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Abstract

This paper introduces a novel framework
for the accurate retrieval of relational con-
cepts from huge texts. Prior to retrieval,
all sentences are annotated with predicate
argument structures and ontological iden-
tifiers by applying a deep parser and aterm
recognizer. During the run time, user re-
quests are converted into queries of region
algebra on these annotations. Structural
matching with pre-computed semantic an-
notations establishes the accurate and effi-
cient retrieval of relational concepts. This
framework was applied to a text retrieval
system for MEDLINE. Experiments on
the retrieval of biomedical correlations re-
vealed that the cost is sufficiently small for
real-time applications and that the retrieval
precision is significantly improved.

1 Introduction

}@is.s.u-tokyo.ac.jp

of traditional information retrieval (IR) has diffi-
culty with the accurate retrieval of such relational
concepts because relational concepts are essen-
tially determined by semantic relations between
words, and keyword-based IR techniques are in-
sufficient to describe such relations precisely.

The present paper demonstrates a framework
for the accurate real-time retrieval of relational
concepts from huge texts. Prior to retrieval, we
prepare a semantically annotated textbase by ap-
plying NLP tools including deep parsers and term
recognizers. That is, all sentences are annotated
in advance with semantic structures and are stored
in a structured database. User requests are con-
verted on the fly into patterns of these semantic
annotations, and texts are retrieved by matching
these patterns with the pre-computed semantic an-
notations. The accurate retrieval of relational con-
cepts is attained because we can precisely describe
relational concepts using semantic annotations. In
addition, real-time retrieval is possible because se-
mantic annotations are computed in advance.

Rapid expansion of text information has motivated This framework has been implemented for a
the development of efficient methods of accesstext retrieval system for MEDLINE. We first ap-

ing information in huge texts. Furthermore, usemly a deep parser (Miyao and Tsujii, 2005) and
demand has shifted toward the retrieval of morea dictionary-based term recognizer (Tsuruoka and

precise and complex information, including-

Tsuijii, 2004) to MEDLINE and obtain annotations

lational concepts For example, biomedical re- of predicate argument structures and ontological

searchers deal with a massive quantity of publicaidentifiers of genes, gene products, diseases, and
tions; MEDLINE contains approximately 15 mil- events. We then provide a search engine for these
lion references to journal articles in life sciences,annotated sentences. User requests are converted
and its size is rapidly increasing, at a rate of moranto queries of region algebra (Clarke et al., 1995)
than 10% yearly (National Library of Medicine, extended with variables (Masuda et al., 2006) on
2005). Researchers would like to be able tahese annotations. A search engine for the ex-
search this huge textbase for biomedical correlatended region algebra efficiently finds sentences
tions such as protein-protein or gene-disease asshaving semantic annotations that match the input
ciations (Blaschke and Valencia, 2002; Hao et al.queries. In this paper, we evaluate this system with
2005; Chun et al., 2006). However, the frameworkrespect to the retrieval of biomedical correlations
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Symbol CRP S
Name C-reactive protein, pentraxin-related /\

Species Homo sapiens s
Synonym MGC88244, PTX1 N N
Product C-reactive protein precursor, C-reactive R T
protein, pentraxin-related protein el AARG‘Q /\ At | /\
External links  EntrezGene:1401, GDB:119071, ... ART M NB S VR R e NPy,

ARG\:’/\‘;ARGZ

normallddg ~NPy . NP3~ does/VBZ, g not/RBy, ~exclude/NBy, ¢ NPy,

MOD; M- AHG2
’.' ARG1

rrrrrrrr NNy -"NP, ¥ NPy Adyg v NP,

Table 1: An example GENA entry

MOD!

and examine the effects of using predicate argu-
ment structures and ontological identifiers.

CRPINN,, ~'mesurement/NN, , deeplddy; NPy ¥ NPy,

The need for the discovery of relational con- N, s N
cepts has been investigated intensively in Infor-
mation Extraction (IE). However, little research Figure 1: An output of HPSG parsing

has targeted on-demand retrieval from huge texts.
One difficulty is that IE techniques such as pat-
tern matching and machine learning require heav-
ier processing in order to be applied on the fly.
Another difficulty is that target information must
be formalized beforehand and each system is de- Figure 2: A predicate argument structure
signed for a specific task. For instance, an IE

system for protein-protein interactions is not usecyGp, and SGD. Table 1 shows an example of
ful for finding gene-disease associations. Aparh GENA entry. “Symbol” and “Name” denote
from IE research, enrichment of texts with vari- short forms and nomenclatures of genes, respec-
ous annotations has been proposed and is becoRzely, “Species” represents the organism species
ing a new research area for information managein which this gene is observed. “Synonym’ is a
ment (IBM, 2005; TEI, 2004). The present study|ist of synonyms and name variations. “Product”
basically examines this new direction in researchgives a list of products of this gene, such as pro-
The significant contribution of the present paperyeins coded by this gene. “External links” pro-

