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Using an artificial neural network, it is possible with the precision of the input data to show the dependence of the property price
from variable inputs. It is meant to make a forecast that can be used for different purposes (accounting, sales, etc.), but also for
the feasibility of building objects, as the sales price forecast is calculated. The aim of the research was to construct a prognostic
model of the real estate market value in the EU countries depending on the impact of macroeconomic indicators. The available
input data demonstrates that macroeconomic variables influence determination of real estate prices. The authors sought to obtain

correct output data which show prices forecast in the real estate markets of the observed countries.

1. Introduction

The difficulty or impossibility of constructing an overall
model with potential reactions and counterreactions (partic-
ipants or agents) stems from the complexity of social, eco-
nomic, and financial systems. It is assumed that the method-
ology of the neural network with evident complexity of the
system, the usual incomprehensibility and general impracti-
cality of the model, can help to emulate and encourage the
observed economy or society. The problem is more obvious if
one tries to control all possible variables and potential results
in the system as well as to include all their dynamic interac-
tions [1]. The application of artificial neural networks as well
as econometric models is characterized by specific advantages
and disadvantages. Nevertheless, neural networks have been
imposed as a real alternative to econometric methods, that is,
as a powerful tool for assessment and forecasting, for exam-
ple, in the field of evaluating real estate. It is specially empha-
sized that it is possible to find estimated values instead of
exact values.

Artificial neural networks are relatively new computer
tools that are widely used in solving many complex real
problems. Their attractiveness is a product with good char-
acteristics in data processing, tolerance of input data errors,
high learning opportunities on examples, easy adaptation to
changes, and generalization of the methodology for develop-
ing successful artificial neural networks starting with concep-
tualization projects, through design projects, to implemen-
tation projects [2]. The use of artificial neural networks for
forecasting has led to a vast increase in research over the past
two decades [3].

A generation of various prognostic models is based on
the use of artificial neural networks, which are recently being
studied as a contemporary interdisciplinary field at many uni-
versities, which help solve many engineering problems that
cannot be solved using traditional methods. Researched
neural networks are used successfully as an analytical tool for
relevant forecasts that greatly improve the quality of decision-
making at various levels. The common problem of successful
applications of artificial neural networks in forecasts and
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modeling is related to the lack of necessary data—the data
available is “noisy” or incomplete and the circumstances that
the quantities being modeled are governed by multivariate
interrelationships [4]. On the other hand, a large number
of studies point to the fact that prognostic models obtained
by the use of artificial neural networks exhibit a satisfactory
degree of accuracy and are particularly useful in situations
for preperformed numerical or experimental researches [5].
The use of these models has been explored and demonstrated
reliability in a large number of applications in construction
[6-11].

The wide scientific and technical use of neural networks
in the conditions of increased complexity of the market, when
they show superiority (effectiveness) in an unstable environ-
ment, is acceptable to analysts, investors, and economists
despite the shortcomings. The multidisciplinarity of neural
networks and their complexity coverage makes them suitable
for assessing market variables, that is, underlying, indexed,
and derivative financial instruments. Comparing the insta-
bility of forecasts obtained using neural networks with the
encompassed volatility of the S&P Index futures options and
applying the BAW pricing model of options to futures, Hamid
concluded that forecasts from neural networks are better than
the implied instability forecasts and slightly different from the
realized volatility [12].

Models of artificial neural networks provide reasonable
accuracy for many engineering problems that are difficult to
solve by conventional engineering approaches of engineering
techniques and statistical methods [13, 14]. The application
of artificial neural networks in the construction sector is of
great importance and usable value. Recent literature suggests
that the methodology of neural networks is largely used to
model different problems and phenomena in the field of
construction [15-20].

