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Abstract:   Plagiarism can be of many different natures, ranging from copying texts to adopting 

ideas, without giving credit to its originator. This 
paper presents a new taxonomy of plagiarism 
that highlights differences between literal 
plagiarism and intelligent plagiarism, from the 
plagiarist’s behavioural point of view. The 
taxonomy supports deep understanding of 
different linguistic patterns in committing 
plagiarism.  Different contextual features that 
characterize different plagiarism types are 
discussed. Systematic frameworks and methods 
of monolingual, extrinsic, intrinsic, and cross-
lingual plagiarism detection are surveyed and 
correlated with plagiarism types, which are 
listed in the taxonomy. 
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I. INTODUCTION  
 

1.1 Plagiarism:  
 

The problem of plagiarism has recently 
increased because of the digital era of resources 
available on the World Wide Web. Plagiarism 
detection in natural languages by statistical or 
computerized methods has started since the 
1990s, which is pioneered by the studies of copy 
detection mechanisms in digital documents [2], 
[3]. Earlier than plagiarism detection in natural 
languages, code clones and software misuse 
detection has started since the 1970s by the 
studies to detect programming code plagiarism 
in Pascal and C [1], [4]–[5]. Algorithms of 
plagiarism detection in natural languages and 
programming languages have noticeable 
differences. The first one tackles different 
contextual features and diverse methods of 
detection. During the last decade, research on 
automated plagiarism detection in natural 
languages has actively evolved, which takes the 

advantage of recent developments in related 
fields like information retrieval (IR), cross 
language information retrieval (CLIR), natural 
language processing, computational linguistics, 
artificial intelligence, and soft computing. 

 

This paper brings patterns of plagiarism 
together with contextual features for 
characterization of each pattern and 
computerized methods for detection. 
 
II. PLAGIARISM TAXONOMY 
 
There are no two humans, no matter what 
languages they use and how similar thoughts 
they have, write exactly the same text. Thus, 
written text, which is stemmed from different 
authors, should be different, to some extent, 
except for cited portions. If proper  referencing 
is abandoned, problems of plagiarism and 
intellectual property arise. The existence of 
academic dishonesty problems has led most, if 
not all, academic institutions and publishers to 
set regulations against the offence. Borrowed 
content of any form require directly or indirectly 
quoting, in-text referencing, and citing the 
original author in the list of references [6]. 
 
A number of research works have addressed 
plagiarism in academia [6]–[7] and illustrated 
different types of plagiarism and available 
software for plagiarism detection. For example, 
a recent book [8], [9] provides an extensive 
linguistic analysis of plagiarism in academic 
writing. However, little research has related 
linguistic patterns of plagiarism with 
computerized contextual features and 
automated techniques for extracting and 
detecting such types. 
 
The data were collected via several interviews 
with several faculty members with 10–20-year 
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teaching expertise at the university. The 
questions focused on different plagiarism 
practices by the students. The main output of 
the qualitative study is a new taxonomy of 
plagiarism that comprehensively relates 
different types, as shown in Fig. 2. The taxonomy 
divides plagiarism into two typical types: literal 
plagiarism and intelligent plagiarism, based on 
the plagiarist’s behaviour (i.e., student’s or 
researcher’s way of committing plagiarism). 
 

 
 
Fig. 2. Taxonomy of plagiarism. 

III. CONTEXTUAL FEATURES 
There are several textual features to quantify 
and characterize documents before applying a 
plagiarism detection method. This section 
discusses textual features needed in different 
frameworks: extrinsic, intrinsic, and cross-
lingual. 
 

A. Contextual Features for Extrinsic 
Plagiarism Detection 
Contextual features to represent documents in 
extrinsic plagiarism detection include: lexical 
features, such as character n-gram and word n-
gram; syntactic features, such as chunks, 
sentences, phrases, and POS, semantic features, 
such as synonyms and antonyms; and structural 
features that takes contextual information into 
account. Table I summarizes each types together 
with computational tools and resources 
required for their implementation. A detailed 

description of textual features for extrinsic 
plagiarism detection is given in the following. 
 

1) Lexical Features: Lexical features 
operate at the character or word level. 
Character-based n-gram (CNG) representation is 
the simplest form whereby a document d is 
represented  as a sequence of characters d = 
{(c1, d), (c2, d), . . . , (cn, d)}, where (ci, d) refers 
to the ith character in d, and n = d is the length of 
d (in characters). On the other hand, word-based 
n-gram (WNG) represents d as a collection of 
words d = {(w1 ,d), (w2, d), . . . , (wn, d)}, where 
(wi, d) refers to the ith word in d, and n = d is the 
length of d (in words) with ignoring sentence 
and structural bounds. Simple WNGs may be 
constructed by using bigrams (word-2-grams), 
trigrams (word-3-grams) or larger. CNG and 
WNG are commonly called fingerprints or 
shingles in text retrieval and plagiarism 
detection research. The process of generating 
fingerprints (or shingles) is called fingerprinting 
(or shingling). A document fingerprint can, 
therefore, identify the document uniquely as 
well as a human fingerprint does. 
 

