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Outline

• Biology: “Regulatory Variation”

• Informatics: Combining many different types of datasets

• Preliminary work: Cooperativity in transcription factor binding

• Specific Aims: Clinical impact of regulatory variants
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Biological Problem

• Identify genetic basis of disease

• Genotype-phenotype association

• Molecular mechanisms
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Humans Vary Genetically

• Individuals vary at 1 in 1,331 bp1

• 90% of variation is “common”2 (SNPs: >1% prevalence)

• Population-dependent

• Genome-wide SNP chips: “tag” SNPs (represent loci)
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1. Sachidanandam, R. et al. Nature 409, 928–933 (2001).

2. Kruglyak, L. & Nickerson, D.A. Nat Genet 27, 234–236 (2001).

“linked” (LD) to other 
SNPs in this region



We can associate Genotype with Phenotype
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Supplementary Figure 2

Graphical summary of a GWA scan for incidence of over-anticoagulation. Horizontal
axis is the genomic position, and vertical axis is minus the common logarithm of p-
value. Red dots above the gray line indicate association of genome-wide significance

(p<1.5x10-7). SNPs in the VKORC1 locus, such as rs9923231 (p=8.9x10-9), attained
genome-wide significance, but there were no significant association in other loci.

= A/A or A/C

= C/C
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A/A or A/C C/C

Case 96 22

Control 51 75

Odds ratio = 6.36;
Χ2 p-value = 1.662e-10
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Significant hit

• GWAS: Genome-wide 
association studies

• Find cases/controls

• For each SNP

• Split by genotype 
and phenotype

• Chi-squared test

• Genome-wide 
significance



GWAS: “Association” studies

• Finding a significant GWAS result:

• Looking for “smoking gun” in coding regions

• Or, claiming “association” and moving on

6

“tag” non-synonymous SNP in cool gene



• Plenty of tools for coding regions

• Exome sequencing

• Predicting impact of SNP: PolyPhen, SIFT

Finding causative coding SNPs
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Image from Shedlock, 
A. Systematic Biol. 55, 

871–874 (2006). 
Data from Lander et al. 

Nature. (2001)



Disease-associated coding SNP analysis

• Exome sequencing

• For rare diseases, narrow down targets until one gene left1

• For common diseases, GWAS or gene-based methods2
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ART ICLES

To further exclude candidate genes containing nonpathogenic vari-
ants, we next compared the candidate genes from both siblings in 
kindred 1 to those in two unrelated individuals with Miller syndrome 
(kindreds 2 and 3). Using both dbSNP129 and the eight HapMap 
exomes as filters, comparison between the affected siblings in kindred 
1 and the unrelated case in kindred 2 reduced the number of candidate 
genes to 26 under our dominant model. Under the autosomal recessive 
model, this comparison revealed that only a single gene, DHODH, 
which encodes the enzyme dihydroorotate dehydrogenase, was a 
shared candidate. Thus, comparison of exome data from two affected 
siblings and one unrelated affected individual was sufficient to identify 
DHODH as the sole candidate gene for Miller syndrome under our 
recessive model. Comparison between the siblings in kindred 1 and the 
unrelated cases in kindreds 2 and 3 reduced the number of candidate 
genes to eight under a dominant model, while retaining DHODH as 
the sole candidate under the recessive model.

We calculated a Bonferroni-corrected P value for the null hypothesis 
of seeing no deviation from the expected frequency of two variants 
in the same gene in three out of three unrelated, affected individuals 
over the ~17,000 genes in CCDS2008. Assuming all genes are of the 
same length and have the same mutation rate, the rate of new NS/SS/I 
variants per gene was 0.0309 (~526 new NS/SS/I variants per 17,000 
genes). If the variants occur independently of one another, two vari-
ants occur in the same gene at a rate of (0.0309)2, or 9.57  10–4, so 
the P value is calculated as ((9.57  10–4)3  17,000), or ~0.000015. 
Hence, even after correcting for searching across all genes, the result 
remains highly significant.

