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Abstract: To solve the problem of unstructured text semantic analysis, modified algorithm for extraction of 
dominant terms from the text is proposed. 3D semantic model of a documents corpus is received, that 
allows you to present it in the form of a weighted graph. The model includes many documents, terms and a 
set of matrices that define a measure of similarity between parts of the system. The algorithm of the search
query that performs cluster analysis of multiple terms is proposed. This algorithm allows the movement to 
the semantic model as the search for a corpus of documents on the graph. The use of developed semantic 
model allows you to expand the parameter set of information retrieval by selected system characteristics. 
Application of latent semantic analysis to the processing of the documents array showed increasing 
correlation between the texts of one subject area and down between texts from different subject areas.
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INTRODUCTION

Scientific knowledge represented documentary is 
weakly structured, as it is written in natural language. 
This makes it difficult to automatically process as a 
formal model of natural language has not yet been 
established.

According to [1], under the text corpus in modern 
linguistics we understand the size-limited set of texts, 
suitable for machine processing and selected so as to 
best represent the language set. Thus, represented 
documented scientific knowledge can be considered as 
the text corpus. There is a problem of search and 
analysis of scientific information in the corpus of
unstructured text.

To the text corpus the definition of system is 
applicable-a set of interrelated elements, united by the 
unity of purpose (or purposes) and functional
dependency  and  the  property  of  system  itself  can 
not be reduced to the properties of the constituent 
elements [2]. 

The corpus has the system properties: ability to 
separate, integrity, cohesion, non-additivity [3].

There is a number of tools to automate the
semantic analysis of textual information on the market: 
Oracle Text, Intelligent Miner for Text, Text Miner,
Text Analyst and others. Products of this type carried 
out  mining  text  data,  or  so-called text mining-"a
non-trivial  process  of  finding a really new, potentially

useful and understandable patterns in unstructured text 
data" [4]. Text mining is a useful tool data, but
increasing amount of information boosts the demand 
for a deeper text analysis methods [5].

This paper discusses an approach to the processing 
of patent literature, as this type of documentation is the
scientific knowledge in the most condensed form and is 
easy to access non-parametric users.

Problem statement: We represent a text document in a 
form D = 〈T,W〉 where T = {tj|i = 1…n}-the set of 
dominant terms of the document, W = {wj|i = 1…n}-the
set of weights of the terms ti in the document D. This 
model is based on a bag of words model [6, 7], but 
differs from it by using terms instead of single words. 
The corpus of documents we represent in the form of 
semantic model A =<D, T, SD, St, StD> where D = {Dj|i
= 1…n}-a set of corpus documents T = {t j|i = 1…m}-a
set of corpus terms, D D

ijS (s )=  (i = 1,…,n; j = 1,…,n)-a
matrix in which the element D

ijs  reflects the measure of 

similarity between documents Di and Dj, t t
ijS (s )=  (i = 

1,…,m; j = 1,…,m)-the matrix in which the element t
ijs

reflects the measure of similarity between the terms ti
and tj, tD tD

ijS (s )=  (i = 1,…,m; j = 1,…,m)-matrix in 
which element tD

ijs  reflects the measure of similarity 
between   the   term  ti  and  the  document  Dj.  Thus, 
the  corpus   can  be  represented  as  a  weighted  graph
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Fig. 1: The semantic model of a document corpus
presented in the graph form

G = <X,R>, where X = <D,T>-the set of vertices of a 
graph, consisting of a set of corpus documents and a set 
of their constituent terms, R = <RD, Rt, RtD>-the set of 
edges connecting the documents and terms among 
themselves and with each other and the function w:
R→ℜ is defined on edge set taking values in real 
numbers (Fig. 1).

Edge (Di, Dj)∈RD between vertices Di∈D and 
Dj∈D exists if D D

ijs > ε , where εD>0-the defined
threshold. The weight of this edge-the value D

ijs .

