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Abstract

In the modern world, data plays the most important role not only for the de-
velopment of medium and small businesses and the formation of large economies,
but also for the comfortable everyday life of every person. This study examines
the Kazakh residential real estate market in the city of Almaty to apply machine
learning algorithms to real estate data for price prediction. We know that this
market is an important sector of the global economy. The residential real estate
market in Kazakhstan is a complex structure, consisting of hundreds of thousands
of apartments, characterized by many features. At the same time, any changes in
the market may cause speculation and a deliberate increase in real estate prices.
That is why it is so important to understand what the real cost of an apartment
is and where it is more expensive. The research focused on building a real estate
value prediction model using machine learning methods such as linear regression,
XGBoost, Random Forest, and Prophet. The data was taken from the krisha kz
website for the following dates: November 30, 2020, May 9, 2021 and November
2, 2022. The number of processed data for each of these dates was 6807, 3426 and
32424 records, respectively. Among the tested models, XGBoost and Random

Forest showed the best results.
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Ammarna

Kazipri anemjie JepekTep OpTa XKoHe MAaFbIH OU3HECTi JaMBITy XKoHe 1pl 9KOHO-
MUKAHBI KAJBIITACTHIPY VIIiH FaHa eMec, COHbIMEH KaTap 9p0ip aJaMHbIH, JKal/ibl
KYHIEMKTi oMipi YIIIH eH MaHBI3Jbl POJT ATKAPAIBL. Byn 3eprTey 6araHbl 6omxay
VIiH JKBIDKBIMAHTBIH MYJIIK JePeKTepiHe MalllMHAJBIK OKBITY AJITOPHTMJIEPIH
KOJUIQHY YIOiH AJIMATE KAJIACHIHIAFEl KA3aKCTAHIBIK KBIDKBIMAHTHIH MYIIK Ha-
DHIFBIH 3ePTTelii. Bysl HAPBIK 91eMIIK SKOHOMHUKAHBIH MAHBISABL CEKTOPDL €KeHiH
Ginemis. KasakcTaHIarbl TYPFBIH Y# KBUDKBIMAHTHIH MY/IiK HapBIFBl KeNTereH
epeKuIeTiKTepiMeH CHIATTAATEIH XKY3/IereH MbIH [BTEPIIEP/IEH TYPATLH KypZeuni
KYPBIJIBIM O0JBIT TabbuIabl. Byl perTe HAPBIKTAFBI Ke3 KeJIFeH ©3repiCTep aJlbil-
caTApJIBIK, TIeH JKBLDKBIMAATHIH MYJK OarachIHBIH dfieili KeTepinyine ceben 601ynr
MyMKiH. COHIBIKTaH IoTep/iH, HAKTHl KyHbl KaHJall >KoHe Kail keple KbMba-
THIpaK EKEHiH TYCIHY eTe MaHbI3/bL. 3epTTrey CHI3BLIKTHIK perpeccus, XGBoost,
Random Forest xone Prophet cusIKTH MaHIHHAJBLIK OKBITY 9IiCTEpPiH KOJJaHa
OTBIPBIT, >KBLIKBIMAUTHIH MYJIK KYHBIH 60JDKay MOJeNiH Kypyra OarbITTajraH.
JlepexTep krisha.kz caliTeiHaH Keseci Kynzaepre ansHap: 2020 xeunasty 30 Kapa-
machl, 2021 JKBITAbIH 9 MaMBIPHI >kaHe 2022 >KelAbH, 2 Kapamacel. Ockl KyHep-
1iH 9PKAUCHICHT VIIiH HJENTeH JePEKTeP CaHBI Turicinme 6807, 3426 xane 32424
sa36ambl Kypalsl. Texcepiiaren yarinepain iminge XGBoost »xone Random Forest

€H, YKaKChbl HOTUXKE KOPCETT1.



AnHOoTanud

B coBpeMeHHOM MUpe JaHHbIe UIPaloT Haubollee BaXXHYIO POJIb He TOJIBKO JTsI
pa3BUTHs CPEJHEro U Majoro busHeca u (GOPMUPOBAHUS KPYIHBIX 9KOHOMHUK, HO
u st KoMOPTHON TOBCEIHEBHOMN XKU3HU KaXKJIOro veJjioBeKa. B jaHHOM ucce-
JOBaHHM PacCMaTPHBAETCH PHIHOK >Kmiloff HenpikumocTn KasaxcraHa B ropoge
AJMaThl [T TPYMEHEHUsT aJICOPATMOB MAIIMHHOTO 0OYeHNs K JaHHBIM O HeIBU-
SKUMOCTH LISl IPOTHO3UPOBAHUS IIeH. MBI 3HaeM, 4YTO 3TOT PHIHOK NPEJCTABJISET
coBOi BasKHBIH CEKTOP TIOGAJIBHON SKOHOMHKM. PLIHOK KMIO# HeIBIDKUMOCTH
KazaxcTaHa - 3TO CJIOXKHasi CTPYKTYpPa, COCTOSAMAsS U3 COTEH THICAY KBapTHUp,
XapaKTePU3YIOUIMXCs MHOTHMH ocobeHHoCTIMH. B TO Xe BpeMsi JtoOble M3MeHe-
HUs Ha DBHIHKE MOIYT BBI3BATh CHEKYJSLMM U HaMEPEHHOe MOBHIIUEHNE LEeH Ha
HeBYOKMMOCTb. BOT moveMy Tak BasKHO IIOHMMATh, KAKOBa PeajlbHasl CTOHMOCTE
KBapTHPHI U [/ie OHa Jopoxe. Hccnenosamnue OBLIIO HAIPABJIEHO HA CO3JAaHHE MO-
Je/Ti TPOTHO3MPOBAHUS CTOMMOCTH HEJBMXKMMOCTH C HCTONL30BAHHEM METOOB
MAIIMHHOrO OOyYeHHs, TaKMX Kak JIMHeHHas perpeccus, XGBoost, cayvaiiupri
nec (Random Forest), u Prophet. Jlannsie 66111 B39TH ¢ cafita krisha.kz na, cie-
Aytolie JaThl: 30 nosi6pst 2020 roma, 9 mas 2021 roja u 2 HosiOpa 2022 ropa.
KosecTBO 0OPafOTAHHEIX DAHHBIX [JIs KaXKIOR U3 STHX JAT COCTABISIO CO-
orgercrenno 6807, 3426 u 32424 sanucei. Cpenu pOTeCTUPOBAHHBIX MOejety

