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Abstract— Text document categorization is one of the rapidly 
emerging research fields, where documents are identified, 
differentiated and classified manually or algorithmically. The 
paper focuses on application of automatic text document 
categorization in plagiarism detection domain. In today’s world 
plagiarism has become a prime concern, especially in research 
and educational fields. This paper aims on the study and 
comparison of different methods of document categorization in 
external plagiarism detection. Here the primary focus is to 
explore the unsupervised document categorization/ clustering 
methods using different variations of K-means algorithm and 
compare it with the general N-gram based method and Vector 
Space Model based method. Finally the analysis and evaluation is 
done using data set from PAN-20131 and performance is 
compared based on precision, recall and efficiency in terms of 
time taken for algorithm execution.  

Keywords— Text Document Categorization; External 
Plagiarism; Candidate Retrieval; N-gram; Vector Space Model; K-
means Clustering 

1. INTRODUCTION 

Automatic text document classification or categorization 
is the process of assigning documents to one or more specific 
categories algorithmically. There is no question concerning 
the commercial value of being able to classify documents 
automatically by content as it has myriad potential 
applications [1]. With the rapid development in technology, 
information overload has become a major problem and sorting 
out relevant documents and classifying them accurately has 
become a challenge. Document classification can be 
categorized as supervised, unsupervised and semi-supervised. 
In supervised document classification, some external feedback 
is available to provide the correct classification information. 
Unsupervised classification, also termed as document 
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clustering performs classification without any reference to 
external information while in semi-supervised certain parts of 
document is labeled using external information [2].  

Application areas of document classification are 
numerous, via language identification, spam filtering, genre 
classification, sentiment analysis, information retrieval (IR) 
and so on. Another such possible application area is 
plagiarism detection. Document classification methods are less 
explored in this domain. Rapid development of network 
technology, including large numbers of search engines, 
document repositories, translation software systems etc. not 
only provides people with the various knowledge acquisition 
channels, but also opens the door for text plagiarism. 
Plagiarism generally refers to the illegitimate use of someone 
else’s information, text, ideas, etc. without proper reference to 
the original source of these data [3]. 

The type and degree of plagiarism ranges from the 
simplest to the more challenging and complex one’s. 
External/extrinsic and Internal/intrinsic are the two main 
plagiarism detection methods. Extrinsic plagiarism evaluates 
plagiarism in accordance to one or more source documents 
while the intrinsic method analyze changes in the unique 
writing style of an author as an indicator for potential 
plagiarism[4]. This paper aligns on extrinsic plagiarism 
detection where the source documents are available in the 
form of some dataset/ the web/any online sources. In extrinsic 
plagiarism detection, five main tasks are generally performed 
[4]. Pre-processing is the initial step where the source and 
suspicious documents are subjected to certain refinements like 
stop-word removal, tokenization, lowercasing, sentence 
segmentation, punctuation removal etc. This helps to reduce 
the size of actual data by removing the irrelevant information 
with respect to the approach used. Next stage is candidate 
retrieval in which a subset of source document is retrieved that 
is globally similar to the suspicious document. In the third 
stage detailed comparison of each suspicious document 
against its candidate document set is done to retrieve the 
plagiarized fragments. Here different  natural language 
processing (NLP) techniques like chunking, parsing, part of 
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speech (POS) tagging etc can be adopted. Fourth stage, 
passage boundary detection deals with estimating the exact 
boundaries of plagiarized passages in both source and 
suspicious documents using certain criteria. Finally evaluation 
of the system is done using some standard measures, via PAN 
measures to rate its performance. 

Text document classification can be applied in the initial 
phases of external plagiarism detection method to retrieve 
documents which are almost similar to the given suspicious 
document, i.e. candidate retrieval. This reduces the number of 
document comparisons in the detailed analysis stage and 
hence the complexity. The paper focuses on the comparative 
study and analysis of N-gram based methods, Vector Space 
Model (VSM) based methods and K-means clustering based 
methods when used in the candidate retrieval stage of external 
plagiarism detection. The methods are also compared based on 
NLP techniques like stemming, lemmatization and chunking.   

