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Abstract code. For example, changing literal names or rewriting
Plagiarism and copyright infringement are major comments does not affect the function of a program.
problems in academic and corporate environments. Source code plagiarism detection tools for detecting
Existing solutions for detecting infringements inanomalies within a set of files — such as assignment
structured text such as source code are restricted teubmissions by a student cohort — are available [4, 8,
textual similarity comparisons of two pieces of work11, 17, 26, 33]. However, these do not consider histori-
In this paper, we examine authorship attribution as acal data on each author, and cannot detect whether work

means for tackling plagiarism detection. Given severahas been plagiarised from a source outside the set.
samples of work from several authors, we attempt to Authorship attributioraims to detect plagiarism by
correctly identify the author of work presented as aestablishing a profile of an author’s style from several
guery. On a collection of 1640 documents written byample documents. Work diverging significantly from
100 authors, we show that we can attribute authorshighe profile can be flagged for investigation. If the work
in up to 67% of cases. This work can be a valuabléits the profile of a different known author, then the case
additional indicator for the more difficult plagiarism for plagiarism is strengthened.
investigations. Authorship attribution has been studied for plain
text [36], but has not been explored for structured text
such as source code. We investigate several techniques
for attributing authorship of source code, building
. on techniques used in text information retrieval. On
1 Introduction a collection of student assignments containing 1640
Educational institutions and industry frequentlydocumentsfrom 100 authors, the best of our techniques
encounter plagiarism and copyright infringementcorrectly attributes authorship 67% of the time.
Plagiarism is the presentation by one person of the The remainder of this paper is organised as follows.
ideas or work of another person as their own; thi$n the next section we report on the magnitude of unau-
presentation may be in the form of plain text —thorised code reuse. In Section 3, we review exist-
as present in essays and reports — or structurégg approaches to source code similarity detection and
text, such as equations and computer programmirfgain-text authorship attribution. In Section 4 we de-
languages. Copyright provides exclusive publishingcribe our approach to the problem, and introduce the
rights to authors to protect their ideas and informatiordata we use to evaluate our solutions. We present re-
Authors may licence their copyrighted works for a feesults of our experiments and discuss our findings in
but unauthorised reproductions by other parties ar@ection 5, and give conclusions in Section 6.
considered copyright infringement.

Searching for plagiarism or copyright infringement2 M otivation
by human inspection is time consuming and no
practical for large collections of work. Plagiarism
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bnauthorised reuse of code is a major problem in both

detection tools, such as Turnitin [16] for plain text,academ|a and industry. Marsden [25] describe the re-

are often used to detect infringed work. HoweverSUIts of a comprehensive study of 954 students from
approaches for detecting plagiarism in plain text aréourAustraIian universities where 81% admitted to hav-

not suitable for detecting plagiarism in structured textnd engaged in some form of _plag|ar|_sm. Moreover,
as they ignore important aspects of structured te)/(73t\lemozafar [1] describes the increasing trend of the

documents such as programming syntax in sourc?omem at Stanford University, where the Office of Ju-
icial Affairs witnessed violations of the honour code

Proceedings of the 12th Australasian Document Com-  increase by 126% between 1998 and 2001.

puting Symposium, Melbourne, Australia, December 10, In interviews with academic staff, Bull et al. [5]

