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Why NLP for the Life Sciences?

¢ Verbal (textual) communication is the
primary mode of information exchange
- neither biology nor medicine are formal sciences
- written literature embodies what is known
- (annotations in) databases are crucial but are man-
ually derived from the literature in whole or in part
* Literature output grows at very high rates
- estimates run on the order of 1 terabyte/week
* New knowledge is constantly being dis-
covered

- entities (concepts), relations (propositions), mech-
anisms (rules, procedures, plausibility/causality)

Can BioMed People Afford This?

W Unstructured
O Structured

Data volume Market Cap

Source: Prabhakar & Raghavan, Verity (2002)

Two Text Analysis Paradigms
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Information Extraction

Disease: leprosy

Drug: Thalidomide

Effective-for: Thalidomide,
cutaneous
| | —> manifestations

of leprosy
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Drug: Thalidomide,
Aspirin

Effective-for: [ Thalidomide >
Aspirin ],
leprosy-associated
fever

Text Mining as ...

ENTITY MINING ENTITY MINING

ENTITY 1 INTERACTS-WITH ??7?

Electrophoretic mobility shift assays indicate that
MS-2beta and M S-2gamma bind to nuclear factors
that areinduced during U937 differentiation.

[bind to, MS-2beta & MS-2gamma, ??7?]

... Synergistic inter actions between overlapping binding
sites for the serum response factor and ELK-1 proteins...
[interact with , serum response factor , ??7]

Text Mining as Entity Mining

ENTITY MINING ENTITY MINING

ENTITY 1 INTERACTSWITH ENTITY 2

Electrophoretic mobility shift assays indicate that
MS-2beta and MS-2gamma bind to nuclear factors
that areinduced during U937 differentiation.

[bind to, MS-2beta & MS-2gamma , nuclear factors)

... Synergistic inter actions between overlapping binding
sites for the serum response factor and ELK-1 proteins....
[interact with , serum response factor , ELK-1]




Text Mining as ...

RELATION MINING

ENTITY 1 ??7? ENTITY 2

Electrophoretic mobility shift assays indicate that
MS-2beta and M S-2gamma bind to nuclear factors
that areinduced during U937 differentiation.

[???, MS-2beta & MS-2gamma , nuclear factors]

... Synergistic inter actions between overlapping binding
sites for the serum response factor and ELK-1 proteins...
[???, serum response factor , ELK-1]

Text Mining as Relation Mining

RELATION MINING

ENTITY 1 INTERACTS-WITH| ENTITY 2

Electrophoretic mobility shift assays indicate that
MS-2beta and M S-2gamma bind to nuclear factors
that areinduced during U937 differentiation.

[bind to, MS-2beta & MS-2gamma , nuclear factors]

... Synergistic inter actions between overlapping binding
sites for the serum response factor and ELK-1 proteins...
[interact with , serum response factor , ELK-1]

Text Mining: The Grand Picture
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Text Mining as an Integral Part of
Biomed Knowledge Management

Databases —

Data integration

Pathway via metaschemas
Discovery

DB
curation

Literature
Collections

Improved search
and indexing

Ontologies
1T Qe MITRE
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* Data mining on unstructured (NL)
or semi-structured (HTML or XML) texts
* Renders ‘factoids’: text snippets, propositions
* TMis different from information extraction
with its emphasis on “new” knowledge
— not known a priori (even by experts?!)
- non-redundant
- some sort of knowledge aggregation
(abstraction - textual or visual)
* Knowledge discovery rather than fact retrieval
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Naive Approach

* Perform string search of interesting entities
and relationships on plain text
¢ The structure of the query language allows
you to search for
— complete or partial strings
- string alternatives
- strings which fulfill simple context conditions
¢ So, what you are dealing with are, in effect,
regular expressions (RegExs)

Syntax of Regular Expressions s

masks exactly one single character

"do." "dog", "dot", "doe", etc.

* zero or more characters may follow

"do*" "do", "dog", "done", "doctor", etc.

+ one or more characters may follow

"fre+.." "free", freak", "fresh", "freeze", etc.

? zero or exactly the previous character go
away

“"ton?e"  “"toe" and "tone"

Syntax of Regular Expressions (s

() grouping and disjunction |

(dog|cat) "dog" or “cat"

[]1 any character from the list

“rlacioult”  “rat", "ret", "rit", "rot", "rut"

A any character not from the list

t[*aeiou].*s" “thanks", "this", "trappings", etc.




Syntax of Regular Expressions s
- Character Classes -

\d any digit [0-9]
\D any non-digit [*0-9]

\w any alphanumeric [a-zA-20-9]
\W any non-alphanumeric [*a-zA-Z0-9_]

\s any space [ \t\n\r\f]
\S any non-space [*\t\n\r\f]

Demo of Regular Expressions

¢ It’s demo time

Shortcomings of RegExs

¢ Accommodating RegExs to a large variety of
NL phenomena makes them increasingly
complex

* Though getting more and more complex, Reg-
Exs identify not only (some of) the targeted
NL expressions but match garbage as well

* More “background knowledge” related to the
structure of natural languages might be re-
quired
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Linguistic Approach

¢ Natural language is described at several
layers
- Lexical layer
* words
- Syntactic layer

« grammatically coherentsequences of words in terms
of phrases, clauses, and sentences (utterances)

- Semantic layer
* meaning of utterances
- Discourse layer

* textually coherentsequences of utterances as they
typically occur in conversations or documents

Pipeline for NLP Analysis

end + edpasirense

pregnancy
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Termination Event
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Sample NLP Analysis for
Information Extraction

Syntactic Analysis & Information Extraction Rule
Semantic Tagging
CONCEPT TYPE: Process Termination Event
A severe infection ended the CONSTRAINTS:
pregnancy. . SUBJ: (extract: Cause)
Class: <Disease>

VERB: Root: “end” or “terminate”;
Mode: active

OBJ:  (extract: PhysProcess)
Class: <Process>

SUBJ: Phrase: a severe infecthon;
Class: <Disease>

VERB: Term: ended;
Root: “end” or “terminate;
Mode: active, affirmative

OBJ:  Phrase: the pregnancy Extracted Template
Class: <Process>

[ Process Termination Event
[ Cause : a severe infection ]
[ PhysProcess : pregnancy 1]

Lexical Layer

* What is a word, lexically speaking?
* “go”, “blue”, “gene”, “take off”, “get rid of”,
“European Union”, “on behalf of”

* Morphology of words

- Inflection
« “activate”, “activates”, “activated”

— Derivation

» “active”, “activate”, “activation”, “activity”
- Compounding

* “brain activity”, “hyper-activity”

end + edpagirense

Syntactic Layer

* What is a phrase?
« “asevere infection”, “the pregnancy”

* N “infection ended the”
* How do phrases combine to form a clause or
a sentence? s

e
pregnancy NP /\NP
N AN
Det Adj N V Det N

‘ a‘ severe ‘ infection H ended ‘ the ‘pregnancy ‘




Semantic Layer

* What is the meaning of a word?
- “go”, “blue”, “gene”, “take off”, “get rid of”,
“European Union”, “on behalf of”

* What is the meaning of a phrase or sentence?

