk
factors that are modifiable. Furthermore, the health risks
incurred by consanguinity need to be weighed against potential
social and economic benefits for communities.

Via simulations, we show that the associations we detected
are unlikely to be due to autozygosity increasing additive vari-
ance for genetic risk of binary traits, suggesting widespread
non-additive effects. In the few studies that have looked, reces-
sive-acting rare and common variants have been found to be
associated with multiple common diseases including T2D.>*¢
However, it has been previously shown that dominance heritabil-
ity at common variants is negligible,””°® suggesting that the
observed Fron associations likely stem from non-additive ef-
fects at low allele frequency variants and/or epistasis. It has
been suggested that comparing the effect sizes of Fgrm and
Fron distinguishes whether associations are driven by homozy-
gosity at common versus rare variants.® We found that the Ferm
effect size estimates in the highly consanguineous cohorts were
concordant with those of Fron, although with a weaker effect,
with the ratio of effect sizes Fgrm/Fron being significantly less
than 1 (0.915, p = 2 x 1075, paired t test) (Table S4). This could
be interpreted as evidence that the Froy associations are more
likely driven by rarer variants. However, one alternative explana-
tion for this could be that Fgry is more prone to misestimation
than Fron, as Fgrm depends on estimates of allele frequencies
in the population and will be biased for individuals who are
more poorly represented in the reference group used to estimate
allele frequencies. Having said this, we note the correlations be-
tween Fgrm and Fron are ~0.95 in the highly consanguineous
cohorts.

Our study indicates that non-additive effects contribute to dis-
ease risk, but mapping specific loci will require large cohorts.
Assuming an outbred population, detecting recessive effects re-
quires much larger sample sizes than for additive loci, since only
np? individuals have informative alternative genotypes (where n
is the sample size and p is the effect allele frequency) versus
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ne(1 — p) + p?) = np under an additive model. This issue is
especially exacerbated at rare variants due to the quadratic
scaling but is reduced in consanguineous cohorts where the
number of informative alternative genotypes for recessive loci
is n((1 — F)p? + Fp) (where F is the average Fron in the sample).
Thus, large sequenced cohorts enriched for consanguineous in-
dividuals will be necessary to fully characterize the nature of non-
additive genetic effects across the allele frequency spectrum on
polygenic traits.

In conclusion, we have described patterns of consanguinity in
two large UK cohorts and proposed a robust approach to control
for social and environmental confounding in autozygosity asso-
ciation studies. We found multiple significant associations be-
tween autozygosity and common diseases that we contend
are unlikely to be confounded. Our findings suggest that previ-
ous results in the field should be revisited, as they may have
been driven by uncontrolled confounders. Furthermore, our re-
sults indicate that autozygosity may be an important contributing
factor to the increased incidence of T2D in British Pakistanis as
well as in other worldwide populations with high rates of consan-
guinity. Our work motivates the incorporation of genome-wide
autozygosity into predictions of genetic risk as well as a search
for individual non-additive-acting variants and genes influencing
disease risk across the phenotypic spectrum.

Limitations of the study

Our paper has several limitations. Our approach assumes that
within the highly consanguineous subset of the cohort, the de-
gree of autozygosity is not correlated with environmental factors
that influence disease risk, which we cannot totally rule out. Our
results suggest that there are no significant associations with
some obvious potential measured confounders within this
group, but these confounders may still be associated with
Fron With weaker effect sizes than we are powered to detect,
or there may be other confounders that were not measured.
Another limitation is that we were underpowered to replicate
many of our findings in the within-sibling analysis from 23andMe;
having said that, we did replicate more than we would have ex-
pected to at 80% power. Results for the diseases we did not
replicate should be treated with caution unless replicated in
future studies. Furthermore, our results may not necessarily
generalize outside the set of highly consanguineous individuals
we have studied. For example, we noted non-linear effects of
Fron for individuals with extremely high values (whom we had
excluded from our main analysis) (Figure S2B), which could indi-
cate extreme environmental confounding®® but might also be
partly due to the increased potential for epistasis between rare
homozygous variants.®® Additionally, we have not assessed
sex-stratified Fron-phenotype associations, which would be
an interesting avenue for future work.
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RESOURCE AVAILABILITY

Lead contact
Further materials and requests may be directed to lead contact, Hilary Martin (hcm@sanger.ac.uk).

Materials availability
This study did not generate new unique reagents.

Data and code availability

o G&H data are available for analysis within a secure Trusted Research Environment) upon application to the G&H executive, as
described here https://www.genesandhealth.org/research/scientists-using-genes-health-scientific-research. UK Biobank
data are also available upon application (https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access). The informed
consent given by the Saudi study participants does not allow posting of participant-level phenotype and genotype data in pub-
lic databases. Access to these data can be obtained through an established ISO-certified process by submitting a project
request to the Office of Research Affairs, King Faisal Specialist Hospital & Research Centre (KFSHRC) (ORA@kfshrc.edu.sa)
which is subject to approval by the KFSHRC IRB committee. The summary statistics from the sibling analysis for the 23andMe
replication dataset are fully disclosed in the manuscript. Individual-level data are not publicly available due participant confi-
dentiality, and in accordance with the IRB-approved protocol under which the study was conducted.

® All original code is available upon request. The code to infer consanguinity is available at https://github.com/malawsky/
consanguinity_simulation.

® Any additional information required to reanalyse the data reported in this paper is available from the lead contact upon
request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

G&H cohort

The G&H cohort was recruited across several sites in East London, Luton, Manchester, and Bradford, including community set-
tings (e.g. mosques, shopping centres, libraries) and primary care clinics.?’ Fifty six percent of individuals were recruited in
primary care settings, 5% were recruited in hospitals, and the remainder were recruited in community settings. Information
regarding sample size, fraction of male/female participants, self-reported ethnic background, and age distribution can be found
in Table 1.
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UK Biobank cohort

The UK Biobank is a prospective cohort of over 500,000 individuals with genotype and deep phenotype data recruited across the
United Kingdom between 2006 and 2010.%? Information regarding sample size, fraction of male/female participants, self-reported
ethnic background, and age distribution can be found in Table 1.

