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ABSTRACT OF THE THESIS 

 

Genetic architecture of brain gene and isoform expression 

 

by 

 

Daniel Duy Vo 

 

Master of Science in Bioinformatics 

University of California, Los Angeles, 2021 

Professor Michael Jeffrey Gandal, Chair 

 

The intricate molecular mechanisms occurring within the human brain are under tight genetic 

control. Existing work has examined genetic influences mainly at the gene-level and thus the 

extent to which isoform expression in the human brain is influenced by genetic factors is 

unexplored. This may be important as isoforms are significantly more diverse in the brain than in 

other tissues. Here, we investigate the genetic architecture of 24,905 gene and 93,293 isoform-

level expression by integrating the genotype array and frontal cortex bulk RNA-seq data from 

855 unrelated European individuals. We find the average genome-wide SNP-based heritability 

(h2
SNP) estimates to be comparable between gene and isoform expression (0.21 and 0.18, 
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respectively) with the average proportion of h2
SNP from cis-SNPs being 17% and 12%. 

Multivariate variance components linear mixed model analyses reveal substantial shared genetic 

influences among isoforms and that genetic correlation typically mirrors phenotypic correlation. 

Importantly, many genes with increased transcript complexity are only heritable at the isoform-

level, motivating the use of isoform-resolution analyses to fully uncover the genetic effects on 

gene expression.  
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Introduction 

A single gene can give rise to multiple distinct mRNA molecules or isoforms through the process 

of alternative splicing. This mechanism has been recognized as an important factor in generating 

the functional complexity and diversity of higher eukaryotes with ~95% of multi-exonic genes in 

humans subject to alternative splicing1. Isoform expression can be tissue specific and the human 

brain particularly exhibits a high degree of alternative splicing2,3. The ubiquitous and intricate 

nature of alternative splicing in the human brain hints at the integral role it plays in normal brain 

function as well as its potential to cause brain-related disorders. 

 

Spinal muscular atrophy (SMA) and Duchenne muscular dystrophy (DMD) are two examples of 

devastating effects alternative splicing could exert on health and development. In case of SMA, 

humans carry two paralogs SMN1 and SMN2, where the loss of SMN1 can prove fatal. Although 

SMN2 is nearly identical to SMN1 in its genomic sequence, due to the skipping event of exon 7, 

its truncated isoform is relatively unstable and may fail to compensate for SMN1 loss of function4. 

Such evidence of importance of splicing events in conjunction with the observation that brain-

expressed neuronal genes associated with brain-related disorders such as autism spectrum disorder 

(ASD) tend to be long and harbor many more isoforms and exons5 suggest that that alternative 

splicing may play a critical role in the pathophysiology of other complex neurologic and 

psychiatric disorders. 

 

Despite the importance of isoform-level expression and the fact that isoforms are the fundamental 

biological units expressed in cells, isoform-level analyses have been limited due to incomplete 

https://paperpile.com/c/EVKBcD/1p2s
https://paperpile.com/c/EVKBcD/MLS8+nhYH
https://paperpile.com/c/EVKBcD/v0hK
https://paperpile.com/c/EVKBcD/q4LC
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transcriptome annotation6 and difficulty in accurately quantifying isoform-level expression from 

short-read RNA-seq data7,8. Although fairly large-scale gene expression h2
SNP estimates have been 

acquired for peripheral blood samples9–12, similar estimates are missing for isoform expression, let 

alone in brain samples. Additionally, while several studies have jointly estimated h2
SNP and rg

13–15 

for pairs of gene expression, similar multivariate analyses are missing for isoform expression. 

 

In this study, we leverage the PsychENCODE dataset composed of 855 unrelated European 

individuals to assess the genetic architecture of gene and isoform expression in the human brain. 

We quantify genetic influences on expression for 24,905 genes and 93,293 isoforms. We model 

isoform expression jointly by using multivariate variance components linear mixed model. This is 

in contrast to the pairwise bivariate models that are commonly implemented in human genetics 

settings. We find SNPs local to the gene or isoform in question (herein referred to as cis-SNPs) 

have a large effect on expression, whereas distal SNPs (i.e. trans-SNPs) have individually small 

effects but collectively a substantial effect on expression. Furthermore, we find isoform-level 

analyses to lead to discovery of many more genetic signals (e.g. h2
SNP, eQTL) that were not present 

for gene-level analyses. Some of these genetic signals found only in isoform-level data were 

significantly associated with increased risk for brain-related disorders such as ASD and XRN2. 

