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Abstract 
 
Human is showered with enormous data and information. Finding the required information among them is difficult and time-consuming. 
Extracting Key concepts or Key phrases would assist the searcher to find the wanted information as soon as possible. In this study, a new 
approach is proposed regarding the Key Concept Extraction (KCE) through FrameNet lexical database. This approach is based on the natural 
language processing methods. The FrameNet is first applied for shallow semantic parsing of the original texts and then to construct the semantic 
graphs. The nodes of this graph are frames with edges of frame-to-frame relations. The concepts are weighted through the semantic graph. If 
the weight of concept is more than that of the threshold, it is extracted as a Key concept. The two types of the Zipfian distribution based and 
normal distribution based thresholds are applied here. The first outperforms the last. The human-based subjective assessment is run here. 

Keywords: Semantic graph, Key concept extraction, Natural language processing, FrameNet. 
 

 
 

1. Introduction 
 
Due to the extraordinary growth in network and the Internet 
the magnitude of data in the text , image , sound and video 
format exceeds human being capacity. Text is one of the most 
abundant and practical of these categories available in 
books , articles , web pages , emails , organizational 
documents, etc.. Finding the desired data is time-consuming 
and sometimes impossible . In some specific applications 
knowing the whole data is not necessary. For example, in the 
search engine, the query must match the Key concepts or Key 
phrases of searched text; another example is finding the 
semantic similarity between two or more texts . If the Key 
concepts of one text match the Key concepts of the other, the 
maximum adjustment represents the most similarity between 
them . There exist many other applications where the Key 
concepts or Key phrases of text are applied. Consequently, the 
Key concept and Key phrase extraction are two of the most 
important research areas on which many methods are 
proposed. 
Automatic Key phrase extraction is the process of identifying 
key terms, key phrases , key segments or keywords from a 

document that can appropriately represent the subject of the 
document [1]. The Key phrases represent the primary topics 
discussed in the main text, containing the words available in 
the main text and present a brief representation of the original 
text. They have the characteristic to describe and summarize 
the contents of documents in a compressed way [2]. Key 
concepts have a similar definition close to that of the Key 
phrases . They represent some of the underlying semantic 
concepts of the texts, while they consist of the words which 
may not always be available in the original text . The 
advantage of applying Key concepts rather than Key phrases 
is that the former are unambiguous . This leads to better 
understanding of key concepts than key phrases . For 
example , consider the following text . It is about the Dubai 
internet city.  
Dubai 10-28 (FP) - Dubai's crown prince Sheikh Mohamed 
bin Rashid Al Maktoum inaugurated a free zone for e-
commerce today, called Dubai internet city. The preliminary 
stages of the project, the only one of its kind according to its 
designers , are estimated at 200 million Dollar . Sheikh 
Mohamed, who is also the defence minister of the United Arab 
Emirates, announced at the inauguration ceremony that ``we 
want to make Dubai a new trading center.' The minister, who 
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has his own website, also said: ``I want Dubai to be the best 
place in the world for state-of-the-art technology companies. '' 
He said companies engaged in e-commerce would be able to 
set up offices, employ staff and own equipment in the open 
zone , including fully-owned foreign companies . The e-
commerce free zone is situated in north Dubai , near the 
industrial free zone in Jebel Ali , the top regional and tenth 
international leading area in container transit . The 
inauguration of Dubai internet city coincides with the opening 
of an annual it shows in Dubai , the gulf information 
technology exhibition, the biggest in the middle east. 
The Key concepts that can be extracted from the above text 
are the building internet city, the commercial competition, the 
e-commerce progress , the participation to foreign 
companies , to design of the top regional information 
technology zone and alike. Although they are not seen in the 
text, they can be understood from the context. 
A new approach which can extract the Key concepts from the 
English texts is presented in this article . The underlying 
premise of Key concept extraction is interpreting the data 
detecting and identifying the significant concepts . The Key 
concept extraction is not an easy-to-do process in which even 
different experts may have opposing point views.  
This newly proposed approach is of three major steps:  
1 - Interpreting the original text : since some words have 
different semantic role in each situation , recognizing their 
semantic role in the sentence is essential. The FrameNet is a 
powerful tool for this task, because it has a lexical database in 
English, based on annotating examples of how the words are 
used in the texts, that is human and machine-readable. More 
than 170,000 manually annotated sentences used in 
applications like information extraction , machine 
translation , event recognition; sentiment 
analysis , etc. . provide a unique training dataset for the 
semantic role labelling . The annotations map parts of a 
sentence onto the correct roles in the relevant frame . The 
FrameNet has annotated some continuous texts, mainly as a 
demonstration of how frame semantics can contribute to 
understanding the text [3],[4]. 
The situations and events have been described as semantic 
frames in the FrameNet database . FrameNet contains a 
structured network of more than 945 frames. For each frame, it 
also describes the relevant participants and roles . Since 
FrameNet was conceived as a lexical database, it offers rich 
linguistic information, useful for semantically describing and 
processing English texts. FrameNet contains more than 11,500 
such pairings between a word and a frame [5]. 
2- To present a solution for finding the Key concepts from the 
framed text: to accomplish this objective, the concepts must 
be extracted according to the proper criteria . In this 
article, three scores are applied per concept: one of them is the 
concept frequency . The others are gained by the semantic 
graph, which is an undirected graph, with nodes as frames and 
edges as the semantic relation of the frames . The edges’ 
weight is calculated through hierarchical distance. This graph 
is the sequences of semantically related frames interconnected 
through the semantic relations. 
3- The more important concepts are extracted and returned to 
the main purports of the entire text: for this purpose, two types 

