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Abstract

In retrieving medical free text, users are often interegtegnswers pertinent to cer-
tain scenarios that correspond to common tasks performetktical practice, e.g.,
treat ment ordi agnosi s of a disease. A major challenge in handling such queries
is that scenario terms in the query (etg.eat ment ) are often too general to match
specialized terms in relevant documents (ecdnenot her apy). In this paper, we
propose a knowledge-based query expansion method thatiesxjie UMLS knowl-
edge source to append the original query with additionahsethat are specifically
relevant to the query’s scenario(s). We compared the pempasethod with tradi-
tional statistical expansion that expands terms which tatsscally correlated but
not necessarily scenario specific. Our study on two stan@astdeds shows that the
knowledge-based method, by providing scenario-specifiaesion, yields notable im-
provements over the statistical method in terms of averageigion-recall. On the
OHSUMED testbed, for example, the improvement is more tRarageraging over all
scenario-specific queries studied and about 10% for quéirésnention certain sce-
narios, such asr eat nrent of a di sease anddi fferential diagnosis
of a synptom di sease.

1 Introduction

In recent years, there has been a phenomenal growth of antdéal document col-
lections. Collections such as PubMexhd MedlinePlusprovide comprehensive cov-
erage of medical literature and teaching materials. Incéeag these collections, it
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is desirable to retrieve only those documents pertaining specific medical “sce-
nario,” where a scenario is defined as a frequently-reapmeanedical task. For
example, in treating a lung cancer patient, a physician n@se fthe query ung
cancer treatnent inorder to find the latest treatment techniques for thisadise
Here,t r eat ment is the medical task that marks the scenario for this query: Re
cent studies [Haynes et al.(1990), Hersh et al.(1996), E4.6.999), Ely et al.(2000),
Wilczynski et al.(2001)] reveal that in clinical practi@s many as 60% of physicians’
queries center on a limited number of scenarios, dé.geat nent , di agnosi s,
eti ol ogy, etc. While the contextual information in such queries.(glge particular
disease of a patient suchlagsng cancer , the age group of that patient, etc.) varies
from case to case, the set of frequently-asked medical Bosrm@mains unchanged.
Retrieving documents that are specifically related to theryjsi scenario is referred to
asscenario-specific retrieval

Scenario-specific retrieval is not adequately addressedabjtional text retrieval
systems (e.g. SMART [Salton and McGill(1983)] or INQUIRYdIan et al.(1992)]).
Such systems suffer from the fundamental problem gofery-document mis-
match[Efthimiadis(1996)] when handling scenario-specific gegr Scenario terms
in these queries are represented using general termsthegermt r eat nent in
the queryl ung cancer treatment. On the contrary, in full-text medical doc-
uments, more specialized terms sucH asg exci si on or chenot her apy are
used to express the same topic. Such mismatch of terms leadst retrieval perfor-
mance [Zeng et al.(2002), Tse and Soergel(2003)].

There has been a substantial amount of research cquery ex-
pansion  [Qiu and Frei(1993), Jing and Croft(1994), Buckley et #194),
Robertson et al.(1994), Buckley et al.(1995), Xu and Ci®&®6), Srinivasan(1996),
Mitra et al.(1998)] that ameliorates the query-documersimaitch problem. However,
such techniques also have difficulties handling scenaémific queries. Query
expansion appends the original query with specialized setmat have a statistical
co-occurrence relationship with original query terms indioal literature. Although
appending such specialized terms makes the expanded quegitear match with
relevant documents, the expansion is not scenario-speEificexample, in handling
the queryl ung cancer treat ment, existing query expansion techniques will
append not only terms such &sing exci si on or chenot her apy that are
relevant to thet r eat ment scenario, but also irrelevant terms likeroki ng and
| ynph node, simply because the latter terms co-occur withng cancer in
medical literature. Appending non-scenario-specific eteads to the retrieval of
documents that are irrelevant to the original query’s sdendiverging from our goal
of scenario-specific retrieval.

In the domain of medical text retrieval, researchers havepgsed to ex-
ploit the Unified Medical Language System (UMLS) full-fledged knowledge
source in the medical domain, to expand the original querh welated terms
and to improve retrieval performance. Current approacltagreexplore the syn-
onym relationships defined in UMLS and expands synonyms @fottiginal query



terms [Aronson and Rindflesch(1997), Plovnick and Zengf20@uo et al.(2004)]
or explore the hypernym/hyponym relationships and expatedss that have
wider/narrower meaning than the original query terms [Heatsal.(2000)]. Exten-
sive evaluation of these approaches has been performedmaeast testbeds such as
OHSUMED [Aronson and Rindflesch(1997), Hersh et al.(20@®0) the TREC Ge-
nomics ad hoc topics [Guo et al.(2004)]. However, no study tensistently pro-
duced significant differences in retrieval effectivenes$oke and after expansion.
Particularly, we note that when handling scenario-specjfieries, such solutions
still generally suffer from the query-document mismatclokpem. For example,
the synonyms, hypernyms or hyponyms for all the terms inyjlemg cancer

t r eat ment , as defined by the knowledge source,laneg car ci nonma, cancer,

t her apy, medi cal procedur e, etc. With such terms expanded, the query will
still have difficulty matching documents that extensivedg specialized terms such as
chenot her apy andl ung exci si on.

In this paper, we proposekmowledge-based query expansieahnique to support
scenario-specificetrieval. Our technique exploits domain knowledge torretstjuery
expansion to scenario-specific terms and yields bettdevatrperformance than that
of traditional query expansion approaches. The followirggcdnallenges in developing
such a knowledge-based technique:

e Using domain knowledge to automatically identify scenariespecific terms.
It is impractical to ask users or domain experts to manudkgntify scenario-
specific terms for every query and all possible scenariosrdfbre, an automatic
approach is highly desirable. However, the distinctiomeein scenario-specific
expansion terms and non-scenario-specific ones may seeareappo a human
expert, but can be very difficult for a program. To treat thistidction, we
propose to exploit a domain-specific knowledge source.

e Incompleteness of knowledge sourcesKnowledge sources are usually not
specifically designed for the purpose of scenario-sped#fideval. As a re-
sult, scenarios frequently appearing in medical querieg nud be adequately
supported by those knowledge sources. We propose a knosvksabguisition
methodology to supplement the existing knowledge sourcéls additional
knowledge that supports undefined scenarios.

The rest of this paper is organized as follows. We first preadnamework for
knowledge-based query expansion in Section 2. We thenitlesbie detailed method
in this framework in Section 3. We experimentally evaluae inethod and report the
results in Section 4. In Section 5, we address the issue @lesmgnting a knowledge
source via knowledge acquisition. We further discuss tlevamcy of expansion terms
judged by domain experts in Section 6.
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2 A Framework for Knowledge-Based Query Expan-

sion

Figure 1 depicts the components in a knowledge-based qupgnsion and retrieval
framework. For a given quertatistical Query Expansidfwvhose scope is marked by
the inner dotted rectangle) will first derigandidate expansion concepthat are sta-
tistically co-occurring with the given query concepts (&t 3.1) and assign weights
to each candidate concept according to the statisticatcaroence. Such weights will
be carried through the framework.

Based on the candidate concepts derived by statisticahsiggaKnowledge-based
Query Expansiofwhose scope is marked by the outer dotted rectangle) futtreves
the scenario-specific expansion concepts, with the aid ahaaih knowledge source
such as UMLS [NLM(2001)] (Section 3.2). Such knowledge mayirizomplete and
fail to include all possible query scenarios. Thereforegnroff-line process, we apply
a Knowledge Acquisition and Supplementatinadule to supplement the incomplete
knowledge (Section 5).

4In the rest of this paper, a concept is referred to as a word wora phrase that has a concrete meaning in a
particular application domain. In the medical domain, @pts in free text can be extracted using existing tools, e.g.
MetaMap [Aronson(2001)], IndexFinder [Zou et al.(200&X.



After the query is expanded with scenario-specific conceptsemploy avector
Space Mode{VSM) to compare the similarity between the expanded quadyeach
document. Top-ranked documents with the highest simylan¢asures are output to
the user.

3 Method

Formally, the problem for knowledge-based query expans@m be stated as fol-
lows: Given a scenario-specific query with a key concept tihascy., (€.9.,| ung
cancer or ker at oconus®) and a set of scenario concepts denotedage.g.,
treat ment ordi agnosi s), we need to derive specialized concepts that are related
to cxe, and the relations should be specific to the scenarios definegd b

In this section, we describe how to derive such scenariciipeoncepts first by
presenting existing statistical query expansion methduswgenerate candidates for
such scenario-specific concepts. We then propose a knoedealsed method that se-
lects scenario-specific concepts from this candidate gbttheé aid of a domain knowl-
edge source.

