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Chapter 2

Medical Question
Answering

Many of the recent open-domain Question Answering (QA) systems benefit from
the vast amount of information on the Web. With relatively simple techniques
(e.g., information retrieval and lexico-syntactic filtering), answers can be ex-
tracted directly from the Web based on redundancy. For a domain-restricted
QA system, the methods could be less promising since the size of its data sources
is usually limited, and as a consequence the sources contain little redundant in-
formation. A solution to this problem is to use an off-line strategy. Instead
of extracting answers from documents on the fly after users submit questions,
potential answers are extracted earlier in this strategy. This method is promis-
ing as has been reported by Fleischman et al. (2003): “the extracted relations
answer 25% more questions correctly and do so three orders of magnitude faster
than the state-of-the-art systems.”

Joost, our monolingual question answering system for Dutch, uses the off-
line or table look-up strategy as one of its answering strategies (Bouma et al.,
2005b). It uses syntactic patterns based on dependency relations to generate
relation tables from documents. This system is actually an open-domain QA
system. However, in the context for this thesis, Joost is applied to answer
medical questions.

In order to understand the problem that will be tackled in this thesis, we
describe an initial experiment1 reported in Tjong Kim Sang et al. (2005), which
used Joost to answer medical questions. This experiment has shown a chance
to improve the performance of the QA system by improving the precision and
recall of the relation tables. All of the experiments in the following chapters are
aimed at achieving this goal.

Section 2.1 introduces previous work on Question Answering and Medical
QA techniques, while Section 2.2 provides a brief explanation about Joost and
its components. In Section 2.3 we discuss the previous experiment by Tjong
Kim Sang et al. (2005), and highlight the authors’ recommendation for their
future work on improving the performance of the QA system. Motivated by the

1This experiment was conducted within the IMIX (Interactive Multimodal Information
eXtraction) framework, in which the works presented in the rest of this thesis were also
carried out.
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14 Chapter 2. Medical Question Answering

previous experiment, we present the general workflow of our work in Section
2.4.

2.1 Related Work

2.1.1 Question Answering

Question answering (QA) can be defined as an information retrieval (IR) task
that returns an accurate and concise answer instead of a set of relevant docu-
ments to a question. The objective of this task is to reduce the amount of time
required by a user in seeking information by asking machines to process and an-
alyze information in documents and to return the piece of relevant information
to the user. Just like in the Star Trek science fiction series, there is a vision that
in the future machines will be able to communicate with humans in the same
way humans communicate among themselves, for example, via an interactive
conversation and by answering a wide range of questions.

Typically, a traditional QA system consists of three main steps processed
in a sequential manner, namely question analysis, search, and answer selection
(Hovy et al., 2000; Moldovan et al., 2000; Bouma et al., 2005a). A QA system
can return an accurate answer to a question, if it can determine the type of the
question, such as factoid, list, or ‘other’. This step is very crucial for the next
steps, since answers are extracted according to the question type. In the search
step, a question is reformulated according to its question type and question
target, and then answer repositories or a document corpus is searched to get
all matched answers. Finally, an answer should be selected and returned to the
user.

There are two strategies for searching answers: a table look-up strategy
and an IR-based strategy. The first strategy is based on the observation that
answers for certain question types can be anticipated, and therefore, the corpus
can be analyzed off-line. The second strategy extracts answers from relevant
paragraphs in document collections, that contain keywords from the question.

Tables in an open-domain QA system typically contain relations between
named entities, such as names of persons, organizations, dates, locations, cur-
rencies and amounts. The co-occurrence of these entities in text can indicate
relation types. For example, a capital relation links a city name with a country
name; a birth date relation links a person name and a date, and so on. The
extraction of these relation types becomes one of the most important tasks in
the table look-up method.

On the other hand, IR techniques are successful at retrieving relevant doc-
uments from a vast quantity of text on the Web. However, the overall time
to process questions, to submit and retrieve information snippets from a Web
search engine, and then to extract relevant answers is relatively long for general
users. It would be more efficient if answers to frequent and simple questions,
such as to factoid questions, could be looked up from the precompiled tables.

