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Abstract
Semantic Annotation and Summarization of Biomedigtrature
Lawrence Harold Reeve, Jr.
Hyoil Han, Ph.D.

Advancements in the biomedical community are Iargelcumented and published in
text format in scientific forums such as conferenaed journals. To address the
scalability of utilizing the large volume of texafed information generated by
continuing advances in the biomedical field, twonptementary areas are studied. The
first area is Semantic Annotation, which is a mdthar providing machine-
understandable information based on domain-speesources. A novel system
architecture is proposed for online matching ofaapts defined by a biomedical
metathesaurus using a multi-level filter based ath Information retrieval and shallow
natural language processing techniques to obtaibéist term coverage as well as best
phrase coherence. The proposed annotator will Bkei@ed against a state-of-the-art
biomedical annotator using the performance meagir@se (e.g. number of
milliseconds per noun phrase) and precision/refdhe resulting concept matches. The
goal is to show that annotation can be performea@rather than offline, without a
significant loss of precision and recall as comgacecurrent offline systems. The second
area is Text Summarization, which is a data rednatiethod. The proposed work is
unique in that it focuses exclusively on summagaaomedical full-text sources, and
also exclusively uses domain-specific conceptierahan terms, to identify important
information within a text. Two novel approaches pir@posed: one using a concept
chaining method based on existing work in lexid¢edining, and the other using concept

distribution to match important sentences betwegouace text and a generated
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summary. The proposed summarizers are evaluated tke ROUGE summary
evaluation tool developed at the University of $euh California. ROUGE compares n-
gram co-occurrences between a system summary a&noregnore model summaries. In
this work, the model summaries are produced byetBrexel University College of
Medicine students in their final year of study gssentence extraction from the source
text. The proposed summarizers are compared tbrexgummarization systems using
the ROUGE tool and the model summaries. Partialltefor biomedical text

summarization show that the proposed approacheeidatm the existing approaches.






1. INTRODUCTION

The output of biomedical research is largely docutee as findings in the form
of literature written in free-form text format (Na&tic, Mima, Spasic, Ananiadou, &
Tsujii, 2002). The written texts are then accunadan large online databases which
have been made readily accessible due to receaheds in software and
communications. For example, the PUBMED databaseiged by the United States
National Library of Medicine contains over 14 nohi citations from over 4,800 journals
(United States National Library of Medicine, 2005Ehe United States National
Institutes of Health clinical trials database camanformation on over 13,500 clinical
trials (United States National Library of Medicir&)05a). To use such resources,
practicing physicians and biomedical researchersaaed with the task of locating,
reading and evaluating relevant biomedical litematéor example, oncologists must find
the clinical trial information related to their ca@ar specialty, evaluate the study for its
strength, and then possibly incorporate the nedysinformation into their patient
treatment efforts (Brooks & Sulimanoff, 2002), (dag, 2002). The large number of
clinical trials conducted and the data producethieyn makes the information
assimilation process time consuming. The propossearch aims to build novel
approaches to semantic annotation and text sumatianzand is an effort to help reduce
the time to assimilate the data resulting fromeaegllections of literature in the
biomedical domain by reducing the amount of dateckwinust be manually processed.

There are two complementary components to the gexpoesearch: Semantic
Annotation and Text Summarization. Semantic Annotatsometimes called concept

matching in the biomedical literature, is the psscef mapping phrases within a source



text to distinct concepts defined by domain expdréxt Summarization is a method for
reducing the amount of text data while retaining kkby ideas of a source text. The
proposed research will construct a system for prmdusummaries of biomedical text
using biomedical concepts as the unit for identifykey information. Such a system is
expected to allow physicians and researchers ttkiyuieview biomedical documents
without requiring a reading of the full source tekihe biomedical text used for the
proposed research is mainly from randomized cdettdlials in oncology.

The first component is Semantic Annotation, whigkes a source text and
identifies pre-specified concepts within the soueé. A key issue with semantic
annotation is the variability of human languageiolihmakes the mapping process non-
trivial. For example, the biomedical concéping Cancethas many possible expressions,
such aCancer of the LungndPulmonary Carcinomawhile much research has been
done in biomedical semantic annotation, its usargely designed for indexing
documents based on the concepts identified inetkte Such systems are designed to be
used in an offline environment, where speed iscngtal. In the proposed research, the
discovered concept output is directed into a sunmmastage, and both the semantic
annotation and resulting summary are envisiondgetosed in an online environment,
where expected response times may be lower than offline system.

The second component of the research is Text Suiretian, where the use of
domain-specific concepts to find important inforraatwithin a text is examined. The
use of domain-specific concepts is hypothesizqutdoide a better method for
identifying important textual information than thee of terms, which have not been

annotated for meaning. Text summarization can bd as a way to reduce the amount of



data presented to readers. The goal of text surmatem is to present a subset of the
source text which contains the most important [gomithin a source text with minimal
redundancy. The summary can then be used by tderr&a (a) make a determination if
the source text should be read in its entiretypdact as a surrogate for the source text to
obtain information without reading the entire s@utext. The use of text summarization
allows a user to get a sense of the content oliecedext, or to know its information
content, without reading all sentences within therse text. The reduction of data
afforded by text summarization increases scaleapwl{owing users to find relevant
source texts more quickly, and (b) assimilatingyadsential information from many
texts with reduced effort. Much work has alreadgrbdone by the text summarization
community, largely dealing in the general domaithvgenres such as news. While some
research work has been done for domain-specifiar®nmation in domains such as legal
and medical, the work is incomplete. For examiie,use of domain-specific resources
in text summarization, such as vocabularies, ogtekand so forth, is largely ignored.

Although the proposed research is focused on tradilical domain, the
resulting system is expected to be useful withireotlomains which have domain-
specific resources available.

The remainder of this chapter identifies the ctntiions expected of the
proposed research and the preliminary work done/edlsas explaining the organization

of this dissertation proposal.



1.1 Contributions
The primary contributions expected to be produceah the proposed research are
as follows:
1. Develop a dictionary-based biomedical annotmioannotating biomedical
texts which can be used in an online environment.
2. Develop a single document text summarizer whsds domain concepts to
identify relevant sentences within a source to poedan extractive summary.
3. The annotator and the summarizer are expected tseful within other
domains (such as law) which have domain speciiousces available, such as
thesauri and ontologies.
4. Explore the characteristics of biomedical tegtgh as sentence length, concept
distribution and summary size, and exploit thessratteristics to improve
summarization performance.
5. Generate a corpus of biomedical texts whichblees generated by three

domain experts, and use the corpus to evaluate sugation performance.

1.2 Preliminary Work

Most of the preliminary work for the proposed @sh completed to-date has been
done on the Text Summarization component. Therphetiry work on Text
Summarization focuses on exploring two differenthmods for using biomedical
concepts to identify important areas within a tekich should be extracted as part of a
summary. The first approach, concept chaining, igess from research done in lexical

chaining and applies the ideas to domain conceépisting work in lexical chaining



finds term relationships to identify general cortsdpom a thesaurus, and then
determines which concepts are strongest. The coobem approach uses concepts
discovered through a biomedical annotator to datexwhich biomedical concepts are
strongest. A summarizer built on concept chainiag lbeen implemented and evaluated
(L. Reeve, Han, & Brooks, 2006a), (L. Reeve, HarBr&oks, 2006b). A second
approach to text summarization using conceptsssdban the frequency distribution of
concepts within a source text and its summary.idiba is that the frequency distribution
of concepts within a summary should match the feegy distribution of concepts within
the source text. A summarizer based on this iddatarevaluation has been implemented
and evaluated (L. Reeve et al., 2006).

The work completed to-date for the proposed resean the Semantic Annotation
component has largely been a review of currentsfio the general domain (L. Reeve
& Han, 2005), (L. Reeve & Han, 2006). Additionabrk exploring annotation in the
biomedical domain has been started and elaboraéedSection 5.1), but has not been

published.

1.3 Dissertation Proposal Organization

This dissertation proposal is organized into edtapters. The first chapter, this
chapter, is an introductory chapter. It descrilesexpected contributions of the work
and an overview of the preliminary work completediate. Chapter 2 provides
motivation for performing semantic annotation aext summarization, and how the two
can be linked together. Chapter 3 is backgrourmhmétion necessary for the reader to

understand the rest of the proposal. Biomedicaladommoncepts are explained, as well as



an overview of extractive text summarization, whiglhe method used by the proposed
summarizers. In addition, the acquisition of anl@éa®on corpus consisting of
biomedical texts, consisting of randomized congalrials, is explained. Chapter 4 lays
out research problems expected to be addressdtt lpydposed research. The problem
statements are drawn from both the Semantic Anoatand Text Summarization
components. Chapter 5 describes the approachesdoge a semantic annotation and
text summarization system for the biomedical domaid how the system components
will be evaluated. Chapter 6 provides a literatengew, broken down into two major
areas. The first area is semantic annotation, taisdeviewed in the large (i.e., not
domain specific) as well as in the biomedical dom&he second area is text
summarization, which has a rich history extendiagkbapproximately 60 years. Chapter
7 shows the planned research schedule, and Cl&aligés publications related to this

research done as part of the preliminary research.



2. MOTIVATION

This chapter motivates the ideas behind the twim m@mponents of this
research: Semantic Annotation and Text Summarizalilsemantic annotation, a
domain-specific thesaurus can be used to find quaaseithin free-form texts. A
thesaurus is organized by concept, with one or mgmenymous words and/or phrases
expressing the concept. Using the thesaurus caceptds take on meaning rather than
being a surface feature. A benefit of semantic tatiam in the biomedical domain is
merging different ways of expressing the same qan@®ssibly using different words,
into a single concept. This allows for identifyimgportant topics within a document.
Text summarization is a data reduction processerebt of text summarization is that
key ideas can be expressed using a fewer sentéraethe source text contains, which
allows for the possibility of faster assimilatiohamntent. An example is shown in this
chapter how just cancer treatment results can tvaa&d from a larger randomized
controlled trial text. It is sometimes the caseathor’s abstract is available as a
summary of the paper. For example, in the biomédicaain, published clinical trial
results usually have an abstract to supplemerfuthtext. In cases where an abstract is
available, any system-generated summary competbghe author’s abstract. While
system-generated summaries may seem like a duphaait effort, each user is likely to
have a unique information need, different backgdyulifferent motivations, and so

forth, and a single summary, even the author’'s smmmary, does not address this issue.

2.1 Semantic Annotation
Semantic annotation is the process of identifyirgrdefined concepts and entities

within a text. One or more domain-specific resograee used to annotate the text with



the concepts and entities found. For example, Eiguishows the annotation of a
biomedical sentence using the Unified Medical LagguSystem (UMLS) (United States
National Library of Medicine, 2005d). The sentepbeases are shown as text within
rectangles, while the corresponding UMLS conceptlvthe text maps to is shown as
text contained in ovals. Directed lines indicatelationship between concepts.
Undirected lines indicate a link between a congegtance and a concept. In Figure 1,
concept Myeloma is related to conceptrogessive, CanceandHaematologic
Diseasé. Further, the conceptHaematologic Diseages related to flasma Cell in
addition to Myeloma. From this relationship graph, it can be seen tha concept
{Myelomg is indirectly related to the concepPfasma Cell. The use of Semantic
Annotation allows for such relationships to be digred in text, and so is more powerful

than the use of surface terms alone.

Multiple myeloma acancerof theplasma cellis ablood diseas#hich isprogressive

Ontology + Knowledge base @
; blood
Myeloma sease

Progressive
progressive plasma cell

Figure 1: A graphical view of semantic annotation ba sentence. Ovals represent biomedical conceptsca
rectangles represent instances of the biomedical meepts from the sentence. Directed lines indicatelationships
between the concepts, while undirected lines link @ncept instance to a concept.




Once the text has been annotated with conceptsetitence phrases have meaning
which is more easily processed by a machine tharte=t alone. There are two expected
advantages of using biomedical concept annotatratiser than raw biomedical text, in
this research: (a) synonym merging, and (b) semdttgring.

Synonym merging is the process of using synonymstified by various medical
vocabularies and collapsing them into a single ephcThis is important for identifying
salient information for text summarization. If omgw text were used, different
expressions of the same concept would be identifgedistinct entities. For example, the
phraseheart attackcan be expressed in several ways, suclinear{ attack coronary
attack myocardial infarctiof. If raw text is used and the author used multiple
expressions, these three phrases would be condidestenct. Since reiteration is a strong
component of identifying important information withtext (Sparck Jones, 1999), it is
better to collapse these three synonymous phrasesihgle concept, such as
{Myocardial Infarction}, to help identify reiteragn and thus the most important parts of
the text as expressed by an author.

The second major use of annotations in the propeessirch is to use them to
filter out concepts which are not important to aerusf a summarization system. Semantic
filtering allows customizing a summary for a usenfrmation need. For example, an
experienced physician may not need much backgrofadnation on a clinical trial, and
instead want to focus more heavily on the resultsraethodology of the clinical trial. In
this case, the physician can customize the sumtodiiyer out qualitative concepts,
which express primarily opinion and background infation. The user can be presented

a list of concepts which are not important, as &slh list of concepts which are
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important. One example filtering method is conaeeighting. In concept weighting, the
unimportant concepts selected by the user are inefyatveighted, while the important
concepts selected by the user are given increasgghtrover neutral or unimportant

concepts.
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2.2 Text Summarization

While the result of the proposed work could be useslimmarize abstracts, the
goal is not to summarize abstracts (summarizingtimemary), but instead to use the full
source text to produce a summary. There are seneasbns for wanting to generate text
summaries from a full-text source even in the presef the author’s abstract:

1. There exists no ideal summary. An ideal sumrisadependent on each user,
including factors such as information need and dorbackground. An author’s abstract
is one view of an ideal summary, but users may \@datnative summaries.

2. The abstract may be missing content from thetéxt (Cohen & Hersh, 2005).

3. Customized summaries can be useful in questismsaring systems where
they provide personalized information. Such sumesahniave been described in the
literature asuser-focusedMani & Bloedorn, 1998) anduery-relevan{Carbonell &
Goldstein, 1998) summaries.

4. The use of automatic or semi-automatic summangration by commercial
abstract services may allow them to scale the nuwofiqgublished texts they can
evaluate.

5. The generation and evaluation of summaries alf@vevaluation of sentence
selection methods that may be useful for use irtirdocument summarization. The idea
is that if sentence selection methods do not wagk for single-document

summarization, it is unlikely they will identify iportant data across multiple documents.

Figures 2 and 3 below motivate the need for tewtraarization even in the

presence of the author's summary (the paper’'sadistiFigure 2 shows an abstract from
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a biomedical text. While the text itself is relaly short (as compared to the original
source text), if the reader wishes to quickly krtbe outcome of the research described
in the abstract, the abstract must be read pgrbaltompletely, or skimmed at the very
least, to find the information. In contrast, Fig@rehows a summary which automatically

identified the result information and displayed it.

Adjuvant Chemotherapy for Adult Soft Tissue Sarcemfthe Extremities and Girdles:
Results of the Italian Randomized Cooperative Trial

Adjuvant chemotherapy for soft tissue sarcoma mgrowersial because previous trials
reported conflicting results. The present study designed with restricted selection criteria
and high dose-intensities of the two most activenobtherapeutic agents.

Patients and Methods: Patients between 18 and&s wé age with grade 3 to 4 spindle-cell
sarcomas (primary diameter >= 5 cm or any sizerrentitumor) in extremities or girdles
were eligible. Stratification was by primary versasurrent tumors and by tumor diameter
greater than or equal to 10 cm versus less thamil@ne hundred four patients were
randomized, 51 to the control group and 53 to ithatient group (five cycles of 4'-
epidoxorubicin 60 mg/m2 days 1 and 2 and ifosfamideg/m2 days 1 through 5, with
hydration, mesna, and granulocyte colony-stimu¢ptactor).

Results: After a median follow-up of 59 months,g@Qients had relapsed and 48 died (28 and
20 in the treatment arm and 32 and 28 in the cbatro, respectively). The median disease;
free survival (DFS) was 48 months in the treatngeatip and 16 months in the control grou
(P =.04); and the median overall survival (OS) Wasnonths for treated and 46 months fo
untreated patients (P = .03). For OS, the absblenefit deriving from chemotherapy was
13% at 2 years and increased to 19% at 4 years@®)=

=]

Conclusion: Intensified adjuvant chemotherapy hadsitive impact on the DFS and OS of
patients with high risk extremity soft tissue sanes at a median follow-up of 59 months.
Therefore, our data favor an intensified treatmesimilar cases. Although cure is still
difficult to achieve, a significant delay in deashworthwhile, also considering the short
duration of treatment and the absence of toxichdeat

Figure 2: Sample biomedical document abstract

The median disease-free survival (DFS) was 48 nsointthe treatment group and 16 month
in the control group (P = .04); and the median aNeurvival (OS) was 75 months for treate
and 46 months for untreated patients (P = .03).

o wn

Figure 3: Summarized version of abstract shown in igure 2.
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3. BACKGROUND

3.1 Biomedical Domain Concepts

One way to provide meaning to biomedical documenity creating ontologies,
and then linking information within each documemspecifications contained in the
ontology using a markup language (Berners-Lee, léen& Lassila, 2001). Ontologies
are conceptualizations of a domain that typicallyr@presented using domain
vocabulary (Chandrasekaran, Josephson, & Benjat®®8). Automated semantic
annotation is the process of mapping instancetdata ontology (S. Handschuh, Staab,
& Volz, 2003) , (L. Reeve & Han, 2006). The resujtiannotations from the semantic
annotation processing are what provide the linkvbet information stored within a
document and the ontology (Berners-Lee et al., 20A1his work, the annotations are
then used to identify important areas of a texthsas phrases, sentences, paragraphs, and
sections useful for generating a text summaryhénbiomedical domain, the National
Library of Medicine (http://www.nlm.nih.gov/) prodes resources for identifying
concepts and their relationships under the framkewbthe Unified Medical Language
System (UMLS) (United States National Library of difi@ne, 2005d). UMLS contains
many sub-components, but we three are used f@rtposed research: Metathesaurus,
Semantic Network and MetaMap Transfer.

