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Abstract. Generally, to define the belonging of a text to a specific theme or
domain, we can use approaches to text classification. However, the task becomes
more complicated when there is no train corpus, in which the set of classes and
the set of documents belonged to these classes are predetermined. We suggest
using the semantic similarity of texts to determine their belonging to a specific
domain. Our train corpus includes news articles containing criminal information.
In order to define whether the theme of input documents is close to the theme of
the train corpus, we propose to calculate the cosine similarity between documents
of the corpus and the input document. We have empirically established the aver-
age value of the cosine similarity coefficient, in which the document can be at-
tributed to the highly specialized documents containing criminal information. We
evaluate our approach on the test corpus of articles from the news sites of
Kharkiv. F-measure of the document classification with criminal information
achieves 96 %.

Keywords: semantic similarity of texts, VSM, criminal information, news sites,
cosine similarity, PPMI

1 Introduction

One of the main tasks of NLP and, accordingly, of computer linguistics, in general, is
the task of semantic similarity of different elements of the texts (words, phrases, colo-
cations, sentences and documents). This task is directly related to information retrieval,
ranking of documents, topic modeling of texts, sentiment analysis and more.

The task of the identification of the documents semantic similarity is used in all ap-
proaches that utilize semantic analysis and semantic technologies including the moni-
toring of public information, telecommunication networks. However, mostly, this task,
which originally was considered by Salton [1], is applied regarding information re-
trieval. In considering the issue of the documents similarity identification, Salton et. al
(1975) focused on measuring document similarity, considering a query to search engine
as a pseudo-document.
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We suggest using the semantic similarity of texts to determine their belonging to a
specific domain. Usually, the solutions of the task are based on methods and approaches
to text classification. Good and frequently used methods of text classification are the
decision tree, neural networks [2], Random Forest and Support Vector Machine [3], the
Bayesian method, K-means [4] and others like them [5]. Nevertheless, all these meth-
ods require a trained corpus, in which the set of classes and the set of documents be-
longed to these classes, are predetermined.

In our case there are no predefined classes, we have only a text corpus of a specific
domain, which includes news articles containing criminal information. It the study, in
order to determine belonging of a text to the specific domain, when we cannot use clas-
sification because there are no predefined classes, we suggest measuring the similarity
of the texts.

The remainder of the paper is organized as follows. Section 2 gives an overview of
the related works, corresponding with methods and approaches of semantic similarity
of texts. Section 3 describes the application of VSM for semantic analysis. Section 4
presents the usage of our method for identifying the criminal meaning of texts. Section
5 introduces our corpus comprising texts contained criminal information and describes
its usage in our experiment. In the last Section 6, the scientific and practical contribu-
tions of the research, its limitations and future work are discussed.

2 Related Work

Search for the semantic similarity of text information is getting more and more popular
in various fields, for instance, [6] utilized semantic similarity as a very effective method
to identify links between medical objects such as a drug and a diagnosis. Their approach
is based on the transformation of embedding into a drug-prescription model and as-
sesses similarities between them using a vector representation of the link between drug
and prescription. This approach has been empirically studied and shows good results in
bio-medicine.

Evaluation of semantic similarity of texts also helps in market analysis, banking and
marketing. In paper [7] authors used this approach to determine the similarities between
various press releases of a bank and to assess their impact on potential clients and the
financial market. This was done by calculating the distance between fixed- vectors
length of pairs of press releases (bag of words model). The method assigned more
weight to words that were rare and less weight to words that were frequent. Testing also
showed that the results were not sensitive to weighting.

This technique calculated the semantic similarity between the text words and the
lexical dictionary is also exploited in the field of sentiment analysis, especially for pro-
cessing various lexical resources. The authors of the study [8] applied this metric for
sentiment classification model using a measure of semantic proximity and embedding
representations. However, the results of the study indicate that the choice of the vocab-
ulary influences cross-dataset analysis.