XGBoost n Random Forest mokazanu Hawiyd4liue pe3ynbTaThbl.
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Abbreviations

e ML - Machine Learning

e Al - Artificial Intelligence

e XGB - XGBoost

e LR - Linear Regression

¢ RF - Random Forest

¢ RMSE - Root Mean Square Error

e MSE - Mean Squared Error

e MAE - Mean Absolute Error

e OHE - One Hot Encoding

e DF - Data Frame

e NN - Neural Network

e DL - Deep Learning

ANN - Artificial Neural Network
CNN - Convolutional Neural Network
RNN - Recurrent Neural Network

o LSTM - Long Short-Term Memory
API - Application Programming Interface
CSV - Comma-Separated Values
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SQL - Structured Query Language

IoT - Internet of Things

GBM - Gradient Boosting Machine

NLP - Natural Language Processing
PCA - Principal Component Analysis
ROC - Receiver Operating Characteristic
AUC - Area Under Curve
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Chapter 1

Background and motivations

1.1 Introduction

In the current dynamics of the global economy, real estate continues to play a
key role, providing stability and confidence in the future. Real estate is one of
the main assets for investment and prudent management of this asset can lead
to significant returns. In the context of Kazakhstan, and in particular its largest
city of Almaty, the specifics of the real estate market represents a unique field for
the application of advanced technologies and algorithms to optimize investment
decisions. This master’s thesis is devoted to the development and application of
an algorithm for determining the price of real estate intended for investinent in
the city of Almaty, Kazakhstan. This study seeks to leverage the principles of
ine learning to process data from the real estate sector, with the ultimate

mach
aim of pinpointing the most likely property values. Such information can then

inform investment strategies.

We posit that the integration of machine learning techniques with a detajled
examination and classification of property data can greatly improve the accuracy
of property price forecasting. This in turn could simplify the process of making
investment decisions. A key goal of this research is to develop a practical too)
for investors and property professionals. This tool would ease the process of

appraising and choosing properties for investment in the Kazakh market.



It’s worth emphasizing that despite the existence of a large volume of research
focusing on forecasting real estate prices, very few dive into the specific challenges
of the Kazakhstan market. As such, this research is designed to augment under-
standing and analyses of the trends and patterns in Almaty’s real estate market,
while setting a foundation for further scholarly pursuits in this area. The object
of research of this work is the residential real estate market of the Kazakhstan in
the city of Almaty The subject of research is the use of machine learning methods
to predict the value of residential real estate. The aim of this work is to create
a model for predicting the value of residential real estate, created using machine
learning methods. The practical significance of the research results is that as a
result of the work, we will receive an up-to-date value prediction model for resi-
dential real estate objects, which can be used to determine the value of residential

property of the Kazakhstan.

1.2 Literature review

In the past five years, the amount of research on the application of machine
learning in the field of real estate has increased significantly, indicating the rapid
development of this feld. The article "A Data Mining-Based Real Estate In-
vestment Analysis Framework.” by Huang et al. (2019) proposes a real estate
investment analysis framework that uses data mining techniques to identify prof-
itable real estate investment opportunities and improve investment decisions[l]_
The framework consists of four main steps: data preparation, feature selection,
model construction, and investment decision-making. In the data preparation
step, the authors collected data on various factors that affect real estate invegt-
ments, such as economic indicators, demographic factors, and real estate market
conditions. The data was then cleaned and preprocessed for further analysis. In
the feature selection step, the authors used principal component analysis (PCA)
to select the most relevant features for predicting real estate investment returns.
The authors found that the most important factors were GDP growth rate, inter-
est rate, housing price index, and population density. In the model construction
d machine learning algorithms, such as random forest and

step, the authors use

support vector regressiot, to predict real estate investment returns based on the

2



selected features. The authors compared the performance of the machine learning
models with traditional methods, such as the discounted cash flow (DCF) model
and the net present value (NPV) model. The results showed that the machine
learning models outperformed the traditional methods in predicting real estate
investment returns. The authors also conducted a sensitivity analysis to deter-
mine the impact of different factors on investment returns. In the investment
decision-making step, the authors used the results from the model construction
step to make investment decisions. The authors suggested that the framework
could help identify profitable real estate investment opportunities and improve

investment decisions.

Pagoras (2019) and colleagues conducted a think about that utilized machine
learning calculations to anticipate genuine domain costs in Chicago, USA. Amid
the think about, they connected a few models, counting relapse, irregular timber-
land, and angle boosting, and concluded that choice tree-based models given the
finest exactness|2|. A consider by Jean and Li (2020) inspected different angles of
the application of machine learning to genuine bequest, counting its application
to cost forecast and advertise slant examination. They emphasized that machine
learning can offer assistance overcome the issue of the impact of different compo-
nents on the esteem of genuine domain, since models can take into consideration
a huge number of factors[3]. Petrov and Makeev (2021) investigated the con-
ceivable outcomes of applying machine learning calculations to genuine domain
valuation within the Russian advertise. The think about appeared that machine
learning can give profoundly precise property cost forecasts, indeed in complex
and heterogeneous markets such as the Russian market[4]. Nguyen et al. (2018)
examined the application of machine learning to property cost determining in
Singapore. They found that convolutional neural systems and irregular woodland
perform way better than other machine learning models. Tien and Wu (2019)
created a machine learning show for genuine domain esteem forecast within the
Taiwan showcase. Their investigate illustrates how machine learning can make
strides the precision of forecasts, empowering more precise speculation choices[&].
Brett and Marshall (2019) investigated the application of profound learning to

genuine domain cost expectation in Australia. Their comes about appear that



profound learning can give noteworthy enhancements in expectations compared
to conventional strategies[6]. Zeng and Jiang (2020) analyzed the application of
different machine learning strategies to genuine domain valuation in China. They
concluded that it is critical to utilize the proper machine learning demonstrate

for each particular case|[7].