The UMLS Metathesaurus contains concepts and redtwnstances of the
concepts, including a concept name and its synonkaxigal variants, and translations
(United States National Library of Medicine, 2004B)e Metathesaurus is derived from

over 100 different vocabulary sources resultinguar one million biomedical concepts.
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Table 1 shows the example conckpiltiple Myelomataken from the Metathesaurus, and
displays several of the concept instances (i.eQmsymous words and phrases) associated
with the concept. The instances are derived frognvtbtabulary sources. The key idea is
that a single concept may have multiple ways ofidpeixpressed (instances). The

Metathesaurus organizes the concept instances.

Table 1: UMLS concept and its concept instances

Concept Name Concept Instances
Multiple Myeloma Multiple Myeloma
Myeloma

Plasma Cell Myeloma
Myelomatosis
Plasmacytic myeloma

The UMLS Semantic Network organizes the Metathesaaoncepts into
categories called semantic types (United StatemnltLibrary of Medicine, 2004b).
There are currently 135 semantic types.

The MetaMap Transfer (MetaMap) application (Unigtdtes National Library of
Medicine, 2005b) maps biomedical text to concefused in the Metathesaurus as
follows. The text-to-concept mapping in the MetaMsggplication is done through a
natural language processing approach. Sentencéssardentified, and then noun
phrases are extracted from each sentence. MetaMapquls through several stages to
map a noun phrase to one or more concepts. Telant@of the phrase are generated,
candidate concepts are generated, and a scoringgs@s done for each candidate
concept. The highest scoring concept is then sslexd the concept for the phrase. It is
possible a noun phrase can map to more than oreeebrin this case, no disambiguation

step is performed, and MetaMap returns multiplecepis. Figure 4 shows an example of
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MetaMap mapping of the phrapeotein kinase CK2 The output shows the phrase, the
concept candidates preceded by their score (“Mataddates”), and the final mapping
of the phrase (“Meta Mapping”). In the example réhare six candidate mappings,
shown in descending score order. The final mapfakgs the highest scoring candidate,
shown as “Meta Candidate (1000)” in Figure 4. lsgsawhere a phrase cannot be
successfully disambiguated, it is possible for N#dp to generate a final mapping
consisting of more than one concept. Finally, Meaghhdicates the semantic type for
the selected concept, shown as a text descriptisguare brackets next to the concept

text description in Figure 4.

Phrase: "protein kinase CK2."
Meta Candidates (6)
1000 protein kinase (K2 (casein kinase II) [Awino Acid, Peptide, or Protein,Enzyme]
901 PROTEIN KINASE [Amino Acid, Peptide, or Protein,Enzyme]
827 Kinase (Phosphotransferases) [Amino Acid, Peptide, or Protein,Enzyme]
827 Protein (Proteins) [Amino Acid, Peptide, or Protein,Biologically Active S
ubstance]
827 Protein NOS (Protein measurement) [Laboratory Procedure]
827 Ck2 [Laboratory Procedure]
Meta Mapping (1000)
1000 protein kinase (K2 (casein kinase II) [Amino Acid, Peptide, or Protein,Enzyme]

Figure 4: MetaMap Transfer mapping of the phraseprotein kinase CK2.

3.2 Text Summarization

There are two different approaches to generatingsaries from text: extractive
and abstractive (Afantenos, Karkaletsis, & Stamatitgss, 2005). Thextractive
approach extracts sentences or parts of senteedagtivn from text and uses them to
generate a summary. The extractive approach isids common way to perform
summarization, and is the method used in the pexpossearch. Extractive approaches to

text summarization usually follow a model of scgrsentences based on a set of
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features, such as term frequency, keyphrase id&itdn, and sentence location. A set

of highest-scoring sentences from the source sexsed to form a final summary. The
task of sentence selection can be considered ammation retrieval task, where the set

of all sentences within a text are evaluated (show@nd the highest scoring sentences are
selected as being the most relevant to a usertofae highest-scoring sentences in a text
are extracted, usingas an upper bound on the number of sentencetett.sehe

extraction summarization task, then, is to iderdifyjinimal subset of sentences from the
source text which are relevant to the user andlwimimimize redundancy. The proposed
research uses the extractive approach.

The second and significantly more difficult apprioas calledabstractive summary
generation and involves generating summary text using natanguage processing and
generation techniqueBor example, the template method of abstractivensaim
generatioruses a predefined template where the fields ineimplate are filled-in from
information contained in the source text. A differenethod for abstraction uses a
syntactical analysis of the source text to iderkdy components of each candidate

sentence, and this analysis is used to form netesees from existing sentences.

3.3 Evaluation Corpus

To provide a set of data for evaluating semantiwgations as well as summary
performance, a corpus of 24 biomedical texts waegged from a citation database of
oncology clinical trial papers. The database costapproximately 1,200 papers
physicians feel are important to the field (Bro&kSulimanoff, 2002). Of the 1,200

papers cited, 24 were randomly selected. The nuofq@pers chosen (24) was based on
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the minimum requirements of the ROUGE summary atala tool (C. Lin, 2004) as

well as the resources available to complete theuadgmrocessing of each paper. The
PDF versions of these 24 papers were then obtanédonverted to plain-text format.
The papers were then manually processed to rentaphigs, tables, figures, captions,
citation references, and the bibliography secfidre resulting texts were further split

into an abstract text and a full-text source tatHout the abstract). To develop a corpus
for semantic annotation, the 24 papers will be gssed by MetaMap which will find all
noun phrases in the 24 papers. The unique nousghrall then become the corpus for

evaluating semantic annotation accuracy and pednce
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4. PROBLEM STATEMENT

The goal of the proposed research is to constragstem to perform semantic
annotation and summarization of biomedical textgtvhas performance competitive
with existing systems. The identification and udamain-specific concepts is used to
produce summaries. The methods developed as péue pfoposed research, while
requiring input from domain resources, are domadependent, and could be applied to
other domains, such as summarizing legal texts I@ingeterm result of the proposed
research is that the system reduces the amountré&fnequired by practicing physicians
and researchers to assimilate new knowledge frartirmong advancements in
biomedicine. The proposed research may also béuhéip future researchers
performing multiple-document summarization wheraaapts, rather than terms, can
reduce the variability of language between document

The proposed research is divided into two compa&emantic Annotation and
Text Summarization. For the Semantic Annotation gonent, methods for performing
faster annotation of biomedical texts are examiiiée. idea is to improve the
performance of annotation so that it can be useahianline environment. For the Text
Summarization component, concepts are used in pfaeems to identify important
areas within the source text which should be et¢thmto a summary. The idea is to
determine if the use of domain-specific conceptsroves the performance of
summarization. In addition, since the researchhercharacteristics of biomedical texts is
largely absent from existing literature, the pragbsesearch will investigate two

important characteristics of biomedical texts usirfgrmation from domain experts: (a)
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finding an optimal size of a biomedical summaryléaist for randomized controlled
trials), and 2) finding the locations within textbere sentences are extracted from when
constructing model summaries. Biomedical textsuarelly written with a definite
structure, such as Introductiel Background> Methodology> Evaluation>
Conclusion. Knowing which sections human summasizee likely to extract sentences
from is expected to be useful in improving summetian performance by weighting

sections differently, instead of giving equal weighall sections.
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5. APPROACH

The high-level structure of the proposed systesh@wvn in Figure 5. The system
takes a source text and performs analysis in skstages where the final output is a text
summary of the original source text. The two priynstages which are part of the
proposed research are Semantic Annotation andSigxinarization. Two other stages,
Lexical Processing and User Presentation, are rwatstl as part of the system, but are
not the focus of the research. The Lexical Proogssiage is the first stage and is
responsible for finding sentence boundaries withgource text, and then phrases within
each discovered sentence. Lexical Processing ipriposed research is performed using
software components from third-party sources. T tage is the User Presentation
stage, which presents to the user the generateshagmFor the proposed research, the
user presentation consists of generating a sineglefite containing the extracted
sentences.

The two stages which are the focus of the rese&smantic Annotation and Text
Summarization, are between the Lexical Processiddser Presentation stages. Once a
source text has been decomposed into sentencgmheases in the Lexical Processing
stage, the sentence phrases are fed into the SerAanbtation stage, and the output is
an annotated version of the source text contaisémjences, sentence phrases, and
sentence phrases annotated with one or more dapaific concepts (a best mapping is
attempted, but in cases of ambiguity more thanmapping may be returned.) The
annotated source text from the Semantic Annotatiage is then directed into the Text
Summarization stage. The Text Summarization stage the concept mapping

information to identify the most important cont@mthe source text, and then extract
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sentences from the source text which are mostseptative of the content. The output
of the Text Summarization stage is an ordered suisentences from the source text. In
the proposed research, only single document surmatem is considered. In the
following sections, the details of each of the fvonary stages, Semantic Annotation

and Text Summarization, are presented.

Source Text

|

Lexical Processing

(sentence boundary detection /
phrase detectiol

_________________________________________

Semantic Annotation

l (Annotated Source Text)

Extractive Text Summarization

l (Extractive Summan

User

Presentation

Figure 5: High-level overview of the proposed reseah system. The dashed box indicates the
parts of the system the proposed research focuses. o
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5.1 Biomedical Semantic Annotation

A graphical view of the proposed semantic annoagirocess is shown in Figure
6, which is a detailed view of the Semantic Anniotastage shown in Figure 5. The
approach to semantically annotating a biomedicdligeto use a multi-level filtering
approach based on phrases from the source texndue contributions of the proposed
semantic annotation component of the system af@laws: (a) a multi-level, extensible
filtering architecture to find the best-matchingicept, (b) the use of term importance
(through weighting) during the filtering procesadgc) the use of skip-bigrams to
measure term order.

The proposed annotation system assumes the sdwasehas already been
determined from prior analysis. Source phrasedeametected using a variety of
methods, such as natural language parsing andghdindows (Wollersheim, Rahayu, &
Reeve, 2002) and barrier words (Tersmette, Scaigrls] Matheson, & Miller, 1988).
The proposed system makes no assumptions on #iselof source phrases, other than
the input unit must be a phrase. The goal of theaic Annotation stage is to find the
best UMLS concept match for each phrase in theceaixt using surface-level features.

In the proposed annotation system, there are deypes of phrases. Treource
phraseis a phrase from the source text which the systéhattempt to annotate with a
biomedical concept. Recall from the Background tagnat UMLS concepts are
composed of one or more synonymous phrases, whacknawn asoncept phrase#\
single UMLS concept may have more than one cornueise associated with it.

Candidate phraseare concept phrases having words in common wélstiurce phrase.
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A candidate conceptlentifies the UMLS concept a candidate phraserigs to. A
concept names the name given to a particular UMLS concept.

The multi-level filtering approach of the propossastem takes a source phrase
from the source text, retrieves a list of concdpapes based on the overlap of words
from the source phrase and concept phrases, forangeg of candidate phrases. If only a
single candidate phrase exists, its associatecepoie returned. If there is more than one
candidate phrase generated, an iterative procdgdgeahg out candidate phrases begins.
The candidate phrase filters are based on n-graotcarrences between the source
phrase and the candidate phrases. The multi-létezirig is done to improve
computational efficiency by applying successivelgrenxcomputationally complex filters,
rather than scoring a candidate phrase with diffem@easures at once. This approach is
different than existing approaches, which typicaltpre a candidate phrase completely in
one pass and then rank the set of resulting coa¢@phtHersh & Leone, 1995),

(Aronson, 2001). The idea is to successively fittetr concepts using basic techniques,
and compute more complex candidate phrase scaressfoall subset of possible
candidate phrase matches. The proposed reseachngsdifferent types of filters,
although other filters can be added: coverage ahdrence. Coverage is the number of
common words between the source phrase and a edagidrase, and coherence
measures the common word ordering between theesphrase and a candidate phrase
(Aronson, 1996). These two filters were chosen bgedhey are the types used in
MetaMap. By using similar measures of coveragecaigrence, the accuracy of the

proposed annotator is expected to be similar tativeracy of MetaMap but with
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reduced annotation time. The MetaMap system ougpuged as the gold standard for the
evaluation.

The proposed annotation system does not, howeseithe same scoring
mechanism as MetaMap and instead proposes new dsgfinomeasuring coverage and
coherence. The coverage filter will use term wedghther than term counts, as MetaMap
does. The coherence filter will use skip-bigramiicly have proven effective for
measuring term order in machine translation antdgemmarization evaluation. Both
methods are described in more detail below. Add#idilters may also be explored, such
as a concept disambiguation filter based on UMLI&ept co-occurrence information,

and a filter based on language modeling technifjoes the information retrieval field.
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Figure 6: Stages in the proposed multi-level annotar

The proposed annotation system has advantagegxigéng concept mapping
approaches. Systems such as MetaMap (Aronson, 388963APHIRE (W. Hersh &
Leone, 1995) score candidate phrases completelgarpass. This has the disadvantage
of computing more complex scores, such as coherarieen the simpler coverage score
may have rejected the candidate phrase aloneditiad by modeling the mapping as a

series of filtering stages, the number of candigat@ses is reduced at each stage,
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reducing the number of complex calculations whicakstibe performed. The MetaMap
system also generates word variants and inflecébngn-time. The proposed annotation
system maps the concept phrase words to theirfbasean a pre-processing stage (done
once for each UMLS version of the data, not at eaoktime). For example, the variants
{eyeseyed eying are all mapped to the base waye This allows concept phrases to
map to base words so that variant generation isagutired. By reducing the number of
candidate phrases which have to be scored, usinggmory table structures, and
eliminating time-consuming variant generation, ph@posed annotation system is
expected to outperform the state-of-the-art MetaB\gtem in terms of time to annotate
a source phrase.

The overall annotation strategy for a single soptu@se is as follows:

1. Construct a list of candidate phrases basedd@ndmmon words
between all concept phrases and the source phfasdy one candidate phrase
remains, return its associated candidate concept.

2. Filter the list of candidate phrases based weighted coverage score
given to each candidate phrase. If only one camgliplarase remains, return its
associated candidate concept.

3. If more than one candidate phrase remainst fhie list of candidate
phrases based on a weighted coherence score gieach candidate phrase. If
only one candidate phrase remains, return its &gsdccandidate concept.

4. If more than one candidate phrase remains,réher list of candidate

concepts associated with each candidate phrase.



27

The following text explains in more detail eacltlod annotation stages:

Pre-processing Step: Domain Resource Preparation

Preprocessing of UMLS data is done before thegseg annotator is run. The
preprocessing organizes the words, word variaht®ses, and concepts stored in UMLS
text files into a format which is faster to procdssr example, words are mapped to
unique integer identifiers to reduce storage spackincrease word comparison speed.
Also, concept phrase words are mapped to their foaseso that variant generation does
not have to occur at run-time, as is the caseyfstesns such as MetaMap (Aronson,
1996). For example, word variants within UMLS capicghrases are all mapped to a
single base, such as mappirgy¢, oculus, ophthaln}ito the base formdcular}.

Each word in the UMLS is also weighted based onsege in all concept
phrases. In contrast to existing systems such @asN&p (Aronson, 2001), SAPHIRE
(W. Hersh & Leone, 1995), and IndexFinder (Zou, (Worioka, Leazer, & Kangarloo,
2003) which consider the count of common words betwa source phrase and a
candidate phrase, the scoring of coverage and enbelin the proposed annotation
system considers the contribution of each wordhvensource phrase by using a weighting
mechanism. Information retrieval research usesmyaof algorithms called TF*IDF,
which uses the frequency of a term (TF) within awdoent and the frequency of a term
across all documents (IDF) to find a similaritywalbetween a user query and a
document. A frequently occurring term within a do@nt better indicates the content of
the document, while a frequently occurring ternoasrall documents is thought to give

little discriminatory power, since a high proportiof documents contain the term
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(Baeza-Yates & Ribeiro-Neto, 1999). The inverseutioent frequency value (IDF) uses
the frequency of a word across all documents aayatwidentify words which are
semantically focused (Manning & Schutze, 1999)m&etically-focused words are those
words which do not frequently occur across all adoents within a collection, and thus
are more likely to have more discrimination powsrt words which frequently occur.
To apply the ideas of TF*IDF from information retval to the proposed annotation
system, each concept phrase is substituted fomaecu The weight of each unique word
in all concept phrases is calculated using thersevdocument frequency idea from
information retrieval (Sparck Jones, 1972), substiy concept phrase for document, as

shown in Figure 7:

. N
inversephrasefrequency: Iogn—

Figure 7. Inverse phrase frequency (IPF) value. & the total number of phrases in UMLS
and n; is the total number of phrases a particular word ocurs in.

Each unique UMLS wordis assigned a weight; based on its inverse phrase
frequency (IPF) value. The importance (or weightdf a wordi is represented by its
IPF value. Words which are more semantically fodusi@l be given a higher weight
than words which are not semantically focused.gxample, assume there are 1,000
concept phrases, the wagothsmaoccurs in 200 of the phrases, and the woygloma
occurs in 50 of the phrases. The IPF valuplasmawill be 0.70 (log 1000/200) and the
IPF value ofmyelomawill be 1.30 (log 1000/50). Therefore, if the weplasmaand
myelomaoccur in the same phrase, the word myeloma isiderexdd a more

discriminative word thaplasma The idea is to give some indication of the imaocde
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of a word based on its usage within all concepagds. Term frequency, which is
typically combined with inverse document frequefanydocument information retrieval,
is not considered since it is highly likely theduency for each word will be one because
the input unit of the proposed annotation systempirase, which usually does not
include the same word multiple times in it. Elinting term frequency from scoring
reduces computational complexity.

