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Abstract 
YANGIROVA, Nadiya: Probabilistic calculation of incomplete social network user data. 

[Master’s Thesis] - Czech Technical University in Prague. Faculty of Electrical Engineering, 

Department of Computer Science. Supervisor: Ing. Karel Frajták, Ph.D. 

Social networks are a unique source of data about  private lives and interests of real 

people. This opens up unprecedented opportunities for solving research and business 

problems (many of which could not be solved effectively before due to the lack of data). In 

addition, this causes an increased interest in the collection and analysis of social data from 

companies and research centers. 

In thesis, we consider the problem of predicting hidden data using  Group Method of 

Data Handling, GMDH. To solve this problem, we find a model of the relationship of the 

studied data taken from the profiles of the social network VKontakte. 

The Keywords are: social network, community detection, GMDH, social network 

analysis.  
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Introduction 
 

Social data analysis is rapidly gaining popularity all over the world due to the 

importance of online social networking services in the 1990s (SixDegrees, LiveJournal, 

Facebook, Twitter, YouTube, and others). [1, 2] The phenomenon of personal data 

socialization connected with biography facts, correspondence, diaries, photo, video, audio 

materials, travel notes, etc. have become publicly available. Thus, social networks are a 

unique source of data about the personal life and interests of real people. This opens up 

unprecedented opportunities for solving research and business problems (many of which 

could not be solved effectively before due to lack of data), as well as the creation of 440 

support services and applications for social network users. In addition, this causes an 

increased interest in the collection and analysis of social data from companies and research 

centers.  

In 2012, the analytical agency Gartner published a report entitled “The Cycle of Rush 

for Developing Technologies”. According to the report, Social Analytics and Big Data 

technologies are currently on the so-called "the peak of high expectations". In particular, 

Carnegie Mellon, Stanford, Oxford, INRIA, Facebook, Google, Yahoo !, LinkedIn and many 

others are actively involved in social data research. Companies that own online social 

networking services (Facebook, Twitter) are actively investing in the development of 

advanced infrastructure (Cassandra, Presto, FlockDB, Thrift) and algorithmic (new search 

algorithms and recommendations of users, products and services) solutions for processing 

large amounts of user data. Commercial companies are emerging and successfully 

developing, providing services for accessing social data warehouses (GNIP), collecting 

social data according to specified scenarios (80legs), social analytics (DataSift), and 

expanding existing platforms using social data (FlipTop).  
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Thus, specialists from research centers and companies around the world use social 

networking data to model social, economic, political and other processes from the personal 

to the state level in order to develop mechanisms for influencing these processes, as well as 

creating innovative analytical and business applications and services.  

However, when working with social data, factors such as instability in the quality of 

user content (spam and false accounts), problems with ensuring the privacy of users' 

personal data during storage and processing, as well as frequent updates of the user model 

and functionality should be taken into consideration. All this requires continuous 

improvement of algorithms for solving various analytical and business problems.  

The processing of social data also requires the development of appropriate 

algorithmic and infrastructural solutions that take into account their dimensionality. For 

example, the Facebook social network database today contains more than 1 billion user 

accounts and more than 100 billion connections between them. Every day, users add over 

200 million photos and leave more than 2 billion comments on various network objects. To 

this date, most of the existing algorithms that effectively solve actual problems are not able 

to process data of a similar dimension in a reasonable time. In this regard, there is a need 

for new solutions that allow for the distributed processing and storage of data without 

significant loss of quality results.  

Social media web interfaces are real-time data sources and are designed to view and 

interact with social networking pages in a web browser or to use user data in specialized 

applications. Since the scenarios for using social network interfaces do not provide for 

automatic collection of data from several users to build a social graph, a number of problems 

arise. Here are the problems: 

1. Data confidentiality 

2. Poorly structured data 

3. Access to restrictions and blocking 
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The purpose of this work is to obtain a probabilistic model for the study of incomplete 

social network data. 

Tasks set: 

1. Program the group method of data handling  for analyzing social network data. 

2. Get a model of data dependency social network 

3. To obtain a probabilistic assessment of the quality of a probabilistic model 

In my study I describe a possible mechanism for analyzing user data from social 

networks. In Chapter 2 I describe the processing and collection of  real user data by 

accessing the social service web interfaces. The model of interaction of  studied data is 

revealed. Chapter 3 analyzes the results obtained. 
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Chapter 1  

The arguments for using GMDH in social network 
analysis tasks. 
 

1.The specificity of social network data. Methods 
of statistical processing. 
 
