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Interpretation

Critical Thinking
Statistics, CS
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Genome-Wide Association Studies (GWAS)

S Disease
e
n, i - ATTCGGATATTTAAGGC .. 5 (e... Alzheimer, Cancer)
)
S C 1
=~
= . ATTCGGGTATTTAAGCC .. o Healthy

“Genetic diagnosis of diseases would be
accomplished in 10 years and that treatments

2000 :
would start to roll out perhaps five years after
that.”
Francis Collins (NIH)
2010 “A Decade Later, Genetic Maps Yield Few New Cures” New York

Times, June 2010.

by Hoifung Poon (MSR, 2013) |}



Traditional Biology

Targeted Experiments Discovery

by Hoifung Poon (MSR, 2013) 21



Genomics

... ATTCGGATATTTAAGGC ...

... ATTCGGGTATTTAAGCC ...
... ATTCGGATATTTAAGGC ...
... ATTCGGGTATTTAAGCC ...

I

... ATTCGGATATTTAAGGC ...
.. ATTCGGGTATTTAAGCC ...

High-Throughput Experiments ,
Discovery

by Hoifung Poon (MSR, 2013) 5,
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Big Mechanism

Project supported by DARPA

Some of the systems that matter most to the Defense Department are
very complicated. Ecosystems, brains and economic and social systems
have many parts and processes, but they are studied piecewise, and their
literatures and data are fragmented, distributed and inconsistent. It is
difficult to build complete, explanatory models of complicated systemes,
and so effects in these systems that are brought about by many
interacting factors are poorly understood.

Big mechanisms are large, explanatory models of complicated systems in
which interactions have important causal effects. The collection of big
data is increasingly automated, but the creation of big mechanisms
remains a human endeavor made increasingly difficult by the
fragmentation and distribution of knowledge. To the extent that the
construction of big mechanisms can be automated, it could change how
science is done.



Knowledge

 Key to understanding biological systems
* Models need verification and maintenance (i.e.,

annotation/curation)

* Scale and speed of literature challenging

* Annotation/curation remains largely a manual
task of incorporating knowledge from scientific

publications

By S. Ananiadou

(U. Manchester)



From Big Data to Big Semantics

Knowledge

organise, analyse —

Semantics —>
Text Mining

{ Big Data }

Big Semantics
[ Unstructured Data J

By S. Ananiadou
(U. Manchester)



The Need for Text Mining

Types of documents MEDLINE

* Full papers  2005:~14M

* Abstracts * 2003:~18M

* Reports, discharge summaries  ° 2013:~22M
e 2015:~26M

 EMR
e Textbooks, monographs

* G@Grey content, online Overwhelming information in textual,
) ) unstructured format
discussion forums

By S. Ananiadou

(U. Manchester)



Big Mechanism: Reading-Assembly-
Explanation

Reading Assembly Explanation
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Experimental
Data
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Experimental
Data

By A. Rzhetsky
(U. Chicago)



Eve nt http://www.nactem.ac.uk/EventMine/

Finding events (  trigger mentions , event types , and typed arguments
including locations ) involving genes or gene products

... In this study we hypothesized that the phosphorylation of TRAF-'ts
binding to the

Negative_regulation -

inhibits

: Bindi o
Phospholylation ohosphorylation binding

TRAF2 TRAF2 CD40

cytoplasmic
domain




Finding Evidence -EuropePubMed Central

* Currently: runs on 2,550, 328 full texts
82,198,474 facts in 38,411,661 sentences
* Full parsing used a version of Enju (Mogura)

* Parsing pipeline run on 60 machines at EBI ~30
days

http://labs.europepmc.org/evf

By S. Ananiadou

(U. Manchester)



Deep Reading: Reading with a Model

* Goal: evaluate how TM systems process text in
relation to what is known about a pathway

* Performers asked to produce

— Relationship/proposed change to the model
(new/corroborating/conflicting information)

— A model fragment describing the change
— The source text supporting the change

By L.Hirschman
(MITRE)



Reading against a Model (1)

“monoubiquitination of Ras
enhances association with the
downstream effectors Raf and