2. RELATED WORKS
In external plagiarism detection, candidate retrieval can be 

viewed as an information retrieval task. Based on this concept, 
different candidate retrieval methods using IR models are 
proposed by eminent researchers. In this category, finger print 
or N-gram based method, hash-based method and vector space 
models have gained popularity. S Schleimer [5] proposes a 
finger print based method in which the document is divided 
into K-grams where ‘K’ is a user specified value. Then each 
K-gram is hashed and some of them are selected as finger 
prints of the document using a specific window size. The 
results are evaluated using Stanford Webbase. The method 
could detect matches of certain length only. William B. 
Cavnar & John M. Trenkle [6] presents an N-gram based text 
categorization method where initially documents are 
represented as N-gram profiles. Then using some distance 
measure the similarity between documents are computed and 
they are classified. It also calculates the N-gram frequency 
using Zipf’s Law to take into account the top N-grams. For 
testing, the data from five newsgroups are used and it gives 
good results for classification of various news articles. Peter 
Nather [7] proposes a similar method in which 1-gram to 5-
grams are used for experiments. The similarity measure of two 
N-gram profiles is taken as the sum of differences between the 
rank of the N-grams in one profile and the rank in the other 
profile. The method is evaluated using data from Project 
Gutenberg and it is found that the method performed well with 
short documents. With large volume and manipulations in 
content the method performance decreased.  

In [8], 4 to 6 N-grams are formed to represent document 
profiles. Then the document ID is mapped to a set of hash 
values constructed. An inverted index, mapping the hash value 
to the sequence of document IDs is computed from it. Further 
similarity is calculated using Jaccard coefficient and the 
system is evaluated using PAN-09 dataset. An N-gram based 
candidate retrieval approach is proposed in [9] which uses 
shingling and Jaccard coefficient approach in candidate 

retrieval stage. Here after the required pre-processing N-gram 
profiles typically of N= 3 or 4 is made and then Jaccard 
similarity is calculated. A threshold of 0.1 is used to retrieve 
the candidate set of documents. The final system evaluation is 
done using PAN-10 dataset. Rajiv Yerra & Yiu ---Kai Ng [10] 
performs a sentence-based copy detection method for web 
documents. Here the similarity between document sentences is 
calculated using the three least frequent 4-gram approaches 
where the rare tokens are taken into account. Fuzzy IR 
approach is also discussed, which outperformed the former 
one. 

     Another popular retrieval model is Vector Space Model 
(VSM) which is also used in candidate retrieval task. In [11] 
16 grams are made which is then represented as vectors using 
tf-idf values and further document distance is measured using 
cosine similarity. Muhr.et.al [12] proposes a VSM based 
approach where initially vectorization of source and 
suspicious documents are done. Then the nearest documents 
corresponding to each suspicious document is found from the 
reference corpus using cosine similarity. Similar approach is 
carried in [13] and [14] for candidate retrieval and further the 
system is evaluated using PAN data sets. In VSM methods 
execution time increased rapidly with large datasets. 

     Self-Organizing Maps (SOM) is used in [15] for data 
organization and clustering. It uses a multi-layer tree 
structured SOM (MLSOM) where node data in different levels 
of a tree are processed in different layers of the MLSOM. 
Liping Jing et al.[16] presents a document clustering approach 
using K-means algorithm to cluster sparse data. It also 
automatically calculates the weights of keywords in each 
cluster to identify their importance. Experiments are 
conducted using datas from 20-Newsgroups collection and the 
results are promising. Different works are done using 
clustering techniques in IR and classification domain. But 
when it comes to the external plagiarism detection domain, the 
use of clustering techniques is too limited.  Duo Zuo et al. [17] 
proposes an external plagiarism detection method which uses 
clustering for post processing. Here initially a pre-selecting 
step is done to narrow the scope of detection using the 
successive same fingerprint. Then all fragments between two 
documents are found and merged. Further clustering is done to 
reduce the impact of obfuscated text. The system is finally 
evaluated using PAN-10 data set.  Thus from the literature 
survey conducted, it is observed that IR models, via N-gram 
based and VSM based methods are widely used in external 
plagiarism detection while clustering techniques are less 
explored. Unsupervised document classification method/ 
document clustering method have good potential to be applied 
in the candidate retrieval stage of external plagiarism 
detection. In this paper, document clustering using K-means 
algorithm is explored for candidate retrieval task. Different 
extensions of basic K-means using NLP techniques and N-
grams are also discussed. The algorithms are evaluated using 
partial dataset from PAN-13 corpus and compared with the 
basic N-gram based methods and classical VSM based 
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method. The methods proposed and compared are discussed in 
the following sections. 

