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Supplementary Note

1. Cohort description and phenotype definition

1.1 Sample cohorts

UK Biobank:

The UK Biobank (UKB) study is designed to curate genotype and phenotype information for
~500,000 adult participants in the UK!. All participants provided written informed consent
(the UKB received ethical approval from the National Research Ethics Service Committee
North West-Haydock), and all study procedures were in accordance with the World Medical
Association for medical research. The current study was carried out using the UK Biobank
resource under application number 16406. We used genotype data released in May 2018 by
UK Biobank (UKB) in which genotyping was completed in 489,212 individuals, and 488,377
individuals passed genotype quality controls performed centrally by UKB. These genotypes
were imputed based on the Haplotype Reference Consortium (HRC) reference panel® and a
combined reference panel of UK10K? and 1000 Genome projects Phase 3 (1000G)* panels.
The imputed genotypes were available for 487,422 individuals. Imputed variants with INFO
score >0.9 were converted to hard-calls at a certainty threshold of >0.9. Although UKB
provides self-reported ancestry for each participant, we determined European ancestry by
projecting 1000G genetic principal components on the UKB genotypes and assigned ancestry
based on the closest Mahalanobis distance from the 1000G population average (see ref® for
more details). This resulted in 460,527 individuals assigned to the European population, of

whom 387,614 unrelated individuals were included in the current analyses.

23andMe:

23andMe Inc. is a personal genetics company. Customers of 23andMe have the option to
consent to participate in research and answer survey questions on-line about a wide variety of
phenotypes. We obtained insomnia GWAS summary statistics from 23andMe Inc. research
participants who are of European ancestry. All participants included in the study provided
informed consent, and the research study and data collection procedures were approved by an
AAHRPP-accredited private institutional review board, Ethical and Independent Review
Service.

DNA was extracted from saliva samples and each sample was genotyped by either by
[llumina HumanHap550+ BeadChip (~560k SNPs), Illumina OmniExpress+ BeadChip (~950
SNPs), Infinium Global Screening Array (~640 SNPs) or fully customized array containing



~560k SNPs. Samples that failed to reach 98.5% call rate were re-analyzed. Individuals
whose analyses failed repeatedly were re-contacted by 23andMe to provide additional
samples. Genotypes were phased by Finch (23andMe’s inhouse tool modified from Beagle®)
or Eagle2° (for samples genotyped by the custom array). Subsequently, genotypes were
imputed against a combined panel of 1000G* and UK10K?* merged by Minimac3’.

Ancestry of individuals was determined by Ancestry Composition®. The reference population
data was derived from public datasets (the Human Genome Diversity Project’, HapMap'® and
1000G*) and 23andMe customers who have reported having four grandparents from the same
country.

A maximal set of unrelated European individuals was used for each association analyses,
resulted in 1,038,003, 1,200,179 and 1,978,022 for male-only, female-only and sex-combined
GWAS, respectively.

1.2 Phenotype assessment

UK Biobank:

Participants were asked the question ‘Do you have trouble falling asleep at night or do you
wake up in the middle of the night?’ (Data-Field 1200) and answers were selected from the
following 4 options; ‘never/rarely’, ‘sometimes’, ‘usually’ and ‘prefer not to answer’ on a
touchscreen. If the participant opened the ‘help’, the message ‘If this varies a lot, answer this
question in relation to the last 4 weeks.” was displayed. There were 3 assessments available
for insomnia (f.1200.0.0 - £.1200.0.2). For subjects with a missing value in the first
assessment (f.1200.0.0), the second assessment (f.1200.0.1) was used if that contained a non-
missing value. Subsequently, for subjects with NA in both first and second assessments, the
third assessment (f.1200.0.2) was used, again only if there was a non-missing value. Note that
for subjects with non-missing values in multiple assessments, only the first assessment was
used. We excluded individuals who answered ‘prefer not to answer’ resulting in a total of
386,988 subjects. We then dichotomized the phenotype where subjects who answered
‘usually’ were considered as cases, otherwise they were considered controls, following

previous strategy®.

23andMe:
Participants were asked to answer one or more questions related to seven sleep-related traits.
Participants with positive response to any of the following questions were considered as

cases: 1) ‘Have you ever been diagnosed with, or treated for, insomnia?’, 2) ‘Were you



diagnosed with insomnia?’, 3) ‘Have you ever been diagnosed by a doctor with any of the
following neurological conditions?’ (Sleep disturbance), 4) ‘Do you routinely have trouble
getting to sleep at night?’, 5) “What sleep disorders have you been diagnosed with? Please
select all that apply.” (Insomnia, trouble falling or staying asleep), 6) ‘Have you ever taken
these medications?’ (Prescription sleep aids) and 7) ‘In the last 2 years, have you taken any of
these medications?’ (Prescription sleep aids). Participants who did not provide either positive
or uncertain answer (‘I don’t know’ or ‘I am not sure’) in any of the 7 questions nor the
followings are considered as controls: 1) ‘Have you ever been diagnosed with, or treated for,
any of the following conditions?’ (Insomnia; Narcolepsy; Sleep apnea; Restless leg
syndrome), 2) ‘In the past 12 months, have you been newly diagnosed with any of the
following conditions by a medical professional?’ (Insomnia; Sleep apnea; Migraines), 3)
‘Have you ever been diagnosed with or treated for any of the following conditions?’ (Post-
traumatic stress disorder; Autism; Asperger’s; Sleep disorder), 4) ‘Have you ever been
diagnosed with or treated for a sleep disorder?’, and 5) ‘Have you ever been diagnosed with
or treated for any of the following conditions?’ (A sleep disorder). A detailed flowchart of the

case/control decisions is provided in the previous study®.

2. GWAS results for UKB and 23andMe GWAS

We first performed GWAS in UKB (n=386,988) and 23andMe (n=1,978,022) separately. The
GWAS on the UKB cohort identified 14 independent risk loci, the SNP heritability (4°syp)
was 8.23% (SE=0.36%), with a 4;000=1.00, an intercept of 1.02 (SE=0.0086) and a ratio (LD
score intercept-1 divided by mean »°-1) of 0.043 estimated with LD score regression
(LDSC)!! (Method). The 23andMe cohort GWAS identified 477 independent risk loci, with
an h’syp of 8.15% (SE=0.0021), a 4100s=1.00, an intercept of 1.15 (SE=0.016) and a ratio of
0.084 (SE=0.009). h’snp estimates agree well between the two cohorts, and both indicate as
much as 95.7% and 91.6% of the observed inflation could be ascribed to true polygenicity
and large sample size, respectively. The genetic correlation the GWAS in UKB and 23andMe
was 0.66 (SE=0.0179, p=2.7x1072°?). This is relatively low, as was also noted in the previous
GWAS for insomnia'?. This between-cohort discrepancy may be due to the lower accuracy of
the 23andMe insomnia phenotype as compared the UKB insomnia phenotype, which was
also shown when both their measures were benchmarked to the same independent cohort
(using the Netherlands Sleep Registry (N=1,918): where we previously showed sensitivity
98% and 84%, and specificity 96% and 80%, for the items used in UKB and 23andMe,



respectively!>!?). These results suggest that the items used in both cohorts are good predictors
of insomnia, although what they ascertain is slightly different phenotypically. In addition,
insomnia is a heterogeneous trait and might consist of multiple subdomains of symptoms. In
the meta-analysis, associations that are similar across the two cohorts will be amplified, while
dissimilar results are less likely to show significant association, supported by both cohorts, in
the meta-analysis. There, the relatively low genetic correlation is expected to decrease our

statistical power, yet the large sample size partly counterbalances this.