PI3-Kinase”
RAS
‘ | RaF | (Ras]) \

CORROBORATING: We know that
Ras binds Raf

By L.Hirschman
(MITRE)



Reading against a Model (2)

“monoubiquitination of
enhances association with the
downstream effectors Raf and
PI13-Kinase”

NEW MECHANISM: Ras binds PI3-

Kinase. ‘ | RaF | [(RAS | \

BEL: complex(p(PFH:”Ras family”), p(“PI13K"))

By L.Hirschman
(MITRE)



Reading against a Model (3)

——

“Moreover, the
enhances the
transcription function of

7

™~

NEW RELATIONSHIP: RAS-ASPP complex
increases transcriptional activity of p53

P33

BEL: complex(p(PFH:”Ras Family”),p(HGNC:ASPP2) -> act(p(HGNC:P53), ma(tscript))

By L. Hirschman
(MITRE)



Epistemic knowledge

* Enriches event-based search systems

— Discovery of new knowledge
— Negation, uncertainty, speculative claims in literature

... In this study we hypothesized that the phosphorylation of TRAF2 inhibits
binding to the CD40 cytoplasmic domain. ...

Miwa, Thompson, McNaught, Kell, Ananiadou (2012). Extracting semantically enriched
events from biomedical literature. BMC Bioinformatics 13, 108

36



Source

Uncertainty

Negation

Analysis

Extracting epistemic knowledge

Theme
[MET-Cther(@Source | [META-Analysis@KT | [O7 Fostive reguistion i—c) (B} &=
2 Cur| previous results show that recombmant gpdl (aaS65-647), the extracellular domam of HIV-l transmembrane glycoprotemn, stimulates mterlevkin-10
Fhe
*5% v Gene expression &—a
production m human monocytes.
[META-Li@CL | [METAAnasis@kT] ‘[ Regulation T—¢ i Thems ~C]% Gene exprassion T— | 772"+ {Protein |
This  tay riply a role for ets transcription factors o the production of THF-alpha
- Theme = Teme
Intracelllar deletion wvartants of TLEZ lacking C-terrinal 13 or 141 aa fail to ‘recruit IRAK, which 15 consistent with the mabdity of these mutants to
Theme
transmit LPS cellular signaling.
META-L2@CL — Thems —.,
META-Analysis@ KT 5"35“ |~ Positive regulation &—w | [Py =] . Gene expression T—w |
f These results idicate that ALG-4 iz necessary and sufficient for FasL EXPression.

By S. Ananiadou

(U. Manchester)




Eve nt http://www.nactem.ac.uk/EventMine/

Finding events (  trigger mentions , event types , and typed arguments
including locations ) involving genes or gene products

... In this study we hypothesized that the phosphorylation of TRAF-'ts
binding to the

Negative_regulation -

inhibits

: Bindi o
Phospholylation ohosphorylation binding

TRAF2 TRAF2 CD40

cytoplasmic
domain




Deep reading

SFTP

LingPipe

GENIA Tagger

Gene/Protein -

Document B Sentence P (Protein and [ T NERSlg‘e P Protein Family [ Chs;r:zlgalnli—isr;trlty
Reader Splitter cell line) agger (Gene) Disambiguator g
NERsuite NERsuite Tagger NERsuite Concept Concept

Dictionary Matcher [«f{ (Subcellular |- Tagger <@ Normaliser ««@{ Normaliser |« Type Mapper
(Pathway) location) (Complex) (ChEBI) (UniProt)

Function Word Function Word Function Word Function Word Function Word Function Word

Annotat Annotat Annotat Annotat Annotat
(GeneOnPF?rgt:iTW—Path - (Proteir?paon?ilngathw L (Genegrrll'oroa:e?rq—lnhibi L (Proteigggrr?ilitlnhibit L Annotator L (GeneOT'nP?o?e?I:—Signa
way) ay) tor) or) (Pathway-Inhibitor) ling)

) ) ) Function Word
Annotation ngrlapplng ngrlapplng ngrlapplng Annotator
Type Mapper | " Remover [ Wihemen [ VSl [ ] e gy’ [ ] erotenFamiy-sona
GENIA EventMine for BioNLP ST to BioPAX to SPARQL
Enju Parser B Dependency > BioNLP Shared = BigM Event BigM Event [« Endpoint Query
Parser Tasks Converter Converter Handler

