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Expression QTL analysis

The architecture of transcription maps genotype onto phenotype

Expression QTL (eQTL) are QTL that modulate transcript abundance
in pedigrees or crosses

The vast majority of GWAS variants (associated with disease or
continuous traits) are now known to be regulatory, and hence to
have eQTL effects.

Estimates of heritability of transcription also suggest that it is
remarkably high, in the range of 0.2 to 0.5, with transcription
sometimes showing a higher genetic component than visible traits
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Principle of eQTL analysis
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cis and trans eQTL
Schadt, Friend et al (2003) Nature 422: 297-302

Liver samples from 111 F2 mice from an obesity cross

15% of 23,500 genes with at least one eQTL explaining
~ 25% of the variance

Tendency for strong eQTL to be in cis to the actual gene

eQTL clustered in 7 hotspots (each 0.2% of the genome but >1% of the
eQTLs)
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Limitations of eQTL analysis

Any QTL experiment is only a comparison of two lines, so does not
say anything about the frequency of QTL effects in a population

If the number of F2 or BC progeny is less than 100, QTL analysis is
prone to false positives, particularly for trans-hotspots

Consequently, significance must be evaluated by permutation being
sure to permute the full genotype matrix against the full transcript
abundance profile to preserve correlation structure

Resolution of QTL analysis is generally low (5 cM ~ 100-1,000genes),
although enrichment for cis => most will be in the gene itself

With pedigree analyses, ensure that one family is not driving the
entire experiment
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Principle of eSNP analysis

Whole genome genotyping of >100 unrelated individuals
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Whole transcriptome profiling of the same individuals

GWAS (Genome-wide association study) for transcription -> precise
localization of regulatory SNPs in cis and trans




Module 5, Lecture 5 7/15/2015

Significance thresholds Gutenberg Heart Study example

Zeller et al (2011) PLoS ONE 5: 10693

e Bonferroni for cis-linkages:

0.05 / (20,000 genes x 250 SNPs) =1 x 108
Total number of
associated Total number of
. . . Significance Tatal number cigltrans ratio for  expressions cls/trans ratia associated SNPs  civtrans ratio
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dat10.0371 journal pone 0010693 1002

AND consider step-wise regression to adjust for LD
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Repeatability with GHS

Stranger ot al, Dixon st al. Schadt ot al.
Lavel of Number of eQTLs at  Percent signifi-  Number of eQTLs at Percent signif-  Number of eQTLs at  Parcent signifi-
signifi-cance  level of significance  cant in GHS* level of significance icant in GHS*  level of significance  cant in GHS*
>10°" B 558 1 508 928 479
10 ] 698 162 500 168 577
107 ""-107"" 144 632 nr 48 Mm 73
e ® 0 00 102 607 120 %]
LR [l 38 5 73 657 7 &7.1
=102 48 708 L 674 103 TiE
All 419 =3 bie] 565 1603 541

* Comparisans were based on sels of gene expressions overlapping between each study and GHS and were restricted fo oulosamel cis eQTLs. AN cis €0TLs considered
sigraficant in each study were retrieved and replication was assessed in GHS (P39 10" comecting for 12808 gene expressicns).
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dok1 01371, ournal.pone. 00106931003
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Significance (NLP)

eSNP plots
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Linear modeling

Simple association:

Expression = y1+ SNP + €

Adjusted for fixed covariates:

Expression = u + Location + SNP + SNP* Location + €

Adjusted for random and/or continuous covariates:

Expression = 1+ Relatedness + Ethnicity + SNP + ¢

Alternate strategy to control for outliers if MAF < 5%:

Estimate Adjusted Expression Level, then perform SNP
association on the rank order of the expression
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Additive Genotype & Environment Location of eSNPs
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Effect of Normalization
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Table3 €SNP Analyses
Pearson Correlation Spearman Rank Correlation

Normalization Total (NLP8)  Cis (NLP 5) Cis (NLP 8] Probes (NLP 8) Cis (NLP8)  Probes (NLP 8)
RAW 552 1183 411 39 324 36

MEA 1082 2009 743 77 703 71

dr3 627 1362 455 a4 407 46

DRM 959 2150 761 87 747 77

1ar 935 1708 603 71 565 73

LMN 484 1281 439 a4 394 a2

aNm 1211 2288 842 88 791 81

SNM 969 2084 825 86 821 81

PCA 602 1563 585 73 505 74

The Table reports the total number of associations detected between 34,548 Chromosome 6 SNPs and 732
Chromosome & Probes, respectively including total (trans and cis) associations at NLP 8; just cis associations at NLP 5
or NLP 8 (defining cis as eSNPs within 250 kb of the probe); the number of independent probes with eSNPs at NLP 8
(all using Pearson correlation with the transcript abundance); and then the cis associations and number of
independent probes at NLP 8 using Spearman rank correlation.
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The Genctype-Tissus TEx) pelot analysis:
regulation in humans

