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Supplementary Note for
Modeling tissue co-regulation estimates tissue-specific contributions to disease

Supplementary Table Captions

Supplementary Table 1. Numerical results for robustness and power of TCSC regression in
simulations. Across six different eQTL sample sizes, we evaluate the causal and null bias in
estimates of disease heritability explained by the cis-genetic component of gene expression in
tissue t’ (h;e(t,)), the type | error, and the power of TCSC. The standard errors (SE) are
computed as the standard deviation of measurements across simulations divided by the square
root of the number of simulations, e.g. 1,000. Type | error is measured as the percentage of
estimates of h;e(t,) for non-causal tissues that were significantly positive for non-causal tissues
at p < 0.05 for nominal significance or at 5% FDR across tissues using a one-sided z-test. Power
is measured as the percentage of estimates of h;e(t,) for causal tissues that were significantly
positive at p < 0.05 for nominal significance or at 5% FDR across tissues using a one-sided z-test.

Supplementary Table 2. Type | error and power of RTC Coloc, LDSC-SEG, RolyPoly, and
CoCoNet in simulations. We implemented all methods as previously described and applied it to
our TCSC simulation framework, such that the same eQTL effect sizes and co-regulation was
used. We performed 1,000 simulations of LDSC-SEG, RolyPoly, and CoCoNet and 100
simulations of RTC Coloc, due to the complexity and prohibitively large computation time of
RTC Coloc.

Supplementary Table 3. Numerical results for robustness and power of cross-trait TCSC in
simulations. Across six different eQTL sample sizes, we evaluate the causal and null bias on the
estimate of tissue-specific contributions to covariance, the type | error, and the power of cross-
trait TCSC. The standard errors (SE) are computed as the standard deviation of measurements
across simulations divided by the square root of the number of simulations, e.g. 1,000. Type |
error is measured as the percentage of estimates of wg, ;) for non-causal tissues that were
significantly positive at p < 0.05 for nominal significance or at 5% FDR across tissues using a
one-sided z-test. Power is measured as the percentage of estimates of w ;) for causal tissues
that were significantly positive at p < 0.05 for nominal significance or at 5% FDR across tissues
using a one-sided z-test.

Supplementary Table 4. List of 78 diseases and complex traits analyzed in primary analyses.
We selected 78 diseases/traits, 33 of which are from UK Biobank, such that all summary
statistics have SNP-heritability z-score > 6 and no pair of traits have a squared genetic
correlation greater than 0.1 as well as substantial sample overlap. We report the SNP-
heritability, standard error, z-score, GWAS sample size, trait nickname used to index traits in
plots and tables, and the name of the most closely related trait analyzed in previous studies®2.

Supplementary Table 5. Numerical results for tissue-specific contributions to disease and
complex trait heritability. For each significant tissue-trait pair identified by TCSC as reported in
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Fig. 3, we report the value of s, or the proportion of SNP-heritability explained by tissue-
specific predicted gene expression, and the false discovery rate for each finding. We also report
the result of an independent analysis for traits for which we could easily obtain independent
GWAS summary statistics.

Supplementary Table 6. Numerical results for tissue-specific contributions to disease and
complex trait heritability for all tissues and diseases/traits analyzed. For every tissue-trait pair
analyzed by TCSC, across 39 tissues and 78 diseases/traits, we report the phenotypic variance
explained by tissue-specific predicted gene expression, hf}e(t,), the jackknife standard error of
this quantity, the nominal P value from a one-sided z-test, the FDR calculated across tissues
per-trait, the value of m,/, and the standard error of ,/. We estimated the standard error of
this quantity using a genomic block jackknife. We note that no value of h;e(a” tissues) €xceeds

the SNP-heritability for a given trait. The largest value of hf]e(a” tissues) 1S 0.68, which is for red
blood cell distribution width.

Supplementary Table 7. Median jackknife P values across traits for each tissue. Here we
report the median jackknife P value across traits for each tissue. For pairs of tissues with high
genetic correlation, if the median jackknife P value is substantially different across traits, this
means TCSC is systematically more likely to identify the tissue with lower median jackknife P
value as a causal tissue relative to the other, and this might suggest an issue in quality of gene
expression prediction models from the tissue with larger median jackknife P value.

Supplementary Table 8. Numerical results for tissue-specific contributions to disease and
complex trait heritability in secondary analysis of 23 tissues, removing tissues with small
eQTL sample size. To increase the power of TCSC to identify causal tissues, we removed tissues
with eQTL sample size less than 320. As a result, we analyzed 23 tissues across 78
diseases/traits. We report the same quantities reported in Supplementary Table 6.

Supplementary Table 9. Statistical significance of differences between TCSC estimates in
primary and secondary analyses. For every significant tissue-trait pair identified in the primary
analysis (analysis of 39 tissues, Fig. 4), we assessed if the value of ,» was significantly different
than the value produced in the secondary analysis (analysis of 23 tissues, Supplementary Table
8). We used a genomic block jackknife to assess the difference and using a two-sided test,
identified that no differences were significantly nonzero at 10% FDR.

Supplementary Table 10. List of 41 brain diseases/traits analyzed in brain-specific analysis.
We performed a brain-specific TCSC analysis to exploit the diversity of brain tissues provided by
GTEx (n = 13 brain tissues). We analyzed 41 brain diseases/traits using a similar trait selection
procedure as was used to select the 78 diseases/traits previously analyzed. However, we first
selected for diseases/traits that were behavioral or a known cognitive disorder and iteratively
removed traits until no pair of traits had a squared genetic correlation greater than 0.25.
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Supplementary Table 11. List of 13 GTEx brain tissues analyzed in brain-specific analysis. For
the brain-specific TCSC analysis, we built gene expression prediction models using all European
samples from each of 13 GTEx brain tissues, without subsampling or meta-analysis. Here we list
the name and eQTL sample size of each GTEx brain tissue, e.g. tissue names beginning with
“Brain_". For this analysis, we excluded several tissues relevant to the central nervous system,
including pituitary (N = 220) and tibial nerve (N > 320).

Supplementary Table 12. Numerical results for tissue-specific contributions to disease and
complex trait heritability in brain-specific analysis. For every brain tissue and brain trait
analyzed in the brain-specific TCSC analysis, we report m,, its standard error, and false
discovery rate.

Supplementary Table 13. Numerical results for comparison of disease-critical tissues
identified by RTC Coloc, LDSC-SEG and TCSC for 5 representative traits. For every tissue-trait
pair shown in Fig. 4, we report the FDR and -log1oFDR of the association statistic for each
method (enrichment statistic for Ongen 2017 RTC Coloc, tau* S-LDSC statistic for Finucane 2018
LDSC-SEG, and . for TCSC). The seven traits are the ones having at least one significantly
associated tissue across the three methods with the largest SNP-heritability z-score. The tissues
reported here are the causal tissues for each of the five traits as well as the most genetically
correlated tissue (using marginal eQTL effect sizes).

Supplementary Table 14. Numerical results for comparison of disease-critical tissues
identified by RTC Coloc, LDSC-SEG and TCSC for all 21 diseases/traits with causal tissue-trait
associations identified by TCSC. We report the FDR and -logi0FDR of the association statistic for
each method across all traits shown in Fig. 3 and each tissue with an association statistic with
FDR < 5%.

Supplementary Table 15. Numerical results for comparison of disease-critical tissues
identified by RTC Coloc, LDSC-SEG and TCSC for all diseases/traits and tissues included in
these comparisons. We report the FDR and -logioFDR for every tissue-trait pair (39 tissues, 78
traits) across each of three compared methods. A value of NA indicates that the tissue-trait pair
was not analyzed by the corresponding method.

Supplementary Table 16. Numerical results for comparison of disease-critical tissues
identified by RTC Coloc, LDSC-SEG and TCSC for brain-specific analysis. We report the FDR and
-log10FDR for the brain-specific analysis for each of 41 brain traits, 13 brain tissues, and 3
methods, restricting to tissues and traits with a TCSC finding at FDR < 10%, plotted in Extended
Data Fig. 8. A value of NA indicates that the tissue-trait pair was not analyzed by the
corresponding method.

Supplementary Table 17. List of 262 pairs of diseases/traits analyzed by cross-trait TCSC. We
computed the genetic correlation between all pairs of 78 diseases/traits and selected those
pairs with genetic correlation two-sided z-test P value < 0.05/3,003 pairs of traits, e.g. using a
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Bonferroni correction threshold. Here, we report the genetic correlation z-score of these pairs
and the estimate of the covariance.

Supplementary Table 18. Numerical results for tissue-specific contributions to the genetic
covariance of two diseases/traits (Figure 6A). For all tissue-trait covariance pairs identified by
TCSC at 10% FDR, we report the value of {,/, or the proportion of covariance explained by
predicted gene expression in tissue t’ and the FDR.

Supplementary Table 19. Numerical results for tissue-specific contributions to the genetic
covariance of two diseases/traits for all tissues and disease/trait pairs analyzed. For all tissue-
trait covariance pairs analyzed by TCSC, we report the estimated tissue-specific covariance, its
jackknife standard error, nominal P value from a two-sided z-test, {;,» and corresponding
standard error, FDR, and genome-wide covariance for the trait pair.

Supplementary Table 20. List of tissue-trait covariance pairs and reported differences in
tissue-specific contributions to genetic covariance vs. constituent trait heritability. For every
pair of traits implicated by Figure 6 and for each of 38 tissues, we assess the difference
between {, and ./ for each trait. We identified five tissue-trait covariance pairs for which the
difference was significantly nonzero while the value of ;s was not significantly different than
zero at a significance threshold of 5% FDR across tissues per-trait.