ARG] - - +® CRP
7z
exclude .:

ARG\Z\ ~ - +@ thrombosis

biomedical terms other than genes/gene products,
the Unified Medical Language System (UMLS)
meta-thesaurus (Lindberg et al., 1993) is a large
The proposed system for the retrieval of relationadatabase that contains various names of biomedi-
concepts is a product of recent developments igal and health-related concepts.

NLP resources and tools. In this section, ontology Ontology databases provide mappings be-
databases, deep parsers, and search algorithms faieen textual expressions and entities in the real

2 Background: Resources and Tools for
Semantic Annotations

structured data are introduced. world. For example, Table 1 indicates that CRP,
MGC88244, and PTX1 denote the same gene con-
2.1 Ontology databases ceptually. Hence, these resources enable us to

Ontology databases are collections of words andanonicalize variations of textual expressions of

phrases in specific domains. Such databases havatological entities.

been constructed extensively for the systematic ) )

management of domain knowledge by organizing?-2 Parsing technologies

textual expressions of ontological entities that ardRecently, state-of-the-art CFG parsers (Charniak

detached from actual sentences. and Johnson, 2005) can compute phrase structures
For example, GENA (Koike and Takagi, 2004) of natural sentences at fairly high accuracy. These

is a database of genes and gene products thparsers have been used in various NLP tasks in-

is semi-automatically collected from well-known cluding IE and text mining. In addition, parsers

databases, including HUGO, OMIM, Genatlas,that compute deeper analyses, such as predicate

Locuslink, GDB, MGI, FlyBase, WormBase, argument structures, have become available for
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the processing of real-world sentences (Miyaoand ~ [fad] ~ Region covered with<tag> "
. . A>B A containing B

Tsujii, 2005). Predicate argument structures are A>>B A containing B (A is not nested)
canonicalized representations of sentence mean- A<B  AcontainedbyB
ings, and express the semantic relations of words ﬁ_«BB ét‘;‘r’t?rt]‘;”\:ﬁg&’fngﬁ dr;%r\‘,afﬁeg)
explicitly. Figure 1 shows an output of an HPSG A&B AandB
parser (Miyao and Tsujii, 2005) for the sentence Al B AorB
“A normal serum CRP measurement does not ex-
clude deep vein thrombosisThe dotted lines ex- Table 2: Operators of the extended region algebra
press predicate argument relations. For exampl%emence] o
the ARG1 arrow Coming from &xcludé pOintS ((lword argl="$subject"] > exclude) &
to the noun phraseA normal serum CRP mea- ([phrase id="$subject’] > CRP))
suremerit, which indicates that the subject ofX-
clude is this noun phrase, while such relations are Figure 3: A query of the extended region algebra
not explicitly represented by phrase structures. sentence | }

Predicate argument structures are beneficial for P
our purpose because they can represent relational id="Ssubject” word .
concepts in an abstract manner. For example, the argl="Ssubject”
relational concept of CRP excludes thrombosis w CRP . excludes
can be represented as a predicate argument struc-
ture, as shown in Figure 2. This structure is univer- Figure 4: Matching with the query in Figure 3
sal in various syntactic expressions, such as pas-
sivization (e.g., thrombosis is excluded by CRP  search algorithms for region algebra, the cost of
and relativization (e.g.,thrombosis that CRP eX- retrieving the first answer is constant, and that of
cludes). Hence, we can abstract surface varia-an exhaustive search is bounded by the lowest fre-
tions of sentences and describe relational concep,ency of a word in a query (Clarke et al., 1995).

in a canonicalized form. Variables in the extended region algebra allow
_ us to express shared structures and are necessary
2.3 Structural search algorithms in order to describe predicate argument structures.