3. METHODS PROPOSED AND COMPARED
This section describes the various methods proposed and 

compared in this paper. The following methods are discussed: 

1. N-gram based method
2. Vector Space Model (VSM) Method
3. Cluster based method using K-means Algorithm
4. K-means with stemming
5. K-means with lemmatization
6. K-means with N-grams
7. K-means with chunking

Initially some basic pre-processing of the text document is 
done. This include tokenization, punctuation removal and 
stopword removal (Stopwords are the words without semantic 
meaning). A list of the 50 most frequent words of the English 
language provided by the British National Corpus2 which 
includes about 90 million tokens are usually used. In the 
method which uses chunking, initially chunks are formed and 
then stopwords are removed, if any. First the traditional N-
gram based method and VSM method is used for candidate 
retrieval. Then cluster based method is adopted using 
proposed K-means algorithm. Further different variations of 
K-means are also carried out and results are analyzed and 
compared.  

3.1.  N-gram based Method 

Here initially the general pre-processing is carried out. 
Then the document is divided into N-grams or N-shingles. 
This refers to a sequence of consecutive words of size ‘N’, 
where ‘N’ is user specified. Both suspicious and source 
documents are converted to their N-gram profiles and 
similarity is calculated using Dice’s coefficient. This is similar 
to Jaccard coefficient but it reduces the effect of shared terms 
between the documents. Let X suspng  and X srcng  be the

suspicious and source N-gram profiles, then Dice’s coefficient 
defined as: 

XX

XX
XX

srcngsuspng

srcngsuspng

srcngsuspngDice
+

∩
= 2( ),          (1)  

Consider the following English sentence (E1): 
 “The people left their countries and sailed with Gilbert.” 
After initial pre-processing, the tokens obtained (E1-tokens): 

['people', 'left', 'countries', 'sailed', 'Gilbert'] 
After trigram formation, N=3 (E1-3-gram): 

 [['people', 'left', 'countries'], ['left', 'countries', 'sailed'], 
['countries', 'sailed', 'Gilbert'], ['sailed', 'Gilbert']] 

After the formation of both source and suspicious N-gram 
profiles, similarity is calculated using (1). Instead of using 

2 http://www.natcorp.ox.ac.uk/ 

some threshold value to select candidate set, here the 
similarity between each source with all suspicious is 
calculated. Then the suspicious document which is having 
maximum Dice’s coefficient measure is selected as the related 
document. 

3.2.  Vector Space Model (VSM) Method 

Vector Space Model (VSM) is an algebraic model 
representing textual information as a vector. Here, after the 
required initial pre-processing, a dictionary of terms 
(vocabulary) is extracted from each source document which is 
compared against all the suspicious documents. VSM 
represents the importance of a word using term frequency-
Inverse document frequency (tf-idf) metric. Inverse document 
frequency, idf(t) is then calculated which emphasizes that a 
term which is almost present in the entire corpus of documents 
is not good. Finally their product, i.e. tf-idf is calculated and 
the similarity between document vectors is calculated using 
cosine similarity. Cosine similarity between the two 
documents X susp  (suspicious) and X src (source) is

calculated as given below: 

( ) ( )
( ) ( ))

),(
X srcV  X suspV

X srcVX suspV
X srcX suspCos

•
=        (2) 

Here ( )X suspV  and ( )X srcV  represents the document

vector representation of suspicious and source respectively. 
The numerator in (2) denotes the dot product of these vectors 
and the denominator denotes the product of their Euclidean 
norms. After calculating similarity using (2), the candidate 
documents are selected by the approach similar to that in N-
gram method. Thus each source document is compared against 
all suspicious and the suspicious document with maximum 
cosine similarity is selected. It  must be noted that there can be 
cases in which a source document is unrelated to any 
suspicious document, via when the source is the entire web. 
But the above non-thresholding approach is efficient in 
candidate retrieval task as here further detailed analysis is 
carried out to detect the actual plagiarized documents.  

3.3. Cluster based Method with K-means Algorithm- 
Proposed Method 

In this method clustering approach is used, where the 
similar documents are grouped together as a cluster. Here the 
algorithm used is K-means which is an efficient partition 
clustering technique [18]. In basic K-means clustering 
algorithm the two main parameters are the number of clusters 
(K) and the initial cluster centres/ centroids. Basic algorithm is 
given below: 

1. Select K and the initial centroids, where ‘K’ no. of
centroids is to be selected.

2. Assign each object to the group that has the closest centroid
using some distance or similarity measure.
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3. When all objects have been assigned, recalculate the
positions of the ‘K’ centroids.

