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AnHoTanus. JXpUDKbIMAaUTBIH MYJIIKTI Oaranay canachlHAArbl 0ACTBI MACceJIeNnepIiH
O0ipi — VyJIKeH KelleMJeri akmaparThl OHIEY eKeHi aHbIKTangsl. CapanibliapabH
TOXIpHOECiHe HeTi3JeNTreH A9CTYpIli Oaranay oJicTepi IIEKTEYyJli XKOHE ajaM KaTelliKTepiHe
Oeitim Oosysl MymKkiH. Data Science KoJijaHy JepeKTeplli JKUHAY, TaJJay >KOHE OHJEY
MPOIIECiH aBTOMAaTTaHABIPyFa MYMKIH/IIK Oepeni, Oyl 1omipeK ®oHe 0OBEKTHBTI HOTHKEIEP
ajyra koJt amajbpl. Makasnana >KbUDKbIMANTBIH MYJIIKTI Oaranayra apHayiran Data Science
TEXHOJIOTUSCHIH 931IpJiey, COHBIH IIIIHJEC JCPEKTep/l Talijay, CTATUCTUKAIBIK SJIiCTep MEH
MallIMHAJBIK OKBITY 9JIICTEpiH MaiijiajaHy, ajJbIHFaH HOTHKEJIEep Heri3iHie Oarajiay MOJCIIH
Kypy Macenenepl KapacTblppUiFaH. JKbUDKBIMAaHTBIH MyJiKTI Oaranay MiHAETTEpiHIe
AHAJIMTUKAJIBIK OJICTEeP/l KOJJIaHYIbIH KOJJIAHBICTAFbl Tacuigepi 3eprreireH. OunapibiH
KOJIJIaHbLIYbIHA apHAJIFaH »aHa oJICTeMEe O3IpJICHII, YCBIHBUIFAH OJ[ICTEMEHI EHTi3Y/iH
OPBIH/IBLIBIFBl MEH KQXKETTUIIr HETI3Ae/Ii. OICTeMEH] MPaKTUKAIBIK ICKe achlpy OOMBIHIIIA
YCBIHBICTAp OepireH.
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AHHOTAUMs. YCTaHOBJICHO, YTO OJHOW M3 OCHOBHBIX MPOOJIEM B 0OJACTH OICHKU
HEJBMKUMOCTH SIBIIIETCS 00paboTka OonpImux 00beMOB WHGOpManuu. TpamurinoHHBIC
METOJbI  OLICHKH, OCHOBAHHBIC Ha SKCIIEPTHOM OIIBITC, MOTYT OBITh OIPAaHUYCHBI H
MOJIBEPKEHBI yenoBedecknM ormmokaM. [Ipumenenune Texnomoruii Data Science mo3BomsieT
aBTOMAaTU3UPOBAThL Tporecc cOopa, aHaimm3a B 00paOdOTKH MaHHBIX, YTO OOECIEeYUBACT
MOJIyYCHHE Oo0Jieeé TOUYHBIX M OOBEKTHUBHBIX PE3YNbTaTOB. B cTaThe paccMaTpuBaeTCs
paspabotka TexHomorun Data Science ms OICHKM HEIBIKAMOCTH, BKJIIOYAs aHAIN3
JIAHHBIX, HWCITOJIb30BAaHUE CTATHUCTHYECKHX METOJOB M METOJIOB MAITUHHOTO OOYYCHHSI,
CO37aHME MOJCIM OIEHKHM Ha OCHOBE TOJYUYEHHBIX pe3ylibTartoB. lccmemyrorcs
CYIIECTBYIOMINE TOIXOAbI K TMPUMEHEHUIO AHAIUTUYECKUX METOIOB B 3amadax OICHKHU
00BEKTOB HEIBIKMMOCTH. Pa3paborana HOBas METOIWKA WX MPUMEHEHHUS, 00OCHOBaHA
1[eJIeCO00Pa3HOCTh W HEOOXOJUMOCTh  BHEAPEHHS TPEATOKEHHOW METOMUKH. JlaHb
pPEKOMEHIAITNH TI0 TIPAKTUICCKOHN peaan3aiui METOIUKH.

