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Abstract

Wepresent awebspider thatcrawls throughtheweb
sitesof thetop � fty Computer Sciencedepartments,
downloading research papersto search for instances
of self-plagiarism by Computer Science professors.
Instancesof self-plagiarism for eachauthor are re-
ported so that they may be investigated in order to
determineif they are truly fraudulent papers.

1 Intr oduction

Self-plagiarism is the use of ones own previously
published materials in the creation of a new pub-
lished material without crediting the previous paper
as a source. The use of self-plagiarism allows for
a bloatednumberof research papers to beproduced
without doing additional work to createnew papers.
As a result, fundamentally identical papers can be
created and passed off to different journals all for
the purpose of increasing the academic recognition
of the researcher. However, such practices do not
bene� t the research society asa whole, in that many
morepapers areproduced,with lessnew and excit-
ing material to spur on new ideas. Instead the pool
of papersbecomesclutteredwith papersonthesame
topics,but with different names.

The purpose of this experiment is to �nd out if
there are any professors at top Computer Science
universities that engage in this practice. The basic
concept is to run a web spider to traverse the top
50 computer science departments and � nd the fac-
ulty pages. For eachfaculty member, downloadeach

professor'spapers. Afterconverting them to text, run
a text analysis programto check for self-plagiarism
andreport any offending professorsand their papers.
Thosereportedwould have to bechecked by handto
ensure that the similarities are, in fact, due to aca-
demicdishonesty. SeeFigure1.

2 RelatedWork

CORA, a Computer ScienceResearch Paper Search
Engine[2], mostclosely resemblesthetypeof spider
that we are using. CORA madeuseof smart spiders
to crawl computer science web sites and record the
paperslocated within. Themajor differencebetween
that spiderandtheoneweareusing is thatour spider
is designedto dynamically searchfor oneprofessor's
work at a time, and not crawl the entire site before
hand to getall the information � rst.

The Stanford Copy Analysis Mechanism
(SCAM) [3], is a comparison utilit y for detect-
ing identical documents or documents with a high
degreeof overlap. SCAM usesa registration server
to which original documents can be registered by
their authors. Attempts to register illegal copies
of already registered documents can be detected.
Additionally, web crawlers can be used to search
for documents andcomparethemagainst registered
documents in a manner somewhat similar to our
system.
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Figure1: Overview of thesystem.

3 TheWeb Spider

The programming language WebL [1] was used in
the development of the web spider. WebL's man-
ual de� nes itself as a “ language and system is de-
signed for rapid prototyping of Web computations.
It is well-suited for the automation of tasks on the
WWW1.” It has modules to enable the program-
mer to quickly develop a web spider. The produc-
tion of a web spider that successfully locates pro-
fessors' pages and downloadsthe papershas to be
constrainedheavily toescapeseveralmajorproblems
thatcomewhenlooking for papers:

Remainingon the professor's page: When exam-
ining a page, what is an acceptable page to go
to andwhat is not?

Research papersonly: When preparing to down-
load a � le, it there anyway to know if it is a
researchpaperor not?

Seemingly in� nite link graph: When traversing
links on a single professor's web site, when
should thespider giveup?

Slow downloads: If downloading a 30Mb paper,
with a transfer rate of less than1Kb, should the
spider bother downloading it?

Ideally speaking, a web spider would start at the
homepage of the professor and traverse all links

downloading all the research papers for that profes-
sor. If seen as graph problem, this would be fea-
sible if and only if the graph had one source, the
professor's home page, and no edgesgoing outside
of his page. In the real web, a professor's page has
many links that extend to other pages ranging from
the classes he teaches to interesting pages all over
theweb. Attempting to try all links would result in
the spider going far away from its target area and
thetimeto processoneprofessor could beseemingly
in�ni te along with downloading hoardsof irrelevant
papers.

Several constraints were placed to limit where
the spider could go. The �rst was to check for
links containing thewords publication, paper, or re-
search. Theselinks would most likely have the de-
sired materials. If no links could be found with any
of the key words, then searching would be done in
a breadth-� rst search through all of the professor's
links. Another limitation put on the spider wasthat
theonly links that could be traversedwere onesthat
existed on the samemain site. That is, if the pro-
fessorwereat ht tp: // cs .u ni ver si ty .e du/
˜ pr of es so r , the spider would only check sites
whoselinkscontainedthenameuniversity. Attempt-
ing to further constrain thisto require thelink to con-
tainpossibili tiessuchascs. univ er sit y. edu or
˜ pr of es so r suffer many losses since some pro-
fessors work in multiple departments, and others
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don't place all their pageshierarchically under their
initial homepage.

The spider also allows a single level below the
home page of checking as well. While this limits
thesites thatthespider can go to, it still hasthepos-
sibility of enteringotherprofessors' sitesin thesame
university. However, this is hardto prevent, asthere
is no distinctive markthatdetermines theownerof a
page.