We also (i) examined the effect on the size of the candidate gene list 
when analyzing the exomes of affected individuals in various pairwise 
or three-way combinations and (ii) examined the potential conse-
quences of genetic heterogeneity by relaxing selection criteria such 
that only a subset of the exomes of affected individuals were required 
to contain new variants in a given gene for it to be considered as a 
candidate gene (Table 3). Heterogeneity clearly increases the number 
of candidate genes that must be considered under any fixed number of 
exomes analyzed. However, this can likely be overcome by the inclusion 
of a greater number of cases with mutations in the same gene.

Most variants underlying rare mendelian diseases either affect highly 

conserved sequence and/or are predicted to 
be deleterious. Accordingly, we also sought 
to investigate to what extent the pool of can-

didate genes could be reduced by combining variant filtering with 
predictions of whether NS/SS/I variants were damaging. This strategy 
further reduced the pool of candidate genes for each of the compari-
sons made previously (Table 1). However, DHODH was not identified 
as a candidate under a recessive model in any of these comparisons. 
Review of predicted biophysical consequences of DHODH variants 
revealed that the effect of one variant, G605A, found in both siblings in 
kindred 1, was classified as benign. As a result, DHODH was eliminated 
from further consideration as a candidate under a recessive model in 
kindred 1 and in all subsequent comparisons. However, because the 
other variant found in kindred 1, G454A, was predicted to be damag-
ing, as was every other new DHODH variant identified in this study, 
DHODH was still one of only two candidate genes for Miller syn-
drome under a dominant model in a comparison of kindreds 1, 2 and 3  
(Table 1). Nevertheless, the recessive model was favored over the domi-
nant model for Miller syndrome based on the observation that each 
case was a compound heterozygote for new DHODH mutations and 
five of six mutations were predicted to be damaging.

Combinatorial filtering supplemented by PolyPhen predictions ini-
tially identified a second candidate gene, DNAH5, in kindred 1 under 
a recessive model (Table 1). However, this candidate was excluded in 
subsequent comparisons to kindreds 2 and 3. DNAH5 encodes a dynein 
heavy chain found in cilia, and mutations in DNAH5 are a well-known 
cause of primary ciliary dyskinesia (PCD; MIM#608644), a disorder 
characterized by recurrent sinopulmonary infections, bronchiecta-
sis and chronic lung disease. This was of particular interest because 
some of the clinical findings in the siblings in kindred 1 are unique 
among reported cases of Miller syndrome. Specifically, both siblings 
have recurrent lung infections, bronchiectasis and chronic obstructive 
pulmonary disease for which they have received medical management 
in a specialty clinic for individuals with cystic fibrosis. Accordingly, 
exome analysis revealed that both siblings in kindred 1 have, in addi-
tion to Miller syndrome, PCD due to mutations in DNAH5.

Sanger sequencing of implicated gene
To confirm that mutations in DHODH are responsible for Miller syn-
drome, we screened three additional unrelated kindreds (three simplex 
cases) and an affected sibling in kindred 2 by directed Sanger sequenc-
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Figure 2  Genomic structure of the exons 
encoding the open reading frame of DHODH. 
DHODH is composed of nine exons that encode 
untranslated regions (UTR) (orange) and protein 
coding sequence (blue). Arrows indicate the 
locations of 11 different mutations found in 6 
families with Miller syndrome.

Table 2  Summary statistics for exome sequencing of four individuals with Miller syndrome
   Sequencing reads     Called coverage

Kindred-sibling Total Uniquely mapping Overlapping target Nonduplicated Mean coverage Called bases % of CCDS

1-A 62,974,440 52,854,115 25,267,592 17,872,660 36.85 25,720,216 97

1-B 72,539,306 61,940,123 40,335,280 21,971,509 44.24 25,825,104 97

2 63,839,828 55,022,098 29,987,198 19,686,779 40.31 25,790,427 97

3 68,690,600 57,970,901 36,180,596 19,649,281 39.81 25,617,361 96

The total number of unpaired 76-bp sequencing reads per individual is reported (total), along with the number that map uniquely to the human genome (uniquely mapping, 
Maq map score > 0), the number that overlap at least one base of the target space (overlapping target) and the number left after removing reads with duplicate start sites 
(nonduplicated). Mean coverage over the whole of CCDS2008 is also given. Called bases refer to bases passing quality and coverage thresholds (Maq consensus quality 20 and 
read depth 8 ). % of CCDS refers to the fraction of the mappable 26.6 Mb of CCDS2008 (that is, masked for poorly mappable coordinates, as described in Ng et al.2) that is 
called in each exome.