of thresholds , based on the Zipfian distribution curve and 
normal distribution curves are of concern . If the concept's 
score is more than the thresholds , it is extracted as a Key 
concept, otherwise, not.  
To assess this approach, it is compared with the human-based 
Key concept extraction . The results obtained through 
experiments indicate that the Zipfian distribution thresholds 
are better than the normal distribution 
thresholds . Moreover , the recall and precision of all three 
scores are assessed.  
This article is organized as follows: an overview of the related 
approaches is presented in Section 2; the proposed approach 
is explained in details in Section 3; the experimental results 
are presented in Section 4 and the conclusion where obtained 
the results are compared with the human extracted Key 
concepts is presented in Section 5. 

2. Literature Review 
 
Automatic Key concept extraction is one of the most 

important research areas in natural language processing 
domain. Key concepts are often applied in tasks like building 
ontology [6] , classification [7] , e-commerce [8] , text 
summarization [9] , e-content development [10] , etc. . Key 
concepts are applied in the various domains such as mobile 
forensic [11] , business documents [12] and medical 
documents [13]. 
The approaches of Key concept extraction are similar to that 
of the Key phrase extraction. Previous studies on automatic 
Key concept and Key phrase extraction methods are of two 
supervised and unsupervised categories.  
Supervised methods treat the problem as a classification 

task, where two classes are of concern. The Key phrases are 
placed in class one and the remaining phrases are placed in 
class two . Formulation of Key phrase extraction as a 
supervised learning problem is introduced by Turney 
[14] , who applied the genetic and the decision tree 
algorithms. He applied the two features for his algorithm: the 
position of word in the text and the word frequency in this 
formulation. The experimental results indicate that the GenEx 
algorithm generate better Key phrases than the C4.5 decision 
tree algorithm . Another notable Key phrase extraction 
algorithm is the KEA [15] . The authors experimented this 
system by applying the Naïve Bayes learning algorithm. The 
KEA identifies the candidate Key phrases, through the lexical 
methods , calculates feature values for each candidate and 
applies a machine-learning algorithm to predict which 
candidates would be good Key phrases. Kea’s extraction 
algorithm has two stages:  
1. Training: create a model for identifying Key phrases, using 
training documents where the author's Key phrases are known. 
2.Extraction: choose Key phrases from a new document, using 
the above model. 
The process is outlined in Figure 1 . They use a large test 
corpus to evaluate Kea’s effectiveness in terms of how many 
author-assigned Key phrases are correctly identified . Less 
than half the authors’ phrases are found through KEA. 
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Fig. 1. The training and the extraction process in KEA [15]. 