Figure 8 shows a minimal list of tables which axpexted to be generated from
the pre-processing. The tables are all simple kadyevlookup tables which map a unique
key to a value. The advantage of creating the Ipdkbles is to speed access to key
information, such as the words belonging to conpépases, and to pre-calculate key
information used in the stages, such as the Invesase Frequency value for each word,
in order to increase runtime performance. The dostmn in the each of the tables
shown in Figure 8 is the key, and the second colisnime value. Figure 8(a) shows that
each unigue UMLS word is mapped to a unique identiSimilarly, Figure 8(b) shows a
unique concept identifier can be used to find acephname. Figure 8(c) indicates a
mapping from a unique concept phrase identifiex tmique UMLS concept identifier.
Figure 8(d) maps a unique word identifier to adistoncept phrase identifiers the word
occurs in. Figure 8(e) shows the mapping from gumword identifier to the word’s
inverse phrase frequency (IPF) value. Figure 8(the mapping from a concept phrase
identifier to the ordered list of word identifidogelonging to a concept phrase. Table 2
lists an example usage for each mapping table. Eegping table is useful for getting
additional information about a word, phrase or emicFor example, given a word in the

source text, its unique word identifier can beiestd using the WordToWordld table,
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and the list of concept phrases the word appearanrthen be obtained using
WordIldToPhraseldList table. To get the concept namhrase belongs to, the
PhraseldToConceptld table can be used to find hingsp’s concept identifier, and then

the ConceptldToConceptName table is used to fiecctmcept name.

Word Wordld Conceptld Concept Name
lung 1 0242379 Malignant Neoplasm of the Lung
cancer 2 0684249 Carcinoma of the Lung
(a) WordToWordid (b) ConceptldToConceptName
Phraseld Conceptld Wordld PhraseldList
100 0242379 1 100,200
200 0684249 2 100,200
(c) PhraseldToConceptid (d) WordldToPhraseldList
Wordld WordIPF Phraseld WordldList
1 5 100 1,2
2 3 200 2,1
(e) WordIldToWordIPF () PhraseldToWordIdList

Figure 8: Mapping tables resulting from UMLS pre-processing: (a) mapping a word to a unique
identifier; (b) mapping a concept identifier to a @ncept name; (¢) mapping a unique phrase
identifier to a unique concept identifier; (d) mapgng a unique word identifier to a list of concept
phrase identifiers; (e) mapping a unique word iderifier to the word’s IPF value; (f) mapping a
unique phrase identifier to an ordered list of word in the phrase.
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Table Name Example Usage

WordToWordId Given a word, find its unique idergifi
ConceptldToConceptName  Get the concept name fivea goncept identifier
PhraseldToConceptld Retrieve the concept assoandtbch UMLS phrase
WordIldToPhraseldList Find all concept phrases hatte given word
WordldToWordIDF Find the inverse phrase frequenalg for a given word
PhraseldToWordldList Find all words belonging toamcept phrase

Table 2: Example Usage of Mapping Tables

Step 1: Candidate list generation

When a source phrase is presented to be annoitatetitst processed to remove
all words which do not appear in UMLS, as well anoval of stop words. The words in
the source phrase are mapped to their UMLS base fbhis is done to eliminate word
variation, and to allow exact matching of concdmtage words, which had the same
base-form mapping done in the pre-processing sétdipt of candidate phrases is then
generated by finding all concept phrases whichaiardne or more of the base-form
words in the source phrase. For example, the pllwagecancemwill find all candidate
phrases having the wortisng andcancer which will return candidate phrases such as
{lung, chronic obstructive lung disease, lung canteer cance} and so forth. Table 3
shows a partial list of candidate concepts genéitadsed on the concept phrases having
words in common with the source phraseg cancer It is not required that a candidate
phrase have all words in common, since exact mgpgetween a source phrase and

concept phrases are expected to be rare.
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Source Phraséung cancer

Concept Id| Concept Name Concept Phrase
0024109| Lung Lung
0024117| Chronic Obstructive Airway Disease Chronic Obstructive

Lung Disease

0242379 Malignant Neoplasm of the Lung Lung Cancer
0684249| Carcinoma of the Lung Cancer of the Lung
0279000| Liver and Intrahepatic Biliary Tract CarcinomaLiver Cancer

Table 3: Example candidate phrase list generation.

If the source phrase is long (consisting of fivermre words), the number of
candidate phrases generated by the words in theesphirase may be very large. One
way to overcome this is to select only the mostartamt words in the source phrase, and
then use these words to select candidate phrakegproposed method of finding the
most important words is to find the IPF value afteavord in the source phrase, calculate
the standard deviation of the retrieved IPF valaes, then use all source phrase words
whose IPF value is greater than a threshold todardlidate phrases. The chosen
threshold is one standard deviation of the mearvi?le. Selecting greater than or equal
to one standard deviation allows approximately 3R¥ss, 2002) of the words in the
source phrase to be used to retrieve candidatsghri&igure 9 shows an example of the
long source phrasghronic obstructive pulmonary disease findmaying word IPF
values of {1.5, 2, 2, 1, 1}. The mean is 1.5, ttemdard deviation is 0.5, and the
minimum IPF value is therefore 2.0. To generateltate phrases in this example, only
the words pbstructive pulmonary are used since they are the most discriminative
words based on their IPF value. In the examplesaltept phrases having either the
wordsobstructiveor pulmonarywill be passed to the next filter (i.e., Coverdiger).

The idea is to use the only the most important wandhe source phrase to limit the
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number of candidate phrases retrieved. Each sfatye @ilter should seek to find a single
best matching phrase, and if not possible, redue@timber of candidate phrases passed

to the next filter stage, which is assumed to beencomputationally complex.

chronic obstructive pulmonary disease finding

\ 4 A 4 \ 4 A 4 A 4

1.5 2.0 2.0 1 1
Mean=1.5
StdDev = 0.5

Chosen Threshold = Mean + 1 StdDev = 2.0
( i.e., use only words having 2.0 or higher IPRuea

Figure 9: Example of long source phrase using IPFalues to find significant words

Step 2: Coverage Filter (Stage 1)

Once a list of candidate phrases is retrieved, rease(overlap of common words)
is measured to filter out less important candigidiieses. The idea is to find the list of
candidate phrases having the best coverage obthreesphrase words, based on the IPF
value of each word in common between the sourcasghand each candidate phrase. The
Coverage score for each candidate phrase can beutednquickly using table lookup
operations. In existing work, a coverage scoreafoandidate phrase is measured using a
count of the number of common words (Aronson, 19@&)u et al., 2003). In the
proposed research, weighted unigram filtering edu® measure coverage. The

combined IPF value of all common words betweenuacsphrase and a candidate
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phrase is used as the coverage score for eachdedmgihrase and is called the

PhraseCoveragelPF value, defined in Figure 10 as:

PhraseCovwagelPF= ZN IPF

i=1

Figure 10: Phrase Coverage Score (PhraseCoveragelPN is the total number of common words between th
source phrase and the candidate phrase. IPF is theverse Phrase Frequency of a common woridbetween the
source phrase and the candidate phrase.

Once the PhraseCoveragelPF values are computad é@andidate phrases, the
standard deviation of the PhraseCoveragelPF védudke set of candidate phrase is
calculated. A threshold value is chosen as the mpienone standard deviation. All
candidate phrases whose PhraseCoveragelPF valyresitsr than or equal to the
threshold value are passed to the second stagie(fit., Coherence filter). There are two
exceptions to consider: (a) if there is an exadcmhetween a source phrase and one of
the candidate phrases, the candidate concept assbeiith the candidate phrase is
returned; and (b) if no candidate phrases havaasB@overagelPF value greater than or
equal to the threshold, the candidate phrasesthatiighest PhraseCoveragelPF value
are passed to the second stage (if there is omysooh candidate phrase with a high
PhraseCoveragelPF, its candidate concept is returne

Examples of each case are shown in Tables 4 thréugable 4 shows an
example of the coverage filter processing for th&rse phras&ing cancemwhere there is

an exact matchrhe IPF values for each word in the source phaesdirst retrieved.
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Each candidate phrase from the candidate generstepns scored by summing the IPF
values forlung andcancerwhen they exist in the candidate phrase. Aftecafididate
phrases are scored with this PhraseCoveragelPE,\&tact candidate phrase matches
with source phrase PhraseCoveragelPF value andesphrase word ordering are
returned. In the Table 4 examplaing Cancelis returned because it is an exact match
both with the source phrase PhraseCoveragelPF salligvith the source phrakang
cancer Cancer of the Lungs not returned because it is not an exact mattthtive

source phrase, even though it has the same Phras@QelPF value as the source
phrase. In Table 4, the mean PhraseCoveragelRke &0.90, the standard deviation is
0.35, and the threshold value, the mean plus @melatd deviation, is 1.24. Since an
exact match was found, the threshold value is setlisince no candidate phrases need to

be passed to the second stage.

Source Phraséung cancer
(IPF values: lung=0.75, cancer=0.50, toia?5)

Candidate Phrase PhraseCoveragelPF value

Lung 0.75

Chronic Obstructive Lung Disease 0.75

Lung Cancer 1.25 < Exact Value & String
Cancer (of the)Lung 1.25 < Exact Value

Liver Cancer 0.50

Scoring Details:
Mean PhraseCoveragelPF value = 0.90
StdDev of PhraseCoveragelPF values = 0.34
Mean PhraseCoveragelPF value + 1 StdDev = 1.24

Exact match in PhraseCoveragelPF value and
in source phrase string foung Cancer

Table 4: Example Stage 1 Coverage filtering for exa match with source phrase
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Table 5 shows the case where there is no exactrbateween the source phrase
and the candidate phrases. In this case, the imotithe Stage 1 (i.e., Coverage) filter is
to reduce the size of the candidate list. Thicaplished by retaining all candidate
phrases whose PhraseCoveragelPF value is greateotlequal to a threshold value. The
mean PhraseCoveragelPF value is 0.90, the staddaiation is 0.16, and the threshold
value, the mean plus one standard deviation, B. 0 Berefore, any candidate phrase
which has a PhraseCoveragelPF value greater thequait to 0.58 is passed to the
second stage filter. In Table 5 there are two adatdiphrases having a
PhraseCoveragelPF value of 0.60, so both of thexsdidate phrases (shown in bold) are
passed to the second stage filter (i.e., coherigtag. If only one candidate phrase had a
PhraseCoveragelPF value equal to or greater ti&&y ifls candidate concept is returned

and no candidate phrases are passed to the Stidtge. 2
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Source Phrasdung cancer disease
(IPF values: lung=0.30, cancer=0.30, diseagf;@otal.90

Candidate Phrase PhraseCoveragelPF value
Lung 0.30

Chronic Obstructive Lung Disease 0.60 >=0.58
Liver Cancer 0.30

Lung Cancer 0.60 >=0.58
Cancer 0.30

Scoring Details:
Mean PhraseCoveragelPF value = 0.42

StdDev of PhraseCoveragelPF values = 0.16
Mean PhraseCoveragelPF value + 1 StdDev = 0.58
Two PhraseCoveragelPF values >= 0.58 are passttdge 2 filter:

Chronic Obstructive Lung Disease
Lung Cancer

Table 5: Example Stage 1 Coverage filtering with nexact match for source phrase

Table 6 shows a variation of the no-exact-matcle saewn in Table 5, where
there is no exact match between the source phrastha candidate phrases, and none of
the candidate phrases have a PhraseCoveragelRFgralter than or equal to the
threshold value. If the strict logic shown in Tablés followed, then no candidate phrases
will be passed to the second stage filter. To kestilis, the approach used is to find the
candidate phrases with the highest PhraseCoveragelBe. If only one such candidate
phrase exists, its corresponding candidate consepturned. In Table 6, the mean
PhraseCoveragelPF value is 0.68, the standardtabevia 0.26, and the threshold value,
the mean plus one standard deviation, is 0.94.€fbex, any candidate phrase which has

a PhraseCoveragelPF value greater than or eqO0a94ds passed to the second stage. As
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Table 6 shows, no candidate phrase has a Phrase@eifeF value greater than or equal
to 0.94. In this case, the highest PhraseCovdP&gedlue is found, which is 0.90. There
are two candidate phrases having a PhraseCovefagalie equal to 0.90, so the two
corresponding candidate phrases are passed tedbedsstage filter (i.e., coherence
filter). If only one candidate phrase had the hgglithraseCoveragelPF value, its

candidate concept is returned and no candidatsghiae passed to the Stage 2 filter.

Source Phrasdung cancer disease
(IPF values: lung=0.50, cancer=0.40, diseagé;@otal=1.30)

Candidate Phrase PhraseCoveragelPF value
Lung 0.50

Chronic Obstructive Lung Disease 0.90 < Highest Value
Liver Cancer 0.40

Lung Cancer 0.90 < Highest Value

Scoring Details:
Mean PhraseCoveragelPF value = 0.68

StdDev of PhraseCoveragelPF values = 0.26

Mean PhraseCoveragelPF value + 1 StdDev = 0.94
(No PhraseCoveragelPF values >= 0.94, so catedghrases with highest
scores are passed to Stage 2 filter:
Chronic Obstructive Lung Disease
Lung Cancer

Table 6: Example Stage 1 Coverage filtering with Ighest scores used

Step 3: Coherence Filter (Stage 2)
The second stage filter measures coherence, whbaesence is the ordering of

terms in the phrase. Coherence is measured binpak the order of the common words
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between the source phrase and each candidate phhaselea is that the common
syntactic ordering of the source and candidateg@sravill remove candidate phrases
which have some words in common but are in a diffeorder, indicating the candidate
phrase may be expressing a different concept timsdurce phrase. For this stage, pairs
of ordered words which allow for intervening woré@epwn as skip-bigrams (C. Y. Lin

& Och, 2004a), are used. The bigrams are genebgtedhlking the candidate phrase
words from beginning to end and pairing each woitt the word that follows it. For
example, the phrageeripheral plasma cell myelontaas the set of complete skip-

bigrams as shown in Figure 11:

peripheral plasma
peripheral cell
peripheral myelomg
plasma cell

plasma myeloma
cell myelomi

Figure 11: Complete skip-bigram (i.e., no gap defied) for phraseperipheral plasma cell myeloma

The number of intervening words, called a gap,lmatimited. The skip-bigram
gap can be set from 0 to any specified numberjraidates the number of allowed
intervening words. The lower the gap size, theanestrictive the order of words is
enforced. For a given gap siagthe skip-bigrams generated include all skip-biggdor
lower levels oin. For example, a gap size of two will include skigrams with gap sizes

zero, one and two. Figure 12 shows the skip-bigrgemerated for a gap size of zero:

peripheral plasma
plasma cell
cell myeloma
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Figure 12: Skip-bigrams with gap zero for phraseperipheral plasma cell myeloma

A gap size of one produces the list shown in Figug€which includes skip-bigrams of

gap size zero as well as skip-bigrams of gap sigg: 0

peripheral plasma
peripheral cell
plasma cell
plasma myeloma
cell myeloma

Figure 13: Skip-bigrams with gap one for phraseperipheral plasma cell myeloma

The skip-bigram statistic can be computed as pmtend recall measures (C. Y.
Lin & Och, 2004a), as shown in Figure 14. In botkasures, the number of common
skip-bigrams between the source phrase and a arditirase within a specified gap is
computed. For precision, this common skip-bigramntas divided by the total number
of skip-bigrams of the source phrase within a dptgap. For recall, the common skip-
bigram count is divided by the total number of skigrams of the candidate phrase
within a specified gap. The skip-bigram precisiopasures the degree of skip-bigram
matching with the source phrase, while the skipdngrecall measures the degree of

skip-bigram overlap with the candidate phrase.
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CommonSkiBigramsWihinGap(SorcePhras&€andidateRrase
CounSkipBgramsWithmGap(SourePhrase)

Precisiorr

_ CommonSkipigramsWihinGap(SorcePhras&€;andidateRrase
CountSkipByramsWitlinGap(CanulatePhras)

Recall

Figure 14: Skip-bigram Precision and Recall metricsCommonSkipBigramsWithinGap(SourcePhrase,
CandidatePhrase) is the number of the common bigrambetween the source phrase and the candidate
phrase within the specified gap, and the CountSkip@ramsWithinGap is the number of skip-bigrams
within the specified gap distance.(C. Y. Lin & Och, 2004a)

For example, the source phrasencer of the lunglemonstrates how the skip-
bigram filter works. There are two potential UMLE&ncepts for this phras€0242379:
Malignant Neoplasm of the LuragndC0684249: Carcinoma of the Lunghe candidate
phrase for concept C0242379.isng Cancer The candidate phrase for concept
C0684249 iLancer of the Lungyhich become€ancer Lungafter stop word removal.
The source phrase after stop word removeaiscer lung The skip-bigrams with a gap
of zero for C0242379 ilsing cancey for C0684249 igancer lungand for the source
phrase isancer lung The skip-bigram recall score for C0242379 is/A)YWhile the
skip-bigram recall score for C0684249 is 1 (1/enefore, the returned UMLS concept
is C0684249Carcinoma of the Lung

Figure 15 shows an example of how the skip-bigréter fvorks using the source
phrasecancer of the lungThere are two potential UMLS concepts for thisgske:
C0242379: Malignant Neoplasm of the LuangdC0684249: Carcinoma of the Lung
The candidate phrase for C0242379usg CancerThe candidate phrase for C0684249
is Cancer of the Lungvhich become€ancer Lungafter stop word removal. The source

phrase after stop word removakencer lung The skip-bigrams with a gap of zero for

C0242379 idung cancey for C0684249 isancer lungand for the source phrase is
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cancer lung The skip-bigram recall score for C0242379 is/A)YWhile the skip-bigram

recall score for C0684249 is 1 (1/1). Therefore,rgturned concept is C0684249.