Kim and Kim (2020) did research on the use of machine learning for South
Korean real estate price forecasting. They discovered that employing gradient

boosting might produce extremely precise predictions|§].

Strous and Moore (2021) investigated how machine learning could be used to
value real estate in the US. Their findings demonstrated that machine learning

algorithms can produce predictions that are more precise and effective[9).

Burton and Garcia (2021) investigated the application of machine learning to
forecast Spanish real estate prices. Modern machine learning models can consid-
crably increase the accuracy of real estate price projections, according to their
findings[10].

In the UK, Raun (2022) used machine learning to analyze real estate data.
They discovered that using machine learning algorithins can aid in identifying

crucial elements that influence real estate values|11].

Neural networks were employed by Fernandez and Gomez (2022) to forecast
Brazilian real estate prices. Their research emphasized the significance of picking
the appropriate neural network architecture to guarantee the highest degree of
prediction accuracy [12].

In Germany, Becker and Schmidt (2023) investigated the use of machine learn-
ing algorithms to forecast real estate prices. When compared to conventional
methods, they discovered that machine learning techniques can significantly in-

crease forecast accuracy[13].

Finally, a study by Kim and Park (2022) reveals how deep learning may be
used to predict real estate prices. They processed and analyzed massive amounts
of real estate data using neural networks, and the results demonstrated that deep

Jearning techniques can significantly outperform more conventional techniques in



terms of forecast accuracy [14].



Chapter 2

Data Collection

2.1 Data Collection

In an era of continuously evolving globalization processes, when big cities be-
come the main drivers of economic growth and innovation, understanding the
dynamics of their development is becoming increasingly important. One of the
key indicators of urban development is real estate - a reflection of economic ac-
tivity, the level of prosperity and attractiveness of the region. In my dissertation,
I will focus on real estate price forecasting in Almaty, a city that in many ways ig
a symbol of urban growth and progress in Kazakhstan.

Almaty, being the largest city of Kazakhstan and its former capital, plays an
important role in the country’s economy. The largest financial institutions and
many trading companies are concentrated in Almaty, which makes the city an
important economic center. Due to its geographical location and cultural heritage,

Almaty is also an important tourist and cultural center.

I begin my work with an analysis of the dynamics of real estate prices in Almaty.
The study of real estate prices will allow us to better understand urban develop-
ment, as well as predict economic trends. This work has practical implicationg
for investors, the government and people who want to move to Almaty.

Real estate price data from the last few years will be used and several machine

learning methods will be applied to build price prediction models. I hope that

6



my findings and suggestions will help city planners, real estate developers and
investors in their decisions. The purpose of this study was to create a model
for predicting real estate prices based on data from the Kazakhstani real estate
website krisha.kz [15]. Data was collected at three different time points: November
30, 2020, May 9, 2021, and November 2, 2022, to ensure data diversity and

objectivity for subsequent analysis.

The method of parsing data from the site krisha.kz was used [15]. Parsing was
carried out for each district of the city of Almaty separately, as well as taking into
account the number of rooms in each residential building. This approach allowed
us to obtain more detailed information about the cost of housing in different areas

and with different numbers of rooms [16].

After the parsing step, all collected data was combined into one CSV file. This
was done to simplify the process of subsequent analysis and data processing. The
CSV file provides a versatile and easily accessible format for storing and processing

large amounts of data.

As a result of this process, an extensive data set was created, which includes
detailed information on the value of real estate in different areas of the city of
Almaty over different periods of time. This data will be used to train and test
machine learning models, which will then be used to predict property prices. For
parsing data from the chosen website we used three different libraries: requests,
BeautifulSoup and csv. The first function get-html refers to the website page
in order to obtain the content of the page (html).We used get functions from
requests library and it returned a response of 200. Well, that means that we
have already accessed the site. The second significant function is get-content.
Using this function gives us an opportunity to take the content from the specified
html. Here we use BeautifulSoup for parsing html and get access to the page
clements. Also we used find-all function from BeautitulSoup, which searches for
all elements of the class="a-card-inc’. In this function get-content, we create a
p in order to write the elements to the cards|| array. To make this happen,

loo

we just take the append and find functions. The function get-content returns the

array (cards[]). The third funection we want to tell you about is save-doc function.

Il saves everything we paired in a file. And here we use the csv library and

'y



the functions writerow, writer.Using the loop, we write down all the elements.
The most recent and important function is parser. We use the PAGINATION
constant here. And we would like to present a part of our code below in figure 1.
parser function: Start Ask the user to enter the number of pages (PAGENATION)
Convert PAGENATION to integer Get HTML using URL If the HTML response
status is 200: Create an empty list called "cards" For each page in the range from
1 to PAGENATION: Display current page number Get HTML using URL and
'page’ parameter equal to current page number Append HTML-derived content

to "cards" list Save "cards" to CSV file Qutput "cards" Otherwise: Print ’Error’

End

The second step is Merge data from each district into one CSV. For merg-
ing data we used 2 libraries:os,pandas. Firstly, read a single csv file by readcsv
function. Take list all files in a directory by listdir function. Concatenating mul-

tiple csvs together to create a new DataFrame (concat). Reading in Updated

dataframe.



Chapter 3

Data Preparation 3

3.1 Data preparation

The third step is Clean up the data! Take data (see Figure 3.1) from the column
‘“Main’ and add new columns: ‘name’,’area’,'floor’'allfloor’.For this we create func-

tion analysisofname,where we use split,append,replace functions.Deleted unnec-

3aronopox ccsumxa Uena Aapec Aara comment
*‘”"“’"“‘““‘“"mxm https://irisha ke//a/shaw/51023039 somoog‘_t_; Typrcubenyh p-w, 1008 ynnga 542 AT mm;mg\gﬁn

1 4“0""“"‘3“"”"'“%;:;"3{? https://krisha ke//a/show/G66679942 mmn? Typxcuboxst p-i, Feta 305 "’“""x mﬂ;*xuﬁﬂ:omn
L e B v S RO s e o
e R

3 araxBce 3am...