Supplementary Table 21. Scenarios where TCSC has more power in the cross-trait analysis
than in the single-trait analysis. We used primary simulations and performed new simulations
in which tissue-specific contributions to covariance where greater than tissue-specific
contributions to heritability in order to report the percentage of simulations in which the causal
tissue was detected in the cross-trait analysis but not detected in both of the single-trait
analyses.
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Supplementary Note
Simulation Framework

We employed a widely used TWAS simulation framework (Mancuso Lab TWAS
Simulator, see Code Availability) to assess the power, bias, and calibration of TCSC in the
presence of co-regulation across genes and tissues. We simulated a genome in which there are
1,000 protein-coding genes from chromosome 1, of which 100 (10%) are causal®. For each
tissue, 500 genes were chosen to be cis-heritable; in the causal tissue and the three most highly
genetically correlated tagging tissues, all 100 causal genes were cis-heritable. Each primary
simulation consists of 10 tissues, of which at least one is causal, defined as having nonzero
gene- disease effect sizes. We create a covariance structure among tissues mimicking empirical
GTEx data. We use a previously published method to estimate the causal cross-tissue
correlation of eQTL effect sizes which is 0.75%. Briefly, this method extends cross-trait LD score
regression and leverages cis-eQTL summary statistics across all expressed genes in a tissue to
compute cross-tissue genetic correlations. We observe that not all GTEx tissues are equally
correlated to one another. We estimate three different cross-tissue eQTL correlation quantities:
(1) average correlation across all pairs of tissues = 0.75, (2) average correlation across similar
tissues = 0.80, e.g. brain (13 in GTEx) or adipose (2 in GTEXx) tissues, and (3) average correlation
across dissimilar tissues, e.g. pairs of brain and adipose tissues = 0.74. To represent these
biological modules, we let simulated tissues 1-3 have higher correlation of true eQTL effects to
one another than to other tissues; likewise for tissues 4-6 and 7-10. We set covariance
parameters, described below, such that the similar tissues had an average eQTL correlation of
0.795 across genes, dissimilar tissues have an average eQTL correlation of 0.722, and the
average eQTL correlation across any pair of tissues is 0.753. We use real genotypes from
European individuals in the 1000 Genomes Project to define the pairwise SNP LD structure
which is used to simulate genotypes, gene expression traits, and complex traits/diseases. We
simulate each gene having 5 true cis-eQTLs, based on the upper bound of empirical data from
GTEx® and others®, as well as the value used in other TWAS simulation methods’. Between pairs
of co-regulated tissues, the same gene shares 3 cis-eQTLs. Between pairs of co-regulated genes
in the same tissue, 3 cis-eQTLs are shared. The minimum allowed cis-heritability of a gene is
0.01 in our simulations. Cis-heritability is approximated as the sum of squared true cis-eQTL
effect sizes, as done previously®. The cis-heritability of each gene was sampled from an
exponential distribution, and neighboring co-regulated genes were assigned the same
heritability to maximize gene-gene co-regulation. In each tissue, the average cis-heritability
(across genes) was set to 0.08 (sd = 0.05, ranging from 0.01 to 0.40) in order to achieve an
average estimated cis-heritability (across significantly cis-heritable genes, estimated by GCTA?)
varying from 0.11 to 0.31 (across gene expression sample sizes), which matches empirical
values from GTEx>. Effect sizes for the 3 shared eQTLs across tissues are sampled from a
multivariate normal distribution with mean 0 and a variance-covariance matrix. We define the
variance and covariance terms of this matrix such that (1) the proportion of genes detected as
significantly cis-heritable by GCTA at a given sample size and (2) the average cis heritability of
detected genes at a given sample size match empirical observations from GTEx data at sample
sizes N = 100, 200, 300 and 500. As a result, the diagonal of the variance-covariance matrix, e.g.
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the variance term, is set to 0.075, and the off-diagonal elements are set to the product of the
variance term and the desired correlation for each tissue pair, described above.

For each of 1,000 independent simulations per analysis, we simulate a GWAS (N =
10,000) by creating a complex trait which is the summation of the genetic components of
causal gene expression (in the causal tissue). We use simulated genotypes based on the LD
structure of 1000 Genomes. Gene-disease effect sizes are drawn from a normal distribution
with mean 0 and variance 1. In cross-trait TCSC analysis, effect sizes across genes between the
two traits are correlated with default Ry = 0.5. To simulate a GWAS trait, we first compute the
genetic component of each gene, which is the product of GWAS cohort genotypes and eQTL
effects, such that we have 100 gene-specific traits. We then add noise to each gene-specific
trait such that the total variance of the phenotype explained by the five eQTLs from the causal
tissue is equal to a specified value; the value of hf]e(t) in primary simulations is 10%. Then, we
multiply each gene-specific trait by the causal gene-disease effect size, consistent with the
additive generative model of gene-level effects on trait (see above). Finally, we take the sum
across all gene-specific traits to make one complex trait, where the total variance of the trait
explained by gene effects from the causal tissue is h;e(t), e.g. 10%.

We simulate an eQTL cohort of various gene expression sample sizes (N = 100, 200, 300,
500, 1000, 1500) using simulated genotypes based on the LD structure of 1000 Genomes. We
simulate total gene expression in the eQTL cohort by adding a desired amount of noise to the
genetic component of gene expression, e.g. the product of individual genotypes and true eQTL
effect sizes, with variance equal to one minus the gene expression heritability, which is the sum
of squared eQTL effects. Next, we fit gene expression prediction models by regressing the total
gene expression on eQTL cohort genotypes of cis variants using lasso regularization, a standard
approach used in TWAS. We define significantly cis-heritable genes as genes with GCTA
heritability P value < 0.01%° and heritability estimate > 0, and adjusted-R? > 0 in cross-validation
prediction.

Then we estimate co-regulation scores at each different eQTL sample size by predicting
gene expression into a cohort of 500 individuals, to approximate the size of the European
sample of 1000 Genomes (N = 489). Using significantly cis-heritable genes from each tissue at a
given sample size, we estimate gene and tissue co-regulation scores [(g, t; t") as described
above, including bias correction. In simulations, cis genes are defined as genes within the same
1 Mb block.

Then we apply TWAS to individual-level simulated GWAS data and gene expression
prediction models. We predict gene expression into each of the 10,000 GWAS cohort individuals
across all significantly cis-heritable genes for each tissue. We regress each complex trait on
predicted gene expression to obtain TWAS z-scores. Finally, we run TCSC by regressing TWAS x?2
statistics, or products of TWAS z-scores, on bias-corrected gene and tissue co-regulation scores.

We simulated four tissue-trait association methods: RTC Coloc?, LDSC-SEG?, RolyPoly'?,
or CoCoNet?!?, First, we simulated the RTC Coloc method? by leveraging our existing TCSC
simulation framework such that both methods could be compared via application to same
simulated data (Code Availability, ref.'3). We used the same simulated GWAS cohort of 10,000
individuals as in our TCSC simulations and then followed the steps of the RTC Coloc method as
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published. Briefly, we perform a genome-wide association study using our simulated complex
trait and the genotypes of our simulated GWAS cohort and select null variants with similar LD
properties. Then, we simulate an eQTL cohort consisting of total gene expression and
genotypes, using the same underlying true eQTL effect sizes as for TCSC simulations. Then, we
perform colocalization analysis of GWAS variants with eQTLs, across 10 tissues at 6 different
eQTL sample sizes, to obtain the regulatory trait concordance (RTC) score. This is repeated for
the set of null variants. Next, we perform colocalization analysis of eQTL variants between pairs
of tissues to obtain tissue-sharing RTC scores, and similarly repeat this for null variants. GWAS-
eQTL RTC scores are divided by tissue-sharing RTC scores summed across variants. Tissue-
specific enrichment is computed as the ratio of this quotient to the null quotient. The
enrichment P value is obtained using a Wilcox test comparing the values of the quotient to the
values of the null quotient.

Second, we simulated the three methods that utilize GWAS data and total expression
across tissues: LDSC-SEG? (using S-LDSC v1.0.0), RolyPoly!? (v0.1.0), and CoCoNet!? (v1.0). To
this end, we retained the full GWAS summary statistics from the RTC Coloc analysis above. We
separately simulated total expression across tissues in which the 100 causal genes in addition to
200 randomly selected genes were positively differentially expressed in the causal tissue and
the two tagging tissues in the same simulated “module” as the causal tissue, e.g. with higher
genetic correlation of gene regulatory effects. We also selected 100 random non-causal genes
to be negatively differentially expressed in the causal tissue and the other two module tissues.
For the remaining 7 tagging tissues, we randomly selected 300 genes to be positively
differentially expressed, some of which at random will be causal genes, and let the remaining
700 genes be negatively differentially expressed. Then, as previously done?, we calculated the t-
statistics for the specific expression of each gene in each tissue. While we have modules of
tissues that are more highly correlated to one another, these within-module tissues were
excluded from the calculation of t-statistics, as previously done?. Finally, we created SNP-based
annotations for each tissue, across 1000 simulations, and across 6 sample sizes, in which SNPs
within +/- 100 kb of a specifically expressed gene is assigned a value of 1 and 0 otherwise, as
previously done?. Then, we calculated LD scores and partitioned the heritability of our
simulated complex traits. For the simulations of RolyPoly and CoCoNet, we installed the
following R packages: rolypoly (v0.1.0) and CoCoNet (v1.0) and used the simulated data above
to run each method. While CoCoNet does not technically use GWAS summary statistics, but
rather gene-based “outcome variables”, we used the label of causal or non-causal for each gene
in each tissue of our simulations as the outcome variable.

Single-trait simulation analysis at large sample size

We simulated four larger gene expression sample sizes: 10K, 50K, 100K, and infinite sample size
(for infinite sample size, we used the true eQTL effect sizes in place of estimated effect sizes
from the gene expression prediction model). Due to the computational intractability of running
GCTA at these sample sizes across thousands of simulations, we used cross-validation adjusted-
R2> 0 in lieu of GCTA to define significantly cis-heritable genes in analyses at very large sample
sizes. We determined that the type | error of TCSC plateaus at 1,500 individuals (Fig. 2C); we
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also confirmed that the alternative definition of cis-heritable genes did not impact results at
intermediate sample sizes (Fig. 2C vs. Fig. 2B).

Cross-trait simulation analyses

We first evaluated the bias in TCSC estimates of the genetic covariance explained by the cis-
genetic component of gene expression in tissue t’ (wge(¢1)), for both causal and non-causal
tissues (Extended Data Fig. 2A, Supplementary Table 3). For causal tissues, TCSC produced
unbiased estimates of wy, ;) (conservative estimates when setting G, to the number of
significantly cis-heritable genes, rather than the number of true cis-heritable genes), analogous
to single-trait simulations. For non-causal tissues, TCSC again produced estimates of wge ;) that
were significantly positive when averaged across all simulations, but not large enough to
substantially impact type | error. We next evaluated the type | error of cross-trait TCSC for non-
causal tissues. TCSC was well-calibrated with type | error ranging from 5.4%-6.7% at p < 0.05
(Extended Data Fig. 2B). Finally, we evaluated the power of cross-trait TCSC for causal tissues.
We determined that cross-trait TCSC was modestly powered at realistic eQTL sample sizes, with
power ranging from 8%-27% across eQTL sample sizes at p < 0.05 (Extended Data Fig. 2C) (and
1-6% power at p < 0.004 corresponding to 5% per-trait FDR across tissues in these simulations;
Supplementary Table 3); as noted above, the power of TCSC varies greatly with the choice of
parameter settings (see below). In ROC curve analysis, TCSC attained an AUC of 0.67 (Extended
Data Fig. 1).