KualoueBble  cjoBa:  TPOTHO3MPOBAHWE, MAIlIMHHOE  OOydYeHHE,  PBIHOK
HenBKHUMOCTH, Data Science

Jast uutupoBanus: K0.JI. Xnesna, A.O. bystoposa, A.O. Xnesnoit. MOJIEJIA U
NHOOPMAILIMOHHBIE TEXHOJIOTHMKM OLIEHKKW HEABMXXMMOCTU C UCIIOJIb-
30BAHUEM AJITOPUTMOB MAIIMHHOI'O OBYUYEHUMA. 2024. Vol. 5. No. 20. Pp.
105-117 (Ha anr.). https://doi.org/10.54309/1JICT.2024.20.4.009.

Introduction

In the modern world, the increasing volume of data and the growing need for its
analysis are becoming more relevant than ever. In the real estate sector, this
process is particularly significant, as property valuation is a critical step in various
processes, such as sales, purchases, rentals, and more. The development of Data Science
technology in this field can enhance the accuracy and efficiency of valuations, which, in
turn, can have a positive impact on the real estate market.

One of the main challenges in real estate appraisal is managing large amounts of
information. Traditional valuation methods, which rely on expert experience, can be limited
and prone to human error. By leveraging Data Science, it is possible to automate the processes
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of data collection, analysis, and processing, leading to more accurate and objective resu

Data Science methods can be applied to develop real estate valuation models
based on statistical analyses and machine learning. These models enable the prediction of
property values based on various factors, such as house size, the number of rooms, location,
the availability of amenities, and more. This approach ensures more objective and precise
valuations that take into account a wide range of factors. Automated algorithms and
software solutions can significantly reduce the time and effort required for valuation,
making the process faster and more efficient, while allowing more time for data analysis
and informed decision-making.

The use of Data Science methods in real estate valuation holds great potential for
improving the accuracy, objectivity, and efficiency of the appraisal process. Considering
the vast amount of available data and analytical capabilities, Data Science facilitates more
well-informed decisions regarding property purchases, sales, rentals, or investments. The
data analysis process relies on objective criteria and algorithms, minimizing the influence of
subjective factors or personal biases. This is crucial in real estate, where valuations can
often be subjective and influenced by the assessor’s personal opinions and experience.

Given the above, the development of Data Science technologies for real estate
valuation, including data analysis, the use of statistical and machine learning methods, and
the creation of valuation models based on these results, is a highly relevant and promising
area of research.

Material and Methods

An analysis of literary sources demonstrates that the application of data analysis
models is a crucial component of real estate valuation projects. Different models can
be utilized for various aspects of such projects, including data collection, processing,
and analysis.

For instance, in the study (Miroshnychenko et al., 2022), the authors explore
machine learning methods for developing models to predict the prices of suburban real
estate. They identify factors influencing suburban property valuation and build four
predictive models: linear regression, ridge regression, random forest, and XGBoost. A
comparison of results revealed that the XGBoost algorithm was the most effective
(RMSE = 67669.15, MAE = 47063.49, MAPE = 0.1034903). Compared to multiple
linear regression, it was concluded that the XGBoost model better explains the data,
providing a higher probability of accurately forecasting actual property prices.

In another study (Pashkevych et al., 2022), a statistical model was developed to
predict housing prices using linear regression. To evaluate the relationship between various
property characteristics, 3D modeling was employed. The authors performed data clustering
and testing on real-world data, achieving satisfactory predictive results. The model was
tested on real properties, achieving an accuracy rate of 76 %.

In study (Velytchenko, 2020), a neural network was built to estimate property
values. The author used both numerical and categorical attributes, as well as four
images of the property. The resulting mean absolute percentage error (MAPE) on the test
set was 17.52 %.

In work (Ivashchenko, 2022), the author compared two models for price prediction:
decision tree and random forest. While the errors appeared relatively large, this was
attributed to extreme deviations in predictions. The author noted that such deviations
should be considered in further research. The random forest model was found to deliver
more accurate and reliable predictions than the decision tree model.

In article (Khlevna et al., 2021), a variety of models were analyzed for predicting real
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estate market prices, including Lasso regression, Elastic Net regression, Ridge regression,
Gradient Boosting regression, and XGBoost. It was determined that aggregated models could
improve results. The best-performing model was an ensemble of Lasso regression, Extreme
Gradient Boosting, Elastic Net, and Ridge regression, achieving RMSE = 0.1091 and a
standard deviation of 0.0075.

