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Supplementary Notes 
 
ADMIXTURE analysis 
To systemically identify European samples in Genotype-Tissue Expression project (GTEx)1, 
Depression Gene Network (DGN)2, and Common Mind Consortium (CMC)3 cohorts, we utilized 
ADMIXTURE4 to determine the ancestry fractions of each individual sample. We used 1000G 
Phase 3 reference panel that were derived from 5 major populations, including East Asian (EAS), 
South Asian (SAS), European (EUR), African (AFR), and Admixed (AMR) with a total sample 
size of 2,5045. It should be noted that European samples from Genetic European Variation in 
Disease (GEUVADIS)6 can be determined directly from 1000 Genome reference panel. Supervised 
learning mode were applied to ~275,000 variants of each sample to make a prediction of the 
ancestry fractions of each sample (--supervised with K = 5 populations). The results indicated that 
527 GTEx samples (out of 635), 427 CMC samples (out of 621), 873 DGN samples (out of 922) have 
European ancestry fraction > 0.90, and were retained for subsequent analysis. To confirm the 
validity of ADMIXTURE prediction, we plotted principal components of each cohort. Individuals 
with the same ADMIXTURE ancestry assignment were clustered together in the plot, which 
verified the accuracy of ancestry assignment (Supplementary Fig. 13). 
 
Genotype imputation 
For genotype data derived from arrays (including CMC and DGN), SNPs with MAF > 0.05, 
Hardy-Weinberg equilibrium p-value > 0.05, and non-ambiguous alleles are used for imputation 
on the University of Michigan Imputation Server. We only retained imputed SNPs with MAF > 
0.05 and imputation R2 > 0.8 for subsequent analysis. We then created an allelic dosage file (counts 
of reference allele as appears on hg19 reference genome) via PLINK1.9 (--recode A-transpose)7. 
 
Implementation of previous TWAS methods to create gene expression prediction models 
For FUSION, we followed its original implementation8. Specifically, GEMMA9, 10 was applied 
with the following parameters: missingness threshold (-miss) = 1, MAF threshold (-maf) = 0, r-
squared threshold (-r2) = 1, recording pace (-rpace) = 1000, writing pace (-wpace) = 1000, analysis 
choice (-bslmm) = 2 for GBLUP. 
 
For TIGAR, we used default settings in DPR software11, 12. We applied variational Bayesian 
algorithm. Specifically, DPR_VB was applied with the following parameters: model (-dpr) = 1. 
 
For EpiXcan, we obtained pre-computed penalty factors from EpiXcan’s online repository13. It 
should be noted that there are no pre-computed penalty factors for lymphoblastoid cell line; 
therefore, we used whole blood’s penalty factors as proxy. Next, we performed elastic net 
regularization (using R package glmnet14) using pre-computed penalty factor. 
 
For UTMOST, we followed CTIMP framework with default settings15. 
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Supplementary Figures 
Supplementary Figure 1: Comparison of median Spearman's rank correlation coefficient in 
simulated external dataset. In panel a, PUMICE is compared to other single-tissue TWAS 
methods (i.e., PrediXcan, FUSION, TIGAR, and EpiXcan). In panel b, PUMICE is compared to 
UTMOST across different combinations of genetic correlation between causal and correlated 
tissues (!) and number of correlated tissues (Ncorr). PUMICE consistently outperforms all single 
tissue methods and outperforms UTMOST when the training sample sizes are greater than 100.  
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Supplementary Figure 2: Quantile-quantile plots under null hypothesis. Plots for single-tissue 
TWAS methods are illustrated for each training sample size: (a) 100, (b) 200, and (c) 300. Panel d 
shows a plot for multi-tissue TWAS method (i.e., UTMOST). Observed two-sided P-value 
associated with each gene is calculated according to the TWAS Z-score for gene-based association 
test. All methods have calibrated null distributions of p-values.  
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Supplementary Figure 3: Comparison of prediction performance between PrediXcan and 
PUMICE across 48 tissues from GTEx V7. Each panel represents a tissue. Spearman’s rank 
correlation coefficient (between observed and predicted expression) is used as a metric to 
measure prediction performance. Only union of PrediXcan’s and PUMICE’s significant genes are 
included. White boxes represent the interquartile range (Q1-Q3). Whiskers represent the 1.5x 
interquartile range. Horizontal black lines represent the median values. Different colors represent 
different sample size ranges, with blue representing ≤150, red representing >150 and ≤250 and 
green representing >250. The sample size used to create each boxplot is provided in 
Supplementary Data 2. 
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Supplementary Figure 4: Comparison of prediction performance between FUSION and 
PUMICE across 48 tissues from GTEx V7. Each panel represents a tissue. Spearman’s rank 

correlation coefficient (between observed and predicted expression) is used as a metric to 

measure prediction performance. Only union of FUSION’s and PUMICE’s significant genes are 

included. White boxes represent the interquartile range (Q1-Q3). Whiskers represent the 1.5x 

interquartile range. Horizontal black lines represent the median values. Different colors represent 

different sample size ranges, with blue representing ≤150, red representing >150 and ≤250, and 

green representing >250. The sample size used to create each boxplot is provided in 