Secondary simulation analyses

We performed twelve secondary analyses. First, we varied the eQTL sample size across tissues.
Specifically, we set the eQTL sample size of the causal tissue to 300 individuals and the eQTL
sample sizes of the non-causal tissues to range between 100 and 1,500 individuals. We
observed inflated type | error for non-causal tissues (particularly those with larger eQTL sample
sizes), implying that large variations in eQTL sample sizes may compromise type | error
(Supplementary Fig. 1).

Second, we evaluated the robustness of TCSC when varying the number of expressed
genes in the causal tissue under four scenarios: (i) only the 500 cis-heritable genes are
expressed in the causal tissue, (ii) only 375 cis-heritable genes (including all 100 causal genes)
are expressed in the causal tissue, (iii) only 225 cis-heritable genes (including all 100 causal
genes) are expressed in the causal tissue, and (iv) only the 100 causal genes are expressed in
the causal tissue. We determined that type | error remained approximately well-calibrated in all
scenarios, and that power was dramatically improved and bias for non-causal tissues decreased
as the number of tagging genes in the causal tissue decreased (Supplementary Fig. 2-3); for
causal tissues, estimates of h;e(t,) were upward biased when setting G;, to the number of true
cis-heritable genes and unbiased when setting G;, to the number of significantly cis-heritable
genes across tissues.

Third, we varied the true values of hf]e(t,) (or wge(en) for causal tissues. We determined
that patterns of bias, type | error, and power were generally robust across different parameter
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values, although the smallest values resulted in lower power and greater bias for non-causal
tissues (Extended Data Figs. 3-4). Specifically, in Extended Data Fig. 3, we varied the value of

h;e(t,) for causal tissues across different eQTL sample sizes. In panel A, we observe that at type

I error is more consistent across different values of h;e(t,) at smaller eQTL sample sizes. At
larger eQTL sample sizes, smaller values of h;e(t,) have the lowest error rates, with the smallest
value not significantly different than 5%. In panel B, we observe that small values of hf]e(t,)
result in low power, medium values of h;e(t,) result in the greatest observed power, and
(potentially unrealistically) large values of h;e(t,) result in mediocre power. In panel C,

estimates of h;e(t,) are unbiased across sample sizes and different true values of h;e(t,). In

panel D, there is greater null bias for small eQTL sample sizes and larger values of h;e(t,) in the
causal tissue. These patterns are similar when varying the value of w4 ;) in Extended Data Fig.
4.

Fourth, we varied the number of causal tissues, considering 1, 2, or 3 causal tissues. We
observed that the power of TCSC decreased with multiple causal tissues but did not differ
greatly between 2 and 3 causal tissues (Supplementary Figs. 4-5); for causal tissues, estimates
of h;e(t,) were upward biased when setting G, to the number of true cis-heritable genes.
Specifically, in Supplementary Fig. 4, we varied the number of causal tissues in the TCSC model.
In panel A, the type | error tends to decrease with an increasing number of causal tissues. In
panel B, the power to detect two or three causal tissues was significantly less than the power to
detect a single causal tissue. In panel C, estimates of h;e(t,) for causal tissues have anti-
conservative bias for two or more tissues. In panel D, null bias decreases when there are
multiple causal tissues. We observe similar patterns in Supplementary Fig. 5 when varying the
number of causal tissues in cross-trait TCSC simulations.

Fifth, we varied the number of non-causal tissues from 0 to 9. For causal tissues, TCSC
estimates were upward biased with fewer tagging tissues but unbiased with more tagging
tissues (Extended Data Figs. 5-6). TCSC type | error and power were generally higher with fewer
tagging tissues; this finding does not compromise our real trait analysis, which involve a large
number of tissues. Specifically, in Extended Data Fig. 5, we varied the number of non-causal
tissues in the TCSC regression. In panel A, type | error decreased when increasing the number of
non-causal tissues. In panel B, power was greatest for one or two tagging tissues, but decreased
with every additional tagging tissue. In panel C, the estimate of h;e(t,) for causal tissues had
anti-conservative bias when there were fewer than 9 tagging tissues and unbiased when there
were 9 tagging tissues. In panel D, null bias of h;e(t,) for non-causal tissues is not significantly
different than zero where there is only one tagging tissue; the most extreme case of anti-
conservative null bias occurs at middle numbers of tagging tissues. We observed similar
patterns for cross-trait TCSC in Extended Data Fig. 6.

Sixth, we modified TCSC to not correct for bias in tissue co-regulation scores arising
from differences between cis-genetic and cis-predicted expression. We determined that
removal of bias correction resulted in conservative bias in estimates for causal tissues,
increased type | error, and similar power (Supplementary Figs. 6-7).

Seventh, we modified TCSC to apply bias correction to the calculation of all correlations
of cis-predicted expression contributing to co-regulation scores rather than only those involving
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the same gene and tissue, which resulted in a decrease in power, anti-conservative bias in
estimates for causal tissues, and similar type | error rate (Supplementary Figs. 8-9).

Eighth, we modified TCSC to use bias-corrected co-regulation scores in the calculation of
regression weights, which resulted in similar performance to the default setting
(Supplementary Figs. 10-11). We note that regression weights pertain to maximizing signal to
noise and not avoiding bias in estimates of hf]e(t); we continue to not perform bias correction
when calculating regression weights, consistent with GCSC2.

Ninth, we violated the model assumption that gene-disease effects are independent and
identically distributed (i.i.d.) across tissues by including a second causal tissue whose gene-
disease effects correlate with varying degree to the gene-disease effects of the original causal
tissue (Supplementary Figs. 12-13). We determined that while this increases noise to TCSC
estimates, the estimates are generally unbiased and TCSC is able to powerfully identify the
causal tissue, similar to the addition of a causal tissue where there are no shared gene-disease
effects (see Supplementary Figs. 4-5).

Tenth, we violated the i.i.d. model assumption by duplicating the causal tissue. We
determined that TCSC performs well, (e.g. frequently identifies both tissues as causal and
estimates h;e(t,) for both tissues without bias) despite the violation of model assumption
(Supplementary Fig. 14-15), similar to the previous analysis.

Eleventh, we evaluated the robustness of TCSC in the presence of disease heritability
that is not mediated via gene expression. We observed that all areas of TCSC performance are
affected, with slightly increased type | error rates, decreased power in the case of larger non-
mediated heritability, and upward bias in estimates of h;e(t,) for causal tissues (Supplementary
Fig. 16-17). However, in simulations incorporating the four larger gene expression sample sizes
(see above), we determined that the type | error of TCSC at a given level of non-mediated
disease heritability does not increase with larger gene expression sample size (Supplementary
Fig. 18-19).

Finally, we evaluated the robustness of TCSC to variation in the window size used to
identify co-regulated genes in the calculation of co-regulation scores and determined that TCSC
performance was robust and type | error decreased with larger window sizes (Supplementary
Fig. 20-21).

Analyzing GTEXx tissues

We downloaded GTEx v8 gene expression data for 49 tissues. We excluded tissues with
fewer than 100 samples, e.g. kidney cortex (n = 69). We retained only European samples for
each tissue, as labeled by GTEx via PCA of genotypes. We constructed gene expression models
for two scenarios: (1) subsampling to 320 individuals including meta-analyzed tissues (Table 1)
or (2) using all European samples per tissue. We recommend meta-analyzing gene expression
prediction models across tissues in the case of tissues with low eQTL sample size (e.g. < 320
samples) and high pairwise genetic correlation (e.g. > 0.93). We determined in simulations that
TCSC is sensitive to eQTL sample size differences, such that a tagging tissue with larger sample
size than a causal tissue can produce false positive results; the subsampling approach was
designed to mitigate this issue. For the subsampling procedure, we first set aside tissues with
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more than 320 samples; we chose 320 based on the average GTEx tissue sample size (N = 271)
and robustness of TCSC in simulations at N = 300. Then, we grouped tissues with genetic
correlation, e.g. marginal effect size correlation as reported by GTEx, with Ry > 0.93, an arbitrary
threshold that produced biologically plausible groups of related tissues, separating groups of
brain tissues based on cranial compartment. We meta-analyzed gene expression prediction
models for these grouped tissues in order to achieve a total sample size of 320 individuals
where each tissue contributed an approximately equal number of samples, using an inverse-
variance weighted meta-analysis across genes that were significantly cis-heritable in two or
more constituent tissues. The prediction weights of genes that were significantly cis-heritable in
a single constituent tissue were left unmodified.

Extended primary analysis of tissue-specific contributions to diseases and complex traits.

WHRadjBMI (waist-hip-ratio conditional on body mass index) and subcutaneous adipose tissue
(m, =0.10, s.e. = 0.037, P = 2.4 x 1073). A previous study comparing subcutaneous adipose
tissue to visceral adipose tissue found that the level of adiponectin, a hormone released by
adipose tissue to regulate insulin, is specifically associated with subcutaneous adipose tissue
and not visceral adipose tissue; and, adiponectin levels are significantly negatively correlated
with waist-hip-ratio'®. Furthermore, LDSC-SEG found WHRadjBMI to be associated not only
with subcutaneous adipose, but also with visceral adipose tissue. While RTC Coloc finds many
WHR-associated tissues, it was able to distinguish subcutaneous adipose (FDR = 2.9 X 107%)
from visceral adipose (FDR = 1).

HDL (high density lipoprotein) with subcutaneous adipose tissue (m, = 0.159, s.e. = 0.054, P =
1.5 x 1073) and whole blood (7, = 0.098, s.e. = 0.034, P = 1.8 X 1073). Previous work has
implicated subcutaneous adipose tissue in mediating HDL levels, as this tissue stores cholesterol
and expresses genes involved in cholesterol transport and HDL lipidation®®. The relationship
with whole blood is likely due to the role that red blood cells play in cholesterol transport, while
being a large proportion of cells in whole blood samples'®. Notably, TCSC did not identify liver
as a causal tissue for HDL, and this might be due to the smaller eQTL sample size of liver which
limits the power to detect this association.

