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ABSTRACT

Lexical chaining is a technique for identifying samtically-
related terms in text. We proposeconcept chainingto link
semantically-relatecconceptswithin biomedical text together.
The resulting concept chains are then used toifgesgndidate
sentences useful for extraction. The extractecesers are used
to produce a summary of the biomedical text. Thacept
chaining process is adapted from existing lexichhiming
approaches, which focus on chaining semanticalbted terms,
rather than semantically-related concepts. TheiethiMedical

Language System (UMLS) Metathesaurus and Semantic

Network are used as semantic resources. The UML@&N&p
Transfer tool is used to perform text-to-concepippiag. The
goal is to proposeoncept chainingnd develop a novel concept
chaining system for the biomedical domain using WML
lexicon and the ideas of lexical chaining. The I&sy concept
chains from the full-text are evaluated againstabecepts of a
human summary (the paper’s abstract). Precisiome@sured at
0.90 and recall at 0.92. The resulting conceptrehare used to
summarize the text. We also evaluate generated auviesn
using existing summarization systems using senteratehing,
and confirm the generated summaries are useful doraain
expert. Our results show that the proposed cortegihing is a
promising methodology for biomedical text summatiza
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1. INTRODUCTION

Physicians and biomedical researchers need to mastever
increasing body of knowledge. While the Internes tmade
access to large databases of literature rapid aasly, e
summarization of the data remains difficult. Theme many
resources available to identify new knowledge orices
published. Once the articles are identified it aéma the job of
users to read through the abstract in order tormhite if the
information contained in the article is relevantdaof good
quality. Often, the abstract does not provide bh& desired
information making it essential to review the faiticle to make
this decision. This process is time consuming, iatie search
criteria are not specific enough, too many artiees identified
and the task becomes prohibitively time consumirtgs paper
describes an important step toward automating dbk of text
summarization for document understanding. Eventuaiteria
for information type and measures of quality carirnmtuded to
aid in the selection of the most relevant artictemtaining
information of the best quality.

BioChain is an effort to summarize individual oramy clinical
trial study publications into a few sentences tovjme an
indicative summary to medical practitioners or ezshers. The
summary is expected to allow the reader to gainiekegense of
what the clinical study has found. This work isrgetdone as a
joint effort between the Drexel University Collegef
Information Science and Technology and College eflidine.
The College of Medicine has provided a database of
approximately 1,200 oncology clinical trial docurteethat have
been manually selected, evaluated and summariagdc@rent
goal is to develop approaches for summarizing singl
documents, with the ultimate goal of summarizingltiple
documents into a single integrated summary in otdeeduce
the information overload burden on practicing phigsis.

The rest of the paper is organized as follows. i8e@ details
related work in the area of lexical chaining on ethiconcept
chaining is based. Section 3 describes the approfichaining

concepts to identify text themes. Section 4 prestre concept
chaining process. Section 5 shows the results afuation.

Section 6 summarizes the work.

2. RELATED WORK

Lexical chaining has been used for many years ot t
summarization. Lexical chaining is a method foredeiining



lexical cohesion among terms in text [8]. Lexicahesion is a
property of text that causes a discourse segmerithang
together” as a unit [9]. Lexical cohesion is impmott in
computational text understanding for two major oems 1)
providing term ambiguity resolution, and 2) prowgi
information for determining the meaning of text.[®]exical
chaining is useful for determining the “aboutneskéa discourse
segment, without fully understanding the discour&ebasic
assumption is the text must explicitly contain setitally
related terms identifying the main concept. Lexid#hins are an
intermediate representation of source text, and ree used
directly by an end-user. Instead, lexical chains applied
internally in some application; in our case, thplegation is text
summarization for document understanding. We
interchangeably use the term “document summarizatior
“text summarization for document understanding.” A
computational model for lexical chains was devetbpsg [18].

Lexical chains for text summarization were firstraduced by
[9]. Their initial work described the approach, bdid not
implement it because electronic versions of a tinesawere not
available at the time. A thesaurus is used to eelabrds
semantically; for example, through synonymy and
hypernym/hyponym relationships. A machine impleratah
by [8] showed that the theoretical work by Morrig&tl [9]
could be practically realized for document sumneion.
While Barzilay/Elhadad proved the feasibility of ngputing
lexical chains, their algorithm runs in exponentiale. A linear
time algorithm was later defined and implemented[by A
more recent implementation focuses on improvingdasense
disambiguation based on the idea of one sense ipeoulse
[10]. All of these implementations use WordNet [@$ the
knowledge source for identifying semantic relatiips
between terms.

The UMLS MetaMap Transfer application has been used
applications such as hierarchical indexing quelyaasion, user
query categorization and data mining for clinicahding,

molecular binding expressions, drug and diseasgioakhips,
and drugs and gene relationships [11]. To our kadge,

MetaMap Transfer output has not been used to igeteixt

themes using concept chaining.