Termination Event
pregnancy @l

[&][severe] [
severe e

Discourse Layer

as even superior to aspirin in
controlling leprosy-associated fever.

Discourse Layer

cutAneous manifestations of leprosy.

as even superior to aspirin in
controlling leprosy-associated fever.

Otherwise,
incomplete knowledge gets mined
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Discourse Layer

cutdneous manifestations ¥

That treatment vas even superior to aspirin in
controlling leprosy-associated fever.

Discourse Layer

cutdneous manifestations of leprosy.

That treatment vas even superior to aspirin in
controlling leprosy-associated fever.

Otherwise,
incorrect knowledge gets mined

Lexical Background Knowledge

¢ Lexicon

- Part of speech information
* “rain” can be a Verb (VB) or a Noun (NN)
- Inflection patterns (classification)
* “rain” - “rained” vs. “go” - “went”
— Syntactic features
« (in)transitivity of verbs (direct object required or not)
+ Head-modifier specs

- Head nouns may have a determiner, several adjectives,
a quantifier as pre-modifiers; NP or PP as post-modifiers

- Semantic features
« Semantic types and relations
- “aspirin” is a “drug”, “drugs” are “man-made artifacts”
* Selection constraints
- [Drugs] “cure” [Diseases], [MedPers] “treat” [Patient]

11



Syntactic
Background Knowledge

* Grammar (syntax of NL)
— Set of rules or constraints
* § = NP VP, NP = Det Noun, VP = Verb NP
* “Number” of HeadNoun determines “Number” of
Determiner:
- “the drugs”, # “adrugs”

Semantic
Background Knowledge

* Semantics (meaning representation of NL)

— Set of rules or constraints
* S = NP, VP, NP = Det Noun, VP = Verb NP,
« IF
— a) the head noun of NP, denotes a Disease &
- b) the head noun of NP, denotes a Process &
- c) the main verb denotes a termination event
* THEN
— The following proposition can be instantiated:
» TERMINATE ( Disease, Process ) as
» TERMINATE ( “infection”, “pregnancy”)

Sample Morphological Analysis

~A severe infection ended the pregnancy

¢ Porter Stemmer (lexicon-free):
LAY a, ,severe” sever,
»nfection”  infect, ,,ended” end,
»the’ the, ,pregnancy” pregnanc
* Full-form Lexicon:
»AY age, nsevere”  severey, ,infec-
Zon” infection,,,, ,ended” end,,,
Lhe”  theyy,

wpregnancy”  pregnancy,..n

12



Sample Syntactic Analysis

»A severe infection ended the pregnancy.

¢ Constituent Grammar Parser:
(S (NP A severe infection)
(VP ended (NP the pregnancy)) .)
¢ Dependency
Grammar Parser:

infaction,

arl/r,eret.}

Shortcomings of the “Classical”
Linguistic Approach

¢ Huge amounts of background knowledge req.
— Lexicons (approx. 100,000 — 150,000 entries)
— Grammars (>> 15,000 - 20,000 rules)
- Semantics (>> 15,000 - 20,000 rules)

¢ As the linguistic and conceptual coverage of
classical linguistic systems increases (slowly),
it still remains insufficient; systems also re-
veal ‘spurious’ ambiguity, and, hence, tend to
become overly “brittle” and unmaintainable

¢ More fail-soft behavior is required at the
expense of full-depth understanding

Tutorial Outline

¢ What is Text Mining?

* Naive Approach to Text Mining

¢ Linguistic Approach to Text Mining
¢ Empirical Approach to Text Mining
* Resources for Empirical NLP

¢ Summary and Outlook
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Empirical Approach

* (Very) large corpora: plain vs. annotated

¢ Change of mathematics: Statistics rather
than algebra and logics

 Linguistic resources: Lexicons, thesauri
¢ Shallow analysis vs. deep understanding

¢ Automatic discovery of linguistic regul-
arities rather than manual intuition and
calibration — ako NL machine learning

¢ Large community-wide task-oriented com-
petitions, comparative evaluation rounds

Pipeline for NLP Analysis (revisited)

—1A Det Pregnancy : Process
severe Adj Infection: Disease
infi — n
[Infetf A Det B ‘ Termination (Pregnancy, Infection) ‘
end|| severe Adj In .
‘ end + edpagirense ‘ the ||infg L Termination Event
preg en [brocess |
preghancy | | [cqe - eananey
: ==

(Stemmer,
Lemmatizer) CH

the|
Morphology —’[ prel[ 7 | severe |

v
i POS/Tree Prop Domain
Bank Bank Ontology
—

A severe infection ended the pregnancy.

Standard NLP Tools for ...

* Tagging
¢ Chunking & Partial Parsing

* Named Entity Recognition &
Interpretation

14



Tagging

A severe infection ended the pregnancy .

Lo bbb

DET ADJ NOUN VERBDET NOUN ST

Penn Treebank Tag Set
CHD

Tag | Description | Examples In total,
45 tags
sentence terminator| . ! ?
DT determiner all an many such that the them these this
JJ adjective, numeral | first oiled separable battery-powered
NN  |common noun cabbage thermostat investment

PRP |personal pronoun herself him it me one oneself theirs they
IN preposition among out within behind into next

VB verb (base form) ask assess assign begin break bring
VBD |verb (past tense) asked assessed assigned began broke

WP | WH-pronoun that what which who whom

Transformation Rules
for Tagging (erill, 1995]

¢ |nitial State: Based on a number of features,
guess the most likely POS tag for a given word:
— die/DET Frau/NOUN ,/COMMA die/DET singt/VFIN
¢ Learn transformation rules to reduce errors:
— Change DET to PREL whenever the preceding word|
/s tagged as COMMA
* Apply learned transformation rules:

— die/DET Frau/NOUN ,/COMMA die/PREL
singt/VFIN




First 20 Transformation Rules

[# [ From | To Condition
T ’N | VB Previous tag is 70

2 | VBP | VB _| One of the previous three tags is MD
3

1

5

[8]

NN | VB | One of the previous two tags is D

VB | NN | One of the previous two tags is DT
VBD | VBK | One of the previous three tags is VBZ

VBN | VBD Previous tag s PRP
| 7 [ VBN | VBD Previous tag is VNP
8 | VBD | VBN Previous tag is VBD
9 [VBP| VB Previous tag is 70
10 | POS | VBZ Previous tagis PRP
11| VB | VBP Previous tag is ¥N5
12 [ VBD | VBN One of previous three tags is VBP
B[ N _[WDT One of next two tags s VB
14 [ VBD | VBN One of previous two tags is VB
15[ VB | VBP Previous tagis PRP
16| IN |WDT Next tagis VBZ
T[N | DT Next tag is VY
18] J NNP Next tag is NNP
19| IN |WDT Next tag is VBD
30 [ J9R | RBR Next tag s /7