Saudi Arabian cohort

The Saudi Arabian cohort is a cohort of 5,668 Saudi Arabian individuals recruited at the Institutional Catheterization Centre in the King
Faisal Specialist Hospital and Research Centre.®® The cohort is 64% male with mean age 54.8 years (standard deviation 14.8 years).
Individuals have genotype and phenotype data collected from medical records and interviews conducted by trained healthcare pro-
fessionals at the hospital.

23andMe cohort

The 23andMe cohort is a prospective cohort of over 8 million research consented individuals, with genotype array and self-reported
phenotype data. In the current study, we used research-consented individuals with at least one genetically-inferred full sibling also in
the cohort (see STAR Methods: section within-sibling analysis in 23andMe). The total sample size of 23andMe individuals analysed in
the current study is 545,806.

Ascertainment of sex across cohorts

Participants in the G&H, UK Biobank and Saudi cohorts were asked their sex with at least the options of ‘female’ or ‘male’ (some
cohorts include other sex options) and had their sex genetically inferred via genotype microarray data (male having XY and female
having XX chromosomes). Individuals with discordant self-reported and genetically-inferred sex were removed to prevent the chance
of sample mixups. In 23andMe, sex was similarly genetically inferred via genotype microarray data.

METHOD DETAILS

G&H, UK Biobank, and Saudi Arabian cohorts genotype data preparation

We used the 2021 July data release of the G&H data, which contained 46,132 individuals genotyped on the lllumina Global Screening
Array vVBEAMD (GRCh38). We first removed 1,736 individuals with call rate less than 99.2% and SNPs with MAF < 1%, leaving
355,862 SNPs. To ensure we did not lose SNPs that have high quality but that fail Hardy-Weinberg Equilibrium due to high rates
of consanguinity and strong population structure in British Pakistani individuals, we removed 726 SNPs that failed Hardy-
Weinberg Equilibrium p-value < 1x107® in British Bangladeshi individuals alone, as done in Huang et al.%” This left 355,136 SNPs.

Genotyping and processing for the UK Biobank cohort were done centrally by the UKB group.®® Two customized Affymetrix gen-
otyping arrays were used, the UK Biobank Axiom array (n=438,692) and the UK BiLEVE Axiom array (n=50,520), which covered
812,428 SNPs with 95% overlap between the arrays. Quality control consisted of excluding individuals with >3% missingness, incon-
sistent sex, sex aneuploidy, excess heterogeneity, or withdrawn consent.

For the Saudi Arabian cohort, genotyping and processing has been described previously.®® Briefly, individuals were genotyped on
the Affymetrix Genome-Wide ASI Array including 598,000 SNPs. SNPs with call rate <95% and HWE p-value <1x10-6 and individuals
with >5% missingness were excluded, resulting in 537,798 SNPs.

In the three cohorts, we estimated the relatedness between individuals using PropIBD from KING®* removed one from each pair of
related individuals inferred to be 3" relatives or closer. To remove related individuals while maximising the sample size, we ranked
individuals by their number of relatives, then removed the individual with the highest number of relatives iteratively until no relatives
remained.

QUANTIFICATION AND STATISTICAL ANALYSIS

Inference of genetic ancestry

In G&H, we determined genetically-inferred ancestry (GIA) by merging the data with reference sequences of unrelated individuals
(determined using KING as described above) from the 1000 Genome Project®® and Central and South Asian individuals from the Hu-
man Genome Diversity Project.®® We first excluded palindromic variants and multiallelic sites from both datasets. Then, we merged
the external reference data and G&H by matching positions and alleles of the common SNPs that passed QC in G&H, and kept var-
iants found in both datasets, which left 349,632 SNPs. A further 1285 variants were excluded due to AF discrepancies between G&H
and South Asian reference individuals (>4 standard deviations from the mean residual of -log+ frequency bins, and Fisher’s exact test
p<1x107), resulting in 348,347 variants. PLINK 1.9 LD pruning was performed with a window size of 1000kb, step size 50 and LD r?
cutoff of 0.1, then long LD regions’® were excluded, resulting in 104,552 variants. We used PLINK 1.9 to calculate principal compo-
nents (PCs). We first calculated PCs for the 3,433 reference individuals, then projected the G&H individuals into the reference PC
space. We calculated UMAP coordinates using the umap R package. We found that the UMAP with 7 PCs was optimal to separate
the reference individuals into groups that corresponded to the continents from which their recent ancestors originated. 44,320 out of
44,396 G&H individuals were most genetically similar to the reference South Asian individuals, as measured by their proximity on this

Cell 186, 4514-4527.e1-e8, October 12, 2023 e2




¢? CellPress Cell

OPEN ACCESS

UMARP plot, and were classed as having South Asian GIA. Amongst these, we then performed a second PC analysis on the unrelated
G&H individuals, projecting the related G&H individuals into the PC space defined by the unrelateds. A UMAP with 4 PCs identified
two large clusters which largely corresponded to individuals who self-reported as being of Pakistani or Bangladeshi origin respec-
tively, plus a couple of smaller clusters which we excluded henceforth. This was used to classify individuals in the GIA groups which
we refer to as “British Pakistani” and “British Bangladeshi” throughout (total N=44,190 in the final dataset).

UKB individuals were projected into the 1000 Genomes PCA space, which defined five GIA groups that corresponded to the con-
tinents from which the 1000 Genomes individuals’ recent ancestors came. UKB individuals were then assigned to the GIA group to
which they had the highest genetic similarity, based on the Mahalanobis distance between their position in PC space using 6 PCs and
the average position of each 1000 Genomes GIA group. Individuals with a Mahalanobis distance that deviated from each GIA group
average by >6 standard deviations were excluded. 387,531 individuals of majority European GIA (UKB EUR) and 9,653 individuals of
majority South Asian GIA (UKB SAS) remained after quality control.

