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INTRODUCTION

 
 Extracting terms and their definitions from a 
paper or publication can be of great use in data 
mining and analytics. Of particular interest is the 
extraction of scientific terms. Since the domain of 
science is very wide, a model built for the extraction 
of scientific terms together with their definitions can 
be of immense help to both data scientists and to the 
science community in general. 
 This system automatically extracts terms and 
definitions directly from primary sources: scientific 
publications. Since most new technical terms are 
introduced in scientific publications, this system 
addresses the bottleneck of staleness. Second, since 
science is organized into disciplines and sub
disciplines, we can exploit this inherent structure to 
gather contextual information about a term and its 
definition. Technical terminology coining is an 
important aspect for conveying technical information 
accurately. These compilation efforts have resulted in 
various reference sources such as science 
dictionaries, thesaurus and ontologies.
 The contributions of our work are: i) Building a 
model for the extraction of scientific terms and their 
definitions based on Trigram and Bigram searches in 
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A B S T R A C T  
The paper is aimed at extracting scientific terms and their definitions from the ACL 
anthology, which is the dataset used and contains a collection of papers from various 
workshops spanning four decades. DefMiner has been used to great effect in identifying 
the terms and definitions. CRF (Conditional Random Fields) for extracting scientific 
terms has given the greatest accuracy so far. In our proposed system, we try to use 
Trigram and Bigram searches in identifying the various scientific terms in a paper using 
a corpus of terms from around 100 science domains. Since the purview of science 
includes numerous domains, we try to add new domains to make the training process 
much more efficient. As for the definition extraction part, WCL (Word Class Lattice) 
tool, which uses WCL algorithm, is to be used for constructing the lattice from a total of 
1753 definition patterns. The dataset for this tool is Wiki
aforesaid number of patterns, which frequently occur in Wikipedia. The topic sentence 
of every Wikipedia page is a definition and hence, Wiki-Good forms an ideal candidate. 
From the term extraction and definition extraction modules, a model is built to identify 
the various scientific terms and their definitions in a paper and the results are compared 
against those obtained from the CRF-based system. We try to improve and match the 
precision of our system comparable to the already existing CRF
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a number of scientific domains. ii) Extensive use of 
the Word Class Lattice algorithm in identifying all 
the possible definition patterns. iii) Analyzing the 
ACL anthology on the built model for effectiveness 
in comparison to the already existing CRF
DefMiner System.  
 
Related Works: 
 Definition Extraction started in the late 80’s 
were pattern based definitions are identified based on 
rules. More recent works apply Genetic Algorithms 
to the extraction of English ‘to be’ definiti
experiments focus on assigning weights to a set of 
features for the identification of such definitions. 
These weights act as a ranking mechanism for the 
classification of sentences, providing a level of 
certainty as to whether a sentence is actual
definition or a non-definition. They obtain a 
precision of 62% and a recall of 52 % on the 
extraction of is definitions by using a set of features 
such as ‘has keyword’ and ‘contains ‘is a’. In recent 
years machine learning techniques were combined 
with pattern recognition in order to improve the 
general results. In particular, Fahmi 
used a maximum entropy classifier to extract 
definition in order to distinguish actual definitions 
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from other sentences. As attributes to classify 
definition sentences they used such as n-gram and 
bag-of-words, sentence position, syntactic properties 
and named entity classes. A similar work using 
syntactic features was used by Westerhout (2009). 
The corpus used was composed by medical pages of 
Dutch Wikipedia, where they extracted sentences 
based on syntactic features. The data set were 
composed by 2,299 sentences of which 1,366 actual 
definitions. This gives an initial accuracy of 59% that 
was improved with machine learning algorithms until 
92.21% (Del Gaudio, R., A. Branco, 2009). In 
English language, definition patterns are either very 
simple sequences of words (e.g. “refers to”, “is 
defined as”, “is a”) or more complex sequences of 
words, parts of speech and chunks. A fully 
automated method was proposed by Borg et al. 
(2009): they use genetic programming to learn 
simple features to distinguish between definitions 
and non-definitions, and then they apply a genetic 
algorithm to learn individual weights of features. 
However, rules are learned for only one category of 
patterns, namely “is” patterns. They first search 
sentences that contain two terms which are known to 
be in a taxonomic relation (term pairs are taken from 
Word-Net); then they parse the sentences, and 
automatically extract patterns from the parse trees. 
Finally, they train a hypernym classifer based on 
these features. Lexico-syntactic patterns are 
generated for each sentence relating a term to its 
hypernym, and a dependency parser is used to 
represent them. 
 
Module and Methodology: 
 The overall system is shown in Fig 1. Each 
module is explained in detail in the following 
sections.                                                                                              
 
Tokenization: 
 Tokenization is the process of converting a 
sequence of characters to a sequence of tokens. 
Takes raw text, splits words by their morphological 
aspects. Punctuation and whitespace may or may not 
be included in the resulting list of tokens. All 
contiguous strings of alphabetic characters are part of 
one token likewise with numbers. Tokens are 
separated, by whitespace characters, such as a space 
or line break, or by punctuation characters. 
 