Similarly,  the  edge  (t i, tj)∈Rt between vertices ti∈T
and tj∈T exists, when t t

ijs > ε , as an edge (t i, Dj)∈RtD

between the vertices ti∈T and Dj∈D exists, when 
tD tD
ijs > ε , where εt>0 and εtD>0-defined thresholds.

Weights  of  these  edges  are, respectively, values t
ijs

and D
ijs .

Then the statement of the problem of information 
retrieval in the corpus is as follows. The request q is 
defined. For this request there is a need to find the 
subgraph Gq=<Xq,Rq> of graph G, where Xq=<Dq, Tq>-
the set of vertices and Rq-the set of edges connecting 
the documents and terms among themselves and with 
each other, with 

q q q tD
j i i jD {D | t :(t , D ) R }= ∃ ∈

The solution method: An integral part of any
information retrieval system is an indexing module,
which automatically creates an index for the text, i.e. 
transfer text to the database table entries In this paper, 
we  propose  for  each  term  to keep the code, the string 

representation, frequency of use in this document, the 
deviation from the initial form, the initial form, the
value of C-value, the code of the document in which the 
term is met, the value of TF * IDF. For each occurrence 
of the term in the document the code, the code of the 
term, number of proposals in the document in which the 
term is met are stored. For each document its code, the 
path to the document, the date of indexation, the
number of words in the document, the number of terms 
in the document, the number of unique terms in a
document, file size, author of the document, document 
name, date of registration of the patent are stored.

Text document indexing uses the following
algorithm:

1. We extract text from the file 
2. We perform a morphological analysis of the text. 
3. The text is divided into rows so that the delimiters

are punctuation marks and other special characters. 
The resulting lines are either whole sentences, or 
its parts, containing no punctuation.

4. From each line obtained in the previous step,
generates all the possible gramms, i.e., the
sequence of n standing in a row in the text words. 
The value of n (the maximum length of the term) is 
given by the user.

5. Linguistic filtering is performed: each n-gram
("term-candidate"-a potential term) is checked for 
compliance with the specified parameters. It is
proposed to use the following parameters which 
were set empirically:

• All the words that make up the term candidate must 
be one of the following parts of speech: adjective, 
adverb, ordinal, cardinal, noun;

• The term candidate can not contain any of the 
words such as "some", "their", "many", "one",
"every", "other" and so on;

• The term candidate must be ended by the noun;
• Term candidate with the length of a single word 

can not be a numeral or ordinal number;
• The term candidate must have at least one noun;
• Should be one of the following conditions: either 

all the words included in the term candidate, agreed 
in gender, number and case, or a part of them (the 
main words) agreed upon and the other part
(dependent word) is in the genitive or ablative. In
this case, the first word of the candidate term
should not be dependent among both main and 
dependent words should be nouns.

6. Candidate terms that meet the linguistic filter are 
stored in a list sorted by the length of the term 
candidate in descending order.
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7. To highlight terms used measure of C-value. In [8] 
describes an experiment showing that this is the 
best measure allows to identify terms in the texts in 
Russian. For  each  term  candidate  a, who met in 
the text more than once, the value of the measure 
C-value [9] is calculated by the formula

a

2

2
b Ta

log a*freq(a),for not nested row
C value(a) 1

log a * freq(a), else
P ( T ) ∈


− =  −


∑

where Ta-the set of candidate terms that contain the 
string a and P(Ta)-their number. The calculation of this 
value is the algorithm described in [9].

8. All candidate terms, which value of C-value is 
greater than 1, are recording in a database. This 
restriction of value allows to consider only terms 
longer  than  one  word  at  this  stage,  because  the 
C-value for the term with length of one word is 
always zero.