ROH calling

For ROH calling in G&H, we filtered out SNPs with minor allele frequency <5% and used PLINK 1.9 to call ROHs on the filtered SNPs

using the following parameters, following Clark et al.’: -homozyg-window-snp 50 -homozyg-snp 50 -homozyg-kb 1500 ~homozyg-

gap 1000, -homozyg-density 50 —-homozyg-window-missing 5 -homozyg-window-het 1. In UKB we followed the same procedure,

but before ROH calling we removed variants that had Hardy-Weinberg p<1x107 in the relevant GIA group (UKB EUR or UKB SAS).
We calculated Fron by summing up the total length of all autosomal ROHSs previously calculated (in base pairs) and dividing by 2.7

billion (the approximate length of the autosomal genome), following Clark et al.’

Consanguinity inference

We used the method to infer parental relatedness which we described previously.” Briefly, unrelated individuals were randomly cho-
sen from the actual dataset, phased using EAGLE, v2.4.1,%® and pedigrees are simulated using custom R code available at https://
github.com/malawsky/consanguinity_simulation; specifically we included the following PR categories: unions between individuals
who are siblings, avuncular pairs (including multiple generations), first cousins (including multiple generations), first cousins once
removed, and second cousins, as well as between unrelated individuals. We then applied the same ROH calling procedures
described above to the simulated offspring. For each simulated individual, we then calculated fifteen statistics for the purposes of
classification using a neural net classifier: the total length of the ten longest ROHs (in cM), and the frequency of ROHs ranging
from 10 to 150 cM binned into 14 intervals of 10 cM. Using these statistics, we trained a neural net classifier implemented in the
R package nnet to assign simulated individuals to a given PR category by repeating this procedure 10 times, summing up the prob-
abilities for each possible PR category, and choosing the one with the highest probability per individual. We then calculated the same
statistics on the true samples and used the trained neural net classifier to infer the degree of PR. For most of our analyses, we group
together people whose parents were inferred to be second cousins with first cousins once removed, and people whose parents were
inferred to be first cousins for one/two/three generations, because of the low accuracy in differentiating between the finer-grained
classifications.

Analysis of consanguinity patterns in G&H and UK Biobank
In G&H, individuals were asked about their parental relatedness at recruitment (“Were your parents related by blood? (not just by
marriage)”) with the options of “Yes”, “No”, and “Don’t know”. If the individual answered “Yes”, they were asked a follow-up ques-
tion of “If Yes, how were your parents related?” with the options of “First Cousins”, “Don’t Know’’, and “Other related by blood”.
Figures 1B and 1C shows the inferred degree of parental relatedness for individuals split by self-reported parental relatedness.
We used linear regression to regress Fron on age G&H British Pakistanis, G&H British Bangladeshis, UKB EUR and UKB SAS,
controlling for sex and 20 PCs. To test if overall consanguinity changed over time, we made a binary variable indicating parental relat-
edness (1 if inferred to have parents that are second cousins or closer, 0 otherwise) and regressed that on age, sex, and 20 PCs using
a logistic regression. To test for more subtle changes in consanguinity patterns over time, we made a categorical variable indicating
each of the three main inferred parental relatedness categories (first cousins or closer, second cousins/first cousins once removed, or
unrelated), and regressed it on age, sex, and 20 PCs using a multinomial logistic regression with the nnet R package.”’

Phenotypic data harmonisation and preparation for G&H
The G&H EHR data consisted of SNOMED codes from primary care data for 34,712 of the participants (i.e. those registered with a GP
in inner London, outer London, and Bradford), ICD10 codes from secondary care data for 17,132 individuals (i.e. those who had at-
tended the Barts Health or Bradford University Hospitals NHS trusts), and ICD10 codes from national Hospital Episode Statistics
available on all participants. There were twelve participants with no ICD10 codes, and we removed these individuals from the ana-
lyses since it was possible that they had recently moved to the UK so may be missing any EHR data for that reason. After removal of
relatives, 23,978 individuals were retained. We translated SNOMED codes in primary care data to ICD10 codes using the Interactive
Map-Assisted Generation of ICD10 Codes algorithm (using only codes with strict 1:1 mapping, as also done by UK Biobank).””
Our methods were designed to closely resemble those used in UK Biobank. For each ICD10 code, we determined whether the
participant had any diagnostic codes equivalent to the ICD10 code, the date of the earliest diagnostic code, and the data sources
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which corroborated the presence of the ICD10 code. In total, we combined data from the following different sources: Barts Health
inpatient and outpatient care (native format ICD10, n=23,940 unique pseudoNHS numbers with >=1 code, clinical coding), Barts
Health inpatient and outpatient care (native format SNOMED description IDs, n=20,967 unique pseudoNHS numbers with >=1
code, directly coded by healthcare professionals), Bradford Teaching Hospitals inpatient and outpatient care (native format
ICD10, n=1,615 unique pseudoNHS numbers with >=1 code, clinical coding), Bradford Teaching Hospitals inpatient and outpatient
care (native format SNOMED description IDs, n=1,740 unique pseudoNHS numbers with >=1 code, directly coded by healthcare pro-
fessionals), primary care observations from the Discovery Clinical Commissioning Group (CCG) and Tower Hamlets (native format
SNOMED concept IDs, n=39,077 unique pseudoNHS numbers with >=1 code, coded directly by primary care professionals),
NHS Digital Hospital Episode Statistics (both Admitted Patient Care and Outpatient Care), and mortality records (native for-
mats ICD10).

