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Abstract

Multiple tools that assist in the detection of text plagiarism (known
as automatic plagiarism detectors) have been developed in recent years.
However, there is still an unanswered question: Which plagiarism detec-
tion method performs best? Due to the lack of a standard evaluation
framework for plagiarism detection, providing an answer to this question
is still not possible nowadays.

As a response, the International Competition on Plagiarism Detection
has been created (Potthast et al., 2009). In this paper an overview of the
results of the first competition is provided. A description of how the sec-
ond edition is being developed and its perspectives are also included. By
having a competition on plagiarism detection, where different models can
be objectively compared, the response to the previous question is getting
closer. Additionally, an overview of what we believe to be missing from
automatic plagiarism detection —cross-language plagiarism— is provided.

1 Introduction

Plagiarism can be defined in multiple ways. One of the most interesting defini-
tions is the one of the IEEE (2008):

plagiarism is the reuse of someone else’s prior ideas, processes, re-
sults, or words without explicitly acknowledging the original author
and source.

Whereas plagiarism may occur incidentally, due to phenomena such as cryp-
tomnesia (Taylor, 1965), it is often the outcome of a conscious process. The
definition of IEEE establishes that, independently from the vocabulary or the
channel an idea is communicated with, a person that fails to provide its source
is guilty of plagiarism. In recent years, due to the large amount of text available

∗We would like to thank Patrick Drouin for reviewing the draft version of this paper and
the conference reviewers for their valuable comments. This work was partially funded by the
CONACYT-Mexico 192021 grant and the MICINN research project TEXT-ENTERPRISE
2.0 TIN2009-13391-C04-03 (Plan I+D+i).
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in electronic media, plagiarism cases have increased. This is a big problem in
academic, scientific and commercial circles.

People are often able to detect cases of plagiarism either by detecting text
inconsistencies or by resembling previously consulted material. Nevertheless,
the large amount of potential source texts available nowadays makes manual
plagiarism detection infeasible. In order to assist people to uncover plagiarism,
different models, grouped under the general name of automatic plagiarism de-
tection, have been developed. The aim of these models is detecting potential
cases of plagiarism in a suspicious document dq and, if possible, providing the
alleged source. With the information provided by the tool, a person can take
the final decision: whether a text is plagiarised or not.

Standardisation on how automatic plagiarism detection should be evaluated
(which implies dealing with standard text collections and evaluation measures to
compare different approaches), has not been completely possible due to ethical
reasons. As a response, the International Competition on Plagiarism Detection
has been created. In this paper, an overview of the first competition (held in
2009), as well as the second edition (conducted nowadays) is provided. Section 2
includes a brief overview of the two main approaches to automatic plagiarism
detection: intrinsic and external. Section 3 describes how the 2009 competi-
tion was organised. Some obtained results are discussed in Section 4. Section 5
overviews the new insights conducted for the organisation of this year’s competi-
tion. Section 6 gives an overview of a less explored kind of plagiarism: translated
plagiarism. Finally, Section 7 gives some final remarks.

2 Plagiarism Detection Overview

Methods for automatic plagiarism detection can be divided in two main ap-
proaches:

Intrinsic plagiarism detection. A person can identify potential cases of pla-
giarism by detecting unexpected irregularities through a document. Dis-
ruptive changes of style, vocabulary, or complexity are triggers of suspi-
cion. Therefore, intrinsic models analyse different text features aiming
to detect whether dq contains text fragments written by a different au-
thor. The features considered by these models are, among others, read-
ability and vocabulary richness, as well as average length of words and
sentences (Meyer zu Eißen and Stein, 2006). Other approaches apply
character n-gram1 profiles to characterise an author’s style and search for
irregularities in dq (Stamatatos, 2009).

External plagiarism detection. Researchers have paid more attention to this
approach for two main reasons: (i) it is closely related to information re-
trieval; and (ii) obtaining the source of a potential case of plagiarism
provides better evidence to make a final decision. In this approach dq and
a collection of potential source documents D are given. The task is to

1An n-gram is a redundant representation of a text consisting of overlapping chunks (either
at character or word level) of length n. For instance, the character level 3-grams of “example”
are [exa, xam, amp, mlp, ple]; and the word level 2-grams of “this is just an example” are
[this is, is just, just an, an example].
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Figure 1: Retrieval process for external plagiarism detection (derived from Stein
et al. (2007)).

identify the plagiarised sections in dq (if there are any), and their respec-
tive source sections in D (Potthast et al., 2009). A prototypical process to
external plagiarism detection is represented in Fig. 1. In fact, most of the
participants to the 2009 edition of the competition (cf. Section 4) followed
this process.

