
A Min Tjoa and J. Trujillo (Eds.): DaWaK 2006, LNCS 4081, pp. 384 – 393, 2006. 
© Springer-Verlag Berlin Heidelberg 2006 

Automatic Extraction for Creating a Lexical Repository 
of Abbreviations in the Biomedical Literature  

Min Song1, Il-Yeol Song2, and Ki Jung Lee2 

1 Information Systems Department, New Jersey Institute of Technology  
University Heights, Newark, NJ 07102-1982, 01,  

min.song,@njit.edu 
2 College of Information Science & Technology, Drexel University  

Philadelphia, PA 19104 
(215) 895-2474, 01  

{song, leekijung}@drexel.edu  

Abstract. The sheer volume of biomedical text is growing at an exponential 
rate. This growth creates challenges for both human readers and automatic text 
processing algorithms. One such challenge arises from common and 
uncontrolled usages of abbreviations in the biomedical literature. This, in turn, 
requires that biomedical lexical ontologies be continuously updated. In this 
paper, we propose a hybrid approach combining lexical analysis techniques and 
the Support Vector Machine (SVM) to create an automatically generated and 
maintained lexicon of abbreviations. The proposed technique is differentiated 
from others in the following aspects: 1) It incorporates lexical analysis 
techniques to supervised learning for extracting abbreviations. 2) It makes use 
of text chunking techniques to identify long forms of abbreviations. 3) It 
significantly improves Recall compared to other techniques. The experimental 
results show that our approach outperforms the leading abbreviation algorithms, 
ExtractAbbrev and ALICE, at least by 6% and 13.9%, respectively, in both 
Precision and Recall on the Gold Standard Development corpus.    

1   Introduction 

In parallel with the growth of the increase in the biomedical literature, the growth in 
biomedical terminology has been significantly increased. Since multiple names and 
abbreviations exist in many biomedical entities, it is desirable to have an automated 
means to collect these synonyms and abbreviations to help users conduct literature 
searches. In addition, automatic extraction of synonyms and abbreviations would 
facilitate text mining tasks if all of the synonyms and abbreviations for an entity could 
be mapped to a single term representing the context. A typical task in this line of 
research on information extraction is to uncover gene name synonyms and biomedical 
term abbreviations [4]. 

Understanding of abbreviations in documents is a challenging task for human 
readers and computers, particularly in the situation where large amounts of data to be 
digested increases at an exponential rate. The task of abbreviation extraction was 
reported to affect knowledge-intensive systems, such as information retrieval systems 
and information systems in the biomedical domains [2].  
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An abbreviation database would help users to understand and digest the content 
provided in the biomedical domain if the database lists abbreviations together with 
their senses and it is automatically updated periodically. Constructing abbreviation 
databases manually is a time-consuming and labor intensive task. In addition, manual 
maintenance and further extension are increasingly complex. As an effective and 
alternative approach, automatic construction of an abbreviation database has been 
proposed [2; 7]. 

There are several compelling reasons for why abbreviation extraction is a difficult 
task. First, an automatic method to associate an abbreviation to its corresponding 
expansion in the context is required, with an assumption that the authors define 
abbreviations when they are first introduced in a specific domain for the less well-
known senses of abbreviations. Second, well-known senses of abbreviations are not 
always defined in the document where abbreviation is presented.  Third, it requires a 
method to identify senses in documents, a method to group textual variants of the 
same sense together, and a method to link them to the proper sense in the 
corresponding sense inventory. Additionally, abbreviations are highly ambiguous: one 
abbreviation may represent dozens of senses. A method to resolve the sense 
ambiguity is needed.  

In this paper, we propose a hybrid approach combining lexical analysis techniques 
and the Support Vector Machine (SVM) to create an automatically generated and 
maintained lexicon of abbreviations. The proposed technique is differentiated from 
others in the following aspects. 1) It incorporates lexical analysis techniques to 
supervised learning for extracting abbreviations. 2) It makes use of text chunking 
techniques to identify long forms of abbreviations. 3) It significantly improves recall 
compared to other techniques. 