First, we mapped SNOMED description IDs to SNOMED concept IDs for clinician-coded SNOMED codes pertaining to partici-
pants who had healthcare encounters at Bradford Teaching Hospitals or Barts Health. The SNOMED mapping file was downloaded
from the NHS Digital website on 12/05/22. We used SNOMED build SNOMEDCT2_32.12.0_20220413000001 - the 20th April
2022 minor release (fileset uk_sct2cl_32.12.0_20220413000001Z.zip). This folder contains four separate link files referring to the in-
ternational SNOMED edition and three distinct UK-specific editions. These files contain mapping for SNOMED descriptionIDs to
SNOMED conceptlDs. We collated them into a single mapping reference. All description IDs map onto a single conceptlD. This rela-
tionship is many-to-one: each descriptionID maps to a single conceptlD, but each conceptID can be referred to by several descrip-
tionIDs (the median is three). In total we used a mapping reference consisting of 1,746,657 unigue SNOMED description IDs mapping
to 578,387 unique SNOMED concept IDs.

For the Barts Health data, we obtained three separate datasets containing records of ‘Diagnoses’, ‘Problems’, and ‘Procedures’
respectively. These files were merged with the mapping files based on the description ID. We excluded codes with a missing
SNOMED description ID. Overall we were able to successfully map a high proportion of SNOMED description IDs to concept IDs:

- Diagnoses: 118191 out of 138235 records mapped (85.5%)
- Problems: 31006 out of 31084 records mapped (99.75%)
- Procedures: 3518 out of 3586 records mapped (98.1%)

The most common unmapped code was a code for ‘Venous Thromboembolism Risk Assessment’ (n=13,887 codes), an admin-
istrative code of no diagnostic relevance, referring to a standard thromboembolism risk checklist completed on patient admission
within Barts Health. Exclusion of this code improved the mapping for the diagnoses dataset from 85.5% to 95.2%. We performed
identical mapping for Bradford Teaching Hospitals ‘Diagnoses’ and ‘Problems’ data with a similar successful mapping percentage.

Next, we mapped these codes to ICD10 using the most recent SNOMED maps from NHS digital (SnomedCT_
InternationalRF2_PRODUCTION_20210131T120000Z and SnomedCT_UKClIinicalRF2_PRODUCTION_20220413T000001Z). We
combined the UK and the international map. We restricted this map to SNOMED concept IDs which mapped to a single 3-digit
ICD10 code (i.e. a 1-to-1 relationship), resulting in 119,459 individual SNOMED concept IDs. We combined the derived
SNOMED concept IDs from step 1 with ‘directly coded’ ICD10 data for each participant in Barts Health and Bradford data sepa-
rately. 4-digit ICD10 codes were truncated to the first three characters. We then processed data from two primary care networks:
the Discovery Clinical Commissioning Group (CCG) network and Tower Hamlets. These data were provided as SNOMED concept
IDs and were mapped to ICD10 codes using the same 1:1 mapping approach as for primary care data. Overall between 3% and 8%
of all primary care codes were successfully mapped to ICD10 codes, reflecting the large number of administrative and measurement
codes recorded in primary care, e.g. ‘text message sent to patient’, ‘blood pressure recording’, and ‘body mass index’.

We then combined 3-digit ICD10 codes derived from these sources (primary care, Barts Health, Bradford Teaching Hospitals) with
data exports from NHS Digital (mortality records, HES outpatients and HES APC). Mortality records were searched for underlying
cause of death (provided in ICD10 3-digit format). HES-APC codes were used to extract all diagnostic codes recorded during an
admission (provided in ICD10 format). We used the admission date as the date of the report. HES-OP data were used to extract
all diagnostic codes recorded in relation to the appointment, also provided in ICD10 format. The appointment date was used as
the date of report. All ICD10 codes were truncated to 3-digit codes. We excluded ICD10 codes describing generic symptoms rather
than disease entities (codes beginning R-Z). For each ICD10 code and each participant, we determined the presence/absence of the
ICD10 code (in any health records), the data sources supporting the presence of the code, and the earliest recorded code. When
determining the earliest reported code we excluded codes which encode ‘special dates’ in electronic healthcare records (place-
holders for missing data) - 1/1/1860, 30/12/1899, 31/12/1899, and 1/1/1900. Similarly to UKB, we derived the ‘source of first report’
field by taking the earliest reported source for the ICD code and specifying whether other data sources supported the code. e.g. if an
individual has a diagnostic code for G35 in primary care records and Barts Health data, with the first primary care code being re-
corded earlier, their ‘source of first report of G35’ value would be ‘Primary care and other sources’. For simplicity, we grouped
data sources into ‘secondary care’, ‘primary care’, and ‘mortality’.

Overall, we successfully mapped data for 46,279 unique NHS numbers, 1,926 unique 3-digit ICD10 codes, and 2,976,436 individ-
ual diagnoses.
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Since we suspected that coding practices might be different in different areas, and since missing EHR data could otherwise affect
our results, in the analyses described below we included indicator variables to account for:

- Whether a G&H individual had primary care data from an inner London borough, outer London borough, and/or Bradford (3 bi-
nary variables)

- Whether a G&H individual had at least one secondary care code from Barts Health or Bradford University Hospitals NHS trust
(2 binary variables)

Phenotype preparation for UK Biobank
To define disease phenotypes in UKB (Figure 4; Tables S3 and S4), we used the “first-occurence’ ICD10 codes (field 1712). The UKB
phenotypes used in Figure 3 and Tables S1 and S2 were as follows:

o Religiosity (field 100328) indicates whether an individual reported attending a religious group at least once a week.

® Townsend deprivation index (field 189) was used as a proxy for socioeconomic status.

o Educational attainment (field 6138) was binarised into ‘having attended university’ or not when used as an outcome phenotype
(for easy of comparison with the other phenotypes in Figure 3), but when used as a covariate (right hand side of Figure 3), we
converted it to ‘years in education’ as done previously.”®

‘Ever drinking alcohol’ was obtained from field 1558.

‘Ever smoked’ was obtained from field 20160.

‘Exercise’, quantified as the number of days/week of moderate physical activity for 10+ minutes, was obtained from field 884.
BMI and height were obtained from fields 21001 and 50, respectively.