55000000 Typxewboxuh p-H, Mkp Kynana-1, ANMaTBd K. KOMNNEXc AnThii Bynax 2,
T

4-kOoMHATHAR KBaPTWPA, 130 M2, ’
hitps://irishakz//a/show/B6T200398 Bpycunoackoro Man MOHONWTHBIA gOM, 2...

4 16/18 sraxBee 2a...

Figure 3.1: Data

essary data with replace function.And make columns correct type with int. Take
data from the column ‘Price” and add new columns: ‘price’. For this we create
a function analysisprice, where we use isnull,append,replacefunctions.Deleted un-
necessary data withreplace function. And make the column the correct type with
int. Take data from the column ‘Address’ and add new columns: ‘region’. For this
we create a function analysisregion,where we use split,append,replacefunctions.
Deleted unnecessary data with replace function. And make column correct type,
Take data from the column ‘comment’ and add new columns: ‘years’.For this we

create a function getyear,where we use split,append functions. And make columnsg

9



the correct type. The following pseudo-code is a detailed step-by-step translation
of the above code into Python: extract-data(df) function:

1.
2.

10.

11.
12.

This pseudocod

data using re

Creating an empty list 'data’
Start looping over each row in df:

Retrieving the comment from the current df line and storing it in the ’com-

ment’ variable

Using a regular expression to find and extract ’state’ from a comment,

storing the result in ’state’

Using a regular expression to find and extract ’ceilings’ from a comment,

store the result in 'ceiling’ with 'm’ appended if found, otherwise store

"None’

Using a regular expression to search for and extract information about a
"bathroom’ from a comment, storing the result in ‘bathroom’ in the format

'N/N’ or "N’ or "None’ if matching groups are found

Using a regular expression to search for and extract 'phone’ from a comment,
storing the result in ’phone’

Using a regular expression to search and extract 'internet’ from a comment,
storing the result in ‘internet’

Using a regular expression to search for and extract 'kitchen’ from a com-
ment, store the result in ’kitchen’ with 'm?’ appended if found, otherwise
store "None’

Adding a tuple (state, ceiling, bathroom, phone, internet, kitchen) to the
‘data’ list

Convert list 'data’ to DataFrame 'df-data’ with specific column names

Combining the original DataFrame ’df’ and the new DataFrame ’df-data’,

returning the resulting DataFrame.

e details the process of extracting specific information from text

gular expressions, converting the resulting data into a DataFrame

10



format, and merging the resulting DataFrame with the original data. In this code,

this is done for the following categories:

e state: The state of the property.

ceiling: Ceiling height.

bathroom: Information about the bathroom.

phone: Presence of a phone.

internet: Internet presence.

kitchen: Kitchen area.

This code is a good example of using regular expressions to extract useful infor-
mation from text data in a pandas dataframe. This code performs several tasks
related to processing and converting dates in a pandas dataframe. Below is a
detailed description of each step: Creating the ‘month-mapping’ dictionary: A
dictionary is created that maps Russian month abbreviations to their English
equivalents. This is necessary to convert dates presented in Russian into a format
that can be easily processed using the pandas library. Function ‘convert-date-rus-
to-eng(date-str)‘: This function takes a string with a date in Russian and returns
a string with a date in English. To do this, a regular expression is used that
extracts a number (day) and a word (month) from the input string, and then uses
the ‘month-mapping’ dictionary for the month to convert the Russian name of

the month to English.

Applying the ‘convert-date-rus-to-eng(date-str)‘ function to the 'Date’ column:
Here the ‘convert-date-eng-to-eng(date-str)‘ function is applied to the entire 'Date’
column in the pandas dataframe using the ‘.apply()* method. This will convert
all dates in the 'Date’ column from Russian format to English. Convert ‘Date’
column to datetime format: In this step, the 'Date’ column, now containing dates
in English, is converted to datetime format using the ‘pd.to-datetime()* function.
Change year to 2022: Since all dates in the dataframe are in 2022, all datetime
objects in the '‘Date’ column are changed so that the year is 2022. Rename
nn 'Date’ to ’year-sub’: Finally, the "Date’ column is renamed to ’year-sub’

colut
for clarity. All these operations provide a correct and convenient representation

11



of dates in the pandas dataframe, which is important for further data analysis.
After processing and cleaning the data, our data set is now completely ready for
further analysis and use in a machine learning model. The following main steps

were performed during data preparation:

1. Processing and transformation of date data from the Russian-language for-
mat into a standard English-language format has been carried out, which
allows you to work with data using the built-in pandas and Python func-

tions.

9. The specific information contained in the text comments for each property

was extracted and converted into a structured format using regular expres-
sions.

3. Consistent replacement of the year with the current one and renaming of
the column for greater clarity and clarity of the data was carried out.

4. All of the above activities resulted in a structured and clean dataset ready

for further analysis.

Thus, using a combination of various data processing and cleaning techniques, we
nhave successfully converted the original data into a format that can be used for
further analysis and modeling. This is a key milestone in any data analysis and
machine learning project, and the successful completion of this milestone is the

foundation for the success of the next phases of the project.

arsa ficor atfloor prico region yoar pricsth room stato ceifing battwoom phono intermot  kitshon  yoar_sub

2022-11-
o 750 1 3 35500000 MKomscycxud 1984 355 3 cpegroe 27w Nono oTRembHntt  ADSL  None 02

BOONKECTS 11
1 720 1 5 42000000 Memucycxed 1988 420 3 xopowca  Namo ot Nero  Nono 202211