BMI (body mass index) and brain cerebellum (. = 0.042, s.e. = 0.015, P = 2.6 x 1073). While
several studies have found that the central nervous system is enriched for genetic variation
associated with BMI and obesity!”>*8, the precise causal brain tissue is uncertain. Neither LDSC-
SEG nor RTC Coloc can distinguish between highly co-regulated brain tissues, such as the
cerebellum and cortex. Previous studies have indicated that the brain cerebellum takes part in
regulating feeding control (for example via connection to the hypothalamus) and therefore can
have substantial impacts on obesity related traits and diseases'®. Moreover, differential activity
has been observed in the brain cerebellum in individuals experiencing hunger, thirst, or
satiation'®. Furthermore, a different study associated the brain cerebellum with endocrine
homeostasis, suggesting that the cerebellum plays several important biological roles, rather
than strictly motor control?°. A more recent multi-omics approach identified that cerebellar
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nuclei in mice are activated when they are eating and even suggests a potential therapeutic
target for the management of excessive eating behavioral traits®..

Fecundity and brain cerebellum (m, = 0.075, s.e. = 0.024, P = 9.1 X 10~4). This is consistent
with the known relationship between fertility and energy metabolism, involving hormone
secretion, which is largely regulated by the brain. However, previous studies have specifically
linked fertility-related hormonal dysregulation to the hypothalamus and brainstem?223,

Total protein and fibroblasts (1, = 0.079, s.e. = 0.025, P = 7.0 X 10~%) and whole blood (=
0.081, s.e.=0.027, P = 1.5 x 1073). Fibroblasts are cells that play diverse roles across the
tissues of the body, markedly producing protein complexes that constitute the extracellular
matrices that define the structure of fibroblasts?*. Serum protein is a quantity measured from
whole blood, explaining the second relationship.

Cerebral cortex surface area and fibroblasts (m,» = 0.10, s.e. = 0.034, P= 1.8 X 1073). Tissue
surface areas are likely related to developmental processes governing body proportions. As
stated in the main text, TCSC identified fibroblasts (and skeletal muscle) as causal tissues for
height, the most commonly studied anthropometric phenotype, which suggests that
fibroblasts, as a connective tissue, likely regulates the growth of different organs and tissues.

Lipid traits and liver: AST (. = 0.077, s.e. = 0.025, P=9.2 X 10~%), RBC width (mpr =0.077, s.e.
=0.027, P=1.9 x 1073), total cholesterol (s = 0.14, s.e. = 0.044, P = 5.3 X 10™*), Bilirubin
(m,r =0.11, s.e. =0.036, P = 1.0 x 1073). These causal tissue-trait pairs are reasonable as the
liver is the production center of cholesterol and phospholipids.

Blood cell traits and whole blood: eosinophil count (,s = 0.17, s.e. =0.052, P= 6.5 X 107%),
lymphocyte count (s = 0.22, s.e. =0.053, P = 2.1 X 10™°), monocyte count (s = 0.25, s.e. =
0.078, P=7.5 x 10™%). These causal tissue-trait pairs are reasonable as these different blood
cell populations are present in whole blood.

MDD (Major depressive disorder) and whole blood (m,s = 0.068, s.e. = 0.022, P= 1.3 X 1073).
This is consistent with reports of elevated immune system cytokines in MDD cases?>.

Secondary analysis of tissue-specific contributions to diseases and complex traits (N = 320
tissues only)

Tissues with smaller eQTL sample size may be underpowered in TCSC analysis. This prompted
us to remove tissues with eQTL sample size less than 320 individuals. The number of causal
tissue-trait pairs with significantly positive contributions to disease/trait heritability (at 5% FDR)
increased from 21 to 23, likely due to a decrease in multiple hypothesis testing burden from
removing underpowered tissues. The 23 significant tissue-trait pairs reflect a gain of 8 newly
significant tissue-trait pairs (and a loss of 6 formerly significant tissue-trait pairs, of which 5
were lost because the tissue was removed), but estimates of m,/ for each significant tissue-trait
pair were not statistically different from our primary analysis (Supplementary Table 9).
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Notably, among the newly significant tissue-trait pairs, whole blood was associated with
hypothyroidism (1, = 0.100, s.e. = 0.032, P = 8.9 x 107*); we note that thyroid had a
quantitatively large but only nominally significant association (,» = 0.452, s.e. =0.225, P = 0.02,
FDR = 26%). Esophagus muscularis (rather than lung tissue) was associated with the lung trait
FEV1/FVC?® (s = 0.167, s.e. = 0.056, P = 1.4 X 1073). This result may be explained by the fact
that smooth muscle in the lung is known to affect FEV1/FVC and influence pulmonary disease
pathopysiology?’, and this unobserved causal tissue is likely highly co-regulated with the
smooth muscle of the esophagus, which is indeed the site from which the GTEx study sampled
the esophagus muscularis tissue. Other newly significant findings are discussed below and
numerical results for all tissues and diseases/traits are reported in Supplementary Table 8.

BMI and tibial nerve: This is broadly consistent with the role of the central nervous system in
BM|2817.2930.231 3lthough the precise causal relationship that might exist between tibial nerve
and BMl is not straightforward.

Additional causal tissues for platelet count identified in this secondary analysis include brain
cortex, esophagus muscularis, and fibroblasts. Regarding the brain, platelets are often found in
blood vessels and are key participants in thrombosis, or the clotting of blood vessels3?33,
Moreover, platelets have been linked to inflammation of death of neurons in the cortex and
hippocampus34. Regarding the esophagus muscularis, high platelet counts are associated with
greater severity of esophageal cancer, likely due to the angiogenic properties of platelets, e.g.
creating new blood vessels®. Regarding fibroblasts, these cells are known to be recruited to
sites of blood clots, caused by platelets, to remedy the clot3®. Therefore, increased presence of
fibroblasts likely reduces platelet activity in individuals with greater susceptibility to vascular
clotting. While it is possible that platelet count may have a diverse tissue-specific genetic basis,
this result could also be caused by an absent causal tissue or cell type that is co-regulated with
these three newly detected tissues.

Sleep duration and breast tissue: melatonin is a hormone whose levels are considered
protective for breast cancer risk®’. Melatonin is also a common supplement taken to promote
sleep. However, melatonin is produced in the brain, and therefore the causal relationship from
breast tissue to sleep duration is unclear.

Height with fibroblasts and muscle skeletal tissue. Skin tissue has been shown to widely express
growth factors, including embryonic growth factor which plays a key role in fetal
development32, Fibroblasts are the predominant cell type of skin tissue. Skeletal muscle is one
of the most likely causal tissues for anthropometric, or skeletal growth, traits such as height,
consistent with previous genetic studies identifying enrichments of height-associated genetic
variation near genes regulated in skeletal muscle!’?, which includes colocalization with eQTLs
regulating key growth factors such as IGFBP-3%.

RBC count with fibroblasts and whole blood: Red blood cells and fibroblasts work together
during tissue remodeling processes of extracellular matrices*®*!. However, these studies
suggest that red blood cells stimulate fibroblasts to secrete important tissue remodeling
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molecules, such as interleukin-8 and metalloproteinases. As a blood cell population, the causal
relationship between whole blood and red blood cell count is expected.

Eosinophil count with fibroblasts and muscle skeletal tissue: Similar to the role of red blood
cells in tissue remodeling described above, eosinophils also interact with fibroblasts in tissue
remodeling and fibrosis, although typically in response to inflammation and allergy*2.
Eosinophils have previously been implicated in myopathy, or muscular disease®, likely due to
their recruitment in response to allergy, infection, or cancer.

Testosterone and muscle skeletal tissue: atrophy of skeletal muscle is associated with lower
levels of testosterone, a hormone produced by the testes and understood to be regulated by
brain tissues**>, These studies suggest that there is a causal relationship of testosterone on
muscle skeletal tissue, rather than the reverse relationship suggested by TCSC.

Secondary analysis of brain-specific contributions to diseases and complex traits

While a subset of our diseases/traits are psychiatric and behavioral phenotypes, we sought to
increase the power of our TCSC analysis by restricting tissues to those that are in the brain. We
identified 41 independent brain-related traits, reflecting a less stringent squared genetic
correlation threshold of 0.25. We relaxed our threshold so that we would have a substantial
number of brain traits to analyze, as many would were excluded under the original threshold of
0.1. The 13 GTEXx brain tissues were analyzed without merging tissues into meta-tissues, and
irrespective of eQTL sample size (range: N = 101-189 individuals); we expected power to be
limited due to the eQTL small sample sizes and substantial co-regulation among individual brain
tissues. TCSC identified 8 brain tissue-brain trait pairs at 5% FDR (Extended Data Fig. 8,
Supplementary Table 12). For ADHD, TCSC identified brain hippocampus as a causal tissue

(mpr =0.127,s.e.=0.045, P= 2.5 X 1073), consistent with the correlation between
hippocampal volume and ADHD diagnosis in children*®. A recent ADHD GWAS identified a locus
implicating the FOXP2 gene?’, which has been reported to regulate dopamine secretion in
mice*®; hippocampal activation results in the firing of dopamine neurons*. For BMI, TCSC
identified brain amygdala (1, = 0.054, s.e. = 0.023, P = 8.3 % 1073) and brain cerebellum (r,s =
0.039, s.e.=0.016, P = 7.0 x 1073) as causal tissues, consistent with previous work linking the
amygdala to obesity and dietary self-control®, although no previous study has implicated the
amygdala in genetic regulation of BMI. As for brain cerebellum, previous research has
implicated the cerebellar function in dietary behavior, rather than strictly regulation motor
control function?%1921, We note that the brain-specific analysis is expected to have greater
power to identify tissue-trait pairs than the analysis of Fig. 3 due to the smaller number of total
tissues in the model (as simulations show higher power for TCSC when there are fewer tagging
tissues; Extended Data Fig. 5). Numerical results for all brain tissues and brain traits analyzed
are reported in Supplementary Table 12.

