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Abstract— The article presents the dynamic model of rating 

management. To build a management model, a rating 
assessment model must be previously built. We have 
constructed a regression model of rating evaluation which 
includes eight key indices that affect the rating level. On the 
basis of this model, a dynamic model of rating management for 
the Russian Federation entities has been formed. The model 
has been tested on the Tomsk Region rating. The article is of 
potential use for the Russian Federation entity authorities that 
may use it to assess the expected level. 

Keywords—credit ratings; Russian Federation entities; 
managing the risk for the probability of default. 

I. INTRODUCTION Getting a credit rating is a most common way to increase 
investment attractiveness for corporate and government 
bonds. The credit rating of the region is an integrated 
assessment that shows the ability of the regional 
governmental authority to completely and timely discharge 
bonds, i.e. repay and service loans, taking into account the 
forecast of changes in the socio-political situation and 
economic environment. Credit ratings reflect the opinion of 
agency analysts on the solvency of a Russian Federation 
constituent entity at the time of assigning a rating status. 

The credit rating is calculated by rating agencies based 
on the present and past financial history. These agencies 
may be either regional (sectoral), which implies specializing 
in a particular geographic region (industry), or international, 
including Standard & Poor’s, Moody’s Investors Service, 
Fitch Ratings, etc. 

The subject of rating in the general sense, i.e. the 
definition of company / bank, etc. rating is well-developed. 
For example, in the field of corporate rating analysis, 
Young-Chan Lee applied the support vector method (SVM) 
for the problem of determining the corporate credit rating in 
an attempt to propose a new model with a better 
interpretation. Here, the grid search method with a 5-fold 
test is used to determine the optimal values of the function 
parameters [1]. 

Chen and Chiou introduce the use of a fuzzy credit-
rating approach for credit ratings of commercial loans, in 
which evaluation criteria are modeled as a hierarchical 
decision-making structure. The method for proving 
synthesis, namely the fuzzy integral, is then used to combine 
credit information in the ascending path [2]. 

Melliosa and Paget-Blancb have studied the factors 
determining the sovereign credit ratings provided by three 
major rating agencies: Fitch Ratings, Moody’s and Standard 
and Poor’s. The analysis of the main components is 
implemented to identify common factors affecting these 
ratings. The variables correlate with these factors, and then 
are evaluated through an ordered logistic model. The results 
indicate that sovereign ratings are mainly affected by: 
income per capita, state revenues, real exchange rate 
changes, and inflation rates [3]. 

Pogue and Soldofsky’s classic question states: "What's 
in a bond rating?". The authors acknowledge that ratings are 
partly dependent on readily available statistics on a firm’s 
performance and financial condition. Examples of such 
statistics are profit coverage, liquidity ratios and rates of 
return [4]. 

A number of scholars argue that successful modeling of 
ratings is possible when using the model of ordered 
selection and simple methods of linear regression. 

For instance, referring to a sovereign rating, Cantor and 
Packer selected six factors out of a large multitude of 
criteria used by the two leading rating agencies S & P and 
Moody’s that they believe are important in determining the 
credit rating: income per capita, GDP growth rates, 
inflation, external debt, level of economic development and 
history as a default [5]. 

Kramin et al. [6] devoted their article Drivers of 
economic growth and investment attractiveness of Russian 
regions to the identification and substantiation of growth 
drivers and regional development in Russia. On the basis of 
regression analysis, the paper examined the influence of the 
domestic demand level and income inequality in the regions 
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of Russia on the rates of their economic growth and 
investment attractiveness. 

Bennella et al. [7] explore the modeling and training in 
neural networks and the model of ordered selection for a 
large sample of ratings provided by rating agencies. They 
assume that the model of ordered selection may account the 
discreteness of the dependent variable nature, and therefore 
be the most suitable econometric rating methodology. 

Linden, McNamara, and Vaaler used a multilevel ordinal 
logistic regression to analyze rating assessment. They 
investigated six rating agencies and determined systematic 
differences in the ratings of these agencies [8]. 

This again confirms the impossibility of creating a 
unified model for credit rating management due to 
differences in the direct objectives of credit rating 
determination [8]. 

