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Abstract

We describe our work in progress on natu-
ra language analysisin medical question-
answeringin the context of abroader med-
ical text-retrieval project. We anayze the
limitations in the medical domain of the
technol ogiesthat have been devel oped for
general question-answering systems, and
describe an adternativeapproach whose or-
ganizing principle is the identification of
semantic rolesin both question and answer
textsthat correspond to thefields of PICO
format.

1 Motivation

In every aspect of patient treatment, questions arise
for which asearch of the published medical evidence
isappropriate, asitisvery likely that the answer has
aready been found from thework of other clinicians.
For example:!
Q: Inachild with asthma, do increased doses of inhaled cor-
ticosteroids lead to a decreasein growth?
A: Growth was significantly slower in the group receiving
higher dose inhaled steroids (3.6 cm, 95% Cl 3.0 to 4.2
with double dose beclometasone v 5.1 cm, 95% Cl 4.5

to 5.7 with salmeterol v 4.5 cm, 95% CI 3.8 to 5.2 with
placebo). (Barton, 2002)

Studies have shown that searching in the literature
can help cliniciansin answering questionsgenerated
in patient treatment (Gorman et al., 1994; Cimino,

1All the examplesin this paper are taken from a collection of
questionsthat arose over a two-week period in August 2001 in
aclinical teaching unit at the University of Toronto.

1996; Mendoncga et a., 2001). It has also been
found that if high-quality evidence is available in
thisway at the point of care—for example, the pa-
tients' bedside—clinicians will use it in their deci-
sionmaking, and it frequently resultsin additional or
changed decisions (Sackett and Straus, 1998; Straus
and Sackett, 1999). But speed is very important.
Investigation of potential end-users has shown that
physicians need access to the information within 30
seconds, and that if the search takeslonger, itislikely
to be abandoned (Takeshitaet a., 2002).

The practice of using the current best evidence
to help clinicians in making decisions on the
trestment of patients is called Evidence-Based
Medicine (EBM). Finding relevant evidence is a
typical question-answering (QA) problem in the
medical area. There are many QA systemsthat have
achieved some success in other domains, such as
finding the answer to “factoid” questionsin a corpus
of general news stories, asinthe question-answering
track of recent Text Retrieval Conferences (TREC,
2001). However, we have found that there are large
differences between general QA (GQA) and med-
icad QA (MQA) (see section 3 below). This paper
analyzes the challenges of applying QA technology
to answer clinical questions automatically, and then
describes our on-going work on the problem.

2 TheEPoCare Project

Our work is part of the EPoCare project (“Evidence
at Point of Care”) at the University of Toronto. The
project aims to provide fast access at the point of
careto the best available medical information. Clin-
icians will be able to query sources that summarize



and apprai se the evidence about the diagnosis, treat-
ment, prognosis, etiology, and prevalence of medi-
cal conditions. In order to make the system available
at the point of care, the question-answering system
will be accessible using hand-held computers. The
project is an interdisciplinary collaboration that in-
volvesresearch in several disciplines. Project mem-
bers in Industrial Engineering and Cognitive Psy-
chology are investigating the design of the system
through a user-centered design process, in which re-
quirements are elicited from end users who are also
involved in the evaluation of prototypes. Project
members in Knowledge Management and Natura
Language Processing aim to ensure that the answers
to queries are accurate and complete. And project
membersin Health Informaticswill test theinfluence
of the system on clinical decision-making and clini-
cal outcomes.

The systemis presently based on keyword queries
and retrieval, as we describe in section 2.2 below.
The goal of the work that we will report in the later
sections of the paper isto allow the system to accept
questions in natural language? and to better identify
answers in its natural-language data sources. Our
initial emphasisis on the latter.

2.1 System architecture

There are two main components in the system.
The data sources are stored in an XML document
database. The EPoCare server uses this database to
provide answers to queries posed by clinicians.

The architecture of the system is shown in Fig-
ure 1. A clinica query is passed to the front con-
troller to form a database query of keywords. The
guery is sent by the retriever to the XML document
database to retrieve relevant documents in the data
sources using keyword matching. The results are
then passed to the query—answer matcher to find the
best answer candidates. Finaly, the best answer is
determined and returned to the user.