Several systems have been reported to use the table look-up method by ex-
tracting relational information of potential topics from text (Fleischman et al.,
2003; Jijkoun and Rijke de, 2004; Bouma et al., 2005a; Pasca et al., 2006).
Fleischman et al. (2003) show that the use of a simple table look-up method
has significantly outperformed TextMap, a state of the art web-based QA sys-



2.1. Related Work 15

tem (Hermjakob et al., 2002). Compared to TextMap, it generates 8% more
partially-correct answers and 25% more entirely-correct answers. Moreover, the
table look-up method only needs approximately 10 seconds to answer 100 ques-
tions, while TextMap needs approximately 9 hours. Thus, the table look-up
strategy is promising, especially if the coverage of the tables is high.

2.1.2 Medical Question Answering

Compared to open-domain QA, the amount of research on closed-domain QA
is less (Lee et al., 2006). The first attempt to characterize salient aspects of
closed-domain QA, especially biomedical QA, has been reported in Zweigen-
baum (2003). Besides some challenging tasks of biomedical QA, the author also
reviewed existing resources, such as quality-controlled health information ma-
terials, biomedical lexicons and terminologies, which are useful to address the
challenges.

Rinaldi et al. (2004) reported their effort to adapt an existing technical-
domain QA system, called ExtrAns, to answer genomic-domain questions. Ex-
trAns uses a linguistics-rich parser to analyze document sources, and then ex-
ploits the linguistic knowledge of the document to extract terms. This system
also uses a terminological knowledge to evaluate and normalize terms. Once
terms have been extracted, ExtrAns detects synonymy and hyponymy relations
among terms. Another approach which also focused on terms and their relations
is reported in Niu and Hirst (2004). Their system accepts queries which follow
a particular format containing four fields, and each field should be filled with a
clinical term. The format implicitly defines the relationship between the terms.

Delbecque et al. (2005) described an approach inspired by open-domain QA
systems, in which named entities are heavily used. In the same way, a medi-
cal QA system also needs a set of medically relevant named entities. For this
purpose, they used information from the UMLS Semantic Network to classify
medical terms with semantic types. The authors also detected the UMLS Se-
mantic Network relations in the documents to answer some types of medical
questions.

A fully implemented medical QA system that returns answers from a large
text collection to users’ questions has been reported in Lee et al. (2006). The
system called MedQA was implemented to answer definitional questions such
as: “What is X?” Its answer was generated in a paragraph from both MED-
LINE2 records and the Web. To identify definitional sentences, MedQA imple-
mented a set of lexico-syntactic patterns generated automatically from a large
set of precompiled definitional sentences that were collected using the Google’s
‘define:X’ service. The lexico-syntactic patterns were ranked based on the ra-
tio of their occurrences in the definitional and in the non-definitional sentences.
This system suffered from incorrect noun phrases being extracted by its shal-
low syntactic chunker from the questions. As a consequence, incorrect answers
which contain these noun phrases were returned. This paper also reported the
importance of semantic information for extracting answers which was not im-
plemented in the system.

The findings presented in Lee et al. (2006) have opened some ideas that will
be described in the rest of this thesis. We should use a robust term extraction

2MEDLINE is a goldmine of good health information from the world’s largest medical
library (National Library of Medicine).
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method and incorporate the UMLS semantic types into the extraction patterns.
Before we discuss this idea in detail, in the next section, we describe our open-
domain QA system Joost and a previous experiment where it was used to answer
medical-domain questions.

2.2 Joost

Joost is an open-domain QA system for Dutch that uses both of IR and table
look-up strategies to return accurate answers. The architecture of this system
is shown in Figure 2.1. Apart from the three classical components, i.e., ques-
tion analysis, passage retrieval and answer extraction, the system also contains
a component called QATAR, which is based on a technique for extracting an-
swers off-line. Joost also takes advantage of syntactic information in all of its QA
components. This information is provided by Alpino, a wide coverage depen-
dency parser for Dutch (van Noord, 2006), that parses questions and document
collections.

Figure 2.1: The system architecture of Joost.

The question and answering process is started when a user submits a natural
language question in Dutch. After it is parsed by Alpino, the question is further
analyzed to determine its question type and to identify keywords it contains.
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The next step depends on the question type. If the type matches with one
of the extracted relation categories, the question will be answered by QATAR

using the table look-up strategy, otherwise it will be answered using the passage
retrieval strategy.

Relation tables in QATAR are created off-line, through the extraction of
potential relational information from the syntactically parsed documents. These
relations, together with the IDs of the paragraphs in which they were found,
are stored in the tables. Which table will be searched depends on the type of
the question. Upon completion, it returns answers (if any) along with the IDs
of their paragraphs.

If QATAR returns no answer or there is no table that matches with the
question type, then Joost will deliver the question to its IR engine. This engine
will search its document collections for passages that match with the keywords in
the question. Then, it passes the resulting paragraph IDs to the next modules.

