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Calling from high-throughput biology

I The mRNA abundance (or gene expressions) can be
simultaneously measured on thousands of genes in one
microarray experiment—variation at the molecular level.

I Tens to hundreds of thousands of SNPs (single
nucleotide polymorphisms) are available for genotyping
to study the genetic variation of individuals—variation
at the DNA sequence level.

I The challenge: identify and understand genetic variation
contributing to complex phenotypes (e.g., diseases).

I Identifying gene-gene interactions and understanding
how genes interact are of crucial importance.

I New annotations are being added to the biology
literature on genetic pathways and regulatory networks.
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Calling from high-throughput biology

I Improving methods and model performance versus
understanding biology in bioinformatics research.

I In Genetic genomics, the analysis of data is heavily
motivated by the biological hypotheses to be tested.

I Multiple sources of data can be combined in one
analysis to identify interesting patterns for further
biological investigation.
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What is eQTL mapping?

I Quantitative traits: as opposed to dichotomous traits,
have continuous trait values (eg, plasma cholesterol).

I Quantitative trait locus: a chromosomal region that
affects the levels of a heritable quantitative trait.

I QTL mapping methods have been developed to identify
potential QTL for a specific phenotype trait via either
linkage information or association information, or both.

I Gene expression—mRNA abundance of a given gene—is
also heritable.

I eQTL (expression Quantitative Trait Locus) is then the
regulatory region for an expression trait.

I eQTL mapping is then QTL mapping with an expression
trait used as the phenotype.
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eQTL mapping

I Referred as “genetical genomics”

I Jansen, R. C. and J. P. Nap (2001). Genetical
genomics: the added value from segregation. Trends in
Genetics 17:388-391

I also as “expression genetics”

I Broman, K. W. (2005). ”Mapping expression in
randomized rodent genomes.” Nature Genetics 37:
209-210”
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Searching for QTL’s in a genome scan:
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I A hypothetical example of multiple genetic factors
(located in physically distinct regions) may affect the
mRNA abundance of the “black” gene.

between the spontaneous hypertensive rat (SHR)
strain and the normotensive Brown Norway
(BN) strain. In addition to being hypertensive,
the SHR rat is known to have many other fea-
tures of the metabolic syndrome. As the recom-
binations between these genomes have been fixed
in the inbred strain panel, unlimited offspring of
each genotype is available, allowing studies of
each genetically identical recombinant line not
only across time in one laboratory but across
laboratories. Thus, the current expression data
can be combined with historical phenotypic
data on these strains or any such data gathered
in the future.
The authors examined the expression profiles

of nearly 16,000 transcripts on the array in fat
and kidney from the parental SHR and BN
strains and the 30 RI strains in the BXH/HXB
panel. To reduce variability, multiple animals
from each strain were examined, and the mean
expression level for each strain was used in the
subsequent mapping studies. Approximately
2000 adipose transcripts were differentially
expressed between the two parental strains, and
approximately 1500 such transcripts were identi-
fied in kidney. However, as it is possible that
gene expression can be regulated without differ-
ing between the parental strains, all transcripts
on the array were included in the mapping ana-
lysis. Genome-wide p values for each transcript
were assessed by permutation testing, and correc-
tion for the 16,000 comparisons for the set of
transcripts was made by employing the false dis-
covery rate. At a p ¼ 0.05 level, 2500–3000 eQTL
were identified in each tissue. At the more strin-
gent p ¼ 0.001 level, 509 and 761 eQTL were
identified in adipose and kidney, respectively.

Of the 2000–2500 non-redundant eQTL identi-
fied at the p < 0.05 level that remained after
correcting the totals for transcripts that mapped
to multiple tightly linked markers, only 35–40%
were cis-regulated, i.e. the physical location of
the gene encoding the transcript was within
10 Mb of the peak linkage marker, suggesting
that the variation in expression levels is due to
variation within or immediately adjacent to the
gene itself (as represented in Fig. 2). However, at
more stringent significance cutoffs, the majority
of eQTL were cis-acting, suggesting a stronger
effect of cis-loci than those that act in trans,
perhaps because transcripts mapped to such
trans-loci may be influenced by multiple factors.
Approximately 15% of the eQTL were observed
in both kidney and adipose, the majority (>80%)
of which were cis-acting. This suggests that the
bulk of the trans-acting loci might reflect tissue-
specific patterns of gene regulation. A large num-
ber of transcripts (675) were linked to multiple
loci, suggesting complex patterns of gene
regulation.
To identify the molecular basis and validity of

the group of cis-acting eQTL, Hubner and col-
leagues sequenced the promoters and cDNAs of
the seven of these transcripts showing the most
significant p values for linkage. Single nucleotide
polymorphisms (SNPs) were identified in six of
the seven genes. To assess the functional
importance of these sequence changes, the
authors sequenced other hypertensive and nor-
motensive rat strains and found that SNPs in
the phoshpatidylinositol 3-kinase gene (Pik3c3)
were common to the hypertensive strains but
not observed in the normotensive ones. This
gene resides in a region contained in a congenic

‘Blue’ transcription factor
gene on chromosome 6

‘Red’ enhancer-binding protein
gene on chromosome 4

‘Black’ gene on chromosome 2

‘Purple’ RNA-binding protein
gene on chromosome 5

AAAA

TATA

mRNA

Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
mutations within the promoter of a gene, further upstream or intronic enhancer elements, spliceosome-binding sites, or
sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
proteins that regulate them, for example kinases that phosphorylate transcription factors, may influence the abundance of this
and other downstream mRNAs. The genes encoding these transcription factors (blue), enhancer-binding proteins (red) or
RNA-binding proteins (purple), are all located in physically distinct regions of the genome.