These findings indicate that isoform-resolution analyses have the potential to uncover novel 

disease genes and aid in interpreting GWAS results. Overall, we present a comprehensive 

dissection of genetic influences on brain gene and isoform expression and their relation to brain-

related phenotypes.  

https://paperpile.com/c/EVKBcD/6gUT
https://paperpile.com/c/EVKBcD/Yxw7+8hg3
https://paperpile.com/c/EVKBcD/ixM9+8unX+2X6t+6vKM
https://paperpile.com/c/EVKBcD/Eoww+nQsB+flly
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Results 

Estimation of h2
SNP for brain gene and isoform expression 

We started with 855 unrelated European individuals with matching genotype and frontal cortex 

RNA-seq data (Methods). On average each gene had four isoforms, but some genes had as many 

as 64 brain-expressed isoforms (Supplementary Figure 1). We estimated h2
SNP by fitting a 

univariate variance components linear mixed model using GCTA (Figure 1 and Methods). We 

specified two separate variance component parameters for cis and trans-SNP effects (i.e. 

partitioned heritability), which corresponds to an assumption that these SNP effects come from 

different distributions of effect sizes. We defined cis-SNPs as those within ±1 Mb window of gene 

start and gene end sites, and trans-SNPs as all the other SNPs. Of 24,905 genes and 93,293 

isoforms, 24,754 genes and 93,029 isoforms had converged h2
SNP estimates. Mean h2

SNP estimates 

were 0.21 and 0.18, respectively (Figure 2). 2,672 genes had significant non-zero h2
SNP at 

Bonferroni-adjusted P value < 0.05, while 3,215 genes had at least one isoform which h2
SNP was 

significantly different from zero at Bonferroni-adjusted P value < 0.05. This increase in the number 

of heritable genes reflects increased granularity with isoform-level analyses. Mean h2
SNP estimates 

from cis-SNPs (herein referred to as h2
cis) were 0.036 and 0.022, respectively, which correspond 

to the proportion of h2
SNP attributable to cis-SNPs being 18% and 12%, respectively. Given these 

estimates, enrichments of h2
SNP for cis-SNPs, calculated as the proportion of h2

SNP over the 

proportion of the number of SNPs, were 251 and 173, respectively. We note that h2
trans estimates 

exhibit larger standard errors than h2
cis estimates (Supplementary Figure 2)16, so we caution the 

readers in interpreting these h2
trans estimates. 

 

https://paperpile.com/c/EVKBcD/A0FK
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To make sure that our estimates are robust, we looked at h2
SNP estimates for genes with a single 

isoform (n = 7,532 genes). These estimates were highly concordant (Supplementary Figure 3). 

When we fit a univarate variance components model with just two variance components that only 

captures cis genetic effects, we observed similar estimates for h2
cis (Supplementary Figure 4). We 

also reran univariate models with different definitions of cis-SNPs (e.g. ±250 kb or the entire 

chromosome defined as cis window) and observed concordant results. Finally, we ran eQTL 

analyses for gene and isoform-level expression in parallel using QTLtools (Figure 1) and we found 

that most (if not all) heritable genes and isoforms harbor a significant eQTL (Supplementary 

Figure 5). 

 

The degree of polygenicity of brain gene and isoform expression 

Using QTLtools, we identified 8,981 genes and 17,174 isoforms that significantly harbor cis-eQTL 

at FDR < 0.05. The average proportion of variance explained by the top associated SNP or index 

eQTL were 0.035 and 0.025 for gene and isoform expression, respectively (Figure 2). Index eQTL 

explained about 80% of variance from h2
cis (Supplementary Figure 6), suggesting sparse and large 

genetic effects among cis-SNPs. Conditional analyses using QTLtools found that the majority of 

genes and isoforms have a single cis-eQTL (Supplementary 6). We note that the number of 

independent cis-eQTL will likely increase with an increase in sample size, but in the current 

PsychENCODE dataset, only 25% of genes and 15% of isoforms appear to have more than one 

significant eQTL. 

