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INTRODUCTION

With the advent of highly�developed computing
machinery, all current large�scale enterprises turned to
electronic documentary system, which can be applied
in parallel with the traditional accounting for paper
documents. The use of electronic documents allows
one to create a large archive containing the informa�
tion of an enterprise’s activity over a long period. A
thus�developed documentary database is of great
importance in terms of experience storage. A well�
assigned system of document circulation stores all
documents describing the process of product develop�
ment, as well as the history of the advantages and dis�
advantages of such an implementation.

When approaching the design of a new product,
developers analyze the relevant solutions. At a large�
scale enterprise with a long history, the internal archive
should be monitored for the information before
searching for other solutions. It is common practice to
apply search engines that allow one to store the infor�
mation in a convenient form and to present the
retrieval results. However, the vast majority of engines
process queries in the form of several keywords, by
which the retrieval is carrying out.

Such an approach results in a series of problems.
When entering several words, we cannot guarantee
that it is precisely these words that will be found in the
documentary database. After a lapse of years from the
time of the design of a project, the accepted vocabu�
lary could be changed and new concepts with appro�
priate terms could replace out�of�use ones. A devel�
oper cannot be sure that he will enter precisely the
words that were required in the original documenta�
tion due to synonyms and similar terms within it. The
extension of the list of entered keywords may not lead

to the desired result, since wrong words will be used
constantly. This is why information retrieval is like an
art and it requires special skills to use the right terms
during such retrieval.

Although keywords will be different, original docu�
ments can contain many similar words. The key
vocabulary can turn out to be changed, but the rest of
it persists. Moreover, detached words can have multi�
ple meanings with variants in different object domains.
In this case, multiword structures are highly stable.
Taking them as the markers of special vocabulary, we
can improve the retrieval results. However, highlight�
ing multiword structures leads to the same problems.

Notice that the base of the design is a technical
statement. Such a document should contain a short
but full description of the formulation and solution of
the problem. Thus, the technical statement must
include a full set of terms that describe the considered
task. Using separate terms in a given document results
in the above�mentioned problems. In this connection,
the task of generating a retrieval request based on a
short description in the form of a formal document is
required. As this occurs, the vocabulary needs to be
maximally conserved, when comparing the entire
retrieval patterns instead of the use of typical queries to
the retrieval system.

THE CURRENT SOLUTIONS

In such or similar setting, the problem was formu�
lated rather a long time ago. At the present moment,
the extraction of a given number of keywords or
phrases (from several units to several hundreds), which
is further used for the retrieval of similar documents, is
a widespread approach. The selection of keywords can
be performed in terms of different methods. The most

Analysis of Complex Measures for the Subject
Similarity of Documents

E. S. Klyshinskii
Moscow Institute of Electronics and Mathematics, Moscow, Russia

e�mail: klyshinsky@itas.miem.edu.ru
Received March 17, 2011

Abstract—The author proposes a method for document retrieval with the use of a document pattern. For this
purpose, a complex measure for assessing the subject similarity of documents is introduced. A numerical eval�
uation of the results of a search output for different measures is given.

Keywords: documentary database, selection of keywords, significant combination, measure of document similarity,
subject similarity of document.

DOI: 10.3103/S0005105511050025



AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS  Vol. 45  No. 5  2011

ANALYSIS OF COMPLEX MEASURES 219

used measure is tf*idf (or its modification) that shows
the “information value” of a term. Terms are discarded
if they are met in too large or too small a number of
documents. Frequently occurring terms are consid�
ered to be less informative, since these are most likely
to be stylistic elements. Rarely occurring terms do not
connect significant numbers of documents, and are
likely to be only noise. Both statements are rather con�
troversial. So the absence of frequently occurring
terms in a document from a single subject collection
can be a distinctive feature of a document for others.
In contrast, the presence of rarely occurring words
shows the difference between documents in terms of
vocabulary distinctions. However, the problem of
determining a degree of document similarity instead
of quality separation of documents by the object
domains is at issue. Therefore, such arguments are
usually ignored, since they lead to noise amplification
when defining similarity measures.