Taken from: Brill (1995), Transformation-Based Error-Driven Learning

Statistical HMM-based Tagging

[Brants, 2000]

* State transition probability: Likelihood of a tag
immediately following n other tags
- P,(Tag;| Tag,, ... Tag,,)
e State emission probability. Likelihood of a
word given a tag
— Py(Word, | Tag;)

* die/DET Frau/NOUN ,/COMMA die/DET or PREL
singt/VFIN

Trigrams for Tagging

* State transition probabilities (trigrams):
- P,(DET | COMMA NOUN) =0.0007
- P,(PREL | COMMA NOUN)=0.01
* State emission probabilities:
- P,(die| DET) =0.7
- P,(die| PREL) =0.2
¢ Compute probabilistic evidence for the tag
being
- DET: P,-P,=0.00049
- PREL:  P,-P,=0.002

* die/DET Frau/NOUN ,/COMMA die/PREL singt/VFIN




Chunking

Arginine methylation of STAT1 modulates IFN induced transcription

Chunking

[Arginine methylation of STAT1] modulates [IFN induced transcription]

Shallow Parsing

Arginine methylation of STAT1],, [modulates],, [IFN induced transcription] e

17



Shallow Parsing

[ [Arginine methylation]ye [of STAT1]pp e

Arginine methylation of STAT1],, [modulates],, [IFN induced transcription] e

Shallow Parsing

[ [IFN induced],p [transcription] ]xe

[ [Arginine methylation]ye [of STAT1]pp e

Arginine methylation of STAT1],, [modulates],, [IFN induced transcription] e

Deep Parsing

[ [IFN induced],p [transcription] Iye

[ [[Arginine]y [methylation]ylye [[0f]s [STAT1]\Jee Ine

[ [Arginine methylation]ye [of STAT1]pp Jne

Arginine methylation of STAT1]y, [ [modulates], [IFN induced transcription]ys lve

18



Deep Parsing

[ [[IFN]y [induced],]»p [transcription]y Iye
[ [IFN induced],p [transcription] ]xe
[ [[Arginine],, [methylation]Jye [[0f]» [STAT1]\Jep Ive

[ [Arginine methylation]ye [of STAT1]pp e

Arginine methylation of STAT1], [ [modulates], [IFN induced transcription]ye Jve

Chunking Principles

* Goal: divide a sentence into a sequence of
chunks (ako phrases)

* Chunks are non-overlapping regions of a text
— [7] saw [a tall man] in [the park]

* Chunks are non-exhaustive
- not all words of a sentence are included in

chunks

¢ Chunks are non-recursive

— a chunk does not contain other chunks

¢ Chunks are mostly base NP chunks

[ [the synthesis]yp.yase OF [Cong enhancer transcripts]yp hase Inp-complel

The Shallow Syntax Pipeline

-

e

“‘saw}]the big ’dog
Tagging ere || vep || or || o5 || w |
. NP

l -
BIO (or IOB)
Chunkmg He||saw| the| lbig|/dog]|
PRP VBD DT JJ NN
BEGIN| |OUTSIDE BEGIN L INSIDE INSIDE

Trees [He|[saw|/[the|big|/dogl
PRP VBD DT JJ NN

NP

Parsing e _—
s

19



BIO Format for Base NPs

a DT 1
mechanism NN 1
that WDT B
increases VBZ O
NF-kappa NN 1
BI1 NN I
kappa NN 1
B NN 1
dissociation NN I
without N o]
affecting VEG O
the DT 1
NF-kappa NN 1
B NN 1
translocation NN 1
step NN I

A Simple Chunking Technique

« Simple chunkers usually ignore lexical
content
— Only need to look at part-of-speech tags

¢ Basic steps in chunking
— Chunking / Unchunking
— Chinking
— Merging / Splitting

Chunking

* Define a regular expression that matches the
sequences of tags in a chunk
- <DT>? <JJ>* <NN.?>
¢ Chunk all matching subsequences
— A/DT red/JJ car/lNN ran/VBD onl/IN ¢4e/DT strect/NN
— [AIDT red/JJ car/NN] ran/VBD
onlIN [the/DT street/NN]
« If matching subsequences overlap, the first
one gets priority
¢ Unchunking is the opposite of chunking

20



Chinking

* A chink is a subsequence of the text that is
not a chunk
* Define a regular expression that matches the
sequences of tags in a chink
— (<VB.?>| <IN> )+
¢ Chunk anything that is not a matching sub-
sequence
— A/DT red/JJ car/lNN ran/VBD onlIN ¢4e/DT strect/NN
— [AIDT redlJJ car/NN]

ran/VVBD onl/IN| [the/DT gtreet/NN]
chink

Merging

* Combine adjacent chunks into a single chunk
* Define a regular expression that matches the
sequences of tags on both sides of the point

to be merged
— Merge a chunk ending in “JJ” with a chunk
starting with “NN”, i.e. left: <JJ>, right: <NN.>
¢ Chunk all matching subsequences

— [A/IDT redlJJ ] [ car/NN] ran/VBD
onlIN thelDT street/NN

— [AIDT red/JJ car/lNN] ran/VBD
onlIN the/DT strect/NN

» Splitting is the opposite of merging

Approaches to Chunking

* Hand-coded Grammars (RegEx, FSA)
- [Abney, 1991]

* Transformation Rule Learning: 7BL
- [Ramshaw & Marcus, 1995]

* Hidden Markov Models
- [Molina & Pla, 2002]

* Support Vector Machines: YamCha
— [Kudo & Matsumoto, 2001]
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Named Entity
Recognition & Interpretation

<DRUG> Thalidomide </DRUG> was found to be
highly effective in managing the <TISSUE>
cutaneous </TISSUE> manifestations of
<DISEASE> leprosy </DISEASE> (<DISEASE>
erythema nodosum leprosum </DISEASE>) and
even to be superior to <DRUG> aspirin </DRUG>
(<DISEASE> acetylsalicyclic acid </DISEASE>) in
controlling <DISEASE> leprosy-associated fever
</DISEASE>

Named Entity
Recognition & Interpretation

<DRUG> Thalidomide </DRUG> was found to be
highly effective in managing the <TISSUE>
cutaneous </TISSUE> manifestations of
<DISEASE> leprosy </DISEASE> (<DISEASE>
erythema nodosum leprosum </DISEASE>) and
even to be superior to <DRUG> aspirin </DRUG>
(<DISEASE> acetylsalicyclic acid </DISEASE>) in
controlling <DISEASE> leprosy-associated fever
</DISEASE>

What are Named Entities?

