SUPPLEMENTARY INFORMATION for

Extensive bidirectional genetic overlap between bipolar disorder and cardiovascular

disease phenotypes

SUPPLEMENTARY METHODS

Participants

We obtained GWAS results in the form of summary statistics (p-values and z-scores). Data on
bipolar disorder (BIP) were retrieved from Psychiatric Genomics Consortium (PGC)*. The
BIP dataset consisted of 20 352 cases and 31 358 controls from 32 samples®. Among the
cases, 14,879 individuals were diagnosed with BIP type | (BIP1), 3,421 with BIP type Il
(BIP2), 977 with schizoaffective disorder, bipolar type (SAB), and the remaining BIP not
otherwise specified (NOS)*. Further, we used data from GWASs on cardiovascular disease
(CVD) phenotypes, including the CVD risk factors body mass index? (n=795 640), type 2
diabetes mellitus (T2D)3 (n=159 208), total cholesterol (TC)* (n=188 578), low-density
lipoprotein (LDL) cholesterol* (n=188 578), high-density lipoprotein (HDL) cholesterol*
(n=188 578), systolic and diastolic blood pressure (n=745 820-757 601)°, along with coronary
artery disease (CAD, n=332 477, including 71 602 CAD cases and 260 875 controls)®. We
repeated the previously published cond/conjFDR analysis of genetic overlap between BIP and
BMI’. Details about the inclusion criteria, genotyping and phenotype characteristics, see the
original publications®®. There was no sample overlap between the BIP GWAS? and the CVD

phenotype GWASs.

MiXeR
We applied causal mixture models® °® to the GWAS summary statistics, using the MiXeR tool

(https://github.com/precimed/mixer). For each SNP, i, univariate MiXeR models its additive



https://github.com/precimed/mixer

genetic effect of allele substitution, g;, as a point-normal mixture, g; = (1 — m;)N(0,0) +
1N (O, aj), where 7, represents the proportion of non-null SNPs ("polygenicity’) and a,%
represents variance of effect sizes of non-null SNPs (“discoverability™). Then, for each SNP, j,
MiXeR incorporates LD information and allele frequencies for M=9,997,231 SNPs extracted
from 1000 Genomes Phase3 data by LD score regression software® °, and estimate the
expected probability distribution of the signed test statistic, z; = §; + €, = N Zi\/ﬁirijﬁi +
€j, Where N is sample size, H; indicates heterozygosity of i-th SNP, 7;; indicates allelic
correlation between i-th and j-th SNPs, and €; ~ N (0, 6¢) is the residual variance. Further,
the three parameters, m,, a,?, o, are fitted by direct maximization of the likelihood function.
The number of trait-influencing variants (i.e. variants with pure genetic effects not induced by
LD) is estimated as Mm,, where M=9,997,231 gives the number of SNPs in the reference
panel.

In the cross-trait analysis, MiXeR models additive genetic effects as a mixture of four
components, representing null SNPs in both traits (1,,); SNPs with a specific effect on the
first and on the second trait (r; and m,, respectively); and SNPs with non-zero effect on both

traits (7;,). In the last component, MiXeR models variance-covariance matrix as X;, =

2
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component, and o7 and ¢ correspond to the discoverability parameter estimated in the

univariate analysis of the two traits. After fitting parameters of the model, genetic correlation
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Further information is available in®.
Vi +mR) (e +my2)

is calculated as Ty =

To evaluate model fit, i.e. the ability of the MiXeR to predict the actual GWAS data,
we constructed modelled vs. actual conditional Q-Q plots (Supplementary Figures 3-6).
Optimal model fit is indicated in the conditional Q-Q plots by the model-based curves closely

following the actual Q-Q curves®. Model fit was also assessed using negative log-likelihood



plots®, which visualizes the performance of the best model versus models with minimum and
maximum polygenic overlap (Supplementary Figures 3-6). The best model represents the
MiXeR model of polygenic overlap between phenotypes. The minimum model represents a
scenario of least possible overlap, and the maximum model represents a scenario of largest
possible overlap. In the negative log-likelihood plot (Supplementary Figures 3-6), the
minimum model is represented by the point furthest to the left, the maximum model is
represented by the point furthest to the right, and the best model is represented by the lower
point of the curve. The lowest point on the curve (y-axis) indicates better model fit®.