1. Ng, S.B. et al. Nat Genet 42, 30–35 (2010).
2. Tatonetti, N.P. et al. BMC Bioinformatics 11 Suppl 9, S9 (2009).



GWAS: “Association” studies

• Finding a significant GWAS result:

• Looking for “smoking gun” in coding regions

• Or, claiming “association” and moving on
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“tag” gene X, involved with death*

*or some other relevant phenotype



Functional interpretation of GWAS results

• Schunkert et al., 20111

• “In silico interrogation revealed that the lead SNPs at 4 of the 13 
new loci were either non-synonymous coding variants or were in 
high linkage disequilibrium (LD) with such SNPs.”

• Translation: 9 of 13 were not

• Coronary Artery Disease Genetics Consortium, 20112

• Only mention of function is “intron”

10
1. Schunkert, H. et al. Nat Genet 43, 333–338 (2011).

2. Coronary Artery Disease (C4D) Genetics Consortium. Nat Genet 43, 339–344 (2011).



• Coding SNPs • Non-coding SNPs

Biological Goal

• Explain mechanisms of genotype → phenotype

11
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Why are non-coding variants important?

• eQTL: Expression quantitative trait loci (SNP associated with gene 
expression)

• Trait-associated SNPs are more likely to be eQTLs1

• Chemotherapeutic drug susceptibility associated SNPs are 
enriched in eQTLs2

• Linkage: Not necessarily causal

12
1. Nicolae, D.L. et al. PLoS Genet 6, e1000888 (2010).

2. Gamazon, E.R., Huang, R.S., Cox, N.J. & Dolan, M.E. Proc Natl Acad Sci USA 107, 9287–9292 (2010).



Transcriptional Regulation

• Transcription factors (TFs)

• Bind to promoter and 
enhancer regions

• Regulate expression of nearby 
genes

• Variation in DNA → Variation in 
binding

• “Regulatory variation”

13



Non-coding variants affect TF Binding

• SNPs can affect 
Transcription Factor binding

• B-SNPs (Binding SNPs)

• Single SNP associated with 
NFκB binding

Kasowski M, Grubert F, Heffelfinger C, Hariharan M, Asabere A, Waszak SM, Habegger L, Rozowsky J, Shi M, Urban AE, 
Hong MY, Karczewski KJ, Huber W, Weissman SM, Gerstein MB, Korbel JO, Snyder M.., 2010. Science.14



TF binding more variable than SNPs

• Genotype
• Individuals vary at ~1/1000 bp in promoter regions

• TF binding
• Significant binding differences at ~7.5% of TF binding sites

Zheng W, Gianoulis TA, Karczewski KJ, Zhao H, Snyder M., 2011. Annu Rev Genomics Hum Genet.15



Source of variation in TF binding

• 7.5% of binding sites exhibit 
variable binding

• ~1/3 attributable to 
genetics of binding site

• Some due to SNPs

• Some due to other 
variation (large 
deletions, copy number 
variants)

Kasowski M, Grubert F, Heffelfinger C, Hariharan M, Asabere A, Waszak SM, Habegger L, Rozowsky J, Shi M, Urban AE, 
Hong MY, Karczewski KJ, Huber W, Weissman SM, Gerstein MB, Korbel JO, Snyder M.., 2010. Science.16



Implications for personal genomics

• Personal genome sequencing

• 7.5% of SNPs in known TF binding sites 

• 21% of SNPs in DNaseI HS sites

• But what are the functional and clinical consequences of these 
variants?

17



Methods for regulatory variation

• ChIP-Seq • RNA-Seq

18

Isolate DNA 
fragments 

bound to TFs

Sequence
(quantitative)

Isolate RNA 
fragments,

convert to cDNA



Too much data?