The study [9] used a new method to determine the semantic similarity of big docu-
ments that were academic articles. These articles had some kind of topic events that



presented the same information about research objectives, methodologies, etc., as well.
To calculate the degree of semantic similarity, the authors of the study exploited domain
ontology, which was used to calculate similarities between semantic events. Estimated
experiments had shown that such a method based on ontologies got more accurate re-
sults compared to others. Generally, the methods, which utilized ontologies, showed
overall advantages in Correlation, Accuracy and F1-score.

Overall, a lot of studies provided different ways to improve the computation of se-
mantic similarity. For instance, study [10] provided good results for the new vector
space model based on a random walk algorithm. The peculiarity of this approach was
the comparison of the distribution of each text that induces when used as the seed of a
random walk over a graph derived from WordNet. This algorithm had a relative de-
crease in the error rate in comparison to a conventional vector model.

Traditionally, there are two groups of approaches to the task of semantic similarity
identification. The first group is based on ontologies. For instance, the ontology-based
approach was utilized by Resnik's method [11] or the extended Lesk Algorithm [12].
However, in the vast majority of cases, such approaches applied to identify the semantic
similarity of short text fragments or words.

The second group of approaches to the task of semantic similarity identification is
based on statistical methods of distributional similarity. These methods applied to
measure words similarity as well as to similarity of documents and even similarity of
relations [13]. Therefore, the semantic similarity of large documents is still based only
on statistical information, which is clearly insufficient for determining global semantic
values [14].

3 The Application of VSM for Semantic Analysis

The purpose of our study is to find a universal method for solving the problem of iden-
tification of the texts with criminal meaning. When determining the thematic orienta-
tion of texts, namely for the task of classification or clustering, vector space model is
an adequate and well-developed method.

The vector space model (VSM) allows providing a collection of documents by vec-
tors from one vector space, which is common for the whole collection of documents
[13]. The use of VSM is based on two cognitive hypotheses. The first hypothesis, sta-
tistical semantics hypothesis, states that statistical patterns of word usage in natural
language can be used to find out what people mean. In other words, human intellect can
understand words depending on their environment [15].

The second hypothesis, formulated by J. Salton for information retrieval [1], is based
on the representation of the text as "a bag of words" and suggests that the frequency of
words in a document often determines the relevance of documents to the query.

The main idea of VSM is to represent each collection document as a point in multi-
dimensional space (vector in vector space). The points lying close to each other corre-
spond to semantically similar documents. Therefore, in the vector space model, text
representation mainly focuses on two tasks. Firstly, how to build a vector and, secondly,
how to assign weights to vector elements.



Towards the first objective, each document in a vector model is thought as an unor-
dered set of terms. The terms can be any words, including numbers and proper names.
With a large collection of researched documents, as in our case, and correspondingly a
large number of vectors, it is reasonable to place the data in the matrix. Each row of the
matrix defines a separate term, and each column corresponds to some document.

The second primary task of VSM is to determine the weight of the terms in the doc-
ument. Weight refers to the importance of a word, its semantic ability to identify a given
text. The easiest way is to determine the frequency of a term.

Nevertheless as usual, in order to determine the weight of a term in a term-document
matrix, tf*idf index is used, which stands for "term frequency * inverse document fre-
guency".

The purpose of weighing the terms is to determine how fully they reflect the seman-
tic content of the document. However, frequency and probabilistic methods of tf*idf
have a number of disadvantages, as often the result may be irrelevant documents or lack
of true relevance. Such problems with the result are related to the fact that the methods
described do not take into account that the frequencies of occurrence of different terms
depend on each other, since they can be combined into word combinations. In addition,
it affects the result and the synonymy and plurality of the language.

In order to solve some of these problems we will use PMI (Pointwise Mutual Infor-
mation) as a weight function [16]. Formally, PMI can be defined in the following way.

Let F be a traditional term-document matrix in which n, rows and n¢ columns, i-n
row in matrix F is the vector of row fi. and j-n column in matrix F is the vector of
column f;j. Row fi. corresponds to term w; and column f;j corresponds to document d;.
The value of element f; is the number of times that w; appears in document d;.

