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Motivation

« Demands for efficient access methods for
exploding text information
— Research papers (e.g. MEDLINE)
— Patent documents
— Web

* Necessity of NLP technologies for the
Intelligent management of huge texts
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Semantically annotated text

e “A normal serum CRP measurement does not
exclude deep vein thrombosis™

f—? Mozilla Firefox

. AI II Iotated ZrLE REE FTW BEE  Jv-2B U-D AuE

-~ —
» - @ T‘\‘,;[ L1 httpedAn-tsuiiiis = u-tokyo ac ipfmedusahiiragi/shows ml cei?position=0-10396640-0-10896983 v | (@ iz8h [(;',

n
- <sentence sentence_id="e6e525"= &
W I - <plrase id="0" cat="3" head="15" lex_head="15"=
- <plwase id="1" cat="IP" head="4"lex_head="14">
- <plrase id="2" cat="DT" head="3" lex_head="3">

-
<word id="3" pos="DT" cat="D'T" base="a" argl="4">4 <fword=>
<fphrase=

- splirase id="4" cat="INF" head="7" lex_head="14">
- <phrase id="5" cat="4]" head="6" lex_head="6">

L}
S e I I I a n t I C eword id="6" pos="11" cat="AJ" base="normal" argl="7">normal <fword>
<fphrase>

- =<phrase id="7" cat="1TF" head="10"lex_head="14">
- <phrase id="8" cat="ITF" head="3" lex_head="%">

St r l I ‘ t l | re =word id="2" pos="TT11" cat="TTF" base="serum" mod="10">setum </word>
</phrase>

- =plrase id="10" cat="1TF" head="13"lex head="14">

- =plrase id="11" cat="1TF" head="12"lex head="12">
a n - <entity_name id="ettity-0" type="gene" gene_id="GDNI010923" gene_symbol="Dr:" gene_name="DTrozotnycin” species="Drosophila
melanogaster” db_site="EntrezGene: 35841 9FlyBase FBgn00 10381 PIE ASSE24|3WIS3-PROT 41264 =
- <enfity_name id="entity-1" type="gene" gene_id="GH3003134" gene_symbol="CEF" gene_name="C-reactive protein,

L]
pentraxin-related” species="Homo sapiens”
db_site="EntrezGene: 1401|GDE: 11807 1| Gendtlas CRP[HUGC:236 7 PIR.CTHUSWISS-PROT-P0274 | TrEMEBL Q5WWE ">

- <entity_name id="entity-2" type="gene" gene_id="GMNM052415" gene_symbol="Dimbt1" gene_name="deleted in malignant brain
tumors 1" species="Mus musculus" db_site="EntrezGene: 1294 5MGL 106210/ TYEMBL:.QTHUS">
te r m S - <entity_name id="entity-3" type="gene_prod" gene_id="GEIN0003%3" gene_symbol="Csrp1" gene_name="cysteine and
glycine-rich protemn 1" species="Rattus norvegicus” db_site="EntrezGene: 20276[R.GD 620535 WISE-PROTP47ETS" >
- <entity_name id="entity-4" type="gene_prod" gene_id="GEIT00E034" gene_symbol="Grpca" gene_name="glutamine/glutarmic
acid-rich proten A" species="Rattus norvegicus”
db_site="EntrezGene: 192266[RGD:6 19775 SWISS-PROT-PORSEETYEMBL. Q63134 >
<word id="12" pos="NIT" cat="1TP" base="crp" mod="13">CRP <fword=>
<fentity_name> Fo

dt
2




Application: text mining

e Browsing protein interaction networks extracted
from MEDLINE
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Application: text retrieval

* Retrieving sentences by specifying semantics

-_ Hiiragi — Semantic retrieval engine for MEDLIME — Mozilla Firefox
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NLP tools for semantic annotation

 NLP tools are necessary for intelligent text
mining/retrieval

 Requirements for NLP tools

— The development of NLP tools must be
Inexpensive

— NLP tools must compute accurate analyses of
texts of the target domain



Our strategy

* Generic NLP tools are developed first

— Large language resources are available for
general domains (e.g. Penn Treebank)

 NLP tools are then adapted to specific
domains

— Exploring inexpensive methods for adaptation



Contents

 Introduction to our NLP tools
— Part-of-speech tagger
— Syntactic analyzer
— Term recognizer

« Adaptation to the biomedical domain
— Part-of-speech tagger
— Syntactic analyzer



Part-of-speech tagger

* Annotating each word with its part-of-
speech tag

The peri-kappa B  site mediates human immunodeficiency

Det Noun Noun Noun Verb Adj Noun
virus type 2 enhancer activation In monocytes ...
Noun Noun Number Noun Noun Prep Noun