9. For the candidate term with one word long, the 
frequency of occurrence in the document which 
exceeds a predetermined threshold (in our studies, 
the threshold value is 1), the value of measure TF * 
IDF is calculated [10]. This measure allows to
perform so-called contrast test, lowering the weight 
of words that are often found not only in this paper, 
but also in other documents of the corpus. For this 
reason, to calculate this measure in the general 
case, you must first index the entire corpus.
However, when the volume of the corpus is big, 
such a calculation would require a significant
amount of time, so to calculate the TF * IDF at the 
stage of indexing a document, instead of the word 
usage frequency data in corpus we use data taken 
from the frequency dictionary [11]. The formula is 
used

V

V

frequency(t) N
W(t) *log

t frequency (t)
=

where frequency (t) the frequency of the term t usage in 
the document; | d |-the number of words in the
document; NV-sample size in the corpus of general
subject: frequencyV (t)-the frequency of the term t 
usage in the case of general subject. This approach 
allows on the stage of indexing terms to exclude from 
the set of candidate most frequently used words which 
are not specific to any subject area. For all of the
candidate terms for which the value of TF * IDF
exceeds a predetermined threshold for single-word
terms (in our study used a value of 0.05), entries are 
created in the database.

10. Calculated TF * IDF for all of the candidate terms 
recorded in the previous steps in the database
according to the formula

C D

d

frequency (t) N
w(t) *log

d N
=

where

C

frequency(t),if t 1
frequency (t)

c value(t),else
 =

=  −
(1)

where-|d| the number of words in the document, ND-the
number of documents in the analyzed corpus; Nd-the
number of documents in the analyzed corpus,
containing the term t.

11. Dominant to the terms of the document are those 
which measures the value of TF * IDF for
exceeding a predetermined threshold.

Next, consider the ontology procedure synthesis for 
a given query. Consider the scientific knowledge,
defined documentary, as a set U = {A, d, M, P} where 
A = {Ai| i = 1…n }-many patents for inventions; D-a lot 
of utility model patents; M-many patents for industrial 
designs; P-the set of certificates of state registration of 
computer programs.

Represent the  patent for  an  invention Ai as
follows: Ai = 〈Ti, Wi〉, where i

i jT {t | i 1...m}= = -the set of 
dominant terms of the document and

i
i jW {w | i 1...m}= = -a set of weights of the terms in the 

document Ai. Let the T = T1∪…∪Tn.
Weight of the term is calculated using the formula 

(1). Search on the set of A is performed using the 
following algorithm:

Step 1: The user specifies the query q on the set of A. 
As a direct result of the query is a subset Tq⊂T of 

{ }q
i iT t |dist(q,t) e,i 1...r= < =

where dist (a, b)-function of the distance between 
objects.

Step 2: Clustering is carried out of the elements t i of Tq,
i.e., the function f:Tq→K that for each object ti∈T
assigns the cluster number ki∈K, where K = {Kj}-the
set of cluster numbers. Thus, each Kj is assigned a
subset of terms Tj∈Tq.

Step 3: The  result  of  the  query  q  can  be  in  the 
form  of  ontology 
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Table 1: Work titles

Designation Name

R1 Liquid propellant rocket engine mixing chamber.
R2 Unit of feeding fuel components into liquid propellant rocket engine combustion chamber.
R3 Device for balancing pressure in turbojet bearings chamber.
R4 Liquid propellant rocket engine combustion chamber.
R5 Liquid propellant rocket engine.
R6 Staroverov’s-7 rocket engine.
N1 Submersible gas unit for multiline pipeline.
N2 Gas generator for pressure gasification of granulated solid fuel.
N3 Arragement for sorbent spraying in processing plant flue gases.
N4 Compressor plant.
N5 Plant to extract hard ore from thin begs by drilling out.
N6 Method of transmitting measurement data by cable-free telemetric system during well drilling.
N7 Well pump.
N8 Well strainer.

Table 2: Terms for analysis

Designation Term

T 1 Rocket engine
T 2 Chamber
T 3 Unit
T 4 Gas
T 5 Plant
T 6 Drilling
T 7 Well

q q q q q q
T A TAO T , A , R , R , R=

wherein Aq⊂A-a subset of the patent wherein 

{ }q q q q q q
i i j iA A T , W | t T : t T= = ∃ ∈ ∈

i.e.  each  of  the  abstracts  of  these  patents  includes 
at least one of the terms corresponding to the request, 

q
TR -the relationship between the set of terms q

jt T∈ ,
q
AR -the relationship between the set of patents Aj∈Aq;
q
TAR -a set of relations between the pairs (t j∈Tq, Aj∈Aq).

