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Abstract 

A method for calculating the probabilities of the distribution of mass media by topics, characteristics and classes based on a thematic model 
of the corpus of media texts is proposed. The essence of the method is to use a thematic model, represented by a matrix of conditional 
probabilities of distribution of media documents by topic, to obtain the distribution of conditional probabilities of the media by topic, as 
well as classes and characteristics, determined by experts. A calculation algorithm is based on Bayesian rules and the result of its work on 
a small model example is described. 
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1 Introduction 

Currently, there has been significant progress in the models 
and methods of natural language processing. Natural 
language processing (NLP) as a research area includes a 
wide range of applied sections: 

• the automatic translation [1], 
• the automatic summarization, 
• the generation of responses to user requests 

(Question Answering) [2].  
• the information extraction (IE) [3],  
• the information retrieval [4] [5].  
• the sentiment analysis [6],  
• the other areas, which are related one way or another 

to the processing of oral and written natural speech. 
The needs to solve the practical problems of NLP served 

the development of many methods of Computer Science, 
among which we can mention machine learning, neural 
networks, deep learning [7], fuzzy logic, first order logic, 
semantic networks and others. 

Recently, the scientific research, which are supported by 
the growth of computing power, led to a number of 
breakthrough results in NLP, among which are the successes 
in the field of machine translation, automatic summarization, 
information retrieval, question answering, sentiment analysis, 
information extraction [8], authorship verification [9]. 

The key aspects that allowed to obtain the impressive 
results in the field of automatic processing of natural 
language texts are, according to [10], the advances in the 
development of machine learning methods, the multiple 
increase in computing power, the availability of a large 
amount of linguistic data and the development in 
understanding of the structure of natural language in the 
application to the social context. 

NLP as a field of research is changing extremely 
dynamically. Since the time of work [11], the qualitatively 

new results have been obtained in the development of 
statistical models of the language. The large volumes of 
available social media texts and the usage of deep neural 
networks [12] lead to the formulation of pattern extraction 
tasks from the huge amounts of unstructured information on 
the base of the modern methods of distributive linguistics 
and the so-called distantly supervised learning [10]. 

One of the methods productively applied in the field of 
NLP is thematic analysis or thematic modeling. Thematic 
modeling is a method based on the statistical characteristics of 
collections of documents, which is used in the tasks of 
automatic summarization, information extraction, information 
retrieval and classification [13]. The meaning of this approach 
is based on the intuitive understanding that the documents in 
the collection form groups in which the frequency of 
occurrence of words or combinations of words differs. 

The heyday of this area of research came in 2012–2013, 
after which in 2018 the number of publications with the term 
“thematic modeling” was more than halved (166,000 in 
2012 and 61800 in 2018) according to google scholar [14].  

Using clusters of documents related to a set of topics 
allows solving problems of synonymy and polysemy of 
terms [15]. Probabilistic thematic models describe 
documents (M) by a discrete distribution on a set of topics 
(T), and topics by a discrete distribution on a set of terms 
[16]. As a result of building a thematic model, a matrix of 
conditional probabilities is formed, hereinafter referred to as 
p2(k|m), where k  T, m  M. 

In this paper, the thematic model is used to calculate the 
conditional probability distributions of the media by themes, 
classes and attributes. In other words, a multimodal 
evaluation of the media, based on the initial distribution of 
documents by topic is proposed. The proposed approach is 
remarkable in that the thematic model created by cluster 
analysis (unsupervised learning) is then applied in 
conjunction with expertly defined classes and attributes. In 
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other words, the user sets the semantics of the required 
distribution, although the initial thematic analysis depends 
only on the corpus of documents. 

2 Algorithm of Multimodal Mass-Media Assessment 

Goal: using the distribution of the likelihood of corpus 
documents, aggregate the indicators of compliance of an 
article with topics, attributes (dictionaries) and classes to 
obtain conformity assessments of the media in three 
modalities: topics, attributes and classes. 

Method: To assess these mentioned correspondences, 
probabilistic and Bayesian approaches are used under the 
assumption that the probabilities of articles, topics, classes, 
and attributes are mutually independent. 

Expected result: Assessment of media "belonging" to 
topics, attributes and classes in the form of probability 
distributions. 

