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Abstract With the advent of World Wide Web, plagiarism has become a prime 
issue in field of academia. A plagiarized document may contain content from a 
number of sources available on the web and it is beyond any individual to detect 
such plagiarism manually. This paper focuses on the exploration of soft clustering, 
via, Fuzzy C Means algorithm in the candidate retrieval stage of external 
plagiarism detection task. Partial data sets from PAN 2013 corpus is used for the 
evaluation of the system and the results are compared with existing approaches, 
via, N-gram and K Means Clustering. The performance of the systems is measured 
using the standard measures, precision and recall and comparison is done. 

1 Introduction* 

“Plagiarism is the reuse of someone else’s prior ideas, processes, results, or words 
without explicitly acknowledging the original author and source” [1]. Plagiarism 
corresponds to copying the work or idea of another author and presenting it as 
own without acknowledging the original work. It can be a literal copy of the 
material or part of it from another source. However, the author may modify some 
portions of it by inserting or deleting some parts of text. It also includes cases 
where the author just copies the idea from another, writing it in his own words by 
paraphrasing or summarizing the original work, which is termed as intelligent 
plagiarism [2]. Plagiarism is of serious concern as the works of many authors are 
readily available to anyone through the high availability of the World Wide Web 
(WWW). Many tools and techniques have been built and analyzed over the years 
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but still lacks proper detection efficiency. Plagiarism detection techniques can be 
Intrinsic or Extrinsic. Former detection techniques involve detecting plagiarized 
passages within a document using the author's style of writing. Latter detection 
techniques on the other hand compare multiple existing documents with suspected 
documents and try to figure out the plagiarized passages [2]. Some of the External 
detection techniques are String matching, Vector Space Model (VSM), Finger 
printing etc. In general, the major steps followed in an Extrinsic plagiarism 
detection system (PDS) are pre-processing, candidate document identification, 
detailed analysis and postprocessing. Pre-processing is the initial step and its 
purpose is to discard all irrelevant information from the source and suspicious 
documents .Candidate document identification  is an important step , where the 
candidate source documents for each suspicious document is picked out and this 
further reduces the complexity of the final processing. Taking the whole set of the 
source documents for a detailed plagiarism detection is too cumbersome and a 
time consuming process [3]. Most of the currently available PDS depends on N-
gram based approaches which are inherently slow. Thus finding naïve and 
efficient futuristic method or technology is highly in need. Machine learning (ML) 
approaches are explored in detail in the text classification domain with great 
success. Such ML techniques can be experimented with in various stages of the 
plagiarism detection systems as well.  

In this paper the main focus is given to the candidate retrieval stage of extrinsic 
PDS. Usually the complete PDS evaluation is done and efficiency is measured 
rather than evaluating candidate retrieval task separately. But in practical scenario, 
the incorporation of this stage is important to aid the final exhaustive analysis of 
an extrinsic PDS. Here ML approaches, via, clustering techniques are used for 
candidate retrieval task. A Fuzzy C-Means (FCM) based clustering approach is 
used and compared with the existing candidate retrieval approaches, via, N-gram 
based and K Means clustering approach.  