3. UKB GWAS with related individuals

All analyses reported in the main text that concern the UKB sample are based on the UKB
sample including only unrelated individuals. However, we also ran the same analyses
including related individuals and efficiently correcting for relatedness using REGENIE!'4. We
here provide the (slight) differences in results across these two analyses (with and without
including related individuals for UKB sample).

By including related UKB EUR individuals, there are 131,177 cases and 328,590 controls in
total, increasing 21,629 cases and 51,150 controls from the main UKB GWAS analysis with
unrelated EUR individuals. Phenotype was defined same as described above, and the same
sets of covariates (age, sex, genotyping array and the first 10 ancestry principal components)
were used. We performed two-step REGENIE analysis with the following parameters. For
step 1, we used a pruned dataset containing 142,007 variants (+°<0.1 and MAF>0.01), with
the block size of 100 and leave one chromosome out validation'#. The step 2 was performed
for 12,856,090 variants with minimum minor allele count of 100, with the default parameters.
We identified 23 independent risk loci (Methods), 14 of them were significant in UKB
GWAS without related EUR individuals (Supplementary Table 2). Of 9 loci that were only
identified in UKB GWAS with related individuals, 2 loci showed significant signal in
23andMe GWAS and 4 loci (including those 2) showed significant signal in the meta-
analysis (with UKB unrelated EUR and 23andMe, Supplementary Table 2). We did not
observe an increase in genetic correlation between UKB GWAS and 23andMe GWAS (both
UKB GWAS with and without related EUR individuals showed 0.66).

Given the large sample size of 23andMe and a relatively small increase in the sample size of
UKB GWAS by including related individuals, this should not substantially affect the
conclusions derived by the meta-analysis of UKB GWAS without related individuals and
23andMe GWAS.



4. SNP heritability estimate of insomnia stratified by age and psychiatric condition

To evaluate whether there are different genetic effects of insomnia depending on age or
psychiatric condition, we performed a GWAS in the UKB cohort stratified by age groups and
depression status.

For age, we performed a GWAS by splitting the sample by a median age 58 years
(N=186,656 with age 59-73, and N=200,332 with age 38-58) and calculated the genetic
correlations between the two GWAS using LD Score regression'!. The genetic correlation
was 0.96 (p=1.4e-104), showing that there is only a small difference in the genetic factors
across age groups. The SNP heritability was 7.95% (SE=0.0056) in the first group (age > 58)
and 9.09% (SE=0.0062) in the second group (age <= 58), which indicates that insomnia in
the younger population is somewhat more explained by genetic factors compared to the older
population.

For depression status, we used 2 UKB phenotypes, “Frequency of depressed mood in last 2
weeks” (field ID 2050) and “Frequency of unenthusiasm / disinterest in last 2 weeks” (field
ID 2060) as previously done'3. Subjects answered “Do not know” or “Prefer not to answer”
in both questions were filtered out. We then defined subjects answered either “Several days”,
“More than half the days” or “Nearly every day” for at least one of the questions as having
depressive symptoms and remaining as not having depressive symptoms. This resulted in
102,783 and 260,549 subjects with and without depressive symptoms, respectively. We
performed the GWAS for each group separately and observed the genetic correlation of 1.02
(p=2.3e-44) and SNP heritability of 7.38% (SE=0.0081) and 7.67% (SE=0.0051) for with and
without depressive symptoms, respectively. This suggests that there is little to no difference
in insomnia genetic effects between groups with and without depressive symptoms in the

UKB cohort.

5. Estimation of polygenicity and discoverability of insomnia

To estimate the polygenicity and discoverability of insomnia, we used the causal mixture
model for GWAS summary statistics (univariate MiXeR) proposed by Holland et al.!>1¢
(https://github.com/precimed/mixer). In this model, the distribution of SNP effect sizes is

treated as a mixture of two gaussian distributions for causal and non-causal SNPs as the
following!®:

B = nN(0,05) + (1 — m)N(0,0)



where 7 is the proportion of (independent) causal SNPs and o4’ is the variance of the effect
sizes of causal SNPs. Therefore, 7 and o4’ respectively represent polygenicity and
discoverability of the trait. As recommended in the original study, we used 1000 Genome
Phase 3 European subjects as a reference panel and restricted to HapMap 3 SNPs. SNPs with
chi-square statistics >80 and the MHC region (chr6:26Mb-34Mb) were excluded.

We observed a total SNP heritability of 4.3% of which 17.4% (SE=8.29e-4) is explained by
genome-wide significant SNPs.

MiXeR estimated polygenicity of 7=4.85e-3 and discoverability of 65°=4.34¢-6. By
comparing the polygenicity with previously reported traits'’, insomnia is the 374 most
polygenic trait following major depressive disorders (7=5.75¢e-4, 65°=6.02¢-6) and
educational attainment (7=4.89¢-4, o5°=1.21e-5).

To estimate the sample size required to explain 90% of the 4#2syp, we used the output of
GWAS power estimates calculated in the MiXeR software, which contains 51 data points of
sample size and the proportion of SNP heritability explained. By using the interpl function
from the pracma package in R, we estimated that ~57 million are needed to explain 90% of

the A2snp with GWS SNPs.

6. Polygenic score prediction

The semi-out of sample polygenic score (PGS) prediction was computed for three randomly
selected 10,000 UKB target hold-out samples (Methods), which explained 2.46% of the
phenotypic variance at most (Extended Data Fig. 1 and Supplementary Table 3). This is
slightly lower than previously reported (2.60%)!2. To evaluate the predictive power of the
discovery GWAS, we performed the same analyses with insomnia meta-analysis of the UKB
GWAS of the training set and the previous 23andMe GWAS!? (total ~1.3 million samples).
We observed a higher predictive power with the larger discovery dataset for 2 out of 3 target
sets. We also obtained 3 sets of 3,000 target sets used in the previous study, which showed
generally increasing predictive power with the increasing sample size of the discovery
GWAS. These results show that, even though the current sample may include more
heterogeneity as indicated by a relatively decreased genetic correlation between the UKB and
23andMe GWAS (0.66) compared to the previous study (0.69), the current larger sample
does provide slightly increased predictive power compared to Jansen et al. when using the
same target sample. We note that we did not replicate 2.60% with the previous discovery

GWAS and the target samples because the UKB GWAS was re-performed with newer



release of genotype datasets. In addition, we report R? adjusted for ascertainment with a
population prevalence 0.3 which is recommended by Choi et al.'® while it was not corrected
in the previous study.