Search algorithms for structured texts have beefO €xample, Figure 3 shows a formula in the ex-
studied extensively, and examples include ymLtended region algebra that represents the prgdlcate
databases with XPath (Clark and DeRose, 199 rgument structure ofCRP excludes somethifig
and XQuery (Boag et al., 2005), and region alge- his formula indicates that a sentence contains a
bra (Clarke et al., 1995). The present study fof€9ion in which the word éxcludé exists, the
cuses on region algebra extended with variablel'St argument ( argl’) phrase of which includes
(Masuda et al., 2006) because it provides an eft® word ‘CRP” A predicate argument relation is
ficient search algorithm for tags with cross bound-£xPressed by the variable, “$subject.” Figure 4
aries. When we annotate texts with various Ievel§h°WS a situation in which this formula is satisfied.
of syntactic/semantic structures, cross boundaries"re€ horizontal bars describe regions covered by
are inherently nonnegligible. In fact, as described*Senténce> , <phrase> , and <word> tags,

in Section 3, our system exploits annotations ofespectively. The dotted line denotes the relation

predicate argument structures and ontological erfXPressed by this variable. Given this formula as a
tities, which include substantial cross boundaries dU€TY; & search engine can retrieve sentences hav-

Region algebra is defined as a set of operator'sf'g semantic annotations that satisfy this formula.

on regions i.e., word sequences. Table 2 showsg A Text Retrieval System for MEDLINE
operators of the extended region algebra, where

A and B denote regions, and results of operation§Vhile the above resources and tools have been de-
are also regions. For example, 8B” denotes a veloped independently, their collaboration opens
region that includes both A and B. Four contain-up a new framework for the retrieval of relational
ment operatorsy, >>, <, and<<, represent an- concepts, as described below (Figure 5).
cestor/descendant relations in XML. For exampleOff-line processing: Prior to retrieval, a deep

“A > B” indicates that A is an ancestor of B. In parser is applied to compute predicate argument
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Off-line processing Online processin # entries (genes) 517,773

N ; ) # entries (gene products) 171,711

i I ———— . .

: N Semantically- | | ey # entries (diseases) 148,602
Input Annotated = ooyt T # expanded entries 4,467,855
Textbase N Term ; Textbase : < ; Search

: : ‘ Results

R Table 3: Sizes of ontologies used for term recog-
nition

Figure 5: Framework of semantic retrieval

Eventtype Expressions

influence  effect, affect, role, response, ...
regulation mediate, regulate, regulation, ...
activation induce, activate, activation, ...

structures, and a term recognizer is applied to cre-
ate mappings from textual expressions into identi-
fiers in ontology databases. Semantic annotations Table 4:
are stored and indexed in a structured database for

the extended region algebra.

On-line processing: User input is converted into ~ Next, we annotated technical terms, such as
queries of the extended region algebra. A searcgenes and diseases, to create mappings to onto-
engine retrieves sentences having semantic anntpgical identifiers. A dictionary-based term recog-
tations that match the queries. nition algorithm (Tsuruoka and Tsujii, 2004) was

This framework is applied to a text retrieval en-applied for this task. First, an expanded term
gine for MEDLINE. MEDLINE is an exhaustive list was created by generating name variations of
database covering nearly 4,500 journals in the liféerms in GENA and the UMLS meta-thesaurus
sciences and includes the bibliographies of arti-Table 3 shows the size of the original database and
cles, about half of which have abstracts. Researcthe number of entries expanded by name varia-
on IE and text mining in biomedical science hastions. Terms in MEDLINE were then identified
focused mainly on MEDLINE. In the present pa- Py the longest matching of entries in this expanded
per, we target all articles indexed in MEDLINE at list with words/phrases in MEDLINE.
the end of 2004 (14,785,094 articles). The follow- The necessity of ontologies is not limited to
ing sections explain in detail off-/on-line process-nominal expressions. Various verbs are used for
ing for the text retrieval system for MEDLINE. ~ expressing events. For example, activation events

of proteins can be expressed by “activate,” “en-
3.1 Off-line processing: HPSG parsing and hance,” and other event expressions. Although the
term recognition numbers of verbs and their event types are much

We first dall N . HPSG smaller than those of technical terms, verbal ex-
elirstparseda’l sentences using an Ak pa,rSBFessions are important for the description of rela-
(Miyao and Tsujii, 2005) to obtain their predi-

¢ t struct B i ¢ tional concepts. Since ontologies of event expres-
cate argument SUCIUTES. because our arget 18, in this domain have not yet been constructed,
biomedical texts, we re-trained a parser (Hara et

: . developed tology f tch. We i -
al., 2005) with the GENIA treebank (Tateisi et we aeveloped an on‘ology from scrare e INves

. . ) tigated 500 abstract tracted f MEDLINE,
al., 2005), and also applied a bidirectional part-of- 'gate abstacts extracted from

) nd classified 167 frequent expressions, includin
speech tagger (Tsuruoka and Tsujii, 2005) tralneé1 med. =que xp ! inciuding
) verbs and their nominalized forms, into 18 event
with the GENIA treebank as a preprocessor.