2007. Copyright for thisarticleremainswith theauthors. ~ found that 50% of the 321 respondents agreed that there
“has been an increase of plagiarism in recent years”;
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only 15% disagreed and 35% didn’'t know. Culwin etvolume) to characterise code. Jones uses the Euclidean
al. [7] describe another study in which representativedistance measure on normalised program profiles to
from 55 higher education computing schools completesicore program closeness. Other metric-based systems
a questionnaire. They found that 89% of institutiongeported in the literature employ between four and
surveyed felt that source code plagiarism was eithertaenty-four metrics [8, 10, 12]. These systems are
“minor nuisance”, a “routine headache” or “bad andamong the first that implemented electronic plagiarism
getting worse”. Only 9% felt that it was either “not a detection and many measure archaic features of source
problem” or “under control”. code no longer present in modern-day programming
Several cases of plagiarism have attracted medianguages. Limitations exist in the work by Faidhi and
attention or prompted special actions by academiRobinson [10] and Grier [12] who measure features in
staff.  Ketchell [21] describes a case at RMITPascal code as some of the features chosen are among
University where staff were alerted to suspicioughe easiest to modify by plagiarists such as comments
pin-up advertisements offering tutoring and “extraand indentation. Donaldson et al. [8] present a
help”. The investigation found many examples ofplagiarism detection system for Fortran code, however
work produced by the advertiser, with some solutionthe summation metrics used to compare programs are
concurrently sold to multiple students. Zobel [38]sensitive to program length.
notes that if fresh solutions were provided for each Prechelt et al. [26] describe the JPlag structure-
client, profiling student work is likely to be key to based system that works in two phases. First, program
automated detection. source code files are parsed and converted into token
Some web sites act as software development mastreams. Second, the token streams are compared
ketplaces by allowing users to post work specificationsn an exhaustive pairwise fashion using the Greedy
and invite competitive bids from independent contracString Tiling algorithm as used in the YAP plagiarism
tors. D'Souza et al. [9] report two cases where studentetection system [33].  Collections of maximally
had finalised deals on the RentACoder web'dibe as-  overlapping token streams above a threshold length
signment solutions valued at US$200 and AU$35; thessre stored and given a similarity score. Program pairs
prices are affordable to many students. To demonstraiéth a similarity score above a threshold percentage
the severity of this problem, D’'Souza et al. presentedre made available to the user for manual side-by-side
a list of over twenty such web sites that function asnspection. Systems such as this are unsuited to
software development marketplaces. verify authorship as they aim to identify functionally
There is a need for whole organisations to proteatquivalent — rather than stylistically consistent —
themselves against plagiarism and copyright infringezode.
ment. For example, Edward Waters College in Jack- In previous work [6] we describe a scalable code
sonville, Florida had its accreditation revoked in 2004&imilarity solution that uses the Zettair search engjine
after plagiarised content was found in documentatioto index n-grams [34] of tokens extracted from the
sent to its accreditation agency [3]. Accreditation waparsed program source code. At search time, the index
regained six months later after legal proceedings [23is queried using thein-gram representations of each
This incident resulted in reduced enrolments and thregbrogram to identify candidate results. These are then
ened current students with loss of funding. post-filtered using the local alignment approximate
Unauthorised code reuse is also a concern in th&ring matching technique [30].
corporate sector. For example, SCO Group sued IBM Plain text infringement detection tools [5, 28] have
for more than one billion dollars for allegedly incorpo-been used on academic and corporate text-based work
rating Unix code in its Unix-like AIX operating system such as essays and reports. Hoad and Zobel [14]
in March 2003 [27]. Similarly, the Software Freedomdescribe two methods for detecting co-derivative text
Law Center, which investigates possible violations oflocumentsRankingnvolves presenting the user with a
software licences such as the GNU General Public Liist of candidate answers sorted by similarity to a query;
cense, has identified the need for automated approachbs approach is commonly used by search engines to
to determine whether one project is the derivative ofetrieve multiple answers to a query where there is not

another [22]. necessarily a single correct answefingerprinting
computes compact descriptions of documents using a
3 Background hash function. It is critical that the generated integers

o ) are as uniformly distributed as possible to reduce
Tools to detect authorship issues in source cod@e number of duplicates — this is a property of any

identify matches using metric-based or structure-basgﬂ)od hash function. Other issues for consideration
approaches [32]. Jones [17] describes an unnamégy he substring length used for the hash function
metric-based system with a hybrid of physical metricgtingerprint granularity) and the number of fingerprints
(line, word, and character counts) and Halstead metrigReq 1o represent a document (fingerprint resolution).
[13] (token occurrences, unique tokens, and Halsteqganher [24] describe thesif plagiarism detection