An example of ontology is shown in Fig. 2.

Step 4: If  the  search  results  are  relevant  query  q 
from a user perspective, it proceeds to step 5. Otherwise 
is narrowing the search to a single cluster Kj. Is 
assigned to 

( )q q 1 q 1 q 1 jT T \ T ... T T ... T− += ∪ ∪ ∪ ∪ ∪

Recalculated  terms  of weight by the formula (1) 
and  for  each  term  t  is  taken  ND  over  the number of 

Fig. 2: The result of the query, in the form of ontology: 
k1,..., k3-clusters; t1,..., t11-terms; A1,..., A6-
abstracts Experiment

documents in the cluster Kj and for Nd-the number of 
documents in the cluster Kj containing the term t. Then 
proceeds to step 1.

Step 5: Stop.

Experment: To test the methods described above we 
used corpus of the fourteen titles of patents for
invention, taken  from  the  site  FSI  FIIP.  Six
invention  relates to rocket production and eight-to gas-
oil industry (Table 1):

Distinguish the terms which occur in more than 
one title (Table 2)

If the weight of the term to consider the number of 
its occurrences in the text, the body of documents can 
be described by the following matrix "term in the
document" (Table 3):
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Table 3: Matrix of weights

R1 R2 R3 R4 R5 R6 N1 N2 N3 N4 N5 N6 N7 N8

T 1 1 1 0 1 1 1 0 0 0 0 0 0 0 0
T 2 1 1 1 1 0 0 0 0 0 0 0 0 0 0
T 3 0 1 0 0 0 0 1 0 0 0 0 0 0 0
T 4 0 0 0 0 0 0 1 1 1 0 0 0 0 0
T 5 0 0 0 0 0 0 0 0 1 1 1 0 0 0
T 6 0 0 0 0 0 0 0 0 0 0 1 1 0 0
T 7 0 0 0 0 0 0 0 0 0 0 0 1 1 1

Table 4: Correlations in the initial matrix

R1 R2 R3 R4 R5 R6 N1 N2 N3 N4 N5 N6 N7 N8

R1 1.00 0.73 0.65 1.00 0.65 0.65 -0.40 -0.26 -0.40 -0.26 -0.40 -0.40 -0.26 -0.26
R2 0.73 1.00 0.47 0.73 0.47 0.47 0.09 -0.35 -0.55 -0.35 -0.55 -0.55 -0.35 -0.35
R3 0.65 0.47 1.00 0.65 -0.17 -0.17 -0.26 -0.17 -0.26 -0.17 -0.26 -0.26 -0.17 -0.17
R4 1.00 0.73 0.65 1.00 0.65 0.65 -0.40 -0.26 -0.40 -0.26 -0.40 -0.40 -0.26 -0.26
R5 0.65 0.47 -0.17 0.65 1.00 1.00 -0.26 -0.17 -0.26 -0.17 -0.26 -0.26 -0.17 -0.17
R6 0.65 0.47 -0.17 0.65 1.00 1.00 -0.26 -0.17 -0.26 -0.17 -0.26 -0.26 -0.17 -0.17
N1 -0.40 0.09 -0.26 -0.40 -0.26 -0.26 1.00 0.65 0.30 -0.26 -0.40 -0.40 -0.26 -0.26
N2 -0.26 -0.35 -0.17 -0.26 -0.17 -0.17 0.65 1.00 0.65 -0.17 -0.26 -0.26 -0.17 -0.17
N3 -0.40 -0.55 -0.26 -0.40 -0.26 -0.26 0.30 0.65 1.00 0.65 0.30 -0.40 -0.26 -0.26
N4 -0.26 -0.35 -0.17 -0.26 -0.17 -0.17 -0.26 -0.17 0.65 1.00 0.65 -0.26 -0.17 -0.17
N5 -0.40 -0.55 -0.26 -0.40 -0.26 -0.26 -0.40 -0.26 0.30 0.65 1.00 0.30 -0.26 -0.26
N6 -0.40 -0.55 -0.26 -0.40 -0.26 -0.26 -0.40 -0.26 -0.40 -0.26 0.30 1.00 0.65 0.65
N7 -0.26 -0.35 -0.17 -0.26 -0.17 -0.17 -0.26 -0.17 -0.26 -0.17 -0.26 0.65 1.00 1.00
N8 -0.26 -0.35 -0.17 -0.26 -0.17 -0.17 -0.26 -0.17 -0.26 -0.17 -0.26 0.65 1.00 1.00