3.1 Deriving Statistically-Related Expansion Concepts

Statistical expansion is also referred to aautomatic query expan-
sion [Efthimiadis(1996), Mitra et al.(1998)]. The basic ideaasderive concepts that
are statistically related to the given query concepts, wliee statistical correlation
is derived from a document collection (e.g., OHSUMED [Hezshl.(1994)]).
Appending such concepts to the original query makes theygeepression more
specialized and helps the query better match relevant destsmDepending on how
such statistically-related concepts are derived, siedisexpansion methods fall into
two major categories:

e Co-occurrence-thesaurus-based expansion  [Qiu and Frei(1993),
Jing and Croft(1994), Xu and Croft(1996)]. In this method,cencept co-
occurrence thesauruss first constructed automatically offline. Given a
vocabulary of M concepts, the thesaurus is & x M matrix, where the
(i,7) element quantifies the co-occurrence between concegpid concept
4. When a query is posed, we look up the thesaurus to find allegmindhat
statistically co-occur with concepts in the given query asdign weights to
those co-occurring concepts according to the values indgkeccurrence matrix.
A detailed procedure for computing the co-occurrence maimd for assigning
weights to expansion concepts can be found in [Qiu and F8R).

e Pseudo-relevance-feedback-based expansigithimiadis and Biron(1993),
Buckley et al.(1994), Robertson et al.(1994), Buckley €1805),

5An eye disease



# | Concepts that statistically # |Concepts that t r eat Concepts that di ag-
correlate to ker at oconus ker at oconus nose ker at oconus
1 [ fuchs dystrophy 1 |penetrating keratoplasty keratometry
) | penetrating keratoplasty 2 (‘pik(-rut()])lelst\" ('0.1'11(%1] t()])();.’;l':l.])l]\'.
3 | epikeratoplasty 3 [epikeratophakia slit lamp examination
T | corncal cctasia keratoplasty topical corticosteroid
5 | acute hydrops 5 [contact lens echocardiography 2 d
- 6 |thermokeratoplasty tem
6 | keratometry = " ;
7 T coreal tonoaraniy 7 [button interferon
A loposrd] 8 [secondary lens implant alferon
8 | corncal o TFreo - e
n — 9 |fittings adapters analysis
9 ‘11’.11‘11(“ cor "‘"_ll edema 10]esthesiometer microscopy
10| epikeratophakia 11| griffonia bleb
11| granular dystrophy corneal 12| trephine tetanus toxoid
12] keratoplasty 13[slit lamps antineoplastic
13| central cornea 14 | fistulization heart auscultation
14 contact lens 15]soft contact lens chlorbutin
15[ ghost vessels (a) )

Table 1: Concepts that statisti-Table 2: Concepts thatreat or di agnose
cally correlate tdkker at oconus ker at oconus

Mitra et al.(1998)]. In pseudo relevance feedback, the imaigquery is
used to perform an initial retrieval. Concepts extract@inftop-ranked docu-
ments in the initial retrieval are considered statisticedlated and are appended
to the original query. This approach resembles the wellAmeelevance
feedbackapproach except that, instead of asking users to identigvaat
documents as feedback, top-ranked (e.g. top-10) docuraemtsutomatically
treated as “pseudo” relevant documents and are insertedtliiet feedback
loop. Weight assignment in pseudo relevance feedback [Byei al.(1994)]
typically follows the same weighting schemeéa(g3,~)) for conventional
relevance feedback techniques [Rocchio(1971)].

We note that the choice of statistical expansion methodtisgonal to the design
of the knowledge-based expansion framework (Figure 1).ubhcarrent experimental
evaluation, we used the co-occurrence-thesaurus-basbddn® derive statistically-
related concepts. For convenience of discussion, were(e, ¢;) to denote the co-
occurrence between conceptandc;, a value that appears as tfiej) element in the
M x M co-occurrence matrix. Table 1 lists the top-15 conceptsatestatistically-
related toker at oconus using the co-occurrence measure. Here, the co-occurrence
measure is computed from the OHSUMED corpus which will bedeed in detail in
Section 4.1.

3.2 Deriving Scenario-Specific Expansion Concepts

Using a statistical expansion method, we can derive a setontepts that are
statistically-related to the key concept,,,, of the given query. Only a subset of these
concepts are relevant to the given query’s scenario, tergeat nent . For example,
the 5th and 8th concepts in Table 1, which aoait e hydr ops andcor neal , are



not related to the treatment &kr at oconus. Therefore, in terms of deriving ex-

pansion concepts for queker at oconus t r eat nent , these concepts should be
filtered out. In this section, we will first describe the tydfeknowledge structure that

enables us to perform this filtering and then present theifiigprocedure.

UMLS - The Knowledge Source. Unified Medical Language SystefdMLS) is a
standard medical knowledge source developed by the Natidmary of Medicine.
It consists of theMetathesaurusthe Semantic Networkand theSPECIALIST lexi-
con The Semantic Network provides the essential knowledgetsires for deriving
scenario-specific expansion concepts, and is the primansfof the following discus-
sion. The Metathesaurus, which defines over 800K medicataqus and the hyper-
nym/hyponym relationships among them, is used in our stadyfo purposes: 1) de-
tecting concepts in both queries and document and 2) expghglpernyms/hyponyms
of a query’s key concept. The second purpose will be furthestrated in Section 3.3.
The lexicon is mainly used for unifying lexical features irdical-text-related natural
language processing (NLP) and is not used in our study.

The Semantic Network defines about one hundsednantic typessuch as
D sease or Syndrome, Body Part, etc. Each semantic type corresponds to a
class/category of concepts. The semantic typBiafease or Syndr one, for in-
stance, corresponds to 44,000 concepts in the Metathessweh aker at oconus,
| ung cancer, di abet es, etc. Besides the list of semantic types, the Semantic
Network also defines the relations among various semantiestysuch asr eat s
anddi agnoses. Such relations link isolated semantic types into a gragtiwark
structure. The top half of Figure 2 presents a fragment sfrietwork, which includes
all semantic types that haveta eat s relation with the semantic typBi sease
or Syndrone. Relations such aisr eat s in Figure 2 should be interpreted as fol-
lows: Any concepts that belong to semantic tyifreer apeut i ¢ or Preventive
Procedure, e.g., penetrating keratopl asty or chenot her apy, have
the potential tot r eat concepts that belong to the semantic typesease or
Syndr one, e.g.,ker at oconus orl ung cancer. However, it is not indicated
whether such relations concretely exist between two cascem., & r eat s relation
betweerpenetrati ng ker at opl asty andl ung cancer.

A Knowledge-Based Method to Derive Scenario-Specific Expaion Concepts.
Given the knowledge structure in the Semantic Network, th&ididea in identify-
ing scenario-specific expansion concept is to use this kenyd structure to filter
out statistically-correlated concepts which do not beltm¢ghe “desirable” semantic
types. Let us illustrate this idea through Figure 2, usingttheat nent scenario
as an example: In this figure, we start with the set of conciyatisare statistically-
related taker at oconus. Our goal in applying the knowledge structure is to identify
that: 1) concepts such @enet rati ng kerat opl asty, contact | ens and
gri f f oni a have the scenario-specific relation, iter,eat s, with ker at oconus
and should be kept during expansion; 2) concepts suchcas e hydr ops and
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Figure 2: Using knowledge to identify scenario-specificeapt relationships

cor neal do not have the scenario-specific relation witr at oconus and should
be filtered out.

In this figure, each solid circle represents one concepttlamdolid lines connect-
ing these solid circles indicate strong statistical catiehs computed for a pair of
concepts, e.g., the solid line betweear at oconus andcont act | ens. A dot-
ted circle represents a class of concepts, and a dottedrikethat class of concepts
to a corresponding semantic type. For example, condegatait oconus andl ung
cancer are in the class that links @ sease or Syndrone.

We identified scenario-specific expansion concepts usiagidiowing process:
Given a key concepty,, of the given query, we first identified the semantic type that
crey belongs to. For example, we identifiBdsease or Syndr ome given the key
conceptker at oconus. Starting from that semantic type, we further followed the
relations marked by the query’s scenario and reached a selevhint semantic types.
For the previous example, given the query’s scenani@gat nent , we followed the
t r eat s relation to reach the three other semantic types as showigume=2. Finally,
we identified those statistically-related concepts thadrgeto the relevant semantic
types as scenario specific. We further filtered out otherssitally-related concepts
which do not satisfy this criteria. From the previous exaenfis final step identified
penetrating keratoplasty,contact |ens andgriffoniaas scenario-
specific expansion concepts and filtered out non-scenpaoHic ones such ascut e
hydr ops andcor neal .

Table 2(a) and Table 2(b) show the lists of the conceptd thaat anddi agnose
ker at oconus, respectively. We derived these concepts based on the gxoce
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described above and show the top-15 concepts in terms af ¢beielation with
ker at oconus. To highlight the effectiveness in applying the knowledgesed fil-
tering process, we can compare the concepts in Table 2 vaietim Table 1 that are
statistically correlated witlker at oconus. 5 out of these 15 statistically-correlated
concepts are kept in Table 2(a), whereas 2 are kept in Table dthis comparison
suggests that the knowledge structure is effective in ffilipout concepts that are not
closely related to the scenariostafeat ment ordi agnosi s.

3.3 Hypernym/Hyponym Expansion

The goal of knowledge-based query expansion is to apperukdiged terms that ap-
pear in relevant documents but not in the original query.n8de-specific concepts
derived from the previous subsection represent a subsathbfspecialized terms. An-
other set of highly relevant terms contains hypernym/hypmof the key concept
crey-® FOr examplecor neal estasi a, a hypernym ofker at oconus, is fre-
quently mentioned by documents regardkey at oconus, treatnent. There-
fore, our technique should also expand those concepts taatlase tocy., in the
hypernym/hyponym hierarchy.

To expand hypernyms/hyponyms of the key concept to theraigjuery, we again
refer to the UMLS knowledge source. The Metathesaurus coetalefines not only
the concepts but also the hypernym/hyponym relationshipsng these concepts. For
example, Figure 3 shows the hypernyms (parents), hypongtmiden) and siblings of
conceptker at oconus, where the siblings of a concept is defined as those concepts
that share the same parents with the given concept. Thraugirieal study (which
will be discussed later), we have found that expanding trextparents, direct children
and siblings to the original query generates the best valrigerformance. This is in
comparison to expanding parents/children that are two aerevels away from the
key concept. Therefore, in the rest of our discussion, wefagus on expanding only
the direct parents/children and siblings.

6A hypernym of concept is a concept with a broader meaning thamwhereas a hyponym is one with a
narrower meaning.



