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Abstract

The article examines how the problem of forecasting real estate prices is solved using a systematic
approach to modeling and forecasting. Machine learning methods were systematically used to solve the
problem. The systematic approach to modeling and forecasting is based on the analysis of the studied
processes, establishing the types of existing characteristic uncertainties, assessing the structure and
parameters of the model, as well as forecasts based on the constructed model. It combines three groups of
tasks on a single methodological basis: the task of data analysis and pre-processing; the task of building
models and their evaluation; the task of building forecasts and their evaluation. The structure of the
systematic approach to modeling and forecasting is developed and presented. An important aspect that
affects the effectiveness of using machine learning methods is the process of pre-processing data.
Improving the methods of pre-processing data is a complex task that must be solved systematically,
taking into account the specifics of the real estate market. Therefore, in this study, considerable attention
is paid to the process of pre-processing data and research aimed at increasing the effectiveness of
predictive values. The architecture of an information system for solving modeling and forecasting
problems is developed and presented. As an example of implementing an information system, the problem
of forecasting real estate prices is considered. The results of the following stages are presented: data
collection, research and data preparation, model training on data, determining model efficiency,
improving the efficiency of basic models. The following groups of models were used to solve the
forecasting problem: regression models, tree models. The effectiveness of forecasting solutions was
assessed using the MAE, MSE, RMSE, MAPE metrics. To improve the quality of forecasts, a single-layer
structure of a heterogeneous ensemble of models based on stacking is proposed.
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1. Introduction

Solutions to many applied machine learning problems depend on various factors: the specifics of
the subject area and the structure of the initial data set, the volume of data, the presence of various
types of uncertainties in the data. But one of the main tasks solved in machine learning problems is
to obtain accurate predictions about the behavior of complex objects and systems. Predictive values
are obtained based on preliminary data analysis and analysis of the past behavior of the system
under study. Often, when determining predictive values, many problems arise that cannot be
solved by known methods and appropriate algorithms. Problems arise because sometimes the
mechanisms of real data generation are not precisely known or the sample size is insufficient to
build a high-quality predictive model. Real data often contain nonlinearities and/or non-
stationarity of various types. This requires careful analysis and pre-processing of data because the
quality of pre-prepared data significantly affects the quality of the predictive model. A predictive
model built using machine learning methods significantly depends on the data pre-processing
process because data uncertainties are identified and taken into account at the stages of this
process.

*CIAW-2025: Computational Intelligence Application Workshop, September 26-27, 2025, Lviv, Ukraine

" Corresponding author.

"These authors contributed equally.

irina.kalininal612@gmail.com (I. Kalinina); alex.gozhyj@gmail.com (A. Gozhyj); chornav2008@gmail.com (V.
Chorna); gozhyi.v@gmail.com (V. Gozhyi); shyiansi@gmail.com (S. Shiyan)

® 0000-0001-8359-2045 (L. Kalinina); 0000-0002-3517-580X (A. Gozhyj); 0000-0002-6205-7163 (V. Chorna);
0000-0002-5341-0973 (V. Gozhyi); 0000-0001-9255-9511 (S. Shiyan)

@ @ © 2025 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
TR


mailto:shyiansi@gmail.com
mailto:gozhyi.v@gmail.com
mailto:chornav2008@gmail.com
mailto:alex.gozhyj@gmail.com

The use of modern methodology of systems analysis in solving modeling and forecasting
problems is necessary for building more accurate forecasting models. This allows using
mathematical models for modeling processes of various nature based on modern developments in
the field of probabilistic statistical methods and estimation theory [1-3].