lhttp://www.rentacoder.com

’http://www.seg.rmit.edu.au/zettair
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system that uses fingerprinting. Fingerprinting is avere from repeat students who submitted to more than
lossy approach, so we use ranking in our work to retaione offering. However we expect some of the strongest
all stylistic markers. students who pursue further coursework programs to
Authorship attribution techniques for plain text ap-also submit more assignments than average.
ply text retrieval, statistical, or machine-learning ap- Each author in our collection is represented by at
proaches on a set of document features to characterisast fourteen documents; the number of documents
an author'style— Zhao et al. [36, 37] compare many per author is shown in Figure 1a. The collection
of these. Zhao and Zobel [36] describe three classes obntains source code of varying complexity and size.
authorship attribution. In one-class authorship attribufhe distribution of submission lengths is shown in
tion, a pool of documents is gathered where some afégure 1b, with the exception of twenty-nine large
known to belong to a single author and others are ajutliers (less than 2% of the total number of files
unknown authorship; the task is to determine whetheria the collection) that we omit from the graph for
new document belongs to the known author. In binarprevity. Twenty-six of these submissions were between
authorship attribution, a collection contains documentSs000 and 9000 tokens, with the remaining cases
belonging to one of two authors, and we must detehaving lengths of 10951, 14998 and 22598 tokens
mine to which author a new document belongs. Binaryespectively.
authorship attribution is a special case of multi-class While some documents in this corpus may be pla-
authorship attribution, where more than two authors argiarised from other sources, we consider our results to
involved. We focus on the multi-class attribution prob-be valid; much research in information retrieval and
lem for source code as it best similates a real-life scexuthorship attribution relies on imperfect ground truth.
nario involving authorship verification of work samplesFor example, Amitay et al. [2] describe collections ob-
from large classes. tained from online sources where manual verification of
Turnitin® and the related iThenticdtesystem are data was infeasible, but where some authors may have
well-known text plagiarism detection tools. Thesecreated work under multiple aliases.
compare submitted work to documents from the Web Recent plain-text authorship attribution work has
and other repositories [15, 16]. However, details oflemonstrated that “function words” — such as “and”,
the system implementation of Turnitin are difficult to“or”, and “but” — are strong markers of individual

obtain due to commercial considerations. style [37]. In keeping with this approach, we discard all
comments and literals from the program source code in
4 Methodology our collection, and retain only operators and keywords;

) ) ) .. these are listed in Table 1 [20]. Note that the reduction
We use an information retrieval model for attrlbutlngWas done at a lexical level, rather than with reference
authorship; to determine the author of a document, Wg, the ¢ Janguage grammar, and so overloaded tokens
use it as a search engine query — thury document  5re ot treated differently in this work. For example, all
written by thequery author— on a corpus with known 5 hersands are treated as bitwise-and operators, even

authors; our approach produces a list of all documenjgihey were used to generate a pointer from a variable.
in the corpus ranked by estimated similarity to the query

document. Ideally, every other corpus document by thg 2 Evaluation
guery author would appear at the top of the ranked Iisﬁ‘

followed by all other documents. We now detail each Opreserve some local information on tokgn sequences,
component of this process we extract windows of. tokens overlapping by one

token; a program aof tokens is represented by-n + 1

4.1 Document collection construction n-grams. We ignore submissions smaller tharThis
approach is similar to that of our previous work [6].

Our collection contains 1640 assignment sSUbMISSIONg) qetermine the best value of we tested average
from the 100 most prolific authors of C programming,ibytion effectiveness over 100 runs, with each run
assignment submissions submitted to our school OVE&ing random samples of work from our collection.
the period 1999 to 2006. We removed byte-identical 14 getermine the best choice of document similarity
submissions from the same authors, and removed @lie;5yre, we evaluate four common text similarity mea-
personal details from the source code in adherence {9 res pyilt into the Zettair search engine that we use:
ethics guidelines. ) ) Okapi BM25 [18, 19], Cosine [34], Pivoted Cosine with
We expect our collection to have some_blas towardg pivot value of 0.2 [29], and language modeling with
weaker students. For example, our collection has maiichiet smoothing withy set to 2000 [35]. We also
submissions from our first semester C programming,,,ase 4 fifth metric that we call Authorl designed
course — _Programmlgg Techniques.  We foundpecifically for source code authorship attribution. This
that approximately 12% of submissions over ningneagyre is based upon the idea that the term frequency
consecutive offerings of Programming Techniqueg, 5 query and a document should be similar when the
3http://www.turnitin. com query is a document. We define this measure as:
4http://www.ithenticate.com
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Operators < 25_; ]

( parenthesis = notequals S od | M
[ bracket &  bitwise and 3 3
-> i. member access " bitwise xor 3 15
. member access | bitwise or = ]
++ increment &%  boolean and g 10
-- decrement |l boolean or g 3
! not ? conditional 8 5 E
~  complement = equals © 0 I_I,_,|_||_|,_| |_|,_|
*  multiply +=  plusequals 14 15 16 17 18 19 20 21 22 23 24 25 26
/ divide - mlnqs equals Submissions per author
%  modulo *=  multiply equals @
+  plus /= divide equals 120—
- minus %= modulo equals < 1
<< left shift <<= left shift equals g 1004 f
>>  rightshift >>=  right shift equals 2 gl
< lessthan &= bitwise and equals 2 1

greater than "= bitwise xor equals P 60
<= lessthanequals |=  bitwise or equals % 40
>= great. than equals , comma 3 - Bl
== equality 3 ]

