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Abstract – This article presents the results of using 
machine learning methods to evaluate the investment 
activity of various Russian regions. The task was 
considered from two points of view: obtaining 
information about the class to which a particular 
region belongs, and forming a quantitative estimate of 
the investment activity of the regions. In the first case, 
the solution was obtained with the help of a neural 
network system implemented in the MatLab 2018b. In 
the second case, a hybrid system ANFIS was used, 
making it possible to generate a quantitative estimate 
of investment activity. 
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1. Introduction

In today’s world, the problem of the innovative 
development of regions is especially important. 
Regional economic entities need to spend more and 
more efforts on carrying out scientific activities and 
conducting research to maintain their 
competitiveness and confidently cope with economic 
instability in the country [1].  
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There is a need to develop innovative and 
investment activities in all business entities of the 
Russian Federation and to create a favorable climate 
for innovation and investment in order to increase the 
attractiveness of the regions for Russian and foreign 
investors. 

The study [2] presents data on investment activity 
in Russia, which are calculated in accordance with 
the principles of modern statistical methodology. 
Each Russian region is described by a set of eight 
parameters. Considering this set of heterogeneous 
characteristics, it is difficult to draw an objective 
conclusion in terms of its investment activities. There 
are two possible directions to evaluate the investment 
activity of the region: 

 formation of a class (rank) to which a specific
region can belong;

 construction of a generalized evaluation of
investment activity in the region, expressed as a
unit value on a pre-selected scale.

The analysis of the first direction involved the use 
of a neural network approach. Thus, the formed 
neural network is first trained on the basis of 
examples, which is the initial data on the investment 
activity of particular regions. Next, an input feature 
vector is provided to the trained network, and the 
network decides whether the region belongs to one of 
the previously allocated classes. 

In the second case, the ANFIS type neuro-fuzzy 
system is used, which allows for the formation of a 
quantitative estimate of the investment activity of the 
regions. 

Machine learning methods are used to solve these 
tasks [3], [4], [5]. 

Next, the work is structured as follows: first, the 
principles of machine learning and tools that are 
suitable for solving the task at hand are described; 
then the results of using the selected methods to 
evaluate the investment activity of the regions are 
presented; in the final part, the obtained results are 
analyzed and the ways of further work are specified. 
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2. Methodology 
 

Machine Learning 
 

By “machine learning” we shall mean a technology 
that is defined in [3] as follows: “Optimization of the 
performance criterion of a model using data and past 
experience”. In machine learning (ML), data plays an 
essential role, and the learning algorithm is used to 
discover and study knowledge or properties from 
data. The quality or quantity of the data set will 
affect the effectiveness of training and forecasting.  

An important issue to be raised in the study of ML 
is the definition of the “training” term. To develop 
learning machines, you need to know what 
“learning” really means and how to determine 
success or failure. As one of the definitions of this 
direction, we can specify that ML is a modeling 
method that includes data [4], [5], [6]. This definition 
may seem too short, but essentially ML is a method 
that derives a model from data. Here, data means 
such information as documents, audio, images, etc. 
The model is the final product of ML.  

The very name of ML reflects the fact that the 
described method analyzes the data and finds the 
model without human interference. This process is 
called “learning,” because it resembles training with 
data to search for a model. Therefore, the data that is 
used in ML are training data. 

ML methods are now used in various fields, for 
example, in risk assessment management, in 
production, in the development of recommendation 
systems [7], [8], [9]. 

 
Cluster Analysis 
 

Cluster analysis belongs to uncontrolled (non-
supervisory) ML methods and is a convenient way to 
identify homogeneous groups of objects called 
clusters. Objects (or observations) within a particular 
cluster have similar characteristics, but differ 
significantly from objects that do not belong to this 
group. 

The most popular cluster analysis methods include 
[10], [11]: 

 

 hierarchical methods; 
 method k-means. 

 

Each of these procedures differs in the approach to 
grouping the most similar objects into clusters. 