We further performed PGS prediction for an independent cohort consisting of 45,355
insomnia cases and 138,589 controls (the Million Veteran Program (MVP). To evaluate the
predictive power of the insomnia GWAS meta-analysis, we computed PGS for an
independent cohort, the Million Veteran Program (MVP)!°. The MVP is a research program
funded by the US Department of Veterans Affairs to learn how genes, lifestyle, and military
exposures affect health and illness®!. In the MVP cohort, insomnia cases were defined as
individuals answering “Yes” to any of the following three questions : ”Trouble falling asleep
when you first go to bed”, “Waking up during the night and not easily going back to sleep, or
“Waking up in the morning earlier than planned or desired”. To be defined as a case,
individuals also had to respond “Yes” to the following: “Feeling unsatisfied or not rested by
your night’s sleep”. Controls were defined as not responding “Yes” to any of the first three
questions and responding “No’ to the final question. This resulted in 45,355 cases and
138,589 controls. We then computed PGS using PRSice in the same way as described above,
except the summary statistics of the full meta-analysis were used as a training set this time.
Using the full meta-analysis results to compute PGS, at most 0.66% of the phenotypic
variance was explained at (Supplementary Table 3).

Although the sample prevalence of the MVP cohort (24.7%) is somewhat close to the UKB
and 23andMe combined samples (25.1%), the predictive power for the MVP cohort based on
UKB and 23andMe meta-analysis was considerably lower than the subset of UKB samples
based on remaining UKB and 23andMe meta-analysis. The higher prediction power of the
latter analysis is likely because the training samples are from a relatively homogenic cohort
and part of samples from the same cohort are included in the training sets, or because there is
phenotypic heterogeneity. We note that MVP cohort consists of mainly male samples
(93.7%), although the sex imbalance might be a cause of differential findings or lower
predictive power, as previous studies have showed high concordance between MVP and other

cohorts that had a more balanced sex-ratio for psychiatric and behavioral traits?®-24.

7. Suspicious loci
Using FUMA?, we identified 558 risk loci from the sex-combined meta-analysis. Of those, 8

loci contained only a single SNP. We visually examined those loci and 4 loci were considered



likely false positives as none of the nearby SNPs showed any potential signals
(Supplementary Fig. 2). These 4 loci were marked in Supplementary Table 4 and were
excluded from all analyses except MAGMA gene/gene-set analysis, because these analyses
are based on aggregate association values across many SNPs in a gene and are therefore not

strongly influenced by a single SNP.

8. P-value threshold for genome-wide significance

12.13.26.27 which allows to

Four GWAS studies have been performed for insomnia to date
compare GWAS findings with different sample sizes. We noticed that 18 out of 202 loci
(8.9%) identified from the previous GWAS meta-analysis were not replicated in the current
study suggesting they may have been false positives'2. The significance of those loci was
mostly borderline in the previous GWAS; i.e. 14 loci with p<le-8 and 4 with p<Se-10. It has
been recently debated whether the ‘golden-standard’ of the genome-wide significance
threshold, p<S5e-8 is still applicable as the number of accessible SNPs increases with
increasing sample size?®. Although this threshold was preserved in the current study, we
compared the number of independent loci with different P-value thresholds. We observed that
23.6% of loci are no-longer significant by decreasing the threshold to 1e-8 from 5e-8 and the
number of loci almost exponentially decreased along with the decreasing P-value threshold
(Supplementary Fig. 3). To evaluate whether this proportion (i.e. 23.6%) is specific to

insomnia, we conducted similar analyses for three other traits with GWAS outcomes for

multiple sample sizes: educational attainment?® (https://www.thessgac.org/data), height!’

(https://atlas.ctglab.nl/traitDB/3187) and type 2 diabetes®® (https://www.diagram-

consortium.org/downloads.html). Risk loci were defined in the same way as for insomnia

GWAS. In these three traits we observed 23.5%, 17.0% and 22.5% decrease of the number of

risk loci for educational attainment, height and type 2 diabetes, respectively by decreasing the
P-value threshold to 1e-8 from 5e-8. Thus all three traits showed very similar proportions of
decreasing number of the loci along with the decreasing P-value threshold with insomnia

GWAS (Supplementary Fig. 3).

9. Effects of increasing sample size in insomnia GWAS
Here we further sought to investigate changes in association P-values and effect sizes of
SNPs in insomnia GWAS as a function of sample size from ~100k up to over 2 million.

Using the 4 previously published GWAS studies as well as the current study, we compared

10



the sample size and number of detected risk loci from six GWAS cohorts: UK Biobank 1st
release (UKB1, N=113,006), UK Biobank latest release (UKB2, N=386,988), 23andMe 1st
GWAS (23andMel, N=944,477), meta-analysis of UKB1 and 23andMel (metal,
N=1,331,010), 23andMe 2nd GWAS (23andMe2, N=1,978,022) and meta-analysis of UKB2
and 23andMe?2 (meta2, N=2,365,010; main analysis of the current study).
Insomnia GWAS summary statistics for 6 different sample sizes were obtained as below.

- UKBI (N=113,006): The summary statistics were obtained from the study of

Hammerschlag ef al.'? (https://ctg.cncr.nl/software/summary_statistics).
- UKB2 (N=386,988): UKB only summary statistics from the current study.
- 23andMel (N=944,477): Only 23andMe cohort from the study of Jansen et al.!?

(summary statistics is not publicly available, only the number of risk loci was
obtained).

- Metal (N=1,331,010): The summary statistics of meta-analysis from the study of
Jansen et al.® (summary statistics is not publicly available, only lead SNPs were
obtained).

- 23andMe2 (N=1,978,022): 23andMe only summary statistics from the current study
(not publicly available).

- Meta2 (N=2,365,010): The summary statistics of the main meta-analysis from the
current study (not publicly available).

For each GWAS, risk loci were defined as described above. For 23andMel and Metal, the
number of risk loci were obtained from the previous study!? as the summary statistics are not
available. For comparison of P-values of the same locus across GWAS with different sizes,
we obtained lead SNPs for Metal from the previous study® while 23andMel was excluded
from the analysis.

To obtain matched SNPs across GWAS to compare effect sizes, we first extracted genome-
wide significant SNPs for all risk loci from 5 GWAS (23andMel was excluded from the
analysis). For Metal, the analysis was limited to lead SNPs provided by the previous study'?,
therefore not all GWS SNPs in the risk loci were assessed. We then selected SNPs that
reached genome-wide significance in at least 3 GWAS out of 5. From each locus, the single
SNP with the minimum P-value was further selected (when there are multiple) for the
analyses. Standardized effect sizes of those SNPs were computed based on summary statistics
from each GWAS as described above. When Z-score were not available, P-values were

converted to Z-score (two-sided). We do note that several of these cohorts overlap (i.e.,
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UKB2 includes UKBI1, 23andMe?2 includes 23andMe2, Metal is UKB1+23andMel, and
Meta2 is UKB2+23andMe2).

As expected, the number of risk loci almost linearly increased with the sample size (Fig. 1b).
As mentioned above, several risk loci identified in the previous insomnia meta-analysis
(Metal) were not replicated in this study (Meta2). To investigate whether the distributions of
P-values differed between replicated and non-replicated risk loci, we categorized risk loci
into 4 types: Type 1) loci that were only detected in a single GWAS Type 2) novel loci
identified in the corresponding GWAS and replicated in the GWAS(s) with larger sample
size but not seen in GWAS of smaller sample size, Type 3) loci identified in the GWAS with
both smaller and larger sample sizes, and Type 4) loci identified in the GWAS(s) with
smaller sample size(s) but not in the GWAS with larger sample size. Note that type 1 and 4 in
meta2 are potential type 2 and 3 loci, respectively. As we expected, type 1 loci tended to
show P-values just below the genome-wide significance threshold (p=5-¢8), and showed
significantly higher P-values compared to other loci (p=3.2e-19, Mann-Whitney U test, two-
sided, excluding SNPs from UKB1 and meta2; Supplementary Fig. 4a). Novel (type 2) loci
tend to show higher P-values compared to type 3 and 4 loci (p=5.2e-34), indicating, as
expected for true positive findings, a decreasing P-value of the GWAS loci with increasing
sample sizes (Supplementary Fig. 4a). However, type 4 loci did not show a significant
difference of P-values compared to type 2 loci (p=0.24; Methods).