Keywords N A A0 A0 LAY AN N MM AR RN A
auto do goto signed  unsigned 0 3 10 15 20 25 30 35 40 45 50
break double if sizeof void Submission length in hundreds of tokens
case else int static volatile (b)
char enum  long struct while
const extern  register  switch Figure 1: (@) Number of submissions for each author
continue  float return  typedef in CoLLECTION A. (b) Distribution of submission
default _for short union lengths in @LLECTION A in hundreds of tokens,
) rounded down to the nearest 100 tokens.
Table 1: Operators and keywords preserved in doc%- R
esults

ments in our collection [20].
1 In this section, we first discuss results describing the
Authorl(Q, Da) = Z min(|for — fail,0.5) most appropriate-gram size for our problem domain.
teQUDy o n Second, we explore the degradation of reciprocal rank
and average precision scores as the number of authors
is increased and the number of submissions per author
is decreased. Finally, we present our results in compar-
gon to a baseline system before offering discussion.

wheret is a term,Q is a query,D, is a document in
collectionD, f, . is the query-term frequency, arfg ;
is the document-term frequency.

Our choices for a baseline comparison system wet
limited — there is much previous work on source cod% 1 n-gram results
plagiarism detection, but none on source code author-
ship attribution. We chose the most recent publishefiable 2 illustrates the performance of the five similar-
metric-based plagiarism detection approach — that dfy measures using sixteen different valuesnof For
Jones [17] — as our baseline. We believe that structur€ach similarity measure anggram size combination,
based plagiarism detection systems such as JPlag [28% use all work samples from ten authors selected at
are less suitable for this task as they match contiguotigndom from @LLECTION A and calculate the mean
plagiarised chunks of source code best, but this remaifgciprocal rank and mean average precision percentages
to be proven in future work. of 100 runs. With ten authors, we would expect random

We measure authorship attribution effectiveness ugehaviour to produce a mean reciprocal rank and mean
ing the reciprocal rank of the first correct author matctaverage precision of around 10%.
for each query. We also measure authorship attribution In the same table we highlight the most effective
effectiveness of whole result sets using average prgfam size for each similarity measure. Unigrams are
cision. Approaches are compared using the mean relearly inferior, and the best choice afgram size
ciprocal rank percentage (MRR%) and mean averagde Six or eight for mean reciprocal rank and twenty
precision percentage (MAP%) over random samples é¢r mean average precision. Effectiveness degrades
documents in our collection, where each document #r the largestn-gram sizes, as the number of large
treated in turn as the query document. n-grams shared between program representations falls

quickly. Such largen-gram sizes are suitable only for
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Gram Similarity Measure MRR% 100 | v T 'é‘;tst;ggl
Size  Aul  Cos Dir Oka PCo § go ! — —— Dirichlet
1 5428 61.75 23.22 4456 28.72 g il [ — — — - Okapi
2 6715 7024 20.10 6860 5451 & 60| ! —-== P. Cosine
4 73.17 75.06 56.17 76.30 7411 g 1
6 7565 7651 6150 77.77 7681 S
8 7663 7590 6259 77.43 76.80 é
10 75.63 7497 6164 7649 76.25 1
12 7591 75.00 6396 76.64 76.31 o+ 77
14 73.76 73.07 6392 74.46 74.23 1000 1200 1400 1600
16 73.16 7250 64.80 73.50 73.56 Query Number

18  72.05 71.97 66.34 7251 72.44
20 70.03 70.03 66.16 70.36 70.39 Figure 2: Reciprocal rank of five similarity measures
30 62.21 62.17 61.88 62.29 62.22 testedusingusing6-gram program representations. The
40 56.64 56.53 56.51 56.59 56.62 combined results of ten runs are shown using collec-
50 52.96 53.08 52.93 53.07 53.10 tions of ten authors and sixteen samples of work per
70 48.22 48.26 48.13 48.28 48.29 author on average. The first 900 results are omitted as
90 4419 4421 44.13 4423 44.22 these all achieved a perfect reciprocal rank.