HotSpots

2

(Source:
SM Clee (2005) Clinical Genetics 68: 1-5.)

I Mutations within the promoter, upstream, intronic
region, “blue” TF, “red” enhancer, or the “purple”
RNA-binding protein can all affect the mRNA
abundance of “black.”

7 / 47



eQTL Tutorial
BIBE’07

Tian Zheng,
Dept. of Stat.,
Columbia Univ.

Motivation

Background

eQTL mapping

Gene regulatory
activities

Study gene
co-regulation

Studying
inter-regulation of
genes

Studying gene regulations using eQTL mapping

I A hypothetical example of multiple genetic factors
(located in physically distinct regions) may affect the
mRNA abundance of the “black” gene.

between the spontaneous hypertensive rat (SHR)
strain and the normotensive Brown Norway
(BN) strain. In addition to being hypertensive,
the SHR rat is known to have many other fea-
tures of the metabolic syndrome. As the recom-
binations between these genomes have been fixed
in the inbred strain panel, unlimited offspring of
each genotype is available, allowing studies of
each genetically identical recombinant line not
only across time in one laboratory but across
laboratories. Thus, the current expression data
can be combined with historical phenotypic
data on these strains or any such data gathered
in the future.
The authors examined the expression profiles

of nearly 16,000 transcripts on the array in fat
and kidney from the parental SHR and BN
strains and the 30 RI strains in the BXH/HXB
panel. To reduce variability, multiple animals
from each strain were examined, and the mean
expression level for each strain was used in the
subsequent mapping studies. Approximately
2000 adipose transcripts were differentially
expressed between the two parental strains, and
approximately 1500 such transcripts were identi-
fied in kidney. However, as it is possible that
gene expression can be regulated without differ-
ing between the parental strains, all transcripts
on the array were included in the mapping ana-
lysis. Genome-wide p values for each transcript
were assessed by permutation testing, and correc-
tion for the 16,000 comparisons for the set of
transcripts was made by employing the false dis-
covery rate. At a p ¼ 0.05 level, 2500–3000 eQTL
were identified in each tissue. At the more strin-
gent p ¼ 0.001 level, 509 and 761 eQTL were
identified in adipose and kidney, respectively.

Of the 2000–2500 non-redundant eQTL identi-
fied at the p < 0.05 level that remained after
correcting the totals for transcripts that mapped
to multiple tightly linked markers, only 35–40%
were cis-regulated, i.e. the physical location of
the gene encoding the transcript was within
10 Mb of the peak linkage marker, suggesting
that the variation in expression levels is due to
variation within or immediately adjacent to the
gene itself (as represented in Fig. 2). However, at
more stringent significance cutoffs, the majority
of eQTL were cis-acting, suggesting a stronger
effect of cis-loci than those that act in trans,
perhaps because transcripts mapped to such
trans-loci may be influenced by multiple factors.
Approximately 15% of the eQTL were observed
in both kidney and adipose, the majority (>80%)
of which were cis-acting. This suggests that the
bulk of the trans-acting loci might reflect tissue-
specific patterns of gene regulation. A large num-
ber of transcripts (675) were linked to multiple
loci, suggesting complex patterns of gene
regulation.
To identify the molecular basis and validity of

the group of cis-acting eQTL, Hubner and col-
leagues sequenced the promoters and cDNAs of
the seven of these transcripts showing the most
significant p values for linkage. Single nucleotide
polymorphisms (SNPs) were identified in six of
the seven genes. To assess the functional
importance of these sequence changes, the
authors sequenced other hypertensive and nor-
motensive rat strains and found that SNPs in
the phoshpatidylinositol 3-kinase gene (Pik3c3)
were common to the hypertensive strains but
not observed in the normotensive ones. This
gene resides in a region contained in a congenic

‘Blue’ transcription factor
gene on chromosome 6

‘Red’ enhancer-binding protein
gene on chromosome 4

‘Black’ gene on chromosome 2

‘Purple’ RNA-binding protein
gene on chromosome 5

AAAA

TATA

mRNA

Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
mutations within the promoter of a gene, further upstream or intronic enhancer elements, spliceosome-binding sites, or
sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
proteins that regulate them, for example kinases that phosphorylate transcription factors, may influence the abundance of this
and other downstream mRNAs. The genes encoding these transcription factors (blue), enhancer-binding proteins (red) or
RNA-binding proteins (purple), are all located in physically distinct regions of the genome.

HotSpots

2

(Source:
SM Clee (2005) Clinical Genetics 68: 1-5.)

I Mutations within the promoter, upstream, intronic
region, “blue” TF, “red” enhancer, or the “purple”
RNA-binding protein can all affect the mRNA
abundance of “black.”

7 / 47



eQTL Tutorial
BIBE’07

Tian Zheng,
Dept. of Stat.,
Columbia Univ.