] ) ] o types. Table 4 shows a part of this ontology. These
Because parsing speed is still unrealistic fo

’ i ) rexpressions in MEDLINE were automatically an-
parsing the entire MEDLINE on a single ma- notated with event types
chine, we used two geographically separated com- As aresult, we obtained semantically annotated

puter clusters having 170 nodes (340 Xeon CPUSNEDLINE. Table 5 shows the size of the orig-
These clusters are separately administered and NOL| MEDLINE and semantic annotations Fig-

dedicated for use in the present study. In order t%re 6 shows semantic annotations for the sentence

effectively use such an environment, GXP (Taurain Figure 1, where “” indicates nodes of XML,

2004) was used to connect these clusters and dis-
tribute the load among them. Our processes were *We collected disease names by specifying a query with
given the lowest priority so that our task would notthe semantic type as “Disease or Syndrome.

2 . . . .
. . . . Although this example is shown in XML, this textbase
disturb other users. We finished parsing the entlr(c::'ontainstags with cross boundaries because tags for predicate

MEDLINE in nine days (Ninomiya et al., 2006). argument structures and technical terms may overlap.

Event expression ontology
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# papers 14,785,094 Tag Attributes

# abstracts 7,291,857 phrase id, cat, head, lehead

# sentences 70,935,630 word id, cat, pos, base, mod, afgrel_type

# words 1,462,626,934 sentence sentende

# successfully parsed sentences 69,243,788 entity.name id, type, gen&l/diseased, genesymbol,

# predicate argument relations 1,510,233,701 genename, species, déite

# phrase tags 3,094,105,383  “Rribute Description

# terms (genes) 84,998,621 id unique identifier

# terms (gene products) 27,471,488 4 syntactic category

# terms (diseases) 19,150,984  head head daughter’s ID

# terms (event expressions) 51,810,047  |ox head lexical head’s ID

Size of the original MEDLINE 9.3 GByte pos part-of-speech

Size of the semantic annotations 292 GByte  pase base form of the word

Size of the index file for region algebra 954 GByte  mod ID of modifying phrase

argX ID of the X -th argument of the word
Table 5: Sizes of the original and semantically an- "€-ype event type
sentencad sentence’s ID
notated MEDLINE textbases type whether gene, gerod, or disease
- <sentence sentence_id="e6e525"> g_eneid . 1D ?ﬂ GENA
- <phrase id="0" cat="S" head="15" lex_head="18"> diseasdad ID in the UMLS meta-thesaurus
- <phrase id="1" cat="NP" head="4" lex_head="14"> genesymbol short form of the gene
- <phrase id="2" cat="DT" head="3" lex_head="3">
- <word id="3" pos="DT" cat="DT" base="a" argl="4"> gene.name nome.nCIature of the .gene
SAL . o species species that have this gene
- <phrase id="4" cat="NP" head=7" lex head="14"> db_site links to external databases

- <phrase id="5" cat="AJ" head="6" lex_head="6">
- <word id="6" pos="JJ" cat="AJ" base="normal" argl="7">
- normal

ot e cat='NP" head="10" lex head="14" ) ,
D g i s P road="0" lox head=ror Table 6: Tags (upper) and attributes (lower) for
- <word id="9" pos="NN" cat="NP" base="serum" mod="10"> Semal’ltic annotations

- serum
- <phrase id="10" cat="NP" head="13" lex_head="14">
- <phrase id="11" cat="NP" head="12" lex_head="12">
- <entity_name id="entity-1" type="gene"

gene_id="GHS003134" gene_symbol="CRP" 3.2 On-line processing
gene__namHe:"C-reac_tive protein, pentraxin-related”
species="Homo sapiens" H H H H
d‘;_sitez"EmrezGenpe:1401|GDB:119071|GenAtIas:CRP"> The Oﬁ_“ne prOCGSSlng descrlbed above rESUItS in
- Sword Hd="2" pos=INNT cat=INP! base="em” mod="13"> much simpler on-line processing. User input is
e i NN oo b o> converted into queries of the extended region al-
) " . .