4. Repeat Steps 2 and 3 until the centroids no longer change.

Here the main problem is to decide the value of ‘K’ and 
the initial centroids, as these two parameters completely 
regulates the algorithm results. Considering these limitations, 
in the proposed approach these parameters are given fixed 
values. Here the concept used is that each suspicious 
document acts as the centroid. The source documents which 
are globally similar to suspicious documents are grouped to 
the cluster containing this suspicious document as the 
centroid. Thus ‘K’ is taken as the total no. of suspicious 
document, assuming that the suspicious corpus is given (PAN 
corpus). Using this concept, the basic K-means algorithm is 
modified for candidate retrieval task as given:  

1. Set K = no.of suspicious documents.

2. Set initial K centroids = Each of the K suspicious
documents.

3. Assign each source document to the cluster with closest
centroid using cosine similarity.

The process is implemented using a Python package3 that 
facilitates clustering and reduces the time taken to build 
document vectors and calculate their similarity. Then based on 
the similarity measure the source documents are grouped to 
their corresponding suspicious document. Thus each cluster 
corresponds to the candidate set of documents for a particular 
suspicious document. In the proposed algorithm, a single 
iteration is required as the centroids remain fixed. This makes 
it efficient in terms of time complexity. 

3.4. Variations of  Proposed K-means algorithm 

The K-means candidate retrieval method discussed in 
Subsection 3.2. is used as the basic approach. Then certain 
extensions are brought into it and algorithm is evaluated. 
These methods are discussed in following sections. 

3.4.1. K-means with Stemming(K-Stem) 

In this method, the only change is that after tokenization of 
the document, stemming is carried out. Stemming is a 
heuristic process of removing the affixes from the words. 
Remaining steps are carried out similar to the basic approach. 

3.4.2. K-means with Lemmatization(K-Lem) 

This method uses lemmatization instead of stemming.   
Lemmatization produces the dictionary base forms of a word  

3 http://www.clips.ua.ac.be/pattern 

Table 1: Data Statistics 

using vocabulary and morphology. It is closely related to 
stemming but stemming operates only on a single word at a 
time while lemmatization operates on the full text. It can thus 
discriminate between words that have different meanings 
depending on part of speech. 

3.4.3. K-means with N-gram(K-Ng)  

      Here K-means method is combined with N-gram based 
method. Instead of taking individual words N-grams are made 
and further proceedings is using the basic approach.  

3.4.4. K-means with Chunking(K-Chk) 

       The method uses chunking to form grammatical phrases 
instead of dealing with unigrams. Initially a parse tree is 
constructed. Then noun phrases, verb phrases, adjective 
phrases and adverb phrases are extracted from it as these 
phrases contribute to the semantic meaning of a sentence. The 
algorithm is also evaluated using the pre-processing steps, 
stemming and lemmatization discussed in Subsections 3.3.1 
and 3.3.2, i.e. K-Chk-Stem and K-Chk-Lem. 

4. EXPERIMENTAL SETTINGS AND RESULT
ANALYSIS

4.1. Data statistics 

Algorithms are evaluated using three sets of documents 
taken from PAN-13 corpus [19]. Each set has suspicious and 
corresponding source document sets as shown in Table 1. 
Three sets of data used are: 

• Set-1 : No Obfuscation
• Set-2 : Random Obfuscation
• Set-3 : Translation Obfuscation

No obfuscation set contains document pairs where the 
suspicious documents are exact copies of the source 
document. In random obfuscation the passages in document 
pairs are obfuscated with word shuffling, replacement with 
synonyms etc. Translation obfuscation set contains document 
pairs whose passages are run through a sequence of 
translations. Here the output of one translation becomes input 
to next translation and the final translation language is same as 
the original document language [19]. Due to the hardware 
limitations only some of the documents from these sets are 
used for the evaluation. 

No. of  Documents 

Suspicious Document Source Document 

Set 1 39 205 
Set 2 31 213 
Set 3 35 209 
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4.2. Evaluation 
  

The methods discussed in Section 3 are evaluated using 
the measures, Recall (rec), Precision (prec), and Execution 
Time. In the scenario of candidate retrieval, recall is defined 
as the no. of relevant documents retrieved to the actual no. of 
relevant documents to be retrieved. 