Motivation

Background

eQTL mapping

Gene regulatory
activities

Study gene
co-regulation

Studying
inter-regulation of
genes

Gene co-expression and co-regulation

between the spontaneous hypertensive rat (SHR)
strain and the normotensive Brown Norway
(BN) strain. In addition to being hypertensive,
the SHR rat is known to have many other fea-
tures of the metabolic syndrome. As the recom-
binations between these genomes have been fixed
in the inbred strain panel, unlimited offspring of
each genotype is available, allowing studies of
each genetically identical recombinant line not
only across time in one laboratory but across
laboratories. Thus, the current expression data
can be combined with historical phenotypic
data on these strains or any such data gathered
in the future.
The authors examined the expression profiles

of nearly 16,000 transcripts on the array in fat
and kidney from the parental SHR and BN
strains and the 30 RI strains in the BXH/HXB
panel. To reduce variability, multiple animals
from each strain were examined, and the mean
expression level for each strain was used in the
subsequent mapping studies. Approximately
2000 adipose transcripts were differentially
expressed between the two parental strains, and
approximately 1500 such transcripts were identi-
fied in kidney. However, as it is possible that
gene expression can be regulated without differ-
ing between the parental strains, all transcripts
on the array were included in the mapping ana-
lysis. Genome-wide p values for each transcript
were assessed by permutation testing, and correc-
tion for the 16,000 comparisons for the set of
transcripts was made by employing the false dis-
covery rate. At a p ¼ 0.05 level, 2500–3000 eQTL
were identified in each tissue. At the more strin-
gent p ¼ 0.001 level, 509 and 761 eQTL were
identified in adipose and kidney, respectively.
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that the variation in expression levels is due to
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gene itself (as represented in Fig. 2). However, at
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Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
mutations within the promoter of a gene, further upstream or intronic enhancer elements, spliceosome-binding sites, or
sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
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and other downstream mRNAs. The genes encoding these transcription factors (blue), enhancer-binding proteins (red) or
RNA-binding proteins (purple), are all located in physically distinct regions of the genome.

HotSpots

2

I In traditional gene expression analysis, genes that
demonstrate strongly positive correlated expression
levels are clustered together, which sometimes are
termed as co-expressed genes.

I The clustering based on co-expression patterns are then
compared to known gene-gene regulation.

I Co-expression can be result of two genes being
regulated by the same regulator.

I OR, co-expression can ALSO be result of that gene A
regulates gene B.
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of which were cis-acting. This suggests that the
bulk of the trans-acting loci might reflect tissue-
specific patterns of gene regulation. A large num-
ber of transcripts (675) were linked to multiple
loci, suggesting complex patterns of gene
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To identify the molecular basis and validity of

the group of cis-acting eQTL, Hubner and col-
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the seven of these transcripts showing the most
significant p values for linkage. Single nucleotide
polymorphisms (SNPs) were identified in six of
the seven genes. To assess the functional
importance of these sequence changes, the
authors sequenced other hypertensive and nor-
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the phoshpatidylinositol 3-kinase gene (Pik3c3)
were common to the hypertensive strains but
not observed in the normotensive ones. This
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Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
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sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
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in the future.
The authors examined the expression profiles

of nearly 16,000 transcripts on the array in fat
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strains and the 30 RI strains in the BXH/HXB
panel. To reduce variability, multiple animals
from each strain were examined, and the mean
expression level for each strain was used in the
subsequent mapping studies. Approximately
2000 adipose transcripts were differentially
expressed between the two parental strains, and
approximately 1500 such transcripts were identi-
fied in kidney. However, as it is possible that
gene expression can be regulated without differ-
ing between the parental strains, all transcripts
on the array were included in the mapping ana-
lysis. Genome-wide p values for each transcript
were assessed by permutation testing, and correc-
tion for the 16,000 comparisons for the set of
transcripts was made by employing the false dis-
covery rate. At a p ¼ 0.05 level, 2500–3000 eQTL
were identified in each tissue. At the more strin-
gent p ¼ 0.001 level, 509 and 761 eQTL were
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of eQTL were cis-acting, suggesting a stronger
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perhaps because transcripts mapped to such
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the seven genes. To assess the functional
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authors sequenced other hypertensive and nor-
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not observed in the normotensive ones. This
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sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
proteins that regulate them, for example kinases that phosphorylate transcription factors, may influence the abundance of this
and other downstream mRNAs. The genes encoding these transcription factors (blue), enhancer-binding proteins (red) or
RNA-binding proteins (purple), are all located in physically distinct regions of the genome.
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covery rate. At a p ¼ 0.05 level, 2500–3000 eQTL
were identified in each tissue. At the more strin-
gent p ¼ 0.001 level, 509 and 761 eQTL were
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fied at the p < 0.05 level that remained after
correcting the totals for transcripts that mapped
to multiple tightly linked markers, only 35–40%
were cis-regulated, i.e. the physical location of
the gene encoding the transcript was within
10 Mb of the peak linkage marker, suggesting
that the variation in expression levels is due to
variation within or immediately adjacent to the
gene itself (as represented in Fig. 2). However, at
more stringent significance cutoffs, the majority
of eQTL were cis-acting, suggesting a stronger
effect of cis-loci than those that act in trans,
perhaps because transcripts mapped to such
trans-loci may be influenced by multiple factors.
Approximately 15% of the eQTL were observed
in both kidney and adipose, the majority (>80%)
of which were cis-acting. This suggests that the
bulk of the trans-acting loci might reflect tissue-
specific patterns of gene regulation. A large num-
ber of transcripts (675) were linked to multiple
loci, suggesting complex patterns of gene
regulation.
To identify the molecular basis and validity of