In heuristic retrieval, those documents d ∈ D related to dq are retrieved,
composing the collection of candidate source documents. During the de-
tailed analysis, text fragments are compared in order to determine whether
the source of a text fragment in dq is in d. Finally, during the knowledge-
based post-processing those reused fragments in dq which are properly ref-
erenced or quoted are discarded from the plagiarism suspects.2

Surveys of the research done on automatic plagiarism detection can be re-
viewed in (Clough, 2003) and (Maurer et al., 2006).

Commercial and non-commercial tools that assist in the detection of text
plagiarism have been developed in recent years. Some systems, such as Tur-
nitin (iParadigms, 2010), claim to be able to accurately detect cases of plagia-
rism, provided that their source is included in their repository. Other tools, such
as DOC Cop (McCrohon, 2010), use standard search engines —for instance,
those provided by Google or Yahoo!— to look up the source of a potentially
plagiarised text on the Web.

Thus, the development of plagiarism detection models is not new. In fact,
one of the first approaches we have track of goes back to the 1970s (Ottenstein,
1976). However, after more than 30 years, a question remains unanswered:

What automatic plagiarism detection method performs the best?

No standard evaluation framework —standard text collections with docu-
mented cases of plagiarism and evaluation measures— exists to estimate (and
compare) how well the different methods perform. Consequently, researchers
often use private collections of documents which cannot be freely provided to

2As described in Section 3.1, in the competition corpora no reused fragment includes
quotation or reference to its source. Therefore, up to now, the competition only evaluates the
output obtained after the detailed analysis stage.
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others for ethical reasons.3 Additionally, they estimate the quality of the models
by considering different evaluation measures. As a result, the previous question
is hard to answer.

Other information retrieval and natural language processing tasks, such as
question answering, named entity recognition, or text categorisation, have ben-
efited from different challenges and competitions, such as those of the CLEF
initiative4. Hence, with the aim of providing a standard evaluation framework
on automatic plagiarism detection, the International Competition on Plagiarism
Detection was created.

3 Preparing a Competition on Plagiarism

Detection

The First International Competition on Plagiarism Detection was held in 2009 (Pot-
thast et al., 2009). Two non-exclusive tasks were proposed: intrinsic and exter-
nal plagiarism detection (cf. Section 2). In the former case the task was, given
a suspicious document dq, to identify all plagiarised text passages. In the latter
case, the task was, given dq and a set of potential source documents D, to find
all plagiarised text passages in dq and the corresponding source passages from
D.

Following, we give an overview of how the competition was created, includ-
ing a description of the training and test corpora provided and the evaluation
measures designed.

3.1 Creating a Corpus of Synthetic Plagiarism

Few people would like to be included in a collection of documents subject to
plagiarism, even if it is clear that it is simulated. Additionally, text subject to
copyright restrictions has to be discarded. By composing the corpus with copy-
right free text, it is possible to distribute it to participants (and any other inter-
ested researcher) without further agreements or permission requests. Therefore,
we opted for composing the plagiarism corpus only with this kind of texts.
One of the biggest, publicly available, repositories fitting these characteristics
is that of Project Gutenberg5. Only documents from this repository were used
to compose a large scale corpus of simulated plagiarism.

The resulting corpus, named PAN-PC-09 corpus, comprises 41, 223 docu-
ments and includes more than 90, 000 cases of artificial plagiarism. In order to
compose a realistic detection problem, the plagiarised text was automatically ob-
fuscated. Perhaps the most drastic obfuscation was translation, as dependency
between source and plagiarised text crosses languages. The main characteristics
of the PAN-PC-09 are as follow:

Document Length 50% of the documents included are small (1-10 pages),
35% are medium (10-100 pages), and 15% are large (100-1000 pages).

3As an alternative option corpora of authorised text reuse, such as the METER cor-
pus (Clough et al., 2002), have been used to test methods for plagiarism detection.

4http://www.clef-campaign.org
5http://www.gutenberg.org
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Suspicious-to-Source Ratio 50% of the documents compose the suspicious
documents collection Dq, and 50% compose the source documents collec-
tion D.

Plagiarism Percentage The percentage of plagiarism per suspicious docu-
ment dq ∈ Dq ranges from 0% to 100%. Moreover, 50% of the suspicious
documents contain no plagiarism at all.

Plagiarism Length The length of a plagiarism case is evenly distributed be-
tween 50 and 5,000 words.