Most modern forecasting methods [4-7] are not used systematically, therefore, it does not allow

to obtain better estimates of forecasts in the presence of uncertainties of different types [3,8-10].
Independent use of different forecasting methods significantly reduces the efficiency of solving
modeling and forecasting problems. When using methods of analysis and pre-processing of data to
solve machine learning problems, there are limitations associated with the presence of various
types of uncertainties in the input data. They depend on a number of factors and do not allow to
make appropriate assumptions and establish laws of distribution of uncertain features, and to draw
conclusions about the influence of individual input values on the result. In the tasks of preliminary
data analysis, there are various types of uncertainties, such as imprecision and uncertainty of
various parameters in the data, insufficient information about the data distribution, nonlinearity,
non-stationarity, and stochasticity of the processes under study.
Analysis of real data usually requires taking into account various types of data uncertainties, as
well as the structure of the process under study, uncertainties in model parameters, and
uncertainties related to the quality of models and forecasts. All types of uncertainties can be
divided into statistical, structural, and parametric [1,3,9,10].

Statistical uncertainty is caused by the data itself, i.e., the presence of omissions, anomalous
values of features, the presence of data repetitions, measurement errors, a small sample size of data,
and the influence of external random disturbances on the process under study. Taking into account
various types of statistical uncertainty during analysis and pre-processing of data when modeling
and forecasting real data allows increasing the accuracy and efficiency of predictive models [11,12].

Structural uncertainty arises when evaluating the structure of the model based on data because
the structure of the studied process is unknown or not clearly defined. For example, when using a
functional approach to building a model, the structure of the object (or process) is usually
unknown. The model structure is estimated using appropriate methods: correlation analysis, lag
estimation, testing for nonlinearity and non-stationarity, mutual information estimation, detection
of external disturbances, etc. At each stage, the corresponding estimates are obtained, which are
random variables. This adds uncertainty to the final result [13].

Parametric uncertainty is a consequence of the presence of statistical and structural
uncertainties. The approximation of model structure estimates, the presence of external
disturbances, measurement errors, and the inability to establish the correct type of data distribution
lead to a bias (shift) of model parameter estimates from the exact values and an increase in the
dispersion of these estimates. Therefore, it is important to apply a systematic approach to the
selection of methods for estimating model parameters that are built on real data [14,15].

One of the machine learning tasks, which is characterized by variability, data complexity and
various types of uncertainties, is the task of forecasting real estate prices. The main feature of real
estate is that it is the largest asset class whose value increases over time. Real estate is both a
consumer and an investment product. The most important property of real estate is that it
constitutes a significant part of all assets for the majority of the population. At the same time, an
important task is real estate valuation - this is the process of developing a fair and acceptable
market value of real estate for both the buyer and the seller. This process is a complex systemic
task that depends on many environmental, physical and macroeconomic factors and variables.
Another feature is that the real estate sector is a rapidly changing, competitive and opaque sector,
where access to real information is difficult. Therefore, in such conditions, data mining methods
can be a source of information for many stakeholders and be used as an effective tool for
responding to changing conditions. Therefore, the development of systems that make accurate
price forecasts according to the real estate being purchased is relevant and of great importance
[16].



In addition, in order to accurately predict price changes, both individuals and companies need to
know the current and actual value of any property [17]. Therefore, there is a growing need to
develop real estate valuation models to obtain accurate real estate price forecasts in order to avoid
subjectivity and bias in real estate valuation [18,19]. In this context, works [20-22] provide a
comprehensive analysis of regression types for machine learning models and deep learning models,
which have not been widely used in real estate valuations, but provide effective results in
predicting real estate prices.

In works [23,24], examples of analysis and evaluation of different real estate lenses are given.
These analysis examples are complex and cover a variety of issues that require multidimensional
and more accurate determination of market value.

Today, research on machine learning and deep learning is accelerating developments in this
field and spreading the use of machine learning methods in various fields. In this context, there is
research on determining real estate prices. In particular, the presence of too many parameters in
determining real estate prices makes machine learning and deep learning models particularly
attractive in this field. In [25], a system for accurate forecasting of real estate prices based on
machine learning algorithms: linear regression, random forest, boosted regression and artificial
neural networks was presented.