2022-11~
2 640 6 Smwwn 350 3 Nons  Nond Nons  Nono 02

ADSL 2022-11-
02

§§§§

a 750 3 9 44500000 Xorucycxed 2008 445 3 xopowee 27M

§f 58

None
4 854 4 6 31300000 Korwcyoxkh 2015 33 3 xopowes Nono None  None 2&2-1';2-

Figure 3.2: Prepared data

The data preparation and cleansing process processed three separate data sets,
each corresponding to a different time point: November 30, 2020, May 9, 2021,
ember 2, 2022. The number of data processed for each of these dates

and Nov
3426 and 32424 records, respectively. The data was extracted from the

was 6807,
12



real estate website krisha.kz, each area was analyzed separately and depending
on the number of rooms, and then all the data was combined into one CSV file
for each date. Detailed cleaning and data processing was carried out for each
data set in accordance with the procedures described above. The collection of
data from different time points allows us to ohserve the dynamics of real estate
prices in the city of Almaty over a certain period of time. A total of 42157 records
were processed, which gives us a large amount of data to analyze and predict real
estate prices. Now that the data (see Figure 3.2)has been successfully collected,
processed, and cleaned, the next step in our research is data visualization. This
will allow us to better understand the structure of our data, identify any visible
trends or patterus, and help identify key characteristics that may influence real
estate prices in the city of Almaty. Visualization is an essential tool in the data
analysis process to help us see the big picture and improve our understanding of

the data before applying machine learning algorithms.

13



Chapter 4

Data Visualization 4

4.1 Data Visualization

When we have perfectly structured and parsed data, it is much easier to make
some data visualization. Data visualization helps people to understand the data
by showing it graphically, using trends and correlations. In this research, we used
different libraries for data analysis. Now we need to look at our data, that is, what
the prepared data consists of . A pseudocode representing the above Python code

and a detailed explanation of each step are given below:

1. Creating a new figure for the graph with the specified dimensions (12,10)

9 Get the number of occurrences of each unique value in the 'region’ DataFrame

'df’ column using the value-counts() function

Building  pie chart based on the obtained values using the plot.pie() func-
tion. Using the ’autopct’ parameter to specify the display format for the
percentage value, which allows the percentage of each value to be displayed

on the graph with an accuracy of one tenth of a percent

4. Displaying the generated chart using the show() function

This pseudocode details the process of constructing a pie chart to visualize the

distribution of values in a particular DataFrame column. This is useful for visu-

alizing the proportion of each unique value in the total amount of data.

14
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Figure 4.2: Pie chart 2021 year

Analyzing the data obtained, we see interesting trends in the distribution of
real estate by districts of the city of Almaty (see Figure 4.1) in the period from

2020 to 2022.
1. Auezov district shows a stable value of about 13-14 %, but in 2022 its share
increases to 18.2%. This may indicate an increase in interest in the area oy

an increase in construction.

9. Bostandyk district has the largest share in 2022, equal to 28.8%, while in
9020 and 2021 its share was about 14-15%. This indicates a significant

inerease in activity in the real estate market in the area.

15



Figure 4.3: Pie chart 2022 year

3. Zhetysu and Turksib regions demonstrate relative stability over all three

years with slight fluctuations around 10%.

4. Alatau region also shows stability over all three years with a slight decrease

in the share in 2022.

5. Nauryzbai district shows a decrease in share from 12.5% in 2021 (see Figure
4.2)to 8.4% in 2022.

6. Medeu district also shows a decrease in share from 14.5% in 2020 to 9.7%
in 2022 (see Figure 4.3).

7. Almaly district , on the contrary, shows an increase in the share from 14.0%

in 2020 to 16.0% in 2022.

In general, this data reflects the dynamics and volatility of the Almaty real estate

market, and can be useful in understanding which areas are becoming more or

Jess popular among buyers and investors.
The pseudocode and detailed description for this Python code is as follows:

1. Grouping DataFrame 'df’ data by region’ column using the groupby() func-
tion. This allows the data to be aggregated according to each unique value

in the 'region’ column.

9 (alculate the average value of the priceth’ column for each group obtained

16
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! Figure 4.4: Mean of region per price 2020 year
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Figure 4.5: Mean of region per price 2021 year

in the previous step using the mean() function.

3. Building a bar chart based on the calculated average values using the
plot.bar() function. The column width is set to 1 and the chart size ig

set to (15,10).
4. Setting the chart title to 'Mean of region per Price’ using the title() function_

5. . Displaying the constructed graph using the show() function.

This pseudocode details the process of building a bar chart to visualize the average
price values (‘priceth’ column) for each region ('region’ column) in a DataFrame.
This is useful for visualizing the dependence of the average price on the region.

1. Medeu district is the most expensive area to purchase real estate during a]
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Figure 4.6: Mean of region per price 2022 year

three years under review (2020, 2021 and 2022). In this area, the average
cost is 65, 59 and 55 million tenge, respectively. This speaks of the high
demand and prestige of the area, which makes it attractive to investors (see

Figure 4.4).

2. Bostandyk district ranks second in terms of real estate value, maintaining
stable indicators for the period under review (55, 60 and 60 million tenge).
The area may also be of interest to investors due to its stability and high
prices (see Figure 4.5).

3 At the opposite end of the spectrum, Zhetysu and Turksib districts show
the lowest average real estate prices. In these areas, the average cost of real

estate ranged from 15 to 25 million tenge (see Figure 4.6).

4 Tn Auezov, Alatau and Nauryzbai districts, average real estate prices are
ohserved, which fluctuate around 25-35 million tenge. These areas may he

of interest to buyers looking for more affordable housing options.

5. Almaly district shows some increase in property value over time, after an-
alyzing the data for 2020, 2021 and 2022 (37, 50 and 45 million tenge,

respectively).
In conclusion, this data provides valuable information for investors and buyers

vho are planning to invest in real estate in the city of Almaty. Through this

nalysis, they can better understand the dynamics of real estate prices in different
) Y 243, A
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Figure 4.7: Correlation matrix 2020 year

areas of the city. The pseudocode and detailed description for this Python code

is as follows:

1. Calculation of the correlation matrix for the DataFrame 'df” using the corr()
function. This matrix shows the degree of correlation (connection) between

each pair of columns in the DataFrame.

9 (Creation of a new graphics window (figure) and axes (axes) using the sub-
plots() function of the matplotlib library. The window size is set to (12,

9).
3. Building a heatmap of the correlation matrix using the heatmap() function
of the seaborn library. The maximum value for the color scale is set to 0.8

and the shape of the cells is set to square.