 
 
A supervised methodology named SAS is proposed for Semi 
Automated Semantic matched concept extraction model for E-
content development by Elangoven and Nirmala [10] . The 
researchers presented a new model for concept extraction with 
the objective of classification . SAS is a content based 
classification system , where the stemming algorithm is 
applied and then naive Bayes algorithm is applied as a 
supervised learning algorithm . By applying the probability 
techniques , the semantic word retrieved was used for e-
content. The advantages of SAS were that very complicated 
grammatical rules can be applied such as the removal of 
multiple suffixes and prefixes. This proposed methodology is 
more efficient and accurate than the ones obtained through 
naïve based algorithms in the past. 
In unsupervised methods, no data annotated with Keywords 
are needed; indeed , they do not require training documents 
where the authors provide their Key concepts or Key 
phrases . These methods do require data to generate 
information like IDF, or possibly develop a set to make some 
parameters or heuristic rules better . In unsupervised 
methods , the scoring function based on the frequency and 
TFxIDF is applied. The simplest unsupervised method for Key 
phrase extraction is the TFIDF where the candidate Key 
phrases are ranked according to these statistical frequencies 
and the top-ranked ones are selected as the Key 
phrases . TFIDF may miss the Key phrases with low 
frequencies.  
One of the unsupervised systems is the CFinder [16], which is 
developed on ontology by identifying relevant domain 
concepts and their semantic correlations from a text corpus. A 
heuristic method that combines NLP technique , statistical 
knowledge, domain specific knowledge and inner structural 
pattern of extracted terms is applied in CFinder . CFinder 
consists of three steps to discover key concepts . Its overall 
procedural steps are outlined in Figure 2. CFinder apply the 
ontology named DO4MG ontology. CFinder is compared with 

three of the latest methods for Key concept extraction like 
Text2Onto , KP-Miner , and Moki , where it is found that 
CFinder is of better f-measure and precision value . The 
authors claim that real strength of CFinder lies in that it 
performs in a unsupervised manner which means it does not 
rely on training documents to build a model. Also, it does not 
require many corpora resources to perform compared to the 
corpus-based approaches that exploit multiple documents 
collections in multiple domains. Further, CFinder is designed 
to work with a corpus consisting of a small number of 
documents even a single document . This aspect is also an 
advantage of CFinder compared to the TF-IDF based 
approaches that typically require a large number of documents 
in the corpus to perform effectively. 

Menard and Ratte ]12[  proposed an approach to extract the 
relevant concepts from business documents for any software 
project. Their system detected the Key concepts by targeting 
the software documentation such as manual or software 
requirement specification . They applied the positive and 
negative low-level filters’ pipeline. The role of negative filters 
is to dismiss irrelevant or invalid expressions. The objective 
of this process is to achieve high precision. The positive filter 
modules are added to the pipeline to detect more relevant 
concepts; this is a recall-based process . The candidate 
concepts with low precision are generated in the first 
step , followed by reordering the concept list for higher 
precision . The extracted concepts are reordered through a 
weight propagation algorithm. When this system is tested on 
French corpora in public organizations, its performance is 2.7 
times better than the statistical baseline relevant concept 
detection.  
A brief survey of Key concept extraction algorithms is 

represented by Aman et al. [17] . They categorized the 
algorithms describing the necessary details and limitation of 
different approaches. They conducted an empirical analysis of 
three state-of-the-art unsupervised data driven Key concept 
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Fig. 3. The architecture of neural Key phrase classifier [20]. 
 

Mohamadi et al] .25[  were the first to present an approach in 
extracting the Key points from English texts based on the 
FrameNet . The graph-based methods were adopted 
there , where the lexical chains were constructed through 
FrameNet. In lexical chains, the nodes were the frames and 
the edges were the frame-to-frame correlations . Then four 
features were computed for each one of the lexical chains 
which were applied in extracting significant points . These 
features were defined as follows: 
Score 1= the number of chain member 
Score 2= the sum of edges’ weight 
Score 3 (the hybrid score) = score 1+ score 2  
Score 4= length (lexical chain) * homogeneity 
 

ℎ���������� = 1 −
������ �� �������� ����������

�����ℎ (������� �ℎ���)
 