Gram Similarity Measure MAP%

Size Aul  Cos Dir Oka P.Co and 30-grams, but is only statistically better than
1 18.71 21.83 1292 19.39 14.27 Dirichlet when considering other combinations in the
2 2294 2495 1395 2553 19.91 same row.

4 26.69 27.73 2135 28.84 26.28 Three of the five similarity measures shared the
6 20.25 2952 2341 30.60 29.33 highest mean reciprocal rank score for the 6-gram
8 3246 32.00 25.85 33.34 32.56 program representations; this is illustrated in Figure 2,

10 37.56 37.25 30.36 38.55 38.07 with results sorted by decreasing reciprocal rank.
12 4400 4356 3691 44.77 44.36 The best 900 query results for each measure had a
14 5334 5311 46.19 5412 53.77 perfect reciprocal rank score, and we omit these for
16 5882 5858 52.26 59.43 59.32 brevity. With the exception of the Dirichlet measure,
18  63.25 63.28 5843 63.90 63.74 the similarity measures performed with similar
20 6433 6448 6091 6495 64.86 effectiveness, with perfect reciprocal rank scores in at
30 60.89 6091 6047 61.08 60.96 [east1146 queries outof1640. The poor performance
40 56.08 56.11 56.16 56.16 56.15 of the Dirichlet measure may possibly be addressed
50 52.75 5290 52.76 52.90 52.90 through empirical tuning of the: parameter for our
70 48.10 48.18 48.09 48.19 48.17 problem domain.

90 44.17 4419 4412 4421 44.20 We select 6-grams as our choice of gram size for

experiments described in Sections 5.2 and 5.3.

Table 2: Effect of increasing the-gram size using .
collections of ten authors and sixteen samples of work.2 Nn-gram scalability

per author on average. In Table 3 we show the degradation of mean reciprocal

near-duplicate cases of plagiarism which are rare — fg&nk and mean average precision scores over five col-
example iParadigms [16] detail that 29% of paperection sizes for all five similarity measures evaluated.
received exhibit “significant plagiarism” whereas onlyUnsurprisingly, the scores drop as the collection size
1% are entire copies. The remaining 70% have nificreases, butwe still achieve a mean reciprocal rank of
plagiarism. 67% using the Okapi measure on our full collection. We
We conducted Tukey HSD (Honestly Significantanticipate that the scores will degrade to an unaccept-
Difference) tests on a subset of results in Table 2ble level when the collection size reaches thousands
Testing the 6-gram, 8-gram and 10-gram rows, wef authors — this is a real-life collection size as evi-
found that Okapi was statistically most effective wherflenced by our school assignment archives dating back
comparing mean reciprocal rank. Okapi with 6-gram$0 1999. We intend to verify authorship in future work
is our best result, but this is not statistically significanby comparing query documents to other documents by
from six out of fourteen other combinations ofthe same author and a subset of other authors instead
similarity measure angd-gram size tested. Concerningof exhaustive comparison. The intention is to be satis-
mean average precision, Okapi was only statisticallfied that submitted works belong to the author, and not
more significant than Dirichlet and the Authorl metrichecessarily find the source of plagiarism offences.
when testing the 18-gram, 20-gram and 30-gram To verify statistical significance of these results, we
rows. Okapi with 20-grams is our most effectiveconsidered rows with ten and twenty-five submissions
combination; this is statistically better than 18-gramger author and we found that results were more conclu-
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Num Similarity Measure MRR% Subs Similarity Measure MRR%

Auth  Aul Cos Dir Oka P.Co Auth  Aul Cos Dir Oka P.Co
10 7565 7651 6150 7777 76.81 2 31.90 32.82 2574 3349 3222
25 69.68 70.88 5847 7252 71.32 4 50.70 50.22 39.17 51.27 49.99
50 66.21 67.32 57.44 69.61 68.30 8 64.22 63.84 5127 65.20 63.70
75 64.43 6541 56.63 68.06 66.58 12 70.62 70.63 56.55 71.95 70.90
100 63.26 64.14 56.31 67.01 65.48 16 7565 7651 6150 7777 76.81

Num Similarity Measure MAP% Subs Similarity Measure MAP%

Auth  Aul Cos Dir Oka P.Co Auth  Aul Cos Dir Oka P.Co
10 2925 2952 2341 3060 29.33 2 3190 3282 2574 3349 3221
25 20.63 20.74 16.52 22.06 20.89 4 31.46 3157 2467 3234 31.19
50 16.75 16.84 13.86 18.23 17.17 8 30.04 30.32 2389 31.38 30.10
75 15.05 15.12 1273 16.54 15.53 12 29.49 29.87 2331 3094 29.62
100 14.09 14.16 12.16 1555 14.58 16 29.25 2952 2341 30.60 29.33