Concepts that statistically correlate | Weight Concepts that treat ker at oconus| Weight
to ker at oconus

fuchs dystrophy 0.289 penetrating keratoplasty 0.247
penetrating keratoplasty 0.247 epikeratoplasty 0.230
epikeratoplasty 0.230 epikeratophakia 0.119
corneal ectasia 0.168 keratoplasty 0.103
acute hydrops 0.165 contact lens 0.101
keratometry 0.133 thermokeratoplasty 0.092
corneal topography 0.132 button 0.067
corneal 0.130 secondary lens implant 0.057
aphakic corneal edema 0.122 fittings adapters 0.048
epikeratophakia 0.119 esthesiometer 0.043
granular dystrophy corneal 0.109 griffonia 0.035
keratoplasty 0.103 trephine 0.033
central cornea 0.103 slit lamps 0.032
contact lens 0.101 fistulization 0.030
ghost vessels 0.095 soft contact lens 0.026

(@) ®)

Table 3: Weights for sample expansion concepts
3.4 Weight Adjustment for Expansion Terms

To match a query and a document using the Vector Space Mo@&Wj\Vwe repre-
sent both the query and the document as vectors. Each tefme iguery becomes a
dimension in the query vector, and receives a weight thattifies the importance of
this term in the entire query. Under this model, any addalderm appended to the
original query needs to be assigned a weight. An appropriaight scheme for these
additional terms is important because “under-weightinif’wake the additional terms
insignificant compared to the original query and lead to matanges in the ranking of
the retrieval results. On the contrary, “over-weightingllwake the additional terms
improperly significant and cause a “topic drift” for the arigl query.

In the past, researchers have proposed weighting schentbs$e additional terms
based on the following intuition: The weight for an addi@termc¢, should be pro-
portional to its correlation with the original query ternhs.our problem the weight for
¢q, Wq, IS proportional to its correlation with the key concept,, i.e.:

Wq = CO(Caa Ckey) * Wkey (1)

In Eq.(1), the correlation betweeq andcy.,, co(cq, crey), iS derived using methods
described in Section 3.1wy., denotes the weight assigned to the key coneggt

In Section 4.1 we will further explain howy,, is decided according to a common
weighting scheme. Given that(c,, ckey) liesin [0, 1], the weight that,, receives will

not exceed that ofy.,. Using this equation, we compute the weights for the terms
that statistically correlate witker at oconus (Table 1) and the weights for those that
treat ker at oconus (Table 2(a)). We list the weights for these terms in Tablg 3(a
and Table 3(b), respectively. These weights are computeasdyming the weight of
the key concept (i.ewy.,) ker at oconus is 1.

Weight Boosting. In our experiments we will compare the retrieval effectioss

10



of knowledge-based query expansion with that of statiséeg@ansion. Since the
knowledge-based method applies a filtering step to deriweébaet of all statistically-
related terms, the impact created by this subset on relrafectiveness will be
less than the entire set of statistically-related terms. eré&fore, weight adjust-
ments are needed to compensate for the filtering. For instdncour example of
ker at oconus, treatnment, the “cumulative weight” for all terms in Table 3(b)
is obviously smaller than the “cumulative weight” of thoseTiable 3(a). To increase
the impact of the terms derived by the knowledge-based rethe can “boost” their
weights by multiplying a linear factg#, so that the cumulative weight of those terms
is comparable to those of the statistical-related terms.réf&r to 5 as theboosting
factor. With this factor, we alter Eq.(1) which assigns the weightdny additional
terme, as follows:

Wq = 5 . CO(Caa ckey) * Wkey (2)

We derives based on the following intuition. We quantify the cumulativeight
for both the statistical expansion terms (e.g., those ire€Tata)) and the knowledge-
based expansion terms (e.g., those in Table 3(b)). The focomaulative weight will
be larger than the latter. We defifdo be the former divided by the latter. In this way,
the cumulative weight for the knowledge-based expansiongequals to that of the
statistical expansion terms after boosting.

More specifically, we quantify the cumulative weight of a eeexpansion terms
using the length of the “expansion vector” composed by thesms. Here we de-
fine the vector length according to the standard vector spataion: LetV X5 =
(wiB ..., wkPB) be the augmenting vector consisting solely of terms derivethe
knowledge-based method, WhewéB(l < i < k) denotes the weight for thig, term
in knowledge-based expansion (Eq.(1)). LikewiseMét*" = (w;t*t, ... wit*') be the
augmenting vector consisting of all statistically relatedns. The process of deriving
{wfB, . wiP}yieldsk < I. Consequentlfwi B, .., wlkB} C {wite, ... witet},
Let [VEB| be the length of the vectdr X5, i.e.,

VEB] = /@ B)2 + (@EP) 4 + (wfP)? ©)

Likewise, let|V$'%!| represent the length of vect®i*®** which can be computed sim-
ilarly as Eq.(3). Further, we define theosting factofor V45 to be:

|Vstat|

In our experiments, we will experimentally study the effsatboosting by compar-
ing the retrieval results with and without using boostingrtRermore, we are interested
in studying the effects of different levels of boosting targmsight on the “optimal”
boosting level. This motivates us to introducba@osting-level-controlling factos to
refine Eq.(4):

Vstat
5r=1+a-<ﬁ—1> (5)

11



wheref, is the refined boosting factor. The parameteranging within[0, 1], can
be used to control the boosting scale. From Eq.(5), we natiesth= 1 when we set
«a = 0, which represents no boosting. increases as increases. A& increases to 1,
Gr become%. (In our experiments, we have actually evaluated casesthipge
a > 1. As the results will show later, the retrieval effectivemesusually suboptimal
compared to an value within[0, 1].) Thus, we can usae to experimentally study the
sensitivity of retrieval results with regard to boosting.

4 Experimental Results

In this section, we experimentally evaluate the effectdsnof the knowledge-based
query expansion for two standard medical corpuses. Our foaus is to compare the

results of our technique with that of statistical expansi®ie start with the experiment

setup and then present the results under selective settings

4.1 Experiment Setup
4.1.1 Testbeds

A testbed for a retrieval experiment consists of three camepts: 1) a corpus (or
a document collection), 2) a set of benchmark queries anel8yance judgments
indicating which documents are relevant for each query. @periment is based on
the following two testbeds:

OHSUMED [Hersh et al.(1994)]. This testbed has been widely used icakinfor-
mation retrieval research. OHSUMED consists of 1) a cor@ys, query set, and 3)
relevance judgments for each query.

e Corpus. The corpus consists of the abstracts of 348,000 MEPBA&rticles from
1988 to 1992. Each document contains a title, the abstraet,& Medical Sub-
ject Headings (MeSH), author information, publicationdygource, a MED-
LINE identifier, and a document ID. The MeSH headings are exq&signed
indexing terms drawn from a subset of UMLS concepts. In opeernent, we
only keep the title and the abstract in representing eachrdent. We discard
the MeSH headings in order to simulate a typical informatgtrneval setting in
which no expert-assigned indexing terms are available.

e Query set. The query set consists of 106 queries. Each qoeitpios a pa-
tient description, an information request and a query ID.ake interested in
short and general queries. Thus, we use the informationestcsub-portion to
represent each query. Among the 106 queries, we have igeh#éftotal num-
ber of 57 queries that are scenario-specific. In Table 4, viegosize these
57 queries based on the scenario(s) each query mentionscofresponding
ID of each query is listed in this table. (The full text of eagpery is shown
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Scenario | Query IDs |

treatment of a disease 2,13, 15, 16, 27, 29, 30, 31, 32, 35, 37, 38, 39, 40,
42, 43, 45, 53, 56, 57, 58, 62, 67, 69, 72, 74, 15,
76, 77,79, 81, 85, 93, 98, 102

diagnosis of a disease 15, 21, 37, 53, 57, 58, 72, 80, 81, 82, 97

prevention of a disease 64, 85

differential diagnosis of a symptom/disease 14, 23, 41, 43, 47, 51, 65, 69, 70, 74, 76, 103

pathophysiology of a disease 2,3,26,64,77

complications of a disease/medication 3,30,52,61, 62, 66, 79

etiology of a disease 14, 26, 29

risk factors of a disease 35, 64, 85

prognosis of a disease 45

epidemiology of a disease 3

research of a disease 75

organisms of a disease 81

criteria of medication 49, 52,94

when to perform a medication 33

preventive health care for a type of patients 96

Table 4: IDs of OHSUMED queries mentioning each scenario

in [Liu and Chu(2006)]). Note that a query mentioning muéigistinct scenar-
ios will appear multiple times in this table correspondiagf$ scenarios.

e Relevance judgments. For a given OHSUMED query, a docunseatther
judged by experts as definitely-relevant (DR), partiablljevant (PR), irrelevant
or not judged at all [Hersh et al.(1994)]. In our experiments restrict the re-
trieval to the 14,430 judged documents only and count batDR and the PR
documents as relevant answers as we measure the preasalhef a particular
retrieval method.

The McMaster Clinical HEDGES Database [Wilczynskietal.(2001),
Wong et al.(2003), Wilczynski and Haynes(2003), Montoalet2003)]. This
testbed was originally constructed for the task of mediaauinent classification
instead of free-text query answering. As a result, adaptas needed for our study.
We will first describe the original dataset, and then exptaiw we adapted it to make
it a usable testbed for our experimental evaluation.

e Original dataset. The McMaster Clinical HEDGES Databassains 48,000
PubMed articles published in 2000. Each article was claskifito the fol-
lowing scenario categoriedreatment diagnosis etiology, prognosis clinical
prediction guideof a diseaseeconomicof a healthcare issue, oeviewof a
healthcare topic. Consensus about the classification veagndamong six hu-
man experts [Wilczynski et al.(2001)]. When the expertssifeed each article,
they had access to the hardcopies of the full text. Howevegmnstruct a testbed
for our retrieval system, we were only able to download ttie &ind abstract of

"Treating both the DR and the PR documents as relevant dodsriseconsistent with the settings in existing stud-
ies [Hersh et al.(1994), Hersh et al.(2000)]
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each article from the PubMed system. (The full text of eadiclaris typically
unavailable through PubMed.)

Construction of Scenario-Specific Queries. Since the Md&ta€linical
HEDGES Database is constructed to test document classificat does not
contain a query set. Using the following procedure, we coettd a set of
55 scenario-specific queries, and determined the releyjadgenents for these
queries based on the document classification that can beeadém these
queries:

Step 1.We identified all the disease/symptom concepts in the OHSDM&ery
set. We identified such concepts based on their semantidrfgrenation (de-
fined by UMLS). We used these concepts as the key conceptssgtraating our
scenario-specific queries for the McMaster testbed. IrcEapthese concepts,
we manually filtered out eight concepts (out of an originainiver of 90 con-
cepts) that we considered as too general to make a scempagifis query, e.g.,

i nfection,l esionandcarci noma. After this step, we obtained 82 such
key concepts.