Another intriguing approach, discussed in study (Quanzeng et al., 2017), involved
the use of image-based valuation. The authors investigated how visual features, reflecting
property characteristics, could aid in estimating property values. They developed algorithms
that relied solely on location and photo attributes. Recurrent neural networks were built and
analyzed, achieving MAE = 66.3 and MAPE = 16.11 % on one dataset, and MAE = 13.32
and MAPE =22.69 % on another.

In study (Yaroshenko et al., 2012), neural networks were also developed to assess
real estate, focusing on quantitative and qualitative attributes. The model utilized real estate
agency data over five months. The mean absolute error in predictions was 3.41 %. The
authors speculated that this error was due to an insufficient number of factors affecting price
formation.

In work (Alisha Kuvalekar, 2020), the authors collected data from various real estate
websites in Mumbai and applied methods such as SVM, Random Forest, Linear Regression,
Multiple Linear Regression, Decision Tree Regressor, and KNN. The best results were
achieved by the Decision Tree Regressor, with an accuracy of 89 %.

In article (Kintzel Joseph, 2019), models were trained on a triad of data types:
numerical, spatial, and image-based. Comparisons included models such as OLS, Neural
Network, Random Forest, and Gradient Boosting. The Random Forest and Gradient Boosting
regression algorithms performed best in predicting prices, with average error coefficients of
0.0758 and 0.0756, respectively. When combined with image evaluations (PCA-generated
features), Gradient Boosting further reduced the error coefficient to 0.0728. Neural networks
with PCA features had an error coefficient of 0.0930.

Finally, study (Kovpak et al., 2016: 56—60) explored a type of multiple regression
using dummy variables to describe the current condition and location characteristics of real
estate. The resulting average relative approximation error for the model was 11.72 %.

A range of specialized software and technologies is available for predicting real
estate prices, including web services and mobile applications. These programs offer users
a broad array of tools for analyzing the real estate market, such as access to historical price
data, visualization of geographic trends, and the ability to create forecasts based on various
machine learning models.

Many of these platforms integrate interactive maps, enabling users to explore
different neighborhoods and their market characteristics, such as average property prices,
price dynamics, infrastructure, and more. Some services also provide comparative analyses
of property prices across various locations and property types.

These technologies are not only helpful for investors and buyers in making informed
decisions about real estate investments but also serve as valuable tools for real estate agents,
enabling them to provide more objective and detailed information to their clients.

Notable Examples of Real Estate Technologies:

Zillow (https://www.zillow.com): One of the most popular real estate price forecasting
tools developed by an American real estate services company. Using an integrated algorithm,
Zillow estimates property values by considering factors like location, size, condition, and

@,{I This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
— International License
109



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2024. Vol. 5. Is. 4.

market trends. Forecasts are made for up to 12 months, incorporating county-level economic
data and property-specific details.

CoreLogic (https://www.corelogic.com): This service offers robust analytical tools
for predicting real estate prices at national, state, and metropolitan levels. It provides monthly
updates, with forecasts spanning up to 30 years depending on the subscription level. Data sets
are updated monthly, and results are published five weeks after the end of each month.

PropMix (propmix.io): Using a 25-terabyte database with diverse information,
including images, PropMix employs artificial intelligence and computer vision to analyze
real estate prices and generate forecasts.

Realyse (www.realyse.com): A UK-based platform providing detailed real estate
market insights, helping investors, developers, and agents make informed price forecasts. It
collects data from multiple sources and offers APIs or downloadable CSV files for forecast-
related information.

Redfin Estimate (www.redfin.com/redfin-estimate): An online tool leveraging a
variety of data sources to determine the approximate value of a residential property. Known
for its accuracy, with an average error rate of 2.06 %, Redfin Estimate uses MLS data from
recently sold homes to calculate current market values.

HouseCanary (www.housecanary.com): This solution predicts property prices—
both for individual homes and the broader market—over a period of up to three years using
machine learning and time series analysis. The platform also provides comprehensive
analytics evaluating market conditions, desirability, and stability.

State Property Fund of Ukraine (www.spfu.gov.ua): This service analyzes property
data by comparing multiple sources (Lun, OLX, contracts, reports) and provides official
valuation certificates. However, as of 2021, the system does not account for property or
apartment conditions, which can significantly affect valuations.