(1) 

where , the length (lexical chain) is the number of chain 
members. 
To extract the important chains, a threshold according to the 
normal distribution was applied as the Average (scores) + 2 * 
Standard Deviation (Scores) . The chains with the scores 
greater than the threshold were extracted, and their members 
constitute the Key points. The performance criteria were the 
recall and precision . This automatic system was of good 
recall , while the precision was low because the number of 
wrong extracted concepts was high. This problem was a result 
of extracting the lexical chains instead of concepts . The 
system was assessed by applying five full texts and two 
experts per text.  
In 2017 , their attempt was made to modify the previous 
algorithm with a priority given to concept chains instead of 
lexical chains where their nodes of them were the frames 
[26] . The edges’ weight was the semantic distance of the 
nodes. Then four score for each concept was calculated. Two 

of the scores were based on their lexical chains and the others 
were the concept frequency and the sum of edge's weight 
connected to that concept. In the final stage, three thresholds 
were considered for extracting significant concepts : the 
average (scores) + C*Standard Deviation (scores), where, C 
is 0, 1, and 2. The maximum precision obtained by average 
and the maximum recall obtained by average  + 2*standard 
deviation . This newly proposed approach was assessed 
through ten full texts and five experts per texts.  

3. The Proposed Approach 

The architecture of the proposed approach is illustrated in a 
flowchart in Figure 4. The input consists of the main text, with 
the output as the Key concepts. The output of each stage is the 
input of the next. This approach is of four main stages. 

3.1. Document preprocessing 

The input of this stage is an original text. Its output is the XML 
file. This stage has two sub stages of text segmentation and 
semantic parsing. 

3.1.1. Text segmentation 

The input text must be segmented through the segmentation 
methods. This is the process of dividing the entire text into 
meaningful segments, through the segmenter tool which then 
breaks the text into meaningful units of words, sentences, or 
topics. Several applications are available for this purpose. In 
this study, the selected application is the Marphadorner run 
through two linear segmentation methods introduced by Mari 
Hearst’s TextTiler [27] and Freddy Choi’s [28]. 
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Closeness centrality defines how close a node is to all other 
nodes in semantic graph and quantifies the importance of 
nodes based on their average distance from other nodes 
[32]. Closeness centrality of node Ci is the shortest path from 
Ci to all N-1 other nodes [33], expressed as follows:  
 

���������(��) = � �������� (�� . ��)

��∈� ��� ��∈�

 (3) 

 
where, jC consists of all adjacent nodes of Ci. By assuming N 
as the number of graph's nodes , then, the greater the value 
means the more central [34] . This centrality depends on 
|C|=N, therefore, closeness centrality is normalized by N-1. 
 

������(��) = �������(
∑ ��������(�� . ��)���

���

� − 1
) 

(4) 

 
The betweenness centrality is based on the idea that when a 
node has more participation in the shortest paths between the 
other nodes, it is more important in the graph. By assuming 
the number of shortest path between Ck and Cj is σ( Ck , 
Cj), then σ(Ck, Cj |Ci) is the number of shortest path between 
Ck and Cj passing through node Ci. The betweenness centrality 
of node Ci is computed as follows: 
 

������(��) = �
����. �����)

�(��. ��)

�

�� .  ��∈�

 
(5) 

 
The semantic graph G(C , R) has not any loop and the 
repetitions of the concept are neglected . This metric can 
increase the chance of a concept to be the Key 
concept , therefore , the other score for each concept is 
considered as the concept frequency, presented as follows: 
 

������(��) = �ℎ� ��������� �� ��  (6) 

An example of this is that the semantic graph has three main 
nodes together with three weighted edges and one 
intermediate node as cogitation , Figure 5 . The bold line 
between scrutiny and research is weighted 1. The dotted-line 
between research and worry is weighted 1/2. The dashed-line 
between scrutiny and worry is weighted 1/3. The intermediate 
nodes do not exist in the semantic graph but they communicate 
relation with other nodes. 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5. The semantic graph with three main concepts. 

The scores of each frame are tabulated in Table 1. The score 
2 of research is 1/3 , because there exist three paths on the 
whole and a path between worry and scrutiny passes through 

research node . The score 3 of each frame depends on its 
number of repetitions.  