Step 2. For each key concept identified in Step 1, we constructed four
scenario-specific queries, namely theeat nent , di agnosi s, eti ol ogy
andpr ognosi s of a disease/symptom. For example, for the conbeptast
cancer, we constructed the queriebreast cancer treatment,
breast cancer diagnosis, breast cancer etiology, and
breast cancer prognosis. We restricted our study to these four
scenarios because our current knowledge source only cahexse four
scenarios.

Step 3.For each query generated in Step 2, we generated its rekejradgments
by applying the following simple criterion: A document isnsidered to be rel-
evant to a given query if 1) experts have classified the doatitoeghe category
of the query’s scenario and 2) the document mentions theytguery concept.
This criterion has been our best choice to automate the gsoaegenerating
relevance judgments on a relatively large scale; howetveray misidentify ir-
relevant documents as relevant. After we identified thevegledocuments for
each query, we further filtered out certain queries basedhenntuition that a
guery with too few relevance judgments will lead to lessafglie retrieval results
(especially in terms of precision/recall). For example g@uery with only one
relevant document, two similar retrieval systems may obtaimpletely differ-
ent precision/recall results if one ranks the relevant dwent on top, and another
accidentally ranks it out of top-10. To implement this ititur, we filtered out
gueries that have less than 5 relevant documents. Afteffittegng step, we
were left with 55 queries.

Due to space limitations, we show the 55 McMaster queriegttmy with
the scenarios identified for each query in the extended amrsf this pa-
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per [Liu and Chu(2006)].

4.1.2 VSM and Indexing

In Information Retrieval studies,indexing typically refers to the step of
converting free-text documents and queries to represensat comprehen-
sible to a query-document similarity computation modelg.,.e.the Vector
Space Model (VSM) [Salton and McGill(1983)] or a probabits retrieval
model [Callan et al.(1992)]. In our study, we focused on expental evalua-
tion using the stem-based VSM [Salton and McGill(1983)],%Wthat is extensively
applied in similar studies.

Using a stem-based VSM, both a query and a document are egpedsas vectors
of word stems. Given a piece of free text, we first removed comstop words such
as “a,” “the,” etc., and then derived word stems from the tesihg the Lovins stem-
mer [Lovins(1968)]. We further applied thg - idf weighting scheme (more specif-
ically the atc - atc scheme [Salton and Buckley(1988)]) to assign weights tmste
documents and the query before expansion. (This weightioggss yields the weight
for the key conceptin Eq.(1).

Under the stem-based VSM, all terms expanded to a given quesg to be in
the word-stem format. Thus, for expansion concepts deified procedures in Sec-
tion 3.2 and Section 3.3, we applied the following procedworédentify the corre-
sponding word stems: For each expansion concept, we firketbop its string forms
in UMLS. We further removed stop words and used the Lovinsister to convert the
string forms into word stems. Lastly, we assigned weightthé&se expansion word
stems using the method described in Section 3.4.

4.2 Retrieval Performance

In the following, we study the performance improvement of\tedge-based expan-
sion compared to that of statistical expansion. We firstysthé improvements for
selected expansion sizes, then study the sensitivity oftbapfor selected query sce-
narios.

The retrieval performance is measured using the followimge different metrics:

avgp- 11-point precision average (precision averaged over thstdndard recall
points [Salton and McGill(1983)])

p@10- precision in top-10 retrieved documents

p@20- precision in top-20 retrieved documents

Expansion SizesFor a given expansion sizewe used both knowledge-based expan-
sion and statistical expansion to expand the 4gpems that have the heaviest weights.
For knowledge-based expansion, no weight boosting waseapal this stage.

We compute the three metrics for both methods on the OHSUMEICMcMaster
testbeds. We further average the results over the querteese two testbeds. Table 5
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s 10 20 30 40 50 100 | 200 | 300 All
Statistical Expansion 0.417 | 0.424 | 0.428 | 0.43 | 0.429 | 0.432 | 0.429 | 0.43 | 0.425
Knowledge- Based Expan- | 0.422 | 0.431 | 0.430 | 0.432 | 0.434 | 0.438 | 0.442 | 0.443 | 0.445
sion (% of improvement) | (1.2%) | (1.7%) | (0.5%) | (0.5%) | (1.2%) | (1.4%) | (3.0%) | (3.0%) | (4.7%)
(a) Performance comparison using the avgp metric for the OHSUMED testbed
s 10 20 30 40 50 100 [ 200 | 300 All
Statistical Iixpansion 0.535 | 0.546 | 0.549 | 0.553 | 0.551 | 0.567 | 0.581 | 0.574 | 0.567
Knowledge- Based Expan- | 0.544 | 0.547 | 0.554 | 0.551 | 0.553 | 0.572 | 0.572 | 0.577 | 0.588
sion (% of improvement) | (1.7%) | (0.2%) | (1.0%) |(-0.4%) | (0.4%) | (0.9%) |- L.5%)] (0.5%) | (3.7%
(b) Performance comparison using the p@10 metric for the OHSUMED testbed
s 10 20 30 40 50 100 | 200 | 300 All
Statistical Expansion 0.482 | 0.491 | 0.493 | 0.491 | 0.492 | 0.496 | 0.497 | 0.493 | 0.496
Knowledge- Based Expan- | 0.483 | 0.491 | 0.494 | 0.496 | 0.493 | 0.498 | 0.496 | 0.497 | 0.498
sion (% of improvement) | (0.2%) | (0% | (0.2%) | (A%) | (0.2%) | (0.4%) |(-0.2%) | (0.8%) | (0.4%)
(¢) Performance comparison using the p@20metric for the OHSUMED testbed
s 10 20 30 40 50 100 [ 200 | 300 All
Statistical Iixpansion 0.326 | 0.328 | 0.325 | 0.324 | 0.323 | 0.319 | 0.311 | 0.309 | 0.295
Knowledge- Based Expan- | 0.325 | 0.328 | 0.324 | 0.326 | 0.325 | 0.324 | 0.321 | 0.32 | 0.321
sion (% of improvement) | (-0.1%)| (0.1%) | (-0.3%)] (0.8%) | (0.4%) | (1.4%) | (3.3%) | (3.4%) | (9%)
(@) Performance comparison using the avgp metric for the McMaster testbed
s 10 20 30 40 50 100 | 200 | 300 All
Statistical Expansion 0.316 | 0.324 | 0.324 | 0.318 | 0.324 [ 0.311 [ 0.295 | 0.3 | 0.293
Knowledge- Based Expan- | 0.322 | 0.324 | 0.322 | 0.325 | 0.322 | 0.318 | 0.315 | 0.32 | 0.335
sion (% of improvement) [ (1.9%) | (0%) ](-0.6%) | (2.3%) |(-0.6%) [ (2.3%) | (6.8%) | (6.7%) |(14.3%)
(e) Performance comparison using the p@10metric for the McMaster testbed
s 10 20 30 40 50 100 [ 200 | 300 All
Statistical Iixpansion 0.285 | 0.285 | 0.285 | 0.283 | 0.283 | 0.281 | 0.279 | 0.278 | 0.279
Knowledge- Based Expan- | 0.285 | 0.287 | 0.287 | 0.291 | 0.29 | 0.293 | 0.286 | 0.291 | 0.292
sion (% of improvement) (0.3%) ] (0.6%) | (1%) | (2.9%) | (2.6%) | (4.2%) [ (2.6%) | (4.6%) | (4.6%)

() Performance comparison using the p@20 metric for the McMaster testbed
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Table 5: Performance comparison of the two expansion msthinder various expan-
sion sizes

shows the performance comparison of the two methods on bstiheds, under various
metrics. The first row in each subtable shows the performahstistical expansion,
whereas the second row shows that of knowledge-based egparsl its percentage
of improvement over statistical expansion.
In these figures,s=All” means appending all possible expansion terms tha¢ lzav
non-zero weight (Eq.(2)) into the original query. Using kmowledge-based method,
setting “s=All" led to expanding 1717 terms to each query on averagth standard
deviation as 1755; using the statistical method, it led taxarage of 50317 terms and
15243 being the standard deviation.
From these experimental results, we observe the followirte performance for
knowledge-based expansion generally increasedrageases and usually reaches the
peak whers=All. (The only exception is in the case of using thegpmetric on the
McMaster testbed, in which the performance of the knowlelsigged method roughly
remains stable as increases.) On the other hand, the performance of thetitatkis
method degrades ahecomes larger. On the OHSUMED testbed, its performance de-




a ST 10 20 30 10 50 100 | 200 | 300 | All

0(no | 0422 | 0431 | 0430 | 0.432 | 0434 | 0438 | 0442 | 0443 | 0445
boosting) | (1.2%) | (.7 | 0.5% | 5% | (Lew | a4 | ¢on | ¢on | @

0.25 0425 | 0436 | 0435 | 0.436 | 0.439 | 0.443 | 0.445 | 0445 | 0450
@on | @89 | @en | e | @3n | @5 | G | don | G.9%
0.5 0426 | 0435 [ 0438 | 0439 | 0.440 | 0444 | 0447 [ 0450 | 0.451
el esnlesnl el e | esnl el @ | 61w
0.75 0428 | 0.436 | 0437 | 0439 | 0440 | 0.444 | 0447 | 0.450 | 0.450
2.6 | @280 | @1 | e | eenl sl aom | @m | 69w
1 0428 | 0436 | 0437 | 0437 | 0439 | 0.443 | 0.446 | 0.450 | 0.452
60 b @sn | @i | e | @3n | @i | a@n | @ | 64
1.25 0426 [ 0436 | 0435 | 0437 | 0439 | 0442 | 0445 | 0.449 | 0.450
el esylaem | e | esn | @3 | G | 31w | G99
L5 0425 | 0435 | 0434 | 0436 | 0439 | 0439 | 0.443 | 0445 | 0447
@on | @69 | @am | @ | esn | @en | e3n | 659 | 629

Table 6: Weight boosting for the OHSUMED testbed, measuyeahvgp

grades aftes=100 (Table 5(a)) 0s=200 (Table 5(b) and Table 5(c)); on the McMaster
testbed, the performance starts degrading almost imnedglafter s becomes greater
than 20. This is due to the fact that statistical expansi@sdmt distinguish between
expansion terms that are scenario-specific and those thaar As a result, as more
terms are appended to the original query, the negativetedfdacluding those non-
scenario-specific terms begins to accumulate and aftetam@oint, the performance
drops. In contrast, the knowledge-based method appendarszepecific terms only,
and consequently, the performance of the knowledge-bas#doah keeps increasing
as more “useful” terms are appended.