The rest of this paper is organized as follows: Section 2 summarizes the related 
work. Section 3 describes the overall architecture and methodology of our techniques. 
Section 4 describes the evaluation. Section 5 concludes the paper. 

2   Related Work 

In this section, we review existing studies on extracting abbreviations. Many studies 
use rule based algorithms and detection of parentheses as the core part of extracting 
valid abbreviated terms and matching them with appropriate expanded expressions. 

Chang et al. [3] use an algorithm with a logistic regression technique to extract 
abbreviations.  Their algorithm scores abbreviation expansions based on the similarity 
to a training set of human-annotated abbreviations from MEDLINE abstracts. Their 
system locates candidate abbreviations by identifying parentheses and set basis of its 
approach on the resemblance to a training set of human-annotated abbreviations. The 
algorithm is reported to have a maximum recall of 83% at 80% precision. Major 
limitations of their approach are that an abbreviation must be enclosed in parentheses 
and a set of rules applied to abbreviation extraction was not comprehensive compared 
to other rule-based extraction techniques. 

Yu et al. [10] present a system (i.e., AbbRE) with a rule-based algorithm. Their 
system contains pattern-matching rules for mapping abbreviations to their full forms 
in biomedical text. AbbRE is reported to have an average 70% recall and 95% 
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precision for defined abbreviations. However, their experimental setup was limited to 
defined abbreviations which constitute only 25 percent of total abbreviations in 
biomedical articles as their own statistics identify. 

Liu and Friedman [8] propose an algorithm based system to extract a set of related 
terms from the biomedical literature. The recall of the algorithm was around 88.5%, 
and its precision was 96.3%. The limitation of their approach is that the system is not 
suitable for identifying expansions that occur only once in a text.  

Schwartz and Hearst [9] report a system with a simple algorithm based on the use 
of parentheses and ad hoc rules for identifying abbreviations’ definitions in 
biomedical texts. It, first, extracts “short form-long form” pair candidates from a text 
and then identifies the correct long-form from the sentence that the paired short-form 
is enclosed. Their simple algorithm processes the extraction beginning from the end 
of both the short-form and the long-form, moves from right to left, checking the 
shortest long-form that matches the short-form. In order to be a valid extraction, each 
and every letter in the short-form must match a character in the long-form, while the 
matched characters in the long-form must be in the same order as the characters in the 
short-form. The algorithm has an experimental result of 82% of recall and a precision 
of 96%. 

Ao and Takagi [1] describe an ad hoc algorithm called ALICE.  ALICE identifies 
and extracts pairs of abbreviations and their expansions by using parentheses-
searching and heuristic pattern-matching rules. In addition to the strategies used by 
Yu et al. [11] and Schwartz and Hearst [9], this algorithm uses manually expanded 
patterns, rules, and stop word lists. The authors argue that their system can potentially 
validate 320 abbreviation-expansion patterns as combinations of the rules. It is 
reported that the system achieved 95% recall and 97% precision on randomly selected 
titles and abstracts from the MEDLINE database. ALICE is reported to be limited to 
disambiguate synonyms and expansions.  

Major drawback of presented studies is that they depend on heuristic rule for 
extraction of abbreviations and matching them with proper expanded expressions. By 
adopting a technique that identifies phrase groups by the SVM-based text chunking 
technique, our approach of abbreviation extraction is not limited to structural 
dependency of algorithms that looks for parenthetical expressions in a sentence. 
Moreover, pattern matching algorithm based on distance calculation provides more 
scalable process of abbreviation-expansion matching. 

3   The Hybrid Abbreviation Extraction System 

In this section, we describe the proposed hybrid abbreviation extraction system, called 
AbbrevExtractor, combining the Support Vector Machine-based noun chunking 
technique with pattern matching techniques.  In Section 3.1, we present the system 
architecture of AbbrevExtractor. In Section 3.2, we discuss the noun chunking 
technique. Finally, Section 3.3 explains our abbreviation extraction algorithm. 