Caudate volume and accumbens: In individuals with major depressive disorder, the basal
ganglia, of which the nucleus accumbens is a component, has an attenuated response to
positive stimuli compared to healthy controls; and, it has been observed that this associates
with reduced caudate volume®2.
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Anisotropy mode with accumbens and cerebellum: Mode of anisotropy reflects the
organization of white matter fibers in the brain and is used to suggest abnormalities in brain
connections®?. Therefore, any brain tissue connected to white matter could be causal for
morphological anisotropy mode; indeed the nucleus accumbens and cerebellum have
connections to white matter>3°4,

Schizophrenia with brain frontal cortex, brain cerebellum, and brain caudate. The association
with the frontal cortex is consistent with previous studies reporting differences in gray and
white matter volumes in schizophrenia cases vs. controls within the prefrontal cortex>>°®.
Previous large-scale genetic studies identified enrichments of schizophrenia-associated variants
in gene sets regulating excitatory and inhibitory neurons?°7°8, but did not distinguish the origin
of this enrichment among the cortex, hippocampus, and amygdala. The association with the
cerebellum might be due to its large proportion of neurons, and is also consistent with previous
reports of decreased blood flow within the cerebellum in schizophrenia patients®. The
association with caudate is consistent with early studies reporting schizophrenia-like
characteristics in patients with damaged caudate projections®®®!, While TCSC often identifies
one causal tissue for a given trait, the identification of three causal tissues for schizophrenia
may reflect a diverse tissue-specific genetic basis for the disease, the absence of the true causal
tissue or cell type and its co-regulation with analyzed tissues, or the common presence of the
true causal cell type among each of the three tissues.

Bipolar disorder with caudate and cerebellum: This is consistent with previous work linking
reduced cerebellar volume to anxiety-related disorders®%%3 and is similarly consistent with
previous work associating reduced caudate volumes with bipolar disorder®.

Reaction time and cerebellum: This is consistent with previous studies in patients and monkeys
with reduced reaction time and cerebellar lesions®®.

Cerebral cortex width with frontal cortex and spinal cord: Intuitively, the frontal cortex has a
causal effect on the tissue of the same name. While the connection between spinal cord and
cerebral cortex is not as straightforward, the spinal cord and hypothalamus are connected via
hypothalamic projections®® and hypothalamic projections to the cerebral cortex are responsible
for propagating autonomic signaling®’.

Starting age of smoking habit and frontal cortex: This is consistent with previous work reporting
that development of the frontal cortex during adolescence is associated with behaviors and

lifestyle choices, such as smoking®®.

Brainstem volume and spinal cord: This is consistent with the brainstem being the connection
point of the brain to the spinal cord®.

Brain-specific comparison across RTC Coloc, LDSC-SEG and TCSC



643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685

In the brain-specific analysis, patterns of LDSC-SEG and RTC Coloc were striking. First, LDSC-SEG
did not identify heritability enrichments in any brain tissues other than cerebellum and cortex,
suggesting that these two tissues are the only disease relevant parts of the brain, although this
is highly unlikely. For example, for four traits LDSC-SEG produced very similar enrichments for
the frontal cortex and the cortex. TCSC attributed these associations to the brain cerebellum,
and in the specific case of schizophrenia, also implicated the frontal cortex. Second, six of the
ten brain traits, for which TCSC identified a causal tissue at 10% FDR, had no associated tissue
according to LDSC-SEG; these traits coincided with traits not analyzed by the RTC Coloc study.
We note that the RTC Coloc study did not analyze all GTEx tissues; brain amygdala, spinal cord,
and substantia nigra were omitted from their study. Lastly, RTC Coloc found 8 of 8 tested
tissues shown in Extended Data Fig. 10 to be associated with schizophrenia and four of 8 tested
tissues to be associated with BMI, a superset of the tissues implicated by TCSC.

Extended analysis of tissue-specific contributions to genetic covariance

We note that the direction of effect of tissue-specific contributions to the genetic covariance
between two traits may be in the opposite direction of the global covariance between two
traits, analogous to how local contributions to genome-wide genetic correlation may be in the
opposite direction of the genome-wide genetic correlation”73,

Before discussing all significant findings, we discuss two particularly compelling examples. First,
brain substantia nigra had a significantly negative contribution to the genetic covariance of age
at first birth and height ({,» =-0.11, s.e. = 0.032, P = 4.5 X 10™*). Previous work in C. elegans
reported that fecundity is positively regulated by dopamine’*”>, which is produced in the
substantia nigra’®. Therefore, it is plausible that reproductive outcomes related to fecundity,
such as age at first birth, are also regulated by dopamine via the substantia nigra. Dopamine
also plays a role in regulating the levels of key growth hormones such as IGF-1 and IGF-BP37/
and has been previously shown to be associated with height’®. Second, pituitary had a
significantly negative contribution to the genetic covariance of vitamin D and WHR | BMI ({;r =
-0.19, s.e. = 0.057, P = 4.5 x 10™%). Irregularities in pituitary development are associated with
decreased vitamin D levels and decreased IGF-1 levels, the latter of which is integral for bone

development and is directly proportional to body proportion phenotypes such as WHR | BMI7®-
81

Negative contribution of brain cortex to the genetic covariance of neuroticism and years of
education (¢, =-0.10, s.e. = 0.029, P = 2.1 x 10™*). When certain personality traits underlie
neuroticism, such as conscientiousness, neuroticism has been shown to be positively correlated
with educational success®?. The specific implication of the brain cortex, as opposed to other
brain tissues, has not be reported previously in the literature.

Positive contribution of the brain spinal cord to the genetic covariance of type 2 diabetes (T2D)
and vitamin D ({;=0.17,s.e.=0.052, P= 5.5 X 10~%). Vitamin D is a known neurosteroid,
which affects various brain functions including calcium signaling and cellular differentiation®3,
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and reduced vitamin D is a prominent risk factor for infectious diabetes as well as diabetes
mellitus (a subset of which is T2D)®%, explaining the negative covariance identified by TCSC.

Negative contribution of breast tissue to the genetic covariance of white blood cell count and
BMI ({,s =-0.16, s.e. = 0.041, P = 4.1 x 10~>). This observation is consistent with many previous
studies reporting an association of elevated white blood cell counts with breast cancer, as these
cells are a biomarker of inflammation and are predictive of other cancers and cardiovascular
disease®®’. One of these studies investigated this relationship in the context of BMI and found
that in premenopausal women, individuals with lower BMI and breast cancer had elevated
white blood cell counts®’. This direction of effect is consistent with TCSC’s detection of tissue-
specific negative covariance between white blood cell count and BMI, despite a genome-wide
positive genetic correlation of these two traits.

Negative contribution of lung to the genetic covariance of age at first birth and intelligence ({,/
=-0.096, s.e. = 0.026, P = 1.2 X 10™%). First, previous work has found that older age at first birth
is associated with reduced risk of lung cancer involving regulation by steroid hormones; and
while some studies consider age at first birth to be a causal protective factor, this relationship
might be better explained by reverse causality®®°!. Indeed, TCSC is not impacted by reverse
causality as phenotype cannot influence gene expression-modifying genetic variation. Second,
positive health outcomes, including lung function, are genetically associated with cognitive
traits in GWAS, although the causal mechanisms are poorly understood®?°* However, the
direction of effect estimated by TCSC is inconsistent with these findings, possibly suggesting
distinct causal mechanisms of lung tissue on these traits.

Negative contribution of lung to the genetic covariance of intelligence and years of education
({; =-0.045, s.e. =0.013, P= 2.2 X 10™*). As stated above, we would expect lung genes with a
positive effect on intelligence to have a consistent direction of effect on years of education.
While this is not what TCSC concludes, this may suggest distinct causal mechanisms of lung
tissue on these traits.

Negative contribution of pituitary to the genetic covariance of vitamin D and WHRadjBMI ({,/ =
-0.19, s.e. = 0.057, P = 4.5 x 10™%). Previous work has established a relationship between
vitamin D and bone structure development, which is directly related to WHRadjBMI. Other
work has suggested that this may be due to the positive correlation between vitamin D levels
and growth hormone levels, such as IGF-17°. Moreover, irregularities in pituitary development
(specifically pituitary stalk interruption syndrome) are associated with reduced IGF-1, in which
individuals also have reduced serum levels of vitamin D8,

Contributions to the genetic covariance of eosinophil count and platelet count by lung({,’ = -
0.20, s.e. =0.068, P = 1.5 x 1073), ovary ({, =-0.15, s.e. =0.052, P = 2.2 X 1073), skin ({, =
0.28,s.e.=0.087, P=7.1 x 107*), and whole blood ({,” = 0.30, s.e. =0.105, P= 2.2 X 1073).
Eosinophils and platelets are highly co-regulated, with eosinophils secreting platelet-activating
enzymes®. Therefore, it is expected that across multiple tissues, genes have pleiotropic effects
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on eosinophil count and platelet counts. It is also possible that such genes have a direct effect
on eosinophil count and a secondary effect mediated be eosinophils on platelet count.

Negative contribution of vagina to the genetic covariance of testosterone and vitamin D ({, = -
0.25, s.e. =0.079, P = 6.5 X 10™*). Previous work has shown that vaginal tissue growth and
differentiation were improved as a result of increased vitamin D levels®®. Similarly, testosterone
is a hormone that plays a key role in healthy vaginal function®’. Since TCSC detected negative
covariance for these two traits, it is likely that they are regulated by distinct sets of genes.

Negative contribution of whole blood to the genetic covariance of age at first birth and
rheumatoid arthritis ({,» =-0.17, s.e. = 0.053, P = 6.6 X 107%). The association between
rheumatoid arthritis (RA) and whole blood, which is comprised of many immune cell types, is
logical. However, previous work has not reported an association between whole blood, or the
immune system, and age at first birth. Moreover, it is not immediately clear why genes that
increase risk for RA would also increase age at first birth. We hypothesize that the underlying
mechanism pertains to age-related changes in an individual’s immune system which might
affect reproductive behavior later in life, as risk for RA and other autoimmune diseases
increases.

Negative contribution of spleen to the genetic covariance of major depressive disorder (MDD)
and BMI (¢, =-0.29, s.e. =0.039, P=7.3 X 107%). As discussed above, whole blood was
detected as causal tissue for MDD likely due to the role of the cytokines in regulation of MDD;
the spleen plays a key role in the immune system. It is widely known that obesity, or high BMI,
is associated with irregularities in immune cell counts®®.

Negative contribution of coronary artery to the genetic covariance of years of education and
menopause age ({,7 =-0.13, s.e. =0.115, P = 7.3 x 10~%). This is consistent with previous work
indicating that reduced coronary artery disease risk is associated with more years of education
via a Mendelian randomization study®®. Late menopause is considered a protective factor
coronary artery disease!®. This biological consistency would suggest a positive covariance,
therefore we might conclude that distinct sets of genes regulate years of education and
menopause age in coronary artery.