‘cancer of the lung’

A

y

cancer lung

C0242379: Malignant
Neoplasm of the Lung

C0684249: Carcinomd

of the Lung

A 4
Lung Cancer

\ 4

A 4

Cancer of the Lung

A 4

lung cancer cancer lung
A 4 A 4 A 4
lung cancer cancer lung cancer lung
0/1=0 1/1=1
A 4
C0684249: Carcinoma
of the Lung

Source
Phrase

Normalized
Source
Phrase

Candidate
Concepts

Concept
Phrase

Normalized
Concept
Phrase

Skip-
Bigrams

Skip-Bigran
Recall Score

Selected
Concept

Figure 15: Example Skip-Bigram filtering.
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The performance of skip-bigrams has been evaluatethchine translation
evaluation and summary evaluation, and has beemrstoperform at or above state-of-
the-art measures with less complexity (C. Y. Li©O&h, 2004b). The proposed annotator
will use the Recall measure, since it has been shouwnachine translation evaluation
research that n-gram recall is the biggest fact@valuations using n-gram measures
(Lavie, Sagae, & Jayaraman, 2004). In additionptiginal SAPHIRE system used a
high-precision approach to match all words in thigrse phrase in their original order,
and found that this resulted in missed concept mggW. Hersh & Leone, 1995). The
original SAPHIRE system used exact word orderyatrd eliminate false-positive
matches where all words appeared in a phrase lautlifierent order resulting in finding
a different meaning than the source phrase intentles proposed annotation system will
calculate the skip-bigram recall scores for alldidate phrases with a gap size of zero,
which is the strictest matching of word order, tsuess strict than the high-precision
approach. Whereas the original SAPHIRE system reduéxact word order, the
proposed annotation system will allow for gaps esmvwords, which imposes word
order as a requirement, but does not completelyireall words to match between the
candidate phrase and the source phrase. This enfert of word order while allowing
intervening words is the primary advantage of usimgskip-bigram approach. The
concept associated with the highest-scoring carteljplarase is returned. If there are ties
in candidate phrase scores, the concepts assowdtethe tied candidate phrases are

returned.
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Step 4: Additional Stages

The proposed system is not limited to the twerfihg stages presented above.
The coverage and coherence stages were desiggeck teimilar performance as the
MetaMap system. It is anticipated future work yilbvide additional filters, and may
even modify the coverage and/or coherence filexamples of additional filters are a
concept disambiguation filter and a language maddiiter. The concept
disambiguation filter could be implemented by udifgLS-provided concept co-
occurrence information. The general idea wouldodomake two passes over the source
text, annotating first all unambiguous conceptsl ten using the unambiguous
discovered concepts along with UMLS co-occurrenegrics to disambiguate remaining
concepts. A language modeling filter could useitifiermation retrieval approach of first
building a language model as part of the pre-pingsstep for all UMLS concepts
based on all synonymous phrases within a concéyet filter would then calculate the
probability of each candidate concept generatiegsthurce phrase based on the language
used in all synonymous concept phrases within glesiconcept. This approach differs
from existing approaches, which consider each symois concept phrase within a

single concept to be independent.
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5.1.2 Biomedical Semantic Annotation Evaluation

Evaluation of the annotation system will be donéno ways, using intrinsic and
extrinsic evaluations. The intrinsic evaluationl@ne by comparing the proposed
system’s concept output to the concept output®MietaMap system (Aronson, 2001),
and determining precision and recall values. Thdresic measure evaluates the

performance of proposed system’s concept outpat text summarization task.

5.1.2.1 Intrinsic Annotation Evaluation

The MetaMap system output is used as the gold atdriid measure against.
MetaMap takes a phrase as input and generategshenatching UMLS concepts. The
proposed annotator output for the same phrasemsgdghnerated and compared to the
concept(s) generated by MetaMap.

The corpus of 24 randomized controlled trial biomalbtexts (see Section 3.3) is
used to produce a set of noun phrases for evatuatmeliminate variability introduced
by various natural language processing techniquései identification of sentences and
phrases, MetaMap will produce a set of unique nmuases from the corpus. Once the
set of unique noun phrases is produced, MetaMapdd to map the concepts and its
performance is measured based on the amount ofttialees to annotate phrases. The
output of MetaMap is a list of the noun phrasesthed concept mappings. The
proposed annotator is then executed against the satrof noun phrases and its
performance time measured. The proposed annotataipsit is also a list of the noun

phrases and their concept mappings. The proposedatar concept output is then
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compared against the MetaMap concept output, aecigion and recall values
determined.

There are two measures for the intrinsic evaluai@nprecision and recall, and
(b) phrase annotation time. The first measure l@kkhe accuracy of the concept
mapping, and the second measure looks at the gf¢leel concept mapping.

Precison and recall measures are adapted to ftepbmapping rather than
document retrieval (W. R. Hersh, Mailhot, Arnott-8mé& Lowe, 2001). Precision is
defined as the fraction of mapped concepts whietcarrect, and recall is defined as the

fraction of correct concepts mapped, as showngnrei 16:

#of correctconcepts

Precisior= total# of conceptsnapped

#of correctconcepts

Recall= total# of MetaMapconcepts

Figure 16: Annotation Precision and Recall metrics

The timing performance of the mapping is definethasamount of time needed
to annotate a phrase. For a set of phrases, thaggevamount of time per phrase can be
provided, as well as the shortest and longest tneggired to annotate a single phrase.
Since the UMLS domain knowledge resources are |&wegn after preprocessing, they
can impact the annotation system startup time simeg are usually fully or partially
loaded at runtime. To account for this, two metvidié be produced: (a) concept mapping

time including annotation system startup time, @)dconcept mapping time without
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annotation system startup time. The idea is to gorae indication of the impact of

annotation system startup time on the speed oftahan.

5.1.2.2 Extrinsic Annotation Evaluation

The extrinsic evaluation is designed to measurgénmrmance of the annotator
by using its concept mapping output to performsk.tdhe selected task is text
summarization. The FregDist and SumBasic summaarerthe summarizers used (see
Section 5.2.4.2). Both summarizers only use comscapthe feature to select salient
sentences, and so their performance is entiragmntebn the concepts identified in the
texts. It is expected if the concept output is aat®) summarization performance will
improve because the concepts will have identifredadrtant areas within a text.

The evaluation will be done by first annotating &valuation corpus of 24 texts
using the proposed annotator. The FregDist andfreddrersion of the SumBasic
summarizers are then used to generate a summangcbfof the 24 texts using the
concept output from the proposed annotator. Assallve comparison for the evaluation,
the FreqDist and SumBasic summarizers will alscubein the same manner using the
concept output from MetaMap. All of the summaryputwill be evaluated against
manual summaries generated from domain expertg tisnROUGE tool, as described

in the summarization evaluation section (see Se&id.4).

5.2 Biomedical Text Summarization
For biomedical text summarization, two differeppeoaches are adapted to use

concepts rather than terms to identify salientipogt of text within a source text. The
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first is concept chaining, which uses ideas fromstexg research work done in lexical
chaining and applied to summarization applicatidine basic idea is to link together the
concepts found in a text based on semantic tyges s€émantic types with the strongest
chains are then representative of the text’'s napits. The second approach uses the
idea of reiteration, where an author repeats ingoboints. Reiteration is reflected in
the frequency of content terms used. Instead oigusirms, the use of frequently
occurring concepts is chosen instead. The novetlibations of the proposed semantic
annotation component of the system are as follgayshe use of concepts and an
associated semantic network to chain conceptshegét find text themes (BioChain);
(b) the use of concept, rather than term, frequénaagentify text themes; (c) the
development of a text summarization algorithm whitktches the concept or term
distribution of the source text to the generatedmary (FreqDist algorithm); (d) the
determination of the optimal length of a summangd ée) the identification of the
location within texts human summarizers draw targ the incorporation of this

information into a summarizer.

5.2.1 Biomedical Text Summarization Using Concelpai@ing
This section describes a proposed summarizatidersysalledBioChainSumm
which utilizes the concept chaining approach. Bia@Bumm applies the concepts and
methods of lexical chaining to biomedical text gsooncepts rather than terms.
BioChainSumm uses identified biomedical concepth@nsource text and chains
them based on their biomedical semantic type(gur€il7 shows the flow of the

proposed text summarizer BioChainSumm with conckpining processing. The basic
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idea is to first identify the strongest chainsifaicated by the number and type of
concepts found in the source text), and then seach sentence in the source text by
counting the number of strong chain concepts eanteace contains. The highest-

scoring sentences are then extracted to form a suynm

Libstract
S ‘ UMLS Metalap Transfer
Full text
i}
Noun phrases,
Concepts,

Semnantic Types,
Location Information

]!

BioChan Snm

Chain Concepts by Semantic Type
(Bio Chain Process)

0
‘ Identifyy Strong Chains ‘

s
‘ Identify frequent concepts within chains ‘

{1

Extract sentences based on nureber of
strong chain concepts they cortain

Figure 17: Proposed Text Summarization Process for BioChaingnm.

A concept chain is created for each semantic tgheed in the UMLS Semantic
Network (135 total). In this paper, a concept chsialso called a semantic type chain or
a semantic chain. Each entry in a semantic typmauantains a list of concepts
belonging to the semantic type. Each concept entaysemantic chain contains the
concept, sentence number, section number (rougtBgpaph), and source noun phrase.
If a concept belongs to multiple semantic types,(multiple concept chains), the

concept appears in multiple chains.
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Once all concepts within a source text have beentified and linked into
semantic type chains, the chains are then score@mtify the strongest chains. Each
chain is scored by multiplying the frequency of thest frequent concept in the chain by
the number of distinct concepts in the chain. Toisula incorporates a combination of
features as proposed by (W. P. Doran, Stokes, [Dan&i Carthy, 2004) and
Barzilay/Elhadad (Barzilay & Elhadad, 1997).

Once all chains are scored, strong chains, whiehtity the semantic types
occurring most often, are determined. Lexical cilgmesearch generally uses two
standard deviations above the mean of all chairesq®arzilay & Elhadad, 1997), and
we follow that method. The strong chains are sartezidescending order based on their
score. Strong concepts within the strongest chen@shen identified using two different
methods: (a) most frequent concept within eachrc{raultiple concepts having the same
frequency count are considered equal) (abbreveded
MostFrequentStrongChainConcept) and (b) all corscethin a chain (abbreviated
AllIStrongChainConcepts). Sentences from the sotéedeare then scored based on the
number of strong concepts they contain. After sezee have been scored, sentences are
sorted into descending order based on their s@txetopn sentences in the sorted list
are extracted, re-sorted into their order of apgeae in the original text, and presented to
the user. Figure 18 presents the pseudocode f@uthenarization algorithm, which
consists of several stages: concept mapping, coobeming, strong chain identification,
and sentence scoring and extraction. Each majge stethe process is detailed in the

following sections.
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Concept Chaining (Section 5.2.1.2)
FOR EACH concept and semantic type found
APPEND the concept to the semantic type chain
END FOR

Strong Chain Identification (Section 5.2.1.3)
/I Score each chain
FOR each semantic type chain
FIND the concept with the highest frequency
FIND the number of distinct concepts within thain
SET the chain score to concept frequency coumirfiber of distinct concepts
END FOR

/I Find minimum score required to be a strong chain

COMPUTE ChainScoreAvg = AVG(all chain scores)

COMPUTE ChainScoreStdDev = STDDEV(all chain scores)

COMPUTE StrongChainMinScore = ChainScoreAvg + @hainScoreStdDev)

/l Find all strong chains
FOR EACH semantic type chain
IF (chain score >= StrongChainMinScore) THEN
Chain is a strong chain
END IF
END FOR

Sentence Scoring and Extraction (Section 5.2.1.4)
// Score sentences

/l Two variations
I Variation #1: use most frequent concephim$trong chain
/l Variation #2: use all concepts in the strahgin

FOR EACH sentence
IF (sentence CONTAINS strong chain concept)
INCREMENT sentence score by number of
strong chain concept instances in sentence
END IF
END FOR

/I Sentence Extraction

1 Note: N is the number of sentences to output
SORT sentences into descending order by sentence s
EXTRACT top N sentences

SORT top N sentences into original appearancer orde
PRESENT top N sentences as summary

Figure 18: BioChainSumm summarization algorithm
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5.2.1.1 Text-To-Concept Mapping

In the preliminary work on BioChainSumm, the UMLSetdMap Transfer
application is responsible for finding UMLS Metasaeirus concepts in biomedical text
(United States National Library of Medicine, 2005b)processes text through a series of
stages (Aronson, 2001). The text is first splibisections, sentences are identified, and
words are tokenized. Lexical resources or pattaresused to identify entities such as
dates and locations. The part-of-speech taggeretags word with its part-of-speech. The
parser breaks sentences into phrases. The vaeaetagion step identifies variants of a
phrase, such as acronyms, synonyms, and derivhtaom spelling variations. The
candidate retrieval stage retrieves all UMLS Metaturus concepts containing the
variants. The retrieved candidate concepts aredhaluated, scored, and a final mapping

determined by the highest scoring concept.

5.2.1.2 Concept Chaining

Identified concepts are chained based on their seengype(s). A concept chain
is created for each semantic type defined in theLBNbemantic Network (135 total).
Each concept chain contains a list of conceptsngghg to the semantic type. Each
concept entry in a concept chain (or semantic ghaomtains the concept, sentence
number, section number (roughly paragraph numiaad, source text noun phrase. If a
concept belongs to multiple semantic types (i.aultiple concept chains), the concept

appears in multiple chains. Concept disambiguasarot explicitly implemented.

5.2.1.3 Identification of Strong Chains
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There has been no definitive measuredorisg chains, and the literature suggests
changes in scoring methodology do not adverselyanphaining results (W. P. Doran et
al., 2004). The original lexical chain paper by {k® & Hirst, 1991) defines three types
of strong chain features: (a) reiteration, (b) dgnand (c) length. Reiteration is
repetition of concepts throughout a text. Dengtphysical proximity of concepts; that
is, concepts closer together are more likely todbeted. Length is the number of concept
instances within a chain. Our scoring method, shimwfigure 19, includes a
combination of features as proposed by (W. P. Detal., 2004) and Barzilay/Elhadad
(Barzilay & Elhadad, 1997). Once all chains areredpstrong chains, which identify the
semantic types occurring most often in the sowrgt aire computed. Lexical chaining
research generally uses two standard deviationgeabe mean of all chain scores

(Barzilay & Elhadad, 1997), as shown in Figure 20.

—

Score(Chain) = Frequency of most frequen
concept * number of distinct concepts

Figure 19: Chain scoring

Strong(Chain) = Score(Chain) > (Average(Scores) +
2 * StandardDeviation(Scores))

Figure 20: Strong chain identification

5.2.1.4 Identification of Frequent Concepts and Bwamization

Summarization identifies sentences most likelytwagpthe main ideas of a text.
BioChainSumm uses the sentence extraction methgdrerate a summary. Sentence
extraction begins by first sorting the strong ckamnto descending order based on chain

score explained in Section 4.3. In each stronglaiher the most frequent concept in
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the chain is used (MostFrequentStrongChainConcell of the concepts are used
(AllStrongChainConcepts). Each sentence is assigrsmbre based on how many
concepts it contains from each strong chain.

For MostFrequentStrongChainConcept, a sentersx@ied higher if it contains the
most frequent concept from a strong chain. Multgmacepts having the same frequency
count are considered equal. When using AllStrong@@ancepts, a sentence receives a
higher score if it contains any of the conceptsifi@strong chain. Each strong chain
concept found increases the sentence score valorebyOnce all sentences have been
scored, the sentence list is sorted into desceratuhgy based on the computed sentence
score. The toprsentences are then extracted, wineisea user-defined upper bound on
the number of sentences to select for a summatheadriginal text. After the specified
number of sentences has been extracted, the sestarere-sorted into their order of

appearance in the original text, and presenteldetaser.

5.2.2 Biomedical Text Summarization Using Conceaggkency

Figure 21 shows an outline of a proposed algorithttedFregDistto generate a
summary given the full-text of some source (sotiezé) using a frequency distribution
approach. There are two stages: Initialization @achmary Generation. In the
initialization stage, the unit items (terms, cortsgptc.) of the source text are counted to
form a frequency distribution model of the textdanpool of sentences from the source
text is created. A summary frequency distributiomdel is created from the unit items
found in the source text, and their frequency ceane¢ initialized to zero. In the

Summary Generation stage, new sentences are skledie added to the summary.



55

Identifying the next sentence to be added to timensary is accomplished by finding the
sentence which most closely aligns the frequenstyidution of the summary to the
frequency distribution of the original source téxbr each sentence in the sentence pool,
a candidate summary is first initialized to the suemy generated so far, and then the
sentence is added to the candidate summary. Tlkdes@ summary frequency
distribution is then compared for similarity to theginal source text frequency
distribution. This similarity score is assignedhe sentence. After all sentences from the
sentence pool have been evaluated for their canioib to the candidate summary, the
highest scoring sentence is added to the summaryeamoved from the sentence pool.

This process is iterative, and repeats until treerdd length of the summary is reached.



Initialization:
/I Note: '-model' means 'frequency distributiondelo
INITIALIZE source-model to unit-items in source-tex
INITIALIZE summary-model,
candidate-model from source-model
SET all frequency values to 0

INITIALIZE sentence-pool to source-text sentences

Summary Generation:
REPEAT
INITIALIZE sentence-pool scores to 0
INITIALIZE best-score to O
INITIALIZE best-sentence to first sentence in poo

FOR each sentence-entry in sentence-pool
INITIALIZE candidate-model from summary-model

ADD sentence unit-item frequencies to candidatelel

SET sentence-entry.score =
similarity(source-model, candidate-model)

IF sentence-entry.scorescore > best-score
SET best-score to sentence-entry.score
SET best-sentence to sentence-entry

ENDIF

ENDFOR

ADD unit-items from best-scoring sentence
to summary-model

REMOVE best-sentence from sentence-pool

UNTIL desired summary size reached or
sentence-pool exhausted

Figure 21: FregDist - an algorithm for generating summariesusing a frequency distribution
approach.