Hierarchical clustering classifies data on different 
scales by creating a cluster tree or dendrogram. 

An important problem when applying cluster 
analysis is the decision regarding how many clusters 
should be derived from the data. Sometimes this 
number is known, but generally the number of 
clusters is unknown, and therefore you need to seek a 
compromise solution. The method k-means 

constructs exactly K different clusters located at as 
large distances from each other as possible. Their 
essence consists in that the classification process 
begins with the specification of some initial 
conditions (the number of clusters formed, the 
threshold for completing the classification process, 
etc.). Just as hierarchical cluster analysis, iterative 
methods have the problem of determining the 
number of clusters. In general, their number may not 
be known. Not all iterative methods require an initial 
specification of the number of clusters. But for the 
final solution of the question related to the structure 
of the target population, you can try several 
algorithms, changing either the number of clusters 
formed or the set proximity threshold for combining 
objects into clusters. Then it becomes possible to 
choose the best structuring. 

 
Feature Selection 
 

One of the common tasks of ML is the selection of 
predictors from a large list of candidates. With a 
large number of input parameters, learning of neural 
networks (NN) becomes difficult, and time costs 
increase.  

The term “curse of dimensionality” usually refers 
to difficulties associated with fitting models, 
evaluating their parameters, or optimizing a 
multidimensional function with a large sample. 

According to the authors, the feature selection 
methods are better implemented in the Feature 
Selection and Variable Screening module of 
Statistica 13 and are designed to process large sets of 
continuous and/or categorical predictors in tasks 
related to regression or classification. Here you can 
select a subset of predictors from a large list of 
candidates without assuming a degree of relations 
between predictors and dependent variables. This 
module can serve as an ideal preprocessor in ML, 
allowing you to select shortened sets of predictors for 
further analysis. 

By default, this module for continuous dependent 
variables calculates the ratio of variances between 
categories to variance within a category (dependent 
variable) for intervals of predictor variables. 
Continuous dependent variables can also be 
“combined” and “transformed” into categorical 
variables to analyze the selection of characteristics. 
This option is especially useful when working with 
highly distorted continuous dependent variables, or 
when this variable contains extremely unusual 
values. 

For continuous predictors, the program will divide 
the range of values in each predictor into p intervals 
(10 default intervals). Continuous variables are 
transcoded using a special algorithm. Categorical 
predictors are not transformed in any way. 
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Neural Networks 
 

A neural network is a “black box” that reflects a 
situation with a completely unknown process, but 
includes observations (examples). Here we know 
inputs and output, but we need a base of examples to 
be used by the network for learning. Generally, NN 
is a machine simulating the way the brain processes a 
specific task [12]. This network is implemented using 
electronic components or modeled by a program run 
on a computer. Due to its learning and generalization 
capabilities, neural networks can be expressed as a 
mathematical representation of the architecture of the 
human brain. 

 Let us explain the principle of neural network 
technology on a one-layer network (Figure 1.). 

 

 
 

Figure 1. One-layer network [13] 
 

An element with index i has an adder that receives 
weighted inputs and offsets to form the ith scalar 
output n(i). Different outputs are combined to form 
the Sth element of the input vector n, which are the 
arguments of the activation function f. As a result, an 
output column vector a is formed at the network 
output [13]. 

The principle of operation of the network remains 
the same except that the outputs of the hidden layer 
are the inputs of the output one. After collecting data 
and forming a base of examples, we can easily solve 
the question of choosing the type of network, since a 
multilayer feedforward NN is a “workhorse” in 
neural network methods. 

 
 Neuro-Fuzzy system 
 

A neuro-fuzzy system (NFS) integrates the 
principles of neural networks and fuzzy logic. The 
essence of the NFS is to determine the parameters of 
fuzzy systems using learning methods adopted in 
neural networks [14], [15]. The fuzzy logic 
mechanism can be implemented through such an 
algorithm as Mamdani or Sugeno. In this paper, the 
Sugeno algorithm is used to solve the problem. 