Brief description: Using a variety of topics of the corpus, 
firstly, we obtain a discrete distribution of the probability of 
articles on topics (p2). Secondly, we obtain the distribution of 
dictionaries by topics (p1), that is, we determine the extent to 
which the dictionary describes a specific topic. Thirdly, using 
the analytical hierarchical process (AHP), we calculate the 
importance of dictionaries for classes (separately for each 
class) (p3). Then, using p1 and p3, we calculate the 
conditional distribution of topics across classes (p4). 
Knowing the probability distribution of topics across classes 
(p4) and the probability distribution of an article by topics 
(p2), one can calculate the distribution of an article by classes 
(p5). In turn, the distribution of the article by attributes or 
dictionaries (p6) depends on p1 and p2. The initial data and 
the resulting matrices of conditional probabilities are shown 
in the figure. The corpus of documents is described by the 
dictionary (Corpus Dictionary). Media (MMS) are the source 
of m documents (Fig 1). 

 
FIGURE 1. Processes for determining conditional probabilities 

After receiving these estimates for each publication, the 
media is assessed using the Bayesian rules chain. 

In accordance with the Bayes formula, we can express 
the conditional probability of the validity of hypothesis h 
when the e event occurs in the form 

𝑒𝑒(ℎ|𝑒𝑒) = 𝑠𝑠�𝑒𝑒�ℎ�×𝑠𝑠(ℎ)
𝑠𝑠�𝑒𝑒�ℎ�×р(ℎ)+𝑠𝑠�𝑒𝑒�∽ ℎ�× 𝑠𝑠(∽ℎ)

, (B1) 

where 𝑒𝑒(𝑒𝑒|ℎ) – the conditional probability of occurrence of 
an event e at fair h, 𝑒𝑒(ℎ) – prior probability of hypothesis h, 
𝑒𝑒(𝑒𝑒| ∽ ℎ) - the conditional probability of occurrence of an 
event e at unfair h, 𝑒𝑒(∽ ℎ) - the probability that the event h 
is not true, which, according to the formula for the total 
probability, can be calculated as 

𝑒𝑒(∽ ℎ) = 1 − 𝑒𝑒(ℎ). (B2) 

Thus, of calculate the conditional probability 𝑒𝑒(ℎ|𝑒𝑒)  
it’s enough to know the probabilities𝑒𝑒(𝑒𝑒|ℎ), 𝑒𝑒(𝑒𝑒| ∽ ℎ) and 
a priori probability𝑒𝑒(ℎ).  

In terms of the media assessment task, conditional 
probabilities 𝑒𝑒(𝑒𝑒|ℎ) can be interpreted as the probabilities 
of the appearance of some article in e E (where E is set of 
articles of specific media) under the condition of validity of 
the hypotheses of three types (each hypothesis for its 
modality): 

h1: The media works in one of the topics from a variety 
of topics T: H1={h1[1],...,h1[k]} 

h2: The media publishes articles belonging to a class 
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from set C:  H2={h2[1],...,h2[с]} 
h3: The media differs by attributes from Q: 

H2={h3[1],...,h3[q]} 
Consider the first task, which is to determine the 

preferred topics of the media.  
Thematic focus of the media is expressed in published 

articles. Article ei appears depending on whether the media 
works in topic tj T, где tj = (1,…,k) 

Let’s assume that p(ei|h1(tj)) = p2[tj][ ei], where p2 – 
discrete distribution of conditional probabilities of topics 
according to corpus documents.  

In turn, the probability of appearance of an article on this 
topic with the validity of the hypothesis that the media does 
not work in the topic of kj, we assume equal to p(ei|~h1)=0.5, 
which essentially means that we have no information. The 
prior probability p(h1(tj)) is taken to be equally probable for 
all topics. p(h1(tj))=1/k, and according to the expression (B2) 
p(~h1(tj)=1- p(h1(tj) 

Similarly, let's assume p(ei|h2(cj)) = p5[ei][cj], where р5 
- conditional probabilities of publication distribution by 
classes p(h2(cj)=1/cj, p(~h2(cj)=1- p(h2(cj), 
p(ei|~h2(cj))=0.5. 