Table 1. Scores of the semantic graph nodes 

Frame Score1 Score2 

scrutiny 
4

3
 0 

research 
3

2
 

1

3
 

worry 
5

6
 0 

 

3.4. Key concept extraction 

Here , a threshold is applied to ignore the non-important 
concepts and the remainders are considered as the Key 
concepts. In this approach, two types of thresholds according 
to the normal distribution and the Zipfian distribution curve 
are applied . If the concept score is greater than that of the 
threshold, then, it is a Key concept, otherwise, not.  
The two thresholds of normal distribution are: the average of 
concept scores and the average of scores  + the standard 
deviation of scores . According to the normal distribution 
curve, 50 percent of the concepts should have a score more 
than that of the threshold 1 and the 15.9 percent of them should 
have a score more than threshold 2.  
The other types of thresholds are obtained through the Zipfian 
distribution curve. The Zipfian distribution curve refers to a 
distribution of probabilities of occurrences that follow the 
Zipf’s law [35] . The Zipf’s law is often adopted in 
linguistics , semantic and information retrieval , parser 
evaluation and modelling of rare events [36] . The Zipfian 
distribution is a discrete distribution, that is, it is empirical not 
theoretical, stating that the rank of words in a text is inverse in 
its approximate proportionality to its frequency. 
 Accordingly , the words of text are sorted in a descending 
manner with respect to their scores. Following this, numbers 
1, 2, 3 … are assigned to every word as a rank. The high rank 
means the low frequency . In this article , the dynamic 
subdivision (7) is made to calculate these Zipfian thresholds 
as follows [24]:   
 

�(� . �) = �������� +
� ∗ (�������� − ��������)

2�
 

(7) 

where, minScore and Scoremax are the minimum and maximum 
value of the concepts’ score, respectively. For every score, the 
three X(i, n) is calculated according to the scores’ distribution. 

4. Evaluation 

Each one of the phrases can potentially be a Key 
concept, while only the ones that match human Key concept 
assignment are the Key concepts [14]. Accordingly, this newly 
proposed approach is evaluated through human extracted Key 
concepts . Five experts have extracted the Key concepts of 
each text manually. These experts are intermediate in English 
language and are not native . The agreement percentage is 
computed to assess the agreement among the experts. In this 

research 

scrutiny 

worry 

cogitation 

1 

1/3 

1/2 
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Fig. 6. Precision and Recall curve 

 
Table 4 .The recall  ,precision and F - measure of experience 2 by 

score 1. 
Zipfian Thr. Recall Precision F-measure 

X(1,2)= 31 0.22 0.25 0.23 

X(2,2)= 15.5 0.41 0.09 0.14 

X(1,4)= 7.75 0.51 0.08 0.13 

Table 5 .The recall ,precision and F-measure of experience 2 by 
score 2. 

Zipfian Thr. Recall Precision F-measure 

X(1,4)= 8.81 0.18 0.55 0.37 

X(1,5)= 4.9 0.22 0.37 0.27 

X(3,6)= 3.9 0.23 0.31 0.26 

Table 6 .The recall ,precision and of experience 2 by score 3. 
Zipfian Thr. Recall Precision F-measure 

X(1,2)= 3.75 0.22 0.38 0.27 

X(2,2)= 2.37 0.23 0.25 0.24 

X(1,4)= 1.68 0.35 0.15 0.21 

 
The maximum recall is 51 percent at score 1 by X(1,4) and the 
maximum precision is 55 percent at score 2. In general, score 
1 has maximum recall and score 2 has maximum precision. 
According to Tables 4 to 6 , in both experiments , score 2 
(betweenness centrality) has the greatest and score 1 

(closeness centrality) has the lowest precision. Scores 2 and 3 
obtained the close results and this phenomenon is not 
coincidental. As a whole, the Zipfian thresholds yield better 
precision , recall and F-measure than Normal Distribution 
thresholds, Table 6. 

5. Conclusion and Future Work 

In this article, an approach is proposed for the Key concept 
extraction . Unlike the available studies where WordNet or 
Wikipedia are applied, this study is the first attempt to apply 
FrameNet in constructing semantic graph. Each concept has 
three scores 1) closeness centrality, 2) betweenness centrality 
and 3) concept frequency. The first two scores are based on 
the semantic graph and the third is the number of concept 
occurrence in text. Two types of thresholds are discussed in 
this article: normal distribution based and Zipfian distribution 
based . As expected , the thresholds based on Zipfian 
Distribution provided the best results  )see Tables 7, 8 and 9( .  