* First step for syntactic analysis and term
recognition



Previous approach

e Seguence tagging models

— Given word sequence w;,...w,, find the tag
seqguence t,...t, that maximizes the following
probability

P(t;.. 4, [, )
* Left-to-right decomposition of the probability
Pt [ W)= [T PG, It .., )
1=1



Our approach: bidirectional
Inference

« Possible decomposition structures

@) Q

P(t)P(t, [4)P(ts |t,) t P, [t )P(t;)

©) @

P(t, It,,t;) P(t, |t (t: 1t,
o Bldlrectlonal mference algorithm [Tsuruoka et al.,
2005]

— We can find the “best” decomposition structure and
tag sequences in polynomial time



Experimental results

e Tagging speed and accuracy on Penn Treebank
Wall Street Journal [Marcus et al., 1994]

— Training set: Section 02-21 (39,832 sentences)
— Test set: Section 23 (2,416 sentences)

Tagging Speed Accuracy

Dependency Net (2003) Very slow 97.24
Perceptron (2002) ? 97.11
SVM (2003) Fast 97.05
HMM (2000) Extremely fast 96.48

Bidirectional inference Very fast 97.10




Syntactic analyzer

* Annotating sentences with their parse
trees and semantic structures

 Necessary to obtain meanings expressed
by various syntactic expressions



Parse tree
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Semantic structure
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Abstraction of surface expressions

Adenovirus-mediated high dose p53| overexpression induced Pegd / Pwl mREMA expression .

One of the mechanisms for p83| to induce mitochondria-mediated cell death events is to activate
genes that are directly involved in the initiation of mitochondra-induced apoptosis

The p53| gene suppresses tumor cell growth by inducing cell eyele arrest or apoptosis .

Concomitant up-regulation of p21 { WAF1 / Cip1 ) but not p53) | especially in nodular
hyperplasia |, can be considered to induce cell cycle arrest of the parathyroid cells |, but not

cytocidal effect of OCT

Resistin overexpression is induced by a betad| adrenergic agonist in diet-related overweightness |



Our approach: HPSG parsing

e HPSG [Pollard and Sag,

OB <5 1994] is a linguistic
AR theory to explain
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Development of an HPSG parser

e \Wide-coverage HPSG grammar

— Lexical entries are obtained from Penn
Treebank [Miyao et al., 2004]

— Probabillistic models of syntactic preferences

are learned from Penn Treebank [Miyao and Tsuijii,
2005]

e Parsing technigues
— Local beam thresholding [Tsuruoka et al., 2004]

— Global thresholding, iterative thresholding, etc.
[Ninomiya et al., 2005]



Experimental results

e Training set: Penn Treebank Section 02-21
(39,832 sentences)

e Test set: Penn Treebank Section 23 (< 40 words,
2,164 sentences)

e Accuracy of predicate argument relations (i.e.,
red arrows) Is measured

Precision Recall F-score |Avg. time (ms)
87.9% 86.9% 87.4% 360




Term recognizer

« Annotating phrases with identifiers of
ontological entities

e e.X.) Anormal serum CRP measurement does
not exclude dee;ﬁn throhqbosis

 Mappings from textual expressions into
ontology entries



Ontologies

e Ontologies have been developed in the
biomedical domain

— Gene Ontology, KEGG, UMLS, ICD, etc.
e E.g.) An entry from GENA [Koike & Takagi, 2004]

Symbol CRP

Name C-reactive protein, pentraxin-related

Species Homo sapiens

Synonym MGC88244, PTX1

Product C-reactive protein precursor, C-reactive
protein, pentraxin-related protein

External links | EntrezGene:1401, GDB: 119071, ...




Why term recognition difficult?

o Spelling variations complicate the problem

— “Nuclear factor kappa B” is written as “NF
kappa B”, “NF-kappa B”, “NFkappaB”, etc.

 Different surface expressions may denote
the same entity in the ontology



Our approach: Automatic
generation of spelling variants

e Variant Generator [Tsuruoka and Tsuijii, 2003]

NF-Kappa B (1.0)
NF Kappa B (0.9)
j> NF kappa B (0.6)
NF kappaB (0.5)
NFkappaB (0.3)

=—
| —

e ‘[j> Generator

Each generated variant is associated with
Its generation probability



Example of variant generation (1)

Generation Generated Variants Freguency

Probability

1.0 (input) antiinflammatory effect 7
0.462 anti-inflammatory effect 33
0.393 antiinflammatory effects 6
0.356 Antiinflammatory effect 0
0.286 antiinflammatory-effect 0
0.181 anti-inflammatory effects 23




Example of variant generation (2)

