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Clinical Genome Resource

* Engage the clinical genomics community in data sharing
efforts (sharing of data from genetic testing labs)

« Develop the infrastructure and standards to support curation
of the knowledge about the role of genes and genetic
variants in human diseases

* Incorporate machine-learning approaches to speed the
identification of clinically relevant variants



Variants in ClinVar
(mostly from Diagnostic Genetic Testing)
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2. Building the Clinical Genome Knowledge Base



Evaluating pathogenicity of genetic
variants for specific diseases

Genetics

o Ameron coege o e st macenoms. IACIMIG STANDARDS AND GUIDELINES | inMedicine

Standards and guidelines for the interpretation of sequence
variants: a joint consensus recommendation of the American
College of Medical Genetics and Genomics and the
Association for Molecular Pathology
Sue Richards, PhD', Nazneen Aziz, PhD*'¢, Sherri Bale, PhD?, David Bick, MD?, Soma Das, PhD?®,
Julie Gastier-Foster, PhD®"®, Wayne W. Grody, MD, PhD*'®"", Madhuri Hegde, PhD",

Elaine Lyon, PhD?™, Elaine Spector, PhD', Karl Voelkerding, MD'® and Heidi L. Rehm, PhD'3;
on behalf of the ACMG Laboratory Quality Assurance Committee

Submitted 28 January 2015; accepted 28 January 2015; advance online publication 5 March 2015.«

GENETICS in MEDICINE



Evaluating pathogenicity of genetic
variants for specific diseases

ACMG STANDARDS AND GUIDELINES ACHARDS o1 | Interpretation of sequence variants

Table 3 Criteria for classifying pathogenic variants

Evidence of pathogenicity 77\ Category
Very strong W ull variant (nonsense, frameshift, canonical 1 or 2 splice sites, initiation codon, single or multiexon
detefion) in a gene where LOF is a known mechanism of disease

/7N

Strong PS1 Sgme amino acid change as a previously established pathogenic variant regardless of nucleotide change
Example: Val—Leu caused by either G>C or G>T in the same codon
7N\
Moderate PM1 Jocated in a mutational hot spot and/or critical and well-established functional domain (e.g., active site of

nzyme) without benign variation

Evidence of benign
impact

Stand-alone

Strong
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Evaluating pathogenicity of genetic
variants for specific diseases

Table 5 Rules for combining criteria to classify sequence
variants

Pathogenic (i) 1Very stronﬂND

(@) =1 Strong (PS1-PS4ALOR

(b) =2 Mr:}deratﬁ’

() 1 Moderate (PM1-PM6) and 1 supporting
(PP1-PP5) OR

(d) =2 Supporting (PP1-PP5)
(i) =2 Strong (PS1-PS4) OR

Benign (i) 1 Stand-alon OR
(ii) =2 Strong (BS1-BS4)

<




Evaluating pathogenicity of genetic
variants for specific diseases

Assertion

cvgence tems | D ) | e
pathogenicity
Rule-based

inference

engine Explanation
Rules - ‘ (Rules supported
(ACMG Guidelines) by evidence)
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Evaluating pathogenicity of genetic
variants for specific diseases

Linked Data
Assertion
Evidence Items - ‘ about' .
pathogenicity
Rule-based

inference

engine Explanation
Rules - ‘ (Rules supported
(ACMG Guidelines) by evidence)
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Evidence code PM1: mutational hotspot

Moderate PM1 Located in a mutational hot spot and/or critical and well-established functional domain (e.qg., active site of
an enzyme) without benign variation

Variant frequency profile in normal
population

L......I.].....I_.L.I...i_..Jm.l.u...llu.ll.Ll.....u. o L

Cancer-predisposing variants

4/1/2015 15




Collating information about variants from
public sources

BRCA1 APC

4/1/2015 16



Ontology traversal to collate variants linked
to related disease conditions

disease

Inferred higher-level terms

[aisease of cellular proiiferation | [ disease of mental health ]