the group of cis-acting eQTL, Hubner and col-
leagues sequenced the promoters and cDNAs of
the seven of these transcripts showing the most
significant p values for linkage. Single nucleotide
polymorphisms (SNPs) were identified in six of
the seven genes. To assess the functional
importance of these sequence changes, the
authors sequenced other hypertensive and nor-
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Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
mutations within the promoter of a gene, further upstream or intronic enhancer elements, spliceosome-binding sites, or
sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
proteins that regulate them, for example kinases that phosphorylate transcription factors, may influence the abundance of this
and other downstream mRNAs. The genes encoding these transcription factors (blue), enhancer-binding proteins (red) or
RNA-binding proteins (purple), are all located in physically distinct regions of the genome.
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Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
mutations within the promoter of a gene, further upstream or intronic enhancer elements, spliceosome-binding sites, or
sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
proteins that regulate them, for example kinases that phosphorylate transcription factors, may influence the abundance of this
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more stringent significance cutoffs, the majority
of eQTL were cis-acting, suggesting a stronger
effect of cis-loci than those that act in trans,
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Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
mutations within the promoter of a gene, further upstream or intronic enhancer elements, spliceosome-binding sites, or
sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
proteins that regulate them, for example kinases that phosphorylate transcription factors, may influence the abundance of this
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Evidence of gene co-regulation in eQTL mapping

I Identified eQTL do not distribute completely random on
the genome.

I Some locus seems to have more regulatory “duties”
than others—(transcription) hotspots.

I Among possible explanations, a regulator may have
pleiotropic consequences on multiple downstream
targets.

I Morley et al. (2004): “the shared expression control
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mapped to the chromosome 14 hotspot, we found one such
regulated cluster with 14 genes, and three additional clusters each
with two genes (Fig. 2b). Similarly, among the 25 phenotypes whose
regulators mapped to the chromosome 20 region, we found one
cluster of four and two clusters of two genes whose members have
pairwise correlations that all exceed 0.52. The correlation in
expression level of these genes supports the observation that they
share common transcriptional regulators. However, the regulatory
regions defined by mapping are still large, and there might be
subgroups of co-regulated phenotypes that are influenced by distinct,
but very closely linked, regulators.

Some sets of closely linked genes are influenced by the same cis
regulators, and have correlated expression profiles16–18. In our data,

some target genes whose expression levels map to a trans-acting
master regulatory region are also located very close to each other.
For example, among the target genes whose expression maps to the
regulatory region on chromosome 14 are four genes (MMP24,
C20orf24,RPN2 andTOP1) found in a 6-Mb region of chromosome
20 (UCSC Genome Browser, version hg15). In addition, among the
target genes of the regulatory region on chromosome 20 are two
genes (ITM2B, RB1) separated by less than 50 kilobases (kb) on
chromosome 13. These observations reflect a complex regulatory
network where master transcriptional regulators affect baseline
expression levels of many genes that have similar expression profiles,
and in some cases, reside close together on human chromosomes.

Family and population association analysis
Unlike linkage in trans, cis linkage of phenotypes immediately
suggests a small region containing the regulatory element. This
expectation led us to carry out follow-up studies with markers at
several of the regulated genes. Among the 27 phenotypes with cis
regulators (at P , 4.3 £ 1027), 17 were followed up by typing two
or more additional SNP markers within or near the target gene. In
each case, the expression data were used for both family-based and
population-based analysis (Table 2). Analysis of the members of the
14 CEPH pedigrees by the Quantitative Transmission Disequili-
brium Test (QTDT)19 showed significant evidence (P , 0.01) for
the combined presence of linkage and association at 14 (82%) of
these 17 genes, strengthening our conclusions in several ways. First,
the QTDT results confirm the mapping in these cases to the target
genes. Second, the results therefore support the inferred regulation
in cis. Finally, the results also imply differential allelic expression
(see below).

These conclusions were extended by regression analysis of data
from 94 unrelated CEPH grandparents. Marked associations were
found for many genes between expression phenotype and closely
linked SNPs. Figure 3 shows examples with leukocyte-derived
arginine aminopeptidase (LOC64167 or LRAP) and 3-ketoacyl-
CoA reductase (HSD17B12). The corresponding results for linear
regression analysis are given in Table 2. Among the 17 phenotypes
tested, the same 14 found to be significant by QTDT showed highly
significant evidence (P , 0.005) for population association
between gene expression level and a SNP located within or near
the gene (Table 2), directly demonstrating differential allelic
expression. For two genes (TM7SF3, ICAP-1A) that did not show
significant association, the linkage peaks were exceptionally broad
as well as high, and spanned more than 10 Mb. Although evidence at
the target gene itself was also statistically significant, the highest
linkage peak was located .5 Mb away.

Differential allelic expression
The degree of differential allelic expression detected varies con-
siderably. The largest effect was found for the phosphoserine
phosphatase-like (PSPHL) gene, where there was an approximately
eightfold difference in mean expression level between individuals
homozygous for different alleles of a SNP marker (rs6700). In
contrast, for a SNP (rs7176604) in the coding region of cathepsin
H (CTSH), the fold difference between CC and TT homozygotes
was 1.44 (Table 2). To follow up this latter finding, we used allele-
specific quantitative real-time polymerase chain reaction (qRT–
PCR) to compare the expression of the two alleles of that marker in
30 heterozygous individuals. We found similar allelic differences in
expression level (mean fold difference ¼ 1.6; s.d. ¼ 0.45). The
QTDT results for CTSH strongly support this finding
(P ¼ 3 £ 1026). Thus, several related approaches confirm the allelic
differences in cis, and imply linkage disequilibrium between a SNP
genotype and a nearby determinant that influences expression
phenotype.