We have also compared the statistical expansion methocheitxpansion, to un-
derstand the general effectiveness of query expansioneoscénario-specific queries
we chose. Due to space limit, we have not included the re$uhis comparison.
In general, statistical expansion consistently outpenfothe no-expansion method by
more than 5%, which represents a significant improvememtHer words, the method
of statistical expansion that we are comparing againstdirgyenerates reasonably
good retrieval results.)

The Effectiveness of Weight Boosting.In the next experiments, we multiplied a
boosting factor to the weights of knowledge-based expantams (Eq.(2)). The
boosting factor3 is computed using Eq.(5), under the different settingsvof=
0.25,0.5,0.75,1,1.25, 1.5. Table 6 to Table 11 show the effects of different boosting
amounts on the performance for knowledge-based query sigrgrunder the three
metrics and for the two testbeds. Each cell in these tablessh) the performance
of knowledge-based expansion and 2) the percentage of iraprent of knowledge-
based expansion over statistical expansion under the sgpamson size. In these
tables, the thick-bordered cells represent the best pedoce for that column (i.e. un-
der the same setting of expansion size); shaded cells myrthe best performance for
that row (i.e. under the same setting of boosting factor)e bést performance in the
entire table is highlighted in the shaded and thick-bordesd!.
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a 5 10 20 30 40 50 100 200 300 All
0 (no 0.544 | 0.547 | 0554 | 0.551 | 0.553 | 0.572 | 0.572 | 0.577 | 0.588
boosting) | (L.7%) | (0.2%) | (1.0%) | -0.4%) | (0.4%) | (0.9%) | -1.5%) | (0.5%) | (3.7%)

0.25 0549 | 0556 | 0556 | 0.558 | 0.567 | 0572 | 0.577 | 0588 | 0.595
Q6% | (18D | (.3 | 0.9% | @9 | 09 | 0% | @4am) | @.9%
0.5 0549 | 0561 | 0563 | 0.565 | 0.570 | 0.584 | 0.586 | 0.593 | 0.6

@6 | @m | e | @ | ean | v | 0| G3n | 689
0.75 0546 | 0.565 | 0561 | 0.568 | 0.568 | 0.580 | 0.584 | 0.595 | 0.596
1 | 350 | el @ | Gan | @en | 05 | G | Gaw
1 0552 [ 0.567 | 0.568 [ 0577 | 0577 [ 0595 | 0.586 | 0595 | 0.6
a2l esn L esn L asn bam L aon oo | am | 68D
1.25 0554 | 0.560 | 0.567 | 0.567 | 0.572 | 0.582 | 0.579 | 0.591 | 0.593
G6% | 26w | G3n | @sn | @en | @ [co3n]| @n | @en
1.5 0558 | 0558 [ 0570 | 0570 | 0574 | 0.581 | 0.577 | 0588 | 0.584
asn e sy Lo | am | esn || eam | o

Table 7: Weight boosting for the OHSUMED testbed, measuyen@ 10

T ST 10 20 30 10 50 100 | 200 | 300 | All

0o | 0483 | 0491 | 0494 | 0.496 | 0.493 | 0498 | 0.496 | 0.497 | 0.498
boosting) | (025 | 0% | 020 | an | 025 | 049 | 0.20 | 0.8%) | 045

0.25 0486 | 0496 | 0494 | 0.499 | 0496 | 0.503 | 0.502 | 0503 | 0.502
8% | an | o2 | aen | o8 | g | an | en | a2
0.5 0486 | 0.499 | 0499 | 0503 | 0.502 | 0.509 | 0.509 | 0.511 | 0.511
osn basn lazn e | @ [ e | e | am | 6n
0.75 0487 | 0.496 | 0499 | 0509 | 0507 | 0.510 | 0512 | 0.510 | 0.511
an | an a2l am |l en [esnl 6n | e | o
1 0483 | 0.498 [ 0.501 | 0.509 | 0507 | o511 [ 0517 | 0512 | 0510
02n | baen e en | en b an | e | s
1.25 0482 | 0.496 | 0498 [ 0.510 [ 0509 | 0514 | 0514 [ 0513 [ 0511
on | an | an e les el ] on
L5 0487 | 0.492 | 0498 | 0.508 | 0.504 | 0.513 | 0513 | 0511 | 0.507
an Lo | an [ 359 | ¢an | e [ 62 | am | @2

Table 8: Weight boosting for the OHSUMED testbed, measuyen@20

The following observations can be made from these results:

e Forthe OHSUMED testbed, the best performance within ealthmoo(the thick-
bordered cells) generally falls in the range fream= 0.5 to « = 1.25. This
indicates that boosting helps improve the performance oikedge-based ex-
pansion. In particular, boosting introduces significanpiavements under the
metrics ofp@10andp@2Q We note that setting = 0.5 or = 0.75 generally
yields the best boosting effect for thggpmetric; settingy = 1 or= 1.25 yields
better performances for thE@10andp@20metrics.

e For the McMaster testbed, however, boosting seems to beffessive: The best
performance within each column falls in the range frers: 0 to o = 0.75.

e For both testbeds, if we fix the boosting factor, the bestgerénce within each
row (the shaded cells) is generally achieved by having am®esipn sizes as
large as possible (with the exception case ofdkigpmetric measured on Mc-
Master). This is consistent with the reported results inpite¥ious experiments.
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a 3 10 20 30 40 50 100 200 300 All

0mo 0325 J0.328 Jo.324 Jo326 Jo.325 o324 Jos2r Jos2 o321
boosting) | 01D 0.1%) § 03] 0.8 0.4 Fan 133m a4 Lo
025 (0325 [0.326 |0324 | 0325 |0323 0322 032 |0315 |0.318
030 [ 050 | c05m ] 03n [ coenlan [ [a.em | @y
05 0324 0326 |0.321 |0.323 | 0319 | 0321 | 0316 | 0313 | 0314
059 | CO8D | 120 [ 030 | CL3W | 0.5% | (L7 | (1.2%) | (6.5%)
075 0326 Jos21 |o321 {0321 {0319 [0318 [0315 0311|0311
0.1 § 210 | (L5 | 0.7 | 1A% [ 040 | (129 | (0.8%) | (5.5%)
1 (0323 [032 |0317 [0317 [0317 [0315 [0312 [0311 |031
GO | 260 | 260 ] C2n | 19| L | 04m) | 0.6%) | G.2%)
125 [0321 | 0318 |0.316 |0318 | 0315 |0.313 | 0311 |0.309 |0.309
CLD| 30 sl crsn|cesmnlen [on [on [ 6D
15 | 0317 | 0315 |0314 [0316 |0.313 | 0311 | 0.308 | 0307 | 0306
G250 3.9 | (359 | c25% | (330 | 265 | 0.9%) | 0.6%) | (3.8%)

Table 9: Weight boosting for the McMaster testbed, meashye/gp

a s 10 20 30 40 50 100 200 300 All

0o 0322 0324 0320 o325 fo32e 0318 |0315 Jo32 [0.335
boosting) | (170 [ 0% [ o6 l@sn Lo.6m | @3 | 680 o Jaesw
025 [032 0322 [o318 0322 o2 Jos15 Josi6 o313 [0324
A.1%) [ 0.6 | L | @1 ferimlasy Fa.am Jaewn [a0.6%
05 [0322 Jo320 o2 Jose Josis [os1s o313 0311 [0318
vy Fae et loey [crmlesy L2 |66 |61
055 0318 [0.324 [0.316 |0.307 |0.313 [0.313 |0.307 |0.315 [0.32
0.6% [O% 229349 [ 3.49 [ 0.6%) [@3%) | @8 [©9.3%
T [0318 |0322 |0311 |0.305 |0313 0315 |0316 |0.32 [032
0.6%) [C0.69 [ ¢3.99 4% [ 349 2w [@am) [6.7% |©9.3%)
125 0316 032 [0313 |0311 |0315 |0315 |0311 |0315 [0.322
O LI [ 34 | 230 [ casn [ a2n | 6.6 [ @8 |0.9%)
15 |0318 0318 [0305 0311 |0315 |0311 0313 0315 |0.325
0.6% L™ [5.69 230 280 0% (620 |8 LD

Table 10: Weight boosting for the McMaster testbed, meashygp @10

Sensitivity of Performance Improvements with Query Scenaios. We now study
how knowledge-based expansion perform for different queagnarios. For the
OHSUMED testbed, we grouped the 57 queries according to skeharios, and fur-
ther selected the five largest groups of scenarios, natmedat ment , di agnosi s,
pat hophysi ol ogy of a disease,di fferential diagnosis of a symp-
tom/disease andonpl i cat i ons of a disease/medication. We skipped the remain-
ing scenarios because each of these scenarios has too faesgoalerive reliable sta-
tistics. (The number of queries that belong to each sceraride easily counted from
Table 4.) Similarly, we grouped the 55 McMaster queries Basethe four scenarios
they belong to: namelyr eat nent , di agnosi s, eti ol ogy andpr ognosi s of
a disease.