- <phrase 015" GAS'VP" head="16" lex_head="18"> gebra, and _the converted queries are entered into a
e o e haador e hosd 15 search engine for the extended region algebra. The
- <wrd 418" pos=VBZ" cat=VP" base=to’ implementation of a search engine is described in

- ;pgl?;sse id="19" cat="AV" head="20" lex_head="20"> detall in MaSUda et al' (2006)
" SWord [d="20" pos='RE" Cal="AV" base=ot" arg1="21"> Basically, given subject, objecty, and verbw,
- <phrase id="21" cat="VP" head="22" lex_head="23"> the system creates the following query:

- <phrase id="22" cat="VP" head="23" lex_head="23">
- <word id="23" pos="VB" cat="VP" base="exclude"

argl="1" arg2="24"> [sentence] >>

- exclude ([word argl="$subject" arg2="$object"
base=" v"] &
([phrase id="$subject"] > z) &

Figure 6: A semantically annotated sentence (Iphrase id="$object"] > )

Ontological identifiers are substituted for y,

although the latter half of the sentence is omitted®d?: if possible. Nominal keywords, i.ez, and
because of space limitations. Sentences are a#: 3'€ replaced bjentity_name gene_id=" n']
notated with four tagd,“phrase,” “word,” “sen- OF [entity_name disease_id=" n'] , wheren is
tence,” and “entityname,” and their attributes as the ontological |d<_ent|f|er0zf: ory. For verbal key-
given in Table 6. Predicate argument structures ard0rds base="v" is replaced byrel_type=" 7",
annotated as attributes, “mod” and “afg which  Wherer is the event type oé.

point to the IDs of the argument phrases. For ex-4 Evaluation
ample, in Figure 6, theword> tag for “excludé

has the attributeargl="1" andarg2="24" ,  Qur system is evaluated with respect to speed and
which denote the IDs of the subject and objectaccuracy. Speed is indispensable for real-time in-
phrases, respectively. teractive text retrieval systems, and accuracy is key
EET VT for the motivation of semantic retrieval. That is,

®Additional tags exist for representing document struc- s ) ! -
tures such as “title” (details omitted). our motivation for employing semantic retrieval
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Query No.  User input
1 somethingnhibit ERK2
somethingrigger diabetes
adiponectin increassomething
TNF activate IL6
dystrophin causdisease
macrophage inducgomething
somethinguppress MAP phosphorylation
somethingenhance p53 (negative)

O~NOOA~AWN

Table 7: Queries for experiments

[sentence] >>
([word rel_type="activation"] &
[entity_name type="gene" gene_id="GHS019685"] &
[entity_name type="gene" gene_id="GHS009426"])

[sentence] >>
([word argl="$subject" arg2="$object"
rel_type="activation"] &
([phrase id="$subject"] >
[entity_name type="gene" gene_id="GHS019685"]) &
([phrase cat="np" id="$object"] >

selected by a biologist, and express typical re-
lational concepts that a biologist may wish to
find. Queries 1, 3, and 4 represent relations of
genes/proteins, where ERK2, adiponectin, TNF,
and IL6 are genes/proteins. Queries 2 and 5 de-
scribe relations concerning diseases, and Query 6
is a query that is not relevant to genes or diseases.
Query 7 expresses a complex relation concern-
ing a specific phenomena, i.e., phosphorylation,
of MAP. Query 8 describes a relation concerning
a gene, i.e., p53, while “(negative)” indicates that
the target of retrieval is negative mentions. This is
expressed by “not” modifying a predicate.

For example, Query 4 attempts to retrieve sen-
tences that mention the protein-protein interaction
“TNF activatedL6.” This is converted into queries

[entity_name type="gene" gene_id="GHS009426'))) of the extended region algebra given in Figure 7.