Dietary PCs were calculated as done in Cole et al.”* separately in UKB EUR and UKB SAS. We conducted PCA on food pref-
erences from the food frequency questionnaire using fields 20117, 1618, 6144, 1418, 1428, 1448, 1508, 1289, 1299, 1309,
1319, 1438, 1458, 1488, 1498, 1528, 1578, 1329, 1339, 1349, 1359, 1369, 1379, 1389, 1408, 1478, 1518, 1558, 1618, and
1418. Categorical questions were dummy coded, resulting in 85 variables. We used prcomp in R to run PCA on those variables
and extract the first 5 PCs.

Regression analyses in G&H and UK Biobank

We considered two subsets of individuals in each cohort (G&H, UKB and UKB SAS) to identify associations between Frop and phe-
notypes: the full cohort, including all individuals, and the highly consanguineous cohort, consisting of individuals inferred to be
offspring of first cousin or avuncular unions. (In practice, the vast majority of these were inferred to be offspring of first cousins).
We used logistic regression in base R for binary variables.

For G&H, as covariates in the regression we included Fron, Sex, age, age?, age*sex, genetic PCs 1-20, (has primary care code from
outer London primary care data), (has primary care code from inner London primary care data), (has primary care code from Brad-
ford), (has secondary care code from Barts Health), and (has secondary care code from Bradford University Hospitals NHS Trust).

In UKB, slightly different covariates were used, including Frop, Sex, age, age?, age*sex, genetic PCs 1-20, array (UKB field 22000),
batch (UKB field 22000), recruitment centre (UKB field 54), and whether primary care data were available (UKB field 42040).

For the meta-analysis of disease phenotypes, we used inverse variance-weighted fixed effect meta-analysis of estimates obtained
from regressions in the UKB EUR and UKB SAS cohorts and in G&H.

For the log(OR) estimates by residualised Fron quintiles (Figure S2), we regressed Fron on the other covariates and binned Fron
values by quintiles. The quintiles were defined in the G&H highly consanguineous cohort, as the Froy distribution in this group was
very similar to that seen in the highly consanguineous individuals from UKB. We then regressed a given trait on the binned residual-
ised Fron quintiles and meta-analysed the effect size across the three cohorts. For a linear regression of the log(OR), we used an
inverse variance-weighted linear regression using SE estimates for each log(OR) estimate. We followed the same procedure in
the full cohort (Figure S2B), but instead used the following bins for residualised Frop: [0, 0.0001), [0.001, 0.002), [0.002, 0.003),
[0.003, 0.004), [0.004, 0.005), [0.005, 0.006), [0.006, 0.007), [0.01, 0.02), [0.02, 0.03), [0.03, 0.18), [0.18, 1). The [0.03, 0.18) bin contains
>95% of individuals in the highly consanguineous cohorts.

We also conducted a sensitivity analysis in which we stratified each highly consanguineous cohort into three groups: individuals
inferred to have 1, 2, or 3 generations of first cousin parental relatedness. We used the same covariates as before, and, within each
cohort (UKB EUR, UKB SAS and G&H), conducted a variance-weighted fixed effect meta-analysis to derive a PR-stratified effect size
estimate for each cohort. We then meta-analysed these values across the three cohorts.

Analyses to assess power to detect associations with confounders in UKB

We used G*Power”® to calculate power to detect a significant effect size of Fron 0on a given putative confounder in a logistic regres-
sion in the highly consanguineous cohorts, assuming the effect size estimates observed in the full cohorts (Figure 3). For each trait, we
used the OR estimated in the full cohort analyses, the frequency of the binary phenotype in the highly consanguineous cohort, the
sample size for a given highly consanguineous cohort (UKB EUR or UKB SAS), and a p-value threshold of 0.05. We assumed that
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Fron followed a log-normal distribution for with mean -2.5 and standard deviation of 0.5, with Frony values restricted to be between
0.02-0.18 (which approximates the empirical distribution of Frop for individuals with first cousin parents; Figure 2B).

To analyse the variance in Fron explained by confounders, we first residualised Frop using following linear model in each cohort
(UKB EUR or UKB SAS) independently:

Fron ~ sex + age + age® + age*sex + genetic_PCs1-20 + UKB_array + UKB_batch
We then assessed the variance explained (R? and adjusted-R?) and model fit of the following regression:

residualised_Fron ~ EduYears + ever_smoked + ever_alcohol + SES + religiosity + BMI + exercise + dietary_PC1 + dietary_PC2 +
dietary_PCS3 + dietary_PC4 + dietary_PC5

(EduYears: number of years in education; ever_smoked: ever smoked tobacco; ever_alcohol: ever drunk alcohol; SES: socioeco-

nomic status as measured by Townsend Deprivation Index; religiosity: reported attending a religious group at least once a week;
exercise: number of days/week of moderate physical activity for 10+ minutes; dietary_PC: principal component from a PCA of
diet variables, described above under “Phenotype preparation for UK Biobank”)

We used G*Power®® to calculate power to detect a significant model fit at p<0.05 or p<0.1 in a linear regression in the highly
consanguineous cohorts, assuming that the predictors have the same R? as that observed in the full cohorts, or half of this R2.

Analysis of Saudi Arabian dataset

We replicated the Fron-T2D association in an independent cohort of 5,668 Saudi Arabian individuals that has been previously
described.®® Phenotype data were extracted from medical records. Exclusion of relatives, PCA, ROH calling, and consanguinity
inference were conducted in the same way as described above for the cohorts, resulting in 4,427 unrelated individuals, with
1,476 (33%) inferred to be offspring of first cousin/avuncular unions and Fron < 0.18. We conducted logistic regression, regressing
T2D status on Frop, genetic PCs 1-20, age, age?, sex, sex*age in the full and highly consanguineous cohorts.

Within-sibling analysis in 23andMe

23andMe participants provided informed consent and volunteered to participate in the research online, under a protocol approved by
the external AAHRPP-accredited IRB, Ethical & Independent (E&I) Review Services. As of 2022, E&I Review Services is part of Salus
IRB (https://www.versiticlinicaltrials.org/salusirb).