Plagiarism Languages 90% of the cases are monolingual (English). The re-
mainder of the cases are cross-language (translated). Texts written in
German or Spanish were translated into English to create these cases.
This process aims to resemble the fact that people whose native language
is not English very often write in this language.6

Plagiarism Obfuscation The monolingual reused fragments created to eval-
uate the external approach were obfuscated. Obfuscation included, for
instance, random shuffling of texts and substitution of synonyms.

3.2 Definition of Evaluation Measures

Automatic plagiarism detection can be considered a task related to Informa-
tion Retrieval (IR). Thus, Recall and Precision, standard evaluation measures
in IR, seem to be the option to evaluate this task. However, these measures
are designed to evaluate the retrieval of entire documents. Plagiarism detec-
tion is different since its concern is retrieving specific text fragments: either
a plagiarised fragment and its source (external approach) or only the plagia-
rised fragment (intrinsic approach). Therefore, special measures are required to
accurately evaluate the output given by a plagiarism detection model.

In order to clarify how difficult evaluating this task is, let us consider the
example of Fig. 2. In this case, dq includes the plagiarised text fragments s1,...,3

(S). An analysis carried out by a given detection method considers that the
plagiarised text fragments are r1,...,5 (R). The output is said to be perfect if
S ∩ R = S ∪ R = 1, i.e, all the plagiarised fragments are accurately retrieved
excluding any original fragment. This is not the case in the example. Some text
fragments are correctly detected while some others are not. Additionally, some
original fragments are wrongly detected as plagiarised.

In automatic plagiarism detection, we are interested in evaluating the fol-
lowing three main factors:

1. plagiarised and —if available— source fragments are retrieved;

2. original text fragments are not reported as plagiarised; and

3. plagiarised fragments are not detected over and over again.

Therefore, the output of a plagiarism detection method is evaluated by the
following equation:

6The other side of the problem, i.e., writers that translate a source text from English into
their native language, was not represented in the corpus.
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Figure 2: A suspicious document dq as character sequence. It includes actually
plagiarised text fragments (S) and detections provided by a given method (R).
Squares consist of many characters.

overall(S, R) =
F

log2(1 + gran)
, (1)

where F , a value in the range of [0, 1], denotes the F -Measure, the harmonic
mean of precision and recall, which is defined as:

F (S, R) = 2 ·
prec(S, R) · rec(S, R)

prec(S, R) + rec(S, R)
, (2)

i.e., precision and recall have exactly the same relevance. Precision represents
the fraction of retrieved fragments that are actually plagiarised. It is defined
as:

prec(S, R) =
1

|R|

∑

r∈R

|r ⊓ ∪s∈SS|

|r|
, (3)

Recall represents the fraction of actually plagiarised fragments that were
properly retrieved. It is defined as:

rec(S, R) =
1

|S|

∑

s∈S

|s ⊓ ∪r∈Rr|

|s|
. (4)

These are not the original definitions of the precision and recall measures,
commonly used in information retrieval (Manning et al., 2008). Instead they
are tailored versions where every contiguous fragment of plagiarised characters
is considered to be a basic retrieval unit. In that way, both recall and precision
express whether a specific plagiarised fragment has been properly recognised
and, if available, its source fragment as well. In both equations ⊓ computes the
positionally overlapping characters, ∪x∈X defines the union for every x ∈ X ,
and |x| represents the cardinality of x.

The other factor in Eq. 1 is gran, a novel measure named Granularity. This
measure punishes those cases where overlapping plagiarised passages are re-
ported. The granularity of R, for a set of plagiarised sections S, is defined by
the average size of the existing covers: a detection r ∈ R belongs to the cover
Cs of an s ∈ S iff s and r overlap. Let SR ⊆ S denote the set of cases so that
for each s ∈ S : |Cs| > 0. The granularity of R given S is defined as:
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gran(S, R) =
1

|SR|

∑

s∈SR

|Cs|, (5)

where SR = {s | s ∈ S ∧ ∃r ∈ R : s ∩ r 6= ∅}7 and Cs = {r | r ∈ R ∧ s ∩ r 6= ∅}.
The domain of the granularity is [1, |R|], where 1 marks the desirable one-to-one
correspondence between R and S, and |R| marks the worst case, where a single
s ∈ S is detected over an over again.

4 First International Competition on Plagiarism

Detection

This competition was held in 2009. At the beginning (March, 2009), partici-
pants were provided with the developing section of the corpus. Such partition
included annotations of the plagiarised text fragments and, for the case of ex-
ternal detection, their source. The annotations included the initial and final
character of every significant (plagiarised or source) text fragment. The test
corpus, provided in May 2009, did not include any annotation referring to pla-
giarised text. Participants had to submit their detections to the organisers in
order to be evaluated.

