
 

 

 University of Groningen

Automatic term and relation extraction for medical question answering system
Fahmi, Ismail

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2009

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Fahmi, I. (2009). Automatic term and relation extraction for medical question answering system. [Thesis
fully internal (DIV), University of Groningen]. s.n.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 26-05-2023

https://research.rug.nl/en/publications/b8ef79ca-5e1d-448e-a646-9d156ae23107


Summary

The main research question of this thesis is to determine “how term and rela-
tion extraction techniques can contribute to medical question answering.” This
question is motivated by the fact that many of the recent open-domain Question
Answering (QA) systems benefit from the vast amount of information on the
Web, while for a domain-restricted QA system, such as a medical QA system,
the methods could be less promising. With relatively simple techniques (e.g.,
information retrieval and lexico-syntactic filtering), answers for open-domain
QA systems can be extracted directly from the Web based on information re-
dundancy, while for a medical QA system very little redundant information is
available to support the answers since the size of its data sources is usually
limited.

A solution to this problem is to use an off-line strategy, as adopted by Joost
our monolingual open-domain question answering system for Dutch. In an ex-
periment reported in Tjong Kim Sang et al. (2005), Joost was used to answer
medical questions, which results in a conclusion that its performance can be
improved by increasing the precision and recall of its relation tables. Motivated
by this background, in this thesis we aim to increase the coverage of the rela-
tion tables, by generating relation patterns semi-automatically from the corpus,
and to increase their precision, by using semantic information from the UMLS
(Unified Medical Language System). Chapter 2 describes the workflow of our
experiments.

The extraction of the medical relational information involves several issues
such as the extraction and labeling of medical terms and the extraction of med-
ical term relations. In the course of the experiments, we raised six research
questions to cover the issues, and in this thesis we presented the discussions in
Chapter 3 to Chapter 8.

The first research question is “which linguistic knowledge is most useful for
recognizing terms in Dutch text?” To answer this question, we start Chapter 3
with the comparison of two linguistic filters, namely a Part-of-Speech (PoS) tag
filter and a syntactic filter. We concluded that a PoS-tag filter by Justeson and
Katz (1995) recognized more true terms with a higher precision value compared
to the syntactic filter which extracted noun phrases. The PoS-tag filter misses
some terms within longer terms, and also fails to extract terms containing co-
ordinations. The syntactic filter on the other hand, suffers from attachment er-
rors (typically involving coordination and PP-modifiers) and misses sub-phrases
which do not correspond to a full NP.

After extracting candidate terms using a linguistic filter, then we rank the
candidate terms according to their statistical values, which place the most rel-
evant terms on the top. The second research question is “what statistical
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approach to multi-word term extraction is most successful?” To get the answer,
we conducted a set of experiments which compare eight statistical methods
commonly used to measure the strength of association of bigram word strings.
Besides these statistical methods, we also evaluate a corpus comparison method.
We found that χ2 and Dice, both information theoretic-based measures, out-
perform all other methods. And particularly for frequency-based measures, we
found that Log-likelihood is superior. Which measure we should choose? Ac-
cording to the formulae, Dice will only give a non-zero score if its numerator
has a value, while χ2 will give a non-zero score as long as both parts of the
term’s bigram are non-zero. Since this characteristic of χ2 is important for our
improvement strategy, we choose this method for the next experiments.

Extracting single-word terms is considered as a more difficult process. Com-
pared to the unithood of a multi-word term, the unithood of a single-word term
cannot be measured using the variety of statistical methods above, except us-
ing the frequency method. Existing methods for solving this problem generally
depend on frequency-related information. In Chapter 3 we evaluate single-word
terms using frequency and corpus comparison methods. These results show that
to extract single-word terms, frequency alone has actually produced relatively
good results. However, we can improve its performance by using the corpus
comparison method, which is relatively simple and easy to implement.

We assume that in a particular domain a list of known terms exists. Based
on this assumption, we attempt to improve the previously selected statistical
method by using that list of known terms. In our medical domain, the most
comprehensive existing list of terms is UMLS (Unified Medical Language Sys-
tem), in which most of the terms are in English and few in Dutch. Motivated
by this characteristic, we raised the third research question: “How can we use
existing multilingual terminological resources for extracting non-English terms,
especially in Dutch, and how can the resources be used in statistical and lin-
guistic approaches?” For this purpose, in Chapter 3 we developed a new scoring
formula that uses a set of known terms to improve the performance of χ2. The
formula combines two essential characteristics of a term, namely association
significance, which is measured based on the occurrence of candidate terms in
a corpus, and domain centrality, which is measured based on overlaps found in
candidate terms and known terms. To increase the overlap we apply stemming
to candidate terms and known terms. We used the formula, which we called
ADS (Association and Domain Significant), together with the UMLS as the
source of known terms to rank new terms. We found that ADSlex, which uses
lexical matching and stemming, significantly improves the performance of χ2

alone. For multilingual terms, we believe that the overlap can also be improved
with translation. We conclude that an existing multilingual terminology is use-
ful for identifying new multi-word terms of a particular language, as long as
there is at least one word that overlaps in two terms of both languages. And
depending on the pair of the languages, several methods can be used to increase
the overlap, such as using stemming and translation.