We further investigated the changes in effect sizes of SNPs with increasing sample size. We
selected SNPs that reached genome-wide significance in at least 3 GWAS and we selected
one SNP per locus with the minimum P-value in case there were multiple SNPs available
(Methods). Thus, we note that the evaluated SNPs did not necessarily represent the most
significant SNP in the corresponding locus in all GWAS. This resulted in 175 unique SNPs.
From each GWAS, standardized effect sizes were computed for each SNP, and absolute
effect sizes were regressed on the sample size per SNP (Methods). Our results did not show
any significant increase or decrease in standardized effect sizes as a function of sample size

(Supplementary Fig. 4b).

10. BUHMBOX analysis
To evaluate whether the most significantly associated gene PTPRD, which was previously
reported to be associated with restless leg syndrome (RLS), is due to pleiotropy, or

comorbidity or misclassification of RLS and/or insomnia, we performed BUHMBOX
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(Breaking Up Heterogeneous Mixture Based On Cross-locus correlation;
https://software.broadinstitute.org/mpg/buhmbox/)3!.

To perform BUHMBOX?!, from the largest RLS meta-analysis*2, we obtained 23 SNPs in
Table 1 (excluding 2 SNPs that were not replicated). Of these 23 SNPs, 22 SNPs were
present in our insomnia meta-analysis (Supplementary Table 9). We used genotype data of
109,548 cases and 277,440 controls from the UKB cohort to test the presence of a sub-group
of RLS cases within the insomnia cases, possibly driving the observed association with
PTPRD.

With 22 RLS SNPs?*?, we observed a significant result (p=9.7¢-4) indicating there may be a
subgroup of insomnia cases that are RLS cases driving the association of these loci. However,
the BUHMBOX result remained significant when removing 2 PTPRD loci (p=6.2¢-3) while
it was no longer significant by removing MEIS! locus (p=8.5e-2). These results suggest that
the association of PTPRD is likely pleiotropic with insomnia and RLS while the association
of MEIS1 is more likely due to a subgroup of RLS cases within insomnia cases. We note that
the analysis is limited to the UKB cohort as we did not have access to the individual level
genotype data of the 23andMe cohort. We were also unable to perform reverse analysis
(whether RLS associations were due to a sub-group of insomnia cases within RLS cases) as

we did not have access to the individual level genotype data from Didriksen et al.

11. Results for sex specific meta-analyses

From the male specific meta-analysis (222,753 cases and 993,280 controls), 4,781 SNPs
reached genome-wide significance resulting in 100 loci including 114 lead SNPs
(Supplementary Tables 8 and 9). 90 loci overlapped with one of the 554 loci from the sex-
combined meta-analysis. From the female specific meta-analysis (390,750 cases and
1,018,386 controls), 24,181 SNPs reached genome-wide significance resulting in 303 loci
and 377 lead SNPs (Supplementary Tables 11 and 12). 275 loci overlapped with one of the
554 loci from sex-combined meta-analysis. The larger number of risk loci identified from the
female meta-analysis is most likely due to the higher effective sample size (male
Neg=727,796 vs female N.=1,129,585). In total, there were 10 and 28 loci specifically
identified for male and female meta-analyses, respectively (Supplementary Fig. 5a).
Subsequently, MAGMA gene analyses were performed for the sex specific meta-analyses.
We identified 278 (in males) and 871 (in females) significant genes (0.05/19751=2.5e-6) and

191 genes were significantly associated in both sexes (Supplementary Table 7). The
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correlation of -log10 gene-based P-value between the sexes was considerably low (r=0.56,
p<le-323; Supplementary Fig. 5b), given high genetic correlation (7,=0.92), while the
correlation between sex-specific and sex-combined meta-analysis was relatively high, 0.78
(for males) and 0.92 (for females), both with p<le-323 (Supplementary Fig. Sc-d). The
higher correlation of sex-combined with female-only meta-analysis than male-only meta-
analysis could again be due to the difference in the effective sample size, which is greater for
females than males. The low correlation between sexes suggests there may be sex specific

genetic causes to the insomnia.

12. Genetic overlap with multiple clusters of traits and heterogeneity of insomnia risk
loci

It was previously shown that insomnia is genetically correlated with multiple psychiatric and
metabolic traits*. To further investigate these associations, we used LDSC!! to estimate
genetic correlations (7¢) between insomnia and 551 traits with a SNP 42sys>0.01 and Z-
score>2 reported by Watanabe et al.!’, excluding insomnia and one depression item that
indexes insomnia (trouble falling asleep; Methods). After Bonferroni correction, 350 traits
showed a significant 7, with insomnia (0.05/551=9.1e-5), of which 270 traits showed positive
and 80 traits showed negative correlations with insomnia (Extended Data Fig. 2 and
Supplementary Table 15). The strongest positive correlation was with major depressive
disorder (MDD; r,=0.65, p=2.7¢-178), in line with previous findings'?. The strongest
negative correlation was with health satisfaction (7,=-0.60, p=3.9¢-110). We also observed
that insomnia was positively correlated with multiple cardiovascular, metabolic, psychiatric
diseases/disorders, in agreement with previous reports (Extended Data Fig. 2 and
Supplementary Table 15).

We next sought to identify insomnia risk loci sharing the same causal SNPs with the 350
significant genetically correlated traits by colocalizing each of the 554 risk loci with the
GWAS summary statistics of the 350 traits (Methods). Of the 554 loci, 282 were colocalized
with at least one of, in total, 231 traits (Supplementary Table 16). Body Mass Index showed
the greatest number of colocalized loci with insomnia (41 loci), and 18 other metabolic traits
colocalized with >20 loci (Supplementary Table 17). From other trait domains, height (27
loci), overall health rating (26 loci), educational attainment (24 loci) and neuroticism (23
loci) showed the largest number of colocalized loci among the others (Supplementary Table