In order to participate, teams were claimed to accomplish the following rules:

Eligibility The contest was open to any party planning to attend the PAN
competition. Multiple submissions per group were allowed for each task.
No feedback on the performance at the time of submission was provided:
only the last submission before the deadline was evaluated and all other
submissions were discarded.

Integrity The exploitation of potential flaws in the competition corpus to gain
advantages was prohibited.

Text resources No other text than the one provided in the corpus could be
used.

Winner Selection One winner of the ”External Plagiarism Detection” task,
one winner of the ”Intrinsic Plagiarism Detection” task, and one overall
winner were proclaimed. The winners were determined according to the
following method. All participants were ranked according to their over-
all performance on the competition corpus for each task (cf. Section 3).
Winner of a task was the participant who had the highest score on the re-
spective part of the corpus. Winner of the competition was the participant
who had the highest score on the whole competition corpus.

Award The winner of the whole competition was awarded a prise, sponsored
by Yahoo! Research.

Thirteen worldwide research teams took part of the competition. The num-
ber of participants showed that the interest in automatic plagiarism detection
has raised. Researchers with different backgrounds took part, such as experts

7This can be read as the set of elements s, given that s in S and an r in R exist, such that
the intersection between s and r is not empty.
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External Approach
Heuristic Retrieval Detailed Analysis Participants

Character 16-grams weighted
by frequency. Similarity based
on the cosine measure.

Exact matches of dq and d ∈ D

based on character 16-grams.
Grozea et al. (2009)

Word 5-grams with Boolean
weights. Similarity based on
the Jaccard coefficient.

Exact matches of dq and d ∈ D

based on word 5-grams.
Kasprzak et al. (2009)

Word 8-grams weighted by fre-
quency. Similarity based on a
custom distance.

Exact matches of dq and d ∈ D

based on word 8-grams.
Basile et al. (2009)

Intrinsic Approach
Method Description Participant

Texts characterised by character 3-grams frequencies. A window
of 1000 characters is slided considering a step of 200 characters.
Variations between 3-grams distributions are measured, looking
for unexpected variations.

Stamatatos (2009)

Table 1: Summary of the best approaches applied in the 2009 competition
(from Potthast et al. (2009)). The top three positions of the external approach
and the winner of the intrinsic approach are included.

on Network Security or Mathematics. Most of the teams approached only the
external detection task. Additionally, no team tried to detect the cross-language
cases. In fact, cross-language plagiarism detection has drawn attention just re-
cently (cf. Section 6). Table 1 gives a brief overview of the top methods applied
in the competition.

In the external approach the most of the participants followed the schema
depicted in Fig. 1 (except for the knowledge-based post-processing stage). For
heuristic retrieval they opted for an n-gram based comparison (either of char-
acters or words) on the basis of standard text similarity measures (cosine mea-
sure, Jaccard coefficient, etc.). For the detailed analysis stage, participants
searched for exact matches of sequences. Greedy tiling, based on the match-
ing of transposed sub-strings, was used as well. Just a few participants opted
for fingerprinting approaches, where texts are subsampled and, frequently, text
strings are mapped to short bit strings in order to improve the comparison speed
(however, flexibility to editions is decreased).

Grozea et al. (2009) won this subtask. They approached the heuristic re-
trieval step by comparing character 16-grams. The detailed analysis consisted
of a heuristic that isolated the clusters of related text. Both processes are made
in linear time.

Kasprzak et al. (2009) got the second place by comparing fingerprints of word
5-grams over an inverted index. Basile et al. (2009) used a combination of word
and character n-grams for the first and second steps, respectively. They opted
for codifying the texts in terms of word lengths and a T9 encoding schema.
Comparing numbers instead of words allowed them to obtain the third place.

Curiously, the only difference among the approaches followed by the top three
systems was computational. However, the philosophy was the same: codifying
the documents into an n-gram representation and comparing them looking for
common text fragments.

Less teams approached the intrinsic detection task. Their methods were
based on analysing the variation of different factors such as complexity or style
through the documents. Stamatatos (2009) won this subtask by quantifying
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such variations on the basis of character n-grams. Given dq, a profile of its
n-grams is obtained in terms of their relative frequency. Once the document’s
profile is established, a sliding window is passed through the document, calcu-
lating local profiles. If the distance between local and global profile is too high,
a potential case of plagiarism has been detected.