 

We next sought to understand the degree of overlap of cis-eQTL between gene and isoform 

expression. Starting with all pairs of genes and their constituent isoforms, we subsetted to 9,797 
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pairs in which both features were heritable. Out of this subset, we found that 3,456 pairs had 

colocalized signals with a posterior probability greater than 0.95 after fine-mapping with SuSiE 

and running colocalization (Methods). This result indicates that isoform-level signals are distinct 

from gene-level signals and that isoform-level analyses can uncover many more signals that are 

missed at the gene-level. 

 

Next, by fitting a 23 variance components model, we partitioned heritability among 22 autosomal 

chromosomes and found that the chromosome a given gene or isoform belongs to explain the most 

h2
SNP, whereas the other chromosomes contributed h2

SNP in proportion to the number of SNPs 

(Supplementary Figures 7 and 8). Altogether, cis effects are sparse but large, and trans effects are 

polygenic. 

 

 



 

6 
 

Figure 1: Overview of h2
SNP, rg, and eQTL analyses. Genetic influences were dissected for brain 

gene and isoform expression. The cis-SNPs were defined by ±1 Mb window around (collapsed) 

gene start and end sites. The same set of cis-SNPs was used for each gene and its constituent 

isoforms.  

 

The degree of pleiotropy among brain isoform expression 

Given their close genomic proximity and co-regulation, we hypothesized that isoforms could be 

under shared genetic control. In order to address this question, we jointly modeled isoform 

expression using multivariate and pairwise bivariate variance components models using 

VarianceComponentModels.jl17,18. By fitting these models, we were to estimate  h2
SNP and rg 

simultaneously. To avoid estimating too many parameters, we focused on genes with less than ten 

constituent isoforms for multivariate models and all pairwise isoform pairs for bivariate models 

(Methods).  

 

We highlight CTNNB1 gene for its rg results. CTNNB1 gene is a high-confidence ASD risk gene19 

that is responsible for producing parts of the adherens cell junctions. Alterations in this gene can 

affect brain development, previously being associated with intellectual disability, postnatal 

microcephaly, and progressive ataxia20. In PsychENCODE, there are nine isoforms that are brain-

expressed for this gene, five of which are significantly heritable (Figure 3). Three of five isoforms 

were significantly genetically correlated with one another with some pairs in opposite direction of 

effect, suggesting differential transcript usage (DTU). Indeed in visualizing eQTL results 

(Supplementary Figure 9), we found that these three isoforms all share the same eQTL signals 

with one isoform in opposite direction of effect. Interestingly, these eQTL signals also colocalized 

https://paperpile.com/c/EVKBcD/9M0k+Nvjd
https://paperpile.com/c/EVKBcD/ePg8
https://paperpile.com/c/EVKBcD/6her
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strongly with GWAS signals for cognitive ability21 and educational attainment22, indicating that 

one or more of these three isoforms could be the potential underlying causal isoform(s). Overall 

in our rg analyses, we found the isoforms of a given gene to be under substantial shared genetic 

influences, and we found that genetic correlation is usually larger in magnitude than phenotypic 

correlation (i.e. co-expression) and that genetic correlation recapitulates phenotypic correlation in 

the direction of effect. 

 

Figure 2: Distribution of h2
SNP estimates for different subsets of SNPs. Shown are the estimates 

of h2
SNP for gene and isoform expression from fitting a univariate variance components linear 

mixed model. We observe the relationship h2
SNP > h2

cis > h2
Index as expected.  

 

Increased transcript complexity is associated with genetic discovery only at the isoform-level 

Our analyses up until now suggest that some genetic signals that do not come through at the gene-

level can be captured at the isoform-level. We hypothesized that one factor playing a role in such 

a scenario is increased transcript complexity. Indeed, we found genes with significant heritability 

https://paperpile.com/c/EVKBcD/HhkS
https://paperpile.com/c/EVKBcD/b5WV
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estimates only at the isoform-level tend to exhibit higher numbers of isoforms or unique exons, 

and longer mean transcript length (Supplementary Figure 10). These results reinforce the idea that 

gene-level analyses provided limited resolution, particularly for genes with complex transcript 

structure.  

