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ABSTRACT

Machine learning algorithms are increasingly often used to predict real estate prices because
they generate more accurate results than conventional statistical or geostatistical methods.
This study proposes a methodology for incorporating information about the spatial
distribution of residuals, estimated by kriging, into selected machine learning algorithms. The
analysis was based on apartment prices quoted in the Polish capital of Warsaw. The study
demonstrated that machine learning combined with geostatistical methods significantly
improves the accuracy of housing price predictions. Local factors that influence housing prices
can be directly incorporated into the model with the use of dedicated maps.
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1. Introduction

Accurate price prediction plays a key role in the
decision-making process on the real estate market. In
addition to buyers and sellers, the housing market
involves other stakeholders, such as the local
authorities, real estate agents, financial institutions,
and property developers. The real estate market is an
important part of the economy because it can drive
changes on the stock market, or even catalyze
destructive economic events (Park & Bae, 2015).
Therefore, accurate methods for predicting market
performance are needed, in particular in the face of
contemporary global challenges. Construction activity
and employment in the real estate sector increase in
periods of economic expansion, which increases
property prices. These trends are reversed during an
economic slowdown. Therefore, accurate price
predictions play a very important role in social and
economic development, both at the local and the
national level (Gu et al.,, 2011; Plakandaras et al., 2015).

Machine learning algorithms are increasingly often
used to predict prices on the real estate market. These
methods are being continuously improved, and they
generate much more accurate results than
conventional econometric models (Cilgin & Gdkgen,
2023). Thus, the purpose of the research presented

here is not to show that machine learning is more
effective than classical regression models, but to
demonstrate that the prediction accuracy of machine
learning algorithms can be improved in a relatively
simple way, by including geostatistical methods in the
training process. The spatial distribution of residuals
can be incorporated into the model to account for the
influence of local factors on real estate prices and to
minimize prediction errors. In existing solutions for the
application of machine learning to price prediction,
location is generally taken into account by a number
of additional apriori assumed variables, e.g. distances
from characteristic locations or directly in the form of
coordinates. The novel approach of the presented
method is to assume that all variability (or most of it)
caused by location factors is reflected in the random
error (residuals) of the model. In this way, all locational
factors are included, including those that are difficult
to identify directly.

The article is divided into several sections. The
applicability of machine learning algorithms for
predicting real estate prices, in particular in models
that incorporate geospatial data, is briefly discussed in
the literature review section. Data sources and the
research methodology are described in the third
section. The empirical results are presented and
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discussed, and potential limitations of the study are
identified in the fourth section. The advantages of the
proposed approach are summarized, and conclusions
are formulated in the last section of the article.

2. Literature review

For decades, hedonic models have been used in
empirical research to analyze real estate prices and
rents based on property attributes such as utilities and
location (Lorenz et al., 2023). However, due to the
growing popularity of machine learning algorithms,
these methods will probably emerge as one of the
main tools for predicting property prices in the near
future (Choy & Ho, 2023). The advantages of machine
learning algorithms and their applicability for
predicting the performance of the real estate market
have been extensively investigated in recent years
(Hamizah Zulkifley et al, 2020). Machine learning
algorithms undoubtedly contribute to the accuracy of
housing price prediction models by utilizing advanced
computational techniques to analyze large data sets
and identify complex patterns in housing market data
(Park & Bae, 2015). Selected algorithms were reviewed
by Baneriee and Dutta (2017) based on a data set
acquired from kaggle.com. They concluded that
random forest and support vector machines were
particularly useful for predicting property prices.
Similar observations were made by Chowhaan et al.
(2023) who found that complex algorithms are most
suitable for processing large data sets. Machine
learning algorithms have been tested on property
prices and rents in Fairfax County (Park & Bae, 2015),
Washington (Oladunni & Sharma, 2016), Madrid
(Baldominos et al, 2018), Thessaloniki (Georgiadis,
2018), Beijing (Truong et al, 2020), New Taipei
(Alenany et al, 2021), Frankfurt (Lorenz et al., 2023),
Hong Kong (Choy & Ho, 2023), and Ankara (Cilgin &
Gokgen, 2023). According to many researchers,
machine learning algorithms, in particular random
forest and xgboost techniques, outperform hedonic
models in terms of accuracy and efficacy (Choy & Ho,
2023). Research has also shown that not only
regression  algorithms, but also classification
algorithms are useful for predicting prices (Durganjali
& Pujitha, 2019; Jha et al, 2020; Thamarai &
Malarvizhi, 2020).

