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PREDICTING NUMBER OF SEARCH ENGINE RESULTS
TO OPTIMISE ONLINE PLAGIARISM DETECTION
Ondřej Veselý, Jan Kolomazník
Abstract: At our university has developed a new system for online plagiarism detection. The
development version uses the search engine which is exposed to loads of search queries with
suboptimal length. The aim of the research is to minimise the number of queries and keep the
detection sensitivity on the same level. The paper presents a few methods of determining the
number of search engine results for given query. The aim is to estimate the optimal phrase to be
send to the search engine. Estimations were conﬁrmed by neural network; after that a statistical
model was created and tested. The model is ﬁtted with data extracted from massively processed
language corpus, where normalised Google distance for each common bigram is used for creating
a query-speciﬁc context vector which characteristics was found to be related to the number of
result for given query.

Introduction
Today’s systems for plagiarism detection (hereinafter called as antiplagiators), which
use search engines (SE) for online plagiarism detection, deals with problem of determining optimal search query size. The usual technique is based on the process of
selecting some phrases from the given document and adding the list of found web
address for each query to the result set for next analysis. Potthas (2012) calls diﬀerent
phases of this process as chunking, keyphrase extraction and query formulation. The
main problem is how to determine the number of words which should be included
to the search query. Usually a static length of a fragment of text is used to create
a query (for example in Copyscape checker service). According Nina, Peter and
Wilkinson (2007) it has the right query length is strongly correlated to the “broadness
of generality” in the context of query’s meaning. We believe that using a variable length
ﬁtted to the meaning (called optimal query length) improves the sensitivity of detection
which is discussed here but it’s conﬁrmation is not covered by this paper. The aim of
this paper is to present it’s optimisation.
When using longer than optimal phrases, only a minor modiﬁcation of tested
plagiarised document can make it undetectable. The advantage is that the detection
itself is faster, because the ratio between whole number of query and document size is
low.
Use of shorter than optimal phrases has two disadvantages—the number of queries
is relatively higher and there is strong dependency on search engine algorithms for
sorting the results. Low number of words in a search query usually leads to huge
numbers of search results, which are inaccessible without more listing queries.
The most precise results can be obtained when the phrase size is determined
dynamically by querying the SE with increasing length of selected phrase and use the
last non-empty result set (Veselý, 2013) Veselý and Kolomazník (2012) call that a naive
approach.

PAPERS—SECTION IV

Predicting number of search engine results . . .

Figure 11.2. Creation of datasets of bigrams where the context similarity for each pair of words is stored to
retrieve context relevancy vector for an arbitrary query

The disadvantage is the huge number of queries to the SE; one query for every tested
word.
There was an unsuccessful attempt for optimisation based on presumption that
“there is a relation between vector of frequency occurrences of each word in query
and the number of results we got from the search” (Veselý, Kolomazník 2012), but the
conclusion was clear “neural network has not reveal any relation between the frequency
of occurrence of the word in the query and the number of results of search engine”.
Due to the fact that a similar principle is widely used on Google Similarity Distance
(Cilibrasi, Vitanyi, 2007) applications, we presume that for successful estimation of SE
results is necessary to account the mutual context of the words, not only its frequency
occurrence. It leads to the necessity of massive pre-procession of language corpus to
get a similarity index for each common pair (bigram) of words. This article is to verify
the hypothesis that the set of these indexes is the key for determining the number of
search results to optimise plagiarism detection.

Methods
There is a brief list of steps we followed to conduct the experiment:
1. creation of two large datasets of bigrams where the context similarity for each pair
of words is calculated and stored,
2. implementation an bigrams database for determination of context relevancy vector
for an arbitrary query,
3. use of neural network and statistical regression to interpret the context relevancy
vector so the estimation of number the SE results can be calculated for related
query,
4. testing the accuracy of estimation with the SE data.
The ﬁrst two steps are represented by following schematic.
Two diﬀerent datasets were created because two diﬀerence functions were needed.
One for estimating the number of SE results by quoted queries (which means that the
query represents the exact phrase we are looking for; it’s also called phrase search) and
another dataset for unquoted queries.
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Table 1
Two sets of interval used for context vector normalisation