For word combinations detecting, the collocations
method can be used (e.g. MI, t�score or log�score
measures [3]) as well as tf*idf and frequency methods.
On the one hand, measures that are developed for
phrase extraction allow one to obtain their numerical
evaluation, based on which the selection of the most
significant combinations can be conducted. On the
other, the values of measures for different documents
are not comparable with each other, since their calcu�
lations are based on occurrence frequencies and doc�
ument lengths. In spite of this, various measures make
it possible to extract vocabularies of various types [4].
Therefore, a t�score extracts the stylistic features of a
text, while the MI extracts the vocabulary of the object
domain. In this case, the t�score can be used for the
detection of search terms, instead of MI used for the
definition of the measure of document similarity.

In addition, removal for stop words (prepositions,
conjunctions, pronouns, and so on) is carried out in
documents, since these words are senseless in isolation
from their context. As this occurs, the definition of
phrases should be conducted before the search,
because the phrases can include the words from a given
list.

Selected words can be variously used. Therefore,
extracted words can be delivered as a query to an exist�
ing retrieval engine. Thus, the process of the selection
of analogous documents via the expertise of demands
and the assessment of their novelty is automated [5]. It
should be mentioned that a request can be transmitted
by both one of the global retrieval engines, including
Yandex and Google, which are meant for document
searching on the Internet, and by a local retrieval
engine, which is a part of a documentary system. Here,
the simplest approach (but not the most effective one)
is the statistical selection of detached words by their
frequency of occurrence in a document [6].

The second class of solutions includes the methods
for determining the subject similarity of documents. In

this case, a vector of document features is formed. It
contains a list of the most significant terms. Further
comparison is performed with the use of different
measures of the similarity of specified methods.

As of now, an entire set of measures exist that use
small fragments of documents for comparison with the
last ones. Thus, the group of algorithms that are based
on the Rabin–Karp random polynomial algorithm [7]
depends upon the detection of similar groups of
sequential words of the k length (shingles) or dactylo�
grams, which are substrings of documents of a fixed
length. After the calculation of the fixed number of
shingles and dactylograms, such sequences are com�
pared. For faster methods, hash functions are applied
to obtained sequences. Documents are considered to
be similar if the obtained values of the hash function
coincide. Slower but exact methods are compared
with these sequences. Then, on the basis of the extent
of their coincidence, one can draw a conclusion about
the extent and the probability of document similarity.
A detailed survey of both of these methods and of oth�
ers can be found in [8]. Apart from word sequences,
the longest and the most informative assumptions in
terms of the tf*idf measure can be taken.

To determine documents similarity, cosine measure
and Dice coefficient are commonly used [9]. They are
introduced as follows. There’s a feature vector w = <wi>
of words used to determine the documents similarity,
where wi is a word in a given language. f = {fi} is a vector
of frequencies of occurrence of those words and fi is a fre�
quency value for word wi in a given document. fx is a term
frequency vector for document x. Then the measure of
co�occurrence of words from documents x and y is rep�
resented as a dot product |xy|=fx · fy. The measure of
words occurrence in document x is defined as a dot prod�
uct of square frequency vector: |x|=fx · fx.

In this case, the Dice measure is found as twice the
ratio of the word co�occurrence in the x and y docu�
ments to the sum of the measures of word occurrence
in these documents.

(1)

The cosine measure is defined as the ratio of the
word co�occurrence in the x and y documents to the
square root of the product of measures of word occur�
rence in these documents.

(2)

In both measures, the value 1 denotes that the doc�
uments are the same and value 0 denotes the absence
of any common words.

Since the documents belong to some collection,
the vocabulary of all documents within the collection
can be used as a measure of similarity. In case of large
documentary base, the vocabulary is equal to whole
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domain lexis. That is why one should use the reduced
vocabulary that contains the most valuable terms from
the total vocabulary (e.g. [8]). Ilyinsky et al. [10] intro�
duce the method that uses a descriptive set containing
N terms. The value of 1 is recorded for the vector of
features if the frequency of a given word in the docu�
ment exceeds some value; a zero value is otherwise
recorded. Then, documents with coinciding vectors of
features are considered to be original. The value of the
threshold is selected so that the minimum numbers of
documents have an analog value of tf.

Instead of the detached words in these measures,
combinations of different lengths can be used [11].
However, this does not always result in increasing the
relevance of delivered documents, as shown below.
Moreover, in different cases both normal word forms,
which result from morphological analysis, and invari�
able word forms can be applied for retrieval. However,
the last variant is rarely used.