Artificial neural networks are useful for modeling the
relationship between inputs and outputs directly on the basis
of observed data. As already noted, they are capable of
learning, generalizing results, and responding to highly ex-
pressed incompleteness or incompleteness of available data
[21]. As artificial neural networks have better performance
than multivariate analysis because they are nonlinear, they
are able to evaluate subjective information difficult to include
in traditional mathematical approaches. Furthermore, the
prominent abilities of neural networks are particularly evi-
dent in complex systems such as the real estate system, where
in recent years artificial neural networks are widely used to
create a model for estimating prices in real estate markets.
A number of such models have been published in scientific
and professional literature. Thus, in the last decade of the 20th
century, Borst defined a number of variables for the design of
a model based on artificial neural networks to appraise real
estate in New York State, demonstrating that the model is able
to predict the real estate price with 90% accuracy [22].

2. Materials and Methods

The problem of assessing the market value of real estate in
construction has always been current from the angles of both
the real estate buyers and sellers/investors and in particular
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for future investments. Therefore, in theory and practice,
there are various methods for determining the market value
of real estate. Given that the market value of a property is
influenced by a large number of factors, the process of estima-
ting the real estate market is quite complex and is always
current again. A negative assessment practice that only con-
firms the agreed real estate price is lighter but less precise
and can lead to deviations of estimated value from the real
market value of real estate [23]. As part of traditional methods
of estimation derive from the impact of objective factors on
the real estate price, neglecting the undeniable influence of
subjective factors that have a significant impact on the price of
real estate, generalization of the application of these methods
is not possible because the real estate market in different
countries is influenced by various objective and subjective
factors. The hedonistic real estate assessment method, based
on a multiple regression analysis, though often used to test
new estimation methods, is burdened by initial assumptions
and is not sufficiently rational to evaluate [23, 24].

With the development of new computer and mathemat-
ical modeling methods, the trend of developing new ap-
proaches for real estate market assessment is notable. Namely,
the use of artificial neural networks has proved to be justified
in the development of unconventional methods for assessing
real estate market value which enable a more objective and
more accurate estimate of real estate in the market. As the val-
uation process is always a problem in free market economies,
market participants usually do not have complete and
accurate pricing information which is why they are consid-
ering a variety of factors and different relationships between
them. In the real estate market, there is usually a more
pronounced lack of accurate information compared to infor-
mation about another commodity because data is usually not
available in a consistent format. Analysis and interpretation of
general trends are hampered by the sparse variety of charac-
teristics/properties of these commodities, usually related to
a particular location [25]. Therefore, a large number of au-
thors elaborated other approaches as an alternative to the
conventional method of assessment and developed new
models for assessing the market value of real estate that are
capable and usable for similar purposes [26-28].

Developed models of artificial neural networks have
shown that residential property markets are under the influ-
ence of different economic and financial environments. The
aim of developing such models is to indicate, inter alia,
whether the economic and financial situation of the observed
countries reflects the general economic situation on the real
estate market. The results showed that the economic and
financial crisis in these countries had different impacts on
real estate prices [29]. The methodology based on rough
set theory and on artificial neural networks proved to be
suitable for the convergence of residential property prices
index [29, 30]. During the last decade, the literature analyzed
the impact of property price volatility on the economy in
general: unemployment, consumer confidence in govern-
ment, banking practices, and social costs. On the other hand,
the macroeconomic situations, such as the business cycle,
employment rates, income growth, interest rates, inflation
rates, loan supply, returns on real estate investments, and
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other factors, such as population growth, have had a signif-
icant impact on housing prices.

Contrary to the dominant application of multiple regres-
sion models, involving human estimations, the use of arti-
ficial neural networks, the model of artificial intelligence,
allows the hidden nonlinear connections between the mod-
eled variables to be uncovered. In the context of neural
networks, a special place was occupied by the so-called back-
propagation models. These neural networks contain series of
simple interconnected neurons (or nodes) between the input
and output vectors. Pi-Ying used a backpropagation neural
network as a tool for constructing a housing price model for
a selected city [31]. The paper investigates the importance of
the application of neural network technologies in the real
estate appraisal problem. Starting from the consequences of
the nature of the neural network model, Pi-Ying concludes
that the model creates a larger prediction error compared
to multiple regression analysis. However, by estimating a
large number of real estate properties, Peterson and Flanagan
found that artificial neural networks, compared to linear
hedonic pricing models, create significantly minor errors in
dollar pricing and have greater out-of-sample precision and
there is a better extrapolation in a more volatile environment
[32].