Thecurrent datasourcesincludethereviewsof ex-
perimental resultsfor clinical problemsthat are pub-
lishedin Clinical Evidence (CE) (version7) (Barton,
2002), and Evidence-based On Call (EBOC) (B4l

2Here and throughout the paper, we make the conven-
tional distinction between query and question; the former is a
keyword-basedstring or structure, and thelatter isin natural lan-
guage. A query may represent a question, and vice versa.
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Figure 1. EPoCare system architecture.

and Phillips, 2001). The texts are stored with XML
mark-up in the database. The XML database is ma-
nipulated by ToX, a repository manager for XML
data (Barbosa et a., 2001). Repositories of dis-
tributed XML documents may be storedin afile sys-
tem, arelational database, or remotely on the Web.
ToX supportsdocument registration, collection man-
agement, storage and indexing choice, and queries
on document content and structure.

2.2 PICO-format queries

At present, the system accepts queries in a format
knownin Evidence-Based Medicine as PICO format
(Sackett et al., 2000). In thisformat, aclinical ques-
tion is represented by a set of four fields that corre-
spond to the basic elements of the question:

P: adescription of the patient (or the problem);



I: anintervention;
C: acomparison or control intervention (may be omitted);
O: theclinical outcome.

For example, the sample questionin section 1 can be
represented in asimple PICO format as follows:

P: asthma

I: inhaled corticosteroids

C. —

O: growth
A more-complete PICO representation of the same
guestionisthis:

P: child with asthma

I': increased doses of inhaled corticosteroids

8: decreasein growth
This representation contains more information; but
neither of the two expresses the compl ete semantics
of the natural-language question. Thus, the PICO
format islimited in its ability to represent the mean-
ing of questions. Especialy in the case of yes—+no
questions, the point of the questionislikely to beun-
clear. However, the PICO format indicatesthe basic
semantics of the question, and it is commonly used
in question representation in EBM. Thusit was used
as a starting point in the development of the system.

The keyword-based retrieval procedure is com-
posed of three steps:

Retrieving. For each query keyword, XML paths
in which the keyword appears are found.

Filtering. Paths that are not meaningful contexts
for the PICO category of thekeyword arefiltered out.
For each PICO category in the question, some XML
context ismeaningful for it while othersnot. For ex-
ample, a chapter title is meaningful (and valuable)
context for an instance of patient population in the
keyword matching. But titles of cited references are
not.

Buildinganswers. In thefiltered paths, the system
identifies cases in which al the key conceptsin the
question have been found, in context, in such away
that an answer pattern is satisfied. Then it returns
the related segment of text in XML format so that
the user can view it with abrowser. A set of answer
patterns were constructed for this matching process;
each answer pattern consists of a set of XML paths
for each of the four PICO categories. To identify a
path as relevant, al four components should find a
matchinit.

Clinical question: In a patient with a suspected MI does
thrombolysis decreasethe risk of death if it is administered 10
hours after the onset of chest pain?

PICO format:

P: myocardial infarction
I: thrombolysis

C. —

O: mortality

Keywords: myocardial infarction thrombolysis mortality

Answer: Systematic reviews of RCTs have found that prompt
thrombolytic treatment (within 6 hours and perhaps up to 12
hours and longer after the onset of symptoms) reduces mortality
in people with AMI and ST elevation or bundle branch block
on their presenting ECG.

Fifty six people would need treatment in the acute
phase to prevent one additional death. Strokes, intracranial
haemorrhage, and major bleeds are more common in people
given thrombolysis; with one additional stroke for every
250 people treated and one additional major bleed for every
143 people treated. The reviews have found that intracranial
haemorrhage is more common in people of advanced age and
low body weight, those with hypertension on admission, and
those given tPA rather than another thrombolytic agent.

Figure 2: Example of clinical question, with corre-
sponding EPoCare query and answer from Clinical
Evidence.

Whilethissearching strategy isbased onthe PICO
format, it is not confined to it. The patterns can be
extended so that additional categories (components)
areincluded. Thus, it could be applied to questions
that are not expressed in PICO.