PROBLEM STATEMENT

In the above�mentioned examples, the relative val�
ues of word occurrence in documents are applied. But
such an approach is not always correct. Upon search�
ing the measure of fuzzy similarity of documents,
which is used, e.g., in antiplagiarism problems, a sim�
ilar value will indicate the extent of changes that
entered the original document. For searching themat�
ically relative documents, a simple measure of vocab�
ulary similarity can be used. Let us have two docu�
ments. As it happens, 30% of the first one is devoted to
hardware and 70% is devoted to software; 70% of the
second document is conversely devoted to hardware
and 30% to software. In this case, the documents will
be significantly different (the cosine measure will give
a value of 0.72) in terms of the antiplagiarism system,
while both documents belong to a single subject and
we can find the second document using the first one.

In this connection, there is a need to design new
methods for assessing the subject similarity of docu�
ments based on the current methods. This method will
use information from the vocabulary of a given docu�
ment without significant influence of the relative fre�
quency of word occurrence. In addition, since multi�
word terms can characterize the object domain to a
greater extent, they should be used for the subject sim�
ilarity of documents.

RETRIEVAL STRATEGY

Unless the relative word occurrence is used, we can
do the following; 1 can replace nonzero values of fre�
quency and 0 values can be constant. In this case,
words that occur in the text once will act as words that
occur in the text many times. Because of this, the
threshold of the cutoff is introduced. Zeros are
ascribed to all words with an occurrence that is below

the cutoff threshold, whereas other words are assigned
to the unit.

(3)

Note that the cutoff threshold can be taken in both
relative and in absolute units.

Within such approach modified Dice coefficient
and cosine are calculated in the same way as tradi�
tional ones. In practice, the number of coinciding
words can be counted instead of the dot product and
divided into the root of the product of the number of
unique words in each document in the case of the
cosine measure and into the sum of similar values in
the case of the Dice measure. In addition, the classic
approach assumes that the vector length of features for
each document is the same and equal, as an example,
to the total volume of the vocabulary of all documents.
Such a method is used to prevent the retrieval of words
from one document in the feature vector of another.
However, if we store the identificators of the initial
form instead, the problem of comparing two vectors
will become trivial. In this case, the vocabulary can be
stored for each document, which significantly reduces
memory consumption and increases the productivity.
We find a rate that is proportional to the sum of the
dictionaries of two documents instead of the calcula�
tion rate that is proportional to the volume of the com�
mon vocabulary for the collection (i.e., properly to the
volume of the morphological dictionary). For short
document, using such an approach, we can improve by
many or 10–100 times (compared to methods that
don’t use reduction of the space of features). Further�
more, the algorithm leads to saving the most signifi�
cant words that are included in the space of features.
Note that there should be no difference between the
rate of comparison against the methods that use the
reduction of the space of features, although we save the
calculation algorithm and the reduction of the dictio�
nary that is consulted for the addition of each docu�
ment.

All above�mentioned assumptions can be applied
equally to word combinations, i.e., wi is not a detached
word but a word combination that is selected accord�
ing to specified features.

For the sake of convenience, let us denote the mod�
ified cosine similarity measure (simplified cosine) as
s_cos(x, y, n). This measure is calculated for n�grams
without regard for the frequencies of their occurrence.
The modified Dice measure is denoted as s_Dice(x, y,
n). Let ||xy||n be the number of a word combinations
with length n > 0, contained in documents x and y. Let
||x||n be the number of collected word combinations

xi'
1, at xi ε≥

0, otherwise⎩
⎨
⎧
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with length n in the x document. Then, based on (1)
and (2) we find

(4)

and

(5)

Let us denote two measures in addition to the
cosine measure and the Dice measure, as well as their
modifications. The first is the symmetric simplified
measure of similarity.

(6)

Such a measure will represent the relative volume
of similar vocabulary of the x and y documents in the
x document. Obviously, such a measure will be single�
ended, i.e., NSL(x, y, n) ≠ NSL(y, x, n). To correct
such a deficiency, one should sum both measures,
which results in a simplified measure of similarity.

(7)

By using the simple arithmetical arguments from
(7) we find that

(8)

Since the right member of the product in (8) shows
the probability of crossing the lists, the total measure
represents the probability of finding ||xy||n combina�
tions in both lists (except the normalizing factor 1/2).