Let X be the matrix that is obtained by calculating the PMI weight function to the
elements of matrix F. Then matrix X will have as many rows and columns as the fre-
quency matrix F. The values of the x;; element in matrix X are defined as follows equa-
tions:

Py =/ » fj (1)
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where:

pij is the estimated probability that term w; will appear in document dj;

pi- is the estimated probability of term wi, i.e. the probability that the term will appear
in any collection document;

p- is the estimated probability of document d;, i.e probability that the document will
appear with any term.
To determine PMI, we calculate the logarithm of the estimated probability pj (1)

divided by the product of two probabilities pi: (2) and p-; (3):



pmiij = log( Pij I pi*p*j))v (4)

If wi, and d; are statistically independent, then according to the definition of the product
of probability of independent events, pi-* psj = pjj. In this case, the value of the formula
logarithm of the definition of pmij; (4) will be zero. However, if there is some semantic
interrelation between w;, and dj, it should be expected that p;; will be more than it would
be if wi, and d; were semantically independent. Therefore, we should look for the PPMI
(Positive Pointwise Mutual Information) weight function, which is defined as:

pmiy, if pmi; >0
0, otherwise

Xj= ppmiij :{ )
To measure the similarity of two weighted frequency vectors, we will determine their
cosine similarity [17]. Let x and y be two vectors of n elements. Then the cosine of
angle © between vectors x and y can be calculated as inner product of vectors normal-
ized by their lengths.

Zi:l XiYi

o o ©)
Zi =1 X Zi:l Yi

To calculate the cosine between vectors x and y, we summarize the products of their
coordinates ;e y1 + Xo@ Yo+ ... + Xpe Yn, and then divide this product into a square root
of the sum of squares of their coordinates (6).

According to formula (6), the value of a cosine can vary from minus one if vectors
have opposite directions (© =180 degrees) to plus one if directions of vectors coincide
(6 =0 degrees). When vectors are perpendicular (6 =90 degrees), the cosine of the
angle between them is equal to zero. Since by definition of PPMI weights cannot be
negative, therefore cosine values between vectors that use PPMI as coordinates will
always lie in the positive range [0, 1].

cos(x,y) =

4 Our Method for Identifying the Criminal Meaning of Texts

The main objective that we are seeking to achieve as a result of this research is to find
a universal method for determining the semantic similarity of the input text to a partic-
ular thematic focus. Namely, we define the thematic closeness to texts that contain
criminal information.

To determine whether a random text belongs to a criminal subject, we use self-cre-
ated corpus containing news articles related to criminal content. In fact, the concept of
"the criminal meaning of texts" is blurry and subjective. We put the following meaning
into it: the text belongs to the category of “Criminal” if it contains information about
emergency news, war, terrorism, accidents, extremism, criminal offences, etc.

Within this topic, the corpus of criminal texts and the corpus with the materials,
which do not correspond to the investigated subject, were collected.

Our method for determining whether a document belongs to a highly specialized
area includes three main steps, as shown in Figure 1: (1) linguistic processing of the



raw corpus and the input document; (2) machine learning phase; (3) cosine similarity
phase.
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Fig. 1. The general scheme of the applied method.

At the first stage of creating the term-document matrix the linguistic processing of raw
texts consisting of tokenization and text normalization was performed.

The second stage of processing is the stage of machine learning, which consists of
building a PPMI term-document matrix and PPMI vector of the input document. This
stage is based on the method described in the previous subsection.

At the third stage, the minimum, maximum and average values of the semantic sim-
ilarity coefficient were calculated, defined in cosine similarity between the input docu-
ment vector and the document vectors of the available PPMI term-document matrix.

Figure 2 shows an example of the developed application MainWindow, which al-
lows identifying the criminal meaning of the incoming news text.