In [21,26], the results of various machine learning methods were presented, which identified the
advantages and disadvantages of each method. The results of the study showed that the most
effective models are always ensemble models, based on trees and regression.

In [27,28] it is shown that machine learning methods such as XGBoost, which are not often used
in this field, can be a better alternative to methods such as artificial neural networks and traditional
multiple regression analysis, which are often preferred, especially in real estate price forecasting
problems. The XGBoost model has demonstrated efficiency compared to other models used in the
study. Although there is no significant difference between the results obtained by the XGBoost
model and the neural network model in the study, there is a significant difference between linear,
lasso and comb regression.

In the study [29] it is shown that the efficiency of solving the problem depends on the sample
size. For example, neural networks give better results with large sample sizes. In [30] it is also
shown that the efficiency of fuzzy neural networks in predicting real estate prices directly depends
on the quality of the data used.

The aim of this study is to develop methods for modeling and forecasting real estate prices using
machine learning methods. One of the most important aspects that affect the success of using
machine learning methods is the process of data pre-processing. Improving data pre-processing
methods is a complex task that must be solved on the basis of a systematic approach taking into
account the specifics of the real estate market. Therefore, in this study, special attention is paid to
the process of data pre-processing and research aimed at improving the effectiveness of predictive
values.

Problem statement. The purpose of this article is to build an information system for
forecasting real estate prices based on the systematic use of machine learning methods. To do this,
it is necessary to determine the main features of a systematic approach to modelling and
forecasting processes. To build and implement a generalised algorithm for data analysis and pre-
processing. To develop and investigate the architecture of an information system for solving the
problem of forecasting real estate prices, as well as to experimentally present the advantages of a
systematic approach for solving machine learning problems.



2. Models and methods

2.1. System approach to modeling and forecasting

The system approach is a methodological basis for solving modeling and forecasting problems. The
basis of the system approach is the consistent and interconnected use of groups of methods for
analyzing and pre-processing data, methods for modeling and assessing the quality of models, and
methods for forecasting and assessing the quality of the obtained forecast values. This process is
iterative and hierarchical. The structural diagram of the system approach for solving modeling and
forecasting problems in machine learning problems is presented in Fig. 1.
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Figure 1: Structure of a systems approach to modeling and forecasting.

The system approach is based on the analysis of a complex process (object) that is being studied.
This system methodology begins with the identification and consideration of uncertainties,
primarily of the statistical type. The cleaned data after analysis and pre-processing are used to
build basic models in which uncertainties of the structural and parametric types are identified and
taken into account. The forecast values obtained at the forecasting stage can be improved, if
necessary, by combining forecast values or by using heterogeneous ensembles of models [1,3,9].

The systematic methodology of modeling and forecasting solves the following tasks:

e Using methods of analysis and pre-processing of data in accordance with the machine
learning task and the characteristics of the data set.



e Data analysis, identification and consideration of statistical uncertainties (gaps, anomalous
values, errors, repetitions in the data, study of the type of distribution of features).

e Identification and overcoming of structural and parametric uncertainties in the modeling
process.

e  Comprehensive assessment of the adequacy of models and the quality of forecasts using a
set of criteria.

e  Construction and analysis of basic alternative forecasting models.

e Systematic approach to the selection of methods for estimating the parameters of
forecasting models (LSM, MLE, Nonlinear LSM and others).

e  Optimization of the structures of basic forecasting models.

Thus, the systematic approach to modeling and forecasting combines three groups of tasks and
methods: tasks of analysis and pre-processing of data; tasks related to the construction of basic
forecasting models and their evaluation; tasks of constructing forecasts and assessing their quality.