[ ] existing components

|| custom components

[ existing components supplied
with custom resources

|

»

Event
Comparator

By R. Batista

(U. Manchester)




Reads passages
from remote
folder

Performs tokenisation, POS,

chunk tagging; recognises
proteins and cell lines

Makes distinction between
genes/proteins and protein

families

SFTP

LingPipe

GENIA Tagger

Gene/Protein -

. NERsuite . : Chemical Entity
Document B Sentence P (Protein and [ Protein Family :
Reader Splitter cell line) Tagger (Gene) Disambiguator Recogniser
NERsuite NERsuite Tagger NERsuite Concept Concept
Dictionary Matcher |«H (Subcellular |- Tagger -@{ Normaliser Normaliser <@ Type Mapper
(Pathway) location) (Complex) (ChEBI) (UniProt)
By R Batista Function Word Function Word Function Word Function Word Function Word
.»'-}.nnotaltcr . Annotatqr o . Annota;or o Annotator . Annotatqr )
(U Mancheste r-) (ProtemFg;;Hy—Pathw (GeneOrI?or?]tem—lnhlm (ProtemFg:r)uly—lnhlbn (Pathway-Inhibitor) (GeneOrﬁ;c;t]em—Slgna
. ) ) Function Word
Annotation Ove_rlapplng Ove_rlapplng Oue_rlapplng Annotator
Type Mapper <@ "pomover [ Adusiaton Remover [« Annotation Remover Anpotation Remover <@ (ProteinFamily-Signa
GENIA EventMine for BioNLP ST to BioPAX to SPARQL
Enju Parser B Dependency > BioNLP Shared = BigM Event BigM Event  [<@{ Endpoint Query
Parser Tasks Converter Converter Handler

[ ] existing components

|| custom components

Uses model trained on
overlapping corpora

|:| existing components supplied

with custom resources

|

»

Event
Comparator

Reads in BioPAX
model from a
SPARQL endpoint




Increased sophistication? Increased customisation!

What if...?
Is X possible, certain, probable, suggested, past, to come?
ASSW)
: . A
{Who, what} Xed {whom, what} where, when and how? epistemic
\ extraction
- -
What is linked with X- Event extraction

Events an
What is known about .E |

this disease, protein, person? Relations _ _ 5

Relation extraction O

What is this - : " =

Entities Named entity recognition =

paper about? c
=

©

Keyword Terms Term recognition and normalisation =

search
Wordform co-occurrence, pattern matching, ...

Words v
By S. Ananiadou

(U. Manchester)



Named entity recognition

 Summary of evaluation results (NaCTeM)

____Type | Precsion | Recall | Fscore

CellLine 0.94 0.64 0.76
ChemicalOrDrug 0.82 1.00 0.90
Complex NA 0.00 NA
DrugClass 1.00 0.29 0.44
GeneOrProtein 0.81 0.50 0.62
Pathway 1.00 0.86 0.92
ProteinFamily 0.73 0.88 0.80
SubcellularLocation 1.00 1.00 1.00
OVERALL 0.84 0.66 0.74

By S. Ananiadou

Top ranking team

(U. Manchester)




Event extraction

* Events scored for recall (NaCTeM)

Required events retrieved 106
Required events not retrieved 48
Required events partially retrieved 0
Scored events (required + optional events retrieved) 148

Recall = 106/148 = 0.72

By S. Ananiadou
(U. Manchester)

Top ranking team




Event extraction

* Events scored for accuracy (NaCTeM)

Correct events matched, including arguments 95
Events with wrong arguments 5
Partial events 15
Duplicate events 24
Out-of-scope events 14

Precision = (95 + (0.5*15)) / 115 = 0.89

By S. Ananiadou
Top ranking team (U. Manchester)




Big Mechanism: Reading-Assembly-
Explanation

Reading Assembly Explanation

i
/';'."f) Y

Experimental
Data

A

=

LT

Experimental e gf By A.Rzhetsky
Data btk e P (

U. Chicago)
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