To filter situations with insufficiently powered GWAS summary statistics, we use
Akaike information criterion (AIC = 2k — 21In L), where k is the number of free parameters
in the model, L is the value of the likelihood function, and n is the effective number of SNPs
used in optimization procedure. We calculate the difference between AIC for the full bivariate

model, k = 3, and AIC for the reduced bivariate model, k = 2, due to m,, being constrained
to smallest or largest possible ( )%™ = rgm and 5% = min(my, m}), respectively). A
positive value of AIC indicates that GWAS summary statistics have enough information to
distinguish the custom polygenic overlap, as shown on the MiXeR Venn diagrams, from the

constrained models with minimal (77%™) and maximum (%%%) polygenic overlap.

Conditional False Discovery Rate
The ‘enrichment’ seen in the conditional Q-Q plots can be directly interpreted in terms of true
discovery rate (TDR = 1 — false discovery rate (FDR))*!. More specifically, for a given p-
value cutoff, the FDR is defined as

FDR(p) = myFy(p) /F(p),  [1]
where =, is the proportion of null SNPs, F is the null cumulative distribution function (cdf),

and F is the cdf of all SNPs, both null and non-null*2. Under the null hypothesis, F, is the cdf



of the uniform distribution on the unit interval [0,1], so that Eq. [1] reduces to
FDR(p) = mop / F(p), [2]ske!
The cdf F can be estimated by the empirical cdf g = Np / N, where Np is the number of SNPs
with p-values < p, and N is the total number of SNPs. Replacing F by q in Eq. [2], we get
Estimated FDR(p) = m,p / g, [3]istei
which is biased upwards as an estimate of the FDR*®. Replacing =, in Equation [3] with unity

gives an estimated FDR that is further biased upward;ite!

q*=p/a, [4]
If m, is close to one, which is probably true for most GWASs, the increase in bias from Eqg. [3]
is minimal. Therefore, the quantity 1 — p/q, is biased downward and thus a conservative
estimate of the TDR. Referring to the Q-Q plots, we see that g* is equivalent to the nominal
p-value divided by the empirical quantile, as defined previously. We can thus read the FDR
estimate directly off the Q-Q plot as

-log10(a*) = 10g10(q) — l0g10(p), [5]str
demonstrating that the estimated FDR is directly related to the horizontal shift of the curves in

the Q-Q plots from the expected line X =y, i.e. a larger shift corresponds to a smaller FDR.

Conditional Q-Q plots

Q-Q plots compare a nominal probability distribution against an empirical distribution. In the
presence of all null relationships, nominal p-values form a straight line on a Q-Q plot when
plotted against the empirical distribution. For BIP and CVD phenotype SNPs and for each
categorical subset (strata), -logio nominal p-values were plotted against -logio empirical p-
values (conditional Q-Q plots). Leftward deflections of the observed distribution from the
projected null line illustrate increased tail probabilities in the distribution of test statistics (z-

scores) and consequently an over-abundance of low p-values compared to that expected by



chance, also called ‘enrichment’. This is illustrated in Supplementary Figures 1-2.

Under large-scale testing paradigms, such as GWAS, we can calculate quantitative
estimates of likely true associations from the distributions of summary statistics!? 1,
Conditional Q-Q plots of nominal p-values from GWAS summary statistics visualizes this
enrichment of statistical association relative to that expected under the global null hypothesis.
The usual Q-Q curve has the nominal p value, denoted by "p", as the y-ordinate and the
corresponding value of the empirical cdf, denoted by "q", as the x-ordinate. Under the global
null hypothesis the theoretical distribution is uniform on the interval [0,1]. As is common in
GWAS, we instead plot -logio p against -logio  to emphasize tail probabilities of the
theoretical and empirical distributions. Therefore, genetic enrichment is illustrated with a
leftward shift in the Q-Q curve, corresponding to a larger fraction of SNPs with nominal -
logio p-value greater than or equal to a given threshold. Conditional Q-Q plots are constructed
by creating subsets of SNPs based on levels of an auxiliary measure for each SNP, and
computing Q-Q plots separately for each level. If SNP enrichment is captured by variation in
the auxiliary measure, which is expressed as successive leftward deflections in a conditional
Q-Q plot as levels of the auxiliary measure increase. We constructed conditional Q-Q plots of
empirical quantiles of nominal -logio values for SNP association for all SNPs, and for subsets
(strata) of SNPs determined by the nominal p-values of their association with the conditional
phenotypes, and vice versa. In particular, we computed the empirical cumulative distribution
(cdf) of nominal p-values for a given phenotype for all SNPs and for SNPs with significance
levels below the indicated cut-offs for the conditional phenotypes (-logio(p) > 1, -logio(p) > 2,
-log1o(p) > 3 corresponding to p < 0.1, p < 0.01, p < 0.001 respectively). The nominal p-
values (—logio(p)) are plotted on the y-axis, and the empirical quantiles (—logio(q), where q=1-
cdf(p)) are plotted on the x-axis. To assess for polygenic effects below the standard GWAS

significance threshold, we focused the conditional Q-Q plots on SNPs with nominal —logio(p)