17). Despite the high 7, with insomnia, MDD only colocalized with 5 loci.
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To investigate colocalization patterns of insomnia risk loci across traits, we counted the
number of shared colocalized loci between each pair of 231 traits and projected them onto a
2D-map using the t-distribution stochastic neighbor embedding (tSNE; Methods).
Subsequently, we performed density-based spatial clustering of applications with noise
(DBSCAN) on the tSNE 2D-map to identify clusters of traits.
To identify clusters of traits that are more likely to share colocalized insomnia loci, we tested
whether the number of shared loci within each cluster was higher than the number of shared
loci between clusters with Mann-Whitney U tests (one-sided, greater). Clusters with p>0.05
were discarded (Methods). We identified 5 dense clusters of traits (Supplementary Fig. 6a).
Cluster #1 contained the largest number of traits (82) and was dominated by metabolic traits
(33) but also included traits from multiple domains such as height, intelligence, health rating,
diabetes, high blood pressure and sleep duration (Supplementary Tables 17 and 18). Cluster
#2 consisted of 29 traits, of which 24 were psychiatric traits including neuroticism, ever
smoker, risk taking and broad depression (Supplementary Tables 17 and 18). Cluster #3
consisted of 21 traits, of which 7 were nutritional traits (e.g. intake of food and drinks), but
the cluster also included multiple cardiovascular traits such as CAD and high blood pressure
as well as body fat percentage (Supplementary Tables 17 and 18). Clusters #4 and #5
consisted of 7 and 5 traits, respectively. Both clusters included traits from multiple domains
and the majority of traits showed less than 3 loci colocalized with insomnia.
Next, we evaluated whether specific insomnia loci show similar colocalization patterns across
231 traits. To do so, we counted the number of shared colocalized traits for each pair of 282
loci and projected onto a 2D-map using tSNE (Methods). In the same way as done for the
trait clustering, loci were clustered based on DBSCAN. We identified 11 dense clusters of
loci (Supplementary Fig. 6b). These clusters were not driven by the location of loci on the
genome as loci on the same chromosomes did not form a cluster (Supplementary Fig. 6c¢).
Additionally, by projecting loci which contained prioritized genes that were part of the
significantly associated gene-set (regulation of nervous system development), we did not
observe a cluster specific to the gene-set (Supplementary Fig. 6d-g). On the other hand,
clusters of loci were likely to be representing the specificity of colocalized traits. Three
clusters of loci were mainly colocalized with metabolic traits (cluster #1, 3, and 9), and 3
other clusters of loci mainly with psychiatric traits (cluster #2, 4, and 6; Supplementary Fig.
6b). Other clusters also aggregated in trait domains, e.g. reproduction (cluster #8),
cardiovascular (cluster #10 and 11), while 2 clusters were colocalized with multiple traits
from multiple domains (Supplementary Tables 19 and 20). Although the colocalized loci
15



suggest there is a shared causal SNP between a pair of traits, this does not infer a causal
relationship between traits. There are two possible scenarios when loci are colocalized: i) the
same causal SNP is pleiotropic and directly causes both traits, ii) trait A causes trait B and
GWAS on trait B captures causal SNPs of trait A or iii) misclassification of phenotypes
across samples. It is statistically challenging to infer a causal relationship (and direction)
between traits, because existing methods, such as Mendelian randomization, require strict
assumptions®*3* which are often violated. Nonetheless, we observed independent clusters of
loci specifically colocalized with metabolic and psychiatric traits.

To further investigate whether the two groups of loci clusters that were colocalized mainly
with metabolic or psychiatric traits had differential predictive value, we computed polygenic
risk scores (PRS) using SNPs within the loci in each of the clusters (cluster #1, 3 and 9 for
metabolic and #2, 4, and 6 for psychiatric). PRS was computed with PRSice for 3 sets of
10,000 target samples from UKB cohort used for genome wide PRS analysis (Methods). For
each of the 3 sets of the target samples, we obtained the top and bottom 1, 5 and 10% subjects
ranked by the PRS, combined across 3 datasets. To assess whether subjects with high PRS
show different health outcomes compared to subjects with low PRS for each of the clusters of
metabolic and psychiatric loci, we assessed predictive power for 3 phenotypes; overall health
rating (field ID 2178), depressive symptoms (scored as sum of field ID 2050 and 2060 where
individuals are coded 1 if the answer was “Several days”, “More than half the days” or
“Nearly every day”, 0 otherwise) and body fat percentage (field ID 23099). We corrected for
age, sex, array and the first 10 PCs and used residuals to perform two-sided Mann-Whitney U
tests. Multiple testing (3 tested phenotypes and 3 PRS thresholds) was corrected for across all
metabolic and psychiatric loci (0.05/9 = 5.6e-3). For PRS based on metabolic loci, the top 5
and 10% subjects showed a significantly lower overall health rating compared to the bottom 5
and 10% (p=3.5e-4 and 2.2¢-6, respectively) (Extended Data Fig. 3 and Supplementary
Table 21). In addition, the top 1 and 10% subjects showed significantly higher body fat
percentage compared to the bottom 1 and 10% (p=1.2e-3 and 7.0e-5, respectively) while no
difference was seen for depressive symptoms (Extended Data Fig. 3 and Supplementary
Table 21). For PRS based on psychiatric loci, the top 5 and 10% subjects showed
significantly lower overall health rating (p=5.3e-7 and 9.3e-7) and a significantly higher
depressive symptom score (p=2.8e-4 and 4.9e-6) compared to the bottom 5 and 10%, while
no difference was seen for body fat percentage (Extended Data Fig. 3 and Supplementary
Table 21). These results suggest that there might be independent pathogenic mechanisms
underlying insomnia that are related either to metabolic or to psychiatric traits.
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13. Tissue, cell type and gene-set association analyses using the full GWAS results

To assess whether insomnia associated genes converge into biological functions, tissue types
or specific cell types, using the full GWAS results (as opposed to prioritizing genes),
MAGMA gene-property and gene-set analysis*® was performed on 54 tissue types from
GTEx v83, 54 lower and 106 higher resolution of brain regions from the Allen Human Brain
Atlas (AHBA)?7, 885 brain cell types from 9 single-cell RNA-sequencing (scRNA-seq)
datasets*®*4, and 6,089 gene-sets with at least 20 genes from MsigDB v7.0* and SynGO
v1.0*¢ (Methods). Bonferroni correction was applied across all tested items (0.05/7188=7.0e-
6). In each dataset, pairwise conditional analyses were performed for significantly associated
items and confounders*’; tissues, cell types or gene-sets whose associations were mostly
explained by a more significantly associated item within the same dataset are not reported
(see Methods for details, full results are available in Supplementary Tables 22-33). For
scRNA-seq datasets, we also performed cross-datasets conditional analyses as proposed

previously? (see Supplementary Note 18).

Tissue analyses reveal association with cerebral cortex

Tissue specificity analysis with GTEx showed two groups of significantly associated brain
regions; cerebellar hemisphere/cerebellum and cortex. The most significant association was
seen with the cerebellar hemisphere (p=2.7¢-19) (Fig. 2 and Supplementary Table 22) in
line with previous findings'?. Previously identified basal ganglia also showed a significant
association in the current study, however, this association was almost completely explained
by the association of cerebellum (Supplementary Table 23). We note that the specificity of
these associated brain regions was defined relative to the average expression of genes across
all available tissue types in GTEX (i.e. brain and non-brain), and thus may reflect a general
effect of genes expressed in brain. Indeed, when we conditioned on the average expression of
genes across 13 brain regions, the significance of specific brain regions was largely decreased
(Extended Data Fig. 4a and Supplementary Table 22). Therefore, these results using the
GTEx resource implied a general association of insomnia with brain-specific expression and
did not reveal enrichment in specific brain areas.

To gain insight into more specific brain regions associated with insomnia, we tested
enrichment in 54 brain regions from AHBA (Methods). We observed the most significant

associations with regions from the cerebral cortex followed by the basal forebrain and

17



preoptic region (Fig. 2 and Supplementary Tables 24 and 25). We then assessed enrichment
in 106 more specific brain regions from AHBA (Methods). Out of 106 regions, 32 regions,
all from the cerebral cortex, showed significant associations with insomnia (Fig. 2 and
Supplementary Table 26). These associations were not independent and indicated a general

association with cerebral cortex (Supplementary Table 27).