3. CONCEPT CHAINING

We propose to apply the concepts and methods d€alex
chaining to biomedical text using concepts rathemtterms.
Lexical chaining approaches use linkages among wstdnces
to identify semantically-related terms. The resigtinkages are
used to identify the themes of text. Terms aredaify linked
together based on word senses [1]. WordNet [2]fienothe

lexical resource for identifying term relatednesssing
relationship types such as synonymy, hypernymy, and
hyponymy.

The BioChain approach uses concept chaining rathan
lexical chaining. Concept chaining operates at ldneel of
concepts rather than terms. The Unified Medical duemge
System (UMLS) [3] provides tools for mapping biorvead text
into concepts and semantic types. This semantipimgmllows
chaining together related concepts based on eaobepts
semantic type. The UMLS semantic network typesused as
the head of chains, and the chains are composembrafept

instances generated from noun phrases in the bioaiext.
There are three primary UMLS resources used inctianing
process: Metathesaurus, Semantic Network, and MsmtaM
Transfer [7]. The Metathesaurus incorporates mleltgource
vocabularies from the various providers of healtaca
terminology, such as SNOMED [4], so vocabulary cage is
very wide. The Metathesaurus contains concepts,eaaamd
relationships and links alternative names and viefnhie same
concept together [5]. In addition, the UMLS Metatherus
identifies relationships between different concgptssing
relationship types such as concept co-occurrengeonymy,
and structure (such as parent, child, and siblifige Semantic
Network provides a categorization of almost all @gpts in the
UMLS Metathesaurus, as well as relationships batveeacepts
in the Metathesaurus. The UMLS Semantic Networkenity
consists of 135 semantic types and 54 semantitiaeship
types [6]. The MetaMap Transfer application [7] iepents
text-to-concept mapping using concepts in the UMLS
Metathesaurus and semantic types in the Semantiedxle

4., CONCEPT CHAINING PROCESS

Figure 1 shows the flow of concept chain processing
Biomedical text is first fed into the UMLS MetaMdapansfer
application to identify biomedical concepts andirtle=mantic
types. The generated concepts are then mappedch@ms
based on their semantic type(s). It is possibleofa concept to
appear in multiple semantic types. This generatiguos when
MetaMap Transfer cannot disambiguate noun phrasethe
text. Chains which contain the core concepts of, texown as
strong chains, are then identified. Finally, thesmérequent
concepts within strong chains are identified aneblu® find and
extract sentences. Each stage in the process agedebelow.
Due to space limitations, examples for each stagBiaChain
are not shown.

4.1 Text-To-Concept Mapping

The UMLS MetaMap Transfer application is resporesifbr
finding UMLS Metathesaurus concepts in biomedieat {7]. It
processes text through a series of stages [11].t&%kteis first
split into sections, sentences are identified, avatds are
tokenized. Lexical resources or patterns are usedéentify
entities such as dates and locations. The panpedéch tagger
tags each word with its part-of-speech. The patseaks
sentences into phrases. The variant generation ideifies
variants of a phrase, such as acronyms, synonymd, a
derivational and spelling variations. The candidag¢rieval
stage retrieves all UMLS Metathesaurus concepttaaung the
variants. The retrieved candidate concepts are #wvatuated,
scored, and a final mapping determined by the sigkeoring
concept.

4.2 Concept Chaining

Identified concepts are chained based on their seentype(s)
using an array [10]. Aconcept chainis created for each
semantic type defined in the UMLS Semantic Netwdtkch
entry in the array contains a list of concepts bgiog to the
semantic type. Each concept entry in a semantim atentains
the concept, sentence number, section number (lpugh



paragraph), and source noun phrase. If a concdphde to
multiple semantic types (i.e., multiple concept iobg
BioChain allows the concept to appear in multipenaept
chains. Concept disambiguation is not explicitlypiemented.
One semantic type (i.e., concept chain) is usugthlgnger than
the other, where strength is observed as the nuofb@ncepts
in a chain. Concepts in weaker chains appear telibgnated
from consideration by their low score (see sectibB for
scoring). For future work, we plan to implement
disambiguation stage and compare the generatedschai
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Figure 1: Concept Chaining Process

4.3 Identify Strong Chains

There has been no definitive measure for scorimgnshand the
literature suggests changes in scoring methodoldgynot

adversely impact chaining results [12]. The origifexical

chain paper by [9] defines three types of strongirclfieatures:
1) reiteration, 2) density, and 3) length. Reiterais repetition
of concepts throughout text. Density is physicadxumity of

concepts: concepts closer together are more lilkehe related.
Length is the number of concept instances withzhain. Our
scoring method, shown in Figure 2, includes a comtimn of

features as proposed by [12] and Barzilay/Elhadgid Qur

domain expert identified the semantic types impurtethin the

oncology clinical trial domain. A chain is scoresl zero if not
in the list shown in Figure 4.