The last step is the answer extraction and selection. Joost retrieves all
sentences within the paragraphs that are returned by the IR engine. If the
paragraph IDs are from QATAR, from which the actual answers have been
extracted, then the sentences will be used as context to rank the answers. Oth-
erwise, the sentences will be processed for exact answer strings. These answers
are then ranked using a set of features, and the highest one will be returned as
the answer.

2.2.1 QATAR - Question Answering by Table Look-Up
and Relations

QATAR is a module in Joost that looks for answers by querying relation tables
that contain relational information. The tables are constructed to answer several
question types, such as a person’s function, age, location (residence) and date
of birth, a person’s date and cause of death, and various other question types.

Relations in the relation tables are extracted from the document collection
using various syntactic patterns (especially for factoid questions) and machine
learning with syntactic features (especially for definition questions). The use
of syntactic information in this task is crucial, since the degree of Dutch word
order variation is high.

The searching of answers in QATAR involves several scoring features. Con-
sider, for example, the following factoid question:

(1) Wat is de hoofdstad van Peru? (CLEF3 2005, question 182)
‘What is the capital of Peru?’

The question is of a location type, and more specifically it asks for a location
which is a capital (hoofdstad) of a country (Peru). In a dependency-relation-
parsed sentence, as shown in Figure 2.2, the answer to this question is a named
entity indicated as the head of an apposition relation, which has a relational
constituent hoofstaad van ‘capital of’ and an object Peru. This relation has
been extracted off-line beforehand and has been stored in an relation table of a
capital relation type.

3CLEF, Cross-Language Evaluation Forum, is an activity of the TrebleCLEF Coordination
Action under the Seventh Framework Programme of the European Commission. URL: http:
//www.clef-campaign.org/
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Figure 2.2: A chunk of the dependency parse tree for the sentence Stichting van
Lima , de huidige hoofdstad van Peru, ... (Foundation of Lima, the capital of
Peru, ...) (source: Wikipedia).

As such relations frequently occurs in the corpus, usually many potential
answers will be identified. An important task by QATAR is therefore to rank
potential answers based on their scores. The following features are used to
determine the score of a short answer A extracted from sentence S :

Syntactic Similarity: The proportion of dependency relations from the ques-
tion that match with dependency relations in S.

Names: The proportion of proper names, nouns, and adjectives from the query
that can be found in S and in the sentence that precede S.

Frequency: The frequency with which A is found as answer for Q in the table.

The overall score of an answer is the weighted sum of those features’ values,
in which weights were determined manually using previous CLEF data. The
highest scored answer is returned as the answer.

In terms of precision, Bouma et al. (2005b) have reported that the perfor-
mance of QATAR is very high. An evaluation on the dataset from CLEF 2003,
2004 and 2005 showed that the precision of answers if found by QATAR is 75%,
while if found using the IR-based method is 52%. However, the IR-based method
answered more questions (278 questions) compared to QATAR (180 questions).
This fact shows that the table look-up method is promising for Joost. However,
there is still a lot of room for improvement, especially for increasing recall.
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2.2.2 Alpino

One of the important modules of Joost is a dependency parser called Alpino.
The Alpino system is a wide-coverage grammar and parser for Dutch and is
based on the HPSG (Head-Driven Phrase Structure Grammar) framework (van
Noord, 2006). It consists of more than 600 grammar rules, over 100,000 lexemes,
and various rules to recognize special constructs such as named entities, tem-
poral expression, etc. To deal with unknown words and phrases, and ungram-
matical or partially analyzable sentences, Alpino implements a set of heuristics.
This system generates a dependency graph as its output stored as XML. The
accuracy of the system when tested on 1400 newspaper sentences is about 91%.

In Joost, a text collection is parsed by Alpino before it processed by the
Off-line Relation Extraction and the Passage Retrieval components. Joost also
uses Alpino to parse questions before they are analyzed in the Question Analysis
module.

2.3 Previous Experiment

In this section we describe the previous experiment by Tjong Kim Sang et al.
(2005) on a medical QA task for Dutch. In that experiment, the authors com-
pared the performance of two QA systems, called Felix and Joost. Felix uses
relation tables built with a layout-based information extraction technique, while
Joost uses tables built with syntactic information from parse trees. Since our
work in this thesis is aimed at improving the performance of Joost, we will only
describe the part of the experiment which is related to Joost.