This pscudo-code details the process of creating a heat map for visualizing the
correlation matrix. A heat map allows you to visualize the degree of relationship
between the various parameters of a dataset. This allows you to identify the
most closely related parameters and use this information when building machine
learning models or for other analytical purposes. As a result of executing this
code, you will get a heat map of correlations between various features in the data.

This map will help you quickly see which traits are strongly related to each other.

Based on the results of the correlation analysis, we see a significant relationship
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Figure 4.8: Correlation matrix 2021 year

Figure 4.9: Correlation matrix 2022 year
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between the price of real estate and parameters such as area and number of rooms.
This indicates that with the increase in the size of housing and the number of

rooms, the value of real estate in Alinaty also increases .

This dependence can be traced equally throughout all the considered periods of
time - 2020, 2021 and 2022, which emphasizes its sustainable nature and impor-
tance in the formation of the cost of housing in the Almaty market (see Figure
4.7). This is quite logical, since in most cases the area and number of rooms are
key factors that are taken into account when determining the price of a property.
These results (see Figure 4.8) help us better understand the structure of the city’s

real estate market and can be useful in developing a real estate price prediction
model.

If we take over the dependent variable price for an apartment, that is a good
linear dependence with ‘area’ and ‘room’. There is still a direct dependence with
‘priceth’, but this is understandable because we form this feature as division by a
million and it will be necessary to remove it. Another problem is that there is a
big correlation between ‘area’ and ‘room’ and it can badly affect linear models, so
when building a linear regression is to remove, in my opinion, ‘room’, since it is a
ngmall" feature and carries far less information 4.9. Here is the pseudocode

more
and detailed description for the above Python code:

1 Create a new 6x6 inch graphic window (figure) using the figure() function
of the matplotlib library.

Creation of three-dimensional axes using the Axes3D function. The auto-

add-to-figure parameter is set to False, which means that the axes are not

automatically added to the graphics window.
Adding the created axes to the graphics window using the add-axes() method.
Write columns "priceth’, area’; and "room’ from DataFrame 'df’ to variables
x, y, and z respectively.

Creation of a three-dimensional scatterplot using the scatter() method of
Point coordinates are given by x, y, and z values. The color of
is determined by the x values. The shape of the marker is set to

the axes.

the dots
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Figure 4.10: 3D scatter plot 2020 year

‘0’, which corresponds to round dots.

6. Set the x, y, and z axis labels to "X priceth’, 'Y area’, and 'Z room’ respec-

tively using the set-xlabel(), set-ylabel(), and set-zlabel() methods.
7. Displaying a graph using the show() function of the matplotlib library.

This code creates a 3D scatterplot to visualize relationships between the ’priceth’,
‘area’, and ‘room’ columns in the DataFrame ’df’. Each point on the graph
represents a separate row in 'df’, and its x, y, and z coordinates correspond to
the 'priceth’, ’area’, and "room’ values of that row. The point color is determined
by the 'priceth’ value. As a result, each point on this graph represents a separate
property with its price, area and number of rooms. This kind of visualization
is very useful for analyzing the relationship between three variables at the same
time. Based on our 3D visualizations and analysis, we can conclude that the price
of real estate in Almaty has a direct correlation with its area and the number of

rooms (see Figure 4.10).

With an increase in the area of an apartment or the number of rooms in it, the
price of real estate, as a rule, increases (see Figure 4.11). This is a completely
expected result, as large apartments or apartments with more rooms usually cost

more due to increased living space and potential living comfort.

The flip side of this pattern is also true: properties with a smaller footprint and
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Figure 4.11: 3D scatter plot 2021 year

fewer rooms usually cost less (see Figure 4.12). This reflects a general economic

logic:

a smaller quantity of a good or service is usually available at a lower price.

The findings from our research can be used to determine the expected value of

real estate in Almaty based on its area and number of rooms, which in turn can

help potential buyers or investors make informed decisions [17].

| The pseudocode and detailed description for the above Python code is as fol-

lows:

1

Importing the norm function from the scipy.stats module. This function

allows you to work with a normal distribution.

Importing the stats module from the scipy library. The stats module con-

tains a large number of statistical functions.

Creating a histogram for the 'priceth’ column from the DataFrame 'df’ using
the histplot() function of the seaborn library.

Creating a new graphics window (figure) using the figure() function of the
matplotlib library.

Plotting a Q-Q plot (quantile-quantile) for the ’priceth’ column from the

DataFrame ’df’ using the probplot() function from the scipy.stats module.

The Q-Q plot allows you to visually assess how the sample data corresponds
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Figure 4.12: 3D scatter plot 2022 year

to the theoretical distribution (in this case, normal).

This code allows you to visualize the distribution of real estate price values
(’priceth’) using a histogram and a Q-Q plot. The histogram allows you to eval-
uate the shape, central trend, and spread of the data distribution. The Q-Q plot
is intended for visual verification of the conformity of the sample data with the
theoretical distribution. If the points on the Q-Q plot are located along a straight
line, then this indicates the consistency of the data with the expected distribu-
tion. Analyzing real estate price data in the city of Almaty in Kazakhstan, one
can notice noticeable changes over the past three years. In 2020 (see Figure 4.13)
, residential property prices ranged between 20,000 and 40,000, with 400 to 600
offers on the market. This may indicate a stable market condition during this
period, with moderate supply and demand. a In 2021 (see Figure 4.14), we are

seeing a slight decrease in the number of offers on the market - from 250 to 400,
ained almost at the same level, fluctuating between 20 and

while prices have rem
This may indicate some cooling of the market, while maintaining

40 thousand.
prices at the same level. However, in 2022 (see Figure 4.15). the situation hag
Jarkedly. Firstly, the number of offers on the market has noticeably
increased - from 1,000 to 1,600. Secondly, the price range has also expanded -
from 20,000 to 60,000. This may indicate a significant increase in activity in the
market, possibly related to general economic growth or changes in the policy of

changed 1
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Figure 4.13: Probability plot 2020 year

regulating the real estate market. Overall, these data underline the importance of
continuous analysis of the real estate market, as it is constantly changing under
the influence of many factors. This is especially important for investors looking

to optimize their real estate investment.
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Figure 4.14: Probability plot 2021 year
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Chapter 5

Data Analytics 5

5.1 Data Analytics

| After carefully looking at and visualizing the collected genuine b

mformation within the city of Almaty in Kazakhstan, we have come tzqueét -
ative point of reference in our investigate. Our work with a dataset tha,tan lmPer—
data over the past three a long time has permitted us to see pattern Corl?bmes
and designs that at to begin with look might have gone unnoticed. O

In any case, the information alone does not give a total picture. For a m
found understanding and expectation of genuine bequest cost flow, the f;)lllre p'r N
ct and prepare a machine learning demonstrate. T;liS will p(:rl::' i
ly survey the affect of different components oln
foresee long-term improvement of the

step is to constru
us not as it were to more precise

the esteem of genuine domain, but also to

showcase circumstance.

