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Abstract—Several approaches can be used to estimate the 

value of residential real estate. The sales comparison approach 

requires assessing a number of comparable residential 

properties and determining the degree of their compatibility. 

The cost approach requires using the information on all 

construction costs. The income approach requires a large 

amount of data on the market capacity, operation cost, expected 

operating expenses, and competitive opportunities. For the end 

customer or buyer and often for appraisers and realtors as well, 

these methods would involve processing a considerable amount 

of information. The sales comparison approach is used more 

frequently, since sufficient data for other approaches might not 

be publicly available. Nevertheless, all these methods are quite 

complex, and using them to estimate the value of a residential 

property can be time-consuming if performed without 

automated valuation models (AVMs). In the paper, the method 

of data collection is described, and the analysis based on these 

data is carried out. Moreover, the housing affordability index is 

determined (shows the number of years required to purchase a 

residential property). Finally, the most appropriate forecasting 

method with the least error is chosen, and the parameters of 

residential properties are determined and ranked according to 

the degree of their impact on the price. 

Keywords—real estate market analysis, forecasting, housing 

market, housing, real estate, residential real estate market value 

I. INTRODUCTION 

The 2019 Russian housing market was marked by two 
important events which can affect the residential property 
value. As of July 1, 2019, shared-equity construction was 
replaced by a new financing scheme that uses escrow accounts 
(bank accounts where all funds contributed are kept blocked 
until certain conditions are met) [1]. The standard value-added 
tax rate increase from 18% to 20% was another significant 
event [2]. All of these factors are already leading to the rise in 
the final price of residential properties for citizens.  

The housing (mortgage) loan market rate has now reached 
its peak (16.823 billion rubles) in the entire modern history of 
the Russian Federation, and the weighted average rate has 
reached a minimum of 9.56%. The previous peak of 10.267 
billion rubles was in 2014, while the weighted average rate 
was 12.2%. In 2015, the rate declined to 7291 billion rubles, 
and in the following years it increased [3]. Thus, the citizens 
became more interested in buying residential property, the 
household debt level, however, rose greatly and reached 6.2% 
of gross domestic product [4]. 

According to the analytical report from construction 
company BEL Development, the key interest rate can be cut, 

ranging from 5.5 to 6.5% per annum [5]. The demand will 
most probably continue to grow in the following years due to 
the fact that mortgages will become more affordable. The 
increase in the final housing price will be moderated by 
lowering the mortgage rate to 6–6.5%. This rate can maintain 
the real estate market demand from individuals, but in this 
case Russian economy risks entering the phase of stagnation 
in the nearest possible time when even national projects will 
not be able to increase the economic growth. Moreover, if new 
sanctions on Russia are imposed (concerning the banking 
sector and Russian sovereign debt), this can reduce 
individuals' capacity to pay which will affect the demand. 

Proper valuation of residential real estate is essential for 
both appraisers (their salary and reputation depend on the 
quality of appraisals) and buyers as it is important not to 
overpay. Nevertheless, in order to assess a residential 
property, it is necessary to take into account its various 
characteristics [6, 7]. This process can be quite time-
consuming and complex if carried out without automated 
valuation systems [8]. Such systems are based on neural 
networks [9, 10], or machine learning methods can be used 
(RIPPER, AdaBoost, SVM, Ridge, Random Forest) [11-15], 
which take into account characteristics of the building, the 
level of infrastructure development and even external factors. 
Forecasting the value with the aforementioned models instead 
of using a sales comparison approach, which involves finding 
approximately 5–7 similar residential properties in the market 
and calculating the final price, will permit appraisers to save 
time [16, 17]. These models may be useful for buyers who are 
not able to use the cost or sales comparison approaches to 
valuation: with their help, undervalued or overpriced 
properties can be found and bargain purchases can be made. 