Each one of the phrases can potentially be a Key 
concept, while only the ones that match human Key concept 
assignment are the Key concepts . Accordingly , this newly 
proposed approach is evaluated through human extracted Key 
concepts . The recall and the precision are two performance 
criteria that are applied to evaluate this proposed 
approach. The most recall is obtained by closeness centrality 
and the best precision is obtained by betweenness centrality. 
The objective of the future study would be the application of 
both the FrameNet and the WordNet for role labelling of the 
main text.  

Table 7 .The comparison between the recall of the Zipfian and the 
normal distribution thresholds. 

 Score 1 Score 2 Score 3 

Average of Normal thr. 0.23 0.13 0.26 

Average of Zipfian thr. 0.38 0.21 0.26 
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Table 8 .The comparison between the precison of the Zipfian and 
the normal distribution thresholds. 

 Score 1 Score 2 Score 3 

Average of Normal thr. 0.12 0.44 0.2 

Average of Zipfian thr. 0.14 0.41 0.26 

 
 

Table 9 .The comparison between the F-measure of the Zipfian and 
the normal distribution thresholds. 

 Score 1 Score 2 Score 3 

Average of Normal thr. 0.16 0.20 0.22 

Average of Zipfian thr. 0.20 0.27 0.26 
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Appendix 

The proposed approach is used for a sample text (“Lucorpus-v0.3 - 
artb_004_a1_e1_new”). Two types of thresholds are applied in two 
experiments. Two normal and three Zipfian distribution based 
thresholds are applied for each score. The key concepts are showed 
below their related score. 
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1. Inauguration of free ZONELocale in Dubai for e-commerce 

2. Dubai 10-
28 ( FP ) - Dubai 's Crown Prince SHEIKHLeadership Mohamed Bin Rashid Al Maktoum inaugurated a free ZONELocale for e-
commerce TODAYCalendric_unit , CALLEDLabeling Dubai InternetCITYPolitical_locales . 

3. The PRELIMINARYPreliminaries stages of the PROJECTProject , the ONLYSole_instance one of its KINDType ACCORDINGAttributed_in

formation TOAttributed_information its designers , are ESTIMATEDEstimatingat $200 MILLIONCardinal_numbers . 

4. Sheikh Mohamed , who is also the DEFENSEDefending MINISTERLeadership of the United Arab Emirates , ANNOUNCEDStatemen

t ATLocative_relation the inauguration ceremony that `` we WANTDesiring toMAKECause_change Dubai a new 
trading CENTERLocale_by_use . '' 

5. The MINISTERLeadership , who HASPossession his own website , also SAIDStatement : ̀ ` I WANTDesiring Dubai to be the BESTUsefulness 
PLACELocale INInterior_profile_relation the WORLDPolitical_locales forstate-of-the-art TECHNOLOGYGizmo COMPANIESBusinesses . '' 

6. He SAIDStatement COMPANIESBusinesses ENGAGEDIntentionally_act in e-
commerce would be ABLECapability to SETIntentionally_create UPIntentionally_create OFFICESBuilding_subparts , EMPLOYEmploying staff and O
WNPossession equipment in the OPENOpenness zone , INCLUDINGInclusion fully-
owned FOREIGNForeign_or_domestic_country COMPANIESBusinesses . 

7. The e-commerce 
free ZONELocale is SITUATEDBeing_located INInterior_profile_relation NORTHPart_orientational Dubai , NEARLocative_relation the INDUSTRIAL
Manufacturing free ZONELocaleINInterior_profile_relation Jebel Ali , the top REGIONALLocale and tenth INTERNATIONALForeign_or_domestic_c

ountry LEADINGFirst_rank AREALocale in CONTAINERContainers transit . 

8. The inauguration of Dubai Internet City COINCIDESSimultaneity with the opening of an ANNUALFrequency IT show INInterior_profil

e_relation Dubai , the Gulf Information Technology Exhibition ( Gitex ) , thebiggest in the Middle East . 
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