Features of Real Estate Technologies:

These tools utilize large databases containing information on market prices,
geographic data, historical transaction data, and other factors influencing property values.
Machine learning and Al algorithms analyze this data to produce highly accurate forecasts.

Limitations and Considerations:

Data Updates: Continuous updates are crucial to maintain accuracy. Real estate
markets are dynamic, with changes in transactions, legal environments, and other factors
affecting property values. Automated updating mechanisms are essential for these systems.

Market Focus: Most services target specific markets, such as the U.S. or U.K., due
to the unique characteristics and data availability of these regions. This geographic focus
enables a deeper analysis of local market conditions, providing more precise forecasts.

Cost Barriers: Accessing forecasts often requires paid subscriptions. For some users,
these costs may be prohibitive, limiting their ability to utilize these tools effectively. Moreover,
users might be reluctant to pay for a service they perceive as insufficiently valuable, creating
a barrier to widespread adoption.

Despite these limitations, such technologies play a pivotal role in improving the
precision and accessibility of real estate market analysis, benefiting investors, buyers, and
agents alike.

The analysis of the reviewed literature indicates that the best-performing models
are gradient boosting, random forest, and neural networks. Therefore, this study will focus
on these models using a new dataset. Additionally, one of the ensemble models (gradient
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boosting or random forest) with the best results will be selected, and a combined model with a
neural network will be developed to evaluate the potential for improving prediction accuracy
through this approach.

The aim of this research is to enhance the effectiveness of real estate price prediction
by formalizing data processing methods.

Results and Discussion

To predict real estate prices, the following models were selected for development:
gradient boosting, random forest, and neural networks.

Gradient Boosting is an ensemble machine learning method, a form of bagging,
which iteratively builds weak models to improve predictive accuracy. The goal of gradient
boosting, like any supervised learning algorithm, is to define a loss function and minimize
it (Trevor, 2017). This method is known for its high accuracy and is widely used in various
fields, including image recognition, time series forecasting, and recommendation systems.

The optimization function for gradient boosting is represented by the following for-
mula:

L(t) = 2= T(ys[57t(x0)+ Q(6), [1]

where

1 — loss function,

yi,['1 — the value of the i-th element of the training sample and the sum of the
predictions of the first t trees, respectively,

x; — feature set of the i-th element of the training sample,

[; — the function (in our case, a tree) that we want to train at step t,

[i(x;) — prediction on the i-th element of the training sample,

Q(f) — regularization of function f. Q(f) = yT + YAAllwl?, where T — number of tree
vertices, w — values at the leaves, and y and A — regularization parameters.

Using the Taylor expansion to the second term, the optimization function L(t) can be
approximated by:

L(t) = Y ="11(yi,[1; + gifi(xi) + 0.5hi%(xi)) + Q(L), (2]

where

gi = Ol(y;,[1)/01,

hi = 021(yi,['1)/02[ 1.

Since the goal is to minimize model error on the training set, the minimum of L(t)
must be found for each t.

Random Forest is also an ensemble machine learning method, similar to gradient
boosting, which employs a combination of multiple decision trees to develop predictions. It
is one of the most popular methods for classification and regression, known for its flexibility,
ease of use, and efficiency.

Neural Networks are a machine learning method inspired by the functioning of the
human brain. This method is based on the use of «neurons» — computational units that can
learn to recognize patterns in data.

In this work, a deep neural network will be constructed. This is a type of artificial
neural network with two or more hidden layers between the input and output layers. These
additional layers enable the network to learn more complex and abstract functions, translating
simple input data into more intricate structures. For example, in image processing tasks, the
initial layers may detect simple shapes, such as lines and circles, while deeper layers combine
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these simple shapes to detect more complex patterns, such as human faces.

Deep Neural Networks (DNN) are often associated with deep learning, a branch of
machine learning focused on using deep networks. The training process for deep networks
typically utilizes algorithms based on the gradient descent method, such as stochastic gradient
descent (SGD), RMSprop, Adam, and others.

The architecture of the constructed neural network is shown in Figure 1.