Vkontakte (international name: VK) is a social network, one of the most popular in the 

Russian-speaking segment of the Internet. In Russia, this network is ahead of 

Odnoklassniki, not to mention Facebook, and rightfully occupies the first place.[7,10] 

As in other social networks, the principle of action is based on the creation by users 

their personal pages - the so-called profiles, and the exchange of various information, both 

textual, in the form of small messages, and graphical - the exchange of pictures and photos. 

Also, users of the network can create various communities and groups whose users are 

united by various interests, and organize events and meetings. 

The Vkontakte network is convenient because it allows you to pass any information 

to a huge number of users very quickly. It is the speed of information exchange - one of the 

main reasons why even large companies create their profiles and groups in the network. 
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Figure 1.1 - VK  Profile  

The easiest way to collect data is to use the services of specialized companies that 

collect and constantly update data from various sources. The main advantage here is the 

speed of obtaining information, which is significant with large volumes of client database and 

the use of various social networks. The disadvantage is a paid subscription to update data. 

The next way is to use software interfaces provided by almost all popular social 

networks. For different networks, APIs differ in the set of available data, restrictions on the 

number of requests and the cost to access the interfaces. For example, if you use the 

VKontakte network software interface, you can get complete information about the user, 

Facebook provides an API that returns almost “zero” information about the user.[4] The 

disadvantages of this method include a limit on the number of simultaneous requests and on 

the number of hits that an application can make per unit of time. In addition, you need to 

constantly monitor changes in the API and update the data collection application, and some 

social networks provide important data only for a specific fee. The advantages of the method 

are the possibility of obtaining data about a single client in a structured form (JSON or XML), 

as well as the ease of integrating API calls into your own application. 
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Another way is the manual analysis of social networking web pages, as well as the 

use of ready-made crawlers for data collection with subsequent analysis. In this case, there 

is access to all open data and there are no restrictions on how fast you want to collect the 

data. The disadvantages include the complexity of implementation - the web page of each 

social network is unique, so each time you have to develop your own passing rules. The 

disadvantages are also the complexity of support and the need for large computational 

resources. However, this process is well parallelized. 

It is necessary to take into account that the corresponding characteristics in social 

networks are only reliable to a certain extent - they may be absent, be deliberately false, or 

allow different spellings. Therefore  it is necessary to clean and normalize the data before 

processing. It’s important to check the correctness of the parameters specified in the profile - 

for example, the city of the user can be refined based on the analysis of his subscriptions, 

posts, and statuses. 

Some parameters can be restored by analyzing the profile of the user or his friends. 

For example, women very often do not indicate the year of birth, but  there is a year of 

graduation from a university or school. 

In addition to the data that clearly indicated in their profiles, a  lot can be learned by 

analyzing posts, subscription groups, and photos. At the same time, additional facts are of 

interest that can be extracted from this unstructured information. For example, if most of the 

posts on the wall are about impressions of films, then it is clear that the user is interested in 

cinematography. 

Automatic text analysis is impossible without linguistic technologies. In addition, 

statistical methods, machine learning technologies and deep-depth data analysis are also 

useful for solving many problems. Statistical studies and work with natural language are 

usually associated with some inaccuracy - in statistics we always talk about certain 

assumptions, heuristic assumptions that are not always fully fulfilled, and in natural language 
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there is always the probability of ambiguous interpretation of statements and conclusions. 

The correct combination of linguistic and statistical approaches improves the quality of the 

result and the level of its reliability. To illustrate the possible correlation of different methods 

for textual data enrichment, we consider several examples. 

Imagine that we need to find out if the user is interested in football. Determine how 

often the corresponding terms are found in the texts on his wall, and upon reaching a certain 

level of their appearance, certain conclusions can be drawn. For such an enrichment 

method, it is necessary to know the terminology that can be obtained from dictionaries or 

thesauri in a specific subject area. In addition, you also need to be able to correctly calculate 

the number of uses - to understand the various forms of the same word. Thus, for this 

example, only linguistic means are sufficient. 

The second example refers to the case when, in addition to linguistic processing, 

machine learning methods are needed. Let’s suppose that a user does not have a complete 

date of birth and is required to determine the age group on the basis of the texts that he 

writes. First of all, a set of texts of users whose age is known is formed. Then, for this set, 

using machine learning algorithms, the text features for each age group are identified and 

some formal model is formed that allows an arbitrary text to estimate the age of its author. 

Machine learning algorithms are usually designed for structured data, so before using them, 

the texts are replaced with sets of words found in them or with a set of topics that 

characterize these texts. For this purpose, linguistic algorithms are used to highlight 

meaningful words, normalize them, compile a lexical profile of a text, define topics, etc. 