We conducted a within-sibling regression analysis using individuals inferred to be full biological siblings in the 23andMe cohort,
including individuals regardless of genetic ancestry since this within-family analysis is immune to population stratification. We
considered 7,363,319 23andMe customers who had consented to research and had reported age, sex and at least one of the phe-
notypes of interest. Sibling groups were identified as cliques sharing 2249cM < IBD1 < 3373cM and 375¢cM < IBD2 < 2249¢cM.”° We
then performed relatedness pruning to avoid (for example) two generations of a pedigree being analysed as independent sibling
groups. For each phenotype, only cliques containing at least two individuals with non-missing data were considered, we then greedily
removed cliques with the highest number of related cliques until no clique interconnections were remaining. Two cliques were
considered connected if at least one pair across the cliques shared IBD1 > 700cM. This resulted in between 20,713 and 262,433
sibling cliques containing 42,218 to 545,806 individuals depending on phenotype. ROHs were called and Fron Was determined in
the same way as described above for G&H and UKB.

As 23andMe does not have electronic health records, we used self-reported phenotypes as proxies to replicate our significant
findings from the meta-analysis of G&H and UKB. The results and lists of equivalent phenotypes are shown in Table S5.
Using the bife R package®® to fit a fixed effect logistic regression model, we regressed the binary disease phenotype of interest
on Fron, adjusting for age, age?, sex, and sex*age and family membership as a fixed effect (i.e. family-specific intercept).
For quantitative phenotypes, we regressed the phenotype on the same covariates and family membership fixed effect using
the pIm R package.®® The analysis was conducted separately for three different genotyping chips, and the results meta-
analysed.

To conduct a power calculation for each disease tested, we considered the number of discordant sibling pairs in 23andMe. At the
time of completing this power calculation, we were not able to directly access the distribution of cases and controls across cliques, so
we used a slightly conservative approach to appropriate sample sizes for power calculations across phenotypes. To derive an es-
timate of number sibling pairs to simulate, we sought to identify the number of unique intra-clique case-control pairs that were in the
within-sibling analysis per phenotype. We first calculated the average clique size per phenotype, which was 2.03-2.08. We then
calculated the number of cliques with n=2 siblings, which we call N,: N, = round((average clique size - 1) * # cases in discordant
cliques)

Np = round((average clique size - 1) * # cases in discordant cliques)

We subsequently used this assumed number of sibling pairs in the simulation below. Intuitively, this approach accounts for the fact

that in a clique with n=2, only one case-control comparison can be made, while in cliques with n=3, two unique case-control
pairs exist.
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We then simulated a dataset in the following way:

1. We first randomly chose an Frop value for the index sibling in a clique, which we call Fron sip1, Sampling this from the Fgop
distribution of the UKB EUR full cohort (since most 23andMe participants have majority genetically-inferred European
ancestries).

2. We then simulated the Fgop value for their sibling from a normal distribution with mean = Frop sib1 and standard deviation =
0.002, the average within-sibling standard deviation of Fron values.

3. Using the Frop values, we simulated a binary phenotype with an odds ratio and prevalence equivalent to that estimated in the
highly consanguineous cohorts from G&H+UKB.

4. We randomly selected Ny, simulated sibling pairs that were discordant for case status, and fitted a fixed effect logistic regres-
sion model using the bife package (as described above) by regressing the phenotype on Fron With a family membership as a
fixed effect.

5. We conducted 1,000 simulations for each disease, and calculated the power to detect an Fron association at a Bonferroni
adjusted p-value (p<0.05/7).

To calculate the power to replicate at least one association, we used the following formula:

n

1) (1 — power(p;))

i=1

where power (p;) is the statistical power for phenotype p;.
To calculate the power to replicate at least two associations, we used the formula:

n

n
1 - JJ( = power(p)) — > power(p)[[(1 - power (o;))
i=1 i=1 J#i
To conduct a power calculation for height, we considered the number of sibling cliques, N, and simulated a dataset in the
following way:

1. We first randomly chose an Fron value for the index sibling in a clique, as described above in the simulation of disease
phenotypes.

2. We then simulated the Fron value for their sibling, as described above in the simulation of disease phenotypes.

3. Using the Fron values, we simulated a quantitative phenotype with effect size equivalent to that estimated in the highly consan-
guineous cohorts from G&H+UKB and normally distributed random error with mean 0 and standard deviation 9.4 (root of the
variance of height minus the variance explained by Frop)-

4. We randomly selected N, simulated sibling cliques, and fitted a linear mixed model model using the p/m package (as described
above) by regressing the simulated phenotype on Froy with a family membership as a fixed effect.

We conducted 1,000 simulations, and calculated the power to detect an Froy association at p = 0.05.

Calculating population attributable risk
To calculate population attributable risk for risk factor r (in our case, consanguinity) in population / as a percentage, we used the
following formula:

P, x(RR, — 1)
PAR,; = 100 X ————"—
i P, x (RR, — 1)+1
where P, is the prevalence of the risk factor r in population / and RR; is the risk ratio of the risk factor for the disease.
To convert the OR to RR, we used the following formula:

OR,

AR = 3= Pg+Pg; X OR,

where Py, is the prevalence of the disease in unexposed individuals (i.e. individuals with unrelated parents) and OR; is the odds ratio
for a given level of autozygosity of a given disorder. As it is not possible at present to derive robust estimates of disease prevalence
excluding individuals with related parents, we varied the disease prevalence from 5% to 15% for both diseases. In practice we found
that this made little difference to our estimates (Figure 5). Since the calculation of PAR requires discrete risk factors, we discretized
Fron into the values corresponding to the expectation for offspring of first cousins (Fron = 0.0625) and offspring of second cousins
(Fron = 0.01562). We took the prevalence of these classes of consanguinity (Pr,) from the estimates shown in Figure 1 for UKB EUR,
G&H British Pakistanis and G&H British Bangladeshis separately.
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Specifically, the PAR due to consanguinity for a given population, /, is given by:

P2y X (RRoo1se — 1) 4 P1; X (RRoos2s — 1) )
P5; X (RRoo1ss — 1)+1 Py X (RRoges — 1)+1

PAR, = 100><(

Where RRF is the risk ratio for having Fron = F, P2, is the fraction of population / inferred to have parents who are second cousins/
first cousins once removed, and P4, the fraction inferred to have parents who are first cousins.