Class
No quotes intervals

–

–

–

–

Quotes intervals

–

–

–

–

+
+

The Czech National Corpus (SYN2010) was used for estimating the number of results
for phrase searches. All pairs of adjacent words from the corpus were added to the
dataset; if the pair was already in the set, the related counter was increased. This
resulted in a gigabyte ﬁle where a pairs of words were associated with the value of
the occurrence counter (see table bigrams database on ﬁg. 1)
We did not have direct access to the corpus which we needed in order to create the
next dataset for the unquoted corpus, so an alternative corpus (Majliš, 2012) was used.
In this case we indexed all words in each corpus fragment, not only the adjacent ones, in
order to reﬂect the SE behaviour. This led to the exponential increase of time and space
complexity; the procession itself takes four weeks on a common computer in spite of
the fact that we ignored stop words and words shorter than 5 characters. Also a really
simple lemmatization was used: the last two characters of the words were removed to
suspend the morphology diﬀerence for the words with the same meaning.
As we considered this as a prototype, we analysed only about one third of the corpus.
Implementing comprehensive solutions like MapReduce would deﬁnitely improve the
actually reached prediction level.
As described in steps 1 and 2 we constructed a system which could provide a context
relevancy vector, which is believed to be related with the number of results, we need to
ﬁnd and formulate the relation. For conﬁrmation of existence of the relation, the two
layer neural network with backpropagation learning was used.
Step 3. is fulﬁlled by experiments described in the next sections. Two query datasets
were used: quoted (Qq) and unquoted (Qw) queries together with the number of hits
given by SE.
Creating and normalising the context vector
As it is showed in ﬁg 1, the context vector is a simple set of context values from bigrams
database for (almost) every pair of words in query. The short words are ignored. This
fact results to variable length of the context vector exponentially related to the query
length.
The process of vector normalisation was based on classifying each number in given
vector to the intervals in table 1. The resulting normalised vector was constructed from
number of occurrences of each class.
Table 1 shows the chosen distribution of intervals mapped to the position in the
context vector. For example, normalised context vector from ﬁg 1 is (1, 1, 0, 2, 2).

PAPERS—SECTION IV

Predicting number of search engine results . . .

Table 2
Mean square error (MSE) value determined by neural network on diﬀerent datasets

by number of words in query

by context vector

Qq dataset

.

.

Qw dataset

.

.

Experiment 1, conﬁrmation of the relation
Let Qw be the unquoted query and Qq the quoted query. Let SE(Q) be a number of
result of the SE for a given Q and CV(Q) the context vector of Q.
We will try to ﬁt a model NN(CV(Q)) which could conﬁrm the following relation:
NN(CV(Q)) ∼ log (SE(Q))
In the other words, we want to provide functionality to estimate the magnitude of
SE results for a given Q.
The following table compares resulting mean square errors when predicting
log (SE(Q)) from two query datasets (made by Qw and Qq types) both populated by
two diﬀerent calculations which were used as training data. The ﬁrst calculation was
based on the number of words in the query (as a method described in SYN2010). The
second calculations consist of described context vector given a token from bigrams
database. The context vector was normalised as described before.
Table 2 shows that with a context vector there is a noticeably lower MSE in both
datasets. This means that calculation of the context vector contains the information
which could be used to improve the number of SE hits in comparison to the simple
estimation with a query word count.
The learned neural network is good enough for operational use, but the disadvantage
of a neural network is it’s black box like behaviour—we could not understand the
relation deeply enough to satisfy the academic purpose. Only two layers of the neural
network gave us a rational reason to speculate that the relation is simple enough to be
described by a statistical model, so we made another experiment.
Experiment 2, ﬁnding the relation by creating statistical model
We expected, that relationship can be formally expressed by mathematical formula
in order to have a tool to calculate log (SE(Q)) from CV(Q). To reveal the relation
formula (one coeﬃcient for each member of CV(Q)), we replaced neural network NN,
by statistical linear model LM.
LM(CV(Q)) ∼ log (SE(Q))
The data from Experiment 1 was used for ﬁtting LM implemented in R-project like
lm function. The model determined the relation between the common logarithm of
number of hits given by SE (for Qw ) and the elements of the context vector. For
expected better performance the model was ﬁtted for both type vectors—quoted
(q , q , q , q , q ) and unquoted (w , w , w , w , w ).

Ondřej Veselý, Jan Kolomazník

PAPERS—SECTION IV

Figure 11.2. Distribution of standardised residuals in the ﬁtted model
Table 3
The accuracy of the statistical model when for estimation the magnitude of SE results. Each column
represents the estimation diﬀerence Δe = abs(LM(CV(Q)) − log (SE(Q)))

Δe =
% of queries

.