2.3.1 Question Set

In the experiment Joost was challenged with questions related to RSI (repetitive
strain injury) from non-expert users. A corpus of 435 questions constructed
by participants of the IMIX project without a specific medical background was
examined. After analyzing the questions, the authors found four possible answer
formats: named entity (NE), list, paragraph, and yes/no. They also classified the
questions into seven question types, i.e., causes, prevents, treats, has symptom,
has definition, diagnose, and other. There was no interesting correlation that
could be found between question types and their answer formats.

The following are two examples of the questions (translated to English) and
different types of expected answers, which we repeat from Tjong Kim Sang et al.
(2005):

(2) a. What does RSI mean?
(NE) repetitive strain injury

b. What causes RSI?
(list) RSI is caused by repetitive tasks, awkward postures, forceful
movements and insufficient resting times.

In the list answer above, instead of containing a list of causes which is not
trivial to extract from documents, a paragraph containing a list of causes is
returned. On the other hand, the NE answer contains a noun phrase which can
be retrieved easily from relation tables.
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2.3.2 Corpus

The previous experiment used a corpus containing 2.1 million words of Dutch
medical text, which consisted of 1.6 million words from Medische Winkler Prins
(a structured and edited reference material) and 0.5 million words from Web
sites related to RSI. This corpus was parsed using Alpino, and the resulting
dependency parse trees were stored as XML.

2.3.3 Extracting Medical Relations

In the early stage of the medical QA experiment, relation tables were generated
off-line using syntactic patterns, which extract noun phrases as the arguments
of relation instances. The patterns were created manually only for the following
relation types: has definition, causes and has symptom.

To generate a has definition table, the authors extracted 〈Concept,Definition〉
tuples from sentences that have an auxiliary verb be as their heads. In these
tuples, Concept is the subject of the sentence, and Definition is its predica-
tive complement. Concepts were not restricted to medical terms or names, but
could be any noun phrase. The following tuples are examples of relation in-
stances from the total of 7,600 definition tuples that match with the extraction
pattern:

has definition(’cystic fibrosis’,’the most common fatal genetic disease’)
has definition(’Amoebiasis’,’a type of gastroenteritis (gastro) caused by a tiny par-
asite’)

A causes relation table was generated by extracting 〈Cause,Effect〉 tuples
from sentences that match with the following patterns: causes, cause of, result
of, arises, and leads to. The authors extracted 6,600 causes tuples from the
corpus, for examples:

causes(’too much working with computer’,’RSI’)
causes(’RSI’,’permanent damage to my body’)

And to generate a has symptom relation table containing 〈Symptom,Effect〉
tuples, the author defined syntactic patterns for sentences that match with the
following phrases: a sign of, an indication of, is recognizable, points to, manifests
itself in, etc. They extracted 630 tuples for this table, among other:

has symptom(’breast cancer’,’sudden change of the state of the breast or nipple’)
has symptom(’RSI’,’reduction of strength in your arms’)

Besides storing the full phrases of tuples’ arguments, the authors also stored
the heads of the arguments into relation tables. For example, the tuple
causes(’RSI’,’permanent damage to my body’) will be stored as:

causes(’rsi’,’damage’,’RSI’,’permanent damage to my body’).

where rsi is the head word of the first argument, and damage is the head word
of the second argument.
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Evaluation %
correct 4
incomplete 8
wrong 88
missed 0

Table 2.1: Performance of Joost on 50 randomly selected questions, evaluated
by two judges (kappa 0.6±0.1) (Tjong Kim Sang et al., 2005).

To evaluate the precision of the tuples, the authors randomly selected 150
tuples (50 of each type) and manually evaluated the correctness of the tuples.
The overall precision was 57%, while the precision based on the relation types
were 18%, 76%, and 78% for the has definition, causes, and has symptom tu-
ples, respectively. The common source of errors was the dependency of tuples’
arguments on their contexts. For example, the following tuple:

has symptom(’The disorder’,’pain on the outside of the elbow’)

has as its first argument, The disorder, which refers to a concept in a preceding
sentence. The tuple was judged incorrect because that argument is incomplete
or not specific.

2.3.4 Evaluation

The early version of the medical QA system was evaluated with 50 randomly
selected questions from the set of 435 RSI questions. Joost used the generated
relation tables from parse trees to answer the questions. If Joost cannot find
any answer in the tables, it will use a fall-back system, which consists of an
IR system for finding relevant paragraphs and NLP for identifying and ranking
potential answers.