The upper query is for keyword search and only
Figure 7: Queries of the extended region algebrgpecifies the appearances of the three words. Note
for Query 4-3 (upper: keyword search, lower: sethat the keywords are translated into the ontolog-
mantic search) ical identifiers, “activation,” “GHS019685,” and

“GHS009426." The lower query is for semantic
search. The variables in “argl” and “arg2” indi-

was to provide a device for the accurate identifica o 1 a1 «GHS019685” and “GHS009426” are the
tion of relational concepts. In particular, high pre-

L ) . . subject and object, respectively, of “activation”.
cision is desired in text retrieval from huge texts

b t to extract rel tinf i Table 8 summarizes the results of the experi-
ecause users want to extract relevant information, o .o o Postfnes of duery numbers denate
rather than collect exhaustive information.

whether ontological identifiers are used-1 used
We have two parameters to vary: whether 10,4 gntologies, and(-2 used only the term ontol-

use predicat.e argument structures and Wheth_er 8yy. X -3 used both the term and event expression
use ontological identifiers. The effect of using ontologie4. Comparison of{-1 andX -2 clarifies

predicate argument structures is evaluated by COMpe effect of using the term ontology. Comparison
paring “keyword search” with “semantic search.” of X-2 andX-3 shows the effect of the event ex-

The former is a traditional style of IR, in which pression ontology. The results fdé-3 indicate

sentences are retrieved by matching words in ghe maximum performance of the current system.
query with words in sentences. The latter is arpjs taple shows that the time required for the se-
new feature of the present system, in which senmantic search for the first answer, shown as “time
tences are retrieved by matching predicate argygirst)” in seconds, was reasonably short. Thus,
ment relations in a query with those in a semantiyhe present framework is acceptable for real-time
cally annotated textbase. The effect of using ontOgey retrieval. The numbers of answers increased
logical identifiers is assessed by changing querieghen we used the ontologies, and this result indi-
of the extended region algebra. When we use thgies the efficacy of both ontologies for obtaining
term ontology, nominal keywords in queries arérg|ational concepts written in various expressions.
replaced with ontological identifiers in GENA and Accuracy was measured by judgment by a bi-
the UMLS meta-thesaurus. When we use the everfjogist. At most 100 sentences were retrieved for
expression ontology, verbal keywords in queriessach query, and the results of keyword search and
are replaced with event types. semantic search were merged and shuffled. A bi-

Table 7 is a list of queries used in the follow- ologist judged the shuffled sentences (1,839 sen-
ing experiments. Words in italics indicate a classences in total) without knowing whether the sen-
of words: “something indicates that any word ————— . ,

Query 5-1 is not tested becauseéisease requires

can appeat, ?’mdlseasemd'cates that any_dls- the term ontology, and Query 6-2 is not tested because
ease expression can appear. These queries weneacrophage” is not assigned an ontological identifier.
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Query]| Keyword search Semantic search
No. | #ans. time (first/all) precision n-precision | #ans. time (first/all) precision relative recall
1-1 252 0.00/ 1.5 74/100(74%) 74/100 (74%) 143 0.01/ 2.5 96/100 (96%) 51/74 (69%)
1-2 348 0.00/ 1.9 61/100(61%) 61/100(61%) 174 0.01/ 3.1 89/100 (89%) 42/61 (69%)
1-3 884 0.00/ 3.2 50/100(50%) 50/100 (50%) 292 0.01/ 5.3 91/100(91%) 21/50 (42%)
2-1 125 0.00/ 1.8 45/100(45%) 9/ 27(33%) 27 0.02/ 2.9 23/ 27(85%) 17/45 (38%)
2-2 113 0.00/ 2.9 40/100(40%) 10/ 26(38%) 26 0.06/ 4.0 22/ 26(85%) 19/40 (48%)
2-3 | 6529 0.00/ 12.1 42/100 (42%) 42/100 (42%) 662 0.01/1527.4 76/100 (76%)  8/42 (19%)
3-1 287 0.00/ 1.5 20/100(20%) 4/ 30(13%) 30 0.05/ 2.4 23/ 30(80%) 6/20 (30%)
3-2 309 0.0/ 2.1 21/100(21%) 4/ 32(13%) 32 0.10/ 3.5 26/ 32(81%) 6/21 (29%)
3-3 338 0.01/ 2.2 24/100(24%) 8/ 39(21%) 39 0.05/ 3.6 32/ 39(82%) 8/24 (33%)
4-1 4 026/ 15 0O 4 (0%) O 0 (— 0 244 24 0 0 (— 000 (—
4-2 195 0.0/ 25 9/100 (9%) 1/ 6(17%) 6 009/ 41 5 6(83%) 2/ 9 (22%)
4-3 | 2063 0.00/ 7.5 5/100 (5%) 5/ 94 (5%) 94 0.02/ 10.5 89/ 94(95%) 2/ 5 (40%)
5-2 287 0.08/ 6.3 73/100(73%) 73/100 (73%) 116 0.05/ 14.7 97/100(97%) 37/73 (51%)
5-3 602 0.01/ 15.9 50/100 (50%) 50/100 (50%) 122 0.05/ 14.2 96/100 (96%) 23/50 (46%)
6-1 | 10698 0.00/ 42.8 14/100 (14%) 14/100 (14%)1559 0.01/3014.5 65/100 (65%) 10/14 (71%)
6-3 | 42106 0.00/3379.5 11/100 (11%) 11/100 (11%)2776 0.01/5100.1 61/100 (61%) 5/11 (45%)
7 87 0.04/ 27 34/ 87(39%) 7/ 15(47%) 15 0.05/ 4.2 10/ 15(67%) 10/34 (29%)
8 1812 0.01/ 7.6 19/100(19%) 17/ 84(20%) 84 0.20/ 29.2 73/ 84(87%) 7/19 (37%)