The region of linkage disequilibrium associated with differential
allelic expression of some phenotypes extends for large distances, up

Figure 2 Master transcriptional regulators. a, Distribution of significant linkage peaks

(P , 3.7 £ 1025) in 5-Mb windows across the autosomal genome. Arrowheads indicate

the two windows (located on chromosomes 14 and 20) that contain regulators for the

most expression phenotypes. b, Dendrogram representing hierarchical clustering of

genes whose transcriptional regulators map to one 5-Mb window. Target genes for the

hotspot of regulation on chromosome 14q32 are shown. Expression levels of genes with

branches connected to the right of the dotted line are correlated at P , 0.001 (see text).
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I Transcription hotspots are defined as “bins” on the
genomes with more eQTL mapped than random.

I 491 bins of 5 Mb each.

I 142 phenotypes with 318 eQTL hits.

I The average number of hits per bin is just 0.65.
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expression levels of many genes that have similar expression profiles,
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these 17 genes, strengthening our conclusions in several ways. First,
the QTDT results confirm the mapping in these cases to the target
genes. Second, the results therefore support the inferred regulation
in cis. Finally, the results also imply differential allelic expression
(see below).

These conclusions were extended by regression analysis of data
from 94 unrelated CEPH grandparents. Marked associations were
found for many genes between expression phenotype and closely
linked SNPs. Figure 3 shows examples with leukocyte-derived
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CoA reductase (HSD17B12). The corresponding results for linear
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tested, the same 14 found to be significant by QTDT showed highly
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between gene expression level and a SNP located within or near
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the target gene itself was also statistically significant, the highest
linkage peak was located .5 Mb away.
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homozygous for different alleles of a SNP marker (rs6700). In
contrast, for a SNP (rs7176604) in the coding region of cathepsin
H (CTSH), the fold difference between CC and TT homozygotes
was 1.44 (Table 2). To follow up this latter finding, we used allele-
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PCR) to compare the expression of the two alleles of that marker in
30 heterozygous individuals. We found similar allelic differences in
expression level (mean fold difference ¼ 1.6; s.d. ¼ 0.45). The
QTDT results for CTSH strongly support this finding
(P ¼ 3 £ 1026). Thus, several related approaches confirm the allelic
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I Studying the regulation of these genes may provide
important insights on the disease, even without using
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Data
I Affymetrix Human Focus Arrays, with 8500 transcripts

were measured on 194 individuals in 14 CEPH families
(Morley et al., 2004).

I Genotypes of these CEPH individuals on 2819
autosomal SNPs across the genome were obtained from
The SNP Consortium
(http://snp.cshl.org/linkage maps/).

I We examined 18 transcripts that are related to several
candidate genes of breast cancer, discussed in OMIM.

I We ran both association scan and linkage scan.
I Linkage scan was done on all 194 members of 14 CEPH

families using MERLIN.

Zheng T, Wang S, Cong L, Ding Y, Ionita-Laza I, Lo
SH (2007) Joint study of genetic regulators for
Expression Traits Related to Breast Cancer. BMC
genetics, In press.
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Multilocus association scan

I Multilocus association scores have been proposed for
gene mapping to study the association information
content of a set of markers, with respect to a
dichotomous phenotype.
(Lo and Zheng, 2002; Lo and Zheng 2004; Zheng et al.
2006)

I We proposed a new statistic, qGTD (quantitative
genotype-trait distortion) for the association scan.
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Multilocus association scan

I qGTD is defined on the ranks of observed quantitative
phenotype values of n individuals, i.e., {R1, . . . ,Rn}.

I Given a set of k markers, there are 3k possible
multilocus genotypes, denoted by {G1, . . . ,G3k}.

I For individual i , let gi be his/her unphased multilocus
genotype on these k loci.

I

qGTD =
12

n3 − n

3k∑
i=1

(
Si − ni

n + 1

2

)2

,

I where Si =
∑

gj =Gi
Rj is the rank sum of individuals

with genotype Gi .
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Multilocus association scan

I qGTD has expectation 1 under the null hypothesis of
no association;

I and has expectation greater than 1 when there is
association between the set of markers and the
phenotype.

I A greedy screening algorithm guided by qGTD is then
used to screen out markers that do not contribute to
increase the value of qGTD

I and retain a cluster of markers that contribute
important information to the score.

I This greedy algorithm is repeated a large number of
times (5, 000, 000 times) on random subsets of SNPs.
The returned clusters and their scores are recorded.

I For the association scan, we used the 56 unrelated
grandparents in the 14 CEPH families.
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Overall association and interaction association

I SNPs are first ranked by the numbers of times (return
frequencies) that they are retained by the screening
algorithm, which measure the overall importance of
individual SNPs.

I Secondly, we filtered the retained SNP clusters by their
qGTD scores and only selected the top 1000 distinctive
clusters with the highest qGTD values.

I Using these 1000 clusters, we computed the qGTD
return frequencies for each SNP.

I SNPs that present more frequently in clusters with
higher qGTD values play a more critical role in
gene-gene interactions that decide the variation of the
phenotype.