Huang et al. [9] proposed a relatively new method of 
machine learning to solve the problem of providing a model 
with better interpretation. They used back propagation of a 
neural network. 

In [10], the model for determining the credit rating was 
developed based on the regression model. 

To build this model, such indices that affect the credit 
rating value were chosen: 

• x1 = Direct debt / Income excluding gratuitous 
receipts; 

• x2 = Conditional debt / Income excluding gratuitous 
receipts; 

• x3 = Income discounting gratuitous receipts / Total 
revenue; 

• x4 = Budget deficit / Income excluding gratuitous 
receipts; 

• x5 = Debt service / Income excluding gratuitous 
receipts; 

• x6 = Total public debt / Gross regional product; 

• x7 = General government debt expenditure / Budget 
expenditure; 

• x8 = Borrowed funds / Total budget revenue; 

• x9 = Industrial production index / Gross domestic 
product of the Russian Federation. 

The index values were calculated for 33 regions 
involved in the structuring [12-14]. 

The conducted factor analysis showed that to simplify 
the model it is possible to exclude one factor, namely: 
Borrowed funds / Total budget revenue. Based on the factor 
analysis results, the following were re-identified: 

• x1 = Direct debt / Income excluding gratuitous 
receipts; 

• x2 = Conditional debt / Income excluding gratuitous 
receipts; 

• x3 = Income excluding gratuitous receipts / Total 
revenue; 

• x4 = Budget deficit / Income excluding gratuitous 
receipts; 

• x5 = Debt service / Income excluding gratuitous 
receipts; 

• x6 = Total public debt / Gross regional product; 

• x7 = General government debt expenditure / Budget 
expenditure; 

• x8 = Industrial production index / Gross domestic 
product of the Russian Federation. 

Using the identified indices taken as X, and the value for 
the probability of default taken as Y, a nonlinear regression 
model was formed. The following equation was chosen for 
the regression model: 

2 3
1 1 2 2 3 3 4 4

5 7 5 6 6 8 7

( )
( )

y k x x k x k x k
x x k x k x k
        

      
 

Coefficients 7,1, iki  acquired the following values: 

1 2 3 4

5 6 7

4,17, 6,05, 1.71, 30,39,
27,34, 0,03, 6,6.

k k k k
k k k

     
    

In this paper, the rating management model was 
developed by the model [10]. 

II. EXPERIMENTAL  PART 

A. The dynamic model of regional rating management 
without feedback factors 
We have identified 8 indices most critical for assessing 

the risk of refinancing that affect the rating of the entity [10, 
15]. Let the values of these indices exceed the permissible 
limits and we want to change their values in order to avoid a 
low rating. Thus, we need changes in the key indices [16]. 

Let us take ( ), 1,...,ix t i n  for the indices at the time 
moment , 1,..., 1t t T  , where T  – planned moment of 
time for the region to reach the required rating level; 0 ( )ix t  
– planned values of indices that correspond to the 
sustainable functioning of the region; ( )V t  – probability of 
default, which the region has in the state of ‘crisis’; 0 ( )V t  – 
maximum permissible probability of default, at which the 
region’s stable state is provided. 

The following expression was obtained for the 
probability of default in [11]: 

2
1 2 1 3 2

3
4 3 5 7 4

6 5 8 6

( ) ( ( ) ( )) ( )

( ) ( ( ) ( ))
( ) ( )

V t x t x t k x t k

x t k x t x t k
x t k x t k

     

     

   
 (1) 
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where ( )ix t  – indices of financial, as well as social and 

political activity of the region. The values of , 1,6ik i   
factors thus equal: 

1 2 3

4 5 6

1 9 ,1 2 , 2 2, 0 7 , 0 , 8 4,
4 , 5 8, 2 1, 6 1, 2 6, 8 9 .

k k k
k k k

  

   
 

Let us rename the indices and factors of the model (1): 

2 3
3 3 4 4

( ) ( ), 1, 2,5,6,7,8;

( ), ( ).
i iy t x t i

y x t y x t

 

   
(2) 

1 1 2 1 3 2 4 3

5 4 6 5 7 4 8 6

1 ; 1 ; 1 ; 1 ;
1 ; 1 ; 1 ; 1 .

k k k k k k k k
k k k k k k k k

   

   
  (3) 

Then correspondence (1) takes the form of: 

1
( ) ( ), 8

n

i
i

V t V t n


   (4) 

where ( ) 1i i iV t k y  – the probability of default conditioned 
by the i  index. 

