TIGAR-V2: Efficient TWAS Tool with Nonparametric Bayesian eQTL Weights of 49 Tissues from GTEx V8
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TIGAR-V2 TWAS Tool: https://github.com/yanglab-emory/TIGAR A ——— TWAS of Breast and Ovarian Cancer AS H G
W ewe * Used Bayesian DPR eQTL weights estimated

VIRTUAL
from GTEx of breast and ovarian tissues. MEETING 2021
*  Used GWAS summary statistics of Breast OCTOBER 18-22
Cancer (BCAC) and Ovarian Cancer (OCAC).

1. Fit Gene Expression Prediction Model

Efficiently take WGS VCF genotype files (bgzipped/tabixed).

Train both nonparametric Bayesian DPR and Elastic-Net models with 5-fold cross
validation.
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2. TWAS: Gene-Based Association Test with eQTL weights and GWAS data o fos 20 Independently S|gn|f|c.ant‘ TWAS genes '
« Burden tests: S-PrediXcan and FUSION Z-score Statistics SHm s _ * Breast Cancer: 34 significant genes with 3 novel genes: KLHL25,
*+ Variance Component tests. Sample Size UBE2MP1, FRGIEP (Fig3A).
. * Ovarian Cancer: 4 significant genes with 2 novel genes: UBE2MP1
Fig 1. TIGAR-V2 flowchart. ... _ & PrediXcan o TIGAR & 8 . & T
. Individual-Level GWAS Data 5 ‘ (CHR 16) and FRG1EP (CHR 20) shared with Breast cancer (Fig3B).
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Train Bayesian DPR Models with GTEx V8 Reference Data per tissue by Elastic-Net (PrediXcan) and : ™ @
Bayesian DPR methods; (B). CPU hours S . Qg -
* Trained gene expression prediction models (eQTL weights) for 49 human tissues per tissue per Chromosome to train >
with samples size >70. Bayesian DPR models. To2s $
* Bayesian DPR method trained significant prediction models with 5-fold cross 00{..‘..‘.““.“‘ .““‘
validation R2 >0.5% for 2X genes than PrediXcan (predictdb.org) (Fig2A). }‘{@ EMORY NN Eh«' R s BRR
* Bayesian DPR model costs ~100 CPU hours per Chromosome per tissue (Fig2B). UNIVERSITY romosome
ig 3. f Breast Cancer (A) and Ovarian Cancer (B).
MEDICINE Fig 3. TWAS results o

SASHG

American Society of Human Genetics