II. DATA COLLECTION 

To create a model which will be able to estimate the final 
price of a residential property, the following data on buildings 
are needed: commissioning year, number of floors, 
playground nearby, energy efficiency class, type of the 
building, load-bearing walls, etc. There are no open data bases 
with such information about residential buildings, thus, it was 
necessary to parse (carry out a syntactic analysis of) the 
Dom.MinGKH website where main characteristics of 
buildings are given [18].  

The data collection was carried out by using the following 
libraries: Beautiful Soup (HTML or XML files parsing), 
requests (sending requests to a server), csv (writing data in the 
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right format with a convenient processing), and sleep (delay 
in sending requests) [19-22]. 

To forecast the price and identify important 
characteristics, it is necessary to obtain data on apartments for 

sale. In order to achieve this, it is required to parse a major real 
estate aggregator with a large number of listings and 
comprehensive information regarding apartment price, total 
living space, and floor number, however, such websites have 
a parsing protection which is difficult to bypass. 

The DomClick website was chosen to collect data on 
residential properties [23]. There can be found various listings 
and data on all the necessary characteristics (price, total living 
space, commissioning year). The libraries mentioned above 
must be used, although, to bypass the protection, it is needed 
to not only make a delay for sending requests (the sleep 
library) but also change the User-Agent (a client application 
that uses a specific network protocol) because when sending 
requests via the library, the server may identify and reject the 
request or block an Internet Protocol address (IP address) if it 
sends too many requests. In order for requests to come from 
different IP addresses, it is important to change the API 
(Application Programming Interface) address and port 
number every time. The Free Proxy List website was used for 
this purpose [24]. 

A single field which allows merging (address or 
coordinates) is needed to combine the received data. The 
Geocoder API by the technology company Yandex was used 
to obtain the address in a single format, however, this server 
does not provide data on the district which are needed for the 
further price forecasting. To determine the district in which 
the residential property is located, the OpenStreetMap service 
and the Nominatim library were used [25]. The project is non-
profit and allows a limited number of requests. To remove the 
restriction, it is needed to change the User-Agent and IP 
address, as when accessing DomClick. 

By combining the data using the VLOOKUPV function in 
Microsoft Excel, the data frame was obtained. It includes data 
on the residential property for sale and the characteristics of 
the building (shown in Fig. 1 and Fig. 2). 

III. DATA ANALYSIS 

According to a survey conducted by the research company 
NAFI (The National Agency for Financial Studies), the main 
criterion citizens focus on when buying residential property is 
price [26, 27]. For the third consecutive year, it becomes the 
key criterion when one makes a purchase, followed by the 
location of the house and its planning. Thus, it is necessary to 
consider economic performance of the regions and determine 
the housing affordability index (HAI) which shows the ratio 
of the family's actual income to the ideal income needed to 
purchase a typical apartment [28]. In order to achieve this, the 
HAI formula should be used (1): 

  HAI =  
𝑃  𝑆

𝐼  𝑀 
 

where P is the average market price per square meter of 
living space, S is the total living space (a standard apartment 
with a total living space of 54 square meters), I is the per capita 
income, and M is the number of family members. 

According to official statistics, the average gross monthly 
nominal wage in Khanty-Mansiysk is 73,780 rubles and the 
average price of 1 square meter of the total living space of 
apartments in the market is 52,276 rubles. As for Chelyabinsk, 
the corresponding figures are 36,487 rubles and 35,998 rubles 
[29, 30]. Depending on the level of the HAI, markets are 
classified according to the degree of housing affordability. 
International experience shows that the optimal index level 
should not exceed 3 years. The housing affordability index in 
Khanty-Mansiysk is at the level of 2.11 years, while in 
Chelyabinsk it is at 2.36 years. This means that if a family 
spends all their income to pay the mortgage, they will be able 

 

Fig. 1. Example of the general population for Chelyabinsk. 

 

 

 

 

 

Fig. 2. Example of the general population for Khanty-Mansiysk. 
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to repay it in 2 years (interest not included). On average, the 
index equals to 3.9 years in Russia, and Sevastopol has the 
highest rate – 11 years. 