According to Limsombunchai (2004), the hedonistic cost
model and the artificial neural network emphasized that
the hedonistic technique is generally unrealistic in dealing
with the housing market in any geographic area as a single
unit. Compared to neural network models, this model shows
poorer results in the out-of-sample prediction [33]. Market
imperfections, complemented by bid rigidity and heterogene-
ity of quality, contribute to the deviation of real estate prices
from the fundamental value. Consequently, under sustainable
deviation conditions, the problem of adverse selection is
spurred, and, in the periods of financial liberalization and the
boom-bust cycle, the consequence (distortion) is moral haz-
ard [30]. The empirical and operational framework suggests
that the residential property market directly determined the
magnitude of the economic growth.

European economic growth is supported by the expanded
ECB stimulus (quantitative easing), which has increased
liquidity, confidence, and domestic consumption by creating
a fundament that impacts the real estate market. Growth,
that is, the boom of house prices in Europe, shows continuity
lately. This can be tracked over the momentum which is
increasing if the property market grows faster this year
compared to the previous (or fall below). Therefore, this is
a “change in change” measure which shows that most of the
housing market is slowing down, although the boom contin-
ues strongly in Europe [34]. The factor that has affected the
European housing market is GDP growth. In the beginning of
the previous decade, the correlation between lagging in GDP
growth and house prices in the EU was 81%. According to
these analyzes, the expected sluggish growth of the economy
should limit the growth of apartments prices in the coming
years.

Interest rates, as another economic indicator of the real
estate market, depend on monetary policy in the ECB and
other central banks in the EU. Low interest rates are the

result of expansive monetary policy which stimulates the real
estate market. There is a correlation of residential lending and
house prices. The rise in house prices is a consequence of the
growth of residential lending, and as a result of price rises,
the ratio of resident debt to household disposable income
is changing. This indebtedness of households along with the
household debt capacity becomes a determinant of the rise in
house prices. There are two consequences of cheap residential
housing in the European Union (2015): the rapid rise in
property prices in certain markets and the great difference in
transaction prices between cities and countries [35].

Housing is not only an important segment of household
wealth but also a key sector of the real economy. The decline
in housing construction can be reflected negatively (directly
or indirectly) on financial stability and the real economy. In
addition, the role of the loan is significant in the rise and
recession of housing. Financial and macroeconomic stability
are significantly affected by the development of the residential
real estate sector. The main responsibility of macroprudential
authorities is to analyze the vulnerabilities of this market.
In the EU, European Systemic Risk Board has the mandate
to implement “macroprudential oversight of the financial
system within EU in order to contribute to the prevention
or mitigation of systemic risk.” The ESRB identifies countries
in the EU that have medium-term sensitivities that can be
the cause of systemic risk and result in serious negative
consequences. Horizontal analysis based on key indicators,
risk analysis, and analysis of structural and institutional
factors (vertical) are implemented [36].

In this paper, a model for estimating real estate prices in
27 European countries has been defined. This research paper
indicates the author’s assumption was aided by a prognostic
model using artificial neural networks with the available
factors influencing the real estate price formation. These
factors can obtain accurate real estate prices in the European
market which can have a significant value in the decision-
making process of buying real estate in the European market.

Otherwise, in literature there are various approaches to
the division of factors that more or less influence the forma-
tion of prices in the real estate markets. One of the usual
divisions is on macroenvironment factors (e.g., exchange rate,
employment, GDP, loan interest rate, and geofactors) and
microenvironment factors (mostly related to construction
environment) [37]. In addition to this division, there is a
division of factors into rational ones related to the real
price of real estate and irrational ones that reflects the
expectation of consumers [38]. At the same time, certain
analysis has highlighted the fundamental real estate factors
in any country in relation to loan availability, housing supply
and dimet ratio, interest rate decrease, changes in housing
market participants’ expectations, administrative restrictions
of supply, and so forth [39].