One of the important issues related to terms in a medical QA system is
the detection of term variation, which is defined as alternative names for a
concept. This issue arises due to, among other things, the different practices
in the designation of medical terms among expert and general users. With
respect to our medical QA system, we posed the fourth research question:
“What are the types of term variation that occur frequently in Dutch medical
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questions, and how can we recognize some of the variation types from documents
in Dutch?” In Chapter 4 we collected a large number of medical questions
posted in the Internet, and then manually analyzed the questions. We found
three term variation types which frequently occur in the medical questions,
i.e., synonyms, abbreviations, and grammar-based variation. Only the first two
types of variation are extracted in this chapter.

Our method to extract synonym variation is mainly based on the DIPRE
method (Brin, 1999). First, we extract synonym tuples from a corpus using a
seed list and a set of generated patterns. Then, we apply the tuple evaluation
method described in (Lin et al., 2003), which submits several phrase queries
to a Web search engine, to evaluate the compatibility of the synonym tuples
which result in a set of synonym pairs. Since the size of our corpus is relatively
small, we repeat the process in several iterations by using the extracted synonym
pairs as a new seed list for the next iteration. This approach resulted in a high
precision (0.98) with a high F-measure (0.82) for strict query patterns, and
a high recall (0.85) but with a lower F-measure (0.72) for more open query
patterns. It is better to provide more synonym pairs as the initial seed list (e.g,
around 20 synonym pairs selected manually from the corpus), since this will
result in a high recall with few iterations.

Previous methods to extract abbreviations have achieved high precision and
recall. Therefore, for this experiment we adopt one of the existing methods and
adapt it for our implementation. To extract abbreviation variation, first, we use
a linguistic filter to select abbreviations and their long forms. We assume that
both forms are terminological forms, therefore, they can be detected using a term
extraction technique. Then, we evaluate if an abbreviation and its neighboring
term develop an abbreviation pair using a method as developed in Yu et al.
(2002), which is based on pattern-matching rules. We add new rules to accom-
modate pairs whose arguments are of different languages and to select correct
long forms from incorrectly extracted ones. We compare this method with the
previous technique of evaluating synonym pairs using the search engine, which
resulted in high precision (0.98) and recall (0.84) for simple pattern-matching
rules.

An off-line medical QA system requires relation tables which contain medical
relation instances. These instances can be expressed in text by rather general
linguistic patterns, such as X may lead to Y or X occurs in Y. Such patterns
can nevertheless be used to extract medical relations with high accuracy if we
require that both X and Y are medical terms, and if we apply the restriction
that X and Y have to be terms that belong to a given class, e.g., a Virus and a
Disease, respectively. Considering that in medical domains UMLS is the main
classification resource, we defined the fifth research question: “How can we use
the UMLS resources to classify non-English terms, especially Dutch terms?”

To assign a class to a medical term, in Chapter 5 we index English and Dutch
terms including their Semantic Types in UMLS, and retrieve the Semantic Types
that match with the medical term. With respect to the research question, we
found that head words, surface length, frequency, and translation are pieces of
information which are useful to match a new term with similar terms in UMLS,
a multilingual terminology. Terms which have the same head word as the query
term tend to share the same label with the query term. This conclusion is
also supported by our finding that the precision of labeling terms tagged with
adjective is low, since these terms usually do not have any function as head
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words. For multi-word terms, the number of words (surface length) is a good
indicator for finding similar terms. Our evaluation showed that most of the
multi-word terms in the corpus are new terms, of which 29.4% are labeled
through exact translation.

At this point we have extracted terms, their variation, and their classes,
which are needed in the next step to generate relation tables containing rela-
tionships between the terms. There are 7 relation tables that can be generated
from a corpus, namely, causes, has symptom, has definition, occurs, treats,
prevents, and diagnoses. Each of these tables is used by our QA system to an-
swer a corresponding question type, by returning relation instances that match
with the term in a question. Relation instances are extracted from text using
semi-automatically-learned relation patterns. During these processes, we use
dependency relation information to get the relation between the arguments of
each relationship. In Chapter 6, we discussed the sixth research question: “How
can we learn relation patterns from dependency trees and use them to extract
relations from text?”