In most published studies, the analyses were
conducted based on transaction price data, but real
estate listings are also a valuable source of
information that is easily available and up-to-date
(Park & Bae, 2015). Listings do not always accurately

reflect transaction prices, but they provide information
about trends on the real estate market (Mora-Garcia
et al., 2022). Despite the fact that property listings
have been successfully used to train machine learning
models, the accuracy of the resulting predictions can
be undermined by the sellers’ excessive optimism or
susceptibility to manipulation (Rico-Juan & Taltavull
de La Paz, 2021). The main advantage of this data
source is that it can be easily acquired through web
scraping (Uziimci & Eliguzel, 2023).

A reliable assessment of location factors plays a
very important role in the process of predicting
property prices. In general, location denotes the
proximity or remoteness of spatial features that could
influence the property’s price (Choy & Ho, 2023; Cilgin
& Gokgen, 2023; Mora-Garcia et al., 2022). Location
can also be directly incorporated into machine
learning models as geographic coordinates resulting
from geocoding, which significantly increases the
accuracy of price predictions (Tchuente & Nyawa,
2022). Location factors can also be evaluated with the
use of Google Street View images, but this procedure
requires additional algorithms (Kang et al, 2021).
Geostatistical methods can be widely applied in
housing price predictions because location can be
regarded as a continuous spatial variable that can be
interpolated (Cellmer, 2014). Morillo Balsera et al.
(2018) relied on geostatistical methods to predict
housing prices in Madrid and concluded that the
results of ordinary kriging can improve the accuracy of
predictions made by artificial neural networks. Kim et
al. (2022) combined geostatistical methods with
machine learning algorithms trained on housing
transaction prices in Seoul and found that spatial data
can be effectively used to train machine learning
models. Geostatistical tools were also successfully
used to analyze the real estate market in Fukushima,
where nine machine learning algorithms and the
kriging-regression method were tested for their ability
to estimate land prices (Derdouri & Murayama, 2020).
However, geostatistical methods are often applied to
complement machine learning or, depending on the
research concept, machine learning can be used to
expand the capabilities of conventional geostatistical
methods (Ren et al., 2023).

A review of the literature indicates that
geostatistical methods can support machine learning
algorithms. Therefore, the present study was
undertaken to propose a method for incorporating
information about the spatial distribution of residuals
estimated by kriging into machine learning algorithms
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to increase the accuracy of housing price predictions.
3. Materials and Methods

The analysis was conducted on the real estate market
in the Polish capital city of Warsaw, which has a
population of more than 1.8 million and spans an area
of around 517 km?. The Warsaw real estate market can
be regarded as a highly developed market due to the
city’s large area and population, and high levels of
property development. Warsaw is also characterized
by the highest number of property transactions and
listings in Poland.

Apartment listings on the gratka.pl website were
the source of data for the analysis. A total of 4958
listings were acquired on 15 December 2023 as
training data and 2349 listings were acquired on 15
January 2024 as testing data by web scraping. The two
data sets are disjoint (have no common elements),
which is a necessary prerequisite for eliminating data
leaks. The actual number of listings was higher (more
than 8000 items in the training set), but incomplete
listings (such as offers without a listing price) were

Training set (15 December 2023)
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eliminated from the data set during a preliminary
analysis. The analysis covered a period of one month,
which is sufficiently long for new listings to appear on
the market, but also sufficiently short to ensure price
stability. The distribution of listings in the training set
and the testing set is presented in Figure 1.

