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Abstract :Computing semantic relatedness of natural language texts requires access to vast amounts of common-sense and 
domain-specific world knowledge. We propose Explicit Semantic Analysis (ESA), a novel method that represents the 
meaning of texts in a high-dimensional space of concepts derived from crops. We use machine learning techniques to 
explicitly represent the meaning of any text as a weighted vector of crops-based concepts. Assessing the relatedness of texts 
in this space amounts to comparing the corresponding vectors using conventional metrics (e.g., cosine). Compared with the 
previous state of the art, using ESA results in substantial improvements in correlation of computed relatedness scores with 
human judgments: from      r =0.56 to 0.75 for individual words and from    r =0.60 to 0.72 for texts. Importantly, due to the 
use of natural concepts, the ESA model is easy to explain to human users. The proposed model showed enhanced precision 
and recall extraction values over other approaches. 
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I. INTRODUCTION 
 
Keywords are useful for readers investigating in 
academic, business, social and other articles’ 
purposes. They are used to give an insight of the 
presented article. They give a clue about the article 
concept so that readers can decide their interest. Their 
importance for search engines is to precise inquiry 
results and shortens the response time. Keywords can 
be viewed as content classifiers. Keywords 
processing tools are used for scanning large amount 
of text corpus in short times. Extracting keywords 
from text is the process of addressing contextual 
representative terms. This includes access, discover 
and retrieval of different words and phrases 
highlighting linguistic senses and contents sub topics. 
Conceptually, crosslingual keywords extraction could 
be a core and basic function for different natural 
language processing applications like text 
summarization, document clustering (unsupervised 
learning of document classes), document 
classification (supervised learning of document 
classes), topic detection and tracking, information 
retrieval and filtering, question answering and other 
text mining applications including search engines  
[15,16,  and 17 ].Keywords extraction methodologies 
are classified into two main categories; 

A. Quantitative  
B.  Qualitative [1].  

 
A.   Qualitative techniques: Qualitative techniques 
are based on semantic relations and semantic 
analysis. Semantic analysis relies on semantic 
description of lexical items. The association of each 
lexical item with possible domains, in addition to 
words morphological and syntactic parsing, defines 
the semantic and conceptual relations of phrases. 
Extraction of  keywords provides highly structured 
conceptual relations that relate to the content of the  

 
text. Such techniques are precise and reliable than 
plain statistical methods that results in important 
words but maybe unqualified.  
 
B. Quantitative methods: Quantitative methods are 
widely used for a variety of text processing 
applications like text summarization, internal 
document cohesion, multi documents inter textual 
cohesion, authorship attribution, style consistency, 
writing skills development. On the other hand, the 
main application of qualitative techniques is content 
analysis. Statistical keywords extraction from a single 
document presented in [2] starts by extracting 
frequent terms then extract a set of co-occurrences 
between each term and the frequent terms; i.e., 
occurrences within the same sentences. The Co-
occurrence distribution shows the importance of a 
term in the document such that if the probability 
distribution of co-occurrence between any term and 
the frequent terms is biased to a particular subset of 
frequent terms, then the term is likely to be a 
keyword. The degree of bias of a distribution is 
measured by the χ2-measure. Testing using text 
corpus, where documents are represented using a 
vector of features based on word co-occurrence was 
provided by [3]. A global unsupervised text feature 
selection approach based on frequent item set mining 
was applied. Each document is represented as a set of 
words that co-occur frequently in the given corpus of 
documents. Then documents are grouped to identify 
the important words using a locally adaptive 
clustering algorithm designed to estimate words 
relevance.  A different approach was used in [4], 
where a genetic algorithm for keyword extraction in a 
supervised environment was developed. According to 
[5], two extraction techniques were compared on a 
biological domain by extracting keywords from 
MEDLINE that describe the most prominent 
functions of the genes. Resulting keywords weights 
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are used as feature vectors for gene clustering. A 
comparison between two keyword weighting 
schemes: normalized z-score and (TF*IDF) is 
provided. Z-score refers to assigning a score to each 
word such that this score is based on the number of 
occurrences of the words in the document, the 
average occurrences in all the documents and the 
variance. The Z-score measure is similar to the 
standardization of a normal random variable. The best 
combination of background comparison set, stop list 
and stemming algorithm was selected based on 
precision and recall metrics. A hybrid model that 
combines an artificial immune system with a 
mathematical background based on information 
theory was presented in [6]. This  approach does not 
need neither domain knowledge nor the use of a stop 
words list. The output is a set of keywords for each of 
the corpus categories.  Many researches have been 
developed to enhance keywords extraction quality 
and precision by including domain linguistic 
knowledge. A combination of the evidence from 
frequency analysis and the hierarchically organized 
thesaurus was introduced by [7] using inductive logic 
programming. Linguistic knowledge was added by 
[8] to the representation, such as syntactic features, 
rather than relying only on statistics, such as term 
frequency and n-grams. In [9], three prediction 
models were combined to decide what words or 
sequences of words in the documents are suitable as 
keywords, the models were built using definitions of 
what constitutes a term in a written document.  
Existing state of the text-based information retrieval 
has been improved by automatic keyword extraction 
(AKE) [10] process for news characterization. 
Several linguistic techniques have been utilized. A 
keyword extraction technique that uses lexical chains 
was described .A lexical chain holds a set of 
semantically related words of a text.  A lexical chain 
representing the semantic content of a portion of the 
text was showed in [11]. A method for document 
categorization and the simultaneous generation of 
keywords for each category is presented in [14]. This 
method is based on K-Means, where each cluster is 
represented as a set of keywords. In this algorithm, 
each cluster has a set of features and a weight, from 
which the keywords for each category will be 
selected. Weights are adjusted in each iteration so 
that, at the end, they can define the most relevant 
keywords. A clustering method based on the 
automatic extraction of the keywords of a Web page 
was presented. The presence of common keywords 
was exploited to decide when it is appropriate to 
group pages together. A second usage of the 
keywords is in the automatic labeling of the 
recovered clusters of pages. 
 