Note that both, external and intrinsic approaches, could be combined in
order to improve the final results and even speed up the global process.

One of the biggest difficulties the participants argued for was the size of
the suspicious and source partitions in the corpus. Exact copies can be “eas-
ily” and efficiently detected by using fingerprinting models, such as Winnow-
ing (Schleimer et al., 2003) and COPS (Brin et al., 1995). Nevertheless, when
plagiarism implies further modifications, an exhaustive comparison is necessary,
thus making the process hard to accomplish in reasonable time.

The results of the competition as well as the proceedings, where the different
methods applied by the participants are described, are available at http://pan.
webis.de.

5 Towards the Second International

Competition on Plagiarism Detection

After the encouraging experience of the first competition, the second edition
is being held. It is one of the CLEF 2010 Labs8, that includes some other
labs, challenging different tasks, such as intellectual property in patents and
multilingual question answering.9

The same tasks are being proposed: intrinsic and external plagiarism detec-
tion. This year the training and test corpora are larger, making the problem
more challenging. In fact, the development corpus is the entire PAN-PC-09 cor-
pus. Additionally, some drawbacks of the last year’s competition corpus, such
as reused text fragments in the base corpus that were unaware text reuse, are
being avoided.10

This year, such cases of “unaware” text reuse are minimised as much as
possible by discarding any anthology (that contains all the documents written
by a given author) and by eliminating duplicated text fragments. This is made
on the basis of fingerprinting techniques. In fact, such fingerprinting models
(as those proposed by Schleimer et al. (2003) and Bernstein and Zobel (2004)),
were formerly designed for automatic detection of plagiarism and co-derivation.
Moreover, in order to increase the quality of the corpus, the base documents
have been manually reviewed.

Another issue is the obfuscation process. More obfuscation methods are
being considered. For instance, we consider the fact that the longer a plagiarised
fragment is, the less modifications it will contain. This fact makes the corpus
more realistic as plagiarisers use to act in that way. Once again, cross-language

8Refer to http://pan.webis.de/ for all the information related to this year’s competition,
including the new (independent) task proposed: Wikipedia vandalism detection.

9http://www.clef2010.org/
10For instance, some of the considered books from Project Gutenberg were anthologies and

every single publication by the same author was used in the corpus as well. Other cases
included redundant text, frequently related to religion or to Project Gutenberg annotations.
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plagiarised texts are being produced by machine translation. An extra is that
some handmade cases of plagiarism are being included in the test partition.

Up to now, more than twenty research teams are registered to this year’s
competition, including countries as Brazil, Canada, China, Germany, India,
Iran, Netherlands, Singapore, Spain, Sweden, UK, and Ukraine.

6 And Beyond: Cross-Language Detection

As previously mentioned, during the first edition of the competition no team
tried to detect the cross-language plagiarism cases. In fact, this is a lack in
automatic plagiarism detection nowadays. Whereas some commercial tools are
able to perform plagiarism analyses on different languages, to the best of our
knowledge, detecting cases of translated plagiarism is not possible.

Just a few approaches already exist so far. Some of them, as the one proposed
by Pouliquen et al. (2003), are aimed to detect document translations. This
method is based on the exploitation of a multilingual thesaurus.

CL-ESA (cross-language explicit semantic analysis) is another interesting
method for cross-language IR that has been applied to cross-language plagiarism
detection (Potthast et al., 2010). CL-ESA intends to estimate, at semantic
level, how similar two texts written in different languages are. This estimation
is carried out on the basis of comparable corpora, such as Wikipedia.

One of the first models explicitly designed for estimation of cross-language
similarity and plagiarism detection is the cross-language alignment-based simi-
larity analysis (CL-ASA) (Barrón-Cedeño et al., 2008; Pinto et al., 2009). This
approach is based on statistical machine translation techniques. It estimates
the likelihood of two texts of being valid translations of each other.

7 Final remarks

In this paper we discussed the results obtained in the framework of the Interna-
tional Competition on Plagiarism Detection. The competition’s main aim is to
provide a framework for benchmarking and evaluation of automatic plagiarism
detection methods in order to strength and spread the research work on this
area.

After the success of the first competition, the second one is now being held
as one of the 2010 CLEF labs. Research and commercial teams are participating
to the challenge on intrinsic and external plagiarism detection right now. As
different models for cross-language plagiarism detection have been proposed
recently, we expect an increasing interest in detecting such cases.

We consider that, thanks to the competition, the answer to the question of
which method performs best is closer.
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