In both sets, data followed an approximately
normal distribution (log-normal distribution). The
analyzed housing attributes are presented in Table 1.
The selection of variables was determined, on the one
hand, by the availability of information contained in
the sales offers, while on the other hand, by their
substantive importance, as factors which potential
buyers of real estate pay particular attention to. Due
to the characteristics of data distribution and the
possible presence of non-linear relationships, the
natural logarithm of the unit price was adopted as the
response variable. For the presentation of the results,
the logarithms were again converted to Tm? prices.
Basic descriptive statistics for the training and test set
are shown in Table 2

Testing set (15 January 2024)
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Fig. 1. Distribution of apartment listing prices. Source: own elaboration.
Table 1
Data description
Feature Description Type

price price per square meter numerical

area apartment area expressed in square meters numerical

rooms number of rooms in the apartment numerical

floor location on a specific floor categorical

high number of floors in the building numerical

year year of construction numerical

district location in a specific district categorical

type type of residential building categorical

Source: own study.
Table 2
Basic descriptive statistics of the variables accepted for analysis*
Training set Testing set

min median mean max min median mean max sd
price 442405 16784.06 17620.04 67961.17 5392.39 5934.96  17058.82  17738.38  50043.08 4966.80
area 12.50 56.76 65.36 197.45 36.61 17.50 56.49 66.04 150.00 38.77
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rooms 1 3 2.73 7 1.01 1 3 2.72 7 1.03
high 1 5 5.85 30 3.85 1 5 5.85 30 3.60
year 1505 2008 1995.89 2023 30.58 1895 2003 1993.78 2024 29.35

*floor, district and type were included as dummy variables

Source: own study.

Those machine learning algorithms that are most
widely used and are effective predictive tools for
solving regression problems were selected for the
study. The following algorithms were used in the
analysis: multiple regression, regression tree, bagging,
random forest, extreme gradient boosting (XGBT), and
support vector machines (SVM).

Ordinary least squares (OLS) linear multiple
regression is the basic econometric model which is
applied to find the best equation describing a linear
relationship between the response variable and
explanatory variables. The algorithm finds the optimal
values of regression coefficients which minimize the
sum of squared residuals.

The response tree (RT) algorithm builds a decision
tree, which is a hierarchical structure composed of
nodes and branches. Similarly to conventional
decision trees, the RT algorithm divides the data set
into subgroups based on the values of the standard
deviation reduction (SDR) statistic to express the
logical relationship between the elements (Ho et al,
2021). This process is repeated for each subgroup,
until maximum tree depth is achieved. In the next
step, each point in the data set is assigned a value that
is predicted based on the regression equation nested
in tree leaves which were obtained by data splitting
(Loh, 2011).

Bagging (BAG) is one of the simplest methods for
averaging predictions. In decision trees, the bagging
algorithm generates multiple bootstrap samples in the
training set based on repeated random splits of data.
An individual model is created for each subsample,
and it is used to make individual predictions. The
results are averaged, which decreases variance in the
model, improves the model's stability, and minimizes
the risk of overfitting (Sutton, 2005).

The random forest (RF) algorithm combines
classification and regression trees. This algorithm was
originally proposed by Breiman et al. in 1984 (Breiman
et al, 2017). To increase prediction accuracy,
numerous decision trees are (generated by
bootstrapping, and they are trained with the use of
the original data set. The predictions are averaged to
minimize error variance (Breiman et al, 2017). The
main difference between random forest and bagging

is that the RF algorithm considers a random subset of
attributes from the data set; therefore, each tree is
trained on a different set of explanatory variables. In
ordinary bagging, each tree is trained on a full set of
attributes (Ho et al., 2021).

Extreme gradient boost (XGBT) was proposed by
Chen and Guestrin in 2016 (Chen & Guestrin, 2016),
and it is one of the most popular machine learning
algorithms. This algorithm boosts the effectiveness of
decision trees by sequentially training a series of them
and correcting prediction errors made by the previous
trees in each one. As a result, the model’s accuracy is
increased in each iteration. The main advantage of the
XGBT algorithm is that it introduces a regularization
technique for minimizing classification errors by
filtering decision trees with an excessive number of
observations in training nodes (Santhanam et al,
2016).

The support vector machines (SVM) algorithm uses
optimization techniques to find a hyperplane in
multidimensional space that divides input data into
decision classes. Initially, this algorithm was used
mainly to solve classification problems (Hearst et al.,,
1998). At present, SVM is also applied to solve
regression problems by finding a line that best fits the
data. Multiple regression minimizes the mean squared
error between the observed and predicted values,
whereas the SVM algorithm maximizes the distance
between the hyperplane and the nearest data points
which are referred to as support vectors (Noble, 2006).