Many papers are located on the professors' web
sitesin usual formats of .p df , .p s, and .d oc . In-
steadof attempting to determine if a paper is a re-
search paper or not, the spider simply downloads
them all. After downloading all the � les and con-
verting themto text, a� lterprogram isrun to remove
all �les that did not convert properly and those that
arenot researchpapers. The rule for research papers
is that they must contain anabstract or introduction,
and also a referencesor bibliography section. This
processwas thesameasused with CORA to �nd re-
search papers, and experiments showed that it had
roughly a 95% accuracy rate. Attempts to discern
from the webwhether or not papers are research pa-
pers is limitedsince there areno distinguishing fea-
turesin the link or in thepapernameasto thenature
of thepaper.

Another issuewith thewebis thefact thatasingle
professor's site may contain many levels of pages,
which results in hundreds and possibly thousands of
checks and page loads in search of his papers. The
spider is setwith a timer that recordswhen a profes-
sor's site is � rstbeing checked. Each time thespider
getsready to download apaper, searchanew pageor
visit another page, it checks the time. If the time is
too long, it stops downloading, instead �ndi ng new
pages and visiting them. The issue of downloading
a large paper through a small connection and wast-
ing large amounts of time is hard to check. The web
spider thushastheunfortunateproblemthat it hasto
wait for the �les to be downloaded, and this might
waste the time allocated to searching the particular
professor's website. The only safety against this is
that the web spider has a collection of threadsdoing
thecrawl. Thus, with a few threads, if onegetsstuck
onabig � lebeing downloadedonaslow connection,
the others can continue searching for additional pa-
pers.

4 Text Comparison

The text comparisonutil ity, whichwasimplemented
in Java,is acompletely independent module from the
web spider. After theweb spider has� nisheddown-
loading and converting all of thepapers for a partic-
ular professor, thetext comparisonutility is executed
on the directory containing those papers. The util -
ity performspairwisecomparison of all papersin the
directory. When �ni shed, it produces an HTML re-
port �le in thesamedirectory. The report � le lists in
descending order all pairs of �le s with their respec-
tive percentages (above an adjustable threshold) of
detectedsimilarity. SeeFigure2.

4.1 Comparison Algorithm

One of the �rst things to consider wasthe question
of what exactly constitutesplagiarism.Any block of
directly copiedtext is obviously plagiarism,but there
aremany othercases to consider:

Cosmetic changes: Minor cosmeticchangesto text,
such asthe addition or removal of punctuation
or spacingshould not affect thecomparison.

Reordered text: Paragraphs or sentences from pa-
per A can be copied but placed in a different
order in paper A'. If thebulk of the content is
thesame, however, this should still bedetected.

Reworded text: Rewording of text without signi�-
cant changeto themeaning, such asthe substi-
tutionof afew wordsfor synonymsor swapping
clauses of a sentence, should be caught. While
not nearly as severeasdirectly copying text, a
signi�can t amount of thisshould still register as
plagiarism.

In addition to worrying about what sorts of sim-
ilaritiesamount to plagiarism, thereare also an al-
mostendlessnumberof criteriauponwhichtwo texts
canbe compared to detect violations. The primary
goal of theutility wasaccuracy in detecting instances
of plagiarism, but a certain degreeof ef� ciency was
necessary as well. Papersin plaintext format in ex-
cessof 200kb werenot uncommon, but eventhepair-
wise comparison of 50+ average-sized documents
(� 50kb) is a very lengthy O(n2) operation. More
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Figure2: Reportsarepresented in astandard browser.

Figure 3: The system allows for two papers to be examined in moredetail. Similar paragraphs are color
coded and presented in astandard browser.
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complex algorithms, such asattempting to align the
documents, were considered. However, the highly
likely possibili ty that the text wil l be reorderedren-
dersalignment a relatively poor choice for aprimary
algorithm. Sinceplagiarizedtext from onedocument
could appear anywhere and in any order in a sec-
ond document, a brute-force comparison algorithm
seemedto be the best choice. A greatdeal of opti-
mization is possible to improve the speed of the al-
gorithm,but a certaindegreeof brute forceis neces-
sary to �nd all occurrencesof plagiarism. The � nal
algorithm consistsof threemainparts:

1. parsing the text documents into paragraphsand
sentences in acanonical form;

2. performing a highly optimized, brute-force,
pairwise comparison of the parsed documents;
and

3. producingan HTML report of theresults.