Term Extraction: 
 From the list of all possible tokens, NLTK is 
used to identify the different parts of speech. From 
given sentence each entity is matched with scientific 
datasets that is available. If it is qualifies, then we 
will assign ranks according to unigram, bigram, 
trigram. If it doesn’t qualify then we will apply 
prefix suffix match to identify scientific words in the 
sentence. This prefix suffix match will be given low 
priority because they may lead us to false candidate 
terms. This method is valid only when there is no 

accordance of candidate term using previous 
approach. From the list of all possible nouns and 
gerunds, we further apply stemming and 
lemmatization to form the list of all possible 
candidate terms. From this list, we omit Proper 
Nouns, since they have very less possibility to 
qualify as a scientific term. 
 
Adjacent Terms Analysis 
 Since not all the scientific terms have an 
associated definition in the corpus, some of the terms 
need to be omitted. This module analyses the  
adjacent terms of each of the selected terms and 
filters out only those which have ‘is’,’was’,’means’, 
’defines’,etc. as their adjacent ones, since only these 
terms can lead to a definition. We use WCL (Word 
Class Lattices) module to identify whether given 
candidate term is defined in the sentence. 
 
Word-Class Lattices (WCL):  
 Word-Class Lattices (WCLs) are a 
generalization of word lattices developed by Roberto 
Navigli and Paola Velardi (2009) to model textual 
definitions. Our classifiers, based on two variants of 
WCLs, are able to identify definitions and extract 
hypernyms with high accuracy. We use wiki_good 
dataset which contains more 1700 different possible 
definition to identify whether the given candidate 
term is defined in the sentence. 
 
Scientific Term Classification: 
 From the list of all scientific terms we will 
evaluate them to identify possible scientific 
definition. Evaluation is based on three scenarios. 1) 
If no scientific term is found then we will eliminate 
the sentence. 2) If only one scientific term is found 
then we will qualify it as definition. 3) If more than 
one scientific term are found, then based on the 
ranking we will choose best matching scientific term. 
 
Scientific term Extraction 
The initial step involves collecting all the scientific 
terms from various domains. This is done as science 
has a variety of domains like Biology, Chemistry, 
Physics, Archaeology, and Ophthalmology and so 
on. In order for the scientific term extraction module 
to work, a total of 65 domains have been collected. 
The data set for this has been taken from Wikipedia 
glossary, where there are glossaries for different 
domains. The next step involves trigram, bigram and 
unigram search to train the term extraction phase.  
If three words match a trigram in the domain list, 
then it is assigned the highest score, followed by 
bigram match and then unigram match. If a word 
fails to match all three of these, then a prefix-suffix 
match is done. This is done from a list of “science 
prefixes and suffixes dataset”, which covers prefixes 
and suffixes from 47 science domains.  
 For the definition extraction part, the terms 
selected from each of the papers of ACL anthology 
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along with the associated sentences is given to the 
WCL tool. Word Class Lattice tool is based on WCL 
algorithm. To train the WCL tool, a total of 1753 
definition patterns are given, and the tool constructs a 
weight-based graph from this training set. The 
dataset used for this phase is Wiki-Good, which 
contains different definition patterns. Since the 
starting sentence of every Wikipedia page is a 
definition, this becomes an ideal candidate. The 
Wiki-Good dataset is a collection of all the different 
definition patterns used in Wikipedia.  
 Once this has been done, the definition along 
with the headword is given to the tool. The tool then 
matches the given sentence with any one of the 
different lattices and the longest match is taken. 
Based on the longest match, the algorithm identifies 

whether the given sentence falls into one of the 
different definition patterns used for training. 
 
Algorithm Of WCL: 
• Feed a list of 1753 definition patterns to the 
WCL toolkit. 
• Construct a lattice out of the patterns, by 
splitting each sentence into three parts: 
 
Term (T), Definition (D) and Definition Word (DW): 
• The input sentence is given to the lattice built on 
the training data. The input sentence is split into 
these 3 parts by the tool. 
• The parts are then superimposed on the lattice 
and the longest match is found. 

 

 
 
Fig. 1: Scientific Term Extraction. 
 
• Based on the length of the node match from the 
start, a decision is taken by the WCL as to whether 
the given sentence is a definition or not. 
D.F. = P (DW-match) + P (T) + P (D) – P (Longest 
Match)/P(Total Length of Definition)           
(1) 
 Where P(X) = Normalized score assigned based 
on the pattern and word match. 
 We have fixed the threshold to 0.7. If the value 
of D.F is greater than 0.7, the sentence is considered 
to be a definition sentence. If lesser, they are ignored. 
 
Algorithm of Term Extraction: 
• Construct a dictionary from the list of collected 
scientific terms across domains. 
• Based on this dictionary, compare the input 
word for a trigram match. If yes, a score of 1.0 is 
assigned and is selected as the absolute candidate. 
• If there is not a trigram match, the algorithm 
regressively tries for a bigram and then a unigram 
match and correspondingly assigns a score of 0.8 and 
0.6 respectively. 
• The above scores indicate a high probability that 
the input word is a scientific term since they match 
against a handpicked scientific term corpus. 
• If none of these matches, then a prefix-suffix 
match of standard scientific terms is done and if both 
prefix and suffix matches, a score of 0.4 is assigned. 