Table 8: Number of retrieved sentences, retrieval time, and accuracy

tence was retrieved by keyword search or semantic ~ Disregarding of noun phrase structures 45
. . : . Term recognition errors 33
search. Without considering which words actually Parsing errors 11
matched the query, a sentence is judged to be cor- Other reasons 8
rect when any part of the sentence expresses all of :\rl‘cor_reclt human judgment 41

. . : ominal expressions

the relations described py 'the query. The modallty Phrasal verb expressions 26
of sentences was not distinguished, except in the Inference required 24

case of Query 8. These evaluation criteria may be Coreference resolution required 19
. . Parsing errors 16
disadvantageous for the semantic search because  Giper reasons 15
its ability to exactly recognize the participants of Incorrect human judgment 10

relational concepts is not evaluated. Table 8 shows

the precision attained by keyword/semantic searchiable 9: Error analysis (upper: 104 false positives,
and n-precision, which denotes the precision oflower: 151 false negatives)

the keyword search, in which the same number,

n, of outputs is taken as the semantic search. The _ _ _

table also gives theelative recallof the semantic Sémantic retrieval. The major reason for false pos-
search, which represents the ratio of sentences thi{/€s was that our queries ignore internal struc-
are correctly output by the semantic search amonf§/rés of noun phrases. The system therefore re-
those correctly output by the keyword search. Thidfieved noun phrases that do not directly mention
does not necessarily represent the true recall bd2rget entities. For examplethe increased mor-
cause sentences not output by keyword search afglity in patients with diabetes was caused by'. ..
excluded. However, this is sufficient for the com-4does not indicate the trigger of diabetes. Another

parison of keyword search and semantic search. '€aS0n was term recognition errors. For exam-

) _ple, the system falsely retrieved sentences con-
The results show that the semantic search eXh't}éining 40" which is sometimes, but not nec-

ited impressive improvements in precision. Theessarily used as a synonym foERK2" Ma-

precision was over 80% for most queries and wagine |earning-based term disambiguation will al-

nearly 100% for Queries 4 and 5. This indicate§g, 1o these errors. False negatives were caused
that predicate argument structures are effective f%ainly by nominal expressions such a&é in-

representing relational concepts precisely, eSP&ipition of ERKZ This is because the present

me:lly for fe'f‘“?"s n V‘I’Ih'Ch two entities alre IN- system does not convert user input into queries
volved. Relative recall was approximately 30—, nominal expressions. Another major reason,

50%, except for Query 2. In the following, wWe ,p, o4 verh expressions such &t ta” is also
will investigate the reasons for the residual errorsy shortage of our current strategy of query cre-

Table 9 shows the classifications of the errors ofition. Because semantic annotations already in-
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clude linguistic structures of these expressions, thel.-wW. Chun, Y. Tsuruoka, J.-D. Kim, R. Shiba, N. Na-

present system can be improved further by creat- 9ata, T. Hishiki, and J. Tsujii. 2006. Extraction
ing queries on such expressions of gene-disease relations from MedLine using do-

main dictionaries and machine learning. Pmoc.
PSB 2006pages 4-15.