The analyzed data were also spatially interpolated
with the use of geostatistical methods. Ordinary
kriging was selected for spatial interpolation because
other kriging methods require additional assumptions
that are difficult to fulfill (for example, in simple
kriging, the predicted value of the analyzed process is
constant over the entire area). The use of kriging for
analyzing the spatial distribution of prices on the
property market has been described extensively in the
literature (Cellmer, 2014).

The research procedure is presented in Figure 2.
Data analyses were conducted separately for every
selected algorithm (OLS, RT, RF, BAG, XGBT, SVM).

Training data Training model
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Fig. 2. Research procedure. Source: own elaboration.

In the first step, prices were predicted with the use
of trained models based on the explanatory variables
in testing data sets. Testing data sets can be expected
to provide a weaker fit between predicted and
observed prices than training data sets because data
for both sets were acquired on different, but not too
distant, dates.

Data were analyzed with the use of geostatistical
methods to increase the degree of fit between
predicted and observed prices. The analysis was
conducted on the assumption that housing prices are
affected not only by the adopted explanatory
variables (Table 2), but also by local factors. The
influence of local factors can be determined by
analyzing the spatial distribution of residuals in each
model, where the residual for each observation is the
difference between the observed and the predicted
value. As a result, the observed price is the sum of the
predicted price and the residual. In a residual analysis,
the value of a residual computed from the training set,

rather than the testing set, is added to the predicted
value to avoid data leaks. However, the locations of
testing and training data generally do not overlap, and
the value of a residual at a given point can be difficult
to estimate. This problem can be resolved by kriging,
which is a spatial interpolation method for estimating
the unknown value of a variable at a given point
based on points whose value is known. The final price
prediction is the sum of preliminary predictions made
based on testing data, the trained model, and a
hypothetical residual from a residual map developed
based on training data samples.

After the final prediction, the results were validated
by comparing the predicted prices with the observed
prices. The model's fit was assessed with the use of
the following metrics: mean squared error (MSE), root
mean squared error (RMSE), mean absolute error
(MAE), and mean absolute percentage error (MAPE)
(Table 3).

Table 3
Metrics for evaluating prediction accuracy
Metric Abbreviation Formula
1 & 2
Mean squared error MSE — (yi — yl,p)
ni=
1 n 2
Root mean squared error RMSE p
; \/—Z(% /)
n i
1 n
P
Mean absolute error MAE — Y=y |
nio
o/ n - p|
Mean absolute percentage error MAPE 100% Z |yl Y
noa )

Y- observed values, ) »” predicted values, i — index of observations, n — number of observations

Source: own study.

4. Results and Discussion

Each model was trained with the use of the caret
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package in R. Some parameters in the analyzed data
set (floor, district, type) were qualitative attributes that
were expressed as categories. Categorical variables
had to be transformed into dummy (binary) variables.
Before training, the training data set was divided into
five folds by k-fold cross validation (Wong & Yeh,
2020). In successive steps, each fold contained a
validation data set, and the remaining folds were used
to train the models and select hyperparameters. The

data set was also divided into folds to prevent model
overfitting and weak prediction results based on
testing data. Hyperparameters were selected
iteratively by successive approximations, excluding the
OLS model, where the modeled constant was the only
hyperparameter. The final model was developed
based on all training data with the use of adjusted
hyperparameter values. The resulting models’ fit to
training data is presented in Table 4.

Table 4
Models’ goodness-of-fit to training data

MSE RMSE MAE MAPE

OLS 14374625.47 3791.39 2668.67 14.96
RT 6537684.41 2556.89 1697.32 9.39
RF 1809592.22 1345.21 820.40 4.48
BAG 7935208.70 2816.95 1862.23 10.23
XGBT 4658332.59 2158.32 1483.57 8.26
SVM 14968733.91 3868.94 2643.59 14.59

Source: own study.