II. SEMANTIC ANALYSIS 
 
Semantic similarity is the score of confidence which 
shows the two terms meanings relation semantically. 

High accuracy in semantic similarity evaluation is 
difficult to reach because the perfect semantic senses 
are only understood in a specific condition [24]. The 
concept of semantic similarity is different from 
semantic relatedness because semantic relatedness 
includes concepts like antonymy and meronymy 
while similarity doesn't. Semantic relatedness 
supports many relations such as Hypernym, 
Hyponym, Holonym, Meronym, Troponym, 
Antonym, Has-part, Part-of, Member-of and others. 
These relations are non-hierarchical Word Net 
Relations. For example, a leg is a part of a table, 
heavy is the opposite of light, snow is made up of 
water, and so forth. Semantic similarity represents a 
special case of semantic relatedness [28]. However, 
much of the literature uses these terms 
interchangeably, along with the term semantic 
distance. Semantic similarity depends on only one 
relation between two concepts which  measures the 
similarity degree between terms in the hierarchy. 
Some pairs of words are closer in meaning than 
others, for example car–tire are strongly related while 
car–tree are not. Word Net [16] is used to measure 
the similarity; it supports the similarity between noun 
pairs (e.g. cat and dog) and verb pairs (e.g., run and 
walk). 
 
III. EXPLICIT SEMANTIC ANALYSIS 
 
Our approach is inspired by the desire to augment 
text representation with massive amounts of world 
knowledge. We represent texts as a weighted mixture 
of a predetermined set of natural concepts, which are 
defined by humans themselves and can be easily 
explained. To achieve this aim, we use concepts 
defined by Crops articles, e.g., COMPUTER SCI-
ENCE,INDIA, or LANGUAGE. An important 
advantage of our approach is thus the use of vast 
amounts of highly organized human knowledge 
encoded in Crops. Furthermore, corps undergoes 
constant development so its breadth and depth 
steadily increase over time. We opted to use Crops 
because it is currently the largest knowledge 
repository on the Web. Corps are  available in dozens 
of languages, while its English version is the largest 
of all with 400+ million words in over one million 
articles (compared to 44 million words in 65,000 
articles in Encyclopaedia Britannica1). Interestingly, 
the open editing approach yields remarkable quality a 
recent study [Giles,2005] found Crops accuracy to 
rival that of Britannica. We use machine learning 
techniques to build a semantic interpreter that maps 
fragments of natural language text into a weighted 
sequence of Crops concepts ordered by their 
relevance to the input. This way, input texts are 
represented as weighted vectors of concepts, called 
interpretation vectors. The meaning of a text fragment 
is thus interpreted in terms of its affinity with a host 
of Crops concepts. Computing semantic relatedness 
of texts then amounts to comparing their vectors in 
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the space darned by the concepts, for example, using 
the cosine metric[Zobel and Moffat, 1998]. Our 
semantic analysis is explicit in the sense that we 
manipulate manifest concepts grounded in human 
cognition, rather than “latent concepts” used by 
Latent Semantic Analysis. “latent concepts” used by 
Latent Semantic Analysis.  Observe that input texts 
are given in the same form as Corps articles, that is, 
as plain text. Therefore, we can use conventional text 
classification algorithms[Sebastiani, 2002] to rank the 
concepts represented by these articles according to 
their relevance to the given text fragment. It is this 
key observation that allows us to use encyclopedia 
directly, without the need for deep language 
understanding or precataloged common-sense 
knowledge. The choice of encyclopedia articles as 
concepts is quite natural, as each article is focused on 
a single issue, which it discusses in detail. Each 
Crops concept is represented as an attribute vector of 
words that occur in the corresponding article. Entries 
of these vectors are assigned weights using TFIDF 
scheme [Salton and McGill, 1983]. These weights 
quantify the strength of association between words 
and concepts. To speed up semantic interpretation, 
we build an inverted index, which maps each word 
into a list of concepts in which it appears. We also 
use the inverted index to discard insignificant 
associations between words and concepts by 
removing those concepts whose weights for a given 
word are too low.   We implemented the semantic 
interpreter as a centroid based classifier [ Han and 
Karypis, 2000], which, given a text fragment, ranks 
all the  corps concepts by their relevance to the 
fragment. Given a text fragment, we first represent it 
as a vector using TFIDF scheme. The semantic 
interpreter iterates over the text words, retrieves 
corresponding entries from he inverted index, and 
merges them into a weighted vector of concepts that 
represents the given text. Let T = { wi } be input text, 
and let <vi >be its TFIDF vector, where vi is the 
weight of word wi .Let <kj> be an inverted index 
entry for word wi,  where kj  quantifies the strength 
of association of word wi with corps concepts cj,     
{cj ∈ c1 . . . . , CN} (where N is the total number of 
Crops concepts). Then, the semantic interpretation 
vector V for text T is a vector of length N, in which 
the weight of each concept cj is defined as  ∑wi∈T vi· 
kj. Entries of this vector reflect the relevance of the 
corresponding concepts to text T . To compute 
semantic relatedness of a pair of text fragments we 
compare their vectors using the cosine metric. Figure 
1 illustrates the process of corps-based semantic 
interpretation. Further implementation details are 
available in [Gabrilovich, In preparation]. In our 
earlier work[Gabrilovich and Markovitch, 2006 ], we 
used a similar method for generating features for text 
categorization. Since text categorization is a 
supervised learning task, words occurring in the 
training documents serve as valuable features; 
consequently, in that work we used corps concepts to 