Positive contribution of aorta artery to the genetic covariance of mode of anisotropy and
menopause age ({,s =0.27, s.e. = 0.084, P = 7.8 x 10~*). Previous work has associated
calcification in the aorta with bone loss, specifically in postmenopausal women!°l. Mode of
anisotropy, from brain MRI which is a measure of structural cellular organization, is not a well-
studied complex trait and has a lack of literature evidence to support any role for aorta, and
similarly for any other tissue.

Contributions to the genetic covariance of anorexia and insomnia by tibial nerve ({,» = 0.20, s.e.
=0.063, P=7.8 x 107*), testis ({,» = 0.18, s.e. =0.062, P= 1.7 X 1073), and whole blood ({,’ = -
0.14, s.e. = 0.053, P = 3.9 x 1073). The explanation for tibial nerve can be found in the main

text. The association with whole blood might be explained by previous work demonstrating the
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role of the immune system in anorexia'® and insomnial®. The immune regulation impacting
insomnia is specifically discussed in the context of the central nervous system, further
supporting the association with the tibial nerve, a central nervous system tissue. Testis size has
also been associated with sleep irregularities'®*. Separately, the reduced production of the
androgen hormone in the testis, or hypogonadism, is a comorbidity of male anorexia!®.

Negative contribution of prostate to the genetic covariance of medication use and years of
education ({,s = -0.075, s.e. = 0.024, P = 7.8 x 10™*). This is consistent with previous studies
establishing a negative association between drug use and prostate health outcomes!®®. The
positive covariance detected with years of education is not supported by any literature
evidence and could be a false positive.

Positive contribution of muscle skeletal to the genetic covariance of brain accumbens volume
and caudate volume (¢, =0.20, s.e. =0.063, P = 8.0 X 107%). Previous work indicates that
musculoskeletal tissue likely influences biological processes the brain via regulation of energy
metabolism?07,

Negative contribution of muscle skeletal to the genetic covariance of total protein and
WHRadjBMI ({,” =-0.27, s.e. = 0.084, P = 8.0 x 10™*). This is consistent with known regulation
in musculoskeletal tissue influencing waist-hip-ratio!®®. Musculoskeletal tissue is also related to
protein levels, as restricted protein intake leads to dysregulation and morphology of skeletal
muscle®?,

Negative contribution of skin to the genetic covariance of height and FVC ({,r =-0.47, s.e. =
0.155, P= 1.2 x 1073). Height and forced vital capacity (FVC) are genetically correlated as both
are affected by body proportions and growth-regulating processes. Skin tissue has been shown
to widely express growth factors, including embryonic growth factor which plays a key role in
fetal development38,

Negative contribution of lung to the genetic covariance of age at first birth and menopause age
(¢, =-0.20, s.e. =0.067, P = 1.3 x 1073). This is consistent with a negative association between
earlier menopause age and healthy pulmonary function!%1!!, As described above, older age at
first birth is associated with improved lung cancer outcomes?*?,

Negative contribution of adipose subcutaneous to the genetic covariance of bipolar disorder
and major depressive disorder ({,s =-0.18, s.e. = 0.051, P = 2.7 X 10™*). This is consistent with
an expanding body of literature supporting a bidirectional link between obesity and
depression!!3,

Negative contribution of the meta-tissue brain limbic to the genetic covariance of risk tolerance
and schizophrenia (¢, =-0.15, s.e. = 0.049, P = 8.5 x 10~*). Risk taking (or impulsivity) has

previously been linked to both schizophrenia and bipolar disorder!4,

Extended analysis of differences in tissue-specific contributions to heritability vs. covariance
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We note that {;/ and ;s are both signed proportions and are therefore on the same scale, thus
the scenario in which these two quantities are equal is a natural and parsimonious null.

Negative contribution of skin (sun exposed) to the genetic covariance of height and FVC: Skin
does not explain a nonzero proportion of heritability for height or FVC; however, skin does
explain a significant amount of positive covariance, although the genome-wide covariance of
this trait pair is negative.

Negative contribution of breast to the genetic covariance of WBC count and BMI: Breast is not a
causal tissue for either trait, although it does explain a significant amount of negative
covariance between the two traits, although the genome-wide covariance of this trait pair is
positive.

Negative contribution of brain cortex to the genetic covariance of years of education and
neuroticism: Brain cortex is not a causal tissue for either trait, consistent with what we found in
the brain-specific analysis. However, brain cortex explains a significant amount of positive
covariance between the two traits, although the genome-wide covariance is negative.

Negative contribution of pituitary to the genetic covariance of vitamin D and WHRadjBMI:
While pituitary does not explain a nonzero proportion of the heritability of either trait, it does
explain a significant amount of positive covariance between the two traits, although the
genome-wide covariance is negative.

Other tissue-trait association methods

MaxCPP models contributions to heritability enrichment of fine-mapped eQTL variants across
tissues or meta-tissues'?>; although this approach proved powerful when analyzing eQTL effects
that were meta-analyzed across all tissues, it has limited power to identify disease-critical
tissues: fine-mapped eQTL annotations for blood (resp. brain) were significant conditional on
annotations constructed using all tissues only when meta-analyzing results across a large set of
blood (resp. brain) traits (Fig. 4 of ref.1'®). eQTLenrich compares eQTL enrichments of disease-
associated variants across tissues!'®; this approach produced compelling findings for eQTL that
were aggregated across tissues, but tissue-specific analyses often implicated many tissues (Fig.
1d of ref.11¢). MESC estimates the proportion of heritability causally mediated by gene
expression in assayed tissues!’; this study made a valuable contribution in its strict definition
and estimation of mediated effects (see below), but did not jointly model distinct tissues and
had limited power to distinguish disease-critical tissues (Fig. 3 of ref.!'’). CAFEH leverages multi-
trait fine-mapping methods to simultaneously evaluate all tissues for colocalization with
disease®8; however, this locus-based approach does not produce genome-wide estimates and
it remains the case that many (causal or tagging) tissues may colocalize with disease under this
framework. Likewise, methods for identifying tissues associated to disease/trait covariance do
not distinguish causal tissues from tagging tissues*>120,
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Other limitations

TCSC has low power at small eQTL sample sizes; in addition, TCSC estimates are
impacted by the number of significantly cis-heritable genes in a focal tissue, which can
lead to conservative bias at small eQTL sample sizes. We anticipate that these
limitations will become less severe as eQTL sample sizes increase.

TCSC is susceptible to large variations in eQTL sample size, which may compromise type
| error; therefore, there is a tradeoff between maximizing the number of tissues
analyzed and limiting the variation in eQTL sample size.

TCSC assumes that causal gene expression-disease effects are independent across
tissues; this assumption may become invalid for tissues and cell types assayed at high
resolution. However, we verified via simulations that TCSC performs well when this
model assumption is violated (Supplementary Figs. 12-15).

TCSC does not formally model measurement error in tissue co-regulation scores, but
instead applies a heuristic bias correction. We determined that the bias correction
generally performs well in simulations.

Eighth, TCSC does not produce locus-specific estimates or identify causal tissues at
specific loci. However, genome-wide results from TCSC may be used as a prior for locus-
based methods (analogous to GWAS fine-mapping with functional priors??).

We did not apply TCSC to single-cell RNA-seq (scRNA-seq) data, which represents a
promising new direction as scRNA-seq sample sizes increase!?2124%; we caution that
scRNA-seq data may require new eQTL modeling approaches!?2.

Finally, we focused our cross-trait analyses on relatively independent traits from the
single-trait analysis, to enable comparisons with single-trait results (Fig. 5B, 5C); cross-
trait analysis of more strongly genetically correlated traits is a future direction of high
interest.
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906 Supplementary Figure 1. Type | error of TCSC regression in simulations with large variations in
907 eQTL sample size of non-causal tissues. We performed n = 1,000 independent simulated

908 genetic architectures in which each simulation had one causal tissue (gene expression sample
909 size = 300 individuals) and nine non-causal tissues with the following sample sizes: 300, 200,
910 300, 500, 1,000, 1500, 200, 300, 500. (A) We report the false positive rate for non-causal tissues
911 as h;e(t,) > 0 at p < 0.05 which is not well-controlled, demonstrating the need for comparable
912 gene expression sample sizes across tissues in TCSC. (B) We report the false positive rate for
913  non-causal tissues as Wy, (¢ > 0 at p < 0.05 which is not well-controlled, demonstrating the

914  need for comparable gene expression sample sizes across tissues in TCSC. For panels A and B,
915 we used a one-sided z-test and the genomic block jackknife standard error to obtain p-values