 

 documents relevant of # Actual
retrieved documents relevant of#rec =         (3) 

 Precision is defined as the no. of relevant documents retrieved 
to the total no. of documents retrieved by the system. 
 

by system retrieved documents  of # Total
retrieved documents relevant of#prec = (4)             

4.3.  Results and Discussions 

Each set is evaluated using algorithms discussed in Section 
3 and the results are compared. The data statistics given in 
Table 1 is used for the evaluation. The results obtained for 
each set in terms of precision, recall and execution time using 
the methods discussed in Section 3 is given in Fig.1, Fig.2 and 
Fig.3. Here recall and precision is shown in the primary axis 
and execution time in the secondary axis. Analyzing Fig. 1, it 
can be observed that N-gram based methods give good results 
for Set-1(No obfuscation set). It is also observed that as the 
‘N’ value increases, both recall and precision degrades 
slightly. In this paper, only the basic classical VSM method is 
implemented and evaluated. Analyzing each of these plots, it 
can be noticed that VSM method gives a considerably reduced 
precision and recall with all the three sets. It can be also 
observed that this method requires high execution time 
compared to other approaches. VSM method is found to give 
good results when used along with approaches like ranking of 
documents, Latent Semantic Indexing (LSI) [20] etc. But time 
complexity still remains as a major limitation of this method 
especially when dealing with large datasets. From the plot in 
Fig.1, it is seen that for the proposed K-means method, recall 
and precision increases when compared to N-gram and VSM 
method. In K-means method the execution time decreases 
substantially. K-Chk and K-Ng(N=10) methods also give good 
precision and recall  but with increased execution time. This is 
because formation of chunks in K-Chk method and N-grams 
in K-Ng method is time consuming. Thus K-means method 
outperforms the other two approaches when the documents are 
not obfuscated (Set-1). All the results show maximum 3 to 5 
point difference only. This is because only small data set is 
taken for evaluation. 

 
 Fig.2. analyzes and compares the methods using Set-2 i.e. 

randomly obfuscated set. It can be observed that K-means 
method and its variations, via K-Chk and K-Ng (N=10) 
outperforms the N-gram based and VSM based methods. In N-
gram based method N=3 and N=4 gives good results. Further 

it is found that K-means method takes considerably less 
execution time for Set-2 also. Fig 3. plots the evaluation of 
methods using Set-3 (translation obfuscation). The complexity 
of obfuscation is high in this set compared to other two sets. 
Analyzing the graph  in Fig.3. and comparing the different 
methods, it can be noted that the proposed K-means clustering 
method surpasses N-gram method and VSM based methods 
when evaluated using Set- 3. In terms of precion and recall  K-
means and K-Ng(N=10) outperforms other methods but K-
Ng(N=10) takes substantially large execution time.  

 
     From the comparisons and analysis made, it is observed 
that K-means method gives promising results when dealing 
with highly obfuscated data compared to the other two 
approaches. Further it can be concluded that in terms of 
execution time the proposed K-means algorithm gives 
performs efficiently with all the sets discussed in Subsection 
4.1. Thus the proposed method fastens the candidate retrieval 
stage without compromising the accuracy of retrieval. Any 
algorithm’s efficiency depends upon both accuracy and time, 
hence a trade-off between these two factors is to be 
considered. 
 

5. CONCLUSION AND FUTURE SCOPE 
 

The paper explores the application of automatic text 
document categorization in external plagiarism detection. Here 
an attempt is made to use the clustering techniques in 
candidate retrieval stage of external plagiarism detection.  

 

 
Fig.1. Recall , Precision & Execution Time of Set1 

 
 

 
Fig.2. Recall , Precision & Execution Time of Set 2 
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Fig.3. Recall , Precision & Execution Time of Set 3 

 
Efficient candidate retrieval can help in reducing the 

number of document comparisons and hence the time 
complexity in the exhaustive local analysis stage of detection. 
Here N-gram based methods, Basic VSM approach and K-
means cluster based methods are analyzed and compared. A 
new K-means approach for retrieval of candidate documents is 
proposed. The paper also throws light on certain variations 
that can be used to extend the proposed k-means algorithm. 
From the results and discussions in Section 4 it can be 
concluded that proposed K-means clustering algorithm 
surpasses both N-gram method and VSM method. Further the 
method gives promising results for documents that are 
obfuscated using methods like translation which is usually 
hard to detect. The K-means variations proposed using 
different NLP techniques via K-Ng (N=10), K-Stem, K-Lem, 
K-Chk, K-Chk-Stem, K-Chk-Lem also yield good recall and 
precision. In terms of execution time, which is a vital factor in 
any software system, the proposed method performs 
effectively. It speeds up the candidate document retrieval task 
by considerably reducing the execution time.  
 

As future work, K-means approach with Word Net4 can be 
used for better document comparisons, in more intelligent 
terms. The documents which are intelligently manipulated 
using synonyms can hence be retrieved. To improve the recall, 
Fuzzy-K-means algorithms can be employed which provide 
soft clustering. Multithreading and multiprocessing techniques 
can be used to improve the time efficiency of algorithms 
especially when dealing with large datasets. 
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