The dependence of ( )ix t  indices on time can be 
presented as: 

$ ( 1) 1 ( ) ( )ii ix t t x t     , (5) 

where $( )i t  – the rate of change in the i  index. 

The dynamics for the probability of default is given as 
follows: 

( 1) (1 ( ))( ( ) ( )), 1,...,8i i i iV t t V t u t i      , (6) 

where 

$

$ $2 3
3 43 4

, 1, 2,5,6,7,8;

(1 ) 1, (1 ) 1.
ii i   

         
 (7) 

Here iu  – management associated with the change of 
the i  index. 

The dependence of the maximum permissible probability 
of default (the reference probability) on time can be 
expressed as: 

0 0
0( 1) (1 ) ( )V t V t    , (8) 

where 0  – desired rate of change in the probability of 
default. 

Let us introduce the vector 

 0
1 2( ) ( ), ( ),..., ( ), ( )

T

nz t V t V t V t V t  

 

Then equations (6) and (8) may be rewritten in the form 
of: 

0 0( 1) ( ) ( ) ( ) ( )z t A t z t B t u t    (9) 

where 0 ( )A t  – diagonal matrix of ( 1) ( 1)n n    dimension 

 0 1 0( ) 1 ( ), ,1 ( ),1 ( )nA t diag t t t       ; 

0 ( )B t  – diagonal matrix of ( 1) )n n   dimension 

1

0

1 ( ) ... 0
... ... 0

( )
0 ... 1 ( )
0 ... 0

n

t

B t
t

  
 
 
  
 
 

; 

 

As the objective function, let us choose a quadratic 
functional of: 

 
1

0 2

0
0 2

[ ( ) ( )] ( ) ( )

[ ( ) ( )] ,

T
T

t
J V t V t u t Ru t

V T V t





     

 

   (10) 

which characterizes the quality of tracking planned 
probability of a regional default. By minimizing this 
functionality, we thereby ensure the region’s 
correspondence to the planned probability. Here ( )R t  – 
diagonal matrix of weight factors for n n  dimension. 

We will introduce ( )z t  vector in (10). The value 

 0( ) ( )V t V t  will take the form of  0( ) ( ) ( )V t V t Cz t  , 
where 

  11,1,...,1, 1 nC R      The quality criterion J  will 
take the form of: 

 
1 1

1 0

( )

( ) ( ) ( ) ( )

( ) ( ) min

T T
T T T

t t
T T

u t

J z t C Cz t u t Ru t

z T C Cz T

 

 

  

 

 
(11) 

Thus, we have the problem of optimal management, in 
which the equation of state is described by the multi-step 
process (8), and the quality functional – by the expression 
(110. The management is specified by ( )u t  vector. 

An optimal solution for  ( ), ( )z t u t  must be found 
where the functional (11) assumes a minimum value. 

B. Problem solution 
We have the problem of optimal management with a 

quadratic criterion. 

We transform our problem to an equivalent problem of 
absolute minimization of a multivariable function. As a 
result, we will get: 

 
11(0) (0) (0)

min
2 (0)

T

TT T U

z L z
J

z B U U SU

    
    

, (12) 

Advances in Computer Science Research (ACSR), volume 72

15



where 

11
0

22
0

12
0

( ) ( ) ( 1) ( ),

( ) ( ) ( 1) ( ), 1, 2,...,0.

( ) ( ) ( 1) ( ).
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j
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





  

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


 


 

11

( ) , ;
( ) ( ) , 1, 2,...,0.