Since the scenarios for using social network interfaces do not involve the automatic 

collection of data from multiple users, a number of problems arise: 

1. data privacy - often access to user data is allowed only for registered and 

authorized network participants, which requires support for user session emulation using 

special accounts (accounts); 
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2. poorly structured data - in many cases, social networking software interfaces 

(APIs) have limited functionality, which requires support to receive static copies of HTML 

pages using the web user interface, correctly processing their dynamic part (including 

making asynchronous requests to the social network server), extract the necessary data 

using an algorithm and / or a template and construct their structured presentation, 

convenient for further automatic processing; 

3. access restrictions and blocking - in order to prevent unauthorized automatic data 

collection and limit the load on the social network service infrastructure, service owners often 

impose explicit or hidden restrictions on the allowed number of requests from one user 

account and / or IP address per unit of time, which requires accounting of the number of sent 

requests, as well as support for dynamic rotation of user accounts and IP addresses used to 

collect data; 

4. The data dimension necessitates a parallel method of data collection, as well as 

methods for obtaining a representative sample of social network users (sampling). 

To download publications from the VKontakte communities, a software module in the 

Java programming language is implemented. 

 To gain access to information about communities and their publications, we used 

API VKontakte technology, which provides methods for working with social network data. 

The number of calls to API methods has a limit: no more than 3 times per second. 

API (Application programming interface) is a set of ready-made classes, functions, 

and structures provided by the service for use in external software products. 

Objects  Usage Example 

User  users.get 

Community  groups.get 

Wall Post  wall.get 
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Wall Comment  wall.getComments 

Private Message  messages.get 

Chat  messages.getChat 

Note  notes.get 

Wiki Page  pages.get 

Market Item  market.get 

Market Collection  market.getAlbums 

Topic  board.getTopics 

Topic Comment  board.getComments 

Application  apps.get 

Poll  polls.getById 

Table 1.1 -  basic objects 

 

Object  Usage Example 

Photo  photos.get 

Audio  audio.get 

Video  video.get 

Document  docs.get 

Wall Attachments  wall.get 
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Message Attachments  messages.get 

Attached Link  wall.get 

Sticker  messages.get 

Gift  messages.get 

Table 1.2 - Media and Attachments 

Object  Usage Example 

Photo Sizes  photos.get 

Audio Genres  audio.getById 

Post Source  wall.getById 

Privacy  photos.getAlbums 

Push Notifications Settings  account.getPushSettings 

Table 1.3 - Additional Objects and Values Sets 

 
To download data, the software module sends requests to VKontakte API methods to 

perform the following tasks: 

1. Getting information about users using the users.get API method; 

2. Getting a list of popular communities for each user in question using the 

groups.getCatalog  API method; 
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2.Overview of methods for working with 
incomplete data 
There is often gaps in the data that you need to: to ignore, discard, or fill in the 

missing values. It seems important to fill in gaps. However, it’s not necessary. Unsuccessful 

selection of the gap filling method may not only improve, but worsen the results.[11] 

Excluding and ignoring lines with missing values was the default solution in some 

popular application packages, with the result that novice analysts may leave the impression 

that this solution is the right one. In addition, there are fairly simple to implement and use 

skip processing methods, called “ad-hoc methods”: filling gaps with zeros, medians, 

arithmetic mean values, introducing indicator variables, and  the simplicity of which may be 

the reason for choosing these methods. 

The following 3 mechanisms for the formation of passes are distinguished: MCAR, 

MAR, MNAR. 

MCAR (Missing Completely At Random) - the mechanism for the formation of 

passes, in which the probability of a pass for each record set is the same. For example, if a 

sociological survey was conducted in which every tenth respondent was not asked one 

randomly selected question, and the respondents answered all other asked questions, then 

the MCAR mechanism takes place. In this case, ignoring/excluding records containing 

missing data does not lead to distorted results. 

MAR (Missing At Random) - in practice, the data are usually not passed by chance, 

but because of certain patterns. Gaps are referred to as MAR if the probability of a gap can 

be determined on the basis of other information available in the data set (gender, age, the 

position held, education ...) that do not contain gaps. In this case, deleting or replacing the 

gaps to the “Skip” value, as in the case of MCAR, will not lead to a significant distortion of 

the results. 
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MNAR (Missing Not At Random) - a mechanism for the formation of passes, in which 

data is not available depending on unknown factors. MNAR assumes that the probability of 

missing a score could be described based on other attributes, but there is no information on 

these attributes in the data set. As a result, the probability of missing a pass cannot be 

expressed based on the information contained in the data set. 

