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International Cancer Genome Consortium &

CANADA

® Pancreatic cancer
(Ductal adenocarcinama)

* Pediatic brain tumors
(Medulkblastoma)

® Prostate cancer
(Adenocarcinoma)

UNITED STATES
Bladder cancer

Blood cancer

Acute rmyeloid loukemia)
Brain cancer
|Globlatoma multiformea/
lower grace glioma)

* Breastcancer

{Ductal & lobular)

Cervical canoer
{Squamous)

bradtal cancer
{Adenocarcinoma)
Endometial cancer
{Uterine corpus endometrial
CAIG NaM a)
* Gastric cancer
{Adenocarcinoma)
Head and Neck cancer
{Saquarnous cell carcnomal
Thyraid earcinarma)
* Liver cancer
{Hepatocelular caranom
Lung cancar
{Adenocarcinoma/
squarmous cel| carcinoma)
Ovarian cancer
{Sarcus cystadenacarcinoma)
Panaoatic cancor
|Adenoc arcinoma)
* Prostate cancer

[Adencc arcinoma)
* Renal cancer

{Renal dear cal carcinoma)/

Renal papillaty carsnoms)
* Skin cancer

{Cutaneous melanoma)

The Cancer Genome Atlas

EU/UNITED
KINGDOM

® Braast cancer
(ER positiva,
HERZ negative)

UNITED
KINGDOM

Bone cancer
(Ostemarncoma/
chondrosarcoma/

rase subtypes)

Breast cancer

(Triple negative/labular/
other)

Chronic Myeldd Disorders
(Myebdysplastic syndromes,
myclepraliferative neoplasms
and other chronic myelaid
malignancies)

Esophageal cancer
(Escphageal adenocarcinoema)

Prostate cancer

Chronic lymphooytic
leukemia

(CLL with mutated and
unmutated IgVH)

MEXICO

* Blood cancer
(Diffuse large B-cel
Irﬂ phoma)

* Broxt cancor
(Ductal carcinoma)

* Cervical cancer

* Head and Neck cancer
(Squamous cell cardnoma
of cral cavity/orcpharyrnd
sinonasal cavity/
hypophargrodlaryrod

* Padiatic solid tumors

GERMANY

® Lung cancer

Multi tlo rare subtypes)
Malignant lymphoma
(Gerrrinal certer B-cnll

— darived lymphomas)

* Pediatric brain Lmors
Medu lobbistoma and
Pediatric pilocytic
asrogtoma)

* Prostate cancer
([Eerly onset)

SAUDI ARABIA

* Thyroid cancer
{(Papillary carcnoma)

CHINA

¢ Cobroctal ancor
(Adenocarcinoma,
non-Westorn)

* Esophaged cancer
(Squamous cardnoma)

* GCastrc cancer

ITALY

* Rare pancreatic tumors

oxoching turmors)

Enteropancreatic endocring
tmors and rere pancre atic

(I ntestinal- and diffiuse-type)
* Liver cancer {Hepatowl/lular
carcinoma, HBV-assocated)
* Nasopharyngeal cancer
(Nasopharyngeal carcinorma,
Asia)

BRAZIL

o Malanama
(Adenocarcinoma)

FRANCE

Bre ast cancer

(Subtype defined by an
arrplification of the
HER2 gene)

Ewing sarcoma

Liver cancer
(Hepatocel ldar carcinama)
(Secandady 1o alcohol
and adipasity)
Prostate cancar
Adenocardnoma)

INDIA

® Ora cancar

(Gingvobuceal)

EU / FRANCE

* Renal cancer
{Renal cell cascinarna)
{Focus on but notlimited
to dear cell subtype)

~3000 WGS (tumor & normal), 1600 RNA-Seq, ~1500 methylation

PCAWG

PanCancer Analysis
OFWHOLE GENOMES

JAPAN

® Liver cancer
{Hepatocelular carcinorma)
Mirus-asso aated)

£
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SOUTH KOREA

* Bbod cancer

Acute myeloid ke ukema)
® Breast cancer

{Asian phenotype)

* Ovarian cancer

(Serous cystadenocarcinoma)
® Pancroatic cancer

(Luctal adenacara noma)
* Prostate cancor
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Unannotated

Most
variants are
in
noncoding
regions

MB: medulloblastoma
DLBC: B cell ymphoma
STAD: gastric

BRCA: breast

PAAD: pancreatic
PRAD: prostate

LIHC: liver

PA: pilocytic
Astrocytoma

LUAD: Lung
adenocarcinoma

Khurana et al, Nature Rev
Genet, 2016



Modes of action of noncoding variants:
transcription factor binding disruption

Gain-of-motif
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e MYB motif created & drives TAL1

overexpression in T-ALL (Mansour et al,

Science, 2014)