56
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Five similarity functions were compared to find wiitype of function worked
best to evaluate a candidate summary’s frequerstsitmition to the original source text
frequency distribution. Each frequency distribut{candidate summary and original
source text) is modeled as a vector of unit iteBnsilarity functions are then applied to
the two vectors. Figure 22 shows the five simiafiinctions used. The notations are as
follows: ui is unit item;srcUlsandsumUlsis all unit items in source text or candidate
summary, respectivelgrc(ui) andsum(ui)is indexed unit item in the source text or
candidate summary, respectively. Cosine similgBigeza-Yates & Ribeiro-Neto, 1999),
Dice’s coefficient (Dice, 1945), Euclidean distarar®l vector subtraction (Subhash,
1996) are all well-known vector comparison methdasddition, an approach to vector
model comparison considering only unit item frequewas tried (Lee, Chuang, &
Seamons, 1997). Cosine similarity uses the cosigkeasalue between the vectors for
similarity. Dice’s coefficient looks at the numb&Ercommon terms between the two
vectors. Euclidean distance measures the distaeteebn the vectors in Euclidean
space. For vector subtraction, the absolute vdltieeadifference of each unit item in
each vector is summed to form a distance scoreumtiétem frequency approach
attempts to simulate cosine similarity without doenputational complexity by only

considering unit item frequency (Lee et al., 1997).
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> sum(ui) x sre(ui)
score = = = =
srcUls N2 srcUls )
Xt sum(ui)? x 370 sre(ui)
(a) Cosine similarity
2* count (srcUls n sumUls)
score = |

count (srcUIs ) + count (sumUls)
(b) Dice’s coefficient

score = (siws(sum(ui) — src(ui))?)Y?

ui=1

(c) Euclidean distance

score = S§S| (src(ui) x sum(ui)) |
ui=1
(d) Unit item frequency
srcUls
score = Y |(src(ui) - sum(ui)) |
ui=1

(e) Vector subtraction

Figure 22: Similarity functions to evaluate a candidate sumrary’s frequency distribution to the
original source text frequency distribution. (a) caine similarity, (b) Dice’s coefficient, (c) Eucligan
distance (d) unit item frequency, and e) vector subaction. Notations used: ui is unit item; srcUls
and sumuUIs is all unit items in source text or candate summary, respectively; src(ui) and sum(ui) is
indexed unit item in the source text or candidatetammary, respectively.
5.2.3 Biomedical Text Structure

To explore the text structure of biomedical teits) studies are proposed. Both
studies uses the corpus of biomedical texts aremtag domain experts with the
sentences they would extract from the source tefdrin a summary. The sentences are
selected from one sentence up to 20% of the nupfteantences in the text, as well as
the major section of the paper each selected semtgpears in.

The first study will determine the ideal size dfiamedical text summary. The

study will generate system summaries at differemression ratios, starting at 20% and
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working downward to 1%. The system summaries asguated using against model
summaries, as described in the Biomedical Text Samzation Evaluation section. The
model summaries will match the size of the systemegated summaries. Compression
ratio (a percentage of the sentences from the sdaxt), and a fixed number of
sentences will be used.

The second study explores how people draw sumsgarences from different
sections of a text. This information can be usedeaht different sections of a text more
heavily than others if people draw sentences framsection more than another section.
The sentences selected in the corpus by domaintexpdl be annotated with the section
they were pulled from. Using this information, adst will be developed to see if there
are any commonalities between the domain expemhat sections they pull summary
sentences from. After this information is gathetbd,concept frequency distribution
summarizer, which has frequency as its only featuilébe modified to include
weighted section information and the generated sames will be evaluated to show the

performance increase or decrease caused by thersegtighting.

5.2.4 Biomedical Text Summarization Evaluation

Summarization evaluation is typically done by conmgpa system-generated
summary to summaries generated by people (C. Lio&y, 2003), (Harnly, Nenkova,
Passonneau, & Rambow, 2005). For the proposedrobseae 2005 Document
Understanding Conference (National Institute oh8#ads and Technology (NIST),
2005) was reviewed for its approaches to evaluaystem-generated summaries.

DUC2005 used two different approaches: NIST antCi@umbia. Both approaches
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require the use of model summaries, which are nigner@ated summaries of a source
text. The system-generated summary and the modehsues are then compared to
form an evaluation of the system-generated summary.

The NIST approach uses two manual methods for atialuand one automated
method. The manual methods are subjective meastigeslity andresponsivenessand
no comparison is done with the model summaries.qtiadity method is implemented by
asking an evaluator to read the system-generatachany, and then answer a series of
five questions about it which inquire about gramuoadity, information redundancy,
anaphora resolution, focus, and structure and eoler(National Institute of Standards
and Technology, 2005b). The responsiveness evafug@tiational Institute of Standards
and Technology, 2005a) looks at the quality of infation in the system-generated
summary, and the granularity of the informatiop@ied. The idea is to understand how
well the system-generated summary responded tedafiga information need. The
automated method uses a tool called ROUGE (Recah@d Understudy for Gisting
Evaluation) (C. Lin, 2005) for comparing a systeamgrated summary to a set of model
summaries. The ISI/Columbia approach uses a mameiklod called the Pyramid
method (A. Nenkova & Passonneau, 2004). The Pyrameithod evaluates the common
information content between a system-generated sugnand a set of model summaries.
Information content is defined as an expressicanofdea without regard to the terms
used to express it. This analysis is difficult toaitomatically, and so a person is used to
annotate all summaries with their information comtand the overlap of the information

content between a system-generated summary ambdel summary is measured using
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frequency of occurrence. Both systems generatera sudicating how well the system-
generated correlates with the summaries producegxkbple for the same text.

In order to evaluate the proposed research woskimmarization, a corpus of
biomedical texts and a set of associated model sarramproduced from domain experts
has been acquired. This was done by asking thneaidcexperts (three Drexel
University College of Medicine medical studentghrir final year of study) to manually
generate extractive summaries from 24 biomedicas tisee Section 3.3). The students
used the same sentences as the source text tacpribgtir summaries. To evaluate a
system-generated summary, the output of the surmeras compared to the domain
experts’ (model) summaries using an automated Td@. proposed research uses the
ROUGE evaluation method because (a) it is completelomated as compared to
Pyramid, which requires at least some manual ationtand (b) requires fewer
summaries as compared to Pyramid, which requirestdlve summaries (Harnly et al.,
2005).

The ROUGE (Recall-Oriented Understudy for Gistingilgation ) tool (version
1.5.5) (C. Lin & Hovy, 2003) developed by the Infation Science Institute at the
University of Southern California is an automatedl tvhich compares a system-
generated summary from an automated system witloonmere ideal summaries
produced by people. No manual annotation of theesygienerated summary or the
domain-experts’ summaries is required. Becauskigsfand because of its usage in
recent DUC conferences, which gives it credibilityhe text summarization community,
the proposed research plans to use ROUGE. Thesdeaharies are called models, and

were generated by three medical students in timait year of study. ROUGE uses n-



62

gram co-occurrence to determine the overlap betwemmary and the models. An n-
gram can be considered as 1 or more consecutivdswBOUGE was used in the 2004
and 2005 Document Understanding Conferences (DN&jdnal Institute of Standards
and Technology (NIST), 2005) as the evaluation.tbbe ROUGE parameters from the
DUC 2005 conference (National Institute of Standamd Technology (NIST), 2005)
will be used to evaluate system summarizer perfao@aTwo recall scores are extracted
from the output of ROUGE to measure each summaf@iGE-2 and ROUGE-SUA4.
ROUGE-2 evaluates bigram co-occurrence while ROUBEHE-evaluateskip-bigrams
with a maximum distance of 4 words. ROUGE-2 and RBE-5U4 are also the measures
used by DUC 2005. The recall scores indicate tigeam overlap between the source text
and the model summaries. It is difficult to compR@UGE results outside of the corpus
and model summaries used in the evaluation. Fer#aison, we gathered several
summarizers from publicly-available sources in otdgprovide some meaningful
comparison among them using the same corpus amd s&tdel summaries.

The Pyramid method (A. Nenkova & Passonneau, 2@80#pstly a
manual evaluation effort, although there has beemesrecent work done to automate
part of the evaluation (Harnly et al., 2005). Pyichevaluation begins by identifying all
units of model summary text no bigger than a clavsieh express an idea. These
clauses are called contributors. The contributbrex@ressing the same idea are gathered
together into a Semantic Content Unit (SCU). An S€domposed of a unique index
(i.e., SCU1L, SCU2, etc.), a weight which is the bemof model summaries it appears in,
and a label which expresses the idea of the cantnib (A. Nenkova & Passonneau,

2004). After all SCUs have been identified, a pyichis formed based on the SCU
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weights, where each level of the pyramid has SOUlseosame weight, with the highest
weighted SCU at the top of the pyramid and descgndeighted SCUs forming lower
levels of the pyramid. A system-generated sumnetigen also annotated in the same
way as the model summaries. The pyramid exprelsasontent which should be in the
summary, with the top level expressing the mostoirtgnt content. The system-
generated summary is given a score computed hycbrsting the SCU overlap between
the model summary SCUs and the system-generated &Caach level of the pyramid,
multiplying the overlap count by the tier in thgrgmid where the SCU occurs, and
summing the overlap scores for each level of thamyd (A. Nenkova & Passonneau,

2004).

5.2.4.1 Model Summaries

The proposed summary evaluation requires thatytsterm-generated summaries
be compared with summaries produced by people.rpuscof manual summaries of the
selected 24 texts has been acquired by having stuelents from the Drexel University
College of Medicine in their final year of studyesst 20% of the sentences from each
paper to form a manual summary of each paper. &leetgon of sentences forms a model
summary. For each of the 24 papers, a corpus leasthelt which has three model
summaries (at 20% compression) as well as an ahstrhich also serves as a model
summary, for a total of four model summaries. huie work, the medical students will
take the sentences they selected from each o#tipa@ers and order them by importance
and also indicate the section of the paper eadesesis from (e.g., Introduction,

Method, Result, Conclusion, and so forth). Thiginfation will allow for studies
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exploring the ideal size of a summary (from 1%-2@%ywell as fixed amounts, such as
five sentences) and the location of extracted seete While the work in summarization
of news has found the ideal size of a summary t21%¢ (Goldstein, Kantrowitz, Mittal,

& Carbonell, 1999), the ideal size of a biomediext summary, particularly randomized

controlled trials, has not yet been determined.

5.2.4.2 Summarizers used for evaluation

Eight extractive summarizers are used for our extadn and briefly explained in
each subsection that follows. The BaseLine and SasieBsummarizers were
implemented for this evaluation, and each haveipialvariations. The Lemur MMR,
MEAD, AutoSummarize in Microsoft Word, OTS, and S®UEV summarizers are
publicly available. eight additional extractive smarizers were randomly selected based
on the type of summarization method and availgbilihere are roughly four categories
of summarizers selected: baseline, frequency-baseltiple feature, and redundancy-
sensitive, and we select two summarizers in eatdgosy. The two baseline summarizers
are Baseline-Lead, which sequentially selectsitee20% of sentences in the source
text, and Baseline-Random, which randomly sele@¥% af the sentences in the source
text. The frequency-based summarizers are AutoSuinenia Microsoft Word
(Microsoft Coporation, 2002)and Open Text Summar@a'S) (Rotem, 2003).
AutoSummarize is a feature of the Microsoft WorddMsoft Coporation, 2002) word
processing software, and although exact detailseo&lgorithm are not documented,
online help for the product indicates sentencesgusequently-used words are given a

higher score than sentences containing low frequeseds. OTS is an open source
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project where stemming can also be performed toiedite word variations. The two
summarizers using multiple features to identifyteanes are SweSum (Dalianis, 2000)
and MEAD (Radev et al., 2004). SweSum is a mutigiial summarizer for Swedish and
English text using features such as sentence posind numerical data identification.
MEAD is a single and multi-document summarizer gdgatures such as position of
sentence within the text, overlap of each sententtethe first sentence, sentence length,
and a centroid method based on a cluster of retbdedments. Finally, the two
summarizers which reduce information redundancy.areur Maximal Marginal
Relevance (MMR) (The Lemur Project, 2006)and SundB@s Nenkova &
Vanderwende, 2005). Lemur MMR iteratively sele@stences having a high query
similarity to an automatically-generated query, ardch are also maximally dissimilar
to sentences already included in the summary. SsioBaes a probability distribution
of terms in the text, and reduces term probabédgysentences containing the terms are
selected. SumBasic was also adapted to use coraefite input source, rather than
terms.

Each summarizer generated a summary that was &R@% of the length of the
source text. For example, if a source text consisi0 sentences, then 20 sentences are
selected and extracted by each summarizer andnpeelsas the summary. Selecting a
summary size was problematic. The news summarizdmain typically selects a size
of less than five sentences. This represents &fi®atof the size of a typical news story
(Goldstein et al., 1999). It has been generallyg that a summary should be no
shorter than 15% and no longer than 35% of theceatext (E. H. Hovy, 2005). The

following is a brief description of the approachised by each summarizer.
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5.2.4.2.1 BaseLine
The purpose of the baseline summarizers is togpwee indication of the level of

performance of a naive summarization implementafioro baseline summarizers were
implemented. The first baseline summarizer is dalaseline-Lead, and it sequentially
selects the first 20% of sentences in the sousde The second baseline summarizer is

called Baseline-Random, and it randomly selects 20%e sentences in the source text.

5.2.4.2.2 BioChainSumm
The BioChain summarizer (i.e., BioChainSumm) ukesconcept chaining approach

described in Section 4. Several different impleragoihs are evaluated. BioChain is
divided into two primary approaches based on timeept selection criteria in strong
chains for the sentence scoring: 1) using the fnegtient concept in the strongest chains
(MostFrequentStrongChainConcept), and 2) usingfdtie concepts within the strongest
chains (AllIStrongChainConcepts). Each of these annapproaches also implements
variations by providing each sentence (or eachnglvaith a certain weight. The first
variation is adding a sentence position heuristien® each sentence is initially scored as
1/N, where N is the number of sentences in thecsot@xt. The concept chain score is
then added to this base score. The idea is thagrssss in the beginning of the text are
more important than sentences at the end of dDa&tianis, 2000). It was also added in
response to informal qualitative feedback from oheur biomedical domain experts, a
final-year medical student, that the generated san@® did not include enough
introductory information. A second variation isfiiter out semantic types. The idea is

that not all semantic types are important to foamugor a particular user’s information
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needs. Our domain expert identified the semangiesymportant within the oncology
clinical trial domain. A chain is scored as zeradf in the list shown in Table 7. The

final variation is to combine the sentence positiearistic with semantic type filtering.

Table 7: Important Semantic Types for oncology clircal trials

UMLS Semantic Type UMLS Semantic Type Name
T37 Injury or Poisoning

T51 Event

T52 Activity

T61 Therapeutic or Preventative Procedure
T62 Research Activity

T67 Phenomena or Process

T81 Quantitative Concept

T169 Functional Concept

T170 Intellectual Product

T191 Neoplastic Process

5.2.4.2.3 Lemur MMR

The Lemur MMR application (The Lemur Project, 2086a summarizer built
using the idea of Maximal Marginal Relevance (MMRarbonell & Goldstein, 1998).
Carbonell describes marginal relevance as findatgvant sentences which contain
minimal similarity to previously selected sentenddaximal marginal relevance in text
summarization attempts to maximize the dissimyasitthe information content between
sentences within a summary. Lemur MMR iterativalests sentences based on
similarity to a query, and then selects sentenagsg a high query similarity which are
also maximally dissimilar to sentences alreadyudet in the summary. In the
evaluation no query was specified, so Lemur MMPomaétically generated a query
based on the source text. No domain specific kndgdesources were provided to the

summarizer.
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5.2.4.2.4 MEAD

MEAD (Radev et al., 2004) is a single- and multigleeument summarizer using
multiple features to score sentences. Some ofeidueifes include position of sentence
within the text, overlap of sentence with the fgshtence, sentence length, and a centroid
method based on a cluster of related documentghEavaluation, we used the MEAD
Demo located at http://tangra.si.umich.edu/claivbiecho.cgi. No domain specific

knowledge sources were provided to the summarizer.

5.2.4.2.5 AutoSummarize

The AutoSummarize is a feature of the Microsoft WMicrosoft Coporation,
2002) word processing software. AutoSummarize setan a word frequency
algorithm. Each sentence in a document is givesoeeshased on the words the sentence
contains. Although the exact details of the al¢ponitare not documented, the online help
for the product states that sentences using frelyaesed words are given a higher score
than sentences containing low frequency words. dioain specific knowledge sources

were provided to the summarizer.

5.2.4.2.6 Open Text Summarizer (OTS)

The Open Text Summarizer (OTS) is an open souedgirwhich provides a
library for summarizing arbitrary texts (Rotem, 300t is based on a frequency-based
approach, where the most frequently occurring wardsassumed to be indicators of the

text theme. Stemming can also be performed to Béteiword variations, so that for
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exampleyearis not distinguished from the plungdars Users can provide their own set
of stemming rules. For the evaluation, the pretlmuimmarization library was used with

no change to the stemming rules. No domain-spe@$ource is used.

5.2.4.2.7 SumBasic

The SumBasic algorithm (A. Nenkova & Vanderwend#)3) is a recent
frequency-based algorithm. The original algorithiorks using terms as the unit item to
count. For this evaluation, we have modified itlsat the unit items can be terms or
concepts. SumBasic incorporates a component farigigscoverage of weaker concepts
within a text. There are four steps in the algonitiThe first is to determine the
probability distribution of all concepts found witha source text by computing the
number of times a unit item appears in the texided it by the total number of unit
items found in the text. The second step is toeseach sentence by summing the
probabilities of all unit items within a senten@ée third step determines the sentence to
be extracted by finding the highest-scoring sergembe fourth step then reduces the
probability of each unit item appearing in futusgracted sentences by multiplying each
probability of each unit item in the last extracgsshtence by itself. The implementation
using terms as unit items first had a stop wortdcdlpplied. For the implementation using
concepts, the UMLS Metathesaurus was used as thaidespecific resource (the same

as the BioChainSumm summarizer).

5.2.4.2.85WESUM
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SweSum (Dalianis, 2000) is a multi-lingual summarior Swedish and English text.
SweSum uses multiple features for scoring sentesael as sentence position and
numerical data identification. Sentences locatetieean a text are scored higher than
sentences at the end of the text. Sentences cmgtainmerical data are given additional
weight. User-specified keywords can also be pravideboost sentence scores for those
sentences containing the keywords. For the evaluaie used the online version located
at http://swesum.nada.kth.se/index-eng-adv.htme. fElxt type was set #hcademicand

the summarization size was to 20%. No other pararmetere set, and no domain

specific knowledge sources were provided to thersarizer.
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6. LITERATURE REVIEW
The review of literature is divided into four sects. The first two sections
describe semantic annotation. Domain-independenasigc annotation is first described
followed by semantic annotation for biomedical sexthe last two sections describe two
recent text summarization methods: lexical chaimhtgrms and term frequency. These

two methods are adapted in the proposed reseat@etooncepts rather than terms.