3.1   The System Architecture 

The system architecture of our hybrid abbreviation extraction system, AbbrevExtractor, 
is illustrated in Fig. 1. AbbrevExtractor consists of five major components: 1) data 
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reader, 2) sentence parser, 3) noun chunker, 4)abbreviation matcher, 5) best-match 
selector component. 

The Noun Chunker component applies a SVM-based text chunking technique. A 
typical text chunking algorithm seeks a complete partitioning of a sentence into 
chunks of different types [6]. Since our chunking technique requires identifying 
POS (Part-Of-Speech) tags for individual words, we incorporate Brill’s POS 
Tagger into AbbrevExtractor. Brill's technique is one of the high quality POS 
tagging techniques. 

The Best-Match Selector component identifies the correct long form from a set of 
candidate long forms within the sentence by computing the proximity of candidate 
long forms to a short form.  

 

Fig. 1. System Architecture of AbbrevExtrator 

The outline of the approach described in Figure 1 is as follows: 
1) A query is submitted to Pubmed to retrieve MEDLINE documents. 
2) A set of retrieved documents is read into AbbrevExtractor in the XML format. 
3) Sentences are identified and parsed by the Sentence Parser component.  
4) Each sentence is split into phrase groups by the SVM-based noun chunking 

component. 
5) Short forms and candidate long forms are identified by the pattern matching-

based Abbreviation Matcher component. 
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6) Correct long forms are determined and selected from candidate long forms by 
the best match selector component. 

7) A pair of a short form and a long form is inserted into the database of 
Ontologies for abbreviations. 

3.2   Sentence Chunking by SVM component 

Text chunking is defined as dividing a text into syntactically correlated parts of words 
[6]. Chunking is recognized as a series of processes – first, identifying proper chunks 
from a sequence of tokens, and second, classifying these chunks into some 
grammatical classes. Major advantages of using text chunking over full parsing 
techniques are that partial parsing such as text chunking is much faster, more robust, 
yet sufficient for abbreviation extraction.  

Support Vector Machine (SVM) based text chunking was reported to produce the 
highest accuracy in the text chunking task [6]. The SVMs-based approach such as 
other inductive-learning approaches takes as input a set of training example and finds 
a classification function that maps them to a class. SVMs are known to robustly 
handle large features [5]. This makes them an ideal model for abbreviation extraction. 
SVMs are particularly useful for real world data sets that often contain inseparable 
data points.  Although training is generally slow, the resulting model is usually small 
and runs quickly as only the patterns that help define the function that separates 
positive from negative examples. In addition, SVMs are binary classifiers, and thus 
we need to combine several SVM models to obtain a multiclass classifier. Due to the 
 

 

Fig. 2. A Procedure of Sentence Parsing (JJ denotes adjective, IN denotes preposition, DT 
denotes determiner, CD cardinal number, NN denotes singular noun, NNP denotes proper 
noun, VBZ and VBN denote verb, RB denotes adverb.) 
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nature of the SVM as a binary classifier it is necessary in a multi-class task to 
consider the strategy for combining several classifiers. In this paper, we use Tiny 
SVM [6] in that Tiny SVM performs well in handling a multi-class task. 

Figure 2 illustrates the procedure of converting a raw sentence from PubMed to the 
phrase-based units grouped by the SVM text-chunking technique. The top box shows 
a sentence that is part of abstracts retrieved from PubMed. The middle box illustrates 
the parsed sentence by POS taggers. The bottom box shows the final conversion made 
to the POS tagged sentence by the SVM based text chunking technique.  

3.3   Determination of Correct Short and Long Forms  

AbbrevExtractor selects a short and candidate long forms within noun phrase groups. 
Given this prerequisite, AbbrevExtractor applies pattern matching-based rules to 
identify short forms and long forms, similar to ExtractAbbrev and ALICE.  