< 7.3 (corresponding to p > 5x10%). We controlled for spurious enrichment by calculating all
conditional Q-Q plots after random pruning averaged over 500 iterations. At each iteration,
one SNP in every LD block (defined by an r>>0.1) was randomly selected and the empirical

cdfs were computed using the corresponding p-values.

Detection of SNPs using conditional and conjunctional FDR

The FDR can be interpreted as the probability that a SNP is null given that its p-value is as
small as or smaller than its observed p-value. The conditional FDR (condFDR) is an extension
of the standard FDR, which incorporates information from GWAS summary statistics of a
second phenotype to adjust its significance level. The condFDR is defined as the probability
that a SNP is null in the first phenotype given that the p-values in the first and second
phenotypes are as small as or smaller than the observed ones. It is important to note that
ranking SNPs by the standard FDR or by p-values gives the same ordering of SNPs. In
contrast, ranking SNPs by condFDR will reorder SNPs when the primary and secondary
phenotypes are genetically related. The conjunctional FDR (conjFDR) is defined as the
posterior probability that a SNP is null for either phenotype or both simultaneously, given that
its p-values for association with both phenotypes are as small as or smaller than the observed
p-values™1°. A conservative estimate of the conjFDR is obtained by the maximum condFDR
for a given SNP after repeating the condFDR procedure for both traits and inverting their
roles 2°. Given that complex correlations in regions with intricate LD can bias FDR
estimation?, we excluded SNPs in the extended major histocompatibility complex and
chromosome 8p23.1 (genome build 19 locations 25119106-33854733 and 7242715
12483982, respectively) and SNPs in LD (r2>0.1) with such SNPs before fitting the FDR

models. P-values were corrected for inflation using a genomic inflation control procedure!®.



Genomic loci definition
We defined independent genomic loci using the FUMA, an online tool for functional mapping

of genetic variants (http://fuma.ctglab.nl/)??. Summary statistics from the GWASs on BIP and

CVD phenotypes were used as input for FUMA. First, independent significant SNPs were
identified as SNPs with condFDR < 0.01 and independent from each other at LD

r?< 0.6. Secondly, lead SNPs were identified by retaining those independent significant SNPs
that were independent from each other at r? <0.1. Next, distinct genomic loci were identified
by merging physically overlapping lead SNPs (LD blocks < 250 kb apart) selecting a SNPO
with the most significant p-value as a lead SNP if the merged locus. Borders of the genomic
loci were determined by identifying all SNPs in LD (r? = 0.6) with one of the independent
significant SNPs in the locus. The region containing all of these candidate SNPs was regarded
as a single independent genomic locus. All LD information was calculated from the 1000

Genomes Project reference panel®,

Effect sizes and genetic correlation

Effect size (z-scores) of the shared SNPs were obtained from the original summary statistics
(see original publications™®# ¢ 2% We estimated the genetic correlation using LD score
regression®. LD score regression was estimated using the Python-based package available at
https://github.com/bulik/ldsc. The procedure is described in the documentation of the package

(https://github.com/bulik/Idsc/wiki/Heritability-and-Genetic-Correlation).

Identification of novel BIP loci
We identified novel BIP loci by comparing the identified loci at conjFDR <0.05 with the loci
reported in the original BIP GWAS?, the most recent BIP GWAS?, the NHGRI-EBI

catalog?’, previous cond/conjFDR analyses and other studies reporting genome-wide


http://fuma.ctglab.nl/

significant BIP loci® "284%, The most recent BIP GWAS?® was not yet published and the
genomewide data were not available for analyses when the current study was performed.
Thus, we had to obtain the main results of the BIP GWAS from the preprint version on
MedRxiv for comparison with the findings of our current analysis. The main results of the

BIP GWAS did not change from preprint to published version?®.