* Names of persons
— Dr. Jonathan Pecko, Prof~<s

named entities are
intentionally excluded from
the lexicon

* Names of pioteins or genes or diseases,
— che haonicol acotyltransf NF-fappa B, SARS
* Measure expressions
— 420 kp, 21 IIm2, 37%, 900€

22



Two Types of NER Methods

Human Knowledge (Supervised) Machine
Engineering Learning Systems

use statistics or other
machine learning technique
developed by experienced developers do (almost) not
language engineers need linguistic expertise
based on human intuition fully automatic

requires only small amount requires large amounts of
of training data annotated training data
development could be very annotators are cheap (but you
time consuming get what you pay for!)
some changes may be hard some changes may require
to accommodate re-annotation of the entire
training corpus

* rule based

.
.

o .
o« .

.
.

Naive NER Method: List Look-up

* Recognize entities stored in given lists
(gazetteers, e.g., online phone directories, yellow
pages)

¢ Advantages:

* Simple, fast, language independent, easy
to retarget (just create lists)

* Disadvantages:

¢ impossible to enumerate all names and
name variants, collection and mainten-
ance of lists

NER by Pattern Recognition

* Names often have internal structure -
these components can be either stored
or guessed, e.g., for location we have
RegEx-style constraints such as:

Capitalized Word + {City, Forest, Center, River}

which yields: Sherwood Forest, Manchester City

Capitalized Word + {Street, Boulevard, Avenue, Road}

which yields: Portobello Street, Washington Avenue

23



NER by Expressive Rules

¢ Context-sensitive rules of the kind:
A-B\C/D

- Ais a set of attribute-value expressions and
optional score, the attributes refer to elements
of the input token feature vector

- B, C, D are sequences of attribute-value pairs
and regular expressions; variables are also
supported

— B and D are left and right context, respectively,
and can be empty

Example: [syn=NP, sem=0RG] (0.9) —
\ [norm="university"], [token="0f"],
[sem=REGION|COUNTRY|CITY]/;

Sample NER Rule

Rule for the mark up of person names when the
first name is not present or known from the
gazetteers: e.g., “Mr. J. Cass”,

[ SYN=PROP, SEM=PER,
FIRST=_F, INITIALS=_I, MIDDLE=_M, LAST=_L]
#_F, _I,_M, _L are variables, transfer info from RHS
— [SEM=TITLE_MIL | TITLE_FEMALE | TITLE_MALE]
\ [SYN=PROP, ORTH=CAP|A, TOKEN=_F]?,
[SYN=NAME, ORTH=INIT|O, TOKEN=_I]?,
[SYN=NAME, ORTH=INIT|O, TOKEN=_M]?,
[SYN=PROP, ORTH=CAP|A|O, TOKEN=_L, SOURCE#RULE
#proper name, not recognised by a rule

/i

—

NER by Machine Learning

* NE task is frequently broken down in two parts:
— Recognizing the entity boundaries
- Classifying the entities in the NE categories
* Features are at least as important as the choice of
the ML method
- Simple pattern matching of orthographic features:
capitalization, punctuation marks, numerical symbols
— Windows for lexical features (e.g., “Mr.” for persons)
— Affix features (“-ase” for proteins, “’-ectomy” for
medical procedures, etc.”)
— POS info (and chunks)
* Major Approaches
— Maximum Entropy [Chieu & Ng, 2002]
— Hidden Markov Models [Bikel et al., 1999]
— Support Vector Machines [Takeuchi & Collier, 2002]
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NER for Biology:

Some Quantitative Results

Named Data # Wds
Entity Author Date Source (estim) Class F
Biology Fukuda 1998 MEDLINE 20,000 2| 93
Flybase
Proux 1998 summary 12,000 1| 92
Collier 2000 MEDLINE 30,000 4 73
Krauthammer 2000 Review article 5,000 175
Gaizauskas 2002 MEDLINE 30,000 12| 83
Gaizauskas
Human ANNOTATORS 2002 MEDLINE 6,000 12 89
Krauthammer
Human ANNOTATORS 2000 Review article 5,000 1 84
News
Wire  Bikel 1999 News English| 650,000 6 95
Chinchor
Human ANNOTATORS 1998 English 50,000 6 97

Systems not really comparable:
different tasks, data sets
More data, better human annotator
ITCX  agreement for newswire than biology ~ MITRE

Prominent BioMed IE/TM Sytems

* GENEWAYS

* mining text and integration of data on
molecular pathways

 MEDLEE

¢ medical information extraction and
category encoding

* PASTA (Protein Active Site Template Acquisition)

* bio app of GATE : role of amino acids
in protein molecules

GATE -
A General Architecture for Text Mining

» Software for Text Mining
(University of Sheffield, UK)

¢ Core systems:
— ANNIE (A Nearly-New Information Extraction
System) Finite State Transducers
— LASIE (A System for Large Scale Information
Extraction)
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GATE: NER - Examples (3

INYT19580403.0453 NEWS STORY AJ0SJASSRNEITANEGN CREDIT WARNING EY [
MOODY'S ON JAPANESE BONDS TOKYD _ Borrovers in apan, including even r
the healthiest corporations, faced a new challenge on FESGRY as

Moody's Investors Service provided a pessimistic outlook on the o
nation's pristine credit rating. The exchange Tate of Japan's r
currency, the yen, tumbled to a six-and-a-half-year low, and the stock r
and bond narkets fell on the decision by the Merican-based ratings o

agency to change its view on Jepan _ vhose government dsbt has besn
rated tripleh _ from “stable’! to 'megative.'' Moody's did mot

Change any ex1sting bond ravings, But the negstive outlook mey lead to T Organization
& fornal reviev in I8 months to two years. A lovered rating could - BeeE

xaise borroving costs for all Japanese, fron consumers to large

corporations, even those with impeccable credit. And such a move could I Bérssn

further veaken Japanese banks, which already pay more to borrow ™ SpaceToken
because they hold in excess of $600 billion in bad loans. The step by I Temp

Moody's was a surprise because even with Japan's ecomoumic preblems, it

is still the world's largest creditor nation and there is little doubt [T G

about its ability to repay debts. But the annowncement showed that 7 Token

Moody's _ one of the world's big credit raters, along with Standard D Original markups

GAMP; Poor's and Duff AMP; Phelps _ vas beginming to rethink Japan's
long-term prospects. In trading here FELGAY the dollar surged to
135.42 yen, the highest since SeBERMBex 1991, before recevering a
little. The henchuark Nikkei index of 225 stocks fell for the third
consecutive day _ o a fouz-nonth low of 15,517.78. Bond prices alse
declined, pushing the yield on the key l0-year Japanese govermment
bend to 1.685 percent, a six-week high. Bond prices and yields move in
opposite directions *‘The world doesn't Trust Jepan snymore, even
thouch Javen has lots of menev.'! comsented Minvi lu of Paribas