2 Literature Survey 

The concept of Plagiarism was first introduced in the field of Arts in the first 
century but the word was adopted in English language in around 1620. In the 
twentieth century plagiarism was getting noticed as a big menace in Academia and 
Journalism [4]. Serious actions were taken against the people involved in the act. 
As pointed out by Alzahrani et.al [2], the first code plagiarism detection tools 
came in 1970s but it was not before 1990s we saw first tool to detect extrinsic 
plagiarism detection in natural language documents. Alzahrani et.al [2] describes 
the taxonomy of Plagiarism and plagiarism detection types, via, Extrinsic and 
Intrinsic. Some of the popular tools available for plagiarism detection are COPS, 
SCAM, CHECK and Turnitin which are discussed by Zdenek Ceaska [3]. These 
tools mainly focuses on copy & paste detection in the extrinsic plagiarism. 
Documents were represented as set of words/sentences and compared. This made 
the detection slow. To circumvent this problem, feature reduction was introduced 
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to reduce the detection time. The features used to represent the document are 
reduced with one of the Feature reduction techniques like TF-IDF, Information 
Gain, Chi2 [2].  The other techniques used to reduce the complexity are the Stop 
words removal, lemma etc. To reduce the number of the sources against which a 
given suspicious document is compared could be further reduced using one of the 
Candidate retrieval technique like Fingerprint, Hash based, Vector Space Model, 
Latent Semantic Indexing [2] etc. Other document representations and comparison 
techniques were developed to improve the detection. One of the ways was to 
represent the document as a graph [5]. Alzahrani and Salim introduced a semantic 
based plagiarism detection technique which used fuzzy semantic-based string 
similarity. Their process can be subdivided into four stages. In the first stage text 
is tokenized, stop words removed and stemmed. Second stage involved identifying 
a set of candidate documents for each suspicious document using Jaccard 
coefficient and shingling algorithm. Detailed comparison is carried out next 
between the suspicious document and the corresponding candidate documents. In 
this stage a fuzzy similarity is calculated. If the similarity is more than a threshold 
then the sentences are marked as similar. In the end a post processing is carried 
out where the consecutive sentences are combined to form a paragraph. Asif Ekbal 
et. al. [7] proposed a Vector Space Model (VSM) to overcome the problems which 
arises due to matching of strings. In this case the document is represented using 
vectors and similarity is calculated based on the cosine similarity measure. The 
downside of VSM model is failure to detect disguised plagiarism. It also involves 
lot of effort in computation.RasiaNaseemet.al. [8] utilizes VSM approach for 
candidate retrieval task and uses a fuzzy semantic similarity measure for detailed 
analysis. A further improvement on this technique was done by Ahmed Hamza 
et.al. [9] where Semantic Role Labeling (SRL) is used. Although this technique 
gives good detection, it takes lot of time and have scalability issues. Alberto and 
Paolo [10] proposes a basic N-gram approach for locating the plagiarized 
fragments. Word n-gram documents are compared with each other to detect the 
similarity. This approach is time consuming and did not consider any intelligent 
aspects, via, synonyms. N-gram method is the base for most of the detection 
techniques like character based, syntactic based, vector based, semantic based etc. 
These techniques have been traditionally slow and thus the plagiarism detection 
tools that utilizes these techniques are also slow in nature. Most of the PDS 
employ string matching approach only mainly in candidate retrieval stage, which 
means that such systems cannot detect intelligent plagiarism effectively.  

Computational Intelligence or ML techniques are not much explored in 
plagiarism detection domain but are popular in document classification domains. 
Document classification deals with classification of text documents into multiple 
categories.  In the field of text classification, ML techniques such as Naïve Bayes, 
Support Vector Machine (SVM) etc. along with clustering techniques have been 
explored in detail. Chanzing et. al. [11] focus on feature selection using Information 
Gain along with SVM for classification. K Nearest Neighbour (KNN), Naïve Bayes 
and Term Graph techniques are well compared by Vishwanath et. al. [12]. Even 
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Genetic algorithm technique have been employed in [13] for document classification 
but with not much of success. KNN gives good accuracy but with high time 
complexity. K Means, KNN and the combination and variations of them are used for 
text classification applications widely [14,15,16,17]. But these ML techniques are 
less explored in plagiarism domain. Most of the papers in plagiarism detection 
domain talks about the exhaustive analysis stage giving less importance to the 
pioneer candidate retrieval stage. A recent paper by Vani and Gupta [18] explores 
the ML technique, via, K Means clustering based technique specifically for the 
candidate retrieval stage. K Means clustering creates K non-overlapping clusters of 
the document features and thus produce hard boundaries.   

To overcome this problem, the proposed method uses a soft clustering approach, 
via, Fuzzy C Means (FCM) clustering which creates K clusters which can be 
overlapping. Thus the objective of this paper is the exploration of FCM clustering 
algorithm in the candidate retrieval step of Extrinsic Plagiarism Detection and the 
comparative study with existing candidate retrieval approaches.  

Further the method is explored using NLP techniques, via, stemming, 
lemmatization and chunking. These algorithms are evaluated on PAN 2013 data set 
and compared.  