Each of these groups of tasks combines methods and approaches that constitute elements of
information technology. The first task of data analysis and pre-processing is divided into two
subgroups of methods: methods of identifying and taking into account various types of statistical
uncertainties and methods of analysing the process under study and its individual components. The
second task of building basic forecast models and assessing their adequacy is divided into two
subgroups of methods: methods of selecting and evaluating the structure of models and methods of
estimating model parameters. The third task of building forecasts and assessing their quality is also
divided into two subgroups of methods: methods and approaches to building forecast values and
methods of evaluating them. All methods and approaches to solving machine learning problems are
used systematically and inter-connectedly. Information technologies for solving real data analysis
problems and solving various machine learning problems are built on the basis of a systematic
approach.

2.2. Information system for modeling and forecasting

Based on the structure of the system approach to solving modelling and forecasting problems,
which is presented in Fig. 1, the general structure of the forecasting information system based on
the use of machine learning methods has been developed. The system consists of a sequential
implementation of subsystems: an information storage subsystem, a data analysis and pre-
processing subsystem, a modelling subsystem, and a forecasting subsystem. The structure of the
modelling and forecasting information system is presented in Fig. 2. The system combines groups
of methods into subsystems according to the main tasks of the system approach. In the generalised
presented data analysis and pre-processing subsystem, the procedures for identifying and
processing missing values in the data, identifying and processing anomalous values, as well as the
procedures for filtering, smoothing, feature selection, and their normalization are implemented.

The modelling subsystem of the information system presents a data set distribution block and
two samples (training and test), procedures for building basic forecasting models and procedures
for assessing the adequacy of models. The forecasting subsystem presents a procedure for building
forecast values based on basic forecasting models and a procedure for assessing the quality of
forecasts. This subsystem provides a procedure for improving forecast values using an ensemble
approach. The ensemble approach involves building single-layer or multi-layer heterogeneous
ensembles of forecasting models using bagging, boosting, and stacking methods. An information
system for solving modelling and forecasting problems based on real data is the result of the
systematic use of modelling and forecasting methods and approaches.
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Figure 2: Structure of the modeling and forecasting information system.

3. Experimental part

3.1. Data analysis and pre-processing

To demonstrate the advantages of a systematic approach to solving modeling and forecasting
problems, the flats.csv [31] dataset was used, which contains information about real estate in the
form of a certain set of characteristics. The file lists apartment prices, type, square footage,
condition, location, and number of rooms (Fig. 3.).

During the statistical description, the main indicators were calculated for each variable, allowing
to analyse their distribution and variability. These indicators include the mean, median, standard
deviation and other parameters that help to identify data features and possible anomalies (Fig. 4).

il rooms location condition m2 type price

2 2 suburbs repaired 50 used 35000
3 1 center  repaired 37 used 35000
a4 3 suburbs repaired 67 used 65000
El NA suburbs repaired 21 used 15000
6 1 suburbs repaired 82 NA 60000
7 3 center  repaired 82 used 85000
8 2 center  repaired 45 used 43000
9 3 center  repaired 82 used 85000
10 1 suburbs unrepaire 41 new 30000

Figure 3: Example data set flats.csv.



vars n mean sd median trimmed mad min max range skew kurtosis se
rooms 1216 2.01 0.97 2 1.94 1.48 1 6 5 0.73 0.44 0.07
location® 2 217 1.27 0.44 1 1.21 0.00 1 2 1 1.04 -0.91 0.03
condition* 3 217 1.77 0.42 2 1.84 0.00 1 2 1 -1.30 -0.30 0.03
m2 4 217 76.33 38.02 67 70.94 28.17 21 280 259 1.77 4.61 2.58
Type* 5 216 1.20 0.40 1 1.13 0.00 1 2 1 1.46 0.14 0.03
price 6 217 B2427.45 82183.66 595348 67365.84 35609.09 1 750000 749999 4.58 29,38 5578.99

Figure 4: Descriptive statistics on variables.

Each of these variables reflects key characteristics of real estate objects that can significantly
affect their market value. In particular, it is important to consider that the analysis allows you to
identify patterns, as well as assess the degree of influence of various parameters on price formation
[1]. Based on the statistical description, it can be concluded that additional processing is necessary
before using the data in the forecasting model (Table 1).