Δe =

Δe =

.

.

Δe =
.

The ﬁtting found these elements relevant: (q , q , w , w , w , w ); the coeﬃcients
found are showed in the following polynomial function.
LM: y = − .

⋅q − .

⋅q − .

⋅q + .

⋅w + .

⋅w + .

⋅w

Obviously, the q element has the strongest negative inﬂuence to the result. It means
that there are many words in the query with no mutual context. The positive coeﬃcients for almost all elements in the unquoted vector probably signal the insuﬃcient
size of the bigrams database.
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Table 4
Example: Estimation the SE results for diﬀerent length of queries and determinig the new order of querying
the SE

words

Query Q
prezident václav havel v divadle na provázku
uvedl
prezident václav havel v divadle na provázku
uvedl famózní
prezident václav havel v divadle na provázku
uvedl famózní vystoupení
prezident václav havel v divadle na provázku
uvedl famózní vystoupení bratrů
prezident václav havel v divadle na provázku
uvedl famózní vystoupení bratrů
Nejezchlebových

LM(Q)

New query
queue order
.
.
.
.
.

The provided function gives us the possibility to estimate the common logarithm of
the number of SE hits in for almost every second query.
Experiment 3, beneﬁts for plagiarism detection
We built a statistical model LM to enhance the naive algorithm for determining the
optimal length of query. The function lm in the statistical modelling tool “R” was used.
Instead of gradually increasing the number of words in query, querying the SE in every
run of the loop, we used the model which arranges the given query length possibilities
by the probability of being estimated as the optimal ones. In the other words, the new
heuristics algorithm prefers the queries Q where LM(CV(Q)) → 1 so, presumably the
log (SE(Q)) → 1 which so SE(Q) → 10 (as we supposed this value to be considered as
“optimal enough”).
We ran antiplagiator system desribed by Veselý (2012) twice on the 76 diﬀerent
queries extracted from a common diploma thesis text. First run was made with naive
algorithm, the second one used the heuristics described in this section.

Results
The usage of the neural network conﬁrms the strong relation between the context
vector generated from bigrams database and the number of SE results for given query;
both quoted and unquoted.
The statistical model LM described in previous section provides us a heuristics allows
the antiplagiator to ﬁnd the optimal length of the query with less number of suboptimal
queries.
On the dataset consists of 76 unquoted queries, we ran a benchmark which compares
the chosen metrics—ratio between the number of suboptimal queries and the found
optimal ones.
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Table 5
Table shows the number of suboptimal requests need to found the desired number of optimal queries. Two
algorithms are presented

The number of
all request

Optimal queries
found

ratio

Naive algorithm

.

LM heuristics used

.

Described estimation of the SE results allow us use the SE only with a less than a half
of a number of queries needed to determine the optimal queries during the detection.

Discussion
Despite the beneﬁt of the speed-up provided by the resulting functionality, there is still
questions about how important is to work with optimal queries and how strong could
be the inﬂuence of usage of suboptimal queries instead. It would deﬁnitely degrade the
sensitivity of the detection, but the another speed-up could be a better compromise.
The term speed-up is used in the context of decreasing the number of requests to
SE. But the process requires another kind of requests to bigrams database to get the
context vector. For now, the composition of context vector takes about a minute which
is not deﬁnitely a “speed-up” in the context of time. However it is mainly a technical
problem which could easily solved by moving the whole database into random-access
memory.
Another question that we did not answer concerns the eﬃciency of the system in
case we would process the whole corpus to make a comprehensive bigrams database.
Although the chosen distribution of the intervals in table 1 could be replaced by more
sophisticated set which would better reﬂect the distribution of the values.
This questions are expected to be answered at 10th international competition on
plagiarism detection “PAN 2014”, when the English corpus will be ready and system
market as full capable to participate in evaluation labs.
Determination of a context vector may be used in a broader context than plagiarism
detection. As a “commonness function” for any piece of text, it can serve as detector of
computer generated dummy text without meaning, or possibly as a semantic detector
of chapter borders.

Conclusion
The article described a process of creating semantic characteristics called context
vector, which determines the context of similarity for any set of words in speciﬁc
language. The experiment shows an application of the context vector for estimating
the number of SE results for given phrase. The eﬃciency of ﬁnding the optimal length
of query in task of plagiarism detection increased two times compared to the previous
naive approach.
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