- conjunctival intraepithelial - — - -
((cell type benign neoplasm | [ cell type cancer ] { e Mdmmer ¢ [ insitucarcinoma ] [ sexual dysfuncion ]
M _ = HZ_ *\/m/'\
( biastoma ] ( hemangioma ] [ carcinoma | respiratory system cancer | [(gastrointestinal system cancer ] (__nervous system cancer | impoience ] lung carcinoma in siu_
/——m’——/ﬂ'\ﬂ\ —o—  o— 0
(adenocarcinoma hemangioblastoma ((neuroendocrine carcinoma | [ transitional cell carcinoma | [ lungcancer ] [ livercancer ] [ sensory systemcancer | [ vasculogenicimpotence |
d’\u\‘\n\ . 2t S
(clear cell adenocarcinoma cystadenocarcinoma (retinal hemangioblastoria | (_ lung carcinoma ] ( liver carcinoma ]

/tr"‘\n\

[mucinous cystadenocarcinoma |  (papillary cystadenacarcinoma | - [non-small cell 1ung carcinoma | \

(g rge s caraona Original disease data
8~

large cell carcinoma with
rhabdoid phenotype

Gene: TP53

Reproductive organ cancer | Il |I III . || I" | |
Integumentary system cancer Il ||I| . ||I III ”“ " I |
Gastrointestinal system cancer | II . . . |. |II Il I
II'm N/ NN 1l .
i L o
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3. Linked Data technologies



RDF: Resource Description Framework

Originally: metadata data model describing web Example:
resources Metastatic brain tumor pathway

Web resource = anything identifiable by a URL

Subject-predicate-object expressions
(related to classical entity-property-value)

Subject = anything identifiable by a URL / URI

Expression = edge in a “Knowledge Graph” e | e | L5

Wkipathways “serializes” biological pathway e
data as RDF (@




RDFs: RDF Schema

Example:
classification of body fluids

Uses RDF to express data model (data schema)

‘Anatomical
entity’
]
'
'Physical

Some RDFs predicates:

« subClassOf — the subject is a subclass of a class SETITE S
« subPropertyOf — the subject is a subproperty of a AL —
property \
O e
« domain — domain of the subject property [ P | ;'.\ |
* @ Transudate Serum

* range - range of the subject property y

'Cerebrospinal

fluid'

L

1
"Whole portion of
cerebraospinal f...




OWL: Web Ontology Language

Example: “ontology traversal”
to annotate variants
to more general disease categories

Uses RDF to express to describe R -
taxonomies and classification networks

W
Defines the structure of knowledge for o s |

various domains

21



Some Linked Data projects

“RDF-like graphs”:

« Facebook Social Graph -- Open Graph API
« Google Knowledge Graph / Vault |::::

. wikiData [[[[[[]

WIKIDATA

RDF graphs:

« data.gov
* Bio2RDF

O gle

& N8 [e)
miﬁgl

’)\-

« Bioontologies / Bioportal -- RDF, RDFs, OWL

22



What Is Linked Open Data?

e pPEN pATA,

" On the web (w
" Machine-readablé

1. Nonpropretary o™
4. RDF standards

SY " Linked RDFF_ —
OUR DATA 5
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Linked RDF Standards

1999-2014 RDF, RDFs, OWL -- graph syntax and semantics

2014 JSON-LD -- JSON -- data format for RDF graphs

Feb 26 2015 Linked Data Platform 1.0 — HTTP operations

« Use URIs as names for things
« Use HTTP URIs so that people can look up those names

* When someone looks up a URI, provide useful information,
using the standards (RDF*, SPARQL)

* Include links to other URIs, so that they can discover more
things
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4. Using Linked Data technologies to enable pattern
discovery in the Clinical Genome Knowledge Base



Use Case #1: Discovering "match” patterns

ClinVar Record for Var 1
( “variation to disease” link from a
Clinical Genetics Laboratory )

Gene 1: Amino Acid
Change

Disease A

Neighboring A
genes in e utative Functional 4 Semantic

" h Pathway X \’:D quivalence vKuivaIence diseases in a
athway gra -
P y grap @ — disease ontology

Gene 2: Intronic  Splicing
Enhancer Mutation

Neighboring

Locus-Specific Database for Gene 2
( variant segregates with disease )




Use Case #2: Discovering
Recurrent Mutually Exclusive (RME)
mutational patterns in cancer



Hallmark phenotypes of cancer
are acquired by positive selection

(Hanahan and Weinberg, Cell 2001 and 2011)

Evading
apoplosis

Sustained Tissue Iinvasion

anglogenesis & metastasis

Figure 1. Acquired Capabllities of Cancer
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Recurrent mutually exclusive mutational patterns
identified in key glioblastoma pathways