Within a dependency tree, the relation between a predicate and its poten-
tially distant arguments can be captured. This possibility is promising for our
task because sentences in Dutch medical text tend to be long and complex. To
make sure that we only extract meaningful and relevant relation instances for
a particular relation type, as mentioned above, we require both arguments to
be medical terms and that they belong to particular semantic types. We can
use a clausal node of category main clause, verb-initial main clause, subordinate
clause, or infinitive clause as a starting point to extract a medical term rela-
tionship from text, which contains subject and object labeled as medical terms.
Our experiments showed that the precision of our method is relatively high for
most of the relation types, but recall varies. The method performs reasonably
well for the has definition and causes relation types, and performs less well for
the diagnoses relation. We found that our relation patterns cannot distinguish
causes from has symptom relation type very well, because these relation types
share some dependency patterns. An important source of the relation extraction
errors was due to coreference. Our estimation indicates approximately 9% of the
relation candidates in our corpus contain pronominal or definite NPs that needs
anaphoric interpretation. An obvious next step would be to apply coreference
resolution to medical terms, so as to obtain a full interpretation of the term,
and a term which can be used for concept classification.

In addition to the experiments which are aimed at answering the six research
questions, in this thesis we investigate how can we label sentences according to
the types of relations they have. Our approach to learning relation patterns in
Chapter 6 uses sentences that have been labeled manually with relation types.
However, the distribution of labeled sentences according to relation types in
our training corpus is not uniform. Some relation types have many labeled
sentences, while the others have fewer labeled sentences. As an alternative to the
manual approach, we can automatically increase the number of labeled sentences
by using a supervised machine learning approach. In Chapter 7 we compared
three learning methods, i.e., naive Bayes, maximum entropy (ME), and support
vector machine (SVM), in a task to classify sentences into definition and non-
definition classes. It turned out that ME outperforms the other methods on
a set of features which consists of bag-of-words, bigrams, syntactic properties,
and sentence position.
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After answering all of the six sub-questions, we now return to our main re-
search question. In Chapter 8 we evaluated the extracted relation tables using
our medical QA system, by answering 58 medical questions from three question
types, namely has definition, causes, and has symptom. We compared an exper-
iment setting which uses the relation tables extracted using our semi-automatic
pattern learning method, with another setting which uses relation tables ex-
tracted using a manual learning method or an information retrieval (IR) method.
In general, the manual method and the pattern learning method outperform the
baseline (IR method), where they correctly answered more questions. And com-
pared to the manual method, our pattern learning method clearly increases the
performance of the QA system by correctly answering 11 more questions, or by
about 37% of improvement. We found that relation tables generated using our
method have a larger coverage and return higher precision answers compared
to those generated using the manual method.

The effect of using semantic information on the performance of the QA
system is clearly shown in Chapter 8. All of the correct answers are from
dependency triples whose arguments have semantic labels. In general, about
75.6% of the answers are from dependency triples where both arguments have
semantic labels. Only 31.3% and 27.8% of the answers to the has definition and
causes questions, respectively, are from dependency triples where only one of
the arguments has a semantic label. This finding suggests that we can improve
the precision of the relation tables by taking into account dependency triples of
the first and second semantic levels, without harming the recall of the correct
answers.

Term variation is vital for a medical QA system since a medical term may
occur in the corpus and in the questions with various forms. Two forms of
variations, i.e., synonym and abbreviation, have been used in this experiment,
and have shown to increase the performance of the QA system, especially in
answering questions containing term variation.

Among the three question types, only the has definition question type re-
ceives incomplete answers. With respect to MRR scores, the performance of
the three extraction methods for this relation type is the lowest, while for the
causes relation type is the best. This finding clearly suggests that a different
approach to extract has definition relations is needed. The x is y pattern, which
is very dominant in generating relation instances for the has definition tables,
is obviously not enough to detect correct and complete definitions. Having defi-
nitional sentences identified using the Maximum Entropy classifier with a set of
features consisting of bag-of-words, bigrams, and syntactic properties (note that
we did not use sentence position since the document formats of the training and
testing corpora are different), we investigate whether the sentences can improve
the performance of the QA system on this particular question type. In Chapter
8 we found that ME has classified most of the sentences the QA system needed
to get relevant answers as definition, which results in more definition questions
being answered correctly.



234 Summary