Functional annotation

We used FUMA?2, an online annotation platform (http:/fuma.ctglab.nl/) to functionally
annotated all candidate SNPs in the genomic loci with a condFDR or conjFDR value<0.10
having an r?=0.6 with one of the independent significant SNPs. SNPs were annotated with
Combined Annotation Dependent Depletion (CADD) scores*®, RegulomeDB*’ scores, and
chromatin states*®4°, The CADD score is a deleterious score of variants computed by
integrating 63 functional annotations*®. The higher the score, the more deleterious. A CADD
score above 12.37 is the threshold to be potentially pathogenic*®. The RegulomeDB score is a
categorical score to guide interpretation of regulatory variants*’. It is based on information
from eQTLs and chromatin marks, ranging from 1a to 7 with lower scores indicating a higher
likelihood of having a regulatory function. Scores are as follows: 1a=eQTL + Transcription
Factor (TF) binding + matched TF motif + matched DNase Footprint + DNase peak;
1b=eQTL + TF binding + any motif + DNase Footprint + DNase peak; 1c=eQTL + TF
binding + matched TF motif + DNase peak; 1d=eQTL + TF binding + any motif + DNase
peak; 1le=eQTL + TF binding + matched TF motif; 1f=eQTL + TF binding / DNase peak;
2a=TF binding + matched TF motif + matched DNase Footprint + DNase peak; 2b=TF
binding + any motif + DNase Footprint + DNase peak; 2c=TF binding + matched TF motif +
DNase peak; 3a=TF binding + any motif + DNase peak; 3b=TF binding + matched TF motif;

A=TF binding + DNase peak; 5=TF binding or DNase peak; 6=other; 7=Not available*'.



The chromatin state represents the accessibility of genomic regions (every 200bp) with
15 categorical states predicted by a hidden Markov model based on 5 chromatin marks for
127 epigenomes in the Roadmap Epigenomics Project*. A lower state indicates increased
accessibility, with states 1-7 referring to open chromatin states. We annotated the minimum
chromatin state across tissues to SNPs. The 15-core chromatin states as suggested by
Roadmap are as follows: 1=Active Transcription Start Site (TSS); 2=Flanking Active TSS;
3=Transcription at gene 5’ and 3’; 4=Strong transcription; 5= Weak Transcription; 6=Genic
enhancers; 7=Enhancers; 8=Zinc finger genes & repeats; 9=Heterochromatic;
10=Bivalent/Poised TSS; 11=Flanking Bivalent/Poised TSS/Enh; 12=Bivalent Enhancer;
13=Repressed PolyComb; 14=Weak Repressed PolyComb; 15=Quiescent/Low. Standardized
SNP effect sizes were calculated for the most impactful SNPs by transforming the sample
size-weighted meta-analysis Z score, in line with Zhu et al.*°.

Furthermore, using FUMA??, we linked lead and candidate SNPs to genes applying
either of three gene mapping strategies: 1) positional mapping to align SNPs to genes based
on their physical proximity (i.e., within a 10kb window), 2) expression quantitative trait locus
(eQTL) mapping to match cis-eQTL SNPs to genes whose expression is associated with
allelic variation at the SNP level, and 3) chromatin interaction mapping to link SNPs to genes
based on three-dimensional DNA-DNA interactions between each SNP’s genomic region and
nearby or distant genes. We evaluated eleven eQTL databases in FUMA which contains
eQTL information from multiple human tissue types including several brain regions
(http://fuma.ctglab.nl/tutorial#eQTLS). The eQTL analyses were corrected for multiple
comparisons using an FDR threshold of 0.05. FUMA contains Hi-C data of over 21 tissue/cell
types including human brain tissue (https://fuma.ctglab.nl/tutorial#chromatin-interactions).
We used an FDR of 1 x 10 to define significant chromatin interactions based on the

suggestion by Schmitt et al.>°. FUMA was also used to identify previously reported GWAS