• Per sample:

• Genome

• ChIP-Seq

• RNA-Seq

• Integrating these data sets is a 
significant challenge

19



Outline

• Biology: “Regulatory Variation”

• Informatics: Combining many different types of datasets

• Preliminary work: Cooperativity in transcription factor binding

• Specific Aims: Clinical impact of regulatory variants
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Informatics Problem: Data integration

• Typically: Correlate 2 datasets at a time

• Genotype-TF Binding

• Genotype-Phenotype (GWAS)

• Genotype-Expression (eQTL)

• Expression-Phenotype (Differential Gene Expression)

• Hypothesis testing, regression

21



Informatics Problem: Data integration

• Approaches to multiple (different) datasets

• Binary variables

• Fisher’s exact/Hypergeometric distribution

• Model background, calculate empirical p-value

• “Trait-associated SNPs are enriched for 
eQTLs”1

• Continuous variables: GSEA2

• These use summary statistics: median/rank, 
significance

• Discard most of the data

22
1. Nicolae, D.L. et al. PLoS Genet 6, e1000888 (2010).

2. Subramanian, A. et al. Proc Natl Acad Sci USA 102, 15545–15550 (2005).

Dataset A: SNPs

B C



Informatics Problem: Data integration

• Bayesian framework

• Model influence of each variable

• Prior information

• Lots of training data

• Enumerate

• Impute

• Might prefer frequentist 
approach

23



Informatics Problem: Data integration

• Need: Cross-correlation metric across multiple datasets

• Analogous to classic statistical methods

• Integrate genotype, binding, expression, (phenotype)

24



Outline

• Biology: “Regulatory Variation”

• Informatics: Combining many different types of datasets

• Preliminary work: Cooperativity in transcription factor binding

• Specific Aims: Clinical impact of regulatory variants
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NFκB, poster child for regulatory variation

• Transcription factor

• Regulation of 
immune response 
and inflammation

• Inducible

• Infection

• TNFα

• Associated with 
inflammatory 
diseases, cancer

26



Non-coding variants affect TF Binding

• SNPs can affect TF binding

• Single SNP associated with 
NFκB binding

• Lymphoblastoid cell lines (LCLs) 
from 10 individuals, matching 
genome sequences

Kasowski M, Grubert F, Heffelfinger C, Hariharan M, Asabere A, Waszak SM, Habegger L, Rozowsky J, Shi M, Urban 
AE, Hong MY, Karczewski KJ, Huber W, Weissman SM, Gerstein MB, Korbel JO, Snyder M.., 2010. Science.27



Source of variation in TF binding

• SNPs can affect TF binding

• 0.7% of NFκB binding 
sites affected by B-SNPs
(“Binding SNPs”, or SNPs 
in NFκB motifs)

• Much more to be 
explained (other factors?)

Kasowski M, Grubert F, Heffelfinger C, Hariharan M, Asabere A, Waszak SM, Habegger L, Rozowsky J, Shi M, Urban AE, 
Hong MY, Karczewski KJ, Huber W, Weissman SM, Gerstein MB, Korbel JO, Snyder M.., 2010. Science.28



Transcription factors can bind cooperatively

• How binding of one factor can 
affect binding of another

• Stat1 motif affects Stat1 binding

• Stat1 binding affects NFκB 
binding (despite conservation of 
NFκB motif)

NF!B Stat1

NF!B Stat1

Variable NF!B 
peaks

Find enriched 
associated 

motifs (JASPAR)

Score motif and 
factor binding 

variance

Validate binding 
of new factor
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Cooperativity in TF binding

• For example...

• EBF1 motif affects NFκB 
binding

19099  C/C G/G

18505  C/C G/G

18951  C/A G/A

18526  C/A G/A

10847  C/A G/A

12878  C/A G/A

12892  A/A A/A

12891  C/A G/A

5,664,000
Chr 12

EBF (12878)

Karczewski KJ, Tatonetti NP, Landt SG, Yang X, Slifer T, Altman RB, Snyder M. 2011. PNAS. 30



EBF1 motif affects NFκB binding

• ABC (Allele Binding 
Cooperativity) test

• Covariance of motifs 
and TF binding

• Quantitative effect of 
EBF1 motif on NFκB 
binding -3
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Discovery of cooperative factors with NFκB

Karczewski KJ, Tatonetti NP, Landt SG, Yang X, Slifer T, Altman RB, Snyder M. 2011. PNAS. 

