Integration of transcriptome and genome sequencing uncovers
functional variation in human populations
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MRNA and smallRNA sequencing of 465 samples from the 1000
genomes project

Aims of the study: (1) How to do distributed RNA sequencing? (2) What can we learn of transcriptome
variation and its genetic component by integrating genome and transcriptome data from hundreds of

Quantitative trait loci for expression levels and splicing

We performed a cis-QTL analysis using genetic variants >5% MAF in 1MB window around genes, and
Spearman rank correlation with (1) exon quantifications to find expression QTLs (eQTLs) (2) ratio of
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individuals?  (3) Create one of the biggest reference datasets for transcriptomics the most common transcript to find splicing QTLs (sQTLs). We ran permutations for CEU+GBR, and
L , , used a 0.01 permutation threshold for eQTLs and 0.001 for sQTLs.
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Population-scale deep sequencing improves gene discovery of Functional annotation of eQTLs points to causal variants and

mMiRNAs and poly-A transcripts regulatory mechanisms

Distinguishing the causal variant underlying a cis-eQTL signal has been a challenge. We find that the
best eQTL variants overlap functionally annotated regions more often (Ensembl Regulatory Build,
Annotated Features in GM12878), which suggests that we are discovering causal regulatory variants.
Yet, in 25% of eQTLs none of the significant variants have an overlap with these functional elements.

We detect 1615 out of the 1921 mature miRNAs in the miRBase databasel, 394 in >90% of the samples.
Additionally, we discover 250 novel miRNAs with an estimated 30% FDR (see example below)

: : : = 20 ry
Population diversity and E R CEU+GBR QL variant
: : 2 Soat ~ + e varian
increasing total read count 2 v i S o value rank
add significantly to the 8 18 fg H3K36me3 — Add a null from
o [ ) c M _ overall p =0.0035 S matched non-
number of annotated genes?s : / . . e £ O P m 2nd B 10th eQTLs
. A Star Mature ®
that are detected in the 4 ep———— . oo 2 o
é 16 ((((((( c(eeeeend) =))))))) - (CC(( GO eaeeeea))))) <)))))-))))))) ) e (((eeee))) s —
dataset” s T §°
8 15 L amanenmenguaseuag oo 5 H3K4me3
£ — vpp el - SER L 0000000000000 00000000000 §_ - 3K27ac Polll DNa£§K4me2
Z 1 L ameaeaamsamag e = O |H3K27m ] Yvi H3K93-(%_ |‘E‘3K79m62
6 1 2 3 4 s 6 7 8 o O AR, o Sin3Ak20'Y' ELF1 cf1 cTcpH2AZ
. S R aRRRR o i1 - Eom— - IOmo ‘ I e I e e
Total number of sequenced reads (billions) T e nauaenueugucceuagh. e oo o

Genome-wide trends of transcriptome variation
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