METHOD OF EVALUATION

In order to define the operation quality of the above
measure and other measures, a set of numerical tests
was carried out. A collection of 450 documents on dif�
ferent subjects was gathered for the test. Scientific arti�
cles, dissertations, and abstracts of dissertations from
different branches of science were taken as the base of
the collection. To put some information noise into the
collection, several tens of the works of T. Pratchett
were added. All documents were divided into clusters.
In some cases, the division was already given by the
location of the abstract in the rubricator of the Higher
Attestation Commission of the Russian Federation
[12]. An expert clustered the remaining part of the
documents by hand according to his views on the doc�
ument subject and the similarity between documents.
As a result, 26 clusters of different volumes were
obtained. Several clusters included only one docu�
ment for verifying the minimum of the output of such
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document in response to the request. Some clusters
were marked like the original ones.

The experiment was carried out as follows. A list of
documents that were received as the request to the sys�
tem was formed in advance. For each document, the
output contained the ten most relevant documents
according to the chosen measure. Then, two following
evaluations were performed on the obtained output:
the percentage in the output of documents from the
same cluster and the complex evaluation. The com�
plex evaluation was added to 1 for each output docu�
ment of the same cluster and to 0.5 for the documents
of similar clusters. For the rest of the documents from
the complex measure, 1 was subtracted. Further, the
complex measure was divided into the numbers of
requested documents. When calculating the percent�
age of documents, the size of the output was equal to
ten (under the numbers of documents in a cluster that
is ten) if it was not equal to the size of the cluster.

Thus, the percentage of relevant documents shows
the completeness of the output and the complex eval�
uation shows the average relevance of the documents
in the output. Such an approach bears some resem�
blance to the evaluation technique of the results that
was presented in the Russian Information Retrieval
Evaluation Seminar [13], although there are some dif�
ferences between them.

For verification, the results were tested for the ran�
dom selection of a file. A file was selected from the
entire collection and sent as the request to the system.
The described method served as an estimate for this
problem. Then, the best results out of ten were selected
to exclude the effect of files that did not contain rele�
vant documents.

Table 1

Measure Completeness Evaluation

Cos(n =1) 0.402 –0.07

Cos(n =2) 0.201 –0.97

Cos(n =3) 0.278 –2.97

s_cos (n =1) 0.479 2.3

s_cos (n =2) 0.354 –0.3

s_cos (n =3) 0.111 –6.17

Dice(n = 1) 0.396 –0.3

Dice(n = 2) 0.34 –1.07

Dice(n = 3) 0.25 –3.8

s_Dice(n = 1) 0.451 1.67

s_Dice(n = 2) 0.472 1.67

s_Dice(n = 3) 0.389 –0.43

SSL(n = 1) 0.389 –1.23

SSL(n = 2) 0.486 1.23

SSL(n = 3) 0.431 0.96
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EXPERIMENTAL RESULTS

Using the described method, the evaluations for
measures (1), (2), (4), and (8) were calculated at dif�
ferent values of n. Table 1 gives the experimental
results. By the “completeness” we mean the percent�
age of documents in the output; by the “evaluation,”
we denote the complex measure of the output. 

It is seen from the data that the modified measure

shows results that exceed the typical cosine measure.
1

The same is related to Dices’ measure. It is easy to ver�
ify that the growth of n impairs the cosine measure and
the Dice measure, i.e., the relevance of required doc�
uments is reduced. Thus, the modified cosine measure
can be used instead of classic one at n = 1. The modi�
fied Dice measure varies at the n change from 1 to 3.
However, at any values of the parameter it gives the
best results on the problem of document retrieval with
the use of another document as the request. Finally,
the SSL measure does not give worse results in com�
parison with the cosine measure and the relevance of
the response increased by 15–20% at n = 2,3.

1 Note that searching for word combinations from the feature vec�
tor was not used in this method. The verification of the effect of
feature selection on the results of calculating different measures
will be performed on its own.

However, the combination of different measures
gave the best results. Therefore, the use of combina�
tions

s_cos(x, y, 1) + SSL(x, y, 2) + SSL(x, y, 3), (9)

SSL(x, y, 2) * SSL(x, y, 3) or s_cos(x, y, 1) * SSL(x,
y, 2) * SSL(x, y, 3) allows one to improve the relevance
in comparison with the cos(x, y, 1) measure by more
than 30%. The use of combinations with the s_Dice
measure makes it possible to attain approximately the
same but slightly smaller effect. Table 2 presents the
results for these measures and the others. Notice that
the table gives the values for the measures that showed
better results in the course of the performed experi�
ments with these combinations and the others.