Date.
FiretPerson
Identifier
JobTitle
Lacatian

Loakip
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NYT19860403.0453 NEVS STORY 04/03/199% 21:01:00 CREDIT VARNTNG BY
MOODY'S ON JAPANESE BONDS TORYD _ Borrouers in Japam, including even
the healthiest corporations, faced a mey challenge on Friday as
Moody's Investors Service provided a pessimistic ouclosk on the
nation's pristine credit rating. The exchange race of Japan's
curzency, the yen, tabled to @ sir-and-a-half-year lov, and the stock
and bond markets Fell on the decision by the Mnerican-based ratings
agency to change its viev on lapan _ whose government debt has heen
rated triple-A _ from “stable'! to ‘‘negative.'' Naody's did not
change any existing bond ratings, but the negative outlook may lead to
o fornal review in 18 months to two years. A lovered raving could
raise borrowing costs for all Jspanese, from consumers to large
corporations, even those with impeccable credit. And such a meve could
Further vesken Japanese banks, which already pay more to horrew
becsuse they hold in exeess of §600 billion in bad Loans. The step by
Hoody's vas a surprise because even with Japan's economic problems, it
15 Still the vorld's largest oreditor mation and there is little doubt
cbout its ability to repay debts. But the ammouncement shoved that
Hooay's _ one of the world's big credit raters, along with Standard
GANP; Poor's amd Duff <ANP; Phelps _ wes begimning to rechink Japen's
long-tern prospects. In trading hers Fridsy the dollar surged to
135.42 yen, the highest since September 1991, before recovering a
little. The benchmark Nikkei index of 22§ stocks fell for the third
consecutive day _ to a Sour-month low of 15,517.76. Bond prices also
declined, pushing the yield on the key 10-year lapanese government
bond to 1,695 percent, a six-veek high. Dond prices wid yields move in
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FirstPerson
Identifier
JobTitle

Location
Lodkiip
Money

I SpaceToken

I Temp

I Tile

I Token

b original markups

opposite directions *'The world doesn't trust Japsn anymore, even
thoush Javan has lots of monev,'' commented Xinvi Lu of Paribas

GATE: NER - Example
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NYTL9950403. 0456 NEWS STORY
0470371398 21:02: 00 BUNYANT CEINTON TAKES ON GOP SENATORS, BIG TOBACCO
UASHINGTON _ Eager to shift the spotlight frou Paula Jones back to the
business of government, President CLintan Laubasted the Republican ]
Senate budget proposal on Fridey end warned tobacco companies to go
along with a proposed settlement. Tired but buoyant in his Eirst day
back at the Oval OFfice after 12 days in Africa, EIIHCGH inmediately
assembled his econouic teaw in the Whirte House Rose Garden this
worning and signaled an election-year showdown wich congressional
Republicans over the budget for the 1999 fiscal year. Uhile clearly
enboldened by a federal Judge's dismissal on Wednesday of MEs. dones'
sexual misconduct lavsuit, the president voved not to be distracted by
such matters, saying, T au going on with uy business.'' Instead,
Eifiiton castigated Senate Republicans for approving a §1.73 trillion
spending plan on Thursday night that calls for uodest tax cuts and
excludes vircually all of the president's proposals for new spending.
nd ke scolded members of the House for passing a six-year, §217
billion transportacion bill packed with projects for aluost every
congressional district. T am wery concerned that the budget plan now
vorking its way through the Semats will squeeze ouc critical
investuents in education and children,'' BISHESH seid. ~'I'm also

r B
I FirstPersan

Location
Lookup
Money
Organization

Percent

RmOOooon

Persan
SpsssToken
Temp

Title

Taken

w0000

Original markups
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Bad News from the BioMed Field

T o rice a0l PIENTres
ation-sensitive AFLE (MSAE)

-
Disfia.
—

Sha AH, TAm ¥H, Huang JB, Zhang DP. r ;;;S;PHM

National Key Labioratory of Crop Genetic Tuprovement, National Center I Locstion
of Crop Molecular Breeding, Huazhong Agricultural University, Wuhan, ™ Coskip’

430070, China, dpzhangfuail.hzau. sdu.en. & B

; 7
DA methylation 1s known to play an important role”in the requlatishy = P! e
of gene expression in ewkaryotes. The rice cultilar Wase Aikoku 3 I BpaceTaken
becoues :es‘?ant to the blight patheyen Xenthemei¥eopyzse pv. serfas I Token

© the ™ultferage. Using methylation-sensitive amplified polymorphism

P Original markups
(msAF) ;Jysls, we conpared €5) patterns of cytosine methylation in
= and adult plants of ghe e ol Qr Wase Aikoku 3 that had
been inoculated with the pathv yZaE PV. 0Lyzas,
subjected to mock inoculation oP~haft untyes+€d. In all, 2000 DHA

fraguents, each representing a recognition site clesved by either or
both of two isoschizomers, were amplified using 60 pairs of selective

PAsSTA - NER Examples

Staphylococcus aureus enterotoxin A ( SEA)
belongs to a subgroup of the staphylococcal
superantigens that utilizes Zn2+ in the high
affinity interaction with MHC class Il molecules.
A high affinity metal binding site was described
previously in SEA cocrystallized with Cd2+ in
which the metal ion was octahedrally co-
ordinated, involving the N-terminal serine .

PASTA - NER Examples

Staphylococcus aureus enterotoxin A ( SEA)
belongs to a subgroup of the staphylococcal
sup ges Zn2+ in the high
affini SPECIES MHC class Il molecules.
A hi ding site was described
previously in SEA cocrystallized with Cd2+ in
which the metal ion was octahedrally co-
ordinated, involving the N-terminal serine .




PAsSTA - NER Examples

Staphylococcus aureus enterotoxin A ( SEA)
belongs to a subgroup of the staphylococcal
superantigens that utilizes Zn2+ in the high
affinity interaction with MHC class Il molecules.
A high affinity metal bindi i ibed
previously in SEA cocry PROTEIN in
which the metal ion was

ordinated, involving the N-terminal serine .