To calculate PAR for T2D attributable to a PRS, we used the OR estimates for a PRS developed in Mars et al.*® using the GWAS in
Scott et al.,”® which they showed to have roughly equivalent degrees of predictive power in individuals with majority recent European
versus South Asian ancestries. We used the same procedure as above, but calculated a risk ratio for individuals in twenty bins ranging
from the top 1% to the top 20% of the PRS distribution, then calculated the cumulative sum of the PAR attributable to each 1% incre-
ment (Figure S4E).

Simulation of binary traits with strictly additive genetic architectures
We simulated the architecture of an additive binary trait by first assigning an effect size 8 drawn from N(0,1) for 1,000 independent
causal loci. (We note that varying the parameter for the number of causal loci has no effect on our conclusions, as the genetic liability
distribution for polygenic traits is normally distributed.) The allele frequency for each locus in the population was calculated by first
calculating 1/ for each SNP and then linearly scaling the values to be between 0 and 0.5, to approximate model assumptions used in
Schoech et al.”” (However, we note that the MAF-effect size relationship does not impact results as the additive variance and Fron
relationship is not affected.) We then simulated 6,000 individuals (slightly more than the number of individuals in the combined highly
consanguineous cohorts) to have Fron values either uniformly drawn from 0 to 1 or from the Fron distribution of the G&H highly
consanguineous cohort (as shown in Figure 2B). For each individual, a random subset of round(1,000*Fron) SNPs were assigned
to be autozygous. We then simulated genotypes for each individual with the genotype in non-autozygous segments drawn from
Binomial(2,p) and from autozygous segments from 2*Binomial(1,p) where p is the frequency of the effect allele at the locus. Genetic
risk was then calculated by multiplying each individual’s genotypes with their corresponding effect sizes, summing them up, and then
normalising the values across the cohort.

We then simulated a binary phenotype by drawing random values from Binomial(1,p04) where py is the probability an individual has
the disease given their genetic risk score G, calculated as follows:

L(G|N(d,1))
(G[N(O0,1))+L(G[N(d,1))

Pr(disease) = I

where L(G | D) is the probability density of genetic risk score G with respect to a distribution D and d is the mean shift in the dis-
tribution of genetic risk among cases, ranging from 0.5-1.5 in increments of 0.1. The heritability was calculated using Nagelkerke
pseudo-R? in a logistic regression of the phenotype on G. We then carried out a logistic regression of simulated phenotype on
Fron- We repeated this for 100 simulations, and then calculated power as the fraction of simulations in which the Fron effect size
was positive and its p-value was less than a given cutoff (p<0.05 or p<0.05/61).
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Figure S1. Stacked bar plots showing inferred parental relatedness by age bin in G&H, related to Figure 1
(A) British Bangladeshi individuals and (B) British Pakistani individuals. The inferred categories of parental relatedness include up to three generations of first
cousin marriages, first cousins once removed, second cousins or unrelated.



¢? CellPress

OPEN ACCESS

A

A09 - Infectious gastroenteritis
and colitis, unspecified

E11 - Type 2 diabetes mellitus

E78 - Disorders of lipoprotein
metabolism and other lipidaemias

Cell

F41 - Other anxiety disorders
beta=4.9 p=0.006

beta=1.3 p=0.054
1.5-
1.0- 1.0-
0.5~ o
0.0- 51
-0 5 L ' ' ) 00 L 1 1 '
0.00 0.05 0.10 0.00 0.05 0.10
HO4 - Disorders of H04* - Disorders of
lacrimal system lacrimal system
beta=5.4 p=0.238 beta=5.4 p=0.069
200~
2=
- T
r___;——i 0-
0- -100-
-1- -200-
' ' ' ' -300- ' ' '
-0.03  0.00 0.03 0.06 0.00 0.05 0.10
J34 - Other disorders of
nose and nasal sinuses b e‘:;fs' 95(:(;"381
beta=2.4 p=0.010 b
1.5-
1.0- 10-
0.5- 0.5-
0.0 0.0-
' ' ' -0.5- ' ' '
0.00 0.05 0.10

M75* - Shoulder lesions
beta=5.9 p=0.036

200- '[
100-
04
-100 -
-200-

-300- ' ' '

residualised F_,

beta=4.2 p=0.031 EERRCI D
15- 1.0-
1.0- 05-
.
000 005 010 000 005 0.0
F43 - Reaction to F43* - Reaction to
stress disorders stress disorders
beta=4.6 p=0.067 beta=4.6 p=0.006
i 200 -
08 100 - T
~ 04~ 0-
x -100-
O oo- -200-
\o’) ' ' ' ' -300 - ' ' '
le) -0.03  0.00 0.03 0.06 0.00 0.05 0.10
H61 - Other disorders J11 - Influenza,
of external ear virus not identified
beta=4.8 p=0.149 beta=3.6 p=0.041
20~
15- 1.0-
1.0-
05- 05-
0.0~ 0.0-
' ' ' ' ' '
0.00 0.05 0.10 0.00 0.05 0.10
L30 - Other dermatitis M75 - Shoulder lesions
beta=2.2 p=0.236 beta=5.9 p=0.172
1.5 2-
1.0- 3
o) et ———— 1
00- 07
000 005  0.10 003 000 003 006
A09 - Infectious gastroenteritis . o
and colitis, unspecified =i = ‘E)é;t):i(gab:eoteosog]elhtus
beta=3.4 p=0.007 2IP=t
53.50 -
53.00 - 83007
52.50 - 52.50- + ‘
1 ’ = ‘—“"l"""—_—’-
5200 § i A ¢ o (ST SR
0.00 0.01 0.02 0.05 0.14 0.00 0.01 0.02 0.05 0.14
F43 - Reaction to HO4 - Disorders of
stress disorders lacrimal system
beta=1.5 p=0.149 beta=-0. p=0.782
E 53.50 -
) . 53.00-
§ 53.00 - 22Ep
— 52,50~ sl 4
-1 | 52.00- = T |
52.00 - A +
' ' ' ' ' 51.50- ' ' ' ' '
0.00 0.01 0.02 0.05 0.14 0.00 0.01 0.02 0.05 0.14
J34 - Other disorders of
nose and nasal sinuses b e‘::fo_ sAst:(r)nBaos
beta=2.7 p=0.021 2Pt
53.50 -
53.00 - 52.80- +
52.50 - 52.40-
’ - R | F
52.00 - ST 52.00 - o7 28