Furthermore, it is important to calculate how much time it 
can take for a family to repay the mortgage if they do not pay 
all the income but use some of the money for their needs. 
When granting a mortgage loan, it is considered that a 
household is able to make loan payments without loss if the 
payments do not exceed 30% of the income (2): 

  HAI =  
𝑃  𝑆

(𝐼 − 70%)  𝑀
 

where P is the average market price per square meter of 
living space, S is the total living space (a standard apartment 
with a total living space of 54 square meters), I is the per capita 
income, and M is the number of family members. 

In Khanty-Mansiysk, a family will buy an apartment in 7 
years if they pay 30% of the income, and in Chelyabinsk – in 
7.9 years under the same conditions. These rates correlate 
directly to the demand in the real estate market, since the 
higher the housing affordability index, the lower the level of 
demand. 

It is necessary to study main statistical characteristics for 
each attribute (the number of non-missing values, root-mean-
square deviation, standard deviation, median, the first and the 
third quartiles) in order to determine the distribution of data. 
To perform this task, the describe function in Python was 
used. 

As for Chelyabinsk, the average commissioning year of 
the buildings is 1988, the average number of floors is 5, and 
the average price of an apartment is 2.1 million rubles (the data 
are shown in Fig. 3). Moreover, a third of all apartments cost 
less than 2.5 million rubles. 

In Khanty-Mansiysk, the average commissioning year of 
the buildings is 2001 (as can been seen in Fig. 4). Therefore, 
the residential stock for sale in Khanty-Mansiysk is newer 
than the one in Chelyabinsk (1988). 

The average price of an apartment in Khanty-Mansiysk is 
5.3 million rubles and the average number of floors is 5.  

IV. PRICE FORECAST 

To forecast the price, the four following models in Python 
were chosen: 

 LinearRegression; 

 CatBoostRegressor; 

 CatBoostRegressor; 

 AdaBoostRegressor. 

LinearRegression (linear regression) is the simplest and 
most traditional regression model (3): 

  𝑌𝑖 =  β0 + β1𝑋𝑖 + ε𝑖 , 

where β0 is the Y intercept, β1 is the slope of Y, and ε𝑖 is 
the random error in Y for observation i. 

 Linear regression finds the characteristics which 
minimize the mean squared error between the predicted and 
the actual values. Mean squared error (MSE) is equal to the 
sum of the squared difference between the predicted and the 
actual values [31]. 

CatBoostRegressor is the first machine learning algorithm 
developed by Yandex and released as an open-source under 
the free Apache License 2.0. The algorithm is based on 
MatrixNet, a proprietary machine learning algorithm created 
by Yandex for using gradient boosting in the company's 
projects [32, 33]. 

XGBRegressor is a model based on the gradient boosting 
decision tree algorithm. In each iteration, prediction 
deviations of the previously trained ensemble in the training 
set are calculated. An algorithm is considered the best if it can 
minimize the error in previous iterations [34]. 

The main idea of AdaBoostRegressor is to combine weak 
classifiers obtained in the iterative process during which a new 
model learns at each step taking into account the data on the 
errors of the previous models [35].  

The three aforementioned methods are based on the 
gradient boosting. Similarly, to any other boosting algorithm, 
it consistently builds basic models in a way that each 
subsequent one improves the quality of the whole ensemble. 
Gradient boosted decision trees algorithm builds a model as a 
sum of trees (4): 

  𝑓(𝑥) = ℎ0 +  ϑ ∑ ℎ𝑗(𝑥)𝑀
𝑗=1 , 

where ℎ0 is a constant model (initial initial guess), 𝜗 ∈
(0, 1) is the parameter which regulates the learning speed and 
the influence of individual trees on the whole model, and 
ℎ𝑗(𝑥) is regression trees. 

The results of the aforementioned models are presented in 
the Table I. 