associations in the NHGRI-EBI catalog?’ and to evaluate gene ontology (GO)>! gene-set
enrichment for the genes mapped to all (candidate and lead) SNPs in the identified shared loci
and genes nearest to lead SNPs in the shared loci at conjFDR<0.05. Finally, we performed
pathway over-represented analyses of genes mapped to all (candidate and lead) SNPs in the
shared loci using ConsensusPathDB®2. ConsensusPathDB integrates interaction networks
involving binary and complex protein-protein, genetic, metabolic, signaling, gene regulatory
and drug-target interactions, along with biochemical pathways®2. ConsensusPathDB integrates
30 public interaction/pathway resources and has regular content updates, ensuring that this
database stays up-to-date and comprehensive®2. Other GWASs of overlapping loci between
complex traits have also applied ConsensusPathDB for pathway analysis” 5. Further, to
assess patterns of gene expression in the brain, we performed analysis of mapped genes with
reference to RNA-Seq data from Brainspan to selected spatio-temporal gene quantifications at
p<0.05 after Bonferroni correction®*¢, Weighted gene co-expression network analysis
(WGCNA) was used to the RNA-Seq dataset from Brainspan to identify pre-determined
clusters of co-expressed genes enriched with mapped genes for each phenotypic pair®’. Spatio-
temporal expression heatmaps were generated for the identified clusters®. Analyses were

corrected for multiple comparisons.

SUPPLEMENTARY RESULTS

MiXeR results

MiXeR results, including number of shared and unique trait-influencing variants and
corresponding standard error, are presented in Figure 1 and Table 1. Using MiXeR we
discovered extensive polygenic overlap between BIP and BMI, sharing 6.6k out of 12.5k
variants involved, as illustrated by the Venn diagram (Figure 1a). The shared variants

represent 81.5% of the genetic variants influencing BIP (8.1k) and 60% of the variants
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underlying BMI (11.0k). MiXeR also revealed polygenetic overlap between BIP and SBP,
sharing 1.8k out of 10.7k variants, as visualized in the Venn diagram (Figure 1b). The shared
variants with SBP represent 22.2% of the genetic variants influencing BIP (8.1k), and 40.9%
of variants influencing SBP (4.4k). Likewise, MiXeR identified polygenic overlap with DBP,
sharing 1.6k out of 10.4K variants, as seen in the Venn diagram (Figure 1c). The shared
variants with DBP represent 19.8% of the variants influencing BIP (8.1k) and 41.0% of the
variants influencing DBP (3.9k). Finally, using MiXeR we discovered genetic overlap
between BIP and CAD, sharing 0.9k out of 8.6k variants, as shown in the Venn diagram
(Figure 1d). The overlapping variants constitute 11.1% of the genetic variants influencing BIP
(8.1k) and 64.3% of the variants influencing CAD (1.4K).

The MiXeR estimates adequately model the GWAS data, as indicated by the model-
based Q-Q plots following the actual Q-Q plots (Supplementary Figures 3-6). However, the
model for BIP and CAD followed the actual Q-Q plots less closely at lower p-values
(Supplementary Figure 6), suggesting caution in interpreting the data. A larger CAD GWAS
is necessary to obtain more reliable MiXeR estimates. The negative log-likelihood plots also
illustrated adequate model fit, as indicated by the lowest point on the curve at n=the estimated
number of shared variants (Supplementary Figures 3-6). Further, AIC demonstrated sufficient
power of the model (Supplementary MiXeR Table). The positive AIC values indicate that the
MiXeR model is adequately powered to differentiate the estimated polygenic overlap from
minimum possible overlap (best vs. min. overlap) and maximum possible overlap (best vs
max. overlap) (Supplementary MiXeR Table).

MiXeR was not applied for the other CVD phenotypes due to inadequate model fit, as
demonstrated in the negative log-likelihood plots not showing a clear minimum on the curve

(Supplementary Figures 7a-d).
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Conditional FDR results

We observed consistent enrichment in BIP conditional on associations with CVVD phenotypes
(Supplementary Figure 1), and enrichment in CVD phenotypes given associations with BIP
(Supplementary Figure 2). This indicates polygenic overlap between BIP and CVD
phenotypes. To increase statistical power, we leveraged the pleiotropic enrichment using
condFDR analysis and re-ranked BIP SNPs conditional on their association with CVD
phenotypes, and vice versa. At condFDR<0.01, we identified 52 loci associated with

BIP conditional on their association with BMI (as previously reported’); 45 loci conditional
on SBP; 42 loci conditional on DBP, 22 conditional on TC, 21 conditional on LDL, 22
conditional on HDL, 32 loci conditional on T2D and 36 loci conditional on CAD
(Supplementary Tables 1-8). Next, we identified multiple loci associated with CVD
phenotypes conditional on associations with BIP, including 679 loci associated with BMI (as
previously reported?), 920 loci associated with SBP, 937 loci associated with DBP and 196
loci associated with TC (Supplementary Tables 9-12). Several loci were also associated with
LDL (n=147), HDL (n=191), T2D (n=71) and CAD (n=130) conditional on BIP

(Supplementary Tables 13-16).