Consider simple gap handling methods and related problems. 

1. Remove or ignore gaps 

Complete-case Analysis (also known as the Listwise Deletion Method) is a gap 

treatment method used in many application packages as the default method. It consists of 

excluding from the data set records/lines or attributes/columns containing gaps. 

In the case of the first skip mechanism (MCAR), the use of this method will not lead 

to a significant distortion of the model parameters. However, deleting lines leads to the fact 

that in further calculations not all available information is used, standard deviations increase, 

the results become less representative. In cases where there are many gaps in the data, this 

becomes a tangible problem. 

In addition, in the case of the second (MAR) and, especially, the third skip 

mechanism (MNAR), the shift of the statistical properties of the sample, the values of the 

parameters of the constructed models and the increase in standard deviations become even 

stronger. 

Thus, despite the wide distribution, the use of this method for solving practical 

problems is limited. 

Available-case analysis (also known as Pairwise Deletion) is processing methods based 

on ignoring gaps in calculations. These methods, like Complete-case Analysis, are also 

often used by default. 

Statistical characteristics, such as mean values, standard deviations, can be 

calculated using all non-missing values for each of the attributes/columns. As in the case of 
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Complete-case Analysis, provided that the MCAR hypothesis is fulfilled, the application of 

this method will not lead to a significant distortion of the model parameters. 

The advantage of this approach is that when building a model, all available 

information is used. 

The main disadvantage of these methods is that they are applicable for the 

calculation of far from all indicators and, as a rule, are associated with algorithmic and 

computational difficulties, leading to incorrect results. 

The disadvantages of the first two gap treatment methods (Complete-case Analysis 

and Available-case analysis) also include the fact that, by no means, the exclusion of strings 

is in principle acceptable. Often, post-processing procedures assume that all rows and 

columns are involved in calculations (for example, when there are not too many gaps in each 

column, but there are few rows in which there is not a single missing field). 

Later in this article, we will look into methods that involve filling in gaps based on 

available information. Often these methods are combined into one group, called 

Single-imputation methods. 

2. Filling the gap with an average value 

Filling the gap with the mean value (Mean Substitution) (other options: filling with 

zero, median and etc.) - the name of the method speaks for itself. 

All variants of this method have the same drawbacks. 

Consider these shortcomings on the example of one of the easiest ways to fill in the 

gaps of continuous characteristics: filling gaps with the arithmetic mean value and mode. 

Example 1. Figure 2 shows the distribution of the values of the continuous 

characteristic before the gap is filled with the average value and after it. 
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Figure 1.2a - The distribution of the 

values of the continuous characteristics to fill 

gaps 

 

 

Figure 1.2b - The distribution of the 

values of the continuous characteristics after 

filling gaps 

In Figure 2, it is clearly seen that the distribution after filling in the gaps looks 

extremely unnatural. This ultimately manifests itself in the distortion of all indicators 

characterizing the properties of the distribution (except for the average value), the 

underestimated correlation and the overestimation of standard deviations. 

Thus, this method leads to a significant distortion of the distribution of the 

characteristic, even in the case of MCAR. 

Example 2. In the case of a categorical/discrete characteristic, mode filling is most 

often used. 

Figure 3 shows the distribution of the categorical characteristic before and after filling 

in the gaps. 

 

28 



 
 

 

Figure 1.3a - The distribution of the 

discrete characteristics before  filling in gaps with 

mode 

 

 

Figure 1.3b - Discrete characteristic 

distribution after filling in gaps with a mode 

  

Thus, when filling gaps with categorical characteristics, the same disadvantages 

arise as to when filling gaps with continuous characteristics with the arithmetic average 

(zero, average, etc.). 

 

3. Repetition of the result of the last observation 

LOCF (last observation postponed) - a repetition of the result of the last observation. 

This method is applied, as a rule, when filling in gaps in time series, when the 

subsequent values are closely related to the previous ones. 

However, the method can also lead to significant distortions of the statistical 

properties even in the case of MCAR. So, it is possible that the use of LOCF will lead to 

duplication of the emission (filling the gaps with an anomalous value). In addition, if there are 

a lot of consistently missing values in the data, then the hypothesis of small changes is no 

longer fulfilled and, as a result, the use of LOCF leads to incorrect results. 
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4. Indicator Method 

Indicator Method is a method that assumes the replacement of missing values with 

zeros and the addition of a special attribute that takes zero values for records where the data 

did not initially contain gaps and non-zero values where there were gaps previously. 