Figure 2 shows an example of aclinica question
with the corresponding EPoCare query and the seg-
ment of text that was retrieved from Clinical Evi-
dencein response. The segment that wasretrievedis
clearly relevant to the question, but it has too much
irrelevant data.

3 QA in medicine: Theproblem

We will now discuss medical question-answering,
with the goal of refining the current EPoCare system
by accepting natural-language questions and better
identifying answers in the data sources.

In thissection, we examinethe difference between
general and medical QA from the perspective of the
three main research problems of QA: question pro-
cessing, question—answer matching, and answer ex-
traction. For each problem, we describe features that



current QA technology is not appropriate for, and
features that are not addressed by existing technol-

ogy.
3.1 Question processing

For a question to be answered correctly, a QA sys-
tem first has to understand what the question is ask-
ing about. Thisisan important task of question pro-
cessing. Most current QA systemsaddressit by iden-
tifying the type of answer sought. As GQA systems
focus on wh- questions, many of which have named
entities (NES) as their answer, they usualy classify
answers according to different types of NE, such as
product, organization, person, and so on. Thisclas-
sification is not appropriate in the medical domain,
in which questions often ask about the treatment for
adisease, outcome of a treatment, possible disease,
and so on. Asaresult, the method of identifying an
answer type must be different in MQA from GQA.

Even for the same answer type, there may be a
different understanding. For example, when ques-
tionsask for the timethat an event happens. In GQA
systems, they are usualy answered by an absolute
date, eg., 15 May 1932. However, in the medica
area, when questions are usualy answered by rel-
ative time, e.g., two hours after the onset of chest
pain. Sometimesthe answersare not evenatime; in-
stead, they are a clinical condition, e.g., in response
to When should antibiotics be applied?

Some problems of MQA are not addressed at dl
by current QA technologies:

Question focus. Sometimes, the answer type
is not enough to determine what a question is
about. Other information contained in the question
is needed to understand itsgoal. Thisinformationis
defined as the focus of the question (Moldovan and
Harabagiu, 2000). Although different systems use
different namesfor theideaof questionfocus, itisre-
garded to be very important in question processing.
However, thereis still no specia techniqueto tackle
this problem.

Yes—no questions. As mentioned, most current
QA systems focus on wh- questions; yes—ho ques-
tions are still left untouched. However, we have
found that they are very common in our collection
of clinical questionsthat arose in patient treatment.
Efficient processing of yes—no questionsisan impor-
tant task in MQA.

3.2 Question—answer matching

The matching of question and answer is the pro-
cess that most GQA systems put great effort into.
Different methods are applied according to different
views of the problem. The approaches can be clas-
sified into two categories. knowledge-intensive and
data-intensive. Knowledge-intensiveapproachestry
to find the correct match between a question and
the answer by using effective natural language pro-
cessing techniques that combine linguistic and real -
world knowledge. Typica systems include those of
Pasca and Harabagiu (2001) and Hovy, Hermjakob,
and Lin (2001). Data-intensive approaches explore
information embedded in the data sources to extract
the evidence that supports a good answer. They can
be further dividedinto infor mation extraction—based
(Soubbatin, 2001), redundancy-based (Clarke et d .,
2001; Dumais et a., 2002), and statistical QA (lt-
tycheriah et d., 2001). Many systems contain ele-
ments of both approaches.

Although there have been many technol ogies de-
veloped for matching the answer with the question,
they are not applicable to the medical area directly
for the following reasons.

Knowledge taxonomy. WordNet is the main
knowledge base that most current GQA systemsuse
in analyzing relationships among words when cal-
culating the similarity of a question and a candidate
answer. However, as a general-purpose knowledge
base, it is not possible for WordNet to cover all the
conceptsin any particular domain, such asmedicine.
A domain-specific knowledge base is needed. For
example, it may be important to know that meto-
prolal is an instance of B-blocker in order to locate
the correct answer. A good complement to WordNet
is the Unified Medica Language System (UMLYS)
(Lindberg et a., 1993), developed by the Nationa
Library of Medicine. UMLS contains three knowl-
edge sources: the Metathesaurus, the Semantic Net-
work, and the Specialist Lexicon. The Metathe-
saurus represents biomedical knowledge by orga
nizing concepts according to their relationships and
meanings. It will be very helpful in tasks such as
guery expansion and answer-type identification in
MQA.