Effect directions of shared lead SNPs between BIP and CVD phenotypes

We evaluated the directionality of allelic effects of the shared lead SNPs between the
phenotypes by investigating their z-scores. As denoted by the sign of the effect sizes, there
was a pattern of mixed effect directions of the shared SNPs between BIP and CVD risk
factors (Table 2). We discovered the same effect direction in 36/69 loci (52%) in BMI and
BIP as previously reported’, 26/53 loci (49.1%) in SBP and BIP, 25/53 loci (47.2%) in DBP

and BIP, 4/15 loci (26.7 %) in TC and BIP, 6/13 loci (46.2%) in LDL and BIP, 4/10 loci
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(40%) in HDL and BIP, 1/4 loci (25%) in T2D and BIP, and 7/10 loci (70%) in CAD and BIP

(Supplementary tables 17-24).

Gene-mapping results

Gene-mapping of lead SNPs: Among SNPs shared between BIP and BMI (69), positional
mapping aligned the SNPs to 48 genes, cis-eQTL mapping implicated 22 genes, and
chromatin interaction mapping implicated no genes (Supplementary Table 17). Among lead
SNPs shared with SBP (53), positional mapping linked the SNPs to 42 genes, cis-eQTL
mapping indicated 28 genes, and chromatin interaction mapping implicated 4 genes
(Supplementary Table 18). Among the SNPs shared with DBP (53), positional mapping
linked the SNPs to 42 genes, cis-eQTL mapping linked the SNP to 30 genes, and chromatin
interaction mapping implicated 5 genes (Supplementary Table 19). Of SNPs shared with TC
(15), positional mapping aligned the SNPs to 13 genes, cis-eQTL mapping implicated 10
genes, and chromatin interaction mapping implicated 2 genes (Supplementary Table 20).
Among SNPs shared with LDL (13), positional mapping linked the SNPs to 10 genes, cis-
eQTL mapping indicated 8 genes, and chromatin interaction mapping implicated no genes
(Supplementary Table 21). Among SNPs shared with HDL (10), positional mapping linked
the SNPs to 6 genes, cis-eQTL mapping indicated 8 genes, and chromatin interaction mapping
implicated one gene (Supplementary Table 22). Among the SNPs shared with T2D (4),
positional mapping linked the SNP to 2 genes, cis-eQTL mapping indicated 3 genes, and
chromatin interaction mapping implicated no genes (Supplementary Table 23). Among the 10
SNPs shared with CAD, positional mapping linked the SNP to 6 gene, cis-eQTL mapping
indicated 6 genes, and chromatin interaction mapping implicated one gene (Supplementary

Table 24). Since chromatin interaction mapping and eQTL mapping were restricted to genes
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in the brain, the current results implicated that most of the shared loci were linked to genes
expressed in the brain.

Gene-mapping of candidate SNPs: Using FUMA, we linked the candidate SNPs in the
shared loci between BIP and BMI to 226 protein-coding genes (Supplementary Table 34).
Positional mapping linked the SNPs to 159 genes, cis-eQTL mapping linked the SNP to 124
genes, and chromatin interaction mapping implicated 3 genes (Supplementary Table 34).
FUMA linked the candidate SNPs in the shared loci between BIP and SBP to 226 protein-
coding genes (Supplementary Table 35). Positional mapping linked the SNPs to 159 genes,
cis-eQTL mapping indicated 124 genes, and chromatin interaction mapping implicated 3
genes (Supplementary Table 35). FUMA linked the candidate SNPs in the shared loci
between BIP and DBP to 282 protein-coding genes (Supplementary Table 36). Positional
mapping linked the SNPs to 205 genes, cis-eQTL mapping linked the SNP to 138 genes, and
chromatin interaction mapping implicated 20 genes (Supplementary Table 36). FUMA linked
the candidate SNPs in the shared between BIP and TC to 109 protein-coding genes
(Supplementary Table 37). Positional mapping linked the SNPs to 66 genes, cis-eQTL
mapping linked the SNP to 69 genes, and chromatin interaction mapping implicated no genes
(Supplementary Table 37). FUMA linked the candidate SNPs in the shared between BIP and
LDL to 74 protein-coding genes (Supplementary Table 38). Positional mapping linked the
SNPs to 40 genes, cis-eQTL mapping linked the SNP to 53 genes, and chromatin interaction
mapping implicated no genes (Supplementary Table 38). FUMA linked the candidate SNPs in
the shared between BIP and HDL to 68 protein-coding genes (Supplementary Table 39).
Positional mapping linked the SNPs to 35 genes, cis-eQTL mapping linked the SNP to 41
genes, and chromatin interaction mapping implicated 6 genes (Supplementary Table 39).
FUMA linked the candidate SNPs in the shared between BIP and T2D to 23 protein-coding