Also p(ei|h3(qj)) = p6[ei][qj], where p6 - conditional 
probabilities of publication distribution by attributes 
p(h3(qj)=1/q, p(~h3(qj)=1- p(h3(qj)). p(ei|~h3(qj))=0.5 

Omitting the number of a specific subject (tj), class (сj) 
and attribute (qj) for the indicated hypotheses h1  H1, h2 

 H2, h3  H3, we can get the following 

3 Algorithm of Multimodal Media Assessment 

For all h1 ∈ H1 
For all e𝑖𝑖 ∈ E  

p(h1|ei) =
p(ei|h1) × p(h1)

p(ei|h1) × р(h1) + p(ei| ∽ h1) ×  p(∽ h1)
 

p(h1): = p(h1|ei) 

p(~h1): = 1 − p(h1|ei) 

For all h2 ∈ H2 
For all e𝑖𝑖 ∈ E  

p(h2|ei) =
p(ei|h2) × p(h2)

p(ei|h2) × р(h2) + p(ei| ∽ h2) ×  p(∽ h2)
 

p(h2): = p(h2|ei) 

p(~h2): = 1 − p(h2|ei) 

For all h3 ∈ H3 
For all e𝑖𝑖 ∈ E  

p(h3|ei) =
p(ei|h3) × p(h3)

p(ei|h3) × р(h3) + p(ei| ∽ h3) ×  p(∽ h3)
 

p(h3): = p(h3|ei) 

p(~h3): = 1 − p(h3|ei) 

As a result of the algorithm, we get a set  Psi(H) =
{Psi(H1), Psi(H2), Psi(H3)}, for a specific media si where 
Psi(H1)={ p(h1[1]), … p(h1[k])} 
Psi(H2)={ p(h2[1]), … p(h2[c])} 
Psi(H3)={ p(h3[1]), … p(h3[q])} 

4 Experimental Corpus 

In order to assess the applicability of the described algorithm, 
a very small corpus of documents was formed, conditionally 
distributed between the two media. For the described case, 
the matrices p1, ..., p6 were calculated using the Jacquard 
measure, which is often used as a measure of the proximity 
of documents in clustering algorithms [17,18]. Briefly, the 
initial data for the algorithm operation are as follows: 

We have m = 5 articles of the following orientation: 
• economics, 
• sport (boxing), 
• politics, 
• show business, 
• education and science.  
Corpus of texts is divided into the following thematic 

clusters. (k=4) 
• politics, 
• sport, 
• show business, 
• economics and finance. 
Two classes of articles and media are considered. (c=2) 
• socially significant  
• objective 
The following attributes are defined (q = 4), each of 

which has its own dictionary. 
• manipulativeness, 
• politicization, 
• negative tonality, 
• positive tonality. 
The matrix of conditional distributions of topics for 

articles is defined in the form of a matrix p2 [1..k] [1..m], 
where k is the number of topics (line by line), m- articles (by 
columns) 
p2 =      [[0.03,  0,         0.03,    0.004,   0.005] 
[0,       0.01,    0,         0.008,   0.005], 
[0,       0.007,  0.004,   0.03,    0.005], 
[0.04,  0,         0.007,   0,          0.005]] 

Using the analytical hierarchical process (AHP), weights 
of each attribute are obtained for classes in the form of the 
matrix p3 [1..c] [1..q], where c is the classes, q are the 
attributes  
p3 = [[0.55, 0.27, 0.18, 0.18], 
          [0.23, 0.43, 0.34, 0.34]] 

The following results were obtained for calculating the 
matrices p4 [1..k] [1..c] (conditional probabilities of the 
distribution of topics across classes), p5 [1..m] [1..c] 
(conditional probabilities of articles distribution by classes), 
p6 [1..m] [1..q] (conditional probabilities of the distribution 
of articles by attributes): 
p4= [[0.1967   0.2239] 
         [0.0371   0.0531] 
         [0.0316   0.0508] 
         [0.0427   0.0443]] 
 
p5= [[0.007609    0.008489] 
         [0.0005922  0.0008866] 
         [0.0063263  0.0072303] 
         [0.0020316  0.0028444] 
         [0.0015405  0.0018605]] 
 
p6= [[0.0058  0.0149    0.0014    0.0008 ] 
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         [0.00027 0.00017 0.00055 0.00166] 
         [0.00452 0.01329 0.00094 0.00046] 
         [0.00102 0.0021   0.00174 0.00328] 
         [0.00105 0.0025   0.00055 0.00105]] 

Note that the processes of formation of attributes 
dictionaries, the choice of classes for attributes, the 
formation of AHP tables, etc. are not given in this paper. 

 

5 Results  

Based on the given values using the multimodal media 
assessment algorithm mass media distribution by topics, 
classes and grounds was calculated assuming that the 
available articles are provided by two media, the first of which 
published articles #1 and #3 (economical and political 
orientation), the second is the source of articles #2,4,5 (“sport 
(boxing)”, “Show business”, “education and science”). 