Named entity identification. As the types of
NE in the medical area are different, the method of



identifying them must be changed accordingly. For
example, an MQA system must be able to distin-
guish medication from diseases. Medica terminol-
ogy plays an important role in NE identification, as
before a concept can be classified, the correspond-
ing terminology has to be recognized to make sure
that the correct concept is found. In the medical do-
main, different phrases can be used to refer to the
same medical concept. For example, adrug may be
referred to by its abbreviation, its common name, or
itsformal name (ASA, Aspirin, acetylsalicylic acid).
Also, different medical concepts may have the same
abbreviation, which will lead to ambiguitiesin con-
cept understanding.

Data source. A medical data source is often or-
ganized in accordance with a hierarchy of medical
concepts. For example, Clinical Evidence (Barton,
2002) groups clinical data according to disease cat-
egories. The positive aspect of such well-organized
datais that once the candidate answers are found, it
is very likely that they include the correct answer.
However, it is unlikely that the answer for a ques-
tionwill appear redundantly in many different places
in the data source. Thisis different from GQA sys-
tems, which usualy require a relatively large num-
ber of redundant answer candidates to support good
performance by the system.

In current GQA systems, a correct answer to a
guestion is often independent of its context. Thisis
not the case in the medical data, in which the con-
text contai ning a candidate answer may beimportant
to the question—-answer matching. The context usu-
ally explains a conclusion, provides more evidence,
or even presentscontrary evidence. A correct answer
may be missed or the incorrect answer may be ex-
tracted if the context is not considered in the match-
ing process.

Complicated constraints. Clinical questions of-
ten contain a very specific description of the patient
conditions, as shown in the following examples:

Q: Should B-blocker (metoprolol) be used to continue treat-
ment for a male with hypertension and coronary artery
disease even though he has Type 2 diabetes mellitus?

Q: Do patients survivingan AMI and experiencingtransient
or ongoing congestive heart failure (CHF) have reduced
mortality and morbidity when treated with an ACE in-
hibitor (ex. Ramipril)?

The detailed description of the patient acts as a
constraint in matching with candidate answers.

As the complexity of questions increases, more-
sophisticated techniques are needed to find a
matching answer.

3.3 Answer extraction

An MQA system should be able to answer clin-
ical questions in the course of patient treatment.
Hence the format of the answer is important, and
this will affect the answer extraction process. For
the three types of questions—wh- questions, yes—no
questions, and no-answer2 questions—the EPoCare
study of user requirements shows that both a short
answer and a long answer should be prepared. The
short answer provides accurate and conciseinforma-
tion to the physiciansso that they can make the deci-
sion quickly. For yes—no questions, the answer can
be just yes or no. If the system cannot find an an-
swer for a question, it should indicate this explic-
itly as its short answer. But sometimes clinicians
want to read a long answer that may contain expla-
nation of the evidence or other results of related ex-
periments. For the no-answer questions, physicians
may expect to read at least some relevant informa-
tion. It isthus important to determine what relevant
information should beincluded inthe answer extrac-
tion.

3.4 Evaluation metrics

Evauation of QA systemsin the medical areaisdif-
ferent from current evauation methods for genera
QA systems. The Text Retrieval Conference uses
the Mean Reciprocal Rank (MRR) as an evauation
metric. In this method, a system may return an or-
dered list of up to five different candidate answers
to a question, and the score received is 1/n, where
nisthepositionin thelist of the correct answer (if it
appears a al); for example, if the correct answer is
fourth in the list, the system receives a score of 0.25
for that test item. Thismetric cannot be applied here,
sincereturning alist of aternative candidate answers
to aquestion, each of which must then befurther ver-
ified, is not acceptable for a clinical question that is
posed on site.