genes (Supplementary Table 40). Positional mapping linked the SNPs to 14 genes, cis-eQTL
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mapping linked the SNP to 16 genes, and chromatin interaction mapping implicated no genes
(Supplementary Table 40). FUMA linked the candidate SNPs in the shared between BIP and
CAD to 63 protein-coding genes (Supplementary Table 41). Positional mapping linked the
SNPs to 34 genes, cis-eQTL mapping linked the SNP to 44 genes, and chromatin interaction
mapping implicated one gene (Supplementary Table 41). In line with the genes mapped to
lead SNPs, the majority of the genes mapped to candidate SNPs in the shared loci between

BIP and CVD phenotypes were expressed in the brain.
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Supplementary Figure 1. Polygenic overlap between BIP and CVD phenotype. Conditional

Q-Q plots of nominal versus empirical —log10p values (corrected for inflation) in BIP below

the standard GWAS threshold of p <5 x 10—8 as a function of significance of association

with CVD phenotype, at the level of p < 0.1, p < 0.01, p < 0.001, respectively. The blue lines
indicate all SNPs. The dashed lines indicate the null hypothesis. The Q-Q plot for BIP and

BMI is previously published in Bahrami et al. 2020°. Abbreviations: BIP, bipolar disorder;

CVD, cardiovascular disease; BMI, body mass index; SBP, systolic blood pressure; DBP,

diastolic blood pressure; TC, total cholesterol; HDL, high-density lipoprotein cholesterol;

LDL, low density lipoprotein cholesterol; T2D, type 2 diabetes; CAD, coronary artery
disease. The conditional Q-Q plots build on the condFDR method.
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Supplementary Figure 2. Polygenic overlap between BIP and CVD phenotype. Conditional

Q-Q plots of nominal versus empirical —log10p values (corrected for inflation) in CVD

phenotype below the standard GWAS threshold of p <5 x 10—8 as a function of significance

of association with BIP, at the level of p < 0.1, p < 0.01, p < 0.001, respectively. The blue

lines indicate all SNPs. The dashed lines indicate the null hypothesis. The Q-Q plot for BIP

and BMI is previously published in Bahrami et al. 20207, Abbreviations: BIP, bipolar

disorder; CVD, cardiovascular disease; BMI, body mass index; SBP, systolic blood pressure;

DBP, diastolic blood pressure; TC, total cholesterol; HDL, high-density lipoprotein

cholesterol; LDL, low density lipoprotein cholesterol; T2D, type 2 diabetes; CAD, coronary

artery disease. The conditional Q-Q plots build on the condFDR method.
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Supplementary Figure 3. Venn Diagrams, conditional Q-Q plots, and negative log-likelihood plot,
respectively. Venn diagrams of shared and unique trait-influencing variants, showing polygenic overlap (gray)
between bipolar disorder (BIP) (blue) and body mass index (BMI) (orange). The numbers in the Venn
diagram indicate the estimated quantity of trait-influencing variants (in thousands), explaining 90% of SNP
heritability in each phenotype, followed by standard error. Conditional O—Q plots of observed versus
expected —logio p-values in the primary trait as a function of significance of association with a secondary trait
at the level of p < 0.1, p<0.01, p <0.001. Blue line indicates all SNPs. Dotted lines in blue, orange, green,
and red indicate model predictions for each stratum. Black dotted line is the expected Q—Q plot under null
hypothesis. Negative log-likelihood plot: minus log-likelihood calculated for the bivariate model as a function

of m parameter. The remaining parameters of the model were constrained to their fitted values. Figure

generated from MiXeR.
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Supplementary Figure 4. Venn Diagrams, conditional Q-Q plots, and negative log-likelihood plot, respectively.
Venn diagrams of shared and unique trait-influencing variants, showing polygenic overlap (gray) between
bipolar disorder (BIP) (blue) and systolic blood pressure (SBP) (orange). The numbers in the Venn diagram
indicate the estimated quantity of trait-influencing variants (in thousands), followed by standard error.
Appearance of the Q-Q plot and negative log-likelihood plot are described below Supplementary Figure 3.