We average the performance of knowledge-based expansibimwach group of
queries and show thavgp p@10andp@20results in Table 12 to Table 14. Each
cell in these tables shows 1) the performance of knowledged expansion averaged
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o {10 20 30 10 50 ] 100 | 200 | 300 | Al
0mo | 0285 0287 | 0287 Jo291 Jo20 Jo.203 Joese Jo201 Jo.202
boosting) | (0.3%) | 0.6%) | (am  J@.9m L6n Lo Leen | e | @on
025 | 0285 J0.280 Joosy [0287 [0.280 [0.289 [0.285 [0.287 | 0.289
39 Lasn Lan [ aem [ @3n [ o | en | @335 | @60

05 [0285 0288 Jo2ss foose [029 |0287 0285 0288 |o0.288
30 | an  Lasy lasn [ | esn ey | @6w | 330

075 Jo20 Jooss [o2ss [o2ss Jo.293 Joose Jo2si Jo.288 | 0.285
aon bon [ asn | oen Lasn Laem Leom e | @3

1 0.287 |0.287 | 0.285 |0.282 [0.293 | 0.288 | 0.286 | 0.285 | 0.285
am | 0.6% [ 039 | 030 @359 | 6% | @60 | @3 | @39

125 | 0.287 | 0.286 | 0.285 | 0.285 | 0.:291 | 0.288 | 0.281 | 0.284 | 0.288
an | o3m [ 039 | 065 [@9% | @60 [0 [ @D | 33

15 | 0284 | 028 | 0286 | 0.283 | 0298 | 0.280 | 0.285 | 0.285 | 0.289
030 C0.6m] .60 [ 0n [ @an | o | en | @3n | 36w

Table 11: Weight boosting for the McMaster testbed, meashygp @20

scenario|  treatment differential diagnosis complication [pathophysiology of
of a disease | diagnosisof a | of a disease | of a disease / a disease
symptom / disease! medication

a

0 0.465 (3.9%) 0.444 (9.4%) 0.464 (7.5%) | 0.466 (2.4%) 0.564 (0.5%)
0.25 0.470 (5.2%) 0.444 (9.4%) 0.470 (9.0%) | 0.470 (3.1%) 0.569 (1.4%)
0.5 0.474 (5.9%) 0.439 (8.0%) 0.472 (9.4%) | 0.470 (3.2%) 0.571 (1.8%)
0.75 0.474 (6.0%) 0.434 (6.8%) 0.473 (9.7%) | 0.464 (R.0%) 0.573 (2.3%)
1 0.474 (5.9%) 0.438 (7.9%) 0.474 (9.8%) | 0.466 (2.4% 0.580 (3.4%)
1.25 0.472 (5.4%) 0.433 (6.6%) 0.480 (11%) § 0.470 (3.1%) 0.579 (3.3%)
1.5 0.466 (4.2%) 0.431 (6.1%) 0.475 (9.9%) | 0.467 (2.6%) 0.579 (3.3%)

Table 12: Performance improvements for selected scenaasured byavgpfor the

OHSUMED testbed. Expansion sizeAll

scenario | treatment differential diagnosis complication [pathophysiology of
of a disease | diagnosis of a | of a disease | of a disease / a disease
symptom / disease| medication

a

0 0.597 (4.0%) 0.586 (6.5%) 0.622 (3.7% 0.550 (-2.0%) 0.720 (-2.7%
0.25 0.609 (6.0%) 0.586 (6.5%) 0.633 (5.6%) | 0.575 (2.2%) 0.720 (-2.7%)
0.5 0.611 (6.5%) 0.593 (7.8%) 0.633 (5.6%) | 0.575 (R.2% 0.740 (0.0%)
0.75 0.603 (5.0%) 0.586 (6.5%) 0.633 (5.6%) | 0.563 (0.0%) 0.740 (0.0%)
1 0.606 (5.5%) 0.614 (11.7%) 0.644 (7.4%) | 0.563 (0.0%) 0.720 (-2.7%)
1.25 0.597 (4.0%) 0.614 (11.7%) 0.656 (9.3%) | 0.575 (2.2%) 0.720 (-2.7%)
1.5 0.586 (2.0%) 0.593 (7.8%) 0.644 (7.4%) | 0.575 (2.2%) 0.740 (0.0%)

Table 13: Performance improvements for selected scenagasured bp @ 10for the

OHSUMED testbed. Expansion sizeAll
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scenario | treatment differential diagnosis complication [pathophysiology of
of a disease | diagnosis of a | of a disease | of a disease / a disease
symptom / disease| medication

a

0 0.497 (-0.3%) 0.500 (1.4%) 0.517 CL1%) | 0.525 (-2.3%) 0.720 (0.0%)
0.25 0.506 (1.4%) 0.500 (1.4%) 0.539 (3.2%) | 0.531 (-1.2%) 0.710 - L4%)
0.5 0.514 (3.2%) 0.500 (1.4%) 0.539 (3.2%) | 0.538 (0.0%) 0.710 - L.4%)
0.75 0.520 (4.3% 0.500 (1.4%) 0.550 (5.3%) | 0.538 (0.0%) 0.700 (-2.8%)
1 0.523 (4.9%) 0.507 (2.9%) 0.572 (9.6% 0.544 (1.2% 0.700 (-2.8%)
1.25 0.519 (4.0%) 0.507 (2.9%) 0.550 (5.3% 0.544 (1.2% 0.700 (-2.8%)
L5 0.516 (3.4%) 0.507 (2.9%) 0.544 (4.3%) 0.544 (1.2%) 0.700 (-2.8%)

Table 14: Performance improvements for selected scenagasured by @20for the
OHSUMED testbed. Expansion size200

scenario treatment diagnosis etiology prognosis
of a disease of a disease of a disease of a disease

a
0 0.49 (-0.6%) 0.145 (3.9%) 0.324 (0.9%) 0.229 (-0.4%)
0.25 0.488 (-1%) 0.145 (3.8%) 0.319 (-0.7% 0.23 -0.1%)
0.5 0.486 (- 1.4%) 0.143 (2.8%) 0.318 - 1% 0.231 (0.1%
0.75 0.484 -1.9%) 0.143 (2.5%) 0.307 (-4.4% 0.231 (0.2%)
1 0.48 (-2.7%) 0.142 (2.1% 0.304 (-5.2% 0.232 (0.6%)
1.25 0.477 (-3.3%) 0.142 (2%) 0.3 (-6.3%) 0.235 (1.8%)
1.5 0.47 (-4.7%) 0.142 (1.5%) 0.298 -7.1% 0.234 (1.7%)

Table 15: Performance improvements for selected scenmeasured byvgpfor the
McMaster testbed. Expansion size20

over the corresponding group of queries, under the correlipg boosting settingn(),
and 2) the percentage of improvement of knowledge-baseahsiqn over statistical
expansion under the same settings. For example, the shallledTable 12 shows that
among the 3% r eat ment OHSUMED queries, under the boosting settingnof=
0.75, knowledge-based expansion achieves an avexagpof 0.474. This represents
a 6.0% improvement over the statistical method measurddmiihe same group of
queries.

To derive the results in Table 12, Table 13 and Table 14, wthsetxpansion size
s=All, All and 200, respectively; for the results in Table T&ble 16 and Table 17, we
set the expansion size=20, All, and 50. Such settings are based on our observations
in the previous subsection where the knowledge-based mhé&thd to perform the best
with these expansion sizes under the corresponding ei@iuagetrics.

These results generally suggest that knowledge-basedsnpaperforms differ-
ently for queries with different scenarios. More specificahe method yields more
improvements in scenarios such tseat ment, di fferential diagnosis
and di agnosi s, whereas it yields less improvements in such scenarios as
conpl i cati on, pat hophysi ol ogy, eti ol ogy andpr ognosi s. An expla-
nation lies in the different knowledge structures for thesenarios. The knowledge
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scenario treatment diagnosis ctiology prognosis

of a disease of a disease of a disease of a disease

a

0 0.482 (26.2%)  §0.129 (12.5%)  §0.324 (5.8%) 0.271 (5.6%)

0.25 0.465 (R1L.5%)  [0.129 (12.5%) 0318 (3.8%) 0.257 (0%)

0.5 0.447 (16.9%) 0.114 (0%) 0.324 (5.8%) 0.257 (0%)

0.75 0.441 (15.4% 0.143 (25%) 0.318 (3.8%) 0.264 (2.8%)

1 0.441 (15.4% 0.143 (25%) 0.318 (3.8%) 0.264 (2.8%)

1.25 0.435 (13.8%) | 0.143 (25%) 0.318 (3.8%) 0.279 (8.3%)

1.5 0.441 (15.4% 0.143 (25%) 0.318 (3.8%) 0.286 (11.1%)

Table 16: Performance improvements for selected scenagasured bp @ 10for the
McMaster testbed. Expansion sizeAll

scenario treatment diagnosis etiology prognosis
of a disease of a disease of a disease of a disease

a
0 0.462 (3.3% 0.1 (7.7%) 0.282 (2.1%) 0.186 (0%)
0.25 0.462 (3.3% 0.107 (15.4% 0.276 (0%) 0.186 (0%)
0.5 0.462 (3.3%) 0.114 (23.1%) 0.276 (0%) 0.186 (0%)
0.75 0.468 (4.6%) 0.121 (30.8%) 0.271 (-2.1%) 0.193 (3.8%)
1 0.471 (5.3%) 0.114 (23.1%) 0.268 (-3.2%) 0.196 (5.8%)
1.25 0.462 (3.3%) 0.114 (23.1%) 0.268 (-3.2%) 0.2 (7.7%)
L5 0.468 (4.6%) 0.114 (23.1%) 0.265 (-4.3%) 0.204 (9.6%)

Table 17: Performance improvements for selected scenagasured bp@20for the
McMaster testbed. Expansion size50

structures (i.e., the fragments of UMLS Semantic Networthsas Figure 2) for the
latter four scenarios were originally missing in UMLS andeacquired by ourselves
from experts. (We will further present the details of thigWhedge acquisition process
in Section 5.) These acquired structures have more sentgpés marked as relevant
than those for the former three scenarios. As a result, wiaaalmg queries with
the latter four scenarios, the knowledge-based methodskaepe concepts during the
filtering step. Thus, the expansion result for the knowlebgsed method resembles
that of the statistical expansion method, leading to alregsivalent performance be-
tween the two methods and less improvements. We believeathefined clustering
and ranking of the knowledge structures for the four scesdiie..conpl i cati on,
pat hophysi ol ogy,eti ol ogy andpr ognosi s) will increase the improvements
in retrieval performance.