Document Processing in
GATE/PASTA

* Tokenizer

* Lemmatizer

* NER: Gazetteer Lookup

* Sentence Splitter

* POS-Tagger

¢ Semantic Tagger

* Name Matcher (Named Entity Recognition)
* Parser (AVM: Attribute Value Matrix)

* Extraction Rules

Information Extraction in PASTA

Results: We have determined the crystal structure of a Jrom
Pscudomonas_cepacia (Pet) in the absence of a bound inhibitor using X-ray crys-
tallography. The structure shows the lipasc to contain an alpha/beta-hydrolase fold
and a catalytic. triad comprising of residues Ser7, His286 and Asp204. The enzyme
shares several structural features with homologous lipases from Pseudomonas glumae
(PgL) and Chromobacterium viscosum (CuL), including a calcium-binding site. The
present structure of Pet reveals a highly open conformation with a solvent-aceessible
active site, This is in contrast to the structures of Pgl, and Pet in which the active
site is buried under a closed or partially opened lid’, respectively

<RESIDUE-str-1997-5-2-1>:=

RESIDUE_TYPE: SERI!
RESIDUE_NO:
IN_PROTEIN:  <PROTEIN-str-1997-5-2-1>

SITE/FUNCTION: "active site", "catalytic",

"interfacial activation", "calcium-binding site"
SECOND_STRUCT: alpha-helix

REGION: *1id’
ARTICLE: <ARTICLE-str-1997-5-2-1>

<PROTEIN-str-1997-5-2-1>:=
acylglycerol lipase"

IN_SPECIES: <SPECIES-str-1997-5-2-1>

<SPECIES-str-1997-5-2-1>:=

NAME: !Pseudomonas_cepacia'
NAME_TYPE: SCIENTIFIC
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Challenges for NER

¢ |dentify which mentions in the text refer
to which entities
* Tony Blair, Mr. Blair, he, the prime minigter
* Semantic tagging of entities
¢ Expanding the set of entities to be
recognized - e.g., substances (food,
drugs, genes, proteins, products)
¢ Finer-grained entity hierarchies
* Organizations (governmental, commercial,
educational, etc.),
* Locations (regions, countries, cities, rivers,
lakes, seas, etc.)

Hierarchy-Building Relations in
Biomedical Ontologies

* Taxonomy: Is-A (C,, C,)

Body Part V
Finger KZ
Thumb

Left Thumb

Hierarchy-Building Relations in
Biomedical Ontologies

e Taxonomy: Is-A (C,, C,)
* Partonomy: Part-of (C, C,)

Bod!
Body Part V pamf/ y
Left Arm
Finger w panrof/
Thumb Left Hand

\ pany
Left Thumb
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Blo-OntoIogles Gene Ontology

— Root
E1G0:0003673 : Gene_Ontology ( 146200 ) & Names of concepts
[ ® GO:0008150 : biological_process (96312)/
B ®GO0007582 - physiological process (BI310)
D GO:0008152 : metabolism ( 36682 )
D GO:0006793 : phosphorus metabolism (2962 )
) GO:0006796 : phosphate metabolism ( 2347 )
) GO 0016310 : phosphorylation (2474 ) @
GOD042773 - ATP synthesis coupled electron transport (233 )
“Ts-a" relation — B l 600015986 - ATP synthesis coupled proton transpart (11
) GO:0006755 : carbamoyl phosphate-ADP \ransphusphuvy\ahon (0)
(G0:0046835 - carbohydrate phosphorylation (1)
GO:0048151 - hyperphosphorylation (6 )
GO:0046834 - lipid phosphorylation (17
G0:0048938 : nucleatide phosphorylation (3 )
GO:0006468 - protein amino acid phusphnvy\atmn 2025)
G0:0042325 : requlation of (30)

“Part-of" relation \

Definition (or description) of Phosphorylation:

The process of introducing a phosphoric gr‘our‘ into a molecule, usually
with the formation of a phosphoric ester, a phosphoric anhydride or a
phosphoric amide.

Llnkage through Bio-Ontologies

Databases T

An ontology can
link databases
when curators

curate literature
using a shared
ontology

Literature

Collections

Ontology mediates

between langua

T anda compu‘rab?
model

il MITRE

Tutorial Outline

¢ What is Text Mining?

* Naive Approach to Text Mining

¢ Linguistic Approach to Text Mining
¢ Empirical Approach to Text Mining
* Resources for Empirical NLP

¢ Summary and Outlook
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Training data
¢ Manual Creation of Corpora

— Test of Coder Reliability
¢ Benefit:

- Training Coders in Description Languages

- Solid Foundation for Supervised Learning

General Language Corpora w./
Syntactic, Semantic Annotations

¢ Penn Treebank (U Penn)
- language: English
- size: 1,200,000 (POS- & tree-annotated) tokens

- text genre: mostly newspaper articles (Wall Street
Journal)

[Marcus et al., 1993]

- tag set of 45 tags; phrase structure grammar
* Penn PropBank (U Penn) [Palmer et al., 2005]
- size: 300,000 (annotated) tokens

Journal)

— proposition format: pred(arg0, arg1, arg2, ...)

- text genre: financial newspaper articles (Wal/ Street

Sublanguage Corpora w./
Syntactic Annotations

* GENIA (U Tokyo)
- language: English

- size: 2.000 abstracts (18,500 sent.s, 491,000 tokens)

« selected from a MeSH term search of “Human”, “Blood
Cells” and “Transcription Factors”

- text genre: biology articles (Med/ine bibliographic db)
- tag set: Penn TreeBank (PTB)

— beta version of PTB-style treebank (200 abstracts)

[Ohta et al., 2002]
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Sublanguage Corpora w./
Named Entity Recognition

* GENIA (U Tokyo)
- language: English
— content: subset of substances (peptides, amino
acids, DNA), biological locations (organisms,
tissues) involved in reaction of proteins (GENIA
ontology) — 100,000 bio annotations

* BioCreative (MITRE, USA)
— size: 15,000 sentences; ~ 397,000 tokens
- content: gene and protein names

General Lexicons

* WordNet (Princeton U)

— canonical word forms (nouns, verbs,
adjectives etc.)

- lexical semantics: taxonomies & partonomies
of synonym classes (synsets), definitions
(glosses)

- language: English (120,000 entries)
- content: general language
* FrameNet (Berkeley U)
— more semantically oriented (frame semantics)

Sublanguage Lexical Resources

* Unified Medical Language System, UMLS (NLM)
— Umbrella system made up of approximately 100
terminologies, including Gene Ontology (GO)

- Basic and variant word forms, and (quite complex)
noun phrases

— Lexical semantics: thesaurus relations for taxon-
omies, partonomies, also other light-weight semantics

- Language: English
- Size: 1,000,000 terms/concepts, 11,000,000 relations
— Content: (almost) the whole (bio)medical domain

— (English) Specialist Lexicon uses conceptual
grounding of UMLS for NLP applications
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Sublanguage Lexical Resources

* Gene Ontology (GO Consortium)
— Terms with lexical definitions and semantic relations
(taxonomy, partonomy)
— Three basic relational ontologies: cellular component,
molecular function, biological process
- Size: 17,600 terms (93% w./ definitions)

- GOt GONG (DAML+OIL-based description logics
version)

Domain Ontologies

¢ CoMeT (U Freiburg / U Jena)
— description logics (classifier, realizer)
— LOOM implementation (L OWL)
- language-independent
— exported from the whole anatomy and pathology
section of the UMLS
— size: 240,000 concepts and relations

* *NCI* (US National Cancer Institute)
— description logics (classifier)
— OWL implementation
- language-independent
- oncology
- size: 26,000 concepts, 71,000 terms

Demo of GENIA

Example:

»Preincubatiovw of cellsy witihv 1,25 -
(OH)2D3 augmented IL-1 betw mRNA
levels only inU-937 and HL-60 cells.”
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POS Annotation in GENIA

Preincubation/NN of/IN cells/INNS
with/IN 1,25-(OH)2D3/NN
augmented/VBD IL-1/NN beta/NN
mRNA/NN levels/NNS only/RB in/IN U-
937/NN and/CC HL-60/NN cells/NNS ./.