Cell type analyses reveal associations with neuronal cell types in sub-cortical regions
Next, we aimed to identify cell-type specificity using brain specific sScRNA-seq datasets. We

used 9 datasets3®

consisting of 885 cell types (Methods). The most significant association
was seen in neurons from the lateral geniculate nucleus (LGN, p=9.9¢-16) from DropViz
which was collinear with GABAergic neurons from embryonic mouse midbrain dataset
(p=2.3e-6). In addition, neurons in habenula, ventral pallidum (VP, p=2.2e-13) and anterior
pretectal nucleus (APN, p=2.5e-11), all from DropViz, showed (partially) independent
associations from LGN (Fig. 2 and Supplementary Table 28). There were four additional
neuronal cell types that reached significance from other datasets than DropViz, including the
previously identified hypothalamus Vglut 2 neurons!?, however, these associations were
largely dependent on the association of LGN (Supplementary Tables 28-31). Claustrum
neurons from DropViz also showed a significant association, in line with previous findings*
while its association was almost completely explained by the association of LGN
(Supplementary Table 29). Association of the medium spiny neurons (MSN) was not
replicated in the current study, yet we believe this is due to methodological differences
explained in reference*®.

We note that although both AHBA and DropViz datasets contain samples from cortical and
subcortical regions, AHBA showed more significant associations for insomnia with cortex
while DropViz is showed stronger associations with cell types from subcortical regions close
to the thalamus and globus pallidus. There are two possible reasons for this discrepancy.
First, in the AHBA datasets, associations of cortical regions might be confounded by the true
causal cell types which are not available in AHBA dataset. This is difficult to test since we do
not know the true causal cell types, yet we do know that there are multiple specific neuronal
cell types from the frontal and posterior cortex in DropViz that showed significant
associations with insomnia whose associations were mostly explained by the LGN, which is
not available in AHBA (Supplementary Table 27). Second, AHBA is based on microarray
data which normally captures a lower number of genes and is limited by the number of
probes used in the array compared to more robust RNA-seq. There were ~13,000 genes
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available in AHBA while there were ~15,000 genes presented in DropViz. Of these ~11,000
genes were available in both datasets. By limiting to the overlapping 11k genes in the
DropViz dataset, the significance of associations and effect size of LGN, habenula, VP, and
APN showed a notable decrease. The remaining 4k genes that are available in DropViz but
not in AHBA showed stronger associations with insomnia than the other 11k genes
(Extended Data Fig. 4b and Supplementary Table 29). On the other hand, for AHBA,
~11,000 genes mostly explained the marginal association of cortical regions (Extended Data
Fig. 4b and Supplementary Table 29). Thus, we found that the genes that are not available
in AHBA contributed strongly to the associations of subcortical regions in DropViz which
might explain the discrepancies and in particular the absence of associations with subcortical

regions in AHBA.

Gene-set analyses of functional categories reveals enrichment in synaptic and neuronal
development pathways

Gene-set analysis showed independent association with five gene sets; the most significant
was ‘process in the synapse’ (SynGO:BP), followed by ‘behavior’ (GO:BP), ‘synapse
organization’ (SynGO:BP), ‘synapse part’ (GO:CC) and ‘regulation of neuron differentiation’
(GO:BP) (Fig. 2, Supplementary Tables 32 and 33). A significant association of ‘behavior’
has been previously reported*, while the associations of gene-sets related to functions of

synapse and neuronal development are novel (Fig. 2).

14. Results of Fine-mapping

Statistical fine-mapping was performed for 554 risk loci identified from the sex-combined
meta-analysis (Methods). The number of causal SNPs (k) was optimized at k=1 in 401 loci
(72.4%) and in total 525 loci (94.8%) were optimized at k<5 (Supplementary Fig. 7a).
There were 15 loci that reached £=10 indicating that either the locus contained >10
independent causal SNPs or it was not optimized, likely due to a too complex structure of the
local LD or subtle effect sizes. Despite the fact that the majority of loci were likely to contain
a single causal SNP (as the k£ was optimized at 1), 112 loci resulted in a set of <10 credible
SNPs (that are part of 95% credible sets, see Methods for details), and 66 loci contained sets
of >100 credible SNPs indicating average PIP<0.01in those loci (Supplementary Fig. 7b). In
addition, only 91 out of 554 loci contained at least one credible SNP with PIP>0.8
(Supplementary Fig. 7¢), which increased to 166 and 426 loci by decreasing the PIP
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threshold to 0.5 and 0.1, respectively (Supplementary Fig. 7d-e). A large proportion of loci
was thus unsolved, indicating that for those loci the probability for a SNP of being causal was
distributed across a relatively large number of SNPs within those loci. It has been previously
shown that fine-mapping resolution can be improved using functional annotations as a
prior*’, although such methods currently only support k=1 and careful selection of
annotations to compute priors is required as they can bias the posterior probability. It is also
possible that actual causal SNPs are not tagged in the current GWAS. As insomnia is one of
the most polygenic traits and effect sizes of single variants are very small, the distribution of
effect sizes and LD structure alone might not be sufficient to solve the statistical fine-
mapping in some loci. Although PIP>0.8 is a widely employed threshold to select likely
causal SNPs from fine-mapping, due to a low coverage of loci, we considered credible SNPs
with PIP>0.1 for prioritization of genes from insomnia risk loci, so that each locus is allowed

maximum of 10 times & credible SNPs.

15. Characteristics of high confidence genes identified in insomnia risk loci

Here we assessed whether there are differences in local genomic features such as size,
number of SNPs and genes between loci with and without high confidence (HC) genes. We
observed that the 281 loci with at least one HC gene had significantly more SNPs and genes,
and larger locus size compared to the remaining 273 loci (two-sided Mann-Whitney U test,
p=5.4e-3, 2.5e-26 and 4.6e-4, respectively). We also observed that the number of SNPs in the
loci and the size of loci were significantly lower in the loci with HC genes identified by
credible SNPs compared to GWS SNPs (two-sided Mann-Whitney U test, p=3.3e-10 and
1.2e-5, respectively), whereas the number of genes was not different between these types of
loci (p=0.07). The difference in the number of SNPs and size of loci is because FINEMAP is
less likely to identify credible SNPs (with PIP>0.1) in the loci with a relatively higher
number of SNPs, and because GWS SNPs were used to identify HC genes in those
unresolved loci.

We further assessed whether the number of identified HC genes depends on the local
genomic features such as the size, the number of SNPs and genes in the loci. Obviously, if a
locus only includes one gene, that gene is the most likely causal gene (i.e. HC-1), but in cases
there are >1 gene, the number of genes present in a locus is obviously expected to influence
the number of HC genes that can be detected. We indeed observed a significant correlation

between the number of HC genes and the size (p=0.22, p=1.1e-7), the number of SNPs
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(p=0.14, p=4.7¢-5) and genes in the loci (0=0.62, p=2.4e-54, Supplementary Fig. 8). This
suggests that, when there are more SNPs or genes to start with, a larger number of genes will
be prioritized. As expected, the number of genes present in a locus showed the strongest
correlation with the number of HC genes detected. Therefore, it is more difficult to pinpoint
single HC genes from larger loci or loci with higher gene density, however, we believe that
the HC-1 genes can be used to further narrow down potential causal genes from loci with a
higher number of HC genes as described in the main text.