4.2 Parsing into Canonical Form

In the�rst phase,each text � le is parsed into a Doc-
ument object with a list of Paragraphobjects, each
of which then has a list of Sentence objects. The
text �le is expected to contain the URL of the origi-
nal � le on the � rst line,which is extracted�rs t, fol-
lowed by a separate paragraph on each line. Each
line after the �rs t then becomesa Paragraph. Sen-
tencesareconsideredto beanything delimited by the
characters! . ? ; . Paragraphswith lessthan four
sentences are discarded, since they are most likely
justsectionheadings,partsof formulas,or otherran-
dom and insigni�can t text. If a Paragraph has at
least four sentences, the resulting text for the Sen-
tences isconvertedto lowercaseandthenparsedinto
words. Wordsare considered to be anything delim-
ited by whitespaceor any of the following charac-
ters: ! . ? " \ < > : ; [ ] { } ( ) /
Any whitespaceor delimitingcharactersareremoved
and only the list of words is retained. Words from
a short, pre-de� ned list deemed insigni�can t to the
meaning of a sentence (such as a, an, the, this,
and that) arediscarded. Similar to Paragraphs, any
Sentence with less than four words (after removing
insigni� cant ones) is discarded. Most “sentences”

with lessthan four meaningful words are not ac-
tual sentences–thosethathappen to berealsentences
aretoo short to hold much content and thus are not
of much interest for comparison. Rather than stor-
ing enormous numbers of small strings, the words
arerepresented asintegers. A global hashof words
to their corresponding integer values is maintained
acrossthe program. As a sentence is parsed, each
word is looked up in the table. If it already exists,
that value is used. Otherwise, the word is inserted
into the table with a new, unique value. EachSen-
tence then maintains a list of its unique words (as
integers in sorted order); the sum of the integer val-
uesof all its words; and the original sentence, as a
string in canonical form with a space between each
word.

4.3 Comparison Algorithm

After all documents have beenparsed, all pairs of
documents are “scored” for the level of similarities
found between them. All pairs of paragraphs in the
two documents are scored against each other by a
pairwise comparison of their respective sentences.
The results then � lter up, with paragraphs earning
points basedupon the number of similar sentences
andtheir levels of similarity and the document earn-
ing points based upon the amount of detected pla-
giarism in each paragraphwith a total score above a
certain threshold.

Sentencesare comparedfor similarity on two lev-
els. Sentences that are identical earn the maximum
score possible; sentences that are highly similar to
one another earn a score somewhere between 50-
100%of thepossiblescore, dependingontheamount
of similarity. Comparing sentences for equality is
easy and highly optimized. Before even looking
at the words in a sentence, the ”sums” of the two
sentences–calculatedwhileparsing–arecompared.If
they are not the same, it is known immediately that
the sentences are not identical. While occasional
overlap of the values of thesesumsdoes occur be-
tweensentencesthataredifferent, it is rareenough to
eliminate almost all unnecessary comparisons. Only
if the sums and word counts of two sentences are
identicalare theactual stringscompared.

Sentencesareconsideredsimilarif theintersection
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of their setsof uniquewords is thesamesizeor only
slightly smaller than the sets themselves. Since the
listsof uniquewordsare maintained in sortedorder,
binary searching canbeused to ef�ci ently calculate
thesizeof the intersection of thesets. Thiscompari-
son isalsooptimizedto beperformed only when sig-
ni� cantsimilaritiesmayexist. Sentences that have a
major discrepancy in thesizes of their unique word
sets are ignored, as are any sentencesthathave very
small setsof uniquewords.

4.4 Reporting Results

After pairsof papers have beenscored againsteach
other, they are given a percentage to represent the
approximate level of plagiarism found betweenthe
two. The score for a document represents roughly
the number of sentences worth of plagiarism found
in thedocument. Thepercentagedividesthatnumber
by theaveragelength of thepapersandmultipliesby
100. Once all pairs of papershave beencompared,
the list of papers andtheir respective percentagesis
sorted in descendingorderand theresultsarewritten
out to anHTML �le in the directory. The top of the
�le gives theURL for theroot pagefrom which the
papersweredownloaded. Following that is thelist of
percentageswith linksto thecorresponding papersin
their original format.

5 Futur eWork

In the future, the spider will probably beable to �nd
better papers if the entire computer science site is
crawled. All paperswould be downloadedand con-
verted. Those would be � ltered and then would be
parsed and sorted into the appropriate professor's
directories. The spider would implement a better
schema such as reinforcement learning, with fewer
time and traversalconstraints. At its current state, a
numberof valid papersaremissed as well asa num-
ber of invalid papersgathered.

Thereis agreatdeal thatcould still beadded to the
comparison util ity. It currently has a very good bal-
ance of accuracy and ef�cie ncy, although there are
still optimizationsthat could bemadeto increasethe
speed. Thegreatest improvement, though, would be
to allow thecriteria for comparisonto beadjusted, so

that theuser could makethedecision betweenspeed
andan even higher level of accuracy. There arean
almost limitlessnumber of statisticsthatcould beex-
amined to more accurately–or quickly–spot possible
plagiarism. Someinteresting criteriacould include

� the number of words that occur very infre-
quently in each document, yet occur in both,
and

� the percentage of overlap betweenthe unique
word sets for both completedocuments.

Another improvement to the comparison utility
would be to allow more thorough comparison and
scoringacrossall documents,rather thansimplepair-
wise comparison. It is probably of greater value,for
instance, to see the total amount of plagiarism in a
document from � ve others than to see� ve separate
comparisons.

Conclusions

We have presented a webspideranda text compari-
sonutility designedto detect self-plagiarismamong
ComputerScienceacademics.
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