For the purpose of developing a prognostic model for the
European real estate market, based on artificial neural net-
works, the authors suggested macroeconomic factors affected
the real estate market. Training of the artificial neural network
was carried out by defining 11 inputs and one output of
the network (house price). The output variables—real estate
prices for 27 EU countries—are provided on the basis of



available empirical data [36] and certain authors’ calculations.
Table 1 shows the basic inputs into the model and their
definition and basic characteristics. Precollection and data
analysis, preparation of data for defining the model, and,
ultimately, the production of the model were performed.

The basic characteristics of the input and output param-
eters used for the training network represent 253 sets of data
of which 80% are selected as a network training set and 20%
as a validation set. All data is downloaded from the above-
mentioned databases. After training the network was con-
trolled on 1I sets of data on which the network was not
trained.

The market value of real estate is subject to time changes
and is determined at a certain date, so this prognostic model
is time-dependent.

Creating an artificial neural network model trained to
solve this problem consisted in defining network architecture
with 11 variable inputs and one output. For network training,
a two-layer neural network with two hidden layers of 15
neurons in the hidden layer was adopted.

Network training was conducted on a nonrecurrent
network, while network training was carried out using an
improved Backpropagation algorithm by periodically passing
data from a training session through a neural network. The
values obtained were compared with the actual outputs, and
if the difference was made, correction of weight coefficients
was made. Correction of weighing coefficients of the network
was done by the rule of gradient downhill:
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As an activation function, a logistic sigmoidal function was
used:

1
1+e>’

fx)= 2)

Improving the Backpropagation algorithm meant introducing
a moment so that the weight change in the period ¢ would
depend on the change in the previous period:
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Network training was selected for a validation set of 20% of
data. Training went to the moment of an error in the valida-
tion set so that the trained network showed good forecast per-
formances.

The neural network is trained within the MS Excel
program. Minor deviations from the training session are
noted. Based on the network initiation with the input data
from the range of data used in training, it is possible to draw
up prognostic models of the dependence of the output from
any input.

Control forecast was performed on 11 test datasets on
which the network was not trained.
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FIGURE 1: Deviation of the real price from the price forecast.

3. Results and Discussion

In general, our research has shown that prognostic models,
based on the use of artificial neural networks, have a satisfac-
tory degree of precision. Namely, the prognostic model for
estimating the price of the real estate in the EU market, done
for the purposes of this survey, is an average deviation of real
price from a price forecast of up to 14%. Figure 1 shows this
deviation for 3 selected countries of different level of devel-
opment.

On the basis of the prognostic model, designed on the
use of artificial neural networks, real estate prices in the EU
countries were estimated, starting with the macroeconomic
variables that were originally assumed to have a significant
impact on the output variable. The analysis takes into account
the impact of the change of a certain factor relevant to real
estate prices in the EU market, with other unchanged real
variables.

Figures 2, 3, and 4 show changes in forecasted real estate
prices in countries with different levels of development (high,
medium, and low) under the influence of GDP growth rates.
In the countries surveyed, regardless of the degree of devel-
opment, there is a trend of growth of forecasted real estate
prices with an increase in the GDP growth rate. Theoretically,
GDP growth rate can significantly increase the real estate
price by increased consumption in the conditions of large
housing infrastructure projects that are affecting employment
growth. Mortgage payments are more acceptable, so real
estate demand rises and ultimately increases real estate prices.
Some research deals with the relationship between changes
in real estate prices and changes in real GDP, or whether the
interdependence between these two variables is statistically
significant. The regression analysis method has indicated that
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FIGURE 3: The impact of the real GDP growth rate on the real estate
price forecast in Czech Rep.

there is a relationship and dependence, while the correlation
suggests a possible causal interconnection between these
variables [40]. In OLS (ordinary least squares) models, as
well as in models based on the application of artificial neural
networks, the GDP growth rate is taken as one of the key
macroeconomic variables that affect the price of real estate
with varying degrees of significance in different countries
[29].