 
3. Results 

 
Table 1. shows a fragment of Rosstat data [2] on 

the investment activity of Russian regions.  

 

Table 1. Investment performance of the constituent territory of the Russian Federation in 2017 (taken from [2]) 
 

 Var1*103 Var2 Var3 Var4*103 Var5*103 Var6 Var7*103 Var8 

Russian Federation 472.2 56.0 34.2 140.5 37.1 68.1 108.8 104.4 

Central Federal District 616.4 56.2 39.5 233.9 94.1 67.0 106.3 106.6 

Belgorod Oblast 470.8 55.4 32.2 109.6 26.4 72.2 89.7 91.6 

Bryansk Oblast 233.7 55.1 28.0 79.8 6.8 63.6 45.0 78.1 

Vladimir Oblast 281.4 54.0 28.6 117.3 15.6 68.6 57.5 110.8 

Voronezh Oblast 360.4 55.5 33.3 121.5 15.0 73.6 126.0 100.1 

 
Table 1. introduces the following definitions: Var1 

- gross regional product per capita, RUB; Var2 - 
percentage of the working-age population in the total 
population,%; Var3 - percentage of people with 
higher education in the number of the employed,%; 
Var4, Var5 - size of the deposit of individuals in 
credit institutions of Russia per capita at the 
beginning of 2017 in ruble and foreign currency 
accounts, RUB; Var6 - percentage of profitable 
organizations in the total number of organizations, 
%; Var7 - capital investment per capita, RUB; Var8 - 
index of physical volume of capital investments in 
fixed assets, in % to the previous year. When  

 

 
compiling Table 1., we excluded the rows 
corresponding to three entities: the Nenets, Khanto-
Mansiysk and Yamalo-Nenets autonomous districts, 
since we used data on the regions which included 
these districts. Thus, the original data matrix consists 
of 81 rows and 8 columns. Subsequently, the regions 
will be called objects, and the indicators will be 
called predictors. 

The results of cluster analysis in the form of a 
dendrogram for 81 objects, each of which is 
characterized by 8 predictors, are shown in Figure 2. 
The horizontal scale of Figure 2. contains the 
numbers of objects, and the vertical scale specifies 
the fusion distance of objects. 
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Figure 2. Dendrogram of objects (obtained by the authors) 
 
An analysis of Fig. 2. allows us to identify 6 

clusters obtained by cutting the dendrogram at a level 
slightly below 1,000 units (indicated by semi-bold 
segments). Let us use the method k-means to 

determine the composition of each of the clusters. As 
an example, tables 2-4 show the objects that fall into 
clusters ## 1, 2, and 3. 

 
 

Table 2. Composition of the first cluster (obtained by the authors) 
 

 
Case No. 

Object numbers and distance to the center

Distance

C_18 
 

110.05

C_73 
 

102.11

C_78 
 

38.62

C_81 
 

86.53
 

Table 3. Composition of the second cluster (obtained by the authors) 
 

 
Case No. 

Object numbers and distance to the center

Distance
 

C_20 
 

24.23

C_21 
 

26.14

C_24 
 

42.12

C_25 
 

20.28

C_28 
 

65.35

C_46 
 

36.20

C_67 
 

23.27

C_74 
 

28.31
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Table 4. Composition of the third cluster (obtained by the authors) 
 

 
Case No. 

Object numbers and distance to the center

Distance
 

C_59 
 

13.71

C_79 
 

 13.71

 
Let us add another column to the observation 

matrix, which will indicate the cluster number. Note 
that Russia has eight federal districts, while the task 
at hand includes six clusters. 

Next, we will use the Feature Selection and 
Variable Screening module to evaluate the 
significance of the predictors. The results of this 

 

 ranking are shown in Figure 3. Let us select 4 
predictors for further analysis: Var1 (gross regional 
product per capita), Var7 (fixed capital investment 
per capita), Var5 and Var4 (size of the deposit of 
individuals in credit institutions of Russia per capita 
at the beginning of 2017 in ruble and foreign 
currency accounts). 