 

As another example of isoform-specific genetic signals, we highlight XRN2 gene. XRN2 is an 

RNA-binding protein (RBP) that resides in one of two GWAS loci for ASD23. At the gene-level, 

XRN2 is not heritable and does not harbor a significant eQTL, but at the isoform-level, one of three 

XRN2 isoforms is significantly heritable and harbors a significant eQTL (Supplementary Figure 

11). Such eQTL signals colocalize strongly with ASD GWAS signals, suggesting that this isoform 

may be the underlying causal isoform. 

 

 

https://paperpile.com/c/EVKBcD/MjQU
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Figure 3: Isoform-level rg analyses reveal shared genetic influences among isoforms. 

Genetic correlation results CTNNB1 is highlighted as an illustrative example. Shown in the top 

are transcript bodies of nine different brain-expressed isoforms of CTNNB1. Shown in the 

bottom left is the distribution of isoform expression. Shown in the bottom right is the genetic 

correlation and phenotypic correlation results by fitting a multivariate variance components 

linear mixed model. The lower triangular elements represent genetic correlation, while the upper 

triangular elements represent phenotypic correlation. Asterisks denote significance at P < 0.05.  
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Discussion 

In this study, we leveraged large-scale genetic and transcriptomic datasets from 

PsychENCODE24,25 to investigate the genetic influences (h2
SNP and rg) on human brain gene and 

isoform expression. We find a significant proportion of the brain transcriptome to be under genetic 

control. We find cis-SNP effects to be sparse and large individually, while trans-SNP effects to be 

polygenic and large in aggregate. Using multivariate variance components linear mixed models, 

we find the isoforms of a given gene to be under substantial shared genetic influences. We also 

find that genetic correlation is usually larger in magnitude than phenotypic correlation and that 

genetic correlation recapitulates phenotypic correlation in the direction of effect, which are 

consistent with previous observations26–32. Finally, several genes are found to be heritable only at 

the isoform-level and their genetic signals colocalize strongly with GWAS signals, suggesting that 

isoform expression changes might be the underlying drivers of these GWAS signals. Overall, these 

results expand upon the intellectual exercise of estimating genetic parameters to brain gene and 

isoform expression and highlight the utility of conducting isoform-resolution analyses. 

 

We first note a major and important caveat of isoform-level analyses: the underlying generative 

model for the state-of-the-art short-read RNA-seq quantification tools7,8 start with the assumption 

that all isoforms of a given transcriptome are known. But the human transcriptome annotation is 

far from complete, especially for the brain, which can result in inaccurate isoform quantifications 

and hence inaccurate downstream results. However, with extensive efforts to comprehensively 

catalogue all brain-expressed isoforms33–35, we foresee that the quantification accuracy for even 

https://paperpile.com/c/EVKBcD/e5rS+ssKr
https://paperpile.com/c/EVKBcD/R9jL+3r4P+Kkc1+QjCy+RZt8+tj5A+JxBh
https://paperpile.com/c/EVKBcD/Yxw7+8hg3
https://paperpile.com/c/EVKBcD/gSzT+FkYw+tyiE
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short-read RNA-seq data will undoubtedly improve with more complete brain transcriptome 

annotation. 

 

The current study is limited by its sample size. This is evident by relatively large standard errors 

in our estimates16. Hence with larger sample size, we expect to uncover more genes and isoforms 

that are genetically regulated. We also note that the PsychENCODE dataset is a mega-analysis of 

six different studies, which can lead to decreased signal-to-noise ratio from heterogeneity and 

various technical artifacts. We envision increased genetic discovery with more homogenous 

genotype and RNA-seq data that have sufficient sample size. In the text, we have only highlighted 

a handful of genes which isoforms seem to drive GWAS signals such as CTNNB1 and XRN2. 