6.1 Semantic Annotation

Semantic Annotation is a method for providing maehinderstandable
information based on meaning. One way to providammg by creating ontologies, and
then linking information within a document to sifieations contained in the ontology
using a markup language (Berners-Lee et al., 2@ifologies are conceptualizations of
a domain that typically are represented using donaacabulary (Chandrasekaran et al.,
1999). Semantic annotation is the process of mgppistance data to an ontology.
Benefits of adding meaning to the Web include: guprocessing using concept-
searching rather than keyword-searching (Bernees4teal., 2001); custom Web page
generation for the visually-impaired (Yesilada, ptar, Goble, & Stevens, 2004); using
information in different contexts, depending on tieeds and viewpoint of the user (Dill

et al., 2003); and question-answering (Kogut & Hedmn2001).
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6.1.1 Semantic Annotation for General Text-basedubeents

Manual annotation can be done using tools sucleam8Btic Word (Tallis, 2003),
which provides an environment for authoring as \aslmarking up documents from
within a single interface. However, manual apprescsuffer from several drawbacks.
Human annotators can provide unreliable annotddomany reasons: complex ontology
schemas, unfamiliarity with subject material, anatiration, to name a few (Bayerl,
Lingen, Gut, & Paul, 2003). It is expensive to huean annotators markup documents
(Cimiano, Handschuh, & Staab, 2004). A human anaotaay not consider using
multiple ontologies (Dingli, Ciravegna, & Wilks, @8). Documents and ontologies can
change, requiring new or modified markup, whichdketo document markup
maintenance issues (Dingli et al., 2003). Findhg, volume of existing of existing
documents on the Web can lead to an overwhelmsigfta humans to manually
complete (Kosala & Blockeel, 2000). For all thesasons, manual efforts have been
identified as a “knowledge acquisition bottlene{klaedche & Staab, 2001).

Semantic Annotation Platforms (SAPSs) are systempddorming semi-
automatic semantic annotation. Semi-automatic systeather than completely
automatic systems, are used because it is noogsilge to automatically identify and
classify all entities within source documents witimplete accuracy (Popov et al., 2003).
There are many advantages of semi-automatic ammotatich as providing document
volume scalability by reducing or potentially elmating the human workload (Dill et al.,
2003), and providing annotation services wheresthece document is not available for
write access (Dill et al., 2003). SAPs vary in trechitecture, information extraction

tools and methods, initial ontology, amount of meanuork required to perform



73

annotation, performance and other supporting feaflguch as storage management of
ontologies, knowledge bases, and annotations. S#ARs were designed for a specific
domain, but usually can be adapted to fit new domai

Figure 23 shows the general abstraction layer®AR. The Application layer is
responsible for providing an end-user interfacth&oannotation services provided by a
SAP. Examples include facilities for annotatingogwiment or document set and then
potentially confirming the annotations before cortimg them, providing a query
interface for searching annotations, and providinger interface for configuring the
information extraction component. The Upper Integilayer is primarily the application
programming interface (API) layer. A set of prograatic interfaces are described in this
layer. Applications call the defined APIs in ordemperform actions on behalf of an
application. The APIs can be quite numerous, cogesinnotation, information
extraction, search, storage management, and mhaey mtovided services. The Upper
Interface APIs are designed to shield the appbeatirom changes in the Lower
Interface. The Lower Interface contains the acteahponents that perform work for an
application. The Upper Interface will remain cotesid to an application, but the Lower
Interface is expected to change based on the wdomponents used. For example, the
Information Extraction component may switch frorpadtern-based tool to a statistical
tool, and it is unlikely the programmatic interfase¢he same for both. The Upper
Interface implementation will need to change tooacmodate the various Lower
Interface components. Finally, the Storage Layelesigned to provide storage and
storage management facilities for storing long-telata such as annotations and

knowledge bases.
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Examples of existing annotation platforms inclucs@DAML (Kogut &
Holmes, 2001), Armadillo (Dingli et al., 2003), Mn{Wargas-Vera et al., 2002), MUSE
(Maynard, 2003), Ont-O-Mat (S. Handschuh, Staaki&vegna, 2002), and
SemTag/Seeker (Dill et al., 2003). The platformes@imarily distinguished by (a) the
features offered, (b) the information extractiontimoel used to find entities within
documents, and (c) whether or not they are extendteatures offered by SAPs include
ontology and knowledgebase management (storager®diaccess APIs, annotation
storage to allow multiple ontologies/annotations giecument, and information

extraction methods.

Application

Upper Interfaces

Lower interfaces ) ) .
Entity Entity Relation
Information Extractio Identificatior Identificatior

Storage

Document Domain Ontology &
Annotations Knowledgebase

Figure 23: General architecture of a semantic annattion platform.
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Semantic annotation requires an ontology in ordgrerform concept instance
mapping. Ontologies are usually architected usnwglk, such as upper and lower. The
upper ontology consists of general concepts, whadower ontology has a deeper
specialization of the upper ontology concepts (M=, Navigli, & Velardi, 2002).
Some semantic annotation platforms place the ressipility on the user for constructing
an initial ontology. Examples include MUSE (Mayna2003) and Ont-O-Mat (S.
Handschuh et al., 2002). Other platforms providendial ontology as part of their
development. The KIM platform provides an ontolagyled KIMO that is designed to
provide a minimal open-domain ontology, and is dase OpenCyc, WordNet,
DOLCHE and other upper-level resources (Popov.e2@03). KIMO is composed of
approximately 250 classes and 100 attributes datiaes, and the specialization of
classes is derived from an analysis of a corpwgenéral news (Popov et al., 2003). The
Seeker platform uses TAP, which is a shallow kndgédbase that contains information
about a broad range of popular culture subjectd) ag movies, sports, and so forth (Dill
et al., 2003). The TAP knowledgebase has abouD®Zddbels that are used to tag
instances found in documents. The MnM platform @skand-crafted ontology called
KMi (Knowledge Management Institute) (Vargas-Vetale, 2002). The AeroDAML
platform uses the commercial product Aderotext, @tiltzes an upper-level ontology
based on Wordnet, while the lower-level ontologgauthe common knowledgebase of
AeroText (Kogut & Holmes, 2001). Armadillo providas example of a platform where
the initial ontology is very light weight, consisty of an address-book type of ontology
where members of a computer science departmedistevered and populate address

information, such as name, phone number, addredss@aforth (Dingli et al., 2003).
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6.1.1.1 Classification of Platforms
Current semantic annotation platforms use sevee#thods for information

extraction (IE) from Web documents. Figure 24 shavwserarchical classification of
annotation platforms, and this classification carubed to organize the platforms
performing semantic annotation. While semantic gaman platforms have many
aspects, the information extraction approach ctigrersed to find entities within text has
the most impact on the effectiveness of the platfdfor this reason, the IE approach of
each platform is used to organize the platformssémantic platforms develop, it is
anticipated that the classification structure adhpt to newer approaches as well.

The top-level approach is multi-strategy, whichsuse&eombination of the lower
level approaches. A platform using a multi-stratagproach is able to adapt its IE
methods based on the text it is processing in dadebtain the best results. The multi-
strategy approach uses a high-level identificatibtext genre, and then executes the
appropriate IE methods. This is in contrast to lelegel approaches using newer IE
algorithms such as RCiravegna, 2001) in platforms such as KIM (Popbale 2003),
which are able to use machine-learning to perfar® induction using both structural
and linguistic information. No semantic annotatpmatform to date is using a complete
multi-strategy approach incorporating both patemd machine-learning approaches. The
MUSE system comes the closest by using text femtmd then conditionally executing
rules based on the text features (Maynard, 2003).

The two primary lower levels are pattern-based wddthand machine-learning
methods. Pattern-based methods are systems comploseahual rules. The rules are

typically hand-crafted rules that define how easittan be found in text (Maynard,
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2003). Examples of such systems are AeroDAML (Kdgttolmes, 2001), MUSE
(Maynard, 2003) and SemTag/Seeker (Dill et al., 330A limiting factor on the
scalability of such systems is that the manual geleeration process can be maintenance
intensive. Each time a data source changes, thégfireed rules may also need to be
changed. Machine-learning approaches use pre-aedaaamples to learn how to
identify entities. Rules are learned automaticallyd this type of rule learning is
currently used in platforms using the Amilcare kap{University of Sheffield, 2002),
which implements the 4algorithm (Ciravegna, 2001). Examples of systegisgirule
learning are Ont-O-Mat (S. Handschuh et al., 2@0@2) MnM (Vargas-Vera et al., 2002).
Hidden Markov Model (HMM) is an example of anotheachine-learning approach that
can also be used. HMM is not currently being usedry of the semantic annotation

platforms as an information extraction method.

Multistrateqy
Pattern-based Machine Learning-based
Rules -
Patter! Probabilistic Wraoper Inductior
-JAPE _
-HTML -Hidden Markov o
structure -Taxonomy Models -Linguistic
analysis label
matching -N-gram analysis -Structural
-Bayes classifier

Figure 24: Classification of Semantic Annotation Ritforms
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6.1.1.1 Pattern Discovery

Patterns are also a widely-used technique in secnambotation platforms.
Pattern discovery works by taking a few seed samfileding entities based on the
patterns, expanding the seed samples with pathenmsthe new entities found, and
repeating the process until no more instancesoansdf, or the user stops the iterative
process (Brin, 1998). Patterns can exploit knangulistic patterns, such as Hearst
patterns (Hearst, 1992), to find entities, as isedim the Ont-O-Mat using PANKOW
platform (Cimiano et al., 2004). The Ont-O-Mat fdamn has been updated to replace the
Amilcare component with a pattern-based comporeatied PANKOW. The Ont-O-Mat
platform (S. Handschuh et al., 2002) demonstrétesisefulness of an extensible
semantic annotation platform, where componentsdeareplaced without losing or
duplicating the features already available (Cimiahal., 2004). The Armadillo platform
is also example of a platform that uses a smalbfsigtitial seeds to begin a pattern

discovery process.

6.1.1.2 Rules
Rules can be manually-generated, as MUSE (May2&@B) does with the JAPE

grammar (Cunningham, Maynard, & Tablan, 2000) hertcan be generated with
machine-learning techniques. In this case, rulesansidered the rules that are a subset
of the pattern classification in Figure 24. Thdalénce is the rules are initially manually
specified by the user. Rules can take many formthd Seeker platform, the rules are
labels (Dill et al., 2003). SemTag, the semantygilag component of Seeker, uses the
labels stored in the knowledgebase to find instalé@ntology concepts, and then uses

statistical likelihood to determine where in theéaogy tree an instance is most likely to
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be contained (Dill et al., 2003). The process isaompletely automatic, however, as an
initial set of training data must be provided. Ehghors report 700 entries as the initial
size of the training set (Dill et al., 2003). hetMUSE platform, rules are written using
the JAPE grammar (Maynard, 2003). The MUSE platferian interesting rule-based
system because it can adapt the rules used iy afdittification depending on text
attributes, such as language, document type, dauusoerce, and so forth (Maynard,
2003). The result is a rule-based platform thatgoers competitively with machine-
learning based platforms (Maynard, 2003).
6.1.1.3 Machine Learning

Platforms based on machine learning are dividegigusie machine-learning
method, which are currently two approaches: prdiséibiand wrapper induction. The
more common of the two approaches is wrapper imoluck is anticipated that future
research in semantic annotation will take advantdgeachine-learning based
approaches, because they help to relieve the maffod required in building rules,
which is the primary drawback of pattern-based epgines. For example, the Rainbow
system is a domain-specific annotation system dgeel for aggregating product
information from multiple web sites, and then pading search over the aggregated

information (Svab Ondrej, Labsky Martin, Svatek ¥aj, 2004).

6.1.1.3.1 Probabilistic
Probabilistic methods use algorithms such as Hiddarkov Models (HMMs) to
perform information extraction. For example, the D¥WOLD tool (Borkar,

Deshmukhy, & Sarawagiz, 2001) uses HMMs for infaiioraextraction, but it has not
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yet been integrated into a semantic annotatiorigotat The Seeker platform uses a
probabilistic approach to help eliminate mis-clsation caused by its simple tagging
approach within the SemTag component (Dill et2003). SemTag has a pool of
approximately 72,000 labels that it uses to fintitgmstances within text. It is likely
that some of the labels will be duplicated but eored in different parts of the ontology.
SemTag incorporates an algorithm as part of itgitegprocess to determine the
probability of a particular label belonging to atpaular class in the ontology. In the
Rainbow project, where product catalog informafim@m a specific domain is extracted
from multiple sites, the information extraction pon project uses Hidden Markov
Models as its primary method. While the performaisagompetitive with other
approaches, the resulting system developed frombRai has not yet been incorporated
into a general purpose semantic annotation platf@imee most likely reason is that the

generated model is domain-specific (Svab Ondrdyskg Martin, Svatek Vojtech, 2004).

6.1.1.3.2 Wrapper Induction

A wrapper is a function from a page to the seupfds it contains (Kushmerick,
Weld, & Doorenbos, 1997). Wrappers are used wheretbxists a repeatable structure to
extract information from. Many web sites have pag@serated using from a back-end
database, and the pages generated follow a comenidte. The purpose of wrappers is
to reverse the page generation process in ordetrieve the original database tuples.
Wrappers can be hand-crafted, or they can be ldakanual wrappers require the user
to mark areas of interest within a document. Thehime can then extract entities from

documents with a similar structural format as thenoally marked-up document
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(Vargas-Vera et al., 2002). Kushmerick (1997) dadia method for performing wrapper
induction, where the wrappers are automaticallynled from example query responses
from a data source. Wrappers are most effectivettne data is presented in a structured
format, such as product catalogs (Dingli et alQ30

Wrappers can also be linguistic-based, where tla@par induction process
discovers linguistic rules for identifying entiti@gargas-Vera et al., 2002). Amilcare
implements the LPalgorithm (Ciravegna, 2001), which performs ruldtiction using
both linguistic and structural information (Ciravieg 2001). It is intended to provide a
combination of IE approaches such as wrapper inolu¢Kushmerick et al., 1997) and
linguistic approaches from the natural languagegssing community. The Amilcare
toolkit is used by several platforms, such as MMdr@as-Vera et al., 2002), and Ont-O-
Mat (S. Handschuh et al., 2002).

6.1.1.4 Multi-strategy
A multi-strategy approach uses a combination off im&chine-learning and

pattern-based approaches. No surveyed SAP usesulliestrategy approach. However,
this approach could be used by a platform whiclptsdiés processing based on the
document genre or specific text features. Suchtaagaprocessing would apply the most
effective processing for each type of document. dibsest SAP that performs adaptive
processing is the MUSE system (Maynard, 2003). MUS&S a pipeline approach to
identify text features that can be used to perfoomditional processing. MUSE uses the
JAPE grammar (Cunningham et al., 2000) to defihesrto perform semantic annotation,
and the JAPE rules are fire conditionally, basediexh features. The conditional
processing approach used by MUSE makes it comyetitith machine-learning based

approaches (Maynard, 2003).
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Table 8 shows the author-reported performance abwsa platforms, with the
exception of AeroDAML, Ont-O-Mat using Amilcare ail@mTag, whose authors did
not provide complete performance information. Htendard measures of Precision,
Recall, and F-measure, taken from the informatietmieval field, were used by the
remaining SAP authors in determining annotatioeaiveness. In the general definition
of recall and precision shown belowgccurate and inaccurate refer to annotations
generated semi-automatically by a SAP, whlilerefers to all annotations generated by a

human annotator.

accurate
all

Annotation Recalk

accurate
accurate + inaccurate

Annotation PrecisiorF

F-measure is the harmonic mean of precision analréiche highest performing
machine learning-based platform is MnM. For patieased platforms, MUSE is best.
The worst performing is Ont-O-Mat using PANKOW. PRAW is a recent effort to use
unsupervised learning in a pattern-based systewh, p@nformance improvements are

expected as the system develops further (Cimiaab,e2004).
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Table 8: Semantic annotation platform information etraction methods and performance

measurements.
Platform IE Method Precision Recall F-Measure
Armadillo Pattern Discovery 91 74 87
KIM Manual Rules 86 82 84
MnM Wrapper Induction 95 90 n/a
MUSE Manual Rules 93 92 93
Ont-O-Mat using Pattern Discovery 65 28 25
PANKOW
SemTag Semi-automatic Rules 82 n/a n/a

Semantic Annotation Platforms were developed teigdea level of automation
to the semantic identification of text within docents, and to also overcome the
limitations of manual annotation, such as annotatotivation and domain knowledge
(Bayerl et al., 2003), changing and multiple ongids, and providing multiple
perspectives (Dill et al., 2003).

Several semantic annotation platforms currentlgteslistinguished primarily by
their annotation method, as that component hakthest impact on the effectiveness of
semantic annotation. The two primary approachepatern-based and machine
learning-based. Machine learning algorithms ofteriggm more effectively than pattern-
based methods, but the MUSE system shows thaedagded system using conditional
processing can perform as well as a machine leguigystem (Maynard, 2003).