In ExtractAbbrev, short forms are selected if the following conditions are satisfied: 
1) it consists of at most two terms, and its length is between two to ten characters, at 
least one of the characters is a letter, and the first character is alphanumeric. Finding 
correct long forms is based on starting from the end of both the short form and the 
long form, moving right to left, trying to find the shortest long form that matches the 
short form. In ALICE, short forms are determined by the rules of nine discard 
conditions and four acceptance conditions. Long forms are selected by five discard 
conditions and 16 templates. 
   Compared to these ExtractAbbrev and ALICE, AbbrevXtractor identifies correct 
short and long forms within noun phrase groups. The selection rules for short forms 
are adapted from ExtractAbbrev [9]. The selection rules for candidate long forms are 
as follows: 1) The first word of the candidate long form is not in the first word list of 
candidate long forms. 2) The candidate long forms do not consist of only one word in 
the long form list. 3) The number of words in a noun group less than 10. 4) The 
characters in short forms are matched in capitalized characters in candidate long 
forms. 5) Candidate long forms are one word and the name of its POS is CD.    

Once all the candidate long forms are identified, we compute distance between 
short form and candidate long forms, based on order it is presented in the sentence. 
Figure 3 shows how candidate long forms and a short form are located in a sentence. 
A candidate long form in the shortest distance with a short form is selected as the best 
matched long form.  

 

Fig. 3. Topology of Short and Candidate Long forms 
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4   Evaluation  

In this section, we present the data collections used for the experiments, the 
experimental methods, and the other abbreviation extraction techniques for 
comparison. To evaluate AbbrevExtractor, we compare it with two other query 
expansion techniques: 1) ExtractAbbrev, a simple pattern-matching rule-based, 2) 
ALICE, a heuristic rule-based. Performance of these techniques is measured by the 
precision, recall, and F-measure. The data used for experiments are the Gold Standard 
Development and Evaluation corpus and ALICE corpus. 

4.1   Data Collection 

To evaluate our technique, we use ALICE corpus [1]. ALICE corpus was built with  
1000 abstracts with titles that were randomly selected from the MEDLINE (PMID: 
12500000 – 12599999). ALICE corpus was manually tagged with pairs of abbreviations 
and their expansions by experts. There were 1095 tagged abbreviation-expansion pairs.  

We also use the Medstract Gold Standard Evaluation Corpus. The gold standard was 
created to help evaluate the algorithms used for information extraction and data mining 
in bioinformatics for the task of acronym identification. The gold standard is publicly 
available as an XML file at <http://www.medstract.org/gold-standards. html>.  

4.2   ExtractAbbrev  

We chose ExtractAbbrev to compare the performance of our technique in extracting 
abbreviations from MEDLINE. ExtractAbbrev is a pattern matching-based extraction 
system. It implements a simple algorithm for extracting abbreviations and their 
definitions from the biomedical text. It extracts abbreviation-definition candidates 
adjacent to parentheses. It finds correct definitions by matching characters in the 
abbreviation to characters in the definition, starting from the right. The first character 
in the abbreviation must match a character at the beginning of a word in the definition. 

4.3   ALICE 

We also compared our technique with ALICE [1]. ALICE is a rule-based extraction 
system that builds by searching parentheses and extracting pairs of abbreviations and 
their expansions by using heuristic pattern-matching rules. ALICE is composed of 
three phases, that is, the Inner Search (IS), the Outer Extraction (OE), and the Validity 
Judgment (VJ).  The IS phase is for searching a candidate abbreviation and 
recognizing whether the candidate is an abbreviation or not, the OE phase is for 
extracting of its expansion, and the VJ phase is for judging the propriety of the pair of 
an abbreviation and its expansion. 

4.4   Experimental Results  

We conducted a set of experiments to measure the performance of the three 
techniques: 1) ExtractAbbrev, 2) ALICE, and 3) AbbrEx. F-measure combines 
precision and recall in order to provide a single number measurement for information 
extraction systems (1).  
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Here, P is precision and R is recall. If b=0, F becomes precision. If b= ∞ , F becomes 
recall. Last, b=1 means that recall and precision are equally weighted. If  b=0.5, it 
means that recall is half as important as precision. If b=2.0, it means recall is twice as 
important as precision. Because 1,0 ≤≤ RP , a larger value in the denominator 

means a smaller value overall. We also use recall and precision which are prevalent 
evaluation methods in IE.  