Generation Generated Variants Frequency

Probability

1.0 (Input) tumour necrosis factor alpha 15
0.492 tumor necrosis factor alpha 126
0.356 tumour necrosis factor-alpha 30
0.235 Tumour necrosis factor alpha 2
0.175 tumor necrosis factor alpha 182
0.115 Tumor necrosis factor alpha 8




Experiment:
Gene/Protein Name Recognition

e Corpus: GENIA NE corpus 3.01
— For training: 1800 abstracts
— For testing: 200 abstracts
— Entity class: DNA, RNA, Protein
* Dictionary
— Constructed from the GenBank database
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Domain adaptation

e Large training data has been available for
general domains (e.g. Penn Treebank WSJ)

« NLP Tools trained with general domain data
are less accurate on the biomedical domain

* Development of domain-specific data
requires considerable human efforts



Tagging errors by TnT tagger
[Brants, 2000]

... and membrane potential after mitogen binding.
CC NN NN IN NN 33X
.. two factors, which bind to the same kappa B enhancers...
CD NNS WDT DM TODT JJ NN NN NNS
.. by analysing the Ag amino acid sequence.
IN VBG DTNMBG JJ NN NN
... to contain more T-cell determinants than ...
TO VB BEBR X NNS IN
Stimulation of interferon beta gene transcription in vitro by
NN IN JJ JJ NN NN DY IN

e Accuracy of the TnT tagger on the GENIA
POS corpus: 84.4%



Our approach: re-training of
maximum entropy models

e Our part-of-speech tagger and syntactic analyzer

are trained as maximum entropy models [Berger et al.,
2000]

— Model parameters are automatically estimated so as to
maximize the likelihood of training data

Model parameter Feature function

1 F \ (given by the developer)
p(x)= —exp(Z A f .(Xjf

e Adapting maximum entropy models to target
domains by re-training with domain specific data



Methods for domain adaptation

« Combined training data: a model is
trained from scratch with the original and
domain-specific data

 Reference distribution: an original model
IS used as a reference probabilistic
distribution of a new model

P X)= 1-exp£i2F1: Af (x)j

VA



Adaptation of the part-of-speech
tagger

 Relationships between training and test data are
evaluated with the following corpora

— WSJ: Penn Treebank WSJ

— GENIA: GENIA POS corpus [Kim et al., 2003]

« 2,000 MEDLINE abstracts selected by MeSH terms, Human,
Blood cells, and Transcription factors

— PennBiolE: Penn BiolE corpus [Kulick et al., 2004]

e 1,100 MEDLINE abstracts about inhibition of the cytochrome
P450 family of enzymes

e 1,157 MEDLINE abstracts about molecular genetics of
cancer

— Fly: 200 MEDLINE abstracts on Drosophia
melanogaster



Training and test sets

e Training sets

# tokens # sentences
WSJ 912,344 38,219
GENIA 450,492 18,508
PennBiolE 641,838 29,422
Fly 24,450 1,024

e Test sets

# tokens # sentences
WSJ 129,654 5,462
GENIA 50,562 2,036
PennBiolE 70,713 3,270
Fly 7,615 326




Experimental results

Accuracy Training
time
WSJ | GENIA | PennBiolE| Fly (sec.)
WSJ+GENIA
+PennBiolE 96.68 | 98.10 97.65 96.35
Fly only 93.91
Combined |96.69| 98.12 97.65 97.94 30,632
Ref. dist 05.38 | 98.17 96.93 08.08 21




Corpus size vs. accuracy
(combined training data)
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Adaptation of the syntactic analyzer

 The same methods were applied to our syntactic
analyzer [Hara et al., 2005]

e Training set:
— WSJ: Penn Treebank WSJ 39,832 sentences
— GENIA: GENIA Treebank 3,524 sentences

e Jest set:
— WSJ: Penn Treebank WSJ 2,164 sentences
— GENIA: GENIA Treebank 467 sentences



Experimental results

Accuracy Training time

WSJ GENIA (sec.)
WSJ only 87.16 85.10 137,038
GENIA only 42.49 85.72 1,694
Combined 86.09 86.32 29,421
Ref. dist 86.81 86.87 2,278




Accuracy
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Summary

 NLP tools for general domains have been
developed using large training data

* These tools have successfully been adapted to
the biomedical domain using small training data

e Accurate NLP tools are available for the
biomedical domain
— Part-of-speech tagger
— Syntactic analyzer
— Term recognizer



Products

e Our software products are available online

— uptagger: a part-of-speech tagger for general
domains

— geniatagger: a part-of-speech tagger for the
biomedical domain

— enju: a syntactic analyzer based on HPSG

e See our homepage for details
— http://www-tsuijii.is.s.u-tokyo.ac.|p/
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