3 Existing Candidate Retrieval Approaches  

Traditional N-gram based approach [10] and K Means [18] based clustering 
approach, the two existing algorithms for the candidate retrieval stage are 
explained in detail in Sub-Sections 3.1 and 3.2 respectively.  

3.1 N-gram Approach  

N-gram is a contiguous sequence of N items from a given sequence of text or 
speech. This contiguous sequence of N items can be words or character. Given a 
suspicious document and a set of source documents, the objective is to find out the 
relevant candidate source documents using N-gram method. Here, N-grams are 
generated from both suspicious and source. Similarity between each pair of 
document is calculated based on the Dice coefficient measure as in (1).  ,  | || |  (1)  

Here N(*) is the set of N-grams in (*), C is the similarity measure, dsus and dsrc 
are the suspicious and source document respectively. Now for any pair of 
suspicious and source documents, if the computed similarity value is more than a 
specified threshold, then the source document is added to the candidate set of the 
particular suspicious document.  
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                                  (a)                                                                     (b) 

Fig. 3 (a).Recall results with different θ values of FCM-basic; (b) Precision results with 
different θ values of FCM-basic 

Table 2 θ and  values for each set 

 
 

algorithm is evaluated with multiple ⍬ values and the performance of the system is 

plotted in Fig.3 (a) and (b). The ⍬ value that presents maximum recall and a high 

precision is then considered for each Set. The ⍬ value finally selected for each set 

is given in Table.2.  
Fig.4 and 5 plots the proposed FCM algorithm and its variations with different 

NLP techniques using the ⍺ and ⍬ values as given in Table.2. Further these 

algorithms are compared with the existing candidate retrieval approaches, via, N-
gram and K Means approach. In N-gram evaluation, N = 3 is employed with a 
threshold of 0.05 and the basic K Means candidate retrieval algorithm is also 
evaluated with the data sets. It can be noted that for Set-1 with no obfuscations, 
the basic FCM algorithm exhibits high recall but precision reduces. Proposed 
algorithm incorporated with lemmatization and stemming exhibits good 
performance with respect to recall. With respect to precision, FCM-chk and FCM-
chklem outperforms the other NLP variations incorporated with proposed FCM. 
Compared to the existing approaches, it can be noted that the proposed algorithm 
and its variations presents a considerable improvement in recall which is the main 
focus of candidate stage. With Set-2 the performance variation is almost the same 
as in Set-1, while in Set-3 with respect to both measures FCM-chk outperforms 
the other FCM based variations.  
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Fig. 4 Fuzzy C Means Recall values with various NLP techniques 

 

Fig. 5 Fuzzy C Means Precision values with various NLP techniques  

The proposed method presents an improvement of 5% in Set-2 and 11% in Set-3 
with respect to the traditional N-gram approach and compared to K Means approach 
an improvement of 8% in Set-1, 6% in Set-2 and 8% in Set-3. Thus compared to N-
gram and K Means candidate retrieval approaches, the proposed FCM algorithm 
and its variations exhibit an increased performance with respect to recall, which is 
the main focus in candidate retrieval task.  
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6 Conclusions and Future Work 

The proposed work focuses on exploration of clustering techniques in candidate 
retrieval task of extrinsic PDS. The soft clustering approach with Fuzzy C Means 
algorithm is employed here and FCM algorithm is tuned for the candidate retrieval 
task. The proposed approach exhibits a recall value of 100% in Set 1 and around 
98% in Sets 2 and 3 which is considerably higher than the existing methods. 
Within FCM based approaches, in Set 2, FCM-lem presents about 99% recall and 
with Set-3 FCM-chk stem and FCM-chklem provides a recall of about 98%. K 
Means exhibits a good precision but with lower recall values compared to other 
approaches because it utilize ‘hard’ clustering approach. This is where Fuzzy C 
Means approach gains ground because of its ‘soft’ clustering technique. With the 
main focus in candidate retrieval being higher recall, it can be concluded from the 
analysis and discussions that the proposed algorithm and its variations exhibits a 
considerable improvement in recall compared to existing approaches discussed. In 
future, more efficient filtering techniques can be employed with the focus on 
improvement of precision values. For efficient comparison of performance, the 
algorithms will be evaluated on larger data sets.  
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