Table 3: Effect of increasing the number of authordable 4: Effect of increasing the number of submissions

with 6-gram program representations and collections gfer author with 6-gram program representations and
sixteen submissions per author on average. collections of ten authors.

sive for this experiment. Okapi was statistically most Number of Similarity Measure MRR%
effective for both mean reciprocal rank and mean aver-  Authors Okapi BM25 Euclidean
age precision. Okapi with 10-grams was always the sta- 10 7777 40.06
tistically most effective combination except for Pivoted 25 72.52 28.41
Cosine with 10-grams when measuring mean reciprocal 50 69.61 22.62
rank. 75 68.06 20.35
In Table 4 we show the effect of changing the num- 100 67.01 18.89
ber of submissions per author. We note that the final Number of Similarity Measure MAP%
row of results in these tables are for sixteen submissions  Authors Okapi BM25 Euclidean
per authoon averagethe actual number of varies from 10 30.60 15.15
fourteen to twenty-six. We observe a steady decline 25 22.06 7.37
in mean reciprocal rank scores as the number of sub- 50 18.23 452
missions per author is decreased. Given that reciprocal 75 16.54 3.52
rank uses the single best result, having more submis- 100 15.55 2.97

sions per author gives a higher chance of encounter=
ing a document by the same author with a strong styl€able 5: Comparison of our work to a baseline sys-
match. We note that our collection is biased towards thigm [17] using the same collection properties described
most prolific authors in our school, so having a sharjn Table 3.

deqline like this is undesirable. Howeve_r, we observg_3 Baseline comparison

a different trend for mean average precision — these
scores are close to constant with a gradual increase lsTable 5 we compare the effectiveness of the best of
the number of submissions per author is reduced. Givétir approaches with the metric-based system described
that mean average precision is a measure showing nd? Jones [17]. Our approach is statistically more effec-
degradation of effectiveness using a combination of evfive than the baseline system, regardless of the similar-
dence, we plan to design future experiments with this iffy function used.

mind by implementing similar ideas with voting mod-
els.

For this experiment, we tested statisticalAuthorship attribution can be a valuable tool in verify-
significance of the rows marked bold in Table 4ing the integrity of documents. We have shown that the
and the two nearest rows for each. Okapi is once agagombination ofn-grams with text similarity measures
the statistically most effective similarity measurecan lead to effective authorship attribution for C pro-
When measuring mean reciprocal rank, Okapi witlyram source code.
sixteen submissions per author is statistically better Our results indicate that 6-grams and 8-grams per-
than any other combination except Pivoted Cosinéorm well when high mean reciprocal rank is required,
with sixteen submissions per author. However whewhile 20-grams are the best choice when aiming for
measuring mean average precision, Okapi with anlyigh mean average precision. This differs from results
number of submissions per author is only statisticallyn plain text, where gram lengths of three, four, or five
better than Dirichlet when considering results in thénave been shown to be most effective [14, 31]. We
same row. believe that this is due to the limitations imposed on

5.4 Discussion
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program code by the programming language, requiring The experiments described in this paper are lim-
more evidence to distinguish between authors. ited to 100 authors; we expect that attribution effec-
Our collection contains program code fromtiveness will continue to degrade as the number of au-
students of varying competence, and our experimentisors is increased. We conjecture that a practical system
do not explicitly allow for this. We expect that results ofmight not perform exhaustive comparisons to all other
experiments using structured text collections from morauthors; but instead compare the query document to
mature authors may remedy this problem. Possiblether samples of work by the same author and samples
resources for such experiments include program codeom other authors obtained randomly or determined by

from open source projects and supplementary examplssme form of initial filtering. We plan to explore vot-

from programming text books.
Other published work
authorship attribution. This is a mature field, and

ing schemes that use multiple indicators to determine
relates to plain textauthorship of query documents.

Zhao and Zobel [36] compare the effectiveness of\cknowledgements

several strategies. However, these results cannot be
assumed in the structured text domain as otgram
experimental results have highlighted that large

n-gram sizes are needed.

We thank Andrew Turpin for his valuable ideas and
feedback.
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