 
 

Figure 3. Histogram of the most important predictors (obtained by the authors) 
 

The two-layer neural network created in the 
MatLab program is shown in Figure 4. 

 

 
 

 
 

Figure 4. Neural network (obtained by the authors) 
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The initial data set of 81 objects is divided into 3 
parts in the proportion of 70%, 15% and 15%: 

 
 Training sample, (57 objects), which is used to 

train the network; 
 Validation sample (12 objects), used to evaluate 

the generalization ability of the network and stop 

the learning process in case the improvement of 
generalization ability is stopped; 

 Testing sample, (12 objects), designed for an 
independent measure of network characteristics 
during and after training. 
 

Some of the learning results are presented below. 
Figure 5. shows three learning curves corresponding 
to training, validation, and test samples. 

 

 
 

Figure 5. Network learning curves (obtained by the authors) 
 
The vertical axis of the graph in Fig. 5 contains the 

cross-entropy value, which estimates the behavior of 
the network taking into account the target and output 
values. Minimizing cross-entropy leads to classifiers 
of good quality. The horizontal axis indicates the 
number of training epochs, showing that at the 42th 
epoch the generalization of the network declined, so 
the network learned in this period. 

To determine whether a region object belongs to a 
particular class of 6 selected clusters, let us first save 
the neural network in the MatLab workspace. Next, 
let us apply the parameters of the region object to its 
input through the command window, for example, 
VN2=[175;17;102;27]. The network gives a response 
in the form of a column vector, the largest value of 
which determines the class: 

 
 
 

>> fit = net(VN2) 
fit = 
 0.0000 
 0.0000 
 0.0000 
 0.0001 
 0.2930 
 0.7069 

 

In this case, the network assumes that the object 
belongs to class 6. 

Let us use the ANFIS system to solve the second 
task, which lies in finding a quantitative estimate of 
investment activity. Let us divide the sample into two 
parts: training (60 lines) and testing (21 lines) and 
load them into the system. 

The resulting neuro-fuzzy system is shown in 
Figure 6. 
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Figure 6. Neuro-fuzzy system (obtained by the authors)
 

The ANFIS system automatically creates a base of 
rules, which in this case consists of 81 rules. The 
results of testing this system are shown in Figure 7., 

  

 
which shows that the testing data is close to the 

results created by the ANFIS system. 
 

 
 

Figure 7. Results of testing (obtained by the authors) 
 

Now, let us consider the fuzzy part of the ANFIS 
system to find a quantitative estimate of investment 
activity through the option of viewing the rules (here 
a 10-point scale is selected). 

 

Figure 8. shows a fragment of a figure showing 
such a result: when applying the values of the four 
predictors indicated above the input columns to the 
system input, the system gives an estimate of 1.66 
points. 

 

 
 

Figure 8. System work (obtained by the authors)
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4. Discussion 
 
Our findings show the application of machine 

learning methods to evaluate the investment activity 
of various Russian regions. We have considered the 
solution from two points of view: finding 
information about the class to which a particular 
region belongs, and forming a quantitative estimate 
of the investment activity of the regions. In the first 
case, we have obtained a solution using a neural 
network system implemented in the MatLab 2018b 
software product. In the second case, we have used 
the ANFIS neural-fuzzy system, also implemented in 
MatLab 2018b, allowing us to form a quantitative 
estimate of investment activity. Here, the solution of 
the problem using only the main components is of 
interest. Moreover, it is possible to conduct further 
analysis of the study of the fuzzy inference system 
using Simulink tools. 

 

5. Conclusion 
 

Thus, the article shows that the task of evaluating 
the investment activity of the regions can be solved 
using technologies implemented on neural networks 
and a neuro-fuzzy system. These techniques are part 
of machine learning, which, in turn, is part of 
artificial intelligence. 
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