Whether isoform-level genetic signals are more broadly enriched for disease risk and how many 

additional putative disease genes we can prioritize from isoform-level analyses remains to be 

further investigated.   

 

Several important questions remain regarding the genetic architecture of brain gene and isoform 

expression. First, other sources of genetic variance (e.g. epistasis and dominance) have not been 

explored, as we focus on additive effects from cis and trans SNPs. Although we looked at the 

degree of pleiotropy among constituent isoforms of a given gene, nearby genes can be influenced 

by the same genetic factors as well36,37. The relationship between effect size and minor allele 

frequency was not similarly addressed in the present study. Finally, sources of variation in gene 

and isoform expression are multifactorial with many non-genetic factors playing a role. Due to the 

limited availability of relevant metadata, it was not feasible to quantify the effects of such factors 

in this study.  

https://paperpile.com/c/EVKBcD/A0FK
https://paperpile.com/c/EVKBcD/2Kvm+3Cd6
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Overall, we advocate for running isoform-level analyses in conjunction with traditional gene-

level analyses, since regulation of gene expression is far more complex than previously thought 

and gene-level analyses provide limited granularity. In comparison to usual splicing QTL 

(sQTL) analyses3,38–44, isoform-level analyses provide added benefits in that they are more 

interpretable and that they can pinpoint specific isoforms that are influenced by genetic variation. 

Furthermore, preliminary analyses in the fetal brain suggest that isoform-level eQTL signals 

recapitulate most, if not all, sQTL signals (data not shown), highlighting the informativeness of 

these analyses despite their limitations as discussed above. 

  

https://paperpile.com/c/EVKBcD/QY8l+MkzB+kaUs+DtT6+9oFB+nhYH+ccXl+yuYJ
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Methods 

The PsychENCODE genotype dataset 

Genotype array and frontal cortex RNA-seq data from Freeze 1 and 2 of PsychENCODE were 

obtained from www.doi.org/10.7303/syn12080241. This consisted of uniformly processed data 

from six studies: BipSeq, LIBD_szControl, CMC-HBCC, CommonMind, BrainGVEX, and 

UCLA-ASD (see Table S1 and Fig. S33 in ref. 25). Genotype data for these individual studies were 

previously harmonized25 through phasing and imputation with the Haplotype Reference 

Consortium (HRC) reference panel. We focused on 860 unique European individuals with 

matching genotype and frontal cortex RNA-seq data. We started with 5,312,508 HRC imputed 

SNPs and filtered for SNPs with minor allele frequency (MAF) > 0.01, genotype and individual 

missingness rate < 0.05, and Hardy-Weinberg equilibrium P values > 1e-6. Five pairs of individuals 

had classic GRM values > 0.05 when using all filtered SNPs, while 647 pairs of individuals had 

GRM values > 0.025. We kept one individual from each of five pairs and only SNPs belonging to 

autosomal chromosomes, resulting in a total of 855 unrelated European individuals and 4,685,674 

SNPs for downstream analyses. 

 

The PsychENCODE RNA-seq dataset 

We used post-QC RNA-seq data that were fully processed, filtered, normalized, and extensively 

corrected for all known biological and technical covariates including the diagnosis status (see 

Materials/Methods and Fig. S3 in ref. 24). Of note, RNA-seq reads were previously aligned to the 

hg19 reference genome with STAR 2.4.2a and gene and isoform-level quantifications calculated 

using RSEM v1.2.29. Genes and isoforms were filtered to include those with TPM > 0.1 in at least 

http://www.doi.org/10.7303/syn12080241
https://paperpile.com/c/EVKBcD/ssKr
https://paperpile.com/c/EVKBcD/ssKr
https://paperpile.com/c/EVKBcD/e5rS
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25% of samples. Gene and isoform expression were separately normalized using TMM 

normalization in edgeR and log2-transformed. They were then adjusted for the same set of 

covariates, which include age, study, sex, diagnosis, RNA integrity number (RIN), post-mortem 

interval (PMI), 24 sequencing principal components (PCs) and 5 genetic PCs. Residualized RNA-

seq data was subsequently restricted to frontal cortex samples from European individuals as well 

as genes and isoforms belonging to autosomal chromosomes, resulting in a total of 24,905 genes 

and 93,293 isoforms based on Gencode v19 annotations. The same expression data were used for 

all downstream analyses unless otherwise stated. We note that we did not correct for latent factors 

for the main analyses such as hidden covariates with prior (HCP)45, given that we are modeling cis 

and trans-SNP effects simultaneously and we risk removing trans effects by adjusting for such 

latent factors46. 