Figure generated from MiXeR.
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respectively. Venn diagrams of shared and unique trait-influencing variants, showing polygenic overlap (gray)
between bipolar disorder (BIP) (blue) and diastolic blood pressure (DBP) (orange). The numbers in the Venn
diagram indicate the estimated quantity of trait-influencing variants (in thousands), followed by standard
error. Appearance of the Q-Q plot and negative log-likelihood plot are described below Supplementary Figure

3. Figure generated from MiXeR.
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diagram indicate the estimated quantity of trait-influencing variants (in thousands, followed by standard error.
Appearance of the Q-Q plot and negative log-likelihood plot are described below Supplementary Figure 3.

Figure generated from MiXeR.
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Supplementary MiXeR Table. Results of cross-trait analysis
with the MiXeR model

Traitl | Trait2 AIC
best vs min. overlap | best vs max. overlap
BIP BMI 52.14 5.69
BIP SBP 23.21 35.21
BIP DBP 17.68 36.64
BIP CAD 6.00 3.69

AIC - results from Akaike information criterion, showing AIC
calculated for the full versus reduced bivariate MiXeR model,
constrained to minimal feasible polygenic overlap (“best vs min.”)
or to the complete polygenic overlap (“best vs max.”). A positive
AIC value provides evidence for the polygenic overlap, shown in
the MiXeR Venn diagram. BIP: Bipolar disorder; BMI, body mass

index; SBP, systolic blood pressure; DBP, diastolic blood pressure;

CAD, coronary artery disease.
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Supplementary Figure 7a-d. Venn Diagrams, conditional Q-Q plots, and negative log-likelihood plot,
respectively. Venn diagrams of shared and unique trait-influencing variants, showing polygenic overlap (gray)
between bipolar disorder (BIP) (blue) and a) type 2 diabetes (T2D) (orange), b) total cholesterol (TC)
(orange), c¢) low-density lipoprotein (LDL) (orange) and d) high-density lipoprotein (HDL) (orange). The
numbers in the Venn diagram indicate the estimated quantity of trait-influencing variants (in thousands),
explaining 90% of SNP heritability in each phenotype, followed by standard error. Conditional O—Q plots of
observed versus expected —logio p-values in the primary trait as a function of significance of association with
a secondary trait at the level of p < 0.1, p <0.01, p < 0.001. Blue line indicates all SNPs. Dotted lines in blue,
orange, green, and red indicate model predictions for each stratum. Black dotted line is the expected Q—Q plot
under null hypothesis. Negative log-likelihood plot. minus log-likelihood calculated for the bivariate model as
a function of  parameter. The remaining parameters of the model were constrained to their fitted values.

Figure generated from MiXeR.
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Supplementary Figure 8. Spatio-temporal gene expression for all genes mapped to candidate SNPs
associated with bipolar disorder (BIP) and each CVVD phenotype, including a) body mass index (BMI),
b) systolic blood pressure (SBP), c) diastolic blood pressure (DBP), d) total cholesterol (TC), €) low-
density lipoprotein (LDL) cholesterol, f) high-density lipoprotein (HDL) cholesterol, g) type 2 diabetes
(T2D), h) coronary artery disease (CAD). Period of development on the x axis and neuroanatomical
region on the y axis. We used RNA-Seq data from Brainspan and Weighted gene co-expression network
analysis. Brain regions abbreviations: S1C: Primary Somatosensory Cortex; STC: Superior Temporal
Cortex; ITC: Inferior Temporal Cortex; MFC: Medial Prefrontal Cortex; OFC: Orbital Prefrontal Cortex;
M1C: Primary Motor Cortex; V1C: Primary Visual Cortex; VFC: Ventrolateral Prefrontal Cortex; IPC:
Posterior Inferior Parietal Cortex; A1C: Primary Auditory Cortex; DFC: Dorsolateral Prefrontal Cortex;
AMY: Amygdala; HIP: Hippocampus; CBC: Cerebellar Cortex; MD: Mediodorsal Nucleus of the
Thalamus; STR: Striatum.
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