2) Syntactic Features: Syntactical features 
are manifested in part of speech (POS) of 
phrases and words in different statements. Basic 
POS tags include verbs, nouns, pronouns, 
adjectives, adverbs, prepositions, conjunctions, 
and interjections. POS tagging is the task of 
marking up the words in a text or more 
precisely in a statement as corresponding to a 
particular POS tag. Sentence-based 
representation works by splitting the text into 
statements with the use of end-of-sentences 
delimiters, such as full stops, exclamation, and 
question marks. After splitting the text into 
sentences, POS and phrase structures can be 
constructed by using POS taggers. On the other 
hand, chunks is another feature that is 
generated by so-called windowing or sliding 
windows to characterize bigger text than 
phrases or sentences. POS could be further used 
in windowing to generate more expressive POS 
chunks. Word order, in a sentence or a chunk, 
could further be combined as a feature, and used 
as a comparison scheme between sentences. 
 

3) Semantic Features: Semantic features 
quantify the use of word classes, synonyms, 
antonyms, hypernyms, and hyponyms. The use 
of thesaurus dictionaries and lexical databases, 
Word- Net, for instance, would significantly 
provide more insights into the semantic 
meaning of the text. Together with POS tagging, 
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semantic dependencies can be featured, and that 
would be very helpful in plagiarism detection. 
 

4) Structural Features: Most plagiarism 
detection algorithms employ flat document 
features, such as lexical, syntactic, and semantic 
features. Very few algorithms have been 
developed to handle structural or tree features. 
Structural features reflect text organization and 
capture more document semantics. Documents 
can be described as a collection of paragraphs or 
passages, which can be considered as topical 
blocks. In many 
cases, paragraphs that are topically related or 
discuss the same subject can be grouped into 
sections, i.e., structural features might 
characterize documents as headers, sections, 
subsections, paragraphs, sentences, etc. This type 
of features can be used in structured documents, 
such as HTML web pages and XML files, and 
semi structured documents, such as books, 
theses, and academic journal papers. Note that 
structural features are most likely to be stored 
as XML trees for easier processing. Structural 
features can be divided into block-specific and 
content-specific. In a recent study [10], block-
specific tree structured features were used to 
describe a collection of web documents as 
blocks, namely, document-page-paragraph. 
Webpage 
documents were divided into paragraphs by an 
HTML parser taking the advantage of different 
HTML tags, such as <p>,<hr>, and <br> to 
segment each webpage. Then, paragraphs were 
grouped into pages, whereby a new paragraph is 
added to each page until a maximum threshold 
of word count is reached; otherwise, a new page 
is created. Because paragraphs are more likely 
to have topically related sentences than pages, a 
recent study [8] encoded documents features in 
a hierarchical multilevel representation 
document-paragraph-sentence. The existing 
structural implementations would be further 
improved, if the document features are encoded 
as content-specific tree-structured features by 
using semantically related blocks, such as 
document-section-paragraph or class-concept-
chunk. The use of content-specific tree-
structured features in combination with some 
flat features can be very useful in capturing the 
document’s semantics and getting the gist of its 
sections/ concepts. The rationale of using 
content-specific is to segment the document into 
different ideas (i.e., semantic blocks) to allow for 
the detection of idea plagiarism, in particular. 
Besides, we can drill down or roll up through the 
structural representation to detect more or less 
plagiarism types patterns, which are mentioned 
in our taxonomy of   Fig. 2. 

 

B. Contextual Features for Intrinsic 
Plagiarism Detection 
 
Stylometric features are based on the fact that 
each author develops an individual writing style. 
For example, authors employ, consciously or 
subconsciously, patterns to construct sentences, 
and use an individual vocabulary [11]. The 
stylometric features quantify various style 
aspects [12], [13], including 1) text statistics via 
various lexical features, which operate at the 
character or word level; 2) syntactic features, 
which work at the sentence level, quantify the 
use of word classes, and/or parse sentences into 
part of speech; 3) semantic features, which 
quantify the use of synonyms, functional words, 
and/or semantic dependencies; and 4) 
application-specific features, which reflect text 
organization, content-specific keywords, and/or 
other language-specific features. Table II 
summarizes the stylometric features together 
with computational tools and resources 
required for their implementation. 
 

C. Contextual Features for Cross-
Lingual Plagiarism Detection 
 
Features that are based on lexical and syntactic 
types are improper in a cross-lingual setting, i.e., 
for cross-lingual text relatedness and plagiarism 
detection, syntactic features are usually 
combined with semantic or statistical features. 
Other features may be language-specific or 
content-specific keywords. Table III summarizes 
contextual features for cross-language 
plagiarism detection together with 
computational tools and resources required for 
their implementation. 

 
 
IV . CONCLUSION  
 
As plagiarists become increasingly more 
sophisticated, idea plagiarism is a key academic 
problem and should be addressed in future 
research. We also propose the use of structural 
features and contextual information with 
efficient STRUC-based methods to detect 
section-based importance and context-based 
adaptation idea plagiarism.  
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