Fig. I - Neural Network Diagram

To activate the layers, the ReLU activation function was chosen, which has the
following mathematical formula:

f(x) = max(x, 0) [3]

For optimizing the training process, the Adam function was selected. Adam combines
the approaches of the AdaGrad and RMSProp methods. It also adjusts the learning steps
individually for parameters, taking into account the «history» of gradient changes on them
(Marusyk, 2019).

Let

v=B1v+(1—B1)d6,

s=p2s+ (1 —p2)do2,

Wy =w/(1 — B1n),

Sv=-sv/(1—B2"), [3]
where v and s are referred to as the first and second moment estimates, w, and Sy —
bias-corrected moment estimates. Then parameter changes occur as follows:

0=0-2Aw/3 +¢ [4]

Mean Squared Error (MSE) is used to calculate losses. This loss function computes
the square of the difference between predicted and true values and then averages these squares:

. [5]

To evaluate the obtained predictions and compare the mentioned methods, metrics
such as MAE, MAPE, RMSE, and the coefficient of determination will be used.

MAE is a metric for evaluating the accuracy of a predictive model. It calculates the
difference between predicted values and actual values, taking the absolute value of these
differences and averaging across all data points. MAE measures the absolute error of the
forecast, regardless of direction. The smaller the MAE value, the higher the model’s accuracy.

. [6]

MAPE is another metric for evaluating the accuracy of a predictive model. It calculates
the percentage difference between predicted and actual values, taking the absolute value of
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these differences and averaging the percentage across all data points. MAPE measures the
percentage error of the forecast. MAPE errors serve to evaluate the percentage deviation of
the forecast relative to the actual value. Typically expressed as a percentage, the smaller the
MAPE value, the higher the model’s accuracy.
[7]
RMSE is yet another metric for evaluating the accuracy of a predictive model.

It computes the square root of the mean squared error, which is the sum of the squared
differences between predicted and actual values, divided by the number of data points, and
then takes the square root of the resulting value. RMSE measures the root mean square
error of the forecast. The smaller the RMSE value, the higher the model’s accuracy.

Coefficient of Determination is a metric that measures how well the model predicts
actual data. It represents the ratio of the variation in model predictions to the total variation
in the data. The coefficient of determination ranges from O to 1, where a value of 0 means
the model does not explain any variation in the data, and a value of 1 means the model fully
explains the data variation. The higher the R-squared value, the better the model predicts the
data. However, this metric can be sensitive to overfitting and the number of variables.

- [8]

All these metrics are used to assess and compare the accuracy of predictive models.

The chosen programming language for implementing the described methods was
Python (docs.python.org/3.9). The decision to use this language was driven by its robustness
and widespread popularity in the fields of data analysis and Data Science.

The input data was decided to be sourced from a real estate information portal (riel-
tor.ua). The data was preprocessed and cleaned beforehand.

The XGBoost library was used to build the gradient boosting model. Experiments
were conducted with various parameter sets, but the best-performing parameters are shown in
Figure 2. A model was created to train on the training dataset using the fit method and predict
prices on the test dataset using the predict method.

model = XGBRegressor(

model.fit(X_train,

y_pred = model.predict(X_test)

Fig. 2 - Code snippet of the XGBoost model

The random forest model was built using the sklearn library. Experiments were also
conducted with different numbers of estimators, and ultimately, two hundred estimators were
chosen (Fig. 3).

model = RandomForestRegr

model.fit(X_train, y_train)

red = model.predict(X_test)

Fig.3 - Code snippet of the Random Forest model
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Similarly to the previous models, the best parameters were selected for the neural
network. In this case, attempts were made to use different activation functions (sigmoid,
linear, ReLU), various numbers of input and hidden layers, the number of epochs, and so on.

The Keras library was used for the construction. The code for building the model is

=(df[features].shape[1],)),

Dropout(

Dense(
Dropou
Dense(

Dropou

topping
del.fit(

Fig.4 - Code snippet with the neural network model

The approach of combining gradient boosting and neural network models opens up
significant opportunities for improving prediction quality. Since the gradient boosting model
has already demonstrated better results compared to the random forest, leveraging this model
in combination with neural network predictions can be a highly effective strategy.

The quality assessments of this combined model are presented in Table 1 and
compared to standalone gradient boosting.