I We selected the top 30 overall important SNPs and the
top 30 important interaction SNPs with the highest
qGTD return frequencies.
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Overview of results
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Hotspots?
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Compare linkage signals for two gene expression traits
(NBR1 and RAD51AP). (Overlapped linkage signals indicate
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Association between two rankings on the same
objects

I Xi , i = 1, . . . , n and Yi , i = 1, . . . , n be two sets of
independent rankings of n objects.

I (Throughout, we discuss rankings in decreasing order.)

I Denote αi as the importance of object i .

I Xi ’s and Yi ’s are random representations of the true
ranking, Rank (αi ).

I We assume that

Xi = Rank(αi + εi ),

Yi = Rank(αi + δi ),

where εi
iid∼ F and δi

iid∼ G .

I α’s, F and G are introduced for the convenience of
discussion.
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iid∼ G .

I α’s, F and G are introduced for the convenience of
discussion.
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Association between two rankings on the same
objects

I Without loss of generality, assume that the objects are
arranged in the order of their importance, that is

α1 ≥ α2 ≥ · · · ≥ αn.

I If α1 = α2 = · · · = αn, X is reduced to Rank(ε), would
be independent of ranking Y =Rank(δ).

I If α1 > α2 > · · · > αn, X and Y will be positively
correlated and the degree of correlation depends on the
random variation of ε’s and δ’s.

I The correlation between rankings X and Y can be used
to measure the variation among the objects’ importance
(signal), relative to the amount of noises.
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Kendall rank-order correlation coefficient
The Kendall rank-order correlation coefficient (Kendall,
1955) is formulated as

T =
# agreements− # disagreements

total number of pairs

I Consider all possible pairs of (Xi ,Xj) in which Xi is
lower than Xj , if

I if Yi is lower than Yj , it is then an agreement;
I if Yi is higher than Yj , it is then an disagreement.

I

# agreements =
n∑

i=1

∑
i 6=j

1(Xi<Xj )1(Yi<Yj ),

# disagreements =
n∑

i=1

∑
i 6=j

1(Xi<Xj )1(Yi>Yj ).
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Kendall rank-order correlation coefficient

I If there are no ties,
# agreements + # disagreements = n(n − 1)/2.

I Under the null hypothesis,

E(# agreements) = E(# disagreements) =
1

4
n(n − 1),

var(#agreements) =
1

16
(

4n

9
+

10

9
)n(n − 1).

E(T ) = 0 and var(T ) =
2(2n + 5)

9n(n − 1)
.
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When the number of the objects is large

I In most current studies, the number of objects is large,
while the number of objects with higher importance is
small.

I H0 : α1 = α2 = · · · = αn ≡ α
I versus a local alternative

Ha : ∃ 1 ≤ k0 � n, s.t.,
α1 ≥ α2 ≥ · · · ≥ αk0 > αk0+1 = · · · = αn.

I The strength of association measured by the original
statistic is weakened by the large number of objects
with undifferentiated importance.
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Modified Kendall association test

I Consider the truncated rankings X c
i = min(Xi , k).

I The number of agreements can then be computed and
tested on the truncated X and Y

I Using the truncated rankings, the noises from the
objects with no signals are reduced.

# agreements =
n∑

i=1

∑
i 6=j

1(X c
i <X c

j )1(Y c
i <Y c

j )

and under the null hypothesis

E(# agreements) =
1

4
n(n − 1)

(
1−

(
n−k+1

2

)(
n
2

) )2
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Modified Kendall association test
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Modified Kendall association test

I The modified Kendall rank-order test statistic is defined
as

T c =
# agreements− E(# agreements)√

Var (# agreements)
.
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Evaluating overlapping eQTL

Compare linkage signals for two gene expression traits
(NBR1 and RAD51AP). (Overlapped linkage signals indicate
evidence for co-regulation of these two transcripts.)

0 500 1000 1500 2000

−
30

−
10

0
10

20
30

k

z 
st

at
is

tic

●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ● ●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●

●●●●

●●●●

●
●

●●

●●
●

●●●

●●●●

●
●●

●●●

●●●●

●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●●●● ●●● ●● ●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●
●●●
●●●

●●●●

●●●●●●●●●●●●●●●●●●
●
●
●●

●

●●●●

●
●●●●●●●●●

●

●●●

●●●

●●

●●●●●●
●
●
●●

●●●●●
●

●

●●●
●●●

●●

●●●●●●● ●●●●●●●

●●●●

●●●●

●

●

●●

●●
●●●●●●●●●●●●●●●●●●

●
●●●●●●●●●●●●●●●

●

●●●

●●●●
●
●●●●●●●● ●●●●●●●●●●●●●●●
●●●●

●●●

●●●

●●●●●● ●●●●●●●●●●●●●●●●●●
●●●●●●

●

●●●●●

●
●●●●●●
●●●●●
●

●●●

●●●●●●●●●●●

●●●
●
●●●

●●●

●●●

●
●
●●●●●
●●●●

●●

●●●

●

●●●●●●●●●●●●●●
●●

●●●●●

●●●
●●
●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●

●●●●●

●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●

●●●

●

●●●●

●

●

●●●

●
●

●●●●●●●
●●●
●●
●●●

●●●

●●●●

●

●
●●

●●●●●● ●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●

●
●●●
●●●●●

●
●●●●
●●●
●●

●●●●
●●●

●

●●●●●
●

●
●●●●
●

●

●

●●●●●●●●●●●●
●●●●
●●
●●●●●●●●●●●●●●●●●●●●●

●●●
●●●

●●●●●●

●
●●
●●
●●●●

●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●
●
●●●●●
●●●●●●●●●●●●

●●●●●●●●●

●●●●

●

●●●
●● ●●●

●●

●●●

●●●●

●●
●

●●●

●●●

●●
●

●

●

●
●●
●
●

●●●●●

●●

●●●●●

●●●●●●●
●●●

●

●●●●●●●●
●●●

●

●●

●

●

●●

●
●

●

●●●

●●●

●

●

●●●●●
●

●●●

●●

●●●

●●

●

●

●

●●

●

●●

●●●

●●●●

●●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●
●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●