If only one matches, then a score of only 0.3 is 
assigned.  
• The low scores are a clear indication of the 
unlikelihood of the input word qualifying as a 
scientific term as they have failed to match the words 
selected across different science domains.   
 Based on the 60 to 70 domains, from which the 
terms have been extracted, along with the different 
definition patterns, a model is built which can then 
be used for extracting scientific terms and their 
definitions in particular. 
 

RESULTS AND EVALUATION 
 
Dataset: 
 The Dataset used for each section of our work 
are as follows  
 
Definition Pattern Extraction: 
 Wiki-good - a collection of all possible 
definition patterns occurring in Wikipedia. It covers 
of a total of 1753 patterns. This set is used for 
training the definition patterns. 
 ACL Anthology – A collection of papers from 
various workshops, spanning three decades and 
covering a total of around 32,000 papers. All these 
papers are related to science in some way. 
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1) Term Extraction: 
 Wikipedia and Science Thesaurus, both these 
sites cover a vast number of science domains and the 
glossaries associated with each domain. 
 
Results: 
 A corpus of 4,619 Wikipedia sentences, which 
contains 1,908 definitional and 2,711 non-

definitional sentences, is used as training dataset to 
learn automatons. ACL anthology corpus that 
contains 10286 research papers is used as the test 
dataset which contains 30532 definitional sentences. 
The results are shown in table 1. 

 
Table I:  Performance on the ACL Anthology dataset. 

Algorithm Precision Recall 
Our System 0.88 0.75 

CRF 0.93 0.80 

 
 In extracting definitions, we have used graph 
based approach which enhances the recall and 
precision parameters compared to the already 
existing lexico-syntactic patterns and cue phrases. It 
also provides generalization of definitions since it is 
based on lattice construction. The existing DefMiner 
system which uses Conditional Random Field (CRF) 
gives less precision but high recall but the proposed 
system gives high precision of about 94%, low recall 
(73%). This low recall is due to its limited ability to 
generalize. Out of 30532 definitions, 22986 
definitions are identified correctly.  
 The dataset used, ACL anthology, contains texts 
collected from workshops dating back to 40 years 
from now. So, there is no proper indentation and 
hence, an assumption is made that the dataset used is 
properly cleaned. The number of scientific domains 
is very large in number and hence, for the purpose of 
this project, the purview is restricted to 60 domains 
for the Term Extraction phase. 
 For the Definition Extraction phase, Wiki-Good 
is used which covers definition patterns used in 
Wikipedia only. Although a number of different 
patterns exist, an assumption is made limiting our 
possible patterns to Wiki-Good dataset only. All 
sentences in the corpus are assumed to be structured 
and mostly in English. Although the tool recognizes 
some of the other language patterns, it holds well 
only if the majority of the terms are in English. 
 ACL Anthology contains papers from diverse 
workshops in different domains, hence certain terms 
are incorrigible like the degree symbol and various 
other Unicode symbols, which caused the program to 
frequently crash and hence, these have to be 
manually removed from a set of 10,920 papers. 
 For the lattice construction, out of the 1753 
patterns, the time limit to build a complete lattice 
becomes exponentially high and makes the tool very 
slow. Hence, certain patterns have to be inevitably 
eliminated. For the purpose of this project, the 
number of patterns has been reduced to 1154 from 
1753.   
 Since science is a vast subject with a multitude 
of domains, for the Term Extraction phase, the 
number of domains has to be limited. Also, there is a 
dearth of resources on the Internet as to how many 

domains are actually there. For this project, the 
number of domains has been restricted to 70. 
 In the Term Extraction phase, if a word fails all 
three matches viz., trigram, bigram and unigram, 
then a prefix-suffix match of possible scientific 
prefixes and suffixes are done. Here, many random 
words find a place as a scientific word, since many of 
the science prefixes and suffixes are weak and 
varied. For example, “a-“is a science prefix and 
hence, “asphyxiate” matches and so is “Andy”. 
Similarly, for suffixes, “-tion” is a science suffix. 
Hence, both “identification”, a scientific word, and 
coronation, a non-scientific word, matches. 
 
Conclusion: 
 We have thus studied the task of identifying 
definition sentences, based on 3 component terms 
namely Term, Definition and Definition-Word. The 
main bottleneck we faced is in the term extraction 
part, where a prefix-suffix match has been used to 
identify the candidate word. This is mainly because 
of the large collection of science prefixes and 
suffixes available and hence, non-science terms 
qualify as a scientific term too. To overcome this, we 
hope to annotate each and every term as a science 
term and a non-science term. We also hope to further 
improve the definition extraction phase, by allowing 
for candidate selection to be done based not on 
longest match, but on the keyword and definition 
word match in the rest of the sentence, thereby 
reducing the inaccuracies. Though definition 
classification followed by term classification isn't of 
much avail, we hope to study whether suitable joint 
inference models can benefit from the interaction 
between the two classification processes. 
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