Supplementary Data 2. 
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Supplementary Figure 5: Comparison of prediction performance between TIGAR and 

PUMICE across 48 tissues from GTEx V7. Each panel represents a tissue. Spearman’s rank 
correlation coefficient (between observed and predicted expression) is used as a metric to 
measure prediction performance. Only union of TIGAR’s and PUMICE’s significant genes are 
included. White boxes represent the interquartile range (Q1-Q3). Whiskers represent the 1.5x 
interquartile range. Horizontal black lines represent the median values. Different colors represent 
different sample size ranges, with blue representing ≤150, red representing >150 and ≤250, and 
green representing >250. The sample size used to create each boxplot is provided in 
Supplementary Data 2. 
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Supplementary Figure 6: Comparison of prediction performance between EpiXcan and 
PUMICE across 8 tissues from GTEx V7. Each panel represents a tissue for which an EpiXcan 
model was computed. Spearman’s rank correlation coefficient (between observed and predicted 
expression) is used as a metric to measure prediction performance. Only union of EpiXcan’s and 
PUMICE’s significant genes are included. White boxes represent the interquartile range (Q1-Q3). 
Whiskers represent the 1.5x interquartile range. Horizontal black lines represent the median 
values. Different colors represent different sample size ranges, with blue representing ≤150, red 
representing >150 and ≤250, and green representing >250. The sample size used to create each 
boxplot is provided in Supplementary Data 2. 
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Supplementary Figure 7: Comparison of prediction performance between UTMOST and 
PUMICE across 48 tissues from GTEx V7. Each panel represents a tissue. Spearman’s rank 
correlation coefficient (between observed and predicted expression) is used as a metric to 
measure prediction performance. Only union of UTMOST’s and PUMICE’s significant genes are 
included. White boxes represent the interquartile range (Q1-Q3). Whiskers represent the 1.5x 
interquartile range. Horizontal black lines represent the median values. Different colors represent 
different sample size ranges, with blue representing ≤150, red representing >150 and ≤250, and 
green representing >250. The sample size used to create each boxplot is provided in 
Supplementary Data 2. 
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Supplementary Figure 8: Comparison of median Spearman's rank correlation coefficient in real 
external datasets between PUMICE and other single-tissue TWAS methods. We plot the percent 
gains of Spearman’s correlation of PUMICE over other methods across three different external 
test datasets.  
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Supplementary Figure 9: Quantile-quantile plots of p-values from different TWAS methods 
for all traits and COVID19 traits. (a) QQ plots for PrediXcan, FUSION, TIGAR, PUMICE, and 
UTMOST across all traits. (b) QQ plots for PrediXcan+, FUSION+, TIGAR+, and PUMICE+ across 
all traits. (c) QQ plots for PrediXcan, FUSION, TIGAR, PUMICE, and UTMOST for COVID traits. 
(d) QQ plots for PrediXcan+, FUSION+, TIGAR+, and PUMICE+ for COVID traits. Observed two-
sided P-value associated with each gene is calculated according to the TWAS Z-score for gene-
based association test. 
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Supplementary Figure 10. GTEx tissues structure plot. Structure plot of estimated membership 
proportions using Grade of Membership model with K = 20 clusters. Model is fitted using 8,547 
samples from 48 tissues in GTEx data. Each horizontal bar represents the cluster membership 
proportions for a single sample. Brain tissues are not shown in this plot, but are separately shown 
in Supplementary Figure 11 to highlight refined brain structures. 
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Supplementary Figure 11. GTEx tissues heatmap plot. Heatmap plot of estimated membership 
proportions using Grade of Membership model with K = 20 clusters. Model is fitted using 8,547 
samples from 48 tissues in GTEx data. 
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Supplementary Figure 12. GTEx brain tissues structure and heatmap plots. a, Structure plot of 
estimated membership proportions for grade of membership model with K = 6 clusters fit to 1,314 
tissue samples from 13 brain tissues in GTEx data. Each horizontal bar represents the cluster 
membership proportions for a single sample. b, Heatmap plot of estimated membership 
proportions for grade of membership model with K = 6 clusters fit to 1,314 tissue samples from 
13 brain tissues in GTEx data. Here, we fit the model to only brain tissues to explore the finer-
scale structure among brain samples, which would be missed by the global analysis. 
 
 
 
 
 
 
 
 
 
 
 
 
 

a b 
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Supplementary Figure 13. Principle component analysis of genetic data from different RNA-
seq datasets. We use 1000 Genome Project Phase 3 as a reference cohort and apply ADMIXTURE 
to determine the ancestry of each sample in the rest of the cohorts. We plot principal components 
(PCs) of samples from (a) 1000 Genomes Project, (b) GTEx cohort Project, (c) Common Mind 
Consortium study, and (d) Depression Gene Network study. Individuals with the same 
ADMIXTURE ancestry assignment are plotted with the same color. It is clear that on the PC map, 
individuals with the same ancestry assignment are clustered together, which verify the 
correctness of the assignment. We only kept individuals with European ancestry fraction > 0.9 
(light blue dots) according to ADMIXTURE analysis. 
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