4.3 Discussion of Results

Choice of « for weight boosting. Our experimental results from Table 6 to Table 11
suggest that weight boosting is helpful in improving retaigoerformance. Further, the
results shown in Table 12 to Table 17 suggest that the pediocmof weight boosting
is sensitive to the query scenario. Certain query scenatios ad r eat nent and
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di agnosi s are associated with more compact knowledge structureshibads to
significantly less expansion concepts using our knowldolged method compared
to those by statistical expansion. In these scenariosngettin between 0.75 and
1.25, which represents more aggressive weight boostitig\aes noticeable improve-
ments. In other scenarios associated with less compactlkdge structures, e.g.,
conpl i cati on, the difference is insignificant between the set of expansomcepts
by our method and those by statistical expansion. As a reglelicumulative weights
of the two set of expansion concepts are close to each otbersueh scenarios, our
experimental data suggests a more conservative weightibgegth « € [0,0.5].

Comparison with previous knowledge-based query expansiostudies. Our re-
search differs from most knowledge-based query expangidies [Hersh et al.(2000),
Plovnick and Zeng(2004), Guo et al.(2004)] in the baselirthod used for compar-
ison. Most existing studies only compare against a basegl@merated by no query
expansion. Such studies expand the synonyms, hypernynis/apdyms of the origi-
nal query concepts, and usually report an insignificant owgment [Guo et al.(2004)]
or even degrading performance [Hersh et al.(2000)] contpbtzethe no expansion
method. In contrast, our study compares against statigiqaansion which, in our
experimental setup, has an observed improvement over rameiqn by at least 5%.
In Aronson and Rindflesch’s study [Aronson and Rindflesc@{)R the re-
searchers applied the UMLS Metathesaurus to automatieafignd synonyms to the
original query. In one particular setup, their approachiead a 5% improvement
over a previous study [Srinivasan(1996)] which appliedigtiaal expansion on the
same testbed. This result indicates the value of human lettgelin query expansion,
and generally aligns with the observation in our experimeWe note that the dif-
ference between their research and ours is that their agipisdimited to expanding
synonyms only, and is not scenario-specific as we have pegbanSection 1.

5 Knowledge Acquisition

The quality of our knowledge-based method largely depemisuhe quality and
completeness of the domain-specific knowledge source. fmbw/lkedge structure in
the UMLS knowledge base is not specifically designed for aderspecific retrieval.
As a result, we discovered some frequently asked scenagigs, €ti ol ogy or
conpl i cati ons of adisease) that are either undefined in UMLS, or defined kbt w
incomplete knowledge. Therefore, we developed a methggdtoacquire knowledge
and to supplement the UMLS knowledge source. The methogiaiogsists of the
following two steps:

1. Acquire knowledge for undefined scenarios to supplenhentMLS knowledge
source.

2. Refine the knowledge of the scenarios defined in the UMLSviedge source
(including the knowledge supplemented by Step 1).
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Disease o e0000

Syndrome

is_etiology_ of

is_etiology_of ] Semantic Type
Figure 4: A sample template to acquire knowledge for preslipundefined scenarios

5.1 Knowledge Acquisition Methodology

Knowledge Acquisition for Undefined Scenarios. For an undefined scenario, we
present to medical experts an incomplete relationshiphgespshown in Figure 4.
Edges in this relationship graph are labeled with one of tidefined scenarios, e.g.,
“etiology.” The experts will fill in the question marks withisting UMLS semantic
types that fit the relationship. For example, because srase related to the etiol-
ogy of a wide variety of diseases, the semantic type “Virudl igplace one of the
question marks in Figure 4. This new relationship grapholedly of diseases) will
be appended to the UMLS Semantic Network, and can be usediéoieg with the
“etiology” scenario.

Knowledge Refinement Through Relevance JudgmentsA relationship graph for
a given scenario (either previously defined by UMLS or newdguared from Step
1) may be incomplete in including all relevant Semantic B/pé& hypothetical ex-
ample of this incompleteness would be the missing relatignsr eat s between
Therapeutic or Preventive ProcedureandD sease or Syndrone.
Our basic idea in amending this incompleteness is to exgl@eimplicit” knowl-
edge embedded in the relevance judgments of a standard thhedes Such a test-
bed typically provides a set of benchmark queries and fon e@ery, a pre-specified
set of relevant documents. To amend the knowledge struftinie certain scenario,
e.g.,treat ment, we focus on sample queries that are specific to this scenario
e.g.,keratoconus treatnment. We then study the content of documents that
are marked as relevant to these queries. From the contertamvaentify concepts
that are directly relevant to the query’s scenario, é.geat nent . If the semantic
type for those concepts are missing in the knowledge streictue can then refine the
knowledge structure by adding the corresponding semayypiest For example, let
us consider a hypothetical case where the tJper apeuti ¢ or Preventive
Pr ocedur e is missing in the knowledge structure of Figure 2. If by stndythe sam-
ple queryker at oconus treat ment, we identify quite a few Ther apeuti c
or Preventive Procedure” concepts appearing in relevant documents such
aspenetrating keratopl asty andepi ker at opl asty, we are then able
to identify Ther apeuti ¢ or Preventive Procedure as arelevant semantic
type and append it to Figure 2.

Given that a typical benchmark query has a long list of ralevdbcuments, it
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is labor-intensive to study the content of every relevarduthoent. One way to ac-
celerate this process is to first apply an incomplete knogédestructure to perform
knowledge-based query expansion and perform retrievalb@sed on such expansion.
An incomplete knowledge structure leads to an “imperfec&ny expansion, which in
turn, fails to retrieve certain relevant documents to theedbthe ranked list. Compar-
ing this ranked list with the gold standard and identifyihg missing relevant docu-
ments will give us pointers to determine the incomplete kedge. For example, fail-
ure to includeTher apeutic or Preventive Procedure in the knowledge
structure in Figure 2 prevents us from expanding concepb aspenetrati ng
ker at opl asty to the sample query dfer at oconus, treatment. As are-
sult, documents with a focus qmenet rati ng ker at opl asty will be ranked
unfavorably low. After we identify such documents, we cascdiver the missing ex-
pansion concepts contributing to the low rankings and refiseknowledge structure
as we have just described.

5.2 Knowledge Acquisition Process

We chose the 57 scenario-specific queries (Table 4) in thelDHD testbed to apply
our proposed knowledge-acquisition method because obtlmving considerations:

e The OHSUMED queries are collected from physicians tregiitients in a clin-
ical setting. Therefore, the OHSUMED query scenarios ghbel representa-
tive in healthcare, and the knowledge acquired from thesaastos should be
broadly applicable.

e The knowledge-acquisition methodology also requireseaxm relevance judg-
ments for a set of benchmark queries. OHSUMED is the largsstbéd for
medical free-text retrieval that has relevance judgmemtskifiowledge refine-
ment.

We have identified 12 OHSUMED scenarios whose knowledgetsires are miss-
ing in UMLS. We applied the two-step knowledge-acquisitinathod to acquire the
knowledge structures for these 12 undefined scenarios arefitee the knowledge
structures for all scenarios. During the first step of theu@ition process, we in-
terviewed two intern doctors with M.D. degrees at the UCLA&d of Medicine.
During the interview, we first described the meaning of tHatienship graphs as seen
in Figure 4. Afterwards, we presented the entire list of UMdeBnantic types to the
experts so that appropriate semantic types were filled rggtiestion marks. We com-
municated the results from one expert to another until tleeeimed a consensus for
each scenario. For the second step of knowledge acquisitiemperformed retrieval
tests on the OHSUMED testbed using both queries expanddwetinbwledge-based
method and the method of expanding all statistically-selatoncepts. We focused on
12 queries where the statistical method outperforms thevlatge-based method in
terms of the precision in top-10 results. We further appiiedmethod presented in the
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# of # of semantic| # of additional | Total # of
semantic | types semantic types | semantic
Scenarios types acquired through types after
defined in | from experts | knowledge knowledge
UMLS refinement acquisition
treatment of a disease 3 N/A 1 4
diagnosis of a disease 5 N/A 2 L
prevention of a disease 3 N/A 0 3
differential diagnosis of a symptomalisease | N/A 10 4 14
etiology of a disease N/A 40 1 41
risk factors of a disease N/A 40 2 42
complications of a disease/medication N/A 15 0 15
pathophysiology of a disease N/A 56 0 56
prognosis of a disease N/A 15 2 17
epidemiology of a disease N/A 13 0 13
rescarch of a disease N/A 28 0 28
organisms of a disease N/A 7 0 v
criteria of medication N/A 26 0 26
when to perform a medication N/A 5 6 11
preventive health care for a type of patients | N/A 10 2 12

Table 18: Knowledge acquisition results

previous section to study the content of these top-rankedrdents and augmented the
knowledge structure for the corresponding scenario wifirggriate semantic types.

5.3 Knowledge Acquisition Results

The acquisition results are shown in Table 18. Due to spaast@nts, we only pro-
vide a statistical summary of the results. Appendix A présére results in full detail.