 

Univariate variance components linear mixed model 

Univariate variance components linear mixed models were fit for gene and isoform-level 

expression using GCTA47. We specified three variance components, two of which capture cis- and 

trans-SNP genetic effects (Supplementary Note). We defined cis-SNPs as those within 1 Mb 

window of gene start and gene end sites, and trans-SNPs as all the other SNPs. Based on this 

definition, 24,754 genes and 93,030 isoform had non-zero cis-SNPs. The same set of cis-SNPs 

was used for a given gene and its constituent isoforms. Variance component parameters were 

estimated using REML. The default average information algorithm as implemented in GCTA was 

used and the estimates were constrained to be nonnegative. In case the estimates failed to converge, 

the expectation-maximization (EM) algorithm from GCTA was used. In total, 24,754 genes and 

93,029 isoforms had converged estimates. 

https://paperpile.com/c/EVKBcD/2p9m
https://paperpile.com/c/EVKBcD/R9JJ
https://paperpile.com/c/EVKBcD/99ar
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Inference on variance component parameters was done using a variation of likelihood ratio test 

(LRT) as implemented in GCTA. Here, we tested the null hypothesis that both variance 

components corresponding to cis- and trans-SNP genetic effects are zero by fitting a null model 

with only a single residual variance component parameter. Then we compared the log-likelihood, 

which test statistic is assumed to follow the chi-squared distribution with two degrees of freedom. 

 

As part of sensitivity analyses, we fit additional univariate models, including three variance 

components models with different definitions of cis-SNP windows (i.e. 250 kb window and the 

entire chromosome), two variance components model with a single parameter capturing the entire 

genetic effects, two variance components model with only cis-SNP effects (1 Mb window), and 

23 variance components model with separate SNP effects from each autosome. In theory, model 

selection that best fits the data using a statistical criterion such as AIC metric is possible, but we 

did not run such analyses. 

 

Multivariate variance components linear mixed model 

Multivariate variance components linear mixed models were fit for isoform-level expression using 

VarianceComponentModels.jl17,18. We specified two variance components, one of which captures 

cis-SNP genetic effects (Supplementary Note). We used the same set of cis-SNPs that were used 

for univariate models. Given limited sample size of the PsychENCODE dataset, to reduce the 

number of variance component parameters that need to be estimated, we ran the multivariate model 

for genes with less than ten isoforms. Variance component parameters were estimated using 

REML. The default Fisher scoring algorithm as implemented in VarianceComponentModels.jl 

https://paperpile.com/c/EVKBcD/9M0k+Nvjd
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was used and the estimates were constrained to be nonnegative. In case the estimates failed to 

converge, the minorization-maximization (MM) algorithm from VarianceComponentModels.jl 

that is more numerically stable was used. 

 

Pairwise bivariate variance components models were fit with the same scheme as multivariate 

models. For each gene with at least two isoforms, the model was fit to all pairwise combinations 

of isoforms. Of 24,754 genes with cis-SNPs, 13,906 had at least two isoforms per gene. Inference 

on genetic covariance parameters was done using the Wald test for both bivariate and multivariate 

models. 

 

eQTL analyses 

We ran eQTL analyses for the same cis-SNPs used in variance components linear mixed models 

for each each gene and isoform using QTLtools48. To account for linkage disequilibrium (LD), 

sample labels were permuted 1,000 times, and each iteration the most significantly associated P 

value was saved. Such a null distribution of P values was then fit to a beta distribution and the 

observed P value was subsequently adjusted to give an empirical P value. To account for multiple 

testing, empirical P values transcriptome-wide were FDR corrected. Conditional analyses were 

further performed through QTLtools to discover independently associated eQTL signals for gene 

and isoform expression. The top associated eQTL SNP for each gene and isoform was then used 

to calculate R2 or variance explained by index SNPs. 