0.00 0.01 0.02 0.05 0.14

0.00 0.01 0.02 0.05 0.14

E78 - Disorders of lipoprotein
metabolism and other lipidaemias
beta=2.2 p=0.001

53.00 -
52.75-
52.50 -
52.25 | ‘
® 1
0.00 0.01 0.02 0.05 0.14
H61 - Other disorders
of external ear
beta=3.4 p=0.000
53.00 -
52.50 - é
52.00- MR
0.00 0.01 0.02 0.05 0.14
L30 - Other dermatitis
beta=1.9 p=0.066
53.10-
52.80 -
52.50 -
52.20- ) b
51.90 - +

0.00 0.01 0.02 0.05 0.14

residualised F_,

F41 - Other anxiety disorders
beta=2.4 p=0.013

53.20 -
52.80 -
52.40- *
—t—t—
52.00- )
0.00 0.01 0.02 0.05 0.14
J11 - Influenza,
virus not identified
beta=3.5 p=0.107
80.00 -
70.00-
60.00 -
50.00-
0.00 0.01 0.02 005 0.14
M75 - Shoulder lesions
beta=0.8 p=0.358
53.00-
52.50 -
Ak
*
52.00- ¢

0.00 0.01 0.02 0.05 0.14

(legend on next page)



Cell ¢ CelPress

OPEN ACCESS

Figure S2. Log(OR) increase in disease risk across residualized Froy bins, related to Figure 4 and Table S3

Log(OR) increase in disease risk across residualized Frop bins by quintiles in the meta-analysis of the (A) highly consanguineous cohorts and (B) full cohorts. Note
that in (B), the second-to-rightmost point (green) includes >95% of the individuals who were included in the highly consanguineous analysis, and the rightmost
point (light blue) represents individuals with Fron > 0.18 who were excluded from it. The log(OR) is expressed with respect to the lowest quintile of residualized
Fron values. Error bars reflect standard error (SE), and lines reflect a linear regression of log(OR) on residualized Frop values, with shading representing the SE of
the slope. For some traits in (A), the log(OR) SEs were >200 for the last quintile. For these traits, we plotted them twice, once excluding the last quintile estimate
and once including the estimate, designated with a * following the three-letter-code. Effect sizes (beta) and p values are from an inverse-variance-weighted linear
regression of the log(OR) on the residualized Fron quintiles.
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Figure S3. Assessing robustness of Fron-phenotype associations in the highly consanguineous cohorts, related to Figure 4 and Table S3
(A) Quantile-quantile plot of p values from a Cochran’s Q test for heterogeneity for all 61 diseases tested across G&H, UKB EUR, and UKB SAS, using the full
cohorts (blue) and the highly consanguineous cohorts (red). The black line is y = x.

(B) Comparing the effect size estimates for the highly consanguineous analysis (main analysis; red) to those from an analysis in which we ran regressions
separately on individuals descended from one, two, or three generations of first cousin marriage, meta-analyzed these results per cohort, and then conducted a
cross-cohort meta-analysis (PR-stratified meta-analysis; teal).
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Figure S4. Percent population-attributable risk for T2D or asthma due to parental relatedness or T2D polygenic score, related to Figure 5

Percent population-attributable risk (PAR) for varying degrees of prevalence of parental relatedness for (A) and (B) T2D, and (C) and (D) asthma, and (E) for T2D for
varying fractions of individuals in the top percentiles for T2D polygenic risk score (PRS). (A) and (C) show PAR owed to first cousin PR, and (B) and (D) for second
cousin parental relatedness. Dotted lines indicate the population prevalence estimates for the indicated class of consanguinity in UKB EUR (yellow), G&H British
Bangladeshis (orange), and G&H British Pakistanis (red). The prevalence of the disease among nonconsanguineous individuals was used to calculate the PAR for
each disease using 5% and 15% prevalence, shown in purple and green, respectively. Shaded areas indicate 95% CI for the estimated PAR.
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Figure S5. Associations between Fgron and binary phenotypes under an additive architecture, related to Figure 4 and Table S3
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(A) Demonstration of how a correlation between Froy and disease status can arise in a trait with solely additive genetic architecture. Here, we simulate additive
genetic liability and Frop values for 100,000 individuals. The variance of additive genetic liability toward a trait increases with increasing Frop. If we imagine that
individuals with a genetic liability >2.5 (as shown by the red line) will be disease cases, more individuals will pass the threshold at higher values of Fron due to the

increased variance in genetic liability. Thus, Fron could correlate with disease case status when the trait has a purely additive genetic architecture.

(B and C) Power to detect significant associations between Frop and a binary trait with a purely additive genetic architecture and varying heritability. (B) with Fron
values drawn from a lognormal distribution with variance of 0.5 and mean —2.5 and values restricted to be between 0.02 and 0.18 (i.e., mimicking the observed
distribution in Figure 2B) and (C) shows the power to detect associations with Fron values drawn uniformly from 0 to 1. Red is the power for p < 0.05 and blue for
p < 0.05/61. Power was determined with 100 simulations.
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