. J. Clark and S. DeRose. 1999. XML Path Language
We demonstrated a text retrieval system for MED-  (xpath) version 1.0.
LINE that exploits pre-computed semantic anno-

tation®. Experimental results revealed that theC' L. A. Clarke, G. V. Cormack, and F. J. Burkowski.
auons. Expenmental results revea 1995. An algebra for structured text search and a

proposed system is sufficiently efficient for real- framework for its implementation.The Computer

time text retrieval and that the precision of re- Journal 38(1):43-56.

trieval was remarkably high. Analysis of resid- v Hao, X. Zhu, M. Huang, and M. Li. 2005. Dis-

ual errors showed that the handling of noun phrase covering patterns to extract protein-protein interac-

structures and the improvement of term recogni- tions from the literature: Part Il.Bioinformatics

tion will increase retrieval accuracy. Although 21(15):3294-3300.

the present paper focused on MEDLINE, the NLPT. Hara, Y. Miyao, and J. Tsujii. 2005. Adapting

tools used in this system are domain/task indepen- & probabilistic disambiguation model of an HPSG

dent. This framework will thus be applicable to Parser to anew domain. Proc. IJCNLP 2005

other domains such as patent documents. IBM, 2005. Unstructed Information Management Ar-
The present framework does not conflict with ~ chitecture (UIMA) SDK User's Guide and Refer-

conventional IR/IE techniques, and integration €"¢€

with these techniques is expected to improve thé\. Koike and T. Takagi. 2004. Gene/protein/family

accuracy and usability of the proposed system. For name recognition in biomedical literature. Broc.

example, query expansion and relevancy feedback Biolink 2004 pages 9-16.

can be integrated in a straightforward way in ordeD. A. Lindberg, B. L. Humphreys, and A. T. Mc-

to improve accuracy. Document ranking is useful Cray. 1993. The Unified Medical Language Sys-

I . tem. Methods in Inf. Med.32(4):281-291.

for the readability of retrieved results. IE systems

can be applied off-line, in the manner of the deeg<- Masuda, T. Ninomiya, Y. Miyao, T. Ohta, and

parser in our system, for annotating sentences with J: TSulii. 2006. Nested region algebra extended with

. . . . variables. In Preparation.
target information of IE. Such annotations will en-

able us to retrieve higher-level concepts, such a¥ Miyao and J. Tsujii. 2005. Probabilistic disam-

; ; ; biguation models for wide-coverage HPSG parsing.
relationships among relational concepts. In Proc. 43rd ACL pages 83-90.

Acknowledgment National Library of Medicine. 2005. Fact Sheet MED-

) ) ) ) LINE. Available at http://www.nlm.nih.
This work was partially supported by Grant-in-Aid  gov/pubs/factsheets/medline.html

for Scientific Research on Priority Areas “SystemsT Ninomiya, Y. Tsuruoka, Y. Miyao, K. Taura, and
Genomics” (MEXT, Japan), Genome Network ' j rgyii. 2006. Fast and scalable HPSG parsing.
Project (NIG, Japan), and Solution-Oriented Re- Traitement automatique des langues (TA8(2).
search for Science and Technology (JST, Japan).y rooici o vakushiji, T. Ohta, and J. Tsujii. 2005.

Syntax annotation for the GENIA corpus. Rroc.
IJCNLP 2005, Companion volumgages 222-227.

. K. Taura. 2004. GXP : An interactive shell for the grid
C. Blaschke and A. Valencia. 2002. The frame-based environment. IrProc. IWIA2004 pages 59—67.

module of the SUISEKI information extraction sys-
tem. IEEE Intelligent Systemd7(2):14-20. TEI Consortium, 2004Text Encoding Initiative

5 Conclusion

References

S. Boag, D. Chamberlin, M. F. Feandez, D. Florescu, Y. Tsuruoka and J. Tsujii. 2004. Improving the per-
J. Robie, and J. Sigon. 2005. XQuery 1.0: An formance of dictionary-based approaches in protein
XML query language. name recognitionJournal of Biomedical Informat-

_ i ics, 37(6):461-470.

E. Charniak and M. Johnson. 2005. Coarse-to-fine n-
best parsing and MaxEnt discriminative reranking.Y. Tsuruoka and J. Tsujii. 2005. Bidirectional infer-
In Proc. ACL 2005 ence with the easiest-first strategy for tagging se-

°A web-based demo of our system is available on-line at: Zg‘;ﬁ?fata' IProc. HLT/EMNLP 2005 pages

http://www-tsuijii.is.s.u-tokyo.ac.jp/medie/

1024