The scenarios in the first three rows, i.¢.r eat nent, di agnosi s and
preventi on, are originally defined by UMLS. The first column in these rows
shows the number of semantic types marked as relevant for gmario (i.e., the
number of semantic types that experts have filled into thakbtactangles of Fig-
ure 4). The second column for these rows is “N/A’ becauseethexrs no need to ac-
quire knowledge structure from domain experts for thesaates. The third column
shows the number of semantic types added during knowledigengent (the second
step of knowledge acquisition). For example, for theagnosi s scenario two ad-
ditional semantic typed,aboratory or Test Result andBiol ogically
Acti ve Subst ance were added because of the study@rery #97: Iron
deficiency anem a, which test is best. These two semantic types
were added because the absence of these two types has pdettemtknowledge-
based method from expanding two critical concepts into tfigiral query: ser um
ferritinandfe iron, each belonging to one of the two semantic types. From
the relevance judgment set, we noted that missing thesedneepts leads to the low
ranking of three relevant documents that heavily use thesedncepts.

Starting from the fourth row, we list the scenarios for whiga need to acquire
knowledge structure from domain experts. The first colummtii@se scenarios is
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“N/A’ because these scenarios are originally undefined inl3MThe second column
shows the number of semantic types that experts have filtedhe structure template
of Figure 4. The third column shows the number of additiomahantic types from
knowledge refinement (the second step of knowledge aciguisiaind the last column
shows the total number of semantic types after knowledgeisitign.

The proposed knowledge-acquisition method on the OHSUM#ESEed has shown
to be efficient and effective. We finished communicating wdtmain experts to ac-
quire the knowledge structures for the 12 scenarios in ks 20 hours, and spent an
additional 20 hours to refine the knowledge structure byaxpg the relevance judg-
ments. We applied the augmented knowledge source in ourlkdge-based query ex-
pansion experiments. The augmented knowledge was shovenéffdztive in helping
improve the retrieval performance of the knowledge-basethod over the statistical
expansion method.

6 Study of The Relevancy of Expansion Concepts by
Domain Experts

Through experiments on the two standard medical text xetrieestbeds, we have

observed that under most retrieval settings knowledgeébgaery expansion outper-
forms statistical expansion. Our conjecture is that kndg#ebased query expansion
selects more specific expansion concepts to the originayguseenario than statistical

expansion does. To verify this conjecture, we have askedadoexperts to manually

evaluate the relevancy of expansion concepts.

The basic idea for this study is the following: For each quarg given retrieval
testbed, we apply the two query expansion methods to genevatsets of expansion
concepts. We then prepare an evaluation form which inqaibesit the relevancy of
each expansion concept to the original query. In this forma,present the query’s
text, and ask domain experts to judge the relevancy baseldeoguery’s scenario(s).
For each concept we provide four scales of relevanelevant somewhat relevant
irrelevant or do not know A concept will be marked as somewhat relevant if the
concept is indirectly related to the original query or caiugially relevant in certain
clinical cases. We blind the method used to generate eaateptinin doing so, we
reduce bias that an expert might have towards a particultivode

To implement this idea, we chose the 57 scenario-specificiggién the
OHSUMED testbed. We applied the two expansion methods aridede40 expan-
sion concepts from each method with the highest weights. M&epmted the evaluation
form consisting of these concepts to three medical expdrtsare intern doctors at the
UCLA School of Medicine. We asked them to make judgments onlyhose queries
that belong to their area of expertise, e.g., oncologyagyletc. On average, each ex-
pert judged the expansion concepts for 15 queries. Thugdan expansion method,
we obtained 1,600 expansion concepts classified as one fafitheategories.

Figure 5 and Figure 6 present a summary of the results frosnhhiman subject
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Percentage of concept relationships

Relevant  Somewhat  Irrelevant Do not know Relevant Somewhat  Irrelevant Do not know
relevant relevant

Figure 5: Relevancy of expansion conFigure 6: Relevancy of expansion concepts
cepts created by statistical expansion created by knowledge-based expansion

study. For the expansion concepts derived from each metitdummarized the re-

sults into a histogram. The bins of this histogram are the $oales of relevancy. We

note that 56.9% of the expansion concepts derived by the letge-based method
are judged as eitheelevantor somewhat relevantvhereas only 38.8% of expansion
concepts by statistical expansion are judged similarlyis Tapresents a 46.6% im-
provement. This result validates that knowledge-basedycgrpansion derives more
relevant expansion concepts to the original query’s séegrthan those by statistical

expansion, and thus yields improved retrieval results¢enario-specific queries.

7 Conclusion

Scenario-specific queries represent a special type of dhatyis frequently used in

medical free-text retrieval. In this research, we have pseg a knowledge-based
query expansion method to improve the retrieval perforradoc such queries. We

have made the following contributions:

e We have developed a methodology that exploits the knowlsttgetures in the
UMLS Semantic Network and the UMLS Metathesaurus to idgntdincepts
that are specifically related to the scenario(s) in the quigspending such iden-
tified concepts to the query results in scenario-specifiargjon.

¢ We have developed an efficient and effective methodologkriowledge acqui-
sition to supplement and refine the knowledge source.

e We have performed extensive experimental evaluation ofréiéeval perfor-
mance of knowledge-based query expansion by comparinghattof statistical
expansion. Our experimental studies reveal that:

— Knowledge provided by UMLS is useful in creating scenapesdfic query
expansion, leading to over 5% of improvements over stediséxpansion
in the majority of cases studied. Such improvements arefgignt since
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statistical expansion outperforms the no-expansion naellyoat least 5%
in our experimental setup.

— Since knowledge-based expansion tends to expand lessitamtise orig-
inal query, boosting the weights of these terms is necedsaggnerate
improvements over the statistical method.

— Because the knowledge structures defined for differentyqeeenarios
exhibit different characteristics, the performance inveroents of the
knowledge-based expansion method differ for these saenari

The focus of this research is to support scenario-specifecigs in the medical
domain. Scenario-specific queries can appear in other dsnaai well. In extending
our research to other domains, we note that the quality ofailehknowledge is im-
portant to the performance of our method. In certain domaimsre such knowledge
is not readily available, the success of our approach depemdhe knowledge acqui-
sition process which is resource-intensive. This reprssafimitation of our current
approach in terms of extensibility across different doreaand is a worthy topic for
future research.
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Appendix A. Knowledge Acquisition Results

We first consulted medical experts to acquire the set of sembpes relevant to a scenario
that is previously undefined by UMLS (e.g “etiology of dise’gs Table 19 lists the acquisition
results. Due to space limit, we only provide the ID of each aetic type. The definition can
be found in the “SRDEF” table of UMLS. We further performedlwiedge refinement through
relevance judgements and present the refinement resulédla Z0. The second column in the
figure shows the additional semantic types added to thesoreling scenario from this step.
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Scenario

Set of relevant semantic types by consulting experts (IDIg)o |

differential diagnosis of
a disease

TO059, TO60, TO97, T121, T184, TO46, TO47, TO48, TO49, T191

etiology of a disease

T004, TOO5, TO06, TOO7, TOO9, TO31, TO73, TO74, TO75, T1ARNA, T105, T106, T107,
T108,T109,T110,T111,T112,T113,T114,T115,T116, T118,9 T120, T121, T122,
T123,T124,T125,T126,T127,T128,T129, T130, T131, T16&8, T192, TO53, T054,
T055, T047, T048, T191, T049, T190, TO19, T020, T037

risk factors of a disease

TO04, TOO5, TO06, TOO7, TOO9, TO31, TO73, TO74, TO75, T1ARA, T105, T106, T107,
T108,T109,T110,T111,T112, T113,T114,T115, T116, T1189 T120, T121, T122,
T123,T124,T125,T126,T127, T128, T129, T130, T131, T1d/8, T192, TO53, T054,
TO55, T047, T048, T191, T049, T190, TO19, TO20, TO37

complications of a dis-
ease/medication

TO033,T034,T184, TO59, TO60, TO61, TO47, TO48, T190, TOIR(, TO54, TO55, TO8O,
T081

pathophysiology of a
disease

T062, T059, T039, T040, TO41, TO42, TO43, T044, TO45, TO4BL7, T048, T191, TO49,
TO50, TO18, T021, T023, TO24, TO25, T026, T028, T190, TOXRA; T109, T110, T111,
T112,T113,T114,T115,T116,T118, T119, T120, T121, T1223, T124, T125, T126,
T127,T128, T129, T192, TO33, T034, T184, T085, T086, TOBBS, T169, T022, TO59

prognosis of a disease

T033, T034, T184, T059, TO60, T061, TO47, TO48, T190, TOLR (A, TO54, TO55, TO8O,
T081

epidemiology of a dis-
ease

T083, T097, T098, TO99, T100, T101, T102, TOOZ, TOO3, TO®HS, TOOE, TOO7

research of a disease

T062,T063,T109, T110,T111, T112,T113, T114, T115, T116,8, T119, T123, T124,
T125,T126,T127,T128, T129, T192, T085, T086, TO87, TO&MA, TO05, TO06, TOO7

organisms for a disease|

TO001, TO02, TOO3, TOO4, TOOS5, TOO6, TOO7

criteria of medication

TO033, TO34, T184, T0O59, TO60, T109, T110, T111, T112, T1134, T115,T116, T118,
T119, T123,T124,T125, T126, T127, T128, T129, T192, T19W,9; T020

when to perform a med-
ication

T059, TO60, TO33, TO34, T184

preventive health carg
for a type of patient

TO059, TO53, TO54, TO55, TO56, TO64, TO65, T124, T127, T1Z8A, T169

Table 19: The set

of semantic types relevant to each scenasalts acquired by

consulting medical experts

[ Scenario [ Setof relevant semantic types appended during knowledigeneent |
treatment of a disease T093
diagnosis of a disease TO034,T123
prevention of a disease n/a
differential diagnosis of a disease TO034, T123,TO31, T082
etiology of a disease TO59
risk factors of a disease T059, T034
complications of a disease/medication n/a
pathophysiology of a disease n/a
prognosis of a disease T169, T025
epidemiology of a disease n/a
research of a disease n/a
organisms for a disease n/a
criteria of medication n/a
when to perform a medication T046, T047,T048, T049, T191, T023
preventive health care for a type of patient T080, T169

Table 20: The set of semantic types relevant to each sceaagaired from knowledge
refinement by exploring relevance judgements
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