The followings are examples of translated questions and their answers pro-
duced by Joost (repeated from Tjong Kim Sang et al. (2005)):

(3) a. Provide me with the causes of RSI.
Joost: Seven tests for detecting the cause of RSI in computer-
related jobs.

b. Which disorders are counted as RSI?
Joost: Specific RSI includes measurable disorders like tendonitis,
epicondylitis, thoracic outlet syndrome (TOS), carpal tunnel syn-
drome, rotator cuff syndrome, tension neck syndrome, and De Quer-
vain’s disease.

Joost’s answers in the above examples (3) were not from the relation tables, but
were produced by the fall-back system.

Two judges evaluated the question-answer pairs and labelled the pairs with
the following categories: correct, wrong, and incomplete. Only the first answer
of each question was considered in the evaluation. Table 2.1 shows the results
of this evaluation. Apparently the performance was very low. Joost was only
able to answer 4% of the questions correctly. Although all of the 50 questions
could be answered by Joost, 88% of the answers were wrong.
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2.3.5 Error Analysis

The authors explained that there were three reasons for the low performance:
there were many difficult questions; the extracted relation tables had low cov-
erage; and the employed fall-back system was inappropriate. The first and the
third problems are related to the ability of the systems. The performance of
Joost’s question analysis module, as well as the fall-back system, can be im-
proved by the authors while the version of the systems are improved. For the
present thesis, we focus our analysis on the second problem.

According to the authors, the problem of the low coverage lay in the size of
the corpus, which was too small. For a restricted non-English domain, such a
problem is very common. Compared to the layout-based IE technique used by
Felix (Tjong Kim Sang et al., 2005), the parse-tree-based IE technique used by
Joost is more promising as a solution to this problem, since it does not require
semi-structured data (such as heading, section, etc.). Thus, this technique can
be applied to any Dutch text extracted from Web sites.

2.3.6 Discussion

The future work planned by the authors was to combine both techniques of
extracting relation tables (the layout-based and the parse-tree-based IE) with
automatic paragraph classification techniques. They expected that the layout-
based technique could still extract relation tables from non-structured data,
especially paragraphs, that have been classified. This strategy aimed to com-
plement the parse-tree-based IE technique which is limited to sentence-based
parsing.

Instead of using automatic paragraph classification techniques for the layout-
based IE method, we think of another use of the technique. The classified
paragraphs or sentences, e.g., classified into causes or has definition relations,
can be used to semi-automatically learn new or unseen relation patterns. This
strategy is motivated by the following reason. Apart from the size of the corpus,
low coverage can also be caused by por recall of the extraction patterns. The
actual relation tuples in text themselves may contain patterns which were not
been seen before. Consider the following sentence:

(4) Een mogelijke verklaring hiervoor is dat roken de vorming van stolsels in
de bloedvaten (trombose) van de darm bevordert, waardoor een ontstek-
ing kan ontstaan.
‘One possible explanation is that smoking promotes the formation of
clots in blood vessels (thrombosis) of the intestine, where inflammation
may occur.’ (Wikipedia)

The verb bevorder ‘to promote’ in the above sentence obviously indicates a
causes relation, in which smoking is the cause. However, this verb was not
included in the manually developed patterns, which is a common problem in a
manual approach. Using the manual-based method, we could miss some poten-
tial patterns in the corpus.

Our idea is that having paragraphs or sentences that have been labeled with
relation types they contain, we can automatically learn their relation patterns
and then semi-automatically select meaningful patterns for each relation type.
This method is similar to the one in Delbecque et al. (2005), except that the
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patterns are not from the UMLS Semantic Network, but learned from the corpus.
Using this learning-based method, we can easily detect the verb bevorderen
above as a pattern, when there is such a sentence in the training data.

Although our method promises to produce more patterns, however, a new
problem may arise due to ambiguous extracted patterns. Patterns with multiple
senses, which do not only refer to their relation types, will introduce noise in the
relation instances produced. For example, the bevorder pattern above, besides
referring to a causes sense, also refers other senses as shown in the following
sentence:

(5) De cultus van Venus werd vooral bevorderd door de politieke leiders
‘The cult of Venus was especially encouraged by the political leaders’
(Wikipedia)

In this sentence, the pattern refers to a encourages sense which has no relation
to the causes relation type. Thus, the extracted tuples should be discarded.