5 Description of the Corpus and Result of the Experiment

Our dataset includes the corpus of criminal texts and the corpus with articles, which do
not correspond to this topic. To create the first corpus named "criminal™ articles were
taken from the news sites of Kharkiv, such as: 057.ua, Mediaport, ATN, Vechirniy
Kharkiv, Misto by the categories of war, terrorism, accidents, extremism, criminal of-
fences, etc. in the period 2007-2018 [18]. For the second corpus named "non-criminal”
texts were collected automatically from the same information sites, but in other catego-
ries. In general, the volume of these two corpora is more than 195,000 text files in text
format.
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Fig. 2. The example of the running program MainWindow

In order to determine the value of the coefficient simes allowing attributing the input
document to the criminal theme, we made the following experiment. We have allocated
90% of texts of the "criminal" corpus into a train corpus. The test corpus has consisted

of the last part of texts from “criminal™ corpus and texts from “non-criminal”.

During the experiment, the values of cosine similarity of tested text docs: from
"criminal" part of the test corpus and each text from the trained corpus Simcos (dOCtest,
docuain) Was calculated. Table 1 shows the maximum, minimum and average values of
cosine similarity between each "criminal” text of the test corpus and documents of the

train corpus, which also belong to the criminal theme.

Table 1. The fragment of the analysis results of simcos between criminal texts of the test corpus

and criminal texts of the train corpus

File Cosine similarity Simcos

Max Min Average

(Simcos) (Simcos) (Simcos)
ATN_2018-08-31_11.33_1.txt 0,92 0,26 0,72
ATN_2018-08-31_12.27_2.txt 0,77 0,35 0,57
ATN_2018-08-31_12.33_3.txt 0,79 0,38 0,67
ATN_2018-08-31_16.24_4.txt 0,78 0,38 0,67
Misto X_2018-08-31_16.39_5.txt 0,82 0,36 0,69
Misto X_2018-09-01_17.44_6.txt 0,80 0,39 0,68
Misto X_2018-09-02_10.26_7.txt 0,88 0,27 0,69
Misto X_2018-09-02_12.58_8.txt 0,80 0,27 0,60
Misto X_2018-09-02_17.00_9.txt 0,87 0,31 0,71
VKh_2018-01-14 13.50_2.txt 0,77 0,50 0,66
VKh _2018-01-14 14.10 3.txt 0,82 0,48 0,68
VKh_2018-01-14 14.40_4.txt 0,77 0,49 0,67
Mediaport _2018-01-15_15.10_5.txt 0,73 0,28 0,51




Mediaport _2018-01-16_11.10_6.txt 0,81 0,36 0,68

Mediaport _2018-01-16_15.00_7.txt 0,88 0,31 0,71
Mediaport _2018-01-16_18.40_8.txt 0,85 0,33 0,69
057.ua_2018-10 16_00.09_1.txt 0,79 0,42 0,70
057.ua_2018-10-17_00.13_2.txt 0,67 0,41 0,59
057.ua_2018-10-17_00.18_3.txt 0,89 0,37 0,67
057.ua_2018-10-18_00.18_4.txt 0,74 0,38 0,61
057.ua_2018-10-19_00.02_5.txt 0,77 0,43 0,62
057.ua_2018-10-22_00.19_6.txt 0,84 0,43 0,72

The analysis of the obtained results allowed concluding that the minimum value of co-
sine similarity coefficient (Simces) of the texts containing criminal information of the
test corpus and documents of the trained corpus is not less than 0.3 (min(Simees)> 0.3),
the maximum value of max(simes)> 0.7, and the average value of average(simces)>
0.55.

Table 2 shows certain values of min (simeos), max (Simeos) and average (Simees) of
cosine similarity between documents of the train corpus and documents from the test
corpus, which can be related to any subject except for the criminally specialized one.