To rule out any biases in the ALPHABIT pipeline toward
particular TFs, we performed permutation tests between the
motifs and peaks. We found that the pairwise analysis was not
particularly biased, as the top results were significant after per-
mutation testing (SI Appendix, Table S1). Additionally, these
correlations were not an artifact of the particular stringency used
in the motif search: we investigated a range of motif cut-off scores
and found no dependence of these correlations on the cut-off
chosen (SI Appendix, Fig. S3).

ChIP-Seq Reveals That the Covariant Motifs Are Bona Fide TF Binding
Sites. We then tested whether factors predicted to interact with
NF!B with the highest confidence also bound near the NF!B sites
using ChIP-Seq, to rule out false-positives resulting from noise in
motif discovery. We examined four of the five highest confidence
factors (EBF1, E2A, STAT1, IRF2), which are expressed in the
GM12878 lymphoblastoid cell line in which NF!B was mapped.

Additionally, because we did not find a significant correlation
between the motifs of ZNF143 or CTCF and NF!B binding
according to the ABC test (Table 1 and SI Appendix, Fig. S2), we
examined the binding profiles of these factors as negative controls.
In two independent biological replicate experiments, we per-
formed ChIP-Seq for each factor using the same conditions used
to map NF!B [TNF"-treated GM12878 cells (8)], along with im-
munoprecipitation by nonspecific IgG as the control. We then
scored the peaks using the PeakSeq algorithm (11) and compared
themwith the NF!B binding profile.We found that for each factor
there was extensive coassociation of binding across all NF!B sites
(Table 1). Importantly, the binding of each factor in the NF!B
variable regions strongly correlated with the presence of the var-
iable motif; that is, NF!B regions with variable (non-NF!B)motifs
were also bound by that motif’s factor (Fig. 2A). For example, 43 of
44 NF!B binding regions with a variable EBF1 motif were bound
by EBF1 inGM12878 cells (Fig. 2B). Similarly, 11 of 16, 8 of 9, and

Table 1. List of coassociated factors

De novo pipeline
ChIP-seq
validation Validated loci

Motif Loci (comparisons) Correlation P value Overall overlap Loci (comparisons) Correlation P value

NF!B 90 (370) 0.7544 2.93E-69 N/A N/A N/A N/A
EBF1 44 (108) 0.4756 1.98E-07 55.01% 43 (106) 0.5539 1.29E-09
E2A 9 (29) 0.6426 1.71E-04 30.95% 8 (28) 0.6382 2.58E-04
Myf 62 (170) 0.2779 3.15E-04 ND ND ND ND
STAT1 16 (72) 0.4109 3.36E-04 27.98% 11 (55) 0.3542 7.97E-03
IRF2 58 (111) 0.3507 3.72E-04 28.87% 22 (52) 0.3700 3.92E-03

. . . . . .
ZNF143 38 (101) 0.2172 0.0291 41.24% 32 (78) 0.1413 0.2173
CTCF 63 (154) 0.0778 0.3370 25.8% 55 (130) !0.0329 0.7105

Factors whose motifs are correlated with NF!B binding, along with the two negative controls, ZNF143 and CTCF. On the left, the
significant factors from the discovery stage, along with the negative controls, are shown. A full list can be found in SI Appendix, Table
S1. Binding was measured for six factors to determine overlap with NF!B binding sites. The correlations are recalculated, restricting the
analysis to only validated binding sites (shown on right). N/A, overlap of the same factor is not applicable; ND, no data.
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Fig. 3. Distance dependence of cooperative interactions: The correlation between motif PWMmatch and NF!B binding strength drops when analyzing larger
windows around the NF!B binding peak for motifs in validated binding sites. The number of sites was too low for distance dependence analysis of E2A motifs.
As expected, proximal motifs are more predictive of NF!B binding than distal motifs.
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Thanks!

konradjk@stanford.edu

@konrad_jk

www.konradjkarczewski.com
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