TERT promoter mutated in
many different cancer types

No. No. tumors
Tumor type* tumors  mutated (%)
Chondrosarcoma 2 1 (50)
Dysembryoplastic neuroepithelial tumor 3 1(33.3)
Endometrial cancer 19 2 (10.5)
Ependymoma 36 1(2.7)
Fibrosarcoma 3 1(33.3)
Glioma' 223 114 (51.1)
Hepatocellular carcinoma 61 27 (44.2)
Medulloblastoma 91 19 (20.8)
Myxofibrosarcoma 10 1(10.0)
Myxoid liposarcoma 24 19 (79.1)
Neuroblastoma 22 209
Osteosarcoma 23 1(4.3)
Ovarian, clear cell carcinoma 12 2 (16.6)
Ovarian, low grade serous 8 1(12.5)
Solitary fibrous tumor (SFT) 10 2 (20.0)
Squamous cell carcinoma of head and neck 70 12 (17.1)
Squamous cell carcinoma of the cervix 22 1(4.5)
Squamous cell carcinoma of the skin 5 1 (20)
Urothelial carcinoma of bladder 21 14 (66.6)
Urothelial carcinoma of upper urinary 19 9 (47.3)

epithelium

Killela et al, PNAS, 2013
Horn et al, Science, 2013
Huang et al, Science, 2013



Co-variates of mutation rates: Increased mutation
density at TF binding sites in melanoma and lung
cancer

UV or tobacco smoke

’ NER
proteins
Damage
Histones f %
Transcription-
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> —initiation
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Repair Mutation Mutation

Perera et al, Nature, 2016
Sabarinathan et al, Nature, 2016
Khurana, Nature News & Views, 2016
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Outline

 Variants with high functional impact:
FunSeq

* Driver elements w/ more recurrent & high
functional impact mutations than expected
randomly: CompositeDriver



Identifying
noncoding
variants
associated

with cancer

% Cells from
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Computationally based functional
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Experimental validation of
functional effects

(CRISPR—Cas9,
reporter assays etc.)

Khurana et al, Nature Rev Genet, 2016

(Translation to the clinic)
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Estimating

. o1
negative — -
selection .’
H - ' BN
°
H =B B
X e3
X H = B
Il =B
a ..
A e 1 —
EBE-C-=2E B
Evolutionary conservation Conservation among humans
- Typically defined by comparison - Depletion of common variants/Enrichment
across species of rare variants
Common variant Rare variants

Fraction of rare variants = (Num of rare variants/ Total num of variants)
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Fraction of rare SNPs (nonsyn)

Enrichment of rare SNPs as a metric for

0.9

0.8

0.7

0.6

0.5

negative selection

* Depletion of common
polymorphisms in regions

under selection

Negative selection restricts the allele
frequency of deleterious mutations.

* Results for coding genes
consistent with known
phenotypic impacts

0.4

All Coding —

« Other metrics for selection
* Evolutionary conservation
(e.g. GERP)
* SNP density
(confounded by mutation
rate)

GWAS —
Cancer —

Essential —

Recessive —
Dominant —

(rare=derived allele freq < 0.5%)

LOF-tol (Loss-of-function tolerant): least negative selection
Cancer: most selection Khurana et al., Science, 2013
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Organism-level negative selection in

Genomic Avg  27M SNPs
Coding  0.27M

>
Missense | 0.15M
Synonymous | 0.12M
UTR| 0.4M

Enhancer [

TFSS

General

TFBS

Chromatin

A Broad Categories
'
. H
: —
-
DHS| 4.8M o
T ) T T 1
0.56 0.6 0.64 0.68 0.72

Fraction of rare SNPs

Specific Categories

noncoding elements

TF Families (motifs)

Coding .
HMG
Forkhead

050 055 060 0.65

0.70

SNPs Conserving vs. motifs
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| i

—r1r 1 1T 1T T 1
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2.0
00 5 1

AP2
| +
T

T T T 1 1
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Motif breaking SNP
chr1: 98,100,579

0 15

AP-2 motif T Motif breaking SNP
20 chr14: 99,849,316

1.0
0.0-

Khurana et al., Science, 2013
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Negative selection and tissue-specificity of
coding and noncoding regions

Fraction of rare SNPs
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O Ubiquitously expressed genes and bound regions show
stronger selection

U Differences in constraints amongst tissues

U Constraints in coding genes and regulatory genes are
correlated across tissues
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Which noncoding categories are under very
strong “coding-like” selection ?

Coding 0.27M

Pseudogene 57K —

N°§;ﬁ‘;ﬂ232 /1,2/Z’/<,////V/ / //"' ~0.4% genomic coverage (~ top 25)
vaSoreie (2K L/ L/ L/ L/ /5 ~0.02% genomic coverage (top 9

0.56 06 0.64 0.68 0.72
Fraction of rare SNPs

O Top categories among ranked 102 . _“400-\f0|d
cgtegorles 2 5. § Enrichment of know disease-
L Binding peaks of some general TFs @ § ol causing mutations from
82 4 - ~40-fo
eg FAMA48A) RN .
( . - @ o \ N Human Gene Mutation
O Core motifs of some TF families (eg 2% 97 \ % database
JUN, GATA) EREIN N
Q DHS sites in spinal cord and 5§ % §
connective tissue L0 % N