Table 2. The fragment of the simcom results for the test corpus of a random theme

File Cosine similarity, Simcos
Max Min Average
(Simcos) (Simcos) (Simcos)
ATN_2018-08-31_1.txt 0,63 0,24 0,41
ATN_2018-08-31_2.txt 0,66 0,25 0,47
ATN_2018-08-31_3.txt 0,69 0,19 0,45
ATN_2018-08-31_4.txt 0,67 0,21 0,41
ATN_2018-08-31_5.txt 0,73 0,24 0,48
ATN_2018-09-6.txt 0,60 0,25 0,44
Misto X_2018-09-7.txt 0,51 0,15 0,36
Misto X _2018-09-8.txt 0,74 0,20 0,53
Misto X _2018-09-9.txt 0,67 0,22 0,47
Misto X _2018-09-10.txt 0,62 0,23 0,43
Misto X _2018-09-11.txt 0,76 0,19 0,55
Misto X _2018-09-12.txt 0,75 0,22 0,60
Misto X _2018-10-19_13.txt 0,72 0,25 0,51
Mediaport_2018-10-19_14.txt 0,65 0,19 0,47
Mediaport _2018-10-19_15.txt 0,66 0,19 0,50
Mediaport _2018-10-19_16.txt 0,62 0,21 0,38
Mediaport _2018-10-19_17.txt 0,56 0,28 0,45
Mediaport _2018-10-19_18.txt 0,62 0,20 0,44
Mediaport _2018-10-19_19.txt 0,60 0,18 0,39
VKh_2018-10-19_20.txt 0,65 0,24 0,43
VKh _2018-10-19_21.txt 0,73 0,25 0,50

VKh _2018-10-19_22.txt 0,65 0,18 0,44




057.ua _2018-10-19_23.txt 0,59 0,23 0,47

057.ua_2018-10-19_24.txt 0,56 0,27 0,45
057.ua_2018-10-19_25.txt 0,61 0,25 0,48
057.ua_2018-10-19_26.txt 0,55 0,20 0,39
057.ua_2018-10-19_27.txt 0,70 0,28 0,41

Having analyzed the obtained results, we could conclude that the average value of co-
sine similarity between the texts of the trained corpus and texts of arbitrary subjects is
usually within 0.35 < average (Simeos) < 0.50. The maximum and minimum values are
below 0.76 and 0.30, respectively: max (Simeos) < 0.76 and min (Simces)< 0.30.

On the basis of the experimental research, we formulated the hypothesis that if the
average value of the cosine similarity coefficient between the input document and doc-
uments of the trained corpus is more than 0,50 this document can be attributed to the
highly specialized documents, which contain criminal information.

In order to evaluate the correctness and reliability of the obtained borderline value
of the semantic similarity coefficient, we used the metrics of recall, precision and F-
measure. As a result of the experiment, we analyzed 1064 documents from the test
corpus, that were not used earlier, 520 of which were defined in advance as having
criminally significant information, and 544 - other thematic areas.

Table 3 shows the fragment of the quality assessment table of the proposed technol-
ogy to determine the semantic similarity to highly specialized texts.

Table 3. The fragment of quality assessment of our technology (where: NC — not criminal text;
C — criminal text)

File Apriori max min Average System
infor- (SiMcos)  (SiMcos) (Simecos) conclu-
mation sion
057.ua_2018-11-09 51.txt NC 0,65 0,19 0,42 NC
057.ua _2018-11-09_52.txt C 0,71 0,12 0,49 NC
057.ua_2018-10-02_17.txt C 0,81 0,22 0,59 C
057.ua _2018-11-09_53.txt NC 0,78 0,14 0,52 NC
057.ua_2018-10-02_19.txt  C 0,82 0,25 0,67 C
Misto X_2018-10-02_20.txt C 0,83 0,23 0,65 C
Misto X_2018-11-09_54.txt NC 0,72 0,21 0,53 C
Misto X_2018-11-09 55.txt  NC 0,61 0,17 0,41 NC
Misto X_2018-11-09_56.txt  NC 0,79 0,22 0,43 NC
Mediaport_2018-08- C 0,87 0,36 0,71 C
31 20.txt
Mediaport_2018-08- C 0,80 0,47 0,69 C
31_16.txt
Mediaport_2018-08- C 0,77 0,41 0,67 C
31_16.txt
Mediaport_2018-08- C 0,71 0,41 0,61 C
31 18.txt
Mediaport_2018-07- C 0,65 0,47 0,58 C
01 19.txt
Mediaport_2018-11- C 0,73 0,38 0,59 C
08_20.txt