Also, when filling gaps with nonzero values, the interaction of the flag-field and the 

source field is often added. 

 The advantages of this method include: 

1) use of the entire data set (representativeness of the sample does not suffer), 

2) explicit use of information about missing values. 

Despite these advantages, even with the MCAR hypothesis and a small number of 

missing values, this method can lead to a significant distortion of the results. 

 

5. Recovery of gaps based on regression models 

This method is that all values are populated using linear regression models based on 

known data set values. 

Figure 4 shows examples of the results of missing values of characteristics 1 based 

on known characteristics 2. 

30 



 
 

 

Figure 1.4 - Filling gaps based on linear regression 

The linear regression method allows you to get plausibly filled data. However, there is 

some variation in the real data, which is absent when filling in gaps based on linear 

regression. As a result, the variation in the characteristic values becomes smaller, and the 

correlation between characteristic 2 and characteristic 1 is artificially enhanced. As a result, 

this method of filling gaps becomes worse, the higher the variation of the characteristic 

values, gaps in which we fill, and the higher the percentage of missing lines. 

It is worth noting that there is a method that solves this problem: the stochastic linear 

regression method, illustrated in Figure 5 (similar to Figure 4). 

 

Figure 5 - filling in gaps based on stochastic linear regression 
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The stochastic linear regression model reflects not only a linear relationship between 

characteristics but also deviations from this linear relationship. This method has a positive 

gap filling properties based on linear regression and, moreover, does not distort the 

correlation coefficients so much. 

Of all the methods that we considered in this part of the article, filling in the gaps 

using stochastic linear regression in general leads to the smallest distortion of the statistical 

properties of the sample. However, for more correct data recovery, more subtle methods are 

needed. Therefore, we use GMDH. 

3.Mathematical foundations of the Group 
Method of Data Handling. 
 
The author of the group method of data handling (GMDH) is A. G. Ivakhnenko. 

GMDH is used in various fields using structural, parametric identification and forecasting. 

The method is based on the recursive selective selection of models on the basis of which 

more complex models are built.[3,8] 

The Group Method of Data Handling consists of several algorithms for solving 

various problems. It includes both parametric algorithms and non-parametric algorithms for 

clustering, combining analogs, rebnarization and probabilistic algorithms. This approach of 

self-organization is based on the selection of gradually complicating models and the choice 

of the best solution according to the minimum of the external criterion. Not only polynomials 

are used as basic models, but also nonlinear, probabilistic functions or clustering. 

The latest developments of GMDH led to the creation of expert systems based on 

normative forecasting systems (under the if-then scenario) and optimization of control using 

simplified linear programming algorithms and neural networks with active neurons. In such 

neural networks, separate modeling algorithms are used as neurons in a multi-row neural 
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network. This makes it possible to improve the accuracy of the prediction, approximation or 

pattern recognition above the boundaries that are achieved by conventional neural networks 

with simple neurons or conventional statistical methods. 

Most GMDH algorithms use a polynomial basic function. The general connection 

between input and output variables can be expressed in the form of a Volterra functional 

series, the discrete analog of which is the Kolmogorov-Gabor polynomial: 

 

 (1.1) a X  X X ,Y =  0 + ∑
k

i=1
ai i +  ∑

k

i=1
X∑

k

j=1
aij i 

 
j +  ∑

k

i=1
X∑

k

j=1
∑
k

l=1
a Xijl i  i 

 
l  

where - input vector of variables;(x , x , .., )X 1  2 . xk  

 - vector of coefficients or weights. (a , a , .., )A 0  1 . ak  
The components of the input vector X can be independent variables, functional forms             

or finite difference terms. Other non-linear basis functions, such as the differential, logistic,             

probabilistic, or harmonic, can also be used to build a model. The method allows you to                

simultaneously obtain the optimal structure of the model and the dependence of the output              

parameters on the selected most significant input parameters of the system. 

GMDH has advantages when 

1. there is no or almost no a priori information about the structure of the model and                 

the distribution of its parameters 

2. observational data is extremely small, to the extent that the model parameters are              

greater than the number of observations 

In our case, the obtained data set fully meets the conditions. 

We describe the stages of the implementation of this method. 

1. Сonsider various component subsets of the base function (1.1) called partial            

models. The most commonly used dependencies are: 

 

2. Various models are built for some or all of the arguments. For example,              

polynomials with one variable are constructed, polynomials with all possible pairs of            
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variables, polynomials with all possible triples of variables, and so on, a polynomial with all               

variables. For each model, its coefficients are determined by regression analysis methods. 