 
Fig. 3. Main statistical characteristics for Chelyabinsk. 

 
Fig. 4. Main statistical characteristics for Khanty-Mansiysk. 
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TABLE I.  FORECAST RESULTS 

Model 
Chelyabinsk Khanty-Mansiysk 

Coefficient of determination (R2) 

LinearRegression 0.8353 0.4460 

CatBoostRegressor 0.9004 0.8605 

XGBRegressor 0.8873 0.8535 

AdaBoostRegressor 0.8820 0.8394 

 

In both cases, the CatBoostRegressor model showed the 
best results, while the prediction rates of XGBRegressor and 
AdaBoostRegressor are slightly lower. Notably, the linear 
regression model showed a better result for Chelyabinsk than 
for Khanty-Mansiysk, however, compared to the other 
models, its forecast is significantly worse. This can be 
ascribed to the DataFrame size. The quality of prediction for 
Khanty-Mansiysk can be improved by increasing the data 
size. 

The root-mean-square error (RMSE) for Chelyabinsk is 
287,785 rubles and for Khanty-Mansiysk is 515,697 rubles. It 
means that the difference between the predicted and actual 
prices cannot exceed these amounts. The relationship of the 
predicted values to the actual values for Chelyabinsk and 
Khanty-Mansiysk is illustrated in the graphs (Fig. 5 and Fig. 
6). 

The diagonal line in the graph signifies where all the points 
would lie if there was a perfect match between the actual and 
the predicted values. 

V. DETERMINING KEY CHARACTERISTICS 

DataFrame includes 44 characteristics, and it is necessary 
to evaluate their importance for the price. CatBoostRegressor 
showed the least error rate in the forecast, therefore, this model 
was used as a basis for determining the importance of 
characteristics (Fig. 7 and Fig. 8). 

Feature importance ranking for Chelyabinsk illustrated 
that the total living space of an apartment, Tsentralny district, 
number of floors, commissioning year, load-bearing panel 
walls and other features affected the price most significantly.  

Feature importance ranking for Khanty-Mansiysk showed 
that the total living space of an apartment, living space, floor 
number, number of floors, cellar space and other features 
affected the price most significantly. 

In Chelyabinsk, the total living space of an apartment 
(51.5) and the district (18.5) have the biggest influence on the 
price. As for Khanty-Mansiysk, the importance of the total 
living space is bigger (59) and the district is not included in 
the top ten important characteristics as only two districts can 

 
Fig. 5. Relationships between values for Chelyabinsk. 

 
Fig. 6. Relationships between values for Khanty-Mansiysk. 
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be selected and the city is relatively small, compared to 
Chelyabinsk. 

VI. CONCLUSION 

From the analysis, it was concluded that the average price 

of apartments in Chelyabinsk was significantly lower than in 

Khanty-Mansiysk. In spite of that, the housing affordability 

index in both cities is equal to 2. Moreover, the residential 

stock for sale in Khanty-Mansiysk is newer. Price forecasting 

models used in the study demonstrated that 

CatBoostRegressor created by the technology company 

Yandex had the best rate. Other models, with the exception of 

the linear regression, showed almost the same result which 

was a few percent less. Linear regression model illustrated the 

worst result, moreover, its prediction quality level for Khanty-

Mansiysk was less than 50%, probably, due to the substantial 

amount of data. Feature importance ranking permitted to 

identify that in Chelyabinsk, the total living space of 

apartments and their location in Tsentralny district played an 

important role in predicting the price, while the main 

characteristic for Khanty-Mansiysk was the total living space. 

Future work should concentrate on increasing the amount 

of data and testing other machine learning methods to improve 

the forecast. Presumably, using other techniques or increasing 

the amount of data on residential properties would allow to 

improve the quality of the price forecast to 95% or higher, 

given that the levels of 90% and 86% for Chelyabinsk and 

Khanty-Mansiysk respectively are not high enough. 
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