ATN_2018-11-09_57.txt NC 0,61 0,15 0,44 NC




ATN _2018-11-09_58.txt C 0,66 0,25 0,48 NC
ATN_2018-11-09_509.txt NC 0,61 0,26 0,46 NC
ATN_2018-11-09_60.txt C 0,79 0,40 0,62 C
ATN_2018-09-04_16.txt C 0,88 0,32 0,70 C
VKh_2018-11-09_17.txt C 0,85 0,41 0,72 C
VKh _2018-11-09_18.txt C 0,78 0,49 0,69 C
VKh _2018-11-09_19.txt C 0,84 0,43 0,71 C
VKh _2018-11-09_15.txt C 0,87 0,41 0,71 C
VKh _2018-09-04_74.txt NC 0,57 0,21 0,37 NC
VKh _2018-11-09_62.txt NC 0,70 0,24 0,54 C
VKh _2018-11-09_63.txt NC 0,51 0,17 0,39 NC
VKh _2018-11-09_64.txt NC 0,64 0,23 0,43 NC
VKh _2018-11-09_65.txt NC 0,53 0,19 0,37 NC

The result of the experiment can be presented in Table 4, where:

tp (true positive) - texts, which are correctly automatically defined as semantically
close to the “criminal” theme;

fp (false positives) - texts which are incorrectly automatically defined as semanti-
cally close to the “criminal” theme;

fn (false negatives) - texts which are incorrectly automatically defined as semanti-
cally not close to the documents of “criminal” theme;

tn (true negatives) - texts which are correctly automatically defined as not close to
the “criminal” theme.

Table 4. The results of the experiment to determine the semantic similarity of the document to
the “criminal” theme

tp =512 fp =36
fn =8 tn =518

Based on the above-mentioned values, we calculated the recall, precision and F-meas-
ure of the developed technology for determining the semantic similarity of the docu-
ment to a highly specialized area (on the example of the criminal texts corpus).

Table 5. The recall, precision and F-measure of the developed technology

precision recall Fi-measure
93,4% 98,5% 95,95%

Recall obtained from the experiments is a bit more than precision. The practical signif-
icance of these results lies in the fact that when solving this specific task of identifying
criminally significant texts, it is better to have the error of the first type, which creates
redundancy of criminally significant documents, than the error of the second type,
which skips the criminal-contained texts.



6 Conclusions

The evaluation of the semantic similarity of the texts is a rather capacious and extensive
task, which is an integral part of most linguistic tasks, for example, referencing, classi-
fication, creation of question-answering systems, information retrieval, etc. Most mod-
ern researches still focus on the development of this area specifically for the English
language. There are a few available applications for semantic comparison of texts such
as WordNet::Similarity or Alchemy API. All of them have achieved good enough re-
sults, but despite this algorithm for the other languages is still not completed. That's
why the purpose of our research is to determine the thematic domain of Ukrainian and
Russian texts in the absence of predefined classes by estimating semantic similarity.
We consider such thematic field as a criminal-contained text and, accordingly, every-
thing that does not fall under such topics. For the study there was created a special news
corpus, all the texts of which were automatically collected from the news sites of
Kharkiv in a large collection of documents (195,000 texts).

Machine learning offers many ways to define semantic similarity of texts. VSM is
one of the most common and frequently used methods. But it has its disadvantages,
such as the result may be irrelevant documents or lack of true relevance due to the
wrong weighting of terms.

In our study, we use PPMI as a weight function to avoid this problem and to get the
best results. In contrast to mutual information it refers to single events, whereas Ml
(mutual information) refers to the average of all possible events.

Standard measures were used to evaluate results: precision, recall and F-measure.
The recall of the document classification as a highly specialized subject is above 98%,
while precision is around 93% and F-measure = 96%. These values indicate good and
accurate results for the application of PPMI in the task of evaluating the semantic sim-
ilarity of texts.
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