The goodness-of-fit analysis was performed only
for training data, and is not a reliable indicator of the
quality of predictions. The selection of optimal
hyperparameter values can be a highly complex task
that requires not only extensive knowledge about the
studied phenomenon and the applied tool, but also a
certain degree of intuition (Yang & Shami, 2020).
Therefore, it is possible that a different configuration
of variables could yield more accurate results. The
goodness-of-fit analysis revealed that decision tree
algorithms generate superior results to the multiple
regression model. The results of the SVM model were
similar to those generated by the OLS model, but the
SVM algorithm involved only a linear kernel, which can
pose a certain limitation in analyses of non-linear
correlations. However, the obtained results confirm
the observation that SVM algorithms are highly
effective in solving classification problems, but may
deliver less satisfactory results in regression problems
(Hearst et al., 1998). The value of MAPE was relatively
low in the RF algorithm (below 5%), but this result
could be attributed to model overfitting.

In the next step, the residuals (differences between
the observed values and the predicted values) were
assessed in each model to determine their
applicability for interpolation and the development of
spatial  distribution  maps.  Positive  spatial
autocorrelations with a p-value of less than 0.05 were
noted in all cases; therefore, geostatistical methods
(kriging) were applied. The residuals were interpolated
by ordinary kriging with semivariograms adjusted to a

spherical model. Semivariogram parameters were
selected independently for each model. The spatial
distribution of the residuals for each model is
presented in Figure 3.

The greatest variations in the spatial distribution of
residuals were noted in the OLS and SVM models, and
similar observations were made based on the values
of the calculated metrics. Residual values were highest
in the central districts of Warsaw (Srédmiescie,
western part of Praga-Potudnie, and north-western
part of Mokotow) and lowest in south-eastern districts
(Ursynédw and Wilanéw). The location (district) of the
analyzed properties was taken into consideration in
each model, but local factors significantly influenced
the results, despite the fact that they had a limited
reach within every district.

Trained models and residual distribution maps
were used to predict listing prices as the sum of the
value predicted by the model and the value of the
residual read from the map. Based on the adopted
research procedure (Fig. 2), training data were used to
train models and develop residual distribution maps,
whereas testing data were a closed set that had not
been used in previous calculations and should be
independent from training data. Housing prices were
initially predicted based on the attributes in the
testing set, and the values of the residuals were read
in each location where a new property was placed on
the market. The sum of these values was the final price
prediction. Therefore, the quality of the prediction was
evaluated based on testing data, and the predicted
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values were compared with the observed values of
new listings. The scatterplots of the predicted and
observed prices, including the results of preliminary

B over 2000

[ (1000 ; 2000]
(501 ; 1000]
(0; 500]
(-500 ; 0]
(-1000 ; -500]
(-2000 ; 1000]

I up to -2000

predictions (without residuals), are presented in
Figure 4.

B over 2000

[ (1000 ; 2000]
(501 ; 1000]
(0; 500]
(-500 ; 0] SVM
(-1000 ; -500]
(-2000 ; 1000]

I up to-2000

Fig. 3. Spatial distribution of residuals (PLN/m?) calculated based on training data. Source: own elaboration.

Linear fit was improved in all analyzed models, and
the greatest improvement was noted in OLS and SVM
models, which vyielded highly similar results. The
prediction accuracy of each model was quantified with
the use of selected metrics in Table 5.

The presented results indicate that prediction
accuracy was highest in the RF model, regardless of
the adopted metric. The MAPE was less than 10% in
the RF model, but it exceeded 13% in the OLS model.
The RMSE ranged from 2749 to 3333 PLN/m? whereas
MAE values were much lower in the range of 1719-
2379 PLN/m? because this metric is less sensitive to
outliers, and the testing data set comprised prices that
significantly diverged from the average price (Fig. 4).

The analysis revealed that residuals from model
fitting improve the accuracy of the prediction,
regardless of the adopted evaluation method. The
improvement in prediction accuracy is particularly

OoLS OLS with kriging

noticeable when RMSE values are taken into
consideration. In the SVM model, RMSE decreased by
nearly 500 PLN/m?, which implies that the model’s fit
decreased by around 12.5% in absolute terms. The
smallest change in the values of the adopted criteria
was observed in the RF model, which was also
characterized by the lowest metric values, including in
the variant without residual kriging.

