Integration of transcriptome and genome sequencing uncovers
functional variation in human populations
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SEUVALIS

MRNA and smallRNA sequencing of 465 samples from the 1000
genomes project

Quantitative trait loci for expression levels and splicing

Aims of the study: (1) How to do distributed RNA sequencing? (2) What can we learn of transcriptome

. . . . , , We performed a cis-QTL analysis using genetic variants >5% MAF in 1MB window around genes, and
variation and its genetic component by integrating genome and transcriptome data from hundreds of
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Population-scale deep sequencing improves gene discovery of Functional annotation of eQTLs points to causal variants and

MiRNAs 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)
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Genome-wide trends of transcriptome variation

Transcriptome variation shows clustering by continental groups, allelic ratios more than expression . : , : _ _
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