TQ T h h C C
Q t L t h t T T

 
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1
0 12

0

0 12
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s
s

j
A j L s s T

L





      
  

 


 

1

0 0 12

22

( ) ( ) ( ), ;

, 0,1,..., 1;
( ) ( ), ;

s

j i

si is

B i A j L s i s

S S i s T
L i R i i s





  
  
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1
0 ( )

p

j p
A j I




  

 

 

 

0 1 1... ;

(0) (1) ... ( 1) ;

(0) (1) ... ( 1) .

T
T

T

B b b b T

U u u u T
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 

 

 

Problem solution is determined by the formula: 

1 (0)TU S z    (13) 

In accordance with the obtained management, we find 
( )z t  variables by formula (9), and then calculate the index 

values: 

 1/3
3 3 3 4 4 4

( ) ( ) / 1 , 1,2,5,6,7,8;

( ) ( ) / 1 , ( ) ( ) / 1 .

i i ix t z t k i

x t z t k x t z t k

 

 
 

C. Simulation results 
The developed model was applied to the rating of the 

Tomsk Region. As ( ), 1,...,ix t i n , index values of the 
period from 01 April,.2008 to 01 January 2015 were taken 
that prove most critical for assessing refinancing risks and 
affect the entity rating. 

Since the Tomsk Region rating was assigned only in 
2013, real indices were taken for each quarter, starting from 
2014. With the formed regression model, the estimated 
rating level for the missing periods was calculated. It was 
determined that for the first moment of time the estimated 

probability of default corresponded to the B + rating 
(10.43%) [14,18-19]. 

As a maximum-permissible probability for the first 
moment of time, a value corresponding to the BB rating 
(5.75%) was set. In the course of time, this value also had 
negative dynamics. 

Factors $i  were calculated with the following formula: 

$ 2

2

2

( ( ) ( 1))
1, 28,

( ( 1))

1,...,6.

n
i i

t
i n

i
t

x t x t
n

x t

i







   








 (14) 

The graphs of the maximum permissible and real 
probability of default are presented in Fig. 1. 

 

1 3.9 6.8 9.7 12.6 15.5 18.4 21.3 24.2 27.1 30
0

1.4

2.8

4.2

5.6

7

8.4

9.8

11.2

12.6

14
12.096

0

Vt

V0t

281 t  
Fig.1. Maximum permissible 0tV  and real tV  probability of default for 
quarter (t) 

It can be observed from the graphs that over time real 
probability displays a tendency toward maximum 
permissible probability. 

The values of indices that provide sustainable 
development of the region are shown in Fig. 2 
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x7 t,  

x8 t,  

T1 t  
Fig. 2. Optimal values of indices for which the probability of default 
assumes maximum permissible values for quarter (t) 

The analysis of calculations has shown that to obtain the 
maximum necessary probability for a given period, it is 
necessary to consistently decrease the following the first, 
third, and eighth indices (i.e. the correspondence of direct 
debt to one’s own revenues, the share of one’s own revenues 
in budget revenues, the ratio of borrowed funds to income). 
Since the problem of optimal management was solved 
without restrictions on permissible values of the second, 
fourth, fifth, sixth and seventh indices (i.e. the ratio of the 
conditional debt to one’s own revenues, the ratio of the 
budget deficit to one’s own revenues, the ratio of debt 
servicing to one’s own revenues, general government debt 
to gross regional product, expenditures on general 
government debt to budget expenditures), the indices 
entered the negative value range. 

III. DISCUSSIONS 
In this paper, a dynamic model of a region’s credit rating 

management was built. The model was based on the 
quadratic quality criteria and linear control law, and was 
tested on real data for the Tomsk Region. As a result, an 
optimal management for the given probability of default was 
obtained, namely the values of indices that provide reaching 
the maximum permissible probability of 1.5%, which 
corresponds to the BBB- rating at the final time moment T. 
Herewith, the optimal level of indices may be reached by 
changing only one of the constituents, i.e. increasing one’s 
own budget revenues. This is because in all indices that 
must be reduced (the correspondence of direct debt to one’s 
own revenues, the share of one’s own revenues in budget 
revenues, the ratio of borrowings to income), an increase in 
one’s own revenues will lead to an increase in the 
denominator, thus decreasing the index itself. 
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