Different answer formats shoul d be eval uated sep-
arately. The short answer hasto be concise. So what

3A no-answer questionis one for which an answer cannot be
found. It is not ayes—no question for which the answer happens
to be no.



aconcise answer ismust be defined (at least for the
wh- questions). A long answer needs to provide de-
tailed information that explainsthe short answer. For
no-answer questions, relevant information (if thereis
some) should be returned. For thesetwo types of an-
swers, it hasto be clear (1) what information can be
viewed as “detail” or “relevant”; (2) what the differ-
ence between thetwo is; and (3) how much informa-
tion should be included.

Partial answers should be considered in the eval-
uation. If part of the correct answer isincluded in
the system output, it should be evaluated according
to the importance of the correct information. A par-
tial answer that contains more crucial information
should obtain a higher score. Similarly, if an answer
helps make awrong decision, it should be punished
in the evaluation.

4 Locating answers by roleidentification

From the discussion in the previous section, we can
seethat MQA posesnew challengesfor QA research
that require new approaches. We have found that the
use of roles and role identification is effective, and
we take them as an organizing principle for MQA
that goes beyond the use of hamed entitiesin GQA.
This section will explain the principle. In this ap-
proach, the four roles represented by PICO will first
belocated in both the natural -language question and
the candidate answer texts obtained by the retrieval
phase. For example, PICO roles would be identified
in these candidate answers as shown by the labelled
bracketing.

One RCT found [no evidence that (low molecular weight

heparin), is superior to (aspirin alone)c]o for the treatment
of (acuteischaemic strokein peoplewith atrial fibrillation)p.

(Thrombolysis); (reduces the risk of dependency, but in-
creasestherisk of death)o.

We found (no evidence of benefit)o from (surgical evacua-
tion of cerebral or cerebellar haematomas), .
Inthe matching process, therolesinthe questionwill
be compared with the corresponding roles in the an-
swer candidatesto determine whether a candidateis
a correct answer.

4.1 Why roles?

In GQA systems, as mentioned, in the question—
answer matching process, usualy the answer candi-
dates are first checked to see if they contain the ex-

pected answer type, in order to rule out irrelevant
candidates. Thisis shown to be efficient, as indi-
cated by Harabagiu et d. (2001): systems that did
not include NE recognizers performed poorly in the
TREC evaluations. The effectiveness of this method
depends on successfully recognizing NEs in the an-
swer candidates. However, for questionsthat cannot
be answered by named entities, the QA task is more
complex, asit will be more difficult to recognize the
corresponding answer typein the answer candidates.

The same problem occursin MQA. Theimportant
information in medical text usually corresponds to
the basic PICO fields. For example, therapy-related
text describesthere ationshipsamong four e ements:
the status of the patient, the therapy, the compari-
son therapy, and the clinical outcome. Descriptions
of the diagnosis process often consist of the patient
status, the test method, and the outcome. These el-
ements are the key concepts of understanding medi-
cal text. They act as different roles, which together
construct the meaning of thetext. While some of the
roles correspond to NEs, others do not. For exam-
ple, in answering a therapy-rel ated question, the pa-
tient status and the therapy can often be treated as
NEs, but the clinical outcome often cannot be. In
a description of diagnosis, the test process often is
not represented by an NE. Whilemedical NEs can be
expected to be recognized by applying terminology
techniques with the support of UMLS, the recogni-
tion of non-NE rolesin theanswer candidates, on the
other hand, becomes the main challenge.

Thus, it is not sufficient to use information-
extraction techniques, as in some GQA systems
(Pasca and Harabagiu, 2001; Soubbotin, 2001), in
which patterns are matched against the text to fill in
therolesin the template. In such systems, the cover-
age of the pattern set isquitelimited; it isvery time-
consuming to manually construct a large set of suit-
able patterns, especially for complicated phrasings;
and the patterns are very specific: specific words or
phrases are usualy required to occur at a fixed lo-
cation in each pattern, making it applicable only to
expressions phrased in exactly the same way. While
we will need to look for some specific words, we
need much greater flexibility than isafforded by sim-
ple pattern-matching to identify the PICO roles in
thetext. Thiscan be done by analyzing the different
roles and their relationships.