Table 1
Quality Assessments of the Constructed Models
Model MAE MAPE RMSE R2 score
Gradient Boosting 39498.78 0.261 92911.20 0.81
Random Forest 38738.20 0.245 101943.28 0.77
Neural Network 49712.98 0.286 141427.70 0.56
Combined Model 10064.71 0.107 14337.08 0.99

To utilize the developed model, it was decided to create an information system,
specifically a web service for property valuation. To build a web service based on the
developed model, a user-friendly and intuitive interface needs to be designed. Users should
be able to easily input property details, such as location, area, number of rooms, and so on.

The concept of an information system for property valuation includes the following
components:

1. Database: This is the central element of the system, containing a vast amount
of information about real estate in Kyiv. It holds extensive data on the real estate market,
including apartment sales records. The database stores various apartment attributes used for
value estimation, such as location, proximity to the metro, area, floor, and the total number
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of floors in the building. These data points are stored in corresponding database tables and
are utilized for analyzing and predicting property values using machine learning models. The
database is continuously updated to include new apartment sales data and their characteristics,
ensuring the relevance and accuracy of valuations.

2. Analytical Tools: The information system should include analytical tools for
data processing and analysis, specifically using the predictive pricing model developed in
this project. This model analyzes apartment parameters stored in the database and uses them
to generate price forecasts. The predictive pricing model is maintained and enhanced with
the latest analytical methods and algorithms to ensure its accuracy and reliability. It can
be periodically updated based on new data to account for real estate market changes and
improve forecast quality.

3. User Interface: The information system must have a user-friendly and
intuitive interface. This could be, for example, a web application or service that allows users
to quickly and conveniently access real estate information, calculate property values, and
perform other actions.

The concept of a property valuation information system for the city of Kyiv can be
implemented by combining a database, analytical tools, and a user-friendly interface. This
system will simplify and make the property valuation process in Kyiv more objective.

Relational databases such as PostgreSQL, MySQL, or SQLite are commonly used
to store real estate data. They provide structured data storage with the ability to perform
complex queries while ensuring data reliability and consistency. Therefore, it was decided to
use one of these databases for this project, specifically a MySQL database.

The logical model of the database (Figure 5) represents the structure of the data and
the relationships between them without being tied to a specific database management sys-
tem (DBMS). It describes the structure of the database at the level of concepts and entities,
without focusing on technical implementation aspects. It includes entities, their attributes,
relationships, and keys—both primary and foreign.

Creating a web service for real estate price prediction that includes a form for
apartment price calculation opens up broad opportunities in various fields.

Firstly, it provides convenient access to predictions anytime and anywhere. Users can
access the service from any device with an Internet connection, such as a computer, tablet, or
smartphone. This allows users to access price forecasts even on the go or in places without
access to a stationary computer. The web service also features an intuitive and user-friendly
interface, enabling users to navigate and utilize its features quickly. The price calculation form
is straightforward and easy to fill out. Furthermore, users will be able to save the prediction
results or send them to their email for further analysis or comparison, making it convenient
to use the data in their work.
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Fig. 5 - Logical Database Model

Secondly, the price calculation form allows users to receive personalized predictions
by considering the unique characteristics of each apartment. Each parameter is crucial for
determining the property value, and users can freely adjust them according to their needs and
requirements.

This web service provides users with valuable information for making informed
decisions regarding the purchase, sale, or rental of real estate in the city.

The collected data from the web service can be used for further analysis of the real
estate market, allowing for the observation of trends and conducting research in this field.
For example, the data provided to users for price calculations can be aggregated and used for
market trend analysis. Alternatively, collecting data on real estate prices enables the analysis
of supply and demand in the market. This helps to understand which types of properties are
most popular among buyers and which areas have the highest demand.

The accumulated data can also be used to prepare analytical reports and market
condition summaries. This can be valuable for real estate agencies, urban planning
development, and other market participants.

Conclusion

Three models for predicting real estate prices were developed. These models included
gradient boosting, neural networks, and random forest. Each of these models was carefully
fine-tuned and trained using the prepared data.

After analyzing their performance, the best ensemble model was selected to construct
a combined model, which ultimately provided significantly better predictions than the
standalone models. This highlights the value of combining different models to improve the
accuracy and efficiency of predictions.

The combined model can be more versatile and precise in predicting real estate
prices, enabling better decision-making in the real estate market. A conceptual description of
the developed information system and database schema has been provided
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