 

Colocalization after fine-mapping 

https://paperpile.com/c/EVKBcD/3o6z
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We fine-mapped eQTL signals using SuSiE49, a Bayesian variable selection method that produces 

credible sets of variables that seek to capture true effect variables when there is high correlation 

among multiple variables through an iterative Bayesian stepwise selection fitting procedure. These 

credible sets were generated for each individual gene and isoform, with each credible set having a 

probability greater than 0.95 of containing at least one variable with a nonzero regression 

coefficient. The SuSiE framework allows for fine-mapping in the presence of multiple causal 

variants, which has been adopted by coloc50 to relax the single causal variant assumption. We 

tested for colocalization of the credible sets from SuSiE between each gene and all of its isoforms 

as well as pairwise between all isoforms of a given gene. 

 

Data availability 

PsychENCODE raw data are available at www.doi.org/10.7303/syn12080241 and processed 

summary-level data are available at Resource.PsychENCODE.org. 

 

Code availability 

The code used to perform bioinformatic analyses are available at: 

https://github.com/danielduyvo/PsychENCODE_GCTA. 

  

https://paperpile.com/c/EVKBcD/NkSp
https://paperpile.com/c/EVKBcD/wWVO
http://www.doi.org/10.7303/syn12080241
http://resource.psychencode.org/
https://github.com/danielduyvo/PsychENCODE_GCTA
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Supplementary Figures 

 

 

Supplementary Figure 1. Shown is the distribution of the number of isoforms for 24,905 genes 

in PsychENCODE RNA-seq data. The range is from 1 to 64 isoforms. 
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Supplementary Figure 2. Mean standard errors for h2
cis were 0.019 and 0.017 for gene and 

isoform expression respectively, while mean standard errors for h2
trans were 0.34 and 0.34 for 

gene and isoform expression. Standard errors are estimated internally using the observed 

information matrix and the Delta method. 
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Supplementary Figure 3. Shown in the left are the h2
SNP estimates for genes with a single 

isoform annotation (n = 7,532 genes). Shown in the right are the corresponding P values from 

likelihood ratio test (LRT).  

 

 

Supplementary Figure 4. h2
cis estimates for gene and isoform expression between three 

variance components model (i.e. two genetic variance components capturing cis and trans SNP 

effects) and two variance components model (i.e. a single genetic variance component captureing 

cis SNP effects).  
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Supplementary Figure 5. Venn diagram of heritable genes and genes harboring eQTL at FDR < 

0.05. eGene is defined as genes harboring eQTL at FDR < 0.05 for gene-level expression. 

isoGene is defined as genes with at least one isoform harboring eQTL at FDR < 0.05 for 

isoform-level expression.  
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Supplementary Figure 6. Shown in the left is comparison between h2
cis estimate and the 

variance explained by top associated SNP. Shown in the right is the proportion of genes and 

isoforms with one or many independent eQTL signals.  

 

Supplementary Figure 7. When partitioning heritability across autosomes, the chromosome the 

gene resides in contributed the most to h2
SNP, while the rest of the chromosomes contributed in 

proportion to their number of SNPs. 
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Supplementary Figure 8. When partitioning heritability across autosomes, the chromosome the 

isoform resides in contributed the most to h2
SNP, while the rest of the chromosomes contributed 

in proportion to their number of SNPs. 
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Supplementary Figure 9. Shown are the distributions of the number of isoforms, the number of 

unique exons, and the mean transcript length for genes heritable at both gene and isoform-levels 

and genes that are only heritable at the isoform-level. Increased transcript complexity is 

associated with reduced genetic signal at the gene-level. 
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Supplementary Figure 10. Shown in the left is the LocusZoom plot for CTNNB1 gene and 

isoform expression as well as multiple other complex phenotypes. Shown in the right is the 
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comparison of -log10[P] values between ENST00000349396 eQTL signals and intelligence 

GWAS signals.  

 

 

Supplementary Figure 11. Shown is the LocusZoom plot for XRN2 gene and isoform 

expression as well as multiple other complex phenotypes. 
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