To reduce such noise, we will use another strategy inspired by the UMLS
Semantic Network (NLM, 2005). Consider the following examples of relation
tuples from the semantic network:

causes(’Amino Acid, Peptide, or Protein’,’Cell or Molecular Dysfunction’)
associated with(’Sign or Symptom’,’Mental or Behavioral Dysfunction’)

In the examples above, the UMLS semantic relationships causes and associ-
ated with are similar to our causes and has symptom relation types. The first
relationship has a meaning that an Amino Acid, Peptide, or Protein causes a Cell
or Molecular Dysfunction. The first and the second arguments of the relations
are UMLS Semantic Types. They are specific for each semantic relationship,
and cannot be constructed randomly.

If we have a set of relation instances extracted from a data set and their
arguments are labeled with semantic types, then we can produce a set of rela-
tion patterns with their semantic types. Using these patterns, we can extract
new relation instances from a new data set, and select only relations whose ar-
guments match with the semantic types of the patterns. Using this strategy, a
relation instance unrelated to the medical domain as contained in the sentence
of example (5), which is indicated by missing or non-matching semantic types,
can be discarded.

We can summarize from this discussion that our proposed method is differ-
ent from the manual-based method in two ways: first, it is based on a learning
technique for producing relation patterns; second, besides using syntactic in-
formation to learn the patterns, it also uses semantic information to classify
the arguments of the relation patterns. The outcome that we expect from this
method is relation tables with better coverage and precision. In the next sec-
tion, we present the workflow of our experiments to solve the problems, that are
addressed in the remainder of this thesis.

2.4 The Workflow of Our Experiments

In the previous sections we have discussed an initial experiment on medical QA
for Dutch which was reported in Tjong Kim Sang et al. (2005). Now we briefly
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describe the workflow of our experiments reported in the next chapters of this
thesis, as shown in Figure 2.3.

Figure 2.3: General workflow of the experiments in this thesis.

The workflow consists of five main processes or experiments, i.e., Automatic
Term Recognition (ATR), Term Labeling, Variation Detection, Relation Extrac-
tion, and Question Answering, and one future task which will not be discussed in
this thesis, i.e., Ontology Population. We start the whole workflow with parsing
the corpus using the Alpino parser, and storing parsed sentences as XML.

In the ATR experiment, we extract medical terms from the parsed sentences
using linguistics and statistical approaches. The output of this process is a set
of terms ranked by their scores. We apply a threshold to select terms with
high termhood scores from the set. Then, we label these terms with medical
semantic labels in the Term Labeling experiment. For this purpose, we use
semantic information from the UMLS Semantic Type as the labels. Since UMLS
contains few Dutch terms, we translate new Dutch terms found in the corpus into
English, to get semantic types from their matching terms in the UMLS. Among
these terms, there are term pairs which are synonyms of each other. We detect
these synonyms as well as the terms’ abbreviation in the Variation Detection
process. To evaluate whether a term pair is a synonym or abbreviation, we use
the frequency of its occurrences in the Web.

Terms and their semantic labels, besides candidate-relation triples extracted
from the parsed sentences, become inputs to the Relation Extraction process.
To generate relation patterns, we use a subset of the corpus whose sentences
have been annotated manually with relation types. Based on these patterns, we
extract the candidate-relation triples from the rest of the corpus. In this exper-
iment, we extract relation triples that can be used to generate relation tables
for the Question Answering process, or extract concept and relation instances
for the Ontology Building process. We describe each of the experiments in the
next chapters.
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2.5 Summary

We have described an initial experiment on medical QA for Dutch based on the
work reported in Tjong Kim Sang et al. (2005). In that experiment, the authors
attempted to answers medical questions using an off-line method, where a set of
relation tables had been generated from a corpus before their QA systems an-
swered the questions. Joost, one of two QA systems evaluated in the experiment,
used a syntactic method to extract relation instances from dependency-parsed
trees. The extracted relation instances should match with relation patterns
defined manually by the authors.

The results of their experiment showed that the performance of Joost was
very low. According to the authors, the problem was the low coverage of the
relation tables. They thought that combining the syntactic-based and layout-
based methods would solve the problem, as long as a text classification method
was applied to support the layout-based method.

We proposed a different method to solve the problem. To increase the cov-
erage of the relation tables, we proposed a method where relation patterns are
generated semi-automatically from the corpus. And to increase their precision,
we propose to use semantic information from the UMLS to select only relation
instances that are related to medical terms. We have described the workflow of
the experiments conducted to extract relation instances from parsed sentences,
which combine syntactic and semantic information.
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