3. Among all models, several (from 2 to 10) are selected. The quality of models is                

determined by the coefficient of determination, or the standard deviation of the error, or other               

external criteria. 

4. If a sufficiently “good” model is found or the maximum permissible complexity of              

the models is reached, the algorithm ends. 

5. Otherwise, the models found at the 3rd step are used as arguments for the support                

functions of the next iteration stage (go to the 2nd item). That is, already found models are                 

involved in the formation of more complex relationships. 

Usually, the degree of the polynomial of the support function is chosen not higher              

than N-1, where N is the number of sample points. It is often enough to use polynomials of                  

the second degree as a support function. In this case, at each iteration step, the degree of                 

the resulting polynomial is doubled. 

Instead of the Kolmogorov-Gabor polynomial, Fourier series can be used. It makes            

sense to apply them if periodicity is observed in the source data. The model obtained, in this                 

case, will be polyharmonic. 

Often, the initial sample is divided into two subsamples A and B. Sample A is used to                 

determine the model coefficients, and subsample B is used to determine the quality             

(coefficient of determination or standard deviation). The ratio of the amount of data in both               

samples depends on theoretical assumptions. 

Statistics show that with each iteration step, the standard deviation decreases. But            

after reaching a certain level of complexity (depending on the nature and amount of data, as                

well as the general type of model), the standard deviation starts to grow. 

The group method of data handling finds knowledge about an object directly from             

data sampling. It is an inductive selection method that has advantages for rather complex              

objects that do not have a specific theory, in particular for objects with fuzzy characteristics.               

The GMDH algorithms find the only optimal model for each sample using a complete              

enumeration of all possible candidate models and evaluate it by an external exact or              

balanced criterion on an independent data subselection. 

 

There are 4 basic algorithms GMDH and many of their modifications 

 

· COMBI - combinatorial algorithm 

· MULTI - combinatorial selection algorithm 
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· MIA - multi-row iterative algorithm 

· RIA - relaxation iterative algorithm 

 

Consider the basic algorithms on the example of a linear model of many variables  

( ), x , ..,x1  2 . x20  

All algorithms are multi-row. Each row is associated with one level of model             

complexity. 

Obviously, there can be several models in each row. Algorithms differ in terms of              

forming and selecting variables when moving from one row to another. Algorithms have             

settings, including the number of the best models of each row. Parameters are set by the                

user. 

 

Figure 1.5 - Multi-row in the algorithm 

 

COMBI 
The COMBI idea is a combinatorial algorithm. COMBI is the simplest of the basic              

algorithms of the GMDH. The idea of the algorithm: do not miss any of the various models.                 

Therefore, at each level of complexity: 

- all models are considered 

- selection of the best combinations of variables is not carried out 

If the number of variables of the model is N, then the number of all combinations is 

M = 2N   
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Figure 1.6 - COMBI Algorithm 

 

Brute force rule 

- Calculates the quality of all models of a given series. Among these models, choose                

the best model, called a record 

- If the current record is worse than the record of the previous row, then the process                  

of complicating the model stops 
 

MULTI 
The idea of MULTI is a combinatorial selection algorithm. MULTI is a development             

COMBI. His main idea is to reduce the number of models considered on each row, and at                 

the same time if possible not to lose the best combination of variables. Therefore, at each                

level of complexity: 

- A fixed number of the best combinations of model variables is selected. 

- These best combinations are combined with all other variables (one by one) when              

moving to the next level. 

 

Figure 1.7 - MULTI Algorithm 

MIA 
The MIA idea is a multi-row iterative algorithm. MIA is historically the first of the               

MGUA algorithms. Key MIA ideas: 

- reduce the number of models considered on each row 

- reduce the number of rows, and thereby accelerate the achievement of the optimum              

level of complexity. 

 Therefore, on each row: 
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- a fixed number of the best models is selected, (each model is considered as a                

variable!) 

- each pair of the best variables generates a new variable when moving to the next                 

level 

 

 
Figure 1.8 - MIA Algorithm 

 In my work, I use two algorithms. COMBI allows find the best model for each row, 

and the generation of a new variable gives the best result. 

4. Criteria for the selection of models used in 
GMDH. 

In order to reduce  number of options, i’m  using the  method of selection. When 

choosing the optimal structure of the equation, the arguments are searched in groups (or in 

pairs), and the coefficients are determined by the least squares method on the training 

sample of the source data, and the resulting version of the model is evaluated using the 

specified selection criterion on the test sample of data.[9] 

As internal criteria for the selection of the prognostic model, the criteria for the 

accuracy of the point forecast and the criteria derived from them are used. 
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The criterion for selecting a model can be called external if it is obtained using 

additional information that is not contained in the data that was used to calculate the model 

parameters. For example, such information is contained in an additional, test sample. 