Science (2015) 9(5): e1003486

Tous ot sorrelation ™M
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Tissue to trait from GTEx
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Cross-Tissue Heritability

A Statistical Framework for Joint eQTL Analysis in Multiple Tissues

PLoS Genetics (2013) 9(5): 1003486
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RESEARCH ARTICLE
Cross-Population Joint Analysis of eQTLs: Fine
Mapping and Functional Annotation
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PLoS Genetics (2015) 11(4): e1005176
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Multiple regression plus function

2 | Without functional snnatation

= With functional annatation

Some other software

http://omictools.com/eqtl-mapping-c1260-p1.html

PLINK: The basic tool for GWAS
http://pngu.mgh.harvard.edu/~purcell/plink/tutorial.shtml

Matrix eQTL: Ultra-fast eQTL analysis
http://www.bios.unc.edu/research/genomic_software/Matrix eQTL/

GEMMA: Genome-wide Efficient Mixed Model Association (GEMMA)
http://stephenslab.uchicago.edu/software.html#gemma

Etc etc
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Secondary associations

Effect Size

Multi-site regulation is common

Greg Gibson
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Trans-Effect of KLF14

Small et al (2011) Nature Genetics 43: 561-564
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Challenges for eSNP analysis

Great for finding transcripts regulated by one or two major effect
SNPs that explain 20-60% of variance — but these are a minority

Multiple comparison issues limit the power to detect weaker effects
and to map several sites per transcript (unless N>10,000 ?)

Outliers can produce very small p-values when MAF<5% and are
quite common; PARTICULARLY with respect to interaction effects
because one or two individuals will by chance be in a sub-group

Only a few human tissues are accessible, and cost/ethics preclude
recurrent sampling in many cases: hard to get longitudinal data

Overlap between tissues estimated as only 10-20%, not much less
than power to replicate ‘marginal’ associations at 108
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Genome sequencing
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10006 eSNP study:

Lappalainen, Dermitzakis et al (2013) Nature 501: 506-511

Performed RNA-Seq and miRNA-Seq on LCL for ~90 people each from five 1000G
populations: Utah (CEPH), Finland, Britain, Tuscany and Nigeria (Yorubans)

protein-coding gene micro-RNA

SNP indel

Technical effects in the study

Sequencing in 7 laboratories showed inter-lab variance is less than among individual,
yet there clearly are lab effects, particularly at transcript level
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Lappalainen, Dermitzakis et al (2013) Nature 501: 506-511
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eSNP analysis by RNA-Seq
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Table 1 | Numbers of transcriptome features with a QTL (FDR 5%)
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Danctyps

T FUR(- 373 YR@-89)  Unon
ExoneQTL 12,981 genes 7,390 2369 7825
cnding or aaecoding i i Gene eQTL 13703genes 3,259 501 3773
|or pagemetic modsbcation] Transcript 7855 genes. 620 83 639
- codng wer A ratio QTL
—_— -—lib—l:H:}— mirQTL 544 miRNAs 57 15 60
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repeat eQTL

Lappalainen, Dermitzakis et al (2013) Nature 501: 506-511
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eQTL and Additivity

Gona-loval QTL (TSPS0)
Pe17 o« 10 b Mipto-specific axprossion

9 rR7639079: GG 80
in=18)
4 Z40
g
20
1 GA (35)
R T
d 03 05 07 09
_‘_L_L._i_.l“__.u__._ Fraction of reads from
(+] haplotype
] AAE e Allehc affacts by two
& mathads
1 280
s " " PR BE
8 % oe
Ensembl gene model = o
2ES0s
R '
t‘ﬁ E 0.4 /
r T T 1 < 04 08B 08 10
46,730 46.732 46.734 46,736 Observed fraction of reads
Position (Mb) fresm {+) haplotyps

Pickrell et al. Nature 464: 768-772 (2010)

14



Module 5, Lecture 5
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Blood eQTL browser

Download eQTL Results

How to cite

Query eQTL Results

Meta-analysis

http://genenetwork.nl/bloodeqtlbrowser/

NATURE GENETICS | LETTER =mg

AxAER

Systematic identification of trans eQTLs as
putative drivers of known disease associations

Harm-Jan Westra, Margolein J Peters, Tonu Esks, Hanieh Yaghootkar, Claudia Sehurmana,

Jahannes Kettunen, Mark W Christiansan, Bengamin P Fairtay, Katharing Senrame,

Jaseph E Powall, Alexandra Zhernakova, Daria ¥ Zhermakova, Jan M Veldink, Lecnard B

Wan den Berg, Juha Karjalainen. S#ba Withoft, André G Uitterlinden, Albert Hotman,

© 't Hoen, Eva Reinmaa, Krista Fischer, Mari Nelis, Lin

Milani, David Meizer + ef ai

eQTL meta-analysis on 5,311 individuals replicated in 2,775 more

Found trans-eQTL for 233 SNPs at 103 loci many of which are also disease QTL

Also generates local cis-eSNPs for almost half the genome
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