Comprehensive genomic characterization defines human glioblastoma genes and core
pathways TCGA Research Network, Nature 455, 1061-1068 (2008)

a
EGFR ERBB2 PDGFRA MET
RTK/RAS/PI3)K m s I
signalling alterad :
in 88% L = -
Mutation, amplification Mutation Amgplification  Amplification
in 45% n 8% in 13% in 4%
| ; | I ) |
Mutation, homozygous '_> NTEBHI Mutation, homozygous
deletion in 18% o CRiS “w deletion in 36%
Mutation in 2% * Mutation in 15%
l CET?) Amgiification in 2%
 Proliferation | |
v:ﬁg‘l';'go]n _ }_.— <FOXO\/ Mutation in 1%
b c
_pes Activated cncogenes| @ CED)
a ] - - ’ e
s'ag}?erelgg L Homozygous deletion, Homozygous Homozygous
n 87% mutation in 52%  deletion in 47% delet'x)n in 2%
e T Homozygous deletion,
%'9 mutation in 49%

Ampiification | Amplification | | Amphflcanon
i ¢ in 2% — n1%
(COKE )

in 18% n 2% =
Amplification in 14% - 00@2 > %)
- L

I
_l_ e - - oo,  Homozygous deletion,
\( Amplification in 7% muktation in 1196 RB
l signalling

( Mutabon homozygous f - 5 J— . al‘t::«e-d
L SenewJ deletion in 35% L Apoptosxs_‘ G1/S progression | in 78%

’_
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Aristotle’s Zoology: either horns or tusks

...[Aristotle] believed that nature was economical and gave no animal too
many gifts, observing that no animal possessed both horns and tusks

Acquired capability of animals: defense




Discovering recurrent mutually
exclusive patterns

Genes altered by mutations
1 2 3

Mutual
exclusivity

Tumor
samples




Discovering recurrent mutually
exclusive patterns

(Hanahan and Weinberg, Cell 2001 and 2011)

N f;\ N
“ -4 ’
NS
O—=a—
Qenwes
6 7 8
.
I
s2 | 87.5% exclusivity
1/8 covered samples with
S3 exattly one aberration
54
% s5
56 > 80% coverage
W10 samples with
s7 At least one aberration
S8
59
S10
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Can key modules / pathways
be discovered
based on

RME patterns alone
2

(Miller CA et al. BMC Med Genomics. 4(1):34 2011)



RME algorithm applied to glioblastoma TCGA
collection (145 samples)

G
Rediscovered modules \MSI

within all 3 pathways in g
glioblastoma
reported by the TCGA

Research Network,
Nature 455, 1061-
1068 (2008).

proliferation,
differentiation

chr9:
37875916-
37988780

exclusivity: 0.921 exclusivity: 0.923 exclusivity: 0.901 exclusivity: 0.980
coverage: 0.697 coverage: 0.628 coverage: 0.490 coverage: 0.352
d value: 205.965 d value: 172.918 d value: 70.195 d value: 65.728

up-regulated gene () down-regulated gene J, activates 1 inhibits

34
(Miller CA et al. BMC Med Genomics. 4(1):34 2011)



RME algorithm applied to glioblastoma TCGA
collection (145 samples)

Role in
Glioblastoma?

apoptosis.
cell cycle

control

exclusivity: 0.929
coverage: 0.579
d value: 80.809

35
(Miller CA et al. BMC Med Genomics. 4(1):34 2011)



Overall Survival
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Effect of EP300 expression
on grade-independent and age-independent
survival in glioblastoma

|

TCGA
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Use Case #2: Discovering
Recurrent Mutually Exclusive (RME)
mutational patterns in cancer

Step 1: Identify variants associated with a specific phenotype (cancer)
> Disease ontology traversal

Step 2: Find groups of genes that form RME pattern

Step 3. Examine connectedness of the genes within pathways/networks
> Evaluate pattern of connectedness within networks or pathways
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Conclusion

The Web of hyperlinks (Web 1.0, 2.0) has greatly amplified

the impact of the Human Genome Project

The Web of Linked Data (Web 3.0) will enable creation of a
computable Clinical Genome Knowledge Base to inform
 Clinical interpretation of genomic variation

« Pattern discovery leading to new hypotheses
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