Table 3, 4 and 5 respectively shows the overall performance of the three algorithms 
on Gold Standard Development and Evaluation data and ALICE corpus. The results 
indicate the improvements in precision and recall of each algorithm compared to its 
preceding algorithm. Among the algorithms, AbbrevExtractor in precision and recall 
shows the best improvement among the algorithms.  

Table 3 shows the results of the performance among these three techniques on the 
Gold Standard Development data. As shown in Table 3, AbbrevExtractor outperforms 
the other two techniques from 8.8% to 13.2% better in F-measure. In precision, 
AbbrevExtractor is higher than the other two by 13.9% and 19.4%. In recall, 
AbbrevExtractor is higher than the other two by 6% and 9%. The second best 
technique is ALICE. ExtractAbbrev turns out to be ranked last.  

Table 3. Results Obtained Using the Gold Standard Development Corpus 

Gold Standard Development Corpus 
 

Algorithm 

Recall  Precision F-measure 
ExtractAbbrev 0.61 0.58 0.59 
ALICE 0.63 0.62 0.62 
AbbrevXtractor 0.67 0.72 0.68 

Table 4 demonstrates that AbbrevExtractor outperforms the other two techniques 
from 4.2% to 5.6% higher in F-measure. In precision, AbbrevExtractor is higher than 
the other two by 3.8% and 14%. In recall, AbbrevExtractor is higher than the other 
two by 7.2% and 8.7%.  

Table 4. Results Obtained Using the Gold Standard Development Corpus 

Gold Standard Evaluation Corpus 
 

Algorithm 

Recall Precision F-measure 
ExtractAbbrev 0.64 0.76 0.69 
ALICE 0.63 0.68 0.68 
AbbrevXtractor 0.69 0.79 0.72 
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Table 5 shows the results of the performance among these three techniques on 
ALICE data. As shown in Table 5, AbbrevExtractor outperforms ExtractAbbrev by 
5.2% in F-measure. In precision, AbbrevExtractor outperforms ExtractAbbrev by 
4.1%. In terms of F-measure and precision, AbbrevExtractor is equivalent to ALICE. 
In recall, AbbrevExtractor outperforms the other two by 2% and 8.2%. 

Table 5. Results Obtained Using Gold Standard Development Corpus 

ALICE Corpus Algorithm 

Recall Precision F-measure 
ExtractAbbrev 0.89 0.93 0.91 
ALICE 0.95 0.97 0.96 
AbbrevXtractor 0.97 0.97 0.96 

Overall, the results of the experiments show that AbbrevEXtractor achieves the 
best performance in Precision, Recall and F-measure.  

5   Conclusion 

We proposed a novel effective abbreviation extraction (AE) technique, called 
AbbrevExtractor. AbbrevExtractor is a hybrid AE technique that applies the SVM-
based noun chunking with pattern matching-based rules to the abbreviation extraction 
problem. Our approach automatically identifies pairs of best long forms with its short 
forms (i.e., abbreviations). 

The proposed technique is differentiated from others in the following aspects. 1) It 
incorporates lexical analysis techniques to supervised learning for extracting 
abbreviations. 2) It makes use of text chunking techniques to identify long forms of 
abbreviations. 3) It significantly improves recall compared to other techniques. 

We also demonstrated our approach consistently performs better than the other two 
well-received systems for abbreviation extraction, ExtractAbbrev and ALICE. In 
terms of F-measure, AbbrevExtractor performed better than the other two by 4.1% to 
14.1%. In terms of Precision and Recall, our technique outperforms ExtractAbbrev 
and ALICE by 3.8% to 19.4% and 2% to 9%, respectively. 

As a follow-up study, we are developing an abbreviation server that connects to the 
PubMed server to retrieve MEDLINE records and extract abbreviations from the result 
sets. We are also conducting a series of experimental tests with a much bigger size of 
data to investigate whether the size of data influences on accuracy of extraction.  
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