Applications making use of annotations generateddogantic annotation
platforms are beginning to appear. These applicatawe information retrieval by
semantic entity rather than by keyword, custom wate generation based on different

user needs and perspectives, question-answeritensysand visualization of a domain.
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6.1.2 Semantic Annotation for Biomedical Text-baBeduments

Most work in semantic annotation for biomedicalttex performed to support
semantic indexing/retrieval and data mining of béaical texts (Aronson, 2001).
Concepts are identified in the text and then indexdsers can then retrieve the
biomedical texts using the biomedical concept rathan searching by terms. Indexing
biomedical text can be done in an offine mode.r&he no requirement to index a text
while the user is waiting for a response. Indexiegt is also primarily interested in
finding all possible concepts within a text. Foample, the phradeing cancercan map
to three concepts:lyng, cancer, lung cancgr Some biomedical annotation systems,
such as MetaMap (Aronson, 2001), find a single bestich for phrases within a source
text in order to understand the author’s intentidftee examplelung cancemaps to the
single concept lung cancef rather than the three distinct concepts listedvab The
phrase is clearly talking about lung cancer, andantung and any type of cancer, as
would be the case if the conceplsrg} and {cance# were identified as unique concept
instances. While most of the work identified heras hbeen designed for semantic
indexing, the methods used to find concepts in@otext, as well as the methods used to

evaluate the resulting system, are important tevev

6.1.2.1 General Approach
A common approach to most systems is to use tleviog method:
1. Construct a unit of analysis by generating stsbskwords in the source text

(e.q., phrase, sentence)
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2. (Optional) Normalize the source text unit ustigLS (National Library of
Medicine, United States, 2006b) by (a) removingspsasives, (b) replacing punctuation
with spaces, (c) removing stop words, (d) conventds to lower-case, (e) breaking a
string into constituent words, and (f) sorting werdto alphabetical order

3. For each word in the input phrase, build a §atl@oncepts containing the
word;

4. Find the intersection of the concept sets;

5. (Optional) Find the best matching concept basethe common word

membership between the source text and concept text

The unit of analysis is usually a phrase. Noun ghiae typically used because
they have more content information (Elkin et a@88). Other unit of analysis include
sentences (W. R. Hersh & Greenes, 1990), and urestderms (Zou et al., 2003). Each
unit of analysis has pros and cons. Phrases logexdoal value when a single concept is
spread across multiple phrases (P. Nadkarni, Gh&mandt, 2001), (Zou et al., 2003).
Sentences overcome the loss of context when usirages, but suffer from several new
problems (P. Nadkarni et al., 2001): 1) findingaha concepts when using all
permutations of words in the sentence, and 2) simm@ words are in a sentence than in
a phrase, concept identification becomes more ctatipoally complex. It is also
possible to eliminate natural language processmbtieat the entire text as a set of
independent terms. The IndexFinder system (Zol,2@03) is an example of this
approach, which overcomes the computational limoitat of the sentence approach. A

problem with this approach is that concept canediriked back to their source (e.g.,
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phrase or sentence), since the words are permuteaghout the text. Another problem

is the over-generation of concepts, which the asthontrol with various filters, such as
semantic types and term ranges. The unit of arsafgsieach of the reviewed systems, as
well as the method used to identify the unit oflgsig, is shown in Table 9.

Four types of matches between the terms of a saesteand UMLS concept
phrase have been defined in the literature (Aron$89a6):

- None there is no match of terms;

- Simple there is an exact match between the terms inetkteof the source and

the UMLS concept text;

- Partial: one or more terms do not match exactly;

- Complextwo or more sets of terms map to distinct consept
The most common types of matches are Simple artchPaihe last column in Table 9
lists for each system whether the system suppartpl8, Partial or both. Typically the
match types form a simple hierarchy. All systemgpsut None and Simple. Systems
which support Partial also support None and Singolé, systems supporting Complex
support None, Simple, and Partial as well.

The identification of a phrase is typically donéngsnatural language processing
(NLP), where a part-of-speech tagger is first exetwver a sentence, and then using
parts of speech to build a noun phrase. Other appes include using NLP Heuristics
which do not use strict NLP processing (P. M. Nadkda 997), moving window where
all combinations of a sentence words are genetatbdild a phrase (Wollersheim et al.,

2002), and using pre-defined block text sizes (WH&sh & Greenes, 1990).
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Table 9: Attributes of Several Biomedical Annotatiomm Systems

System Unit of_ Identification Method Mapping
Analysis
Concept Locator Phrase NLP Heuristics Simple, &larti
Dynamic Taxonomy | Phrase Moving Window Simple
KnowledgeMap Phrase NLP Simple, Partial
. Unordered All words, excluding Simple, Patrtial
IndexFinder
Terms stop words
MetaMap Transfer Phrase NLP Simple, Partial,
Complex
PhraseX Phrase NLP Simple
SAPHIRE Sentence Text block Simple, Partial
SENSE Phrase User-specified Query Simple

6.1.2.2 Biomedical Semantic Annotation Platforms

Multiple systems have been previously built to iempént various ways to
perform concept annotation of biomedical textstHa following sub-sections, several
existing systems which perform mapping from a seuext to UMLS concepts are
reviewed. The focus is on the algorithmic approaebaluation method, and failure

analysis, when provided, for each system.

6.1.2.2.1 Concept Locator

The Concept Locator (P. Nadkarni et al., 2001)esystises a phrase-based
approach to identify concepts for indexing andiegtl.

Algorithm Input phrases from the source text are identidisitig the IBM
Intelligent Text Miner’s Feature Extraction Tooloikept Locator uses a subset of
UMLS. The subset removes redundant concepts, ctsaapelated to clinical medicine,
concepts having eight or more terms, and suppiessyponyms (synonyms which result

in ambiguity, such asomplicationsbeing a synonym aomplications Specific to
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Antepartum or PostparturfAronson, 2001)). To match concepts to the inpuagpe, the
algorithm steps are as follows: 1) The input phiagest stripped of stop words and
words which do not appear in the UMLS. Any resigtphrase over five words is
rejected. 2) An exact match of concept words taiimghrase words is then attempted by
using all words in the input phrase to match afla@pts having the same set of words,
regardless of word order. If the match results apping the input phrase to a distinct
concept, the concept is output and the mappingitghgo stops. 3) If no exact match is
found, two cases are handled. In the first caplrase consists of a single word. If the
word is defined as ambiguous by UMLS, no furthetahisg is attempted. In the second
case, a phrase consists of two or more words. 8ibsw/ords in the phrase matching is
performed by finding complete concept word matdbesll combinations of words {N-
1, N-2,...2} where the concept match results in glsimlistinct concept. Words which
are not matched are sent back to algorithm steff ## subset matching results in no
concept matches, individual words in the input parare matched to single-word
concepts. 4) If an input phrase from step 2 or &hes several concepts, concept
disambiguation is performed by stemming both thedsan the concept and the input
phrase, and then comparing each for an exact noattle stemmed words. The
disambiguation step is on a best-effort basis;ifhat is possible for disambiguation to
fail and still result in mapping an input phrasertoltiple concepts.

Evaluation A manual evaluation of the concept mapping owt performed
using a corpus of 24 biomedical documents (12 e&discharge summaries and surgery
notes). A domain expert manually identified UMLShcepts in the corpus texts, and then

compared the output of Concept Locator concept mgppo the manually-annotated
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corpus. It was found Concept Locator matched casaagrectly for 76.3% of the
phrases.

Failure Analysis The authors identify three categories of coneeapping
failures: (a) use of noun phrases, (b) UMLS contand (c) matching algorithm. The use
of noun phrases cannot locate concepts spreadsagror more noun phrases, resulting
in matching two or more concepts rather than aipetngle concept. Also, spelling,
grammatical errors, and proper names can confuseahéanguage parsers. UMLS
content influences performance because it is indet@mpUMLS does not list all possible
term variations, may have missing biomedical cotssegnd has redundant concepts. The
matching algorithm has built-in limitations, suchfeve-word maximum phrase length,

which causes some phrases not to be mapped.

6.1.2.2.2 Dynamic Taxonomy

The Dynamic Taxonomy system (Wollersheim et alQ2Z)@vas designed to
automate the construction of indexes to be combividgdontologies for biomedical text
retrieval.

Algorithm The Dynamic Taxonomy (DT) uses two different hoets for
extracting phrase: NLP and moving window. The NipPraach uses part-of-speech
taggers to construct phrases. DT studied threeréifit part-of-speech taggers. The
moving window approach is an algorithm the autlpropose which produces input
phrases by taking a combination of N consecutiveda/oA word is considered to be a
text string with more than three characters. Thbams studied window sizes of N=1 to

6. UMLS concept matching was performed by normagjzhe input phrase text using the
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UMLS lexical tool LVG (National Library of MedicindJnited States, 2006b). The
normalized input phrase is then compared to the 8Mancept phrase list looking for
exact matches.

Evaluation The DT system was evaluated by first having mao expert
identify all possible concepts found in a six-paganedical text having 2,982 words.
The domain expert’s annotations were then compagecst the output of the DT
matching process. Nine variations of the systemeweealuated based on phrase selection
method: three variations using part-of-speech teg@ad six variations using sliding
window sizes of one to six words. Precision an@lfegere measured. The best-
performing variation using part-of-speech taggiag h precision of 28% and recall of
19.5%. The recall for the six variations usingisiggwindows was approximately 11%
while precision ranged from approximately 47% t&61

Failure Analysis The authors believe that UMLS contains words Wwido not
contain much medical content, and therefore if lated would result in better
precision/recall scores by eliminating false pesitmappings. In addition, they found
that the domain expert maximized index size, ansuggested multiple concepts for a
single phrase. The multiple concepts identifiedi®/domain expert went from highly-
general concepts to highly-specific, and oftenratlinclude words from the original
source text. Finally, the authors suggest usingnigarom paragraph to identify

meaning in subsequent paragraphs.

6.1.2.2.3 KnowledgeMap
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The KnowledgeMap system (J. C. Denny, Irani, Welmithers, & Spickard,
2003) is designed to identify concepts in biomedeckcational texts for indexing.

Algorithm KnowledgeMap’s concept identification componenkmown as
KnowledgeMap Concept Identifier (KMCI) and consistghree phases: sentence
identification, concept identification, and concdambiguation. Sentence and noun
phrase identification is done by using a natunadjisage parser. Concept identification is
done by taking a noun phrase and finding a setME8 concepts which match the noun
phrase. If no concept match is found, then variahthe terms in the noun phrase are
generated and the matching process retried. Neemy phrases linked by grammar
(such as conjunctions and prepositions) are ateipt match concepts with the current
noun phrase. This overcomes the phrase-based prablelentifying concepts occurring
over two or more noun phrases. In addition, KMdI distribute modifying adjectives.
For example, “large and small intestine” is coneértio “large intestine and small
intestine” (J. C. Denny et al., 2003). If multimencepts for a phrase are located,
disambiguation is attempted. Two resources are tespdrform disambiguation. The
first resource is an externally-maintained listohcept co-occurrences which occur in
MedLine abstracts. The second resource is a dynigshaf concepts with an exact
match to a source text noun phrase. Disambigu#&ipearformed by discarding concepts
which are not similar to either the text’s dynaist of exact-match concepts or which
do not co-occur with concepts in MedLine abstracts.

Evaluation Evaluation of KnowledgeMap was done by first imaviwo domain
experts manually annotate five biomedical educatitexts with important terms and

phrases. Each text was then split into its compbsentences, and each sentence was
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then submitted to KMCI and MetaMap, a state-of-dieconcept matching system
produced by the National Library of Medicine (seet®n 4.1.2.2.3). The domain experts
then determined if the concepts for the identifexains and phrases were accurate or not.
Precision and recall are the evaluation measuesalRs defined as the number of
important terms and phrases identified. Precissaefined as the number of correctly
identified concepts. The recall is measured at &% precision at 92%, which
outperforms MetaMap, which has a recall of 81% amdecision of 89% (J. C. Denny,
Smithers, Miller, & Spickard, 2003).

Failure Analysis The authors identified nine primary reasondéiure. The
biggest failure of concept matching (62% of faik)raen KMCI is the lack of a
corresponding concept in UMLS. Other sources d@ifaiinclude
acronym/abbreviation/hyphen handling, and overmatctOvermatching occurs when
no exact match exists between the input phraséJMidS phrases, and additional words
in UMLS concept phrases are used to find a matth thie input phrase. The
disambiguation stage was responsible for only 2%aibires, while accounting for 18%

of successful matches.

6.1.2.2.4 IndexFinder

IndexFinder (Zou et al., 2003) is a concept maiglsiystem designed for real-
time indexing applications.

Algorithm IndexFinder uses a series of in-memory tablecsitres to find all
possible concepts by using all combinations of wondthe text. IndexFinder treats the

terms within a text independently regardless otar@he terms in a text are first
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normalized to lowercase them, remove unknown acnsigbbreviations, stop terms, and
terms unknown to UMLS, and map remaining term$&rtbase form. Next, for each
unique term, all UMLS concept phrases containirggtémm are retrieved. Each retrieved
phrase maintains its length and the count of tematched so far. After all terms have
been evaluated, the retrieved phrases are thenatgdlbased on their counts. Phrases
having an exact count of terms matched have tlssw@ated concepts extracted for
indexing.

Evaluation The authors used a corpus of 5,783 patient repotdling 10.8MB in
size and report a text processing speed of 42.A<Brel. No evaluation was reported on
the accuracy of the concepts extracted, althoughn@s planned to evaluate the number
of false positives and false negatives.

Failure Analysis No failure analysis was reported. However, dbeffs are
available to restrict the output. The filters foarstwo aspects: 1) restricting the location
of text, and 2) restricting the number of concemserated. In order to generate concepts
based on smaller units (i.e., not the full textig term length can be restricted to less than
six terms or less than 11 terms, as well as atigein addition, the range filter restricts
terms to a certain distance, such as ten termsdeutside of the range are not counted
in concept matching. The effect is to index onlp@epts occurring with terms a certain
distance from each other. To restrict the generaifaconcepts, concept subsets can be
removed if they are contained within a larger cgck addition, concepts can be

included only if they appear within certain UMLSsntic types.
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6.1.2.2.5 MetaMap

MetaMap (Aronson, 2001) is a concept matchingesygtroduced by the
National Library of Medicine. MetaMap is consideedtate-of-the-art system for
concept matching (J. C. Denny et al., 2003). MetaMas originally developed to
support indexing applications, but has also beed us data mining, decision support,
and patient record applications.

Algorithm  The MetaMap algorithm consists of five steparsihg of the source
text by a natural language parser is first dorfettm noun phrases. Variant generation
on each noun phrase is done to find a term’s aongngbbreviations, synonyms,
inflectional and spelling variants. UMLS conceptgdes containing the term or its
variants are then identified. Each concept phraglean evaluated to find the concept
phrase which best matches the noun phrase frosotliree text. Evaluation is done using
a four metrics: centrality, variation, coveraged @aohesiveness (Aronson, 1996).
Centrality measures if the phrase head term is instee concept phrase. Variation is a
distance value that determines how far the ternamtis from the term, based on the
variant type. Coverage measures how much the teetngeen the concept phrase and
source noun phrase overlap, ignoring term gapse§lobness measures similarly to
coverage, but factors in sequences of terms wioebccur in the concept phrase and the
source noun phrase. The four scores are computed weighted average. The coverage
and cohesiveness scores are weighted twice adyaawentrality and variation. The
final stage forms a final mapping of the source,tekich may result in mapping a

source text into one or more concepts. The finglpirags are shown on a scale of 0 to
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1000, with 1000 being a complete mapping. No explisambiguation step is
performed.

Evaluation Several evaluations of MetaMap have been perfdrioelate. The
National Library of Medicine (NLM) performed a fare analysis of MetaMap by using a
short evaluation (Divita, Tse, & Roth, 2004). Farenotators without domain expertise
annotated two documents from genetic informatiorb\8ée. Two documents were
chosen due to the labor intensive activity of aatiogg documents, and then having the
annotators all agree on a final set of concepts.thlo documents were processed by
MetaMap and then compared to the manual annotafidresrecall score for the two
documents was measured at 53%; precision was loodatzd.

The University of Washington (UW) also performedevaluation of MetaMap
(Pratt & Yetisgen-Yildiz, 2003). They used six damexperts to identify concepts
within a corpus of 60 texts. The study used prenisind recall as measures, reporting a
recall of 53% for exact matches and 93% for pamiatches. Precision is reported as
28% for exact matches and 55% for partial matches.

Failure Analysis The NLM and UIW evaluations also concluded wittadure
analysis. The NLM study identified thirteen souroésailure. The most common failures
resulted from needing implicit knowledge to magiant, the use of broader concepts by
annotators because the UMLS Metathesaurus is inetey@and co-reference resolution.
The UW study identified four types of failures: amcect splitting of a noun phrase,
concept ranking and identification failed, and ngimnase breaking which changed the

meaning of the phrase.
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6.1.2.2.6 PhraseX

The PhraseX program performs noun extraction (Matidibrary of Medicine,
United States, 2004). A study of UMLS phrases inMBENE abstracts used the output
of PhraseX to perform simple concept matching (@asan, Rindflesch, Hole, Aronson,
& Mork, 2002). A newer application uses PhraseXa asmponent of a larger biomedical
text indexing application (National Library of Methe, United States, 2006a).

Algorithm Noun phrase identification is done by first texgga sentence with its
parts-of-speech, and then using the barrier wortthoge(Tersmette et al., 1988) to
delimit a phrase. In this case, tagger output d&dienphrase based on its part of speech;
for example, a verb ends one phrase and beginkemé&thraseX defines three types of
successively complex phrases: (a) simp — phragésawiead noun; (b) macro — phrases
with a preposition to the right; and (c) mega -heage with words to the left and right of
a finite verb. Once a phrase is identified, the pnag is done in one of three ways: (a)
exact match, (b) exact match with lower casing doredl terms in the phrase; and (c)
exact matching done after UMLS normalization (lowasing, possessive removal,
inflectional variation, and term sorting, amongest).

Evaluation The PhraseX evaluation was performed by downtaadil
MEDLINE citations from PubMed as of Fall 2001. Tineun phrases were extracted
resulting in approximately 175 million unique pheasThe authors report that there 63%
of the phrases were simp, 16% were macro, and 2éfé mega. Each unique phrase was
then attempted to be mapped with one of the thrsiehimg methods. The result is 6.5%
for exact match, 22.5% for lower case match, artd 8 normalized match.

Failure Analysis Five types of failures were identified.
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1. The UMLS Metathesaurus contains strings whiehnat useful for mapping.
Examples are long descriptive strings and strirggaining codes for what are known as
Logical Observations Identifiers, Names and Cod€xdNC).

2. Syntactic analysis of text cannot address anityigue to grammar and writing
style.

3. Trade names are not always included in the UMIeFathesaurus.

4. Conservative constraints on the definition afacro phrase.

5. There were exact matches only; partial matchere wxcluded.

6.1.2.2.7 SAPHIRE

The SAPHIRE system (W. R. Hersh & Greenes, 1993 ariginally developed
to support biomedical text indexing, but was lateed to support other applications, such
as extraction of concepts from patient medical isgdW. R. Hersh & Donohoe, 1998).