Named Entity Annotation in
GENIA

- <sentence>
Preincubation of cells with
<cons lex="1,25-(0H)2D3" sem="G#lipid">1,25-(0OH)2D3</cons>
augmented
- <cons lex="IL-1_beta_mRNA_level" sem="G#other_name">
- <cons lex="IL- 1_beta_mRNA" sem="G#RNA_molecule">
<cons lex="IL-1_beta" sem="G#protein_molecule">IL-1 beta</cons>
mRNA
</cons>
levels
</cons>
only in
<cons lex="U-937" sem="G#cell_line">U-937</cons>
and
<cons lex="HL-60" sem="G#cell_line">HL-60</cons>
cells.
</sentence>

Syntactic Annotation in GENIA

- <s>
- <NP-SBJ>
<NP>Preincubation/NN</NP>
- <pP>
of/IN
<NP>cells/NNS</NP>
</PP>
- <PP>
with/IN
<NP>1,25-(OH)2D3/NN</NP>
</pP>
</NP-SBJ>
- <vp>
augmented/VBD
<NP>IL-1/NN beta/NN mRNA/NN levels/NNS</NP>
- <pP>
only/RB in/IN
- <NP>
- <NP SYN="COOD">
<NP>U-937/NN</NP>
and/cc
<NP>HL-60/NN</NP>
</NP>
cells/NNS
</NP>
</PP>
</VP>
o
</s>
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Example for Propositions (PPB)

battle
wrestle
@ join
debate
| Proposition: meet(Bush, Blair) |

| meet(Somebody1, Somebody?2) |
meeting

When Bush met Blair on Thursday

they discussed the stabilization of the Iraq.

meet(Bush, Blair) discuss([Bush, Blair], stabilize(X, Iraq))
Slide from Martha Palmer

PTB Treebank Sentence

S
R Analysts have been expecting a GM-Jaguar
/\?IP pact that would give the U.S. car maker an
have eventual 30% stake in the British company.
NP-SBJ been VP
Analysts /\
expectingiP
SBAR
NP S
aGM-Jaguar WHNP-1 «— P
pact that NP-SBJ —  Pyp
T would
NP
give /\5
N PP-LOC
the UScar NP o
maker aneventual NP
30% stake in the British
company

Sentence in PropBank-Format

(S Arg0 (NP-SBJ Analysts)

(VP A,
€

have been expecting (VP been
(VP expecting
Arg0 Arg1 Arg1 (NP (NP a GM-Jaguar pact)
(SBAR (WHNP-1 that)
(S Arg0 (NP-SBJ *T*-1)
(VP would
Analysts aGMm- (VP give
Jaguar pact Arg2 (NP the U.S. car maker)
Arg1 (NP (NP an eventual (ADJP 30
%) stake)
(PP-LOC in (NP the British
company

Arg0  that would g) Aot

T Arg2 an eventual 30% stake in
the British company

the US car

‘maker expect(Analysts, GM-J pact)

give(GM-J pact, US car maker, 30% stake)

Slide from Martha Palmer



Different Meanings of a Verb

Mary called John an idiot. Mary cailed John a cab.
(LABEL) (SUMMON)®

Argl: Mary Argl: Mary

Rel: called Rel: called

Argl: John (item being labeled) | Arg2: John (benefactive)
Arg3—PRD: an idiot (attnibute) | Argl: a cab (thing summoned)

Where Are We Now?

» State of annotated biomedical corpora
- good coverage of tagging annotations
- little coverage of chunking/parsing annotations

(mind their quality)

- reasonable coverage of named entities (ontology!)
- no coverage of structured proposition annotations
— no coverage of discourse annotations (zoning)

* Quality control is a (unsolved) keji

- single coders (!)
Size matters

¢ Community-wide efforts should be started
— Working groups composed of biologists, computer

scientists, computational linguists, ontologists

How Good Are We?
[ BioCredbtiv€ Granada, Mar 28-31, 2004 |

®Critical Assessment of Information Extraction
= 15" critical assessment of text mining in biology
- Run by CNB, Madrid (Valencia, Blaschke) +
MITRE (Hirschman, Yeh, Colosimo, Morgan)
- Supported by NSF (MITRE) and EMBO (CNB)
- 27 groups participated from 10 countries
®Focus on tasks relevant to biologists:
- Task 1: Gene name extraction and normalization
eIdentification of gene names in PubMed
abstracts & normalization to unique gene IDs
- Task 2: Functional annotation

eIdentification of textual evidence and GO
codes, for a given protein, in full fext articles

MITRE

© 2004 The MITRE Corporation. ALL RIGHTS RESERVED,
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How Good Are We?

— Task 1A Overview:
Gene Name Finding
®Identify all mentions of genes, proteins, etc in
sentences from PubMed abstracts
- Data provided by Lorrie Tanabe & John Wilbur,
NCBI/NLM:; task run by Alex Yeh, MITRE

Mutation of TTF-1-binding sites (ITBE) 1, 3, and 4 in
combination markedly decreased transcriptional
activity of SP-A promoter-chloramphenicol
acetyltransferase constructs containing SP-A gene
sequences from -256 to +45.

®Note that mentions can be complex and long!
®Gold standard created manually by biologists
®Building block for more complex tasks

Task 1A Results:
4 Groups > 80% F-score

1

14+1 groups
submitted 44 runs

High scores:

Recall 0.85
N Precision 0.86
F-score  0.83

= F-score = 2*R*P/(R+P)
Recall = TP/(TP + FN)

& Open Vocabulary ks
u Closed Vocabulary || Precision = TP/(TP+FP)

* & Open (Unofficial)

o B Closed (Unofficial)
— 0.8 F-measure

T T

0 0.2 0.4 0.6 0.8 1
Recall

Precision

MITRE

£.2004 Toe MITRE G L RIGETS RESERVED

Task 1A Lessons Learned:

Longer Names Are Harder

| Results com%ar‘able to previous published bio results
But still lag behind 0.93 F-score for newswire - why?

Gene names longer

than organization names:
W Organization Names|

Gene: 2.1wds avg
Org: 1.7 wds avg

% Names.