Once all chains are scored, strong chains, whiemtify the
semantic types occurring most often, are computexkical
chaining research generally uses two standard ti@vsaabove
the mean of all chain scores [8], as shown in Edgur

Score(Chain) = Frequency of most frequent concept *
Number of distinct concet

Figure 2: Chain scoring

Strong(Chain) = Score(Chain) > (Average(Scores) +

2 * StandardDeviation(Scores))

Figure 3: Strong chain identification

4.4 Identify Frequent Concepts and Summarize

Summarization identifies sentences most likely aapthe main
ideas of text. BioChain uses the sentence extractiethod to
generate a summary [13]. The topsentences in text are
extracted, using as an upper bound on the number of sentences
to select. Top sentences are identified by sorstngng chains
into ascending order based on their score, and ithentifying
the most frequent concepts within each chain. Téamtences
that include the most frequent concepts are exdaahd consist
of a summary. Multiple concepts having the sameueacy
count are considered equal, and sentences fromceacept are
extracted.

UMLE Semartic Type UMLE Semartic Type Hame
T37 Injuty or Poisoning

T51 Evert

T52 A ctivity

Tél Therapeutic or Preventative Procedure
Ta2 Research A ctivity

Ta7? Phenomena or Process

TEl1 Cuantiattee Concept

T169 Functional Concept

T170 Intellechaal Prodact

T191 Neoplastic Process

Figure 4: Important Semantic Types for oncologwickl trials

5. EVALUATION

Evaluating lexical chains is difficult becausesitinclear how to
evaluate their quality independent of the applaratin which
they are used [10]. The basic subjective quessomaw does
one know the quality of a chain? Two types of gitative
evaluation were performed. The first compares thaegated
summary against three existing summarization systehine
second compares a human summary (abstract) aghagull
text and defines measures of precision and redecadddition to

a quantitative evaluation, we used a domain expagview the
quality of the generated summaries, and receivesitipe
feedback. We also considered using ROUGE [14]. RBUG
measures a summary against several human-generated
summaries, which were not available for our clihical texts.

Summaries generated from concept chains were ceauapar
against three existing systems. Two systems arenesaially
available: Microsoft Word summarization feature ][1&nd
Copernic Summarizer [16], and one is a researchiemsys
SweSum [17]. The Copernic Summarizer uses a kegphra
extraction approach [18], while SweSum uses a fegouency
approach in combination with a lexical resource].[1Vhe
Microsoft Word summarization method is not knowrheT
number of matching sentences is compared. The @ssipn
rate is 25% of the original source text. Comprassiate



indicates the percentage of sentences from thesaext which
should be extracted in order to build a summary.example, if
the source text is 100 sentences and the compnesate is
25%, then a maximum of 25 sentences will be exadchdb

produce a summary. The compression rate is useratids, and
allows for controlling the length of a summary. Teabl

compares the abstract and full-text of two clinic&ll research
papers. The Document Id column shows an internaticent
tracking number, the Filtering column is whether rait the
chains use the restricted semantic types in Figutae Cancer
Type column shows the type of cancer discussetdansburce
text, and Concept Chain Sentence Count column ajisphow
many sentences were generated by BioChain. Fiitend non-
filtering were both reviewed since the other systqrarform no
domain-specific filtering. Intuitively, we expectethat the
unfiltered summary would match more closely witle thther
systems. In one paper filtering helped in findingnikar

sentences with other systems, while in another mpélipering

reduced similarity. In general, the Microsoft Wandd SweSum
have the most number of sentences in common witiCBiin

for full-text, while Copernic Summarizer is moremdar to

BioChain for abstracts. For accurate comparisons, ave
planning a study utilizing medical staff for maneamparison
among systems in Table 1.

To measure chaining performance, a human summaye(p
abstract) is compared against the full-text. Thénmancepts of
the full text should be reflected in the main cqeseof the
abstract. The two metrics proposed by [1] were used

Recall Percentage of strong chains from the full-text thave
at least one concept in the summary.

Precision Percentage of concept instances in the abstratt t
have at least one instance in the strong chaitieifull-text.