916 and data are presented as mean values +/- 1.96 x SEM.
917
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Supplementary Figure 2. Robustness and power of TCSC regression in simulations when the
causal tissue has fewer cis-heritable genes than tagging tissues. (A) Type | error when
changing the number of expressed genes in the causal tissue. False positive event is defined as
hf]e(t,) > 0 for non-causal tissues at p < 0.05. (B) Power to detect the causal tissue per scenario.
A true positive event is defined as h;e(t,) > 0 for causal tissues at p < 0.05. (C) Bias on causal
estimates of h;e(t,) for different scenarios. (D) Bias on non-causal estimates of h;e(t,) for
different scenarios. (E) Bias on causal estimates of h:,e(t,) for different scenarios. (F) Bias on
non-causal estimates of h;e(t,) for different scenarios. For panels Cand D, G, is set to the total
number of unique cis-heritable genes across all tissues. For panels E and F, G, is set to the
number of significantly cis-heritable genes detected in each tissue. For panels C and E, dashed
lines indicate true value of h;e(t,). In all panels, we performed n = 1,000 independent simulated
genetic architectures across different eQTL sample sizes (n = 100, 200, 300, 500, 1000, 1500);
we used a one-sided z-test and the genomic block jackknife standard error to obtain p-values
and data are presented as mean values +/- 1.96 x SEM.
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Supplementary Figure 3. Robustness and power of TCSC regression in simulations when the
causal tissue has fewer cis-heritable genes than tagging tissues. (A) Type | error when
changing the number of expressed genes in the causal tissue. False positive event is defined as
Wge(er) > 0 for non-causal tissues at p < 0.05. (B) Power to detect the causal tissue per scenario.
A true positive event is defined as wg, ;) > O for causal tissues at p < 0.05. (C) Bias on causal
estimates of wg. (. for different scenarios. (D) Bias on non-causal estimates of wg, ., for
different scenarios. (E) Bias on causal estimates of wg. (¢ for different scenarios. (F) Bias on
non-causal estimates of wgy () for different scenarios. For panels Cand D, G is set to the total
number of unique cis-heritable genes across all tissues. For panels E and F, G, is set to the
number of significantly cis-heritable genes detected in each tissue. For panels C and E, dashed
lines indicate true value of wge (). In all panels, we performed n = 1,000 independent simulated
genetic architectures across different eQTL sample sizes (n = 100, 200, 300, 500, 1000, 1500);
we used a one-sided z-test and the genomic block jackknife standard error to obtain p-values
and data are presented as mean values +/- 1.96 x SEM.
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Supplementary Figure 4. Robustness and power of TCSC regression in simulations with
different numbers of causal tissues. (A) Type | error for each different causal tissue
architecture. A single causal tissue (pink) represents the primary simulation analysis. Other
architectures include two causal tissues (green) and three causal tissues (blue). False positive
event defined as hf]e(t,) > 0 for non-causal tissues at p < 0.05. (B) Power to detect the causal
tissue, defined by hf]e(t,) > 0 for causal tissues at p < 0.05. (C) Bias on estimates of h;e(t,) in
causal tissues for different numbers of causal tissues in the model. The dashed line indicates
that the true value of h;e(t,) = 0.1. (D) Bias on estimates of h;e(t,) in non-causal tissues for
different numbers of causal tissues in the model. In all panels, we performed n = 1,000
independent simulated genetic architectures across different eQTL sample sizes (n = 100, 200,
300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife standard
error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G,
is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 5. Robustness and power of cross-trait TCSC regression in simulations
with different numbers of causal tissues. (A) Type | error for each different causal tissue
architecture. A single causal tissue (pink) represents the primary simulation analysis. Other
architectures include two causal tissues (green) and three causal tissues (blue). False positive
event defined as wg, (¢ > 0 for non-causal tissues at p < 0.05. (B) Power to detect the causal
tissue, defined by wg () > 0 for causal tissues at p < 0.05. (C) Bias on estimates of wge(z) in
causal tissues for different numbers of causal tissues in the model. The dashed line indicates
that the true value of wg, () = 0.05. (D) Bias on estimates of wg () in non-causal tissues for
different numbers of causal tissues in the model. In all panels, we performed n = 1,000
independent simulated genetic architectures across different eQTL sample sizes (n = 100, 200,
300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife standard
error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G,
is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 6. Robustness and power of TCSC regression with or without correction
for bias in tissue co-regulation scores in simulations. (A) Type | error for each of two scenarios:
(1) “BiasCorr”: tissue co-regulation scores estimated using bias correction as in primary
simulations (pink) vs (2) “NoBiasCorr”: tissue co-regulation scores estimated without bias
correction (green). False positive event defined as h;e(t,) > 0 for non-causal tissues at p < 0.05.
(B) Power to detect the causal tissue, in which h;e(t,) > 0 for causal tissues at p < 0.05. (C) Bias
on estimates of causal and non-causal h;e(t,) whose true values are 0.1 (purple bars) and 0
(gray bars), respectively, in the scenario of using no bias correction on tissue co-regulation
scores. In all panels, we performed n = 1,000 independent simulated genetic architectures
across different eQTL sample sizes (n = 100, 200, 300, 500, 1000, 1500); we used a one-sided z-
test and the genomic block jackknife standard error to obtain p-values and data are presented
as mean values +/- 1.96 x SEM. The value of G, is set to the total number of unique cis-
heritable genes across all tissues.
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Supplementary Figure 7. Robustness and power of cross-trait TCSC regression with or without
correction for bias in tissue co-regulation scores in simulations. (A) Type | error for each of two
scenarios: (1) “BiasCorr”: tissue co-regulation scores estimated using bias correction as in
primary simulations (pink) vs (2) “NoBiasCorr”: tissue co-regulation scores estimated without
bias correction (green). False positive event defined as wg,(;,) > 0 for non-causal tissues at p <
0.05. (B) Power to detect the causal tissue, in which wg, ) > 0 for causal tissues at p < 0.05. (C)
Bias on estimates of causal and non-causal wg, () whose true values are 0.05 (purple bars) and
0 (gray bars), respectively, in the scenario of using no bias correction on tissue co-regulation
scores. In all panels, we performed n = 1,000 independent simulated genetic architectures
across different eQTL sample sizes (n = 100, 200, 300, 500, 1000, 1500); we used a one-sided z-
test and the genomic block jackknife standard error to obtain p-values and data are presented
as mean values +/- 1.96 x SEM. The value of G, is set to the total number of unique cis-
heritable genes across all tissues.
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Supplementary Figure 8. Robustness and power of single-trait TCSC regression without
(default) or with bias correction applied to all pairs of tissues in simulations. (A) Type | error
for each of two scenarios: (1) “BiasCorr”: tissue co-regulation scores estimated using bias
correction as in primary simulations, e.g. when t = t’ (pink) vs (2) “BiasCorr_AlITissues”: tissue
co-regulation scores estimated using bias correction applied to all correlations of predicted
gene expression (green). False positive event defined as h;e(t,)> 0 for non-causal tissues at p <
0.05. (B) Power to detect the causal tissue, in which h;e(t,)> 0 for causal tissues at p < 0.05. (C)
Bias on estimates of causal and non-causal h;e(t,)whose true values are 0.1 (purple bars) and 0
(gray bars), respectively, in the scenario of using bias correction applied to all correlations of
predicted gene expression in co-regulation scores. In all panels, we performed n = 1,000
independent simulated genetic architectures across different eQTL sample sizes (n = 100, 200,
300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife standard
error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G,
is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 9. Robustness and power of cross-trait TCSC regression without
(default) or with bias correction applied to all pairs of tissues in simulations. (A) Type | error
for each of two scenarios: (1) “BiasCorr”: tissue co-regulation scores estimated using bias
correction as in primary simulations, e.g. when t = t’ (pink) vs (2) “BiasCorr_AllTissues”: tissue
co-regulation scores estimated using bias correction applied to all correlations of predicted
gene expression (green). False positive event defined as wy,(;,) > 0 for non-causal tissues at p <
0.05. (B) Power to detect the causal tissue, in which wg () > 0 for causal tissues at p < 0.05. (C)
Bias on estimates of causal and non-causal wg ;) Whose true values are 0.05 (purple bars) and
0 (gray bars), respectively, in the scenario of using bias correction applied to all correlations of
predicted gene expression in co-regulation scores. In all panels, we performed n = 1,000
independent simulated genetic architectures across different eQTL sample sizes (n = 100, 200,
300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife standard
error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G,
is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 10. Robustness and power of TCSC regression without (default) or with
bias correction for tissue co-regulation scores used to calculate regression weights in
simulations. (A) Type | error for each of two scenarios: (1) “NoBiasCorr_RegressionWeights”:
regression weights calculated using uncorrected tissue co-regulation scores as in primary
simulations (pink) vs (2) “BiasCorr_RegressionWeights”: regression weights calculated using
bias-corrected tissue co-regulation scores (green). False positive event defined as h;e(t,) >0 for
non-causal tissues at p < 0.05. (B) Power to detect the causal tissue, in which h;e(t,) >0 for
causal tissues at p < 0.05. (C) Bias on estimates of causal and non-causal h;e(t,) whose true
values are 0.1 (purple bars) and 0 (gray bars), respectively, in the scenario of calculating
regression weights using bias-corrected tissue co-regulation scores. In all panels, we performed
n = 1,000 independent simulated genetic architectures across different eQTL sample sizes (n =
100, 200, 300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife
standard error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The
value of G, is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 11. Robustness and power of cross-trait TCSC regression with or
without correction for bias in tissue co-regulation scores in simulations. (A) Type | error for
each of two scenarios: (1) “NoBiasCorr_RegressionWeights”: regression weights calculated
using uncorrected tissue co-regulation scores as in primary simulations (pink) vs (2)
“BiasCorr_RegressionWeights”: regression weights calculated using bias-corrected tissue co-
regulation scores (green). False positive event defined as wge () > 0 for non-causal tissues at p
< 0.05. (B) Power to detect the causal tissue, in which Wge(tr) > 0 for causal tissues at p < 0.05.
(C) Bias on estimates of causal and non-causal wg () Whose true values are 0.05 (purple bars)
and 0 (gray bars), respectively, in the scenario of calculating regression weights using bias-
corrected tissue co-regulation scores. In all panels, we performed n = 1,000 independent
simulated genetic architectures across different eQTL sample sizes (n = 100, 200, 300, 500,
1000, 1500); we used a one-sided z-test and the genomic block jackknife standard error to
obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G, is set to
the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 12. Robustness of cross-trait TCSC regression in simulations with two
causal tissues with varying levels of correlated gene expression-trait effects. We demonstrate
how TCSC would behave when there are two causal tissues with correlation gene-trait effects
(ag¢), each tissue of which contributes 5% heritability to the trait. This is a model violation
where TCSC assumes that gene expression-trait effects are i.i.d. (A) Type | error while varying
the correlation between the @, of each causal tissue. False positive event defined as h;e(t,) >0
for non-causal tissues at p < 0.05. (B) Power to detect the causal tissues in which h;e(t,) >0 for
causal tissues at p < 0.05. (C) Bias on estimates of h;e(t,) for the causal tissue, while varying the
correlation between the a,; of each causal tissue. The dashed line indicates that the true value
of h;e(t,) for either causal tissue. (D) Bias on estimates of h;e(t,) for non-causal tissues, while
varying the correlation between the a4, of each causal tissue. In all panels, we performed n =
1,000 independent simulated genetic architectures across different eQTL sample sizes (n = 100,
200, 300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife
standard error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The
value of G, is set to the total number of unique cis-heritable genes across all tissues.