6 The distribution of media on topics 

Media/Topics: Politics Sport Show business Economics and finance Articles 
Media0 0.047109 0.000000 0.003012 0.036757 [economical, political] 
Media1 0.001514 0.006877 0.014395 0.000000 [sport (boxing), show business, education and science] 

7 The distribution of media on topics 

Media/Classes: Socially significant Objective Articles 
Media0 0.0 0.000456 [economical, political] 
Media1 0.0 0.000180 [sport (boxing), show business, education and science] 

8 The distribution of media on attributes 

Media/Attributes: Manipulativeness Politicization Negative tonality Positive tonality Articles 
Media0 0.006855 0.020653 0.000812 0.000000 [economical, political] 

Media1 0.000000 0.000916 0.000188 0.001377 [sport (boxing), show business, education and 
science] 

9 Conclusion 

The described multimodal media estimation algorithm 
based on published articles showed logical results in a small 
model example briefly described in the paper. The results 
obtained allow us to expect that on large corpuses the 
algorithm will allow obtaining the required media estimates 
by aggregating the estimates of the array of articles 
belonging to them. Obviously, the accuracy of the algorithm 
depends critically on the algorithm for obtaining conditional 

distributions of articles by topic, topic by dictionaries and 
classes. Methods for obtaining these distributions will be 
considered in the next work. 

Acknowledgments 

The work was funded by a grant BR05236839 of the 
Ministry of Education and Science of the Republic of 
Kazakhstan. 

 

References 

[1] Sreelekha S, Pushpak Bhattacharyya, Shishir K Jha, Malathi D 2016 A 
survey report on evolution of machine translation Int. J. Control Theory 
Appl 9(33) 233-40 

[2] Hцffner Konrad, Sebastian Walter, Edgard Marx, Ricardo Usbeck, 
Jens Lehmann, Axel-Cyrille Ngonga Ngomo 2017 Survey on 
challenges of question answering in the semantic web Semantic Web 
8(6) 895-920 

[3] Jurafsky D, Martin J H 2009 Speech and Language Processing (2nd 
Edition) Prentice-Hall, Inc., Upper Saddle River, NJ, USA 

[4] Deo Arpit, Jayesh Gangrade, Shweta Gangrade 2018 A Survey Paper 
on Information Retrieval System International Journal of Advanced 
Research in Computer Science 9(1) 

[5] Shokin Yu I, Fedotov A M, Barakhnin V B 2010 Problemy poiska 
informacii 

[6] Sun Shiliang, Chen Luo, Junyu Chen 2017 A review of natural 
language processing techniques for opinion mining systems 
Information Fusion 36 10-25 

[7] LeCun Yann, Yoshua Bengio, Geoffrey Hinton 2015 Deep learning 
Nature 521(7553) 436 

[8] Hogenboom F, et al. 2016 A survey of event extraction methods from 
text for decision support systems Decision Support Systems 85 12-22 

[9] Potthast M, Hagen M, Stein B 2016 Author Obfuscation: Attacking the 

State of the Art in Authorship Verification CLEF (Working Notes) 716-49 
[10] Hirschberg J, Manning C D 2015 Advances in natural language 

processing Science 349(6245) 261-6 
[11] Manning C D, Hinrich Schütze 1999 Foundations of statistical natural 

language processing MIT press 
[12] Goldberg Y 2016 A primer on neural network models for natural language 

processing Journal of Artificial Intelligence Research 57 345-420 
[13] Mashechkin I V, Petrovsckiy M I, Caryov D V 2013 Metody 

vychesleniya relevantnosti fragmentov teksta na osnove tematicheskih 
modelej v zadache avtomaticheskogo annotirovaniya Vich. Met. 
Programmirovanie 14(1) 91–1021 

[14] https://scholar.google.com 
[15] https://ru.wikipedia.org/wiki/Тематическое_моделирование 
[16] Vorontsov K V, Potapenko A A 2012 Ragulyarizaciya, robastnostj I 

pazpezhennostj veroyatnostnih tematicheskih modelej Kompyuternie 
issledovaniya i modelirovnie 4(4) 693-706 

[17] Parkhomenko P A, Grigoryev A A, Astrakhantsev N A 2017 Obzor i 
eksperimentaljnoe sravnenie metodov klasterizacii tekstov ИСП РАН 
29(2) 161-200 DOI: 10.15514/ISPRAS-2017-29(2)-6 

[18] O’callaghan D, Greene D, Carthy J, Cunningham P 2015 An analysis 
of the coherence of descriptors in topic modeling Expert Systems with 
Applications 42(13) 5645-57 