●●

●●
●●●●

●●●
●

●●●
●

●

●

●

●●●
●●
●●●
●●● ●●●●●●●●●●●●●● ●●● ●●●

●●

●

●●●

●

●

●●●

● ●
●

●

●●●

●● ●●●
●

●●●

●
●●●

●●

●●●

●

●●
●●●●

●●●●●●●●●●
●●●●●●

●

●

●

●

●

●

●

●●

●

●

●●●

●
●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●
●●●●●●●●

●
●●●●

●●●●●●●●● ● ●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●

●●
●●
●●●●

●

●●
●
●
●
●
●●●
●●●
●
●●●●

●●●
●●

●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●

●●●

●●●●
●●●●

●●●●●

●●
●
●

●●●
●
●●●●

●
●●
●●●

●●●
●

●●●●●● ●●●●●●●●●●●●●●●●●● ● ●●●●●●●●●●●●●

●●●

●●●

●●●●●●
●●●●
●●●●●●●●●

●

●

●
●●

●●●●

●●
●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●

●●●●

●●●

●●●●

●
●

●●●●●●●●●

●●●●●●
●●●●●
●

●●●●
●
●

●●
●
●●●
●●●

●●●●●●●●●●●●●●●
●
●●●

●●●●

●●●
●●
●●●●●

●●●
●

●
●●●●

●●●●●●
●●●

●●●●●●
●●●●●●●●●

●

●

●●●

●

●

●

●●●●
●●●
●●●●●●●●

●
●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●
●●●

●●●
●●●●

●●●
●●

●●

●●●●●●●●●●●● ●● ●●●●●●
●●●●●
●●●●

●

●●

●●●

●

●

●

●●
●●●

●

●●●

●

●

●●

●●

●●●

●

●
●●

●●

●

●●

●●

●

●●●

●

●●●●

●●●●●●●●●●●●

●

●●●●●

●●●●●●●●●●●●●●●
●●●●●● ●●●●●●●●

●

●

●●
●

0 1 2 3 4

0.
0

0.
5

1.
0

1.
5

2.
0

2.
5

SNP ranking based on linkage at NBR1

S
N

P
 r

an
ki

ng
 b

as
ed

 o
n 

lin
ka

ge
 a

t R
A

D
51

A
P

1

35 / 47



eQTL Tutorial
BIBE’07

Tian Zheng,
Dept. of Stat.,
Columbia Univ.

Motivation

Background

Study gene
co-regulation

Evidence of gene
co-regulation in eQTL
mapping

Multi-trait eQTL
mapping

The breast cancer
example

Discussion and
conclusion

Studying
inter-regulation of
genes

Evaluating overlapping eQTL

From OMIM (Online Mendelian Inheritance in Man):
“Dong et al. (2003) isolated a holoenzyme complex
containing BRCA1 (113705), BRCA2, BARD1 (610593),
and RAD51, which they called the BRCA1- and
BRCA2-containing complex (BRCC). . . . . . . concluded that
the BRCC is a ubiquitin E3 ligase that enhances cellular
survival following DNA damage.”
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I Use interaction information in eQTL mapping may
recover more overlapped regulatory activities.
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relevant when constrained to gene sets.

I Transcription hotspots summarize extent of overall
overlap.

I Detailed tests on pairwise genetic overlap may be of
interests to study interactions among genes in a gene
set.
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Part II: Study gene inter-regulation.

Woo JH, Zheng T, and Kim JH (2007) Identifying Genomic
Regulators of Set-Wise Co-Expression. BIBE’07
(October 17, 2007, afternoon) Harvard Medical School New
Research Building, Harvard Medical School Conference
Center 214 Room, 3:25-3:45 PM
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between the spontaneous hypertensive rat (SHR)
strain and the normotensive Brown Norway
(BN) strain. In addition to being hypertensive,
the SHR rat is known to have many other fea-
tures of the metabolic syndrome. As the recom-
binations between these genomes have been fixed
in the inbred strain panel, unlimited offspring of
each genotype is available, allowing studies of
each genetically identical recombinant line not
only across time in one laboratory but across
laboratories. Thus, the current expression data
can be combined with historical phenotypic
data on these strains or any such data gathered
in the future.
The authors examined the expression profiles

of nearly 16,000 transcripts on the array in fat
and kidney from the parental SHR and BN
strains and the 30 RI strains in the BXH/HXB
panel. To reduce variability, multiple animals
from each strain were examined, and the mean
expression level for each strain was used in the
subsequent mapping studies. Approximately
2000 adipose transcripts were differentially
expressed between the two parental strains, and
approximately 1500 such transcripts were identi-
fied in kidney. However, as it is possible that
gene expression can be regulated without differ-
ing between the parental strains, all transcripts
on the array were included in the mapping ana-
lysis. Genome-wide p values for each transcript
were assessed by permutation testing, and correc-
tion for the 16,000 comparisons for the set of
transcripts was made by employing the false dis-
covery rate. At a p ¼ 0.05 level, 2500–3000 eQTL
were identified in each tissue. At the more strin-
gent p ¼ 0.001 level, 509 and 761 eQTL were
identified in adipose and kidney, respectively.