Table 2 shows the precision and recall for 24 dents from
the oncology clinical trials collection, and is bdon the format
presented by [1]. Column 1 is an internal docunteatking

number, and column 2 is the type of cancer thah g@per is
about. Columns 3-6 are derived from the output @fCBain

analysis. Column 3 lists the number of strong chdound in

the full-text. Column 4 is the total number of wmgconcepts
found within the abstract. Column 5 is the numbgrstoong

chains having at least one concept in common wighabstract,
defined as recall. Column 6 is the number of cotxép the
abstract having membership in at least one strbagn¢defined
as precision. Average recall is 0.92 and the awepagcision is
0.90. We conclude that the abstract, treated asumah
generated summary, accurately represents the csnoephe
full-text. Although direct comparisons are not pbkswith the

work of Silber/McCoy [1] because they are in afatiént

domain with different lexical resources, our evéiliais based
on their approach. Silber/McCoy report average Ireifa0.83

and an average precision of 0.85. The average auaitstrong
chains is 3, which is approximately 2%-3% of th& $8mantic
types in UMLS. The average number of unique UMLS8oapts
in an abstract is eight, indicating coverage of fileered

concepts shown in Figure 4 is approximately 80%agrage.

We also composed a diversity test where the altstfaone
paper is compared against the full-text of anottegwer based
on the same cancer type. Our initial concern wad the

concept filtering was so narrow that all abstrauotd papers on
the same topic would show high precision and reddie test
shows recall is 0.33 and precision is 0.00, indicathe diverse
abstract and full-text are not good matches, arat the

evaluation method is a good indicator of matchingpuenan

generated summary (i.e., abstract) to the full-text

6. CONCLUSION

Using UMLS resources, a concept chaining methodolvgs

proposed and developed. Concept chaining appligiale
chaining methods to link semantically-related cqtsewithin

biomedical text into chains. The strongest chanmesidentified
and used to extract sentences in order to fornmargry of the
text. The resulting concept chains from the fuktteare

evaluated against the concepts of a human summary the
paper’'s abstract). Precision is measured at 0.@Drecall at
0.92. Our results show that the proposed concegiticty is an
excellent methodology for biomedical text summaitra

Although this method can be generally applied,dbmain was
focused on oncology clinical trial texts. Domairesjfic

filtering on the chain was performed. Our futurard are to 1)
implement concept disambiguation and 2) improvetesae
extraction. In addition, our ultimate goal is tomsuarize the
results of multiple clinical trial texts.
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Table 1: Comparison of generated sentence outpbtottier summarization systems.

# (%) Sentences Matched with Concept Chaining
Concept Chain Ilicrosoft SweSum Copetmic
Docuraent Id Filtered? Cancer Type Sentence Count Word 2002 Surnrnarizer
(Frecuency) s I {Keyphrase)
1001-Abstract Yes Colorectal 3 2 (BAY.) 2 (BAY.) 1(33%:)
1197-Ahstract Yes Sarcoraa 3 2 (BEY) 2 (BAY:) 3(100%)
1001-Full-Text Yes Colorectal k) T{19%) 4(11%) 6 (16%:)
1197-Full- Text Yes Sarcoraa 41 25 (53%) 23 (49%5) 19 (40%:)
1001 - Ehatract Ma Colorectal 3 1{33%) 1{33%) 2 (aat)
1197-Bbstract Ho Sarcora 3 2(B6%) 2(B6%) 3(100%%)
1001-Full- Text Hao Colorectal 37 13(35%) T(19%%) 50149
1197-Full-Text Hao Sareo A 41 16 (3d%) 13 (28%%) 11 (23%)
Table 2: Precision and Recall of Concept Chainstrset vs. Full-text
Strong Chams with | Concepts n Abstract
il Sl Tatal Concepts Comeeponing ith Comepon
Document Id Cancer Type Chains in Full- : Conepts in Strong Chains in Full-
Text in Ahstract Suraraary Text
{Fecally (Precision)
01a2 Breast 3 o 20067 91.00)
0234 Breast 2 1 201.00 T(1.00)
0271 Breast 2 4 1(0.50) 41.00)
0312 Breast 2 g8 1(0.50) 40.50)
0E72 Breast 2 9 201.00) 8 (029
0954 Breast 3 11 301.00) 111.00)
1001 Colorectal 4 19 4(1.00 19(1.00)
1102 Cervical 3 10 301.00) 10¢1.00)
1110 Cervical 3 [ 301.00) 61(1.00)
1111 Cervical 3 5 301.00) 501.00)
1115 Cervical 2 18 1(0.50) 12(067)
1117 Cervical 4 14 4(1.00) 12(0.38)
1118 Cervical 4 o 4(1.00) 91.00)
1122 Cervical 4 o 4(1.00) T{078)
1152 Cervical 3 1 301.00) T01.00)
1154 Breast 4 9 4(1.00 8(0.29)
1197 Sarcora 4 12 30075 121.00)
UHNEK1 Breast 4 20 4(1.00 19(0.95)
UNEZ Breast 1 9 1(1.00) 8(0.29)
UNE3 Breast 3 1 301.00) 50071
Bverages &0 202 55 (0.92) 182(0.90)
Dirverse test:
0162 Ahstract & Breast/Breast 3 9 110.33) 0{0.00)
0954 Full-text