We tested the same correlations by separating loci with the HC genes prioritized by credible
SNPs and by GWS SNPs. For loci with the HC genes prioritized by credible SNPs, the size
(p=0.15, p=1.3e-3) and the number of genes in the loci (0=0.55, p=7.9¢-32) showed a
significant correlation with the number of the HC genes while the number of SNPs did not
(0=0.08, p=0.09, Supplementary Fig. 8). This is because, when FINEMAP successfully
identifies credible SNPs with relatively high PIP (>0.1 in this study), the number of SNPs to
start with for the prioritization is much less than other loci without credible SNPs.

For loci with the HC genes prioritized by GWS SNPs, the size (p=0.27, p=6.2¢-8), the
number of SNPs (p=0.23, p=9.6e-6) and genes in the loci (p=0.73, p=4.3e-55) showed
significant correlation with the number of HC genes (Supplementary Fig. 8). These results
show that the local genomic features are more strongly correlated with the number of HC
genes identified by GWS compared to credible SNPs, indicating narrowing down the
potential causal variants using FINEMAP is effective for pinpointing likely causal genes

from the locus.

16. Validation of gene prioritization

To validate whether the gene prioritization approach used in this study can identify known
causal genes, we used 4 GWAS of 3 molecular traits (Urate, IGF-1, Testosterone male and
Testosterone female) from Sinnott-Armstring e al.*°, and used “core” genes reported in the
study as positive controls (Supplementary Table 38). We then performed the gene
prioritization strategy to each of 4 GWAS as described in the main text. However, to also
evaluate different types of linking genes apart from PPI, we also obtained gene co-expression
for 53 tissues using GTEx v83¢ dataset and obtained 54 sets of HCP genes (based on PPI + 53
tissue specific co-expression). Gene co-expression was obtained by downloading gene TPMs

(transcripts per million) from GTEx v8 (https://gtexportal.org/home/datasets), log-

transformed with pseudocount 1 (i.e. log2(TPM+1)), then computed pairwise correlation of
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genes across samples for each of 53 tissue types. We then obtained pairs of genes with
absolute correlation coefficient > 0.8 as the co-expressed pairs. Enrichment of core-genes in
HCP genes was tested by one-sided Fisher’s exact test. We defined significant enrichment
after Bonferroni correction (p < 0.05/54 =9.26e-4). HC and HCP genes for each GWAS are
reported in Supplementary Table 39-42 and the results of core-genes enrichment analysis is

reported in Supplementary Table 43.

Urate

From 246 loci, 699 HC genes were identified. With PPI, 167 HCP genes were prioritized and
with gene co-expression dataset, on average 191 HCP genes were prioritized with maximum
354 HCP genes using gene co-expression in the kidney cortex (Supplementary Table 39).
Although the enrichment of core-gene did reach significance after Bonferroni correction
(p<9.26e-4), the HCP genes based on gene co-expression in the kidney cortex showed the
lowest p-value followed by PPI (Supplementary Table 43).

IGF-1

From 417 loci, 1,158 HC genes were identified. With PPI, 286 HCP genes were prioritized
and with gene co-expression dataset, on average 338 HCP genes were prioritized with
maximum 602 HCP genes using gene co-expression in the nucleus accumbens basal ganglia
in the brain (Supplementary Table 40). The HCP genes based on PPI showed the most
significant enrichment of the core-genes, followed by the minor salivary gland, breast

mammary tissue and pancreas (Supplementary Table 43).

Testosterone male

From 99 loci, 338 HC genes were identified. With PPI, 45 HCP genes were prioritized and
with gene co-expression dataset, on average 67 HCP genes were prioritized with maximum
170 HCP genes using gene co-expression in the putamen basal ganglia in the brain
(Supplementary Table 41). The HCP genes based on gene co-expression in the spleen
showed the most significant enrichment of the core genes followed by atrial appendage of the
heart, small intestine terminal ileum and adipose visceral omentum, while HCP genes based

on PPI did not show enrichment of the core-genes (Supplementary Table 43).

Testosterone female
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From 72 loci, 227 HC genes were identified. With PPI, 30 HCP genes were prioritized and
with gene co-expression dataset, on average 49 HCP genes were prioritized with maximum
103 HCP genes using gene co-expression in putamen basal ganglia in the brain
(Supplementary Table 42). The HCP genes based on small intestine terminal ileum showed
the most significant enrichment of the core-genes, followed by bladder, PPI and adrenal

gland (Supplementary Table 43).

In summary, the gene prioritization approach used in this study was able to prioritize a list of
genes enriched in known core-genes. We also showed that significant enrichment of core-
genes is in the HCP genes using gene co-expression in the trait relevant tissue types. At the
same time, the HCP genes based on PPI also tended to show strong enrichment. Therefore, it
is effective to use trait relevant tissues to prioritize HCP genes when it is known, while it is
often unknown especially for highly polygenic traits like insomnia. In those cases, PPI would

be a good alternative solution.

17. Additional results for prioritized genes from insomnia risk loci

To obtain more insight into the distribution of the ‘high confidence prioritized’ (HCP) genes
across insomnia risk loci, we defined 2 additional sets of genes. Of 3,526 genes mapped by
FUMA using GWS SNPs, genes from the loci which had at least one of the HCP genes are
grouped as ‘excluded’ and genes mapped from other loci are grouped as ‘unsolved’. This
resulted in 2,122 excluded and 1,116 unsolved genes. Note that HCP genes are not
necessarily a subset of 3,526 genes as credible SNPs are not required to have a genome-wide
significant P-value. Indeed 1 of the 289 HCP genes was not part of the 3,526 genes. To
investigate the difference between significant associations observed by full GWAS results
and the HCP genes, we conditioned three sets of genes (i.e. HCP, unsolved and excluded
genes) on gene-set based on expression in several brain regions (top 5 associations for AHBA
high and low resolution), cell types (4 independent associations from DropViz) and gene sets
(5 independently associated sets) that showed significant associations based on full GWAS
results, using MAGMA. For brain regions (AHBA high and low datasets) and cell types
(DropViz), the HCP genes showed a slight increase of association P-values compared to the
marginal P-value suggesting at least some contribution of the HCP genes (Extended Data
Fig. 5). The unsolved genes showed greater contributions than HCP genes which may be due

to the greater number of genes in the conditioned gene set. On the other hand, excluded genes
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showed the least contribution to those associations, even though it is the largest set of genes.
At the same time, after conditioning either HCP or unsolved genes, there is still a
substantially strong signal remaining (Extended Data Fig. 5). These results suggest that the
absence of specific brain region and cell type associations when using the HCP genes is
likely because those associations are highly polygenic where genes from unsolved loci and
outside of GWAS loci are contributing, and the 289 HCP genes are not sufficient to explain
these associations. For gene sets, a similar pattern was observed as brain regions and cell
types, except ‘behavior’ (GO:BP) which did not show a notable decrease of the signal by
conditioning any of the HCP, unsolved or excluded genes (Extended Data Fig. 5). This
result suggests the association of the gene set is mainly driven by genes outside of the GWAS
loci. Since the prioritization of genes is limited to GWAS loci, associations identified by full
GWAS (which rely on MAGMA using the full GWAS outcomes) are missed when relying on

selecting credible SNPs and genes from risk loci when indicating HCP genes.