Of the 2000–2500 non-redundant eQTL identi-
fied at the p < 0.05 level that remained after
correcting the totals for transcripts that mapped
to multiple tightly linked markers, only 35–40%
were cis-regulated, i.e. the physical location of
the gene encoding the transcript was within
10 Mb of the peak linkage marker, suggesting
that the variation in expression levels is due to
variation within or immediately adjacent to the
gene itself (as represented in Fig. 2). However, at
more stringent significance cutoffs, the majority
of eQTL were cis-acting, suggesting a stronger
effect of cis-loci than those that act in trans,
perhaps because transcripts mapped to such
trans-loci may be influenced by multiple factors.
Approximately 15% of the eQTL were observed
in both kidney and adipose, the majority (>80%)
of which were cis-acting. This suggests that the
bulk of the trans-acting loci might reflect tissue-
specific patterns of gene regulation. A large num-
ber of transcripts (675) were linked to multiple
loci, suggesting complex patterns of gene
regulation.
To identify the molecular basis and validity of

the group of cis-acting eQTL, Hubner and col-
leagues sequenced the promoters and cDNAs of
the seven of these transcripts showing the most
significant p values for linkage. Single nucleotide
polymorphisms (SNPs) were identified in six of
the seven genes. To assess the functional
importance of these sequence changes, the
authors sequenced other hypertensive and nor-
motensive rat strains and found that SNPs in
the phoshpatidylinositol 3-kinase gene (Pik3c3)
were common to the hypertensive strains but
not observed in the normotensive ones. This
gene resides in a region contained in a congenic

‘Blue’ transcription factor
gene on chromosome 6

‘Red’ enhancer-binding protein
gene on chromosome 4

‘Black’ gene on chromosome 2

‘Purple’ RNA-binding protein
gene on chromosome 5

AAAA

TATA

mRNA

Fig. 1. Factors influencing mRNA abundance. mRNA abundance of this hypothetical ‘black’ gene may be affected by
mutations within the promoter of a gene, further upstream or intronic enhancer elements, spliceosome-binding sites, or
sites within the transcript where proteins affecting RNA stability may bind. In addition, mutations in any of these factors or
proteins that regulate them, for example kinases that phosphorylate transcription factors, may influence the abundance of this
and other downstream mRNAs. The genes encoding these transcription factors (blue), enhancer-binding proteins (red) or
RNA-binding proteins (purple), are all located in physically distinct regions of the genome.

HotSpots

2

(Source: SM
Clee (2005) Clinical Genetics 68: 1-5.)

I Mutations within the promoter, or “blue” TF genomic
location may affect the co-expression between the “red”
enhancer, the “purple” RNA-binding protein and the
“black” gene.

I The extent of co-expression among genes may be
regulated as well.
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Motivation

I The new liquid association method can be used to
identify the regulators of co-expression for each gene
pair. (Dr. Ker-Chau Li’s lab, UCLA and Statistics
Sinica)
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Regulator of a gene’s expression and regulator of
inter-regulation

I Mutation occurs in the regulatory region of a gene that
is in the upper cascade of a pathway may affect the
co-expression patterns among the genes in this pathway.
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Differential allelic co-expression (DACE) test

I We are exploring a test that examines overall changes
of co-expression due to a mutation at a genomic locus.

I For n subjects and an SNP, subjects are divided into its
G genotypes.

I To study a set of p expression phenotypes, first
compute, within each genotype group, the Pearson
correlation coefficients of the expression levels between
all pairs of transcripts in a set.

I Denote rijg as the correlation between genes i and j
within genotype group g .

I We perform the ”Fisher’s z’ transformation” on the
original correlation values:

zijg =
1

2
ln

(
1 + rijg
1− rijg

)
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Differential allelic co-expression (DACE) test

I Consider an (over-simplified) model

zijg = β0 + β1Xg + εijg

where Xg is 0, 1, or 2 (the number of the associated
allele).

I DACE test is then to test H0 : β1 = 0.

I This test projects a number of open problems for
statistical research.

I FDR was used to corrected for multiple comparison.
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Data

I We used data from
Chesler et al.: Complex trait analysis of gene expression
uncovers polygenic and pleiotropic networks that
modulate nervous system function. Nat Genet 2005, 37:
233-242.

I 22 recombinant inbred strains were generated by
repeated inbreeding of F2 mice derived from 2 parental
inbred strains, C57BL/6 (B6) and DBA/2 in the case of
BXD RI strains.

I Gene expression: Affymetrix U74Av2 arrays, 12,488
transcripts.

I 3,033 SNPs were used.

I Studied 233 pathways with 30 members or less.
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I Studied 233 pathways with 30 members or less.
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Preliminary results

I 15 biological pathways were found to have significant
regulators of co-expression, after adjusting for multiple
comparison.
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I Device a more general test of differential co-expression
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