4.2 Understanding the data

To apply arole-based method in MQA, we need to
deal with the following problems:

1. ldentifying therolesin text.

2. Determining the textual boundary of each role.

3. Analyzing the relationships among different roles.

4,

Determining which combinations of roles are most likely
to contain correct answers.

Our work currently focuses on therapy-related
guestions. We manualy analyzed 170 sentences
from the Cardiovascular Disorders section of Clini-
cal Evidenceto obtainabetter understanding of these
problems. Among the sentences, 141 contained at
least one role that we are interested in. For therapy-
related questions, we found that often if an outcome
role appeared in a sentence, then the sentence pro-
vided someinterestinginformation related toclinical
evidence. But clinical outcomeis the most difficult
non-NE roleto locate.

4.2.1 Identifying clinical outcomes

In our analysis, we found that the lexical iden-
tifiers of clinical outcome belong to three part-of-
speech categories: noun, verb, and adjective. For ex-
ample:

Thrombolysis reducesthe risk of dependency, but increases

therisk of death.

Lubeluzole hasalso been noted to have adver seoutcome, es-
pecialy at higher doses.

Some wordsthat identify outcomes are listed bel ow:

Nouns: death, benefit, dependency, effect, evidence, out-
come.

Verbs: improve, reduce, prevent, produce, increase.
Adjectives: responsible, negative, adver se, slower.

Clinical outcomesmust be carefully distinguished
in the text from the outcomes of clinical trials them-
selves. Werefer to thelatter as resultsin the follow-
ing. A result might or might not include a clinical
outcome. They often involve a comparison of the
effects of two (or more) interventions on a disease.
Sometimes aresult will state that an outcomedid not
occur:

One RCT found evidencethat hormone treatment plus radio-

therapy versus radiotherapy alone improved survival in lo-
cally advanced breast cancer.

In the systematic review of calcium channel antagonists, in-
direct and limited comparisons of intravenous versus oral
administration found no significant difference in adverse
events.

We found no evidence of benefit from surgical evacuation of
cerebral or cerebellar haematomas.

The identifiers of results form another group:

Result: evidence, difference, comparison, superior to, ver-
sus.

4.2.2 Determining thetextual boundary of
clinical outcomes

In determining the textual boundary of an out-
come, the four groups of words are treated sepa-
rately. Our finding isthat for the noun identifiers, the
noun phrase that contains the nouns will be an out-
come. For the verb identifiers, the verb and its ob-
jecttogether constitutean outcome. For theadjective
identifiers, usualy the adjectiveitsalf isan outcome.
If several identifiers occur in one sentence, the out-
come isall the text indicated by one or more of the
identifiers.

Determining thetextual boundary of the results of
clinical trials is more complicated. If aresult isa
comparison of two or moreinterventions, it will con-
tain the interventions, words that indicate a compar-
ison relationship, and often the aspects that are com-
pared. In the first of the previous group of exam-
ples, the elements of the results are evidence, hor-
mone treatment plus radiotherapy versus radiother-
apy, and improved survival. However, if the inter-
ventions can be identified as NEs, it will not be too
difficult to determine the boundary.

We tested these simple rules manually on 50 sen-
tences from Clinical Evidence on the topic of acute
otitis media.  Out of 54 outcomes (including both
clinical outcomes and clinical trial results), 45 were
identified correctly, and 40 correct textual bound-
arieswere found.

4.2.3 Réationshipsamong roles

We have also found that roles are helpful in un-
derstanding therel ationshi psbetween sentences. For
example, if a sentence contains only the interven-
tionroleand thefollowing sentence containsonly the
problem and outcome, then it is very likely that the
combination of the two sentences represents a com-
plete idea and the roles themselves are related. We
believe that as the work continues, more interesting
relationswill be found.



5 Conclusion

We have described our work in progress on adding
natural language analysis to querry-answering the
EPoCare project. Although this work is a a rela
tively early stage, we have analyzed the limitations
of GQA technologiesin MQA and are developing
techniqueswhose organizing principleistheidentifi-
cation of the semantic rolesin both question and an-
swer texts, with our initial emphasisbeing on thelat-
ter.
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