The GMDH algorithm uses both internal and external criteria. The internal criterion is 

used to adjust the parameters of the model, the external criterion is used to select the model 

of the optimal structure. You can select models by several external criterias. 

 

Coefficient of determination. (R ^ 2 - R-square) 

 The proportion of the variance of the dependent variable, explained by the 

dependency model under consideration, that is, the explanatory variables. 

The true coefficient of determination of the model of the dependence of the random 

variable y on the factors x is determined as follows: 

(1.6) 1  1  ,R2 =  −  V (y) 

V (y|x) =  −  σ2
y

σ2
    

where  - conditional (in terms of factors x) variance of the dependent(y/x) σ  V =  2  

variable (variance of the random error of the model). 

In our case 

, (1.7) 1  R2 =  −  
(y  − y ) ∑

k

i=1
i i

2

(y   −  y  ) ∑
k

i = 1
i i

︿ 2

 

 - the sum of the squares of the regression residuals,( y  y  ) ∑
k

i = 1
i −  i

︿ 2  

 - common dispersion( y  y  ) ∑
k

i = 1
i −  i

2  

=  - sample meany   i  k
1 ∑

k

i = 1
yi  

The coefficient of determination for the model takes values from 0 to 1 and is a total 

measure of the quality of the resulting equation used for the selection of models. If the value 
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of the coefficient of determination is close to 0, then the model constructed is not qualitative, 

not applicable in practice. If the value of the coefficient of determination is close to 1, then 

the quality of the constructed model is subject to furthermore thorough investigation. In our 

work, we analyzed the law of distribution of random deviations of the model, counting the 

number of incorrect answers. The threshold value of the coefficient of determination, after 

which the model is selected for further research, varies depending on the nature of the 

problem being solved. If we are talking about the possibility of catastrophes, the value of the 

coefficient of determination is considered satisfactory if R ^ 2> 0.99. If we are talking about 

some managerial decisions, the researcher can call R ^ 2 = 0.2 a satisfactory value. The 

nature of the data we studied allowed us to choose the threshold R ^ 2 = 0.7. 

 

The criterion of regularity. 

The  criterion of regularity   includes the root-mean-square error on the 

training subsample C obtained with the model parameters configured on the test subsample 

l. 

  (1.8) 

  (1.9) 

where   and  

 

Matrix  - a set of column vectors . Other modifications of the criterion of 

regularity: 

 (1.10) 

and  

 (1.11) 
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where  - mean vector . 

 

The criterion  is also denoted , i.e an error in the subsample  

with the parameters obtained in the subsample . 
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Chapter 2 

Building dependency models of social network 
data. 

1.Collection of information 
 

For the practical implementation and verification of the theoretical 

representation of the model, information from the profiles of  KFU’s students social 

network  was reviewed. 

Uploading data from the social network was carried out using the social 

networking API Vkontakte, which allows you to get  the data that the user 

independently opened for only public access. 

Lists of groups and pages to which the user is subscribed and the number of 

subscriptions was extracted. 

After uploading the date and additional data analysis, it is necessary to 

prepare the data and convert it into a form that can be used with the selected 

analysis tools. Namely, to find out where the user will belong in the list of studied 

groups. 

The list of groups was formed on the basis of the base of all subscriptions of 

the studied users. From the final data set obtained, variables with a low number of 

students who entered this group were removed. 

1168 student profiles were reviewed.  63 of these were closed accounts, i.e. 5 

%. 

41 



 
 

Information was obtained on the 24,129 groups and the number of students who 

were in this group. 

 

Identified the most popular groups: 

Id group Number of 

participants 

Group name 

38959783 389 “Казань | Казань. Куда    

пойти? | Афиша” 

92943238 332 “Подслушано КФУ” 

  

54530371 235 “Библиотека 

программиста” 

  

40876092 233 “Student's life” 

  

157299408 216 “2ойка” 

  

31480508 198 “Пикабу” 

  

72034968 193 “Цитаты преподавателей  

КФУ” 

  

50983956 193 “Include” 
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36887378 182 “ЭЛЕКТРОННАЯ 

БИБЛИОТЕКА ИВМиИТ 1-4   

КУРС” 

  

57867786 165 “ВКазани Поймут |   

Главное сообщество Казани” 

  

Table 2.1 - 10 most popular groups 

2.The use of GMDH to obtain a model of 
dependence. 