Algorithm The original SAPHIRE algorithm is substantiadijferent from the
current version. The original algorithm is basedsbitt pattern matching. All terms in
the source text phrase must be present and irathe srder as the UMLS phrase for a
successful match (W. R. Hersh & Greenes, 1990).Idtest algorithm (W. Hersh &
Leone, 1995) relaxes the strict requirements alogvalfor partial matches and out of
sequence terms. The algorithm takes a sourcentéxeiform of a phrase or sentence as
input and extracts individual terms using the lgaword method (Tersmette et al.,
1988). Barrier words are high-frequency words cdergd to be common. For each term
found, a list of UMLS concepts containing the wixdetrieved. UMLS concepts having

high-frequency terms must also have low frequeraons$ as well or the concepts are
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excluded. This is to eliminate concepts contairavg content terms. The individual term
concept lists are merged, and any concept havaggthan one-half the number of terms
from the input text is excluded. The resulting@det)MLS concepts is then scored. The
highest score occurs if all terms in the concepeap in the source text. Term order is
ignored. If there is no exact term match, a werghtormula scores the concept based on
proportion of words between source text and condept proximity, and length of term
matches between source text and concept (W. Rhié¢ral., 2001).

Evaluation SAPHIRE has been evaluated in the context oteffeness as an
information retrieval system (W. Hersh, Hickam, Hayg, & McKibbon, 1991), but a
more recent evaluation focusing on finding bestcepits rather than all concepts was
completed using radiology reports (W. R. Hershl.e2801). Fifty radiology reports
were processed using SAPHIRE to extract UMLS cotscéfrecision and Recall were
the evaluation measures. Precision was definedimber of correctly mapped concepts
divided by number of total concepts. Recall wasnaef as the number of correctly
mapped concepts divided by total number of cormentepts. Precision was measured at
30% and Recall at 63%.

Failure Analysis A failure analysis of the radiology report contematching was
performed. The failures affecting recall were dusadoring errors, where the correct
concept was scored lower than other concepts, tbriggues regarding the barrier
method of phrase identification. Failures affectongcision include negation in the
phrase which was not identified, and disambiguatmmpeting concepts. A key problem
with SAPHIRE's algorithm is that it may return mple matching concepts for a text

segment which, due to partial matching, are in@rcencept mappings (P. Nadkarni et
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al., 2001). The disambiguation problem was hantieddding a semantic type filter,

which filters out concepts belonging to a partic@mantic type.

6.1.2.2.8 SENSE

The SENSE (SEarch with New Semantics) system (ZmegnBleich, 1997) is
designed to map user queries to the National LybwdMedicine’s Medical Subject
Heading (MeSH) terms. The system addresses theatthrbetween user’s natural
language queries and MeSH index terms. The idEansp user queries to MeSH terms,
which are indexed by biomedical information retaksystems.

Algorithm In order to translate source text into concepENSE translates a
user query (a short phrase) into what the authalfsemantic factorsSemantic factors
are base concepts which cannot be decomposedrfUBtBRISE defines 3,400 semantic
factors. Semantic factors are constructed frormpatiphrase by having the Semantic
Analyzer component look up phrase terms in a kndggebase, which handles variants,
such as spelling and plural forms, and producetidainrsemantic factors for all input
phrases having the same meaning. The output iggested list of MeSH terms which
can be used to perform a search.

Evaluation No evaluation was performed.

Failure Analysis No failure analysis was performed because nauatiain was
done. However, it should be noted that the purpd&SENSE is build a list of suggested
MeSH terms. No effort is made to identify the bhastiching concept. Therefore, SENSE
needs a disambiguation stage to filter out conogptsh are not the best match for a

phrase.
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6.2 Text Summarization

Text summarization is a data reduction method asdrbots dating back to the
1950s with the work initially done using statistieaalysis of terms (Luhn, 1958). Text
summarization has been defined as “the processtifidg the most important
information from a source (or sources) to produtalaridged version for a particular
user (or users) and task (or tasks)” (Mani & Mayhd©999), and “a reductive
transformation of source text to summary text tigfoaontent reduction by selection
and/or generalization on what is important in therse” (Sparck Jones, 1999). Text
summarization is generally a three-phrase modtrpnetation, Transformation and
Generation (Sparck Jones, 1999). Interpretatiomiges some analysis of the source text
(such as removing insignificant words) and putst an intermediate form.
Transformation takes the interpreted form and lsuddgummary form through methods
such as content selection and concept generaliz&ieneration then takes the summary
form and generates output appropriate for the @eneration includes, for example,
how to order the highest-ranking sentences whergusi extractive approach.

Summaries are designed to serve one of two purp&$esdicative summaries
give some idea of what the source text is abouthabthe user can determine whether
the source text should be read completely, andf@dymative summaries are intended as
surrogates for the source text, where the mainsiéea captured and presented (Mani &
Maybury, 1999).

There are several methods for producing text sunestaBurface-level, Entity-
level, and Discourse-level as well as hybrid corabons of these approaches (Mani &

Maybury, 1999). Surface-level approaches use ataisinformation about term
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occurrences (Luhn, 1958), (A. Nenkova & Vanderweng@05) , (Vanderwende &
Suzuki, 2005), term locations (Edmundson, 1999Yeufel & Moens, 1999), and
important, known phrases (Kupiec, Pedersen, & CH&99) Entity-level approaches
typically rely on graph-based structures to idgntifiportant information. Such structures
are built from and typically rely on external infieation sources, such as thesaural
relationships (Barzilay & Elhadad, 1997). Discodieses| approaches derive important
information based on the structure of the textz@kowski, Stein, & Wang, ). In terms
of performance, Hovy reports that frequency measyerform between 15%-35%
precision and recall, while cohesive approacheg#jly range from 30%-60% (E. H.
Hovy, 2005), where precision and recall scoresgmeerated by comparing sentences
extracted by a machine vs. sentences extractegbysan.

In text summarization, a key goal is identifyingpiantant text which should be
presented to the user. This subset of the origioafce text is considered to contain the
main ideas of a text. The first research work dongummarization used term frequency
to identify important words in a text (Luhn, 1958he sentences containing one or more
high-frequency words are considered more importiaart other sentences which do not
contain high-frequency words, or fewer of them. Titlea is that frequently repeated
terms are due to the author reiterating the maiea.idFurther research in text
summarization confirms frequency (reiteration) isteong feature (Rath, Resnick, &
Savage, 1961), (Pollock & Zamora, 1975), (Edmundsb®99), (A. Nenkova &
Vanderwende, 2005). Another method for finding im@ot text is recent work done
lexical chaining (Morris & Hirst, 1991). Lexical aming finds common links between

words. For example, the wordisng and pulmonaryare related by a common concept
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lung. A text is analyzed to find all chains of wordadahe strongest chains of words are
then assumed to represent the main idea of aThid.research applies both approaches
to biomedical text summarization, using concepirghg rather than term chaining, and
using concept frequency rather than term frequeiitye planned research covers all
three summarization approaches: surface (concegjuéncy summarizer), entity
(concept chaining summarizer), and discourse (toirttegrated with the concept
frequency summarizer). The sub-sections below vevlee literature for the frequency

and lexical chaining methods.

6.2.1 Text Summarization Using Lexical Chaining

Lexical chaining has been used for many yearseidrdummarization. Lexical
chaining is a method for determining lexical cobasamong terms in a text (Barzilay &
Elhadad, 1997). Lexical cohesion is a propertyeat that causes a discourse segment to
“hang together” as a unit (Morris & Hirst, 1991)ical cohesion is important in
computational text understanding for two major oe&s 1) providing term ambiguity
resolution, and 2) providing information for deténmg the meaning of text (Morris &
Hirst, 1991). Lexical chaining is useful for detemmg theaboutnes®f a discourse
segment, without fully understanding the discoufsea basic assumption, the text must
explicitly contain semantically related terms idmbg the main concept. For example,
if a text is about a political candidate and doessaontain terms signifying the person is
a candidate, lexical chaining cannot identify thetthe person is a political candidate.

Lexical chains for text summarization were firdraduced by Morris and Hirst

(Morris & Hirst, 1991). Their initial work descridehe approach, but did not implement
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it because electronic versions of a thesaurus n@ravailable at the time. A thesaurus is
used to relate words semantically; for exampleugh synonymy and
hypernym/hyponym semantic relationships. A hypermgtime word with the more
general meaning among a set of related words. &imyon relationship moves from a
specific concept to a general concept. For exangplen two related words
{flower,plant}, plantis a hypernym ofiower becaus@lantis more general thdfower.

A hyponym relationship is the opposite of hypernymuyd moves from a general concept
to a specific concept. For examdlewer is a hyponym oplantbecauséloweris more
specific tharplant. A machine implementation of lexical chaining bgrBilay and
Elhadad (Barzilay & Elhadad, 1997) showed the tbgcal work by Morris/Hirst could

be practically realized for document summarizatidile Barzilay/Elhadad proved the
feasibility of computing lexical chains, their ingphentation ran in exponential time,
making its mainstream use unlikely. A linear tinhgoaithm was later defined and
implemented by (Silber & McCoy, 2002). A more recienplementation by Galley and
McKeown (Galley & McKeown, 2003) focused on impnogiword sense disambiguation
based on the idea of one sense per discoursef thiése implementations use WordNet
(Fellbaum, 1998) as the knowledge source for ifi@ng semantic relationships between
terms. WordNet is a freely-available lexical datd#or the English language which
organizes nouns, verbs, adjectives and adverbsymonym sets (known asgnseL
These synsets are then linked to one another ffexett relations to form semantic
relations between lexical concepts. WordNet is @goang research project developed at

the Cognitive Science Laboratory of Princeton Ursitg.
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The SUMMARIST system (E. Hovy & Lin, 1999) uses WHNet (Fellbaum,
1998) concept counting not for identifying salisehtences, but for topic interpretation.
In topic interpretation, concept frequency counimgsed to find a node in the concept
hierarchy which sufficiently generalizes more sfiedoncepts (e.g., {pear, apple}
fruit). The SUMMARIST authors cite the lack of dam-specific resources as a serious
drawback to this approach. Our work uses domaiciipeesources exclusively, but we
have not used these resources for topic interpoatainly with sentence identification.

Lexical chains are an intermediate representatiGowrce text, and are not used
directly by an end-user. Instead, lexical chairsapplied internally in some application;
in this case, the application is document summtoizaln document summarization,
either single document or multiple documents, tpert-sentences approach is the most
common. In this approach, the summarization systemtifies the sentences that most
likely capture the main idea of a document or $etocuments. The top sentences are
then output, up to some limit either on the nundfesentences or the number of

characters, in order to produce a summary.

6.2.2 Text Summarization Using Frequency

Term frequency was first used in extractive texhsiarization in the late 1950’s
(Luhn, 1958). A follow-up study of an analysis ofef term frequency methods showed
high agreement in sentence selection among theoae{Rath et al., 1961). Subsequent
research using frequency methods focused on thefussguency as one feature among
many for identifying important sentences, suchwesmhrases (Pollock & Zamora, 1975)

(Edmundson, 1999). Summarization using larger wfitext has also been researched.
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The LAKE system uses keyphrases for summarizabibdvianzo, Magnini, & Vallin,
2004). The SUMMARIST system (E. Hovy & Lin, 199%as$ WordNet (Fellbaum,
1998) concept counting not for identifying salisehtences, but for generalizing
concepts for topic interpretation (e.g., {pear,lapp> fruit). Most recently, the
SumBasic algorithm uses term frequency as partcoh#ext-sensitive approach to
identifying important sentences while reducing mfiation redundancy (A. Nenkova &
Vanderwende, 2005). The use of frequency as arieat locating important areas of a
text has been proven useful in the literature (L.u@%8) (Rath et al., 1961) (Pollock &
Zamora, 1975) (Edmundson, 1999). This is mostyiklele to reiteration, where authors
state important information in several differentyain order to reinforce main points

(Sparck Jones, 1999).

6.2.3 Document Understanding Conferences

There has been much work done in the Document Wtateting Conferences (DUC)
(National Institute of Standards and Technology§N\ 2005). DUC provides an annual
forum for researchers to extend text summarizagohnology. In recent DUC
conferences, several approaches for identifyingesees for extraction were used, and
several of the approaches are surveyed here. Tive Bory system uses a pattern
extraction algorithm (C5.0) to generate a decisiea to predict the words in the source
text that should be part of summary (W. Doran gt26104). They use eight text features:
(a) term frequency (TF) of words in the documeln},iiverse document frequency (IDF)
of terms in external news corpus, (c) position ofas from start of document, (d) lexical

cohesion score between words and the documera, B¥olean noun flag for each word,
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(f) a Boolean verb flag for each word, (g) a Boaledjective flag for each word, and (h)
a noun or proper noun phrase flag. Their findingsthat TF, word position and IDF
have greatest impact on summary quality. In addlitibey concluded that lexical
cohesion adds little as a feature in decisionctassification.

The LAKE system uses a keyphrase extraction apprtveat is used to identify
candidate sentences (D’Avanzo et al., 2004). LAKEes on word N-grams, which is a
way to group sequences of words together. For ebagriie phrasking cancermhas
unigrams {lung, cancer}, a single bigram {lung carjcand no further N-grams where N
has value greater than two (that is, three or reras). LAKE begins by extracting all
unigrams, bigrams, trigrams, and four-grams arnerfilthem with part-of-speech
patterns. A Naive Bayes classifier trained usinguafkeyphrases is then used to
identify relevant keyphrases. The resulting keyplsaare scored using two features: (a)
keyphrase TF*IDF, and (b) distance of keyphrasmftbe start of document. Their
results scored in the middle of all 2004 DUC sulsmiss. The authors feel their system
can be improved by finding additional features tegiture the semantic properties of
keyphrases. One possibility they mention is to cat@pexical chains and using
keyphrase membership in a chain as a feature.

The KMS system describes a system where a telddemposed into a parse tree
format (Litkowski, 2004). The parse tree is theaduto identify noun phrases and score
them based on a frequency analysis of terms imd@ phrases in addition to the
occurrence of words in a DUC topic specificatioheif performance fell in an
acceptable range, and the authors observe thaheragl their frequency-based approach

performs better than systems based on other agpmsac
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Finally, the GISTexter system uses a frequency+basethod to identify sentences to
extract (Lacatusu, Hickl, Harabagiu, & Nezda, 20@l5 Texter computes a weight for
each term in a collection based on term frequen@yrelevant set of documents. This
weight is then used to score each sentence. Thectog sentences are then extracted.
DUC generally imposes limits on the lengths of astied summaries. GISTexter used the
following method to generate a summary:

1. Put highest ranked sentence as summary

2 .If summary not long enough, then add next seetémat has more information
than the summary has in common with it

3 .Iterate until summary length exceeded or no rsergences

4. Perform summary compression, using severalrdifteapproaches: (a) if
(summary length - last sentence length) > 600 cters, remove last sentence;

and (b) if summary length > 665 characters, trumea665 characters

The system performed among the top systems. Themufiound the best approach for
summary compression is truncation — 4b (listed alpovhis approach rated the second

highest score of all systems.
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7. RESEARCH PLAN

Fall 2006
- Implement semantic annotator for biomedical text
- Defend dissertation proposal

Winter 2007
- Evaluate semantic annotator
- Implement additional summarizers for summarizagwealuation
- Participate in DUC 2007

Spring 2007
- Continue work on semantic annotation and evaluation
- Determine characteristics of biomedical text, oplisummary size, sections
drawn from
- Participate in DUC 2007
- Begin writing final dissertation

Summer 2007
- Based on sections drawn from, modify concept chgiand frequency
distribution summarizers to modify scoring and eahd
- Continue final dissertation writing
- Defend dissertation
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8. PUBLICATIONS

2007:

Lawrence Reeve, Hyoil Han and Ari D. Brooks (20@hmedical Text Summarization
Using Concept Chaindnternational Journal of Data Mining and
Bioinformatics.Refereed. Accepted

Lawrence Reeve, Hyoil Han and Ari D. BrooK$ie Use of Domain-Specific Concepts in
Biomedical Text Summarizatioalgurnal of Information Processing and
ManagementRefereed. Accepted

2006:

Lawrence H. Reeve, Hyoil Han, Saya V. Nagori, JoaatC. Yang, Tamara A.
Schwimmer, and Ari D. Brooks (2006}oncept Frequency Distribution in Biomedical
Text SummarizatiorProceedings of the 15th Conference on Informatimmhknowledge
ManagementRefereed 15% acceptance.

Lawrence Reeve, Hyoil Han, and Ari D. Brooks (20@dChain: Using Lexical
Chaining Methods for Biomedical Text SummarizatRmoceedings of the 21st Annual
ACM Symposium on Applied Computingioinformatics track Refereed 32%
acceptance.

Lawrence Reeve and Hyoil Han (2008)Comparison of Semantic Annotation Systems
for Text-based Web Documenfgeb Semantics and Ontology, David Taniar and J.
Wenny Rahayu (Eds.), Idea Group PublishRgfereed

2005:

Lawrence Reeve and Hyoil Han (200Survey of Semantic Annotation Platforms
Proceedings of the 20th Annual ACM Symposium onlAsgabComputingWeb
Technologies and Applications tra¢kresentationRefereed 37% acceptance.

Lawrence Reeve and Hyoil Han (200Semantic Annotation for Semantic Social
Networks Using Community Resourc®kS SIGSEMIS Bulletin Vol. 2, Issue (3&4),
pp: 52-56.

Lawrence Reeve, Hyoil Han, and Chaomei Chen (200f)mation Visualization and
the Semantic WebVisualizing the Semantic WeWladimir Geroimenko and Chaomei
Chen (Eds.), SpringeRefereed

2004:
Lawrence Reeve (2004)dapting the TileBar Interface for Visualizing Reste Usage
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Proceedings of the 30th International Conferencéhi® Resource Management and
Performance Evaluation of Enterprise Computing 8ystPresentationRefereed
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