18. Conditional analysis for associated tissues, cell types and gene-set

To identify independent association signals in gene-set or gene-property associations, we
performed conditional analyses for sets that were significantly associated with insomnia per
dataset (i.e., GTEx, AHBA low/high resolution, scRNA and gene-sets) in both the analyses
based on the full genome-wide distribution (using linear regression as implemented in
MAGMA) and the set of prioritized genes, using linear regressions, where we used tissue or
cell type specific gene expression value as an outcome of a linear regression and binary status
of genes as a predictor while conditioning on average expression and gene size.

To systematically identify independent and dependent associations of gene-properties (or
gene-sets), and group them into clusters of independent associations, we set thresholds for
conditional P-value and proportional significance (PS) of conditional P-value relative to
marginal P-value. To simplify, we use cell type A and B for examples hereafter, while the
same applies to tissue type or gene-set. Here we denote, pa and pg as the marginal P-values of
cell type A and B where pa<ps, pa, as the P-value of cell type A conditioning on cell type B,
and PSa as the proportional significance of cell type A conditioning on cell type B (computed
as -log10(pa,s)/-log10(pa)). We then defined the relationship between cell types A and B
based on the decision rules as below (ordered according to the priority of the rules).

e PSA>0.8 and PSp>0.8: associations are independent.
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o pap>0.05 and ps,a>0.05: both cell types are jointly associated and both are equally
likely true signals (grouped into a same cluster).

e PSx>0.5 and psa>0.05: the association of cell type B is confounded by cell type A
and cell type B is discarded.

e PSA>0.5 and PSp<0.2: the association of cell type B is mostly dependent on cell type
A and cell type B is discarded.

e PSA>0.2 and pg,a>0.05: the association of cell type A is partially jointly explained by
cell type B but the association of cell type B is confounded by A, therefore cell type B
is discarded.

e PSx>0.2 and PSg<0.2: the association of both cell types are partially jointly explained
while the association of cell type B is largely depending on cell type A, therefore cell
type B is discarded.

o PSA>0.5 and PSp<0.5: same as above.

e PSx<0.2 and PSp<0.2: while there are still remaining signals by conditioning on each
other, both cell types are largely jointly explained (grouped into a cluster).

e PSx>0.2, PSg>0.2, pa,3>0.01 and psa>0.01: although there are still small signal
remaining in both cell types, associations of both cell types are considered as jointly
explained (grouped into a cluster).

e PSx>0.2 and PSg>0.2: both cell types are partially jointly explained while there are
remaining signals, therefore cell type A and B are grouped into separate clusters.

e When cell type A and B are collinear (in a case when regression fails), they are
considered as joint associations and grouped into a cluster.

The conditional analyses were performed with the most significant sets until all cell types are

denoted independent, clustered or discarded.
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Supplementary Fig. 1. Total variance explained by genetic principal components. The
principal components were computed for EUR samples of the 23andMe (a) and UKB (b).
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Supplementary Fig. 4. Comparison of significance and effect sizes across insomnia
GWAS with different sample sizes. (a) Box and whiskers plot of -log10 P-value of the top
SNPs from each risk locus from the corresponding GWAS (P-values are based on multiple
linear regression for UKB1, UKB2, 23andMel and 23andMe2, two-sided Z-test for Metal
and Meta2). Type 1: loci that are detected once but not replicated by any other GWAS
(smaller or larger), type 2: loci that are detected first time and subsequently replicated by a
larger GWAS, type 3: loci that were previously identified with smaller GWAS and replicated
by a larger GWAS, type 4: loci that were previously identified with a smaller GWAS but not
replicated by larger GWAS. The boxes indicate 25% (Q1) and 75% (Q3) quantiles and
horizontal black lines indelicate median. The minimum and maximum of the whisker are Q1-
1.5*IQR and Q3+1.5*IQR where IQR is Q3-Q1. Data points which do not fall within the
whisker’s interval are displayed as dots. Number of data points (loci) are 1 type 1 and 1 type
2 for UKBI, 5 type 1, 8 type 2 and 1 type 3 for UKB2, 8 type 1, 135 type 2, 4 type 3 and 1
type 4 for 23andMel, 15 type 1, 75 type 2, 108 type 3 and 6 type 4 for Metal, 52 type 1, 237
type 2, 177 type 2 and 11 type 4 for 23andMe2, 118 type 1 and 440 type 4 for Meta2. (b)
Absolute standardized effect sizes of genome-wide significant SNPs. Only SNPs that are
significant in at least 3 GWAS are displayed.
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Supplementary Fig. 5. Comparison of sex-specific insomnia meta-analyses. (a)
Manhattan plot for male only (top) and female only (top) summary statistics of meta-analysis
where P-values were based on two-sided Z-test. SNPs with p>1e-5 are omitted. Horizontal
dashed line represents genome-wide significance (p=>5e-8). (b-d) Comparison of gene-based
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Supplementary Fig. 6. Clusters of other traits and insomnia loci based on colocalization
patterns. (a) t-SNE map of traits based on colocalization patterns across 554 insomnia risk
loci. 227 traits that had at least one colocalized locus are displayed. Density maps indicate
clusters of traits. Each data point represents a trait, colored by the domain and sized by the
number of colocalized loci. Grey links between traits represent shared colocalized loci
between traits from different clusters (within cluster links are omitted). (b-g) t-SNE map of
insomnia loci based on colocalization patterns across 350 traits. 282 loci that were
colocalized with at least one of the 350 traits are displayed. Density maps indicate clusters of
loci. Each data point represents a locus and is sized by the number of colocalized traits. Each
locus is colored by the domain of traits which account for >50% of traits colocalized with the
locus, otherwise colored in grey (when none of the trait domain represent >50% of the
colocalized traits) (b), chromosome (¢) or significantly enriched gene-sets ((d) modulation of
chemical synaptic transmission (SynGO:BP), (e) neuron differentiation (GO:BP), (f)
regulation of trans synaptic signaling (GO:BP), (g) inclusion body (GO:CC)). Full results are
available in Supplementary Tables 15-19.

35



300

k3
kel
-
s}
e
[}
o
£
=
=z

Number of causal SNPs

b 2 C
100
8 3
~S-, 75 5
5 =
i
g 50 .g
> =]
=
z
25
0
L FF s
RS
Number of credible set SNPs Number of credible SNPs (PIP>0.8)
d e
© ©
k<] o
ks 5
o 5]
el Qo
£ £
=3 =}
=z =
Number of credible SNPs (PIP>0.5) Number of credible SNPs (PIP>0.1)

Supplementary Fig. 7. Summary of fine-mapping results. (a) Distribution of the estimated
number of causal SNPs per locus. (b) Distribution of the number of credible set SNPs (that
are part of 95% credible sets). (¢-e) Distribution of the number of credible SNPs with
PIP>0.8 (¢), >0.5 (d) and >0.1 (e).
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Supplementary Fig. 8. Number of high confidence (HC) genes and local genomic
features. “Loci with Cred. SNPs” include loci with no HC genes and loci with HC genes
identified by credible SNPs (with PIP>0.1). “Loci with GWS SNPs” include loci with no HC
genes and loci with HC genes identified only by genome-wide significant (GWS) SNPs. The
linear lines indicate fitted linear model, grey shades indicate 95% confidence interval based

on number of data points 544, 178 and 103 for all loci, loci with cred. SNPs and loci with

GWS SNPs, respectively.
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