Table 5: Correlations of the transformed matrix
R1 R2 R3 R4 R5 R6 N1 N2 N3 N4 N5 N6 N7 N8

R1 1.00 0.86 1.00 1.00 1.00 1.00 -0.79 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89
R2 0.86 1.00 0.86 0.86 0.86 0.86 -0.50 -0.68 -0.68 -0.68 -0.68 -0.68 -0.68 -0.68
R3 1.00 0.86 1.00 1.00 1.00 1.00 -0.79 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89
R4 1.00 0.86 1.00 1.00 1.00 1.00 -0.79 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89
R5 1.00 0.86 1.00 1.00 1.00 1.00 -0.79 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89
R6 1.00 0.86 1.00 1.00 1.00 1.00 -0.79 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89 -0.89
N1 -0.79 -0.50 -0.79 -0.79 -0.79 -0.79 1.00 0.93 0.93 0.93 0.93 0.93 0.93 0.93
N2 -0.89 -0.68 -0.17 -0.26 -0.17 -0.17 0.93 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N3 -0.89 -0.68 -0.89 -0.89 -0.89 -0.89 0.93 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N4 -0.89 -0.68 -0.89 -0.89 -0.89 -0.89 0.93 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N5 -0.89 -0.68 -0.89 -0.89 -0.89 -0.89 0.93 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N6 -0.89 -0.68 -0.89 -0.89 -0.89 -0.89 0.93 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N7 -0.89 -0.68 -0.89 -0.89 -0.89 -0.89 0.93 1.00 1.00 1.00 1.00 1.00 1.00 1.00
N8 -0.89 -0.68 -0.89 -0.89 -0.89 -0.89 0.93 1.00 1.00 1.00 1.00 1.00 1.00 1.00

When  calculating  the  correlation  coefficient  in 
the original matrix, the following data was received 
(Table 4)

The  poor  correlation  between  the  documents 
from one subject area is obvious. If the average
correlation between headers R1-R6 is 0,56, then
between headers N1-N8 it is only 0.04 and the

correlation  between  different  header  areas  is -0.28.
To  address  this  algorithm  of  latent  semantic
analysis  was  applied  [12], which consists in the 
singular    decomposition    of   a   matrix   of   weights
and  approximation  of  its  matrix  with  lower  scores. 
In  our  studies,  the  automated  system  was  set  to 
rank of 2.
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Then again, correlations were calculated for pairs 
of documents (Table 5).

In the transformed matrix correlations between
headings have become more pronounced. The average 
correlation between headings R1-R6 rose to 0.95
between headings N1-N8 rose to 0.98 and the
correlation between the headings of different areas 
dropped to-0.84. This occurs because the latent
semantic analysis method allows the use of word 
context.

As a result of the cluster analysis of headings 
identified  four  clusters: K1 = {R1, R2, R4, R5, R6}, 
K2 = {R3}, K3 = {O1, O2, O3, O4}, K4 = {O5, O6, 
O7, O8}.

CONCLUSION

Experiments have shown that the methodology
outlined in the work, gives good results, allowing you 
to identify semantically similar texts in the document 
corpus. Submission of document corpus in the graph 
form allows you to apply standard graph algorithms for 
analysis of textual information.
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