Length of Name

Organization name (MUC)
over all words: F-score 0.93
estimated single word: F-score ~ 0.96
Gene name (BioCreAtIvE)
over all words: F-score 0.83
estimated single-word: F-score ~ 0.92
MITRE

© 2004 The MITRE Corporation. ALL RIGHTS RESERVED.
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Why Bio Terminology is so Hard

V-SNARE vese ’
Ve Wiiine: R
Vesicle SNARE
'S
SNAP Receptor

|

Soluble NSF Attachment Protein

N-Ethylmaleimide-Sensitive Fusion Protein

Maleic acid N-ethylimide - TA
HyC”

Vesicle Soluble Maleic acid N-ethylimide Sensitive
Fusion Protein Attachment Protein Receptor

MITRE Copyright 2005, MITRE Corporation

Quantitative Results for
Relation Mining

Source Relation |Entity DB Prec Recall
Craven '99 location | protein Yeast 92%| 21%
Rindflesch '99 |binding 'UMLS MEDLINE 79%| 72%
Proux '00 interact gene Flybase 81%| 44%

Pustejovsky '02 inhibit gene MEDLINE | 90%| 57%
Friedman '01 pathway 'many Articles 96%| 63%

0 Tasks differ greatly, e.g., finding pathway
information (Friedman '01) is more general than
finding just binding relations (Rindfleisch '99)

0We cannot compare these different approaches
unless we define a common “challenge evaluation”

Tutorial Outline

¢ What is Text Mining?

* Naive Approach to Text Mining

¢ Linguistic Approach to Text Mining
¢ Empirical Approach to Text Mining
* Resources for Empirical NLP

¢ Summary and Outlook

38



Summary

* Biomedical text mining is a very active field

* Danger of too many people using too weak
methods (RegEx)

¢ Empirical NLP provides off-the-shelf infra-
structure for core NLP processes
(morphological, syntactic, & semantic)

¢ Bio named entities are extremely hard to
identify and to interpret

¢ Lacking biomed resources for semantics

* Dramatic ontology gap (for bio, in particular)

* Almost no support for genuine TM tasks such
as redundancy minimization, flagging for
newsworthiness, abstraction layers, etc.

Text Mining is just a Part of it ...

Experimental
Data

Databases —

Data integration

Literature i via metaschemas

Collections

On‘l'ologiei i

MITRE ™ Copyright 2005, MITRE Corporation

Yet Another Conclusion

"About o quarter of late stage faillurey
we surveyed could have beenw eliminated
two-years earlier by ing all internal
informatiow in the form of docuwmenty
movre widely available.”

Top 5 Pharmaceutical Senior VP

MBC Informatics Committee, July 31, 2003
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a mining in biomed

Text Mining

Tutorial at the 2005 NoE “Semantic Mining” Summer School
Tihany, Hungary, July 2, 2005

Udo Hahn & Michael Poprat

FRIEDRICH-SCHILLER-UNIVERSITAT

JENA an
B — nformation 3
www.coling.uni-jena.de IR %

Recommended Readings

¢ Textbooks on Natural Language Processing
— D. Jurafsky & J.A. Martin (2000), Speech and Language Processmg An
Intr jon to Natural L Lir
and Speech Recognition. Prentice Hall
- C.D. Manning & H. Schiitze (1999), Foundations of Statistical Natural
Language Processing. MIT Press.

¢ Text Mining (for Biology)
- P.Jackson & |. Moulinier (2002), Natural Language Processing for Online
Applications. Text Retrieval, jon and Ci ification. John jamil
- B.J. Stapley & S. Ananiadou (forthcoming), Text Mining for Biology. Artech
House Books.
— H. Shatkay & R. Feldman (2003). Mining the biomedical literature in the
genomic era: An overview. Journal of Computational Biology, 10(6):821-855.
- L. leschman J.C. Park, J.-i. Tsujii, L. Wong & C. Wu (2002),
in literature data mining for biology.

Bioinformatics, 18(12):1653-1561.

Advanced Readings

* Tagging

- E. Brill (1995), Transformation-based error-driven learning and natural
language processing: A case study in part-of-speech tagging. Computational
Linguistics, 21(4):543-565.

- T.Brants (2000), TnT - a statistical part-of-speech tagger. In Proceedings of
the Sixth Conference on Applied Natural Language Processing, pp.224-231.

- A parkhi (1996), A i entropy part-of-speech tagger. In
Proceedings of the First Conference on Empirical Method’s in Natural
Language Processing, pp.133-141.

¢ Chunking

- S. Abney (1991), Parsing by chunks. In R. Berwick, S. Abney & T. Carol (Eds.),
Principle-Based Parsing. Kluwer, pp.257-278.

- R.Ramshaw & M.P. Marcus (1995), Text chunking using transformation-
based learning. In Proceedings of the Third ACL Workshop on Very Large
Corpora, pp.82-94.

- A.Molina & F. Pla (2002), Shallow parsing using specialized HMMs. Journal of |
Machine Learning Research, 2(4):595-613.

- T.Kudo & Y. Matsumoto (2001). Chunklng with Support Vector Machines. In
NAACL01-L h 2001. ings of the Second
Meeting of the North Amer/can Chapter of the ACL, pp.192-199.
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Advanced Readings

Named Entity Recognition

- D. Bikel, R. Schwartz & R. Weischedel (1999), An algorithm that learns what’s
in a name. Machine Learning, 34(1/3):211-231.

- H. Chieu & H.T. Ng (2002), Named entity recognition: A maximum entropy
approach using global information. In Pr ings of the 19t e
C on C e Lir istics - COLING 2002, pp.190-196.

- K. Takeuchi & N. Collier (2002), Use of Support Vector Machines in extended
named entity recognition. In Proceediings of the Sixth Conference on Natural
Language Learning - CoNLL 2002, pp.119-125.

Textbooks on Machine Learning
— T. Mitchell (1997), Machine Learning. McGraw Hill.
- N. Christianini & J. Shawe-Taylor (2001), An Introduction to Support Vector
Machines and Other Kernel-Based Learning Methods. Cambridge University
Press.

Advanced Readings

(Bio) NLP Resources

- M.P. Marcus, B. Santorini & M.A. Marcinkiewicz (1993), Building a large
annotated corpus of English: The PENN TREEBANK. Computational
Linguistics, 19(2):313-330.

- M. Palmer, D. Gildea & P. Kingsbury (2005), The PROPOSITION BANK: An

d corpus of roles. Cc e Linguistics, 31(1):71-105.

— T.Ohta, Y. Tateisi & J.-D. Kim (2002), The GENIA corpus: An annotated
research abstract corpus in molecular biology domain. In HLT 2002 -
Pr ings of the Second Z Human L 7
Conference, pp.82-86.

Biomedical Information Extraction Systems

- A.Rzhetsky et al. (2004), GENEWAYs: A system for extracting, analyzing,
visualizing, and integrating molecular pathway data. Journal of Biomedical
Informatics, 37(1):43-53.

- C. Friedman et al. (2001), GENIES: A natural-language processing system for
the extraction of molecular pathways from journal articles. Bioinformatics,
17(Supplement 1):S74-S82.

- R. Gaizauskas et al. (2003), Protein structures and information extraction
from biological texts: The PASTA system. Bioinformatics, 19(1):135-143.
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