Table 1
Descriptive statistics analysis of a data set

No Variable name Feature analysis from a dataset

Number of rooms in an apartment. The sample includes 216 apart-

1 rooms ments. The average number of rooms is 2.01, the minimum is 1, and
the maximum is 6.
) Apartment location, categorical variable (value 1 or 2). Total 217 ob-

location servations. Specifies the geographic location of the home, which
may affect its price.
Apartment condition, categorical variable. In the sample of 217 ob-
condition servations, the average value is 1.77. Affects the attractiveness of the
object for buyers.
Apartment area in square meters. 217 apartments are presented. The
m2 average area is 76.33 m’, the minimum is 21 m? the maximum is 280
m®. Area is an important factor that directly affects the price.
Apartment type, a categorical variable (e. g., new construction or
type secondary market). The sample contains 216 observations. Apart-
ment type also affects market value.
Apartment price. There are 217 observations in the sample. The av-
6 price erage price is 82,427.45 UAH, with a large range from 1 UAH to
1,750,000 UAH. This is the main indicator for analysis and forecast-

ing.

The analysis revealed the presence of missing values, as well as values that do not meet logical
or statistical expectations. These anomalies can negatively affect the accuracy and reliability of the
model, since it may perceive them as valid data, which can lead to distortion of the results.
Therefore, it is important to implement data cleaning stages, including filling in gaps, correcting
inadequate values, or deleting them, to ensure high quality and correctness of the data that will be
used for further analysis and modeling.

For the implementation of an information system for modeling and forecasting real estate
prices, an important stage is data pre-processing [1,9,10]. This stage provides data preparation for
effective training of basic forecasting models, which significantly affects the quality of forecasts.
The procedure for data analysis and cleaning is presented in the form of an algorithm flowchart in
Figure 5.
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Figure 5: Block diagram of the data cleaning algorithm.

The data cleaning algorithm begins with the stage of loading the dataset. The next step is the
selection of features, in which the variables that will be used in further modeling are determined.
After this, the type of selected features is evaluated. If the feature is numeric, then the transition to
the next stage is performed, where the presence of missing values is checked. If the number of
missing values is more than 50%, the feature is removed from the dataset. In the case when the
number of missing values is less than 50%, the missing values processing procedure is performed.

Next, the algorithm includes an outlier processing procedure, which involves the detection of
anomalous values in the data that may affect the accuracy of the model. After this, a uniqueness
check procedure is performed, which includes the detection of duplicate features in the dataset.

The last stage is the evaluation of the completion of feature verification. If all selected features
have been verified, the algorithm completes its work, and the cleaned dataset is stored for use in
the modeling process. Thus, this algorithm ensures the reliability and accuracy of data, which are
important for creating an effective information system.

In the data processing process, it is important to perform filtering in order to focus on
observations that are relevant for further analysis. First, all apartments with a price exceeding
300,000 were removed from the table. This allows us to eliminate excessively expensive objects that
can distort the results of the analysis. Then, additional filtering was performed, which left only
those observations where the apartment price exceeds 10,000. This also helped to remove
apartments with an abnormally low cost that do not correspond to market realities.



After filtering, a statistical description of the filtered data was performed for key variables:
number of rooms, apartment area in square meters and price. This allowed us to obtain summary
statistics for these three variables after cleaning the data set. Thanks to the steps taken, the
observation table was significantly cleaned. The number of objects in the sample decreased from
217 to 213, since all observations that did not meet the filtering criteria were removed (see Fig. 6).
This improves data quality and ensures the correctness of further analysis and modeling.

vars n mean sd median trimmed mad min max range skew kurtosis
rooms 1 212 1.098 0.94 2 1.91 1.48 1 6 50.71 0.46 0.
m2 2 213 73.95 33.12 67 69.78 28.17 21 212 191 1.22 1.56 2.
price 3 213 75524.68 52002.81 59538 66041.70 34973.05 15000 280000 265000 1.74 2.94 3563.

s5e
06
27
17

Figure 6: Descriptive statistics on variables after the filtering process.