During the analysis of groups, 306 of the most popular groups remained in the 

data set. In each of their remaining groups, the number of students in this group is at 

least 21 years old. 

The use of GMDH to obtain a model of dependence of belonging to some 

specific group on belonging to other groups. 

Here is an example. Let x be a network user. We will consider x as an array of 

0 and 1, which shows that they belong to groups selected during data analysis, i.e. 

 (2.1) 

where G - the set of  groups that we are considering, i= (1,306). 

Let Y be the output value. Y is 0 or 1 : 

        (2.2) 

where  - where is the group to which we are a member?G0  

Partial model in the first interaction: 

43 



 
 

 (2.3) 

We divide our sample into a training 45%, validation 45% and test 10%. We 

use the training sample to build a model, validation for its evaluation. 

We use the COMBI algorithm to find the optimal number of variables for the 

further construction of the model. 

Plot a graph based on the data collected 

Figure 2.1 - Graph of the coefficient of determination of the number of variables in the selected model 

 

As you can see in the figure 2.1, the optimal number of variables in the first 

iteration is 200. 

Brute-force calculation of the coefficient of determination and weight. Sample 

file received: 
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Figure 2.2 - Example of received file. 

Investigate the main functions of the second and third iterations of the form:

 

Figure 2.3 - Graph of the coefficient of determination of the number of variables in the selected models 
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As seen on figure 10, the model in second and third iteration

 (2.1) 

for our data shows the better result. 

The number of variables at the second iteration giving the best result is 12. 

Lets estimate the optimal number of variables for the third iteration 

The number of 

variables 

R^2 The number of correct 

answers 

2 0.8799632614171315 341 

3 0.8819918535378112  341 

4 0.8844280354824443  341 

5 0.8896014237326587  341 

6 0.8991089662961465  341 

7 0.9015088163336399  341 

Table 2.2 - Result in 3rd iteration  

All experiments showed a good rating. According to the obtained result, the last experiment 

showed the best rating. Thus, we construct a model of 7 variables on the third interaction. 

Thus, we have obtained a model, where   -  “Библиотека программиста”G0  

with id = 54530371: 
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 (2.2) 

 

where the coefficients   are obtained in the resulting file:cij  
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Figure 2.4 - Example of the result file  
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Chapter 3 

Probabilistic assessment of the number of correct 
answers obtained using the constructed model. 

1.Testing the model. 
A test sample is 10% of the data collected, total 74 students. 

Testing  the resulting model 

 

 

Consider the resulting function as 
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As a result, we received 56 correct answers, i.e. 75% 

2.Probabilistic assessment of the number of 
correct answers obtained using the 
constructed model. 
 

In previous studies, a model of dependence of the user's belonging to one of 

the groups on the user's belonging to several identified other groups was obtained. 

The general view of the model obtained can be represented as follows: 

 
where ε is a random variable, the characteristic difference between the statistical and 
theoretical values of the models, the remaining regression. 

The random variable  ε has the size of Bernoulli. 

 
 

To estimate a numerical value, the probability p was considered as a random 

variable. 

The data of users belonging to the same academic group was used to 

calculate the relative frequency of random deviation values, which were interpreted 

as selective values of p. To obtain a set of sample values of p, this procedure was 

performed for other academic groups. The calculations were used to construct an 

empirical distribution function for which a theoretical approximation was obtained. 
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The mathematical expectation of the considered random variable was used to 

estimate the probability value p:  .Thus, Y take the correct values with 

probability . 
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Conclusion 
 
The main results of this thesis are as follows: 

1) Real data of real user data were processed and collected by accessing social 

service web interfaces 

2) Program group method of data handling for analyzing social network data. 

3) A model of a social network data dependency model has been identified. 

4) Probable estimate of the quality of a probabilistic model is obtained 

The main goal of the work was to create probabilistic model for researching 

incomplete social network data.Thus, the main aspect of the mechanism for analyzing 

incomplete user data from social networks were investigated and analyzed. 

As for further research, there are several possible directions. The first is to build a 

methodology for filling in the missing data of the social network, taking into account the 

specifics of the data being processed. The second is the identification of the dependence of 

the student's progress on his profile on the social network. The third is the construction of a 

system of equations in which the interdependence of many factors is reflected. Since the 

equations in the system will have more complex forms of dependencies, to obtain them, it 

will be necessary to construct a joint law for the multidimensional distribution of probabilities 

of the values of the quantities being studied. 
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