Prediction accuracy was also influenced by
observations that differed considerably from average
prices and can be regarded as outliers (difference of
more than three standard deviations). The empirical
distribution of apartment listing prices (Fig. 1)
indicates that outliers occurred mainly on the right
side of the histogram and led to price underestimation
in each case. According to the author, any attempts to
remove outliers indiscriminately can distort the testing
data set and lead to biased results.

RT RT with kriging
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Fig. 4. Scatterplots of predicted and observed property prices based on testing data. Source: own elaboration.
Table 5
Prediction accuracy of the analyzed models without and with residual kriging
MSE RMSE MAE MAPE
OLS 14079954.75  11109902.85 3752.33 3333.15 2672.39 2378.69 14.93 13.52
RT 11205829.68 9763325.26 3347.51 3124.63 2276.02 2119.60 12.68 11.99
RF 8088911.28 7540685.38 2844.10 2746.03 1781.14 1718.90 9.90 9.64
BAG 10280203.13 8570367.32 3206.27 2927.52 2197.72 2006.97 12.21 11.38
XGBT 8503755.91 7556888.17 2916.12 2748.98 1958.28 1825.63 10.91 10.30
SVM 14550227.42  11095818.22 3814.48 3331.04 2683.61 2368.73 14.74 13.43

Source: own study.

Prediction accuracy is undoubtedly affected by the
specificity of the adopted models and the choice of
hyperparameters in the training process. A number of
other models, e.g., quantile regression or spatial
econometric models, can also be considered during
the analysis, although prediction based on spatial
models may pose additional problems related to the
construction of spatial weighting matrices. However,
the aim of the present study was not to select the best
model, but to demonstrate that spatial information
about the distribution of residuals can increase
prediction accuracy. The results could suggest that the
RF model is most effective, but in reality, prediction
accuracy is affected by numerous factors, including
the set of explanatory variables, choice of

hyperparameters, or splitting of the training data set
into folds. Every additional variable (quality standards,
neighborhood, utility costs, availability of parking)
would undoubtedly improve the results, but not all
listings contain a full list of property attributes. During
the study, possible misspecifications due to improper
selection of variables were not tested (this was not the
subject of the study), but for practical applications of
the presented method, this would be a necessary step.
The assumption of independence is also an important
consideration in training and testing data sets, in
particular when some properties from the training set
are also present in the testing set because they have
been listed by different agencies and have somewhat
different descriptions.
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Accurate information about a listed property's
location also plays a very important role in analyses of
geospatial data. In online listings, a property's location
is described with a certain margin of error, which can
also affect the accuracy of prediction, in particular
when geostatistical methods are used. However,
despite these limitations, the results generated by the
analyzed models can be regarded as promising.

5. Conclusions

Apartment prices quoted on the real estate market in
Warsaw were predicted with the use of selected
machine learning algorithms combined  with
geostatistical methods (residual kriging). The study
demonstrated that information about the spatial
distribution of errors generated by the analyzed
models can substantially increase the accuracy of
predictions. Local factors that influence housing prices
can be directly incorporated into the model with the
use of dedicated maps. Thus, a new approach to the
problem presented in the paper was to use additional
information about local location-induced price
volatility in  price  prediction. The greatest
improvement in prediction accuracy was noted in
models that generated the largest errors during
preliminary price prediction.

The proposed approach can be applied to
diagnose real estate market trends, and spatial data
available in the public domain can be used to improve
the quality of modeling and analyze the performance
of the real estate market in an era characterized by the
rapid development of spatial data infrastructure.

Advanced  computational  techniques  have
considerable potential for improving the accuracy of
predictions on the real estate market, but
mathematical models alone are unable to completely
eliminate the impact of behavioral factors on housing
prices. The present findings confirm that complex
models (random forest, extreme gradient boost)
predict housing prices with much greater accuracy
than classical statistical models (multiple regression).
However, it should be noted that the choice of the
optimal model requires a compromise between
prediction accuracy and the ease of implementing a
given tool.

Accurate prediction models undoubtedly deliver
many advantages for financial institutions, mortgage
lenders, and property developers. These models can
promote well-informed decisions and minimize risk
factors on the housing market. Further research
directions should focus on the possibility of

integrating machine learning algorithms and
geostatistical methods to maximize the potential of
data of a spatial nature, and this certainly includes real
estate transaction data.
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