augment the bag of words. On the other hand, 
computing semantic relatedness of a pair of texts is 
essentially a “one-off” task, therefore, we replace the 
bag of words representation with the one based on 
concepts. 
 

 
 

 
 
To illustrate our approach, we show the ten highest-
scoring corps  concepts in the interpretation vectors 
for sample text fragments. When concepts in each 
vector are sorted in the decreasing order of their 
score, the top ten concepts are the most relevant ones 
for the input text. Table 1 shows the most relevant 
Crops concepts for individual words (“equipment” 
and “investor”, respectively), while Table 2 uses 
longer passages as examples. It is particularly 
interesting to juxtapose the interpretation vectors for 
fragments that contain ambiguous words. Table 3 
shows the first entries in the vectors for phrases that 
contain ambiguous words “bank” and ”jaguar”. As 
can be readily seen, our semantic interpretation 
methodology is capable of performing word sense 
disambiguation, by considering ambiguous words in 
the context of their neighbours.  
 
IV. EVALUATION 
  
In this section, the proposed extraction model is 
evaluated by a set of experiments. Two different 
evaluation methods are used, the first is using the 
precision and recall measures and the second is 
evaluating the proposed model concept through one 
of the text processing applications. Evaluation of the 
proposed model, which is developed based on 
keywords co-related semantic similarity, is done 
against four keywords extraction methods: 
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Term Frequency method; keywords are defined 
according to their term frequency. Most frequent 
terms are considered highly expressing the text.  
 
Semantic Term Frequency method; the best sense of 
each word, resulted from TF method, is evaluated 
using Adaptive Lesk algorithm to the first occurrence 
of keyword in the document. A context window of 
size value 3 is used. Getting the best senses from all 
documents, the vector space model is constructed that 
includes semantic keywords.  
 
Position Weight method; keywords are extracted 
according to their positions within the sentence and 
paragraph [13].  
 
Semantic Position Weight method; Adaptive Lesk 
algorithm is applied to the position weight outcomes. 
Experiments are done by assigning the same number 
of keywords extracted by the proposed model to the 
other four methods. For example, if the number of 
extracted keywords from a given document was 14 
using the proposed model using corelated semantic 
similarity, the other four methods are tested for 14 
keywords extraction as well. 
 
V. I PRECISION AND RECALL  
 
Experimental results are conducted and analyzed 
using the 20 newsgroups data set, a collection of 
approximately 20,000 newsgroup documents 
partitioned evenly across 20 different newsgroups. 
Among them, five categories are used in the provided 
experiments; Windows, Graphics, Autos, Electronic 
and Politics-Mid east. Ten documents are selected 
from each category, where each has its predefined 
keywords.  Evaluation metrics considered are the 
Precision and Recall, which are the standard metrics 
for retrieval effectiveness in 
information retrieval. Basically calculated as follows:  
Precision = TP / (TP + FP) 
Recall = TP / (TP + FN)  
Where: 
TP= keywords extracted keywords by the algorithm 
and already found in document's predefined 
keywords. 
FP= keywords extracted keywords by the algorithm 
and doesn’t found in document's predefined 
keywords. 
FN= document's predefined keywords that are not 
extracted by the algorithm. 

 

Table 1 shows the precision and recall results for 
term keywords extraction based on term frequency 
method, position weight method and the proposed 
model. Proposed model results in enhanced precision 
and recall evaluation over other methods. 
 
CONCLUSIONS 
 
We proposed a novel approach to computing 
semantic relatedness of natural language texts with 
the aid of very large scale knowledge repositories. 
We use Crops and the ODP, the largest knowledge 
repositories of their kind, which contain hundreds of 
thousands of human defined concepts and provide a 
cornucopia of information about each concept. Our 
approach is called Explicit Semantic Analysis, since 
it uses concepts explicitly defined and described by 
humans. 
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