To visually analyse the variables in the data set, histograms were created that allow us to
visually assess the distribution of values for each variable. This allows us to more quickly
understand the structure of the data and identify key trends, such as the frequency of occurrence of
different values, dominant categories, and potential anomalies. Histograms serve as an effective
visualisation tool, making it easier to interpret the results and prepare for further analysis.

To ensure the correctness and reliability of the data analysis, the data set was checked for
missing values in columns containing important information, in particular in the variable’s rooms
(number of rooms) and type (type of apartment). After that, it was decided to remove rows from
the data set containing missing values, in particular in the column’s rooms (number of rooms) and
type (type of apartment). Missing values in the resulting attribute price were processed by replacing
them with average values, which allows you to avoid problems with insufficient data and preserve
valuable information. This is an important step in data preparation, since missing values can
significantly affect the results of the analysis and, subsequently, the accuracy of the forecasting
model. Categorical variables were converted to numerical values, which ensured compatibility with
machine learning methods. In the next stage of data analysis, the variables were logarithmically
transformed, which allowed stabilising the data variance.

To analyse the influence of individual attributes on the resulting attribute, a correlation analysis
was performed. The obtained results of the correlation analysis demonstrate significant
relationships between the studied variables, which can be the basis for further analysis and
modelling of real estate prices.

3.2. Modeling and forecasting

According to the accepted practice, the cleaned dataset prepared for modeling was split in the ratio
of 80:20 [9,10]. Thus, 80% of the data was separated as a training sample, which is prepared for
training the models and analyzing their adequacy. Then 20% of the data was left as a test sample,
which is intended to check the quality of the underlying predictive models. This avoids over-
training, when the model shows high results on the training data, but has poor performance on
new, unknown data.

The basic predictive models considered were the linear regression model, the multiple
regression model, the polynomial regression model, the decision tree model, the random forest
regression model, and the XGBoos model. For each model, a structure was selected and parameters
were found under which the models had the best quality indicators of predictions on the test data
set. Thus, the problem of taking into account structural and parametric uncertainties was solved. A
graphical representation of the results of modeling and forecasting using the basic predictive
models is shown in Fig. 7. The figures for each model demonstrate the dependence of the resulting
variable on one feature m2. Table 2 presents the values of the quality metrics after training and
testing each of the basic predictive models.
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Figure 7: Graphical representation of modeling results using basic predictive models (a - linear
regression models, b — multiple regression models, ¢ — polynomial regression models, d - decision
tree models, e — random forest models, f - XGBoost models).

Table 2
Generalized table for assessing the adequacy of forecast models and the quality of forecasts

Model quality metrics Forecast quality metrics
Type of model

R? DW AIC F MSE MAPE Theil

Linear Regression 0,774 0.964 15.632 141.064 0.074  3.379 0.0193
Multiple Regression 0.861 1.021 -5.378 255.777 0.045 1.554 0.0096
Polynomial Regression ~ 0.788 0.933 12.965 152.712 0.071  1.555 0.0096
Decision Trees 0.710 1.153 26.386 100.777 0.098  2.110 0.0138
Random Forest 0.761 1.070 18.030 131.188 0.082  2.115 0.0131
XBoost 0.790 1.107 12.576 154.473 0.068 1.675 0,0111

After analyzing the results from Table 2, among the basic forecasting models, the regression
model based on multiple regression and the XGBoost model should be distinguished. With the help
of these models, the highest quality forecasting values were obtained.