After changing the numbers of documents in the
output to 15, the evaluations were reduced, as
expected.

Table 3 shows that all the additive criteria impaired
the evaluations of values, while the multiplicative cri�
terion s_cos(1) * SSL(2) * SSL(3) improved the
results. The same situation can be explained as follows:
the additive criteria mostly place the relevant docu�
ments at the head of the output, while these docu�
ments tend to be centrally located in the s_cos(1) *
SSL(2) * SSL(3) criterion.

Table 2

Measure Completeness Evaluation

s_cos(1) + SSL(2) 0.583 3.80

s_cos(1) + SSL(2) + SSL(3) 0.569 3.63

s_cos(1) + SSL(1) + SSL(2) 0.569 2.93

s_cos(1) * SSL(2) 0.549 2.43

s_cos(1) * SSL(2) * SSL(3) 0.444 0.63

s_cos(1) * NSL(x, y, 1) * NSL(y, x, 1) * NSL(x, y, 2) * NSL(y, x, 2) 0.569 2.93

s_cos(1) + s_Dice(1) + s_Dice(2) + SSL(2) 0.549 2.73

s_cos(1) + s_Dice(1) + s_Dice(2) + SSL(2) +SSL(3) 0.549 3.03

SSL(2) +SSL(3) 0.500 2.10

Table 3

Measure Completeness Evaluation

s_cos(1) + SSL(2) 0.518 2.63

s_cos(1) + SSL(2) + SSL(3) 0.543 3

s_cos(1) + SSL(1) + SSL(2) 0.482 2.2

s_cos(1) * SSL(2) 0.513 2.8

s_cos(1) * SSL(2) * SSL(3) 0.503 2.53

s_cos(1) * NSL(x, y, 1) * NSL(y, x, 1) * NSL(x, y, 2) * NSL(y, x, 2) 0.498 1.7

s_cos(1) + s_Dice(1) + s_Dice(2) + SSL(2) 0.508 2.07

s_cos(1) + s_Dice(1) + s_Dice(2) + SSL(2) +SSL(3) 0.487 1.43

SSL(2) +SSL(3) 0.472 0.83
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The output by random files were estimated for the
following measures: s_cos, SSL(x, y, 2) + SSL(x, y,
3), s_cos(x, y, 1) + SSL(x, y, 2), and s_cos(x, y, 1) +
SSL(x, y, 2) + SSL(x, y, 3). For the cosine measure,
the values of completeness, which are from 0.333 to
0.523 (the average value is 0.408), and the values of
complex measure, which are from –3.2 to 0 (the aver�
age value is –1.75), were obtained. For the SSL(x, y,
2) + SSL(x, y, 3) measure, the values of completeness,
which are from 0.353 to 0.606 (the average value is
0.468), and the values of complex measure, which are
from –2.85 to 1.1 (the average value is –1.89), were
obtained. For the s_cos(x, y, 1) + SSL(x, y, 2) mea�
sure, the values of completeness, which are from 0.434
to 0.666 (the average value is 0.55), and the values of
complex measure, which are from –1.5 to 4.75 (the
average value is 2.14), were obtained. Finally, for the
s_cos(x, y, 1) + SSL(x, y, 2) + SSL(x, y, 3) measure,
the values of completeness, which are from 0.512 to
0.762 (the average value is 0.628), and the values of
complex measure, which are from 0.25 to 4.5 (the
average value is 2.14), were obtained.

Thus, measure (9) also gives the best results under
random selection, while the others depend largely on
the files of the request.

CONCLUSIONS

According to the experimental results, the pro�
posed measure for the determination of subject simi�
larity leads to a significant increase in the relevance of
the response in information retrieval problems in the
documentary databases. We can also expect analog
improvement in the problems of clustering and classi�
fication of documents.

It should be mentioned that the complex measure
will not work for antiplagiarism problems since it does
not take the ratio of the frequencies of term occur�
rence in a text into account.

Currently, there are no papers that are devoted to
the reduction of the space of document features. The
most prospective method is to search the style compo�
nent of documents using the t�score measure; combi�
nations with a high evaluation by the MI method are
favored.
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