In this regard, our research enters the next critical stage - data analysis and
. ysis an

earning model. Our goal is to create a reliable, accu

: -

development of 2 machine 1
rate and efficient model that can serve as a reliable tool for making real estat
state

investment decisions.

+ this exciting journey into the world o
ew discoveries and knowledge.

f machi . :
achine learning with great

We star
enthusiasm and look forward to 1
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The pseudocode and detailed description for the above Python code is as fol-

lows:

1.

7.

Creation of the OneHotEncoder object from the sklearn.preprocessing li-
brary. This object will be used to convert categorical variables to binary (0

and 1) values.
Transformation of categorical columns from DataFrame 'df’ using fit-transform()
function.This function applies the one-hot encoding method to the data,

training the encoder on the data and then transforming it. The converted

data is then converted to a numpy array using the toarray() function.

Obtaining feature names after encoding using the get-feature-names-out()
function.These names are used to create a new DataFrame.

Create a new DataFrame ’encoded-df’ using the converted data and feature
narnes.

Removing the original categorical columns from DataFrame ’df’.

Concatenation of the original DataFrame ’df’ and the new DataFrame ’encoded-

df’ using the pd.concat() function.

Printing the first rows of the resulting DataFrame and its columns.

This code is the process of converting categorical variables to numeric using the
One-Hot Encoding method. This is an important step in data preparation for
many machine learning algorithms since most of them can only work with nu-

merical data. One-

binary vectors,

Hot Encoding allows categorical data to be represented as
making it suitable for use in machine learning algorithms. The

pseudocode and detailed description for the above Python code is as follows:

1.

Deleting rows with missing values in the ’price’ column from the DataFrame

'df’ and saving the result in 'df-cleaned’.

Defining columns with categorical variables.
Creation of the OneHotEncoder object for converting categorical variables
into binary (0 and 1) values.
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4. Converting categorical columns from ’df-cleaned’ using the 'one-hot-encoder’
object and storing the results in ’encoded-data’.

5. Creation of DataFrame 'df-encoded’ using ’encoded-data’ and feature names

received from ’one-hot-encoder’.

6. Removing the original categorical columns from ’df-cleaned’ and concate-
nating it with ’df-encoded’ using the pd.concat() function.

7. Defining features "X-cleaned’ and target variable ’y-cleaned’ by removing

the 'price’ column from ’df-cleaned’.

8. Create a SimpleImputer object to replace missing values in the data using

the average value of each feature.
9. Applying Simplelmputer to "X-cleaned’ and storing the result in "X-imputed’. |
Splitting 'X-imputed’ and ’y-cleaned’ into train and test datasets using the

train-test-split() function.

10.

11. Creation and training of a linear regression model on a training data set.

12. Obtaining predictions from the model on a test data set.

13. Calculation of the root mean square error and the coefficient of determina-

tion between forecasts and real values.
14. Qutput of the value of the mean square error and the coefficient of deter-
mination.

This code is & complete data preprocessing and training pipeline for a machine

learning model. Includes steps such as removing missing values, encoding cate-
es, replacing missing values, separating the data into training and

gorical variabl
del, and evaluating its performance. In general, this

test sets, training the mo
e represents the complete process of training a machine learning model, from

data preprocessing to performance evaluation. As part of our analysis, we applied

o machine learning model to predict property prices. We used linear regression
as our model because it is one of the most common and intuitive models for this

kind of problem.

cod
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However, the results we got from our model were not satisfactory. Two key
metrics used to evaluate the quality of our model showed significant problems.

The mean square error (MSE) of our forecasts was 4.07e4-23. This is a very high
value, which indicates that our model is producing predictions that, on average,
are very different from the real values. In an ideal situation, we would like to see

the MSE value go to zero.

The second metric, the coefficient of determination R2, was -487189872.44273096.
This value indicates that our model predicts worse than a model that would sim-
ply use the average property price for all predictions. The ideal R2 value is 1,
which means that our model perfectly explains the variation in the data.

These results indicate that we need to rethink our modeling approach. We may
need to select a different model, change model parameters, or further process our
data to better prepare it for model training. We will continue our work in this

direction, striving to improve the quality of our forecasts.

Given the poor results from the original linear regression model, we decided to

use a different machine learning model to improve our real estate price predictions.

This time we applied the gradient boosting model using the popular XGBoost

library.
The pseudoc

lows:

ode and detailed description for the above Python code is as fol-

1. Importing the XGBRegressor module from the xgboost library to create

and train a gradient boosting model.

Removing rows with missing values in the price’ column from the DataFrame

'data’ and storing the result in the same DataFrame.

Dividing the DataFrame ’data’ into feature matrix ‘X’ and target variable
vector y’.

4. Splitting "X’ and 'y’ into training and test datasets using the train-test-
split() function.

Create a SimpleImputer object to replace missing values in the data using
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the average value of each feature.

6. Applying Simplelmputer to 'X-train’ and "X-test’, storing the results in
’X-train-imputed’ and "X-test-imputed’ respectively.

7. Training the XGBRegressor model on the training data set 'X-train’ and
'y-train’.

8. Getting predictions from the model on the test dataset "X-test’ and storing
the results in ’y-pred-xgb’.

9. Calculation of root mean square error (RMSE) and coefficient of determi-

nation between forecasts and real values.
10. Output of RMSE value and coefficient of determination.