3.3. Approach to improving predictive values

To reduce the error of forecast values, it is necessary to use approaches that make it possible to
simultaneously influence the reduction of variance and bias. Reducing the value of each of these
components helps to reduce the overall error, and if it is possible to reduce both bias and variance,
then the overall forecast error is maximally reduced and the quality of forecasts is improved. An
approach that allows implementing a similar technique is ensemble learning. The structures of
model ensembles are divided into two groups [32-34]: structures of homogeneous ensembles and



structures of heterogeneous ensemble models. The structure of a homogeneous ensemble uses basic
forecast models of the same type, while the structure of a heterogeneous ensemble uses basic
forecast models of different types. The main idea of ensemble learning is that ensembles work
better than their components when the basic forecast models are not identical (use different
principles of model construction). A necessary condition for the usefulness of the ensemble
approach is that the basic forecast models must have a significant level of differences that make
errors independently of each other [35-38]. The limitations of homogeneous ensemble structures
can be overcome by using heterogeneous ensembles. Ensemble construction is usually a two-step
process: a set of different base models are generated by running different training algorithms on
the training data, and then the generated models are combined into an ensemble. Research shows
that the strength of a heterogeneous ensemble is related to the performance of the base predictive
models and the lack of correlation between them [39-41]. Therefore, to improve the obtained
forecast values, a scheme of the ensemble approach was developed, which is presented in Figure 8.
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Figure 8: Schematic of an ensemble approach to improve forecast values.

Table 3
Table of quality estimates of predictions after the ensemble learning procedure
Type of model R? MSE MAPE Theil
Multiple Regression g4 0,045 1,554 0,0096
XBoost model 0,790 0,068 1,675 1,0111
Resulting stacking
layer 0,882 0,041 1,516 0,0091

It is proposed to build a single-layer heterogeneous ensemble of models based on the stacking
method with a meta-model based on the support vector method. To improve the quality of
aggregation of forecast values, the best models from the modeling stage of the basic forecast
models were selected as basic models for stacking: a regression model based on multiple regression
and the XBoost model. It is important that the selected models do not correlate with each other.
XBoost is also an ensemble model, but XBoost is a homogeneous ensemble structure. Thus, in the
scheme presented in Fig. 8, there are two ensemble structures: homogeneous (Boosting) and
heterogeneous (Stacking). The estimates of the quality of forecasts after the ensemble training
procedure, which are given in Table 3, indicate a decrease in the total error. The stacking model
demonstrates the best values of the indicators. This indicates that improving the quality of
forecasts through the systematic use of ensemble models gives an advantage compared to the
results of forecasts on any basic forecast models.



4. Conclusions

The article presents a systematic approach to modeling and forecasting using the example of the
problem of forecasting prices in the real estate market. Machine learning methods were used to
solve the problem. The systematic approach is based on the analysis of the studied processes,
establishing the types of existing characteristic uncertainties (statistical, structural, parametric),
assessing the structure and parameters of the model, as well as forecasts based on the constructed
model. A structural diagram of a systematic approach to modeling and forecasting is developed and
presented. It combines three groups of tasks on a single methodological basis: data analysis and
pre-processing tasks; model building and evaluation tasks; forecast building and evaluation tasks.
Particular attention is paid to the data pre-processing process. Improving data pre-processing
methods is a complex task that must be solved systematically, taking into account the specifics of
the real estate market. Therefore, the article pays significant attention to the data pre-processing
process and research aimed at increasing the efficiency of predictive values. The architecture of an
information and analytical system for solving forecasting tasks is developed and presented. As an
example of solving an applied problem, the process of forecasting prices in the real estate market is
considered. The results of the following stages are presented: data collection, research and
preparation of data, training the model on data, determining the effectiveness of the model,
improving the effectiveness of the model.

The following models were used at the modeling stage: three types of regression models and
three types of models built on trees. The effectiveness of forecast solutions was assessed using the
quality metrics MAPE, MSE, RMSE and Theil coefficient. To reduce the overall error of the forecast
values of the base models, a scheme of a single-layer heterogeneous ensemble of models based on
the Stacking method was implemented. The ensemble is built on the best base models of different
groups to prevent correlation between them. This approach effectively improves the quality of
forecast solutions.
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