1179
1180

1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204

1205
1206

A Cross—trait TCSC (covariance) B Cross-trait TCSC (covariance)

30
2 Cor Alpha_gt Cor Alpha_gt
g o1 M o1
i} I o025 B o025
- M os M os
§ o7 o
2
100 200 300 500 1000 1500 100 200 300 500 1000 1500
eQTL sample size eQTL sample size
C Cross-trait TCSC (covariance) D Cross—trait TCSC (covariance)
0.03

3 E
3 j=2]

oD
§ Cor Alpha_gt 3 Cor Alpha_gt
} o1 Y M o1
3 M o025 § RS
o M os - 05
= I o7s 2 Il o7s
£ £
g ki

-0.01
100 200 300 500 1000 1500 100 200 300 500 1000 1500
eQTL sample size eQTL sample size

Supplementary Figure 13. Robustness of cross-trait TCSC regression in simulations with two
causal tissues with varying levels of correlated gene expression-trait effects. We demonstrate
how TCSC would behave when there are two causal tissues with correlation gene-trait effects
(ag¢), each tissue of which contributes 5% heritability to the trait. This is a model violation
where TCSC assumes that gene expression-trait effects are i.i.d. (A) Type | error while varying
the correlation between the a4, of each causal tissue. False positive event defined as wge ;) >0
for non-causal tissues at p < 0.05. (B) Power to detect the causal tissues in which wge () > 0 for
causal tissues at p < 0.05. (C) Bias on estimates of wg. (. for the causal tissue, while varying the
correlation between the a4 of each causal tissue. The dashed line indicates that the true value
of wge () for either causal tissue. (D) Bias on estimates of wg. (. for non-causal tissues, while
varying the correlation between the a4, of each causal tissue. In all panels, we performed n =
1,000 independent simulated genetic architectures across different eQTL sample sizes (n = 100,
200, 300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife
standard error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The
value of G, is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 14. Robustness of single-trait TCSC regression in simulations with two
causal tissues with identical gene expression-trait effects. We demonstrate how TCSC would
behave when there are two identical tissues contributing the same genetic component of gene
expression to the trait. This is a model violation where TCSC assumes that gene expression-trait
effects are i.i.d. To the original and duplicated causal tissue, we added a small amount of noise
(with mean 0, variance 0.0025) to the tissue co-regulation scores of each duplicated tissue to
avoid collinearity in the multiple linear regression. (A) Type | error; false positive event defined
as h;e(t,) > 0 for non-causal tissues at p < 0.05. (B) Power to detect each of two causal tissues,
e.g. h;e(t,) > 0 for the causal tissue at p < 0.05. (C) TCSC estimates similar values of h;e(t,) to
each causal tissue, approximately one-half the value of the trait variance explained by the
original causal tissue (0.1). Dashed line at 0.05, the expected tissue-specific contribution to
heritability for both original and duplicated tissue. In all panels, we performed n = 1,000
independent simulated genetic architectures across different eQTL sample sizes (n = 100, 200,
300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife standard
error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G,
is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 15. Robustness of cross-trait TCSC regression in simulations with two
causal tissues with identical gene expression-trait effects. We demonstrate how TCSC would
behave when there are two identical tissues contributing the same genetic component of gene
expression to the trait. This is a model violation where TCSC assumes that gene expression-trait
effects are i.i.d. To the original and duplicated causal tissue, we added a small amount of noise
(with mean 0, variance 0.0025) to the tissue co-regulation scores of each duplicated tissue to
avoid collinearity in the multiple linear regression. (A) Type | error; false positive event defined
as wge(¢r) > 0 for non-causal tissues at p < 0.05. (B) Power to detect each of two causal tissues,
e.8. Wye(tr) > 0 for the causal tissue at p < 0.05. (C) TCSC estimates similar values of wge ;) to
each causal tissue, approximately one-half the value of the trait covariance explained by the
original causal tissue (0.05). Dashed line at 0.025, the expected tissue-specific contribution to
covariance for both original and duplicated tissue. In all panels, we performed n = 1,000
independent simulated genetic architectures across different eQTL sample sizes (n = 100, 200,
300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife standard
error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G,
is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 16. Robustness and power of TCSC regression in simulations with
different amounts of direct SNP-trait heritability (hZ, ) not mediated by gene expression. (A)
Type | error per value of hZyp. False positive event is defined as h;e(t,) > 0 for non-causal
tissues at p < 0.05. (B) Power to detect the causal tissue per value of hZyp. A true positive event
is defined as h;e(t,) > 0 for causal tissues at p < 0.05. (C) Bias on causal estimates of h:,e(t,) for
different values of hZyp. Dashed line indicates true value of h;e(t,). (D) Bias on non-causal
estimates of hf]e(t,) for different values of thp. In all panels, we performed n = 1,000
independent simulated genetic architectures across different eQTL sample sizes (n = 100, 200,
300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife standard
error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The value of G,
is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 17. Robustness and power of cross-trait TCSC regression in simulations
with different amounts of direct SNP-trait heritability (hZy,) not mediated by gene
expression. (A) Type | error per value of hZyp. False positive event is defined as Wge(tr > 0 for
non-causal tissues at p < 0.05. (B) Power to detect the causal tissue per value of hZyp. A true
positive event is defined as wg, () > 0 for causal tissues at p < 0.05. (C) Bias on causal estimates
of wge (¢ for different values of hZyp. Dashed line indicates true value of Wge(tr)- (D) Bias on
non-causal estimates of wg, ., for different values of hZyp. In all panels, we performed n =
1,000 independent simulated genetic architectures across different eQTL sample sizes (n = 100,
200, 300, 500, 1000, 1500); we used a one-sided z-test and the genomic block jackknife
standard error to obtain p-values and data are presented as mean values +/- 1.96 x SEM. The
value of G, is set to the total number of unique cis-heritable genes across all tissues.
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Supplementary Figure 18. Robustness and power of TCSC regression in simulations with
different amounts of direct SNP-trait heritability (hZ, ) not mediated by gene expression at
large eQTL sample size. (A) Type | error per value of hZyp. False positive event is defined as

hf]e(t,) > 0 for non-causal tissues at p < 0.05. (B) Power to detect the causal tissue per value of

hZyp. A true positive event is defined as h;e(t,) > 0 for causal tissues at p < 0.05. (C) Bias on
causal estimates of h;e(t,) for different values of hyp. Dashed line indicates true value of
hf]e(t,). (D) Bias on non-causal estimates of h;e(t,) for different values of hyp. In all panels, we
performed n = 1,000 independent simulated genetic architectures across different eQTL sample
sizes (n = 1000, 1500, 10K, 50K, 100K, Infinite (true eQTL effects)); we used a one-sided z-test
and the genomic block jackknife standard error to obtain p-values and data are presented as
mean values +/- 1.96 x SEM. The value of G, is set to the total number of unique cis-heritable
genes across all tissues. For these simulations, significantly cis-heritable genes were determined
using cross-validation adjusted-R? > 0 rather than GCTA p < 0.01, due to the computationally
intensive nature of running GCTA on hundreds of thousands of samples across thousands of
simulations.
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Supplementary Figure 19. Robustness and power of cross-trait TCSC regression in simulations
with different amounts of direct SNP-trait heritability (hZy,) not mediated by gene
expression at large eQTL sample size. (A) Type | error per value of hZyp. False positive event is
defined as wye () > 0 for non-causal tissues at p < 0.05. (B) Power to detect the causal tissue
per value of hZp. A true positive event is defined as wge(ery > 0 for causal tissues at p < 0.05. (C)
Bias on causal estimates of wg, () for different values of hZyp. Dashed line indicates true value
of Wge(¢r)- (D) Bias on non-causal estimates of w g, (¢ for different values of hZyp. In all panels,
we performed n = 1,000 independent simulated genetic architectures across different eQTL
sample sizes (n = 1000, 1500, 10K, 50K, 100K, Infinite (true eQTL effects)); we used a one-sided
z-test and the genomic block jackknife standard error to obtain p-values and data are presented
as mean values +/- 1.96 x SEM. The value of G, is set to the total number of unique cis-
heritable genes across all tissues. For these simulations, significantly cis-heritable genes were
determined using cross-validation adjusted-R? > 0 rather than GCTA p < 0.01, due to the
computationally intensive nature of running GCTA on hundreds of thousands of samples across
thousands of simulations.
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1337  Supplementary Figure 20. Robustness and power of TCSC regression in simulations with

1338 different values of window size used to calculate gene-gene co-regulation. (A) Type | error per
1339  window size. False positive event is defined as hf]e(t,) > 0 for non-causal tissues at p < 0.05. (B)
1340  Power to detect the causal tissue per window size. A true positive event is defined as h;e(t,) >0
1341  for causal tissues at p < 0.05. (C) Bias on causal estimates of h;e(t,) for different window sizes.

1342  Dashed lines indicate true values of hf]e(t,). (D) Bias on non-causal estimates of h;e(t,) for

1343  different window sizes. In all panels, we performed n = 1,000 independent simulated genetic
1344  architectures across different eQTL sample sizes (n = 100, 200, 300, 500, 1000, 1500); we used a
1345 one-sided z-test and the genomic block jackknife standard error to obtain p-values and data are
1346  presented as mean values +/- 1.96 x SEM. The value of G, is set to the total number of unique
1347  cis-heritable genes across all tissues.
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Supplementary Figure 21. Robustness and power of cross-trait TCSC regression in simulations
with different values of window size used to calculate gene-gene co-regulation. (A) Type |
error per window size. False positive event is defined as wg, (¢ > 0 for non-causal tissues at p <
0.05. (B) Power to detect the causal tissue per window size. A true positive event is defined as
Wge(er) > 0 for causal tissues at p < 0.05. (C) Bias on causal estimates of wy ., for different
window sizes. Dashed lines indicate true values of wg. (). (D) Bias on non-causal estimates of
Wge(tr) for different window sizes. In all panels, we performed n = 1,000 independent simulated
genetic architectures across different eQTL sample sizes (n = 100, 200, 300, 500, 1000, 1500);
we used a one-sided z-test and the genomic block jackknife standard error to obtain p-values
and data are presented as mean values +/- 1.96 x SEM. The value of G, is set to the total
number of unique cis-heritable genes across all tissues.
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Supplementary Figure 22. Visualization of TCSC regression. (A) In simulations, we visualize the
single-trait TCSC estimand (h;e(t,)) as the line of best fit (slope) for one representative
simulation from each of three true values of hf]e(t,) using an intercept of 0. (B) In analysis of real
traits, we visualize the single-trait TCSC estimand (hf]e(t,)) as the line of best fit (slope) for each
of 21 significant tissue-trait pairs using an intercept of 0. In panels A and B, solid lines represent
the TCSC estimate; dashed lines represent the estimate +/- 1.96 x the jackknife standard error.
All slopes shown are significantly greater than zero at 5% FDR.
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