Figures 5, 6, and 7 show changes in the real estate prices
forecast under the influence of the HICP. On the figures, it
can be seen that, regardless of the degree of development
of the country with the increase in HICP, there is a rise
in the forecasted price of real estate. Some studies, such as
those from Burinsena, Rudzkiene, and Venckauskaite, on
the example of Lithuania, have shown that the HICP, as
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FIGURE 4: The impact of the real GDP growth rate on the real estate
price forecast in Lithuania.

an indicator of the average annual inflation rate, is one of
the main factors of the real estate market [39]. Also, some
research conducted for highly developed countries (e.g., Nor-
way case) have shown that a long-term increase in HICP has
been accompanied by a rather sharp rise in real estate prices
[41].

Figures 8, 9, and 10 show changes in the real estate prices
forecast under the influence of the unemployment rate in
countries with different levels of development. Figures for the
surveyed countries indicate an apparent decline in the real
estate prices forecast with an increase in the unemployment
rate. In theory, the dominant views are that low unem-
ployment leads to an income rise and affects the increase
in consumer confidence that manifests itself on the real
estate market, encouraging real estate prices growth and vice
versa. Earlier empirical research on the impact of economic
variables on property price dynamics has shown that growth
in unemployment reduces real estate prices [42], as our
prognostic model also pointed out. Certain recent empirical
studies point to the undeniable impact of the unemployment
rate, as a macroeconomic factor, on real estate prices. The
impact of the unemployment rate on real estate prices differs
from country to country. One of these studies has shown that
the price of real estate in France, Greece, Norway, and Poland
is statistically significantly associated with unemployment
[43]. Also, research related to Ireland proves that at low levels
of unemployment, real estate prices tend to grow [44].

Figures 11, 12, and 13 show changes in real estate prices
forecast in countries with different levels of development
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(high, medium, and low developed) under the influence
of average annual net earnings. The growth of average
annual net earnings is followed by the growth of the out-
put variable—real estate prices in the observed countries.
Empirical researches have shown during the previous decades
that the growth rate of income (earnings) is an essential
determinant of the growth of real estate prices. Thus, in highly
developed countries, income growth (earnings), at lower
interest rates and slower lending conditions, is recognized
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FIGURE 7: The impact of the HICP-inflation rate on the real estate
price forecast in Lithuania.
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FIGURE 8: The impact of the total unemployment rate on the real
estate price forecast in France.
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FIGURE 9: The impact of the total unemployment rate on the real
estate price forecast in Czech Rep.
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FIGURE 10: The impact of the total unemployment rate on the real
estate price forecast in Bulgaria.
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FIGURE 11: The impact of net earnings on the real estate price forecast
in Germany.

as a key factor in the rapid rise of the real estate prices
[45]. Certain models, such as the P-W model, indicate that
house prices are functions of the cyclical unemployment rate,
income, demographics, costs of financing housing purchases,
and costs of construction materials [46].

4. Conclusion

The economic and social importance of the real estate
market corresponds to overall economic development, but
the housing sector can also be the cause of vulnerability and
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FIGURE 12: The impact of the net earnings on the real estate price
forecast in Slovakia.
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FIGURE 13: The impact of the net earnings on the real estate price
forecast in Lithuania.

crisis. Therefore, the problem of estimating the value of real
estate is always current and complex due to the influence of a
large number of variables that are recognized in the literature
as usual as macroeconomic, construction, and other factors.
Contrary to conventional real estate estimation methods, new
approaches have been developed to evaluate prices in real
estate markets. In addition to the hedonic method in the
last decades, models of artificial neural networks that provide
more objective and accurate estimates have been developed.
This paper presents a prognostic model of real estate market
prices for EU countries based on artificial neural networks.
For a rough and fast estimation of house prices with a
reliability of about 85%, it is possible to use a trained neural
network. We consider the obtained level of reliability as very
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high, it is about modeling the sociotechnical system. More
accurate pricing and reliable information could be obtained
if a larger set of input parameters was included.

It is shown that the neural network can model nonlinear
behavior of input variables and generalize real estate prices
data for random inputs in the network training range. The
model shows a satisfactory degree of forecasted precision
which guarantees the possibility of its applicability.
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