1
Ultra- Sensitive Annotated
sensitive
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Human regulatory network from ENCODE ChIP-Seq

Peak Calling (ChlIP-Seq)

o l —@
Assigning TF binding sites to targets

(MY,

® —o
v

Filtering high confidence edges

Potential Strong
Distal Proximal

Edge Edge

Using correlation with expression data

@
Nodes
rl 119 TFs and ~9000
—> target genes
—@ Edges
28,000 interactions
o [
~28K S
proximal TR
edges S

Gerstein'.....Khuranal...., Nature, 2012 (T co-first authors)
Yip et al, Genome Res, 2012
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Gene essentiality and human regulatory network

Q . : ‘QV :’ »
LoF-tolerant RO g e e
Q . : ‘ 2, “ .;
Essential 5
Q In-degree =1 Size of nodes scaled by total degree

Out -degree =5

S Z Gumus
v iCAVE

Q TE Essential genes

tend to be central

25

2.0

1.5

1.0

(log scale)

Total degree (IN + OUT)

Non-TF target

0.0

T
LoF-tolerant Essential

Gerstein'.....Khuranal...., Nature, 2012 (Tco-first authors) Khurana et al., PLoS Comp. Bio., 2013 16



Identification of noncoding mutations with high impact:

Cancer genome ©® SNV & Indel
variants
1000
Genomes - == == 1000 Genomes variants
screen
Non-coding annotation
Functional (
annotation
Degree of negative selection
Sensitive - -——-

Motif disruptive score

Degree of network centrality
Enhancer/ | | L S = s
Promoter | .- > e s% e o
[ " Cancersample %8 o % (%
[ ----- > ‘ole ofe e

Recurrence

.__ —
RS
N
N
\
\
\
\
\
v
'
'
\
'
'
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FunSeq2: weighted scoring scheme

» Feature weight
- Weighted with mutation patterns in natural polymorphisms
(features frequently observed weighed less) A 5

| HOT region
- entropy based method | Geneiine ragen

i Polymorphisms

_____________________________

Genome | N N O A S I | N

Feature weight: Wq = 1 + palog.pa + (1 - pd)logz(l — pd)
p T W, l p = probability of the feature overlapping natural polymorphisms
For a variant: Score = zwd of observed features

https://github.com/khuranalab/FunSeq PCAWG
http://funseq2.gersteinlab.org

Fu et al., Genome Biology, 2014




Identifying
noncoding
variants
associated
with cancer
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Computationally based functional
prioritization and interpretation
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0
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Position
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Evolutionary
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] FunSeq
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[Experimental validation o

functional effects

(CRISPR—Cas9,
reporter assays etc.)

(Translation to the clinic)

CompositeDriver



CompositeDriver for detecting driver coding & noncoding
elements

(A) Alterations are functionally annotated by FunSeq2 pipeline

FSi=original FunSeq2 score
B " [
e TV

FS1FS2 FS3 FS4 FS5 FS6 FS7 FS8 FS9

(B) Calculate positional recurrence of each mutation in the cohort
Sample 1 ol . ™ Lk 1 | T |} |

Sample3 o 1] — ;) — Ty

(C) Within each functional region, composite functional score (CFSr) is sum of
recurrence multiplied by FunSeg2 score in each position with alteration.

n
r = region (cds, promoter, enhancer and lincRNA)
— . ) = f 1 I
CF ST — [/Vl XF Sl n ilumber of variants in r o
; = number of samples with variant i
=0

(D) P-value for each region is produced from permutation test and Benjamini and

Hochberg method to correct multiple hypothesis testing. Eric Minwei Liu
20



Observed (-logP)

Results from 40 lung adenocarcinoma samples

6

Coding seq.

KRAS

Expected (-logP)
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2 4 6
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Data from TCGA




Observed (—logP)

Results from 188 prostate cancer samples

. Q-Q plot of SNVs in coding regions 5

Expected (-logP)
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Q-Q plot of SNVs in promoters

Q-Q plot of SNVs in enhancers

Expected (-logP)

Observed (—logP)

Expected (-logP)

Data from ICGC, Baca et al Cell 2013, Berger et al Nature 2011




O Sanger sequencing in 19 additional samples

Functional validation of candidates in prostate

WDR74 promoter

confirms the recurrence

U  WDR74 shows increased expression in tumor

“YOVLYVOlv/ollo02[LoloL 1999y

Sanger sequencing of

FAM48A binding site (~570 bp)

inWDR74 promoter

from 19 additional samples

— chr11: 62,609,084

— ¢hr11:62,609,138

D

samples

l0g2(RPKM+1)

PCa

4.5

4.0 1

3.5 1

3.0

benign

[P —

benign |

PCa

cancer

RET promoter EIF4EBP3 promoter
Increased activity Reduced activity
Ret 5
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TCCCGC 4 e GIC G C %% I = oLt 21 EHERPA
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In collaboration w/ Mark Rubin ’3
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