This code is a machine learning pipeline that includes. missing value removal,
splitting the data into train and test sets, replacing missing values, training the
gradient boosting model, and evaluating its performance. XGBoost, or Extreme
Gradient Boosting, is a powerful machine learning model that trains many sim-
usually decision trees) and combines them together to form a more

ple models (
XGBoost is especially known for its speed and performance

accurate prediction.
and is often used in machine learning competitions.

After preparing and processing our data (including replacing missing values

with the mean of each column), we trained our model on the training dataset and

then applied it to the test dataset to get our predictions.

We then used two key metrics to evaluate the quality of our model: the square
root of the root mean square error (RMSE) and the R?2 coefficient of determina-
tion. RMSE is a useful metric because it is expressed in the same units as our

iable and it highlights large errors. R2, on the other hand, measures

target var
n the data, with an ideal value of 1.

how well our model explains variation i

We have done all this in an effort to improve the quality of our property price

uminarize our research. After applying the XGBoost model to our
ults. The square root of the root mean square

ans that the average error of our forecasts

forecasts and s
data, we got very impressive res

(RMSE) was 162954.12. This me

error
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compared to real estate prices is approximately 162954.12 (in the same currency as
real estate prices). Regarding the range of real estate prices, this result indicates

the good accuracy of our forecasts.

In addition, the coefficient of determination R2, which measures how well our
model explains variations in the data, is 1.00. This is an ideal value, indicating
that our model predicts real estate prices almost flawlessly based on the features
provided to it. It’s worth noting that while an R? value of 1.00 seems ideal, it’s
important to check for overfitting, as this may indicate that the model is too
complex and may not work well with new, previously unseen data.

Thus, the application of the XGBoost model led to a significant improvement
in the quality of our forecasts compared to the linear regression model that we
used earlier. These results confirm the power and effectiveness of XGBoost for
predictive tasks and highlight the value of using different machine learning models
to compare and select the best model for a particular task. The pseudocode and
detailed description for the above Python code is as follows:

1. Importing the matplotlib.pyplot module for data visualization.

9. Selecting a random subsample of 50 itews from the DataFrame ’comparison-

df’ using the sample() function.
Visualization of the selected data using a bar chart, where each bar rep-
resents a real or predicted value. The chart type (’kind’) is set to "bar",

which means a bar chart. The 'figsize’ is set to (15, 6).

Adding a title to the chart with the text "Comparison of real and predicted

values".
Adding labels to the x and y axes. The x-axis represents the observation
(o] .

ot

number and the y-axis represents the price.

6. Displaying the generated chart using the show() function.

This code creates & bar chart that compares the actual and predicted values for

random subsample of 50 observations. This helps to visually evaluate how
a

11 the model is performing by comparing the predicted values with the actual
we 21 1
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Figure 5.1: Comparison of real and predicted values

ones. i : - .
madlilihlfa:zi};eg(ji :;Sellljhftl.on is very us_eful in evaluating the performance of

_ oy s. A visual comparison of the actual and predicted
gives an idea of how well the Teodeliis performinE e Al wESEI e. values
where the model is making mistakes. On the basis of the resfllt' 2 ?ulcl{ly se?e
can be concluded that there is a high degree of agreement bet Ing diagram, 1t
ing rea

and predic '
and predicted values are very close to each other for most observations, indi
) , Indicating
O

that our model predicts prices with high accuracy

The visual similarity of the bars on the chart confirms the statistical metri
> st al metrics

that we calculated earlier. For example, an R2 Score of 1.00 indicates the id
2 . es the ideal

quality of the model’s predictions.

made
s data to make more informed real estate decisions

use thi
In this study, the random forest method was applied - one of the powerful
he powerfu

S ] . ) 4dl(. lllg r »f_.l

estate prices. First, we pre-cle
ows us to make sure we don’t have any gaps in the key

anse the data, removing all rows that do not contain

real estate prices. This all
{arget attribute - price.

plit the data into feature sets and a target variable. The set

The next step 18 to 8
as X, includes all data columns, except for the price, whicl
) c, wWiich

of features, denoted

is separated into a separate y vector.
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the above Python code is as follows:
1. Deleting rows with missing price values from the ’data-20’ dataset using t!
ne

dropna() method.
2. Separate the target variable 'price’ from the rest of the variables, creatin
two separate DataFrames - X and y. X contains all columns exce, t 'pri g’
and y contains only ’price’. pt ‘price
Splitting the data set into train and test using the train-test-split() function
The test sample size is set to 20% of the total number of observations Tc;

ensure reproducible results, ‘random-state’ is set to 42

[nstantiate a Simplelmputer with a 'mean’ strategy to fill in the missi
values with the mean. mg

Apply imputer to training and test sets X.

Instantiate a RandomForestRegressor with 100 trees and 42 'random-state’
-state’.

Tr

Predict the targ
Calculation of model quality metrics: mean absolute error (MAE), root
efficient of determination R2.

aining a random forest model on training data.

et variable ’price’ for the test dataset.

© N o

mean square error (MSE) and co

g the results of quality metrics.

10. Outputtin
aring data, training a random forest model, and

s code is the process of prep
ance using various metrics. To handle possible missing

the imputation method, replacing the missing values

Thi
evaluating itS perform

values in the data, we use
with the average value of the corresponding feature.

After preprocessing the data, we create and train a random forest model. After

training, the model is ap
aining predictive values, we calc
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absolute error (MAE), r
tion (R2). The(se mez; 11 oot mean square error (MSE) and coefficient of
real estate prices E alcs a’p"“’ us to evaluate how accurately o of determina-
. Evaluating the results obtained by our r y dur model predicts
andom forest mod
el,

we see the following:

The mean ahsolu .
erage, our model list\i:;:;r b(MAbE) was about 18.318. This means that
which the 'price is measured) };na Out;- 1?’318 units (presumably the cunjeOn ay-
the real estate market, this can bpliedmtmg the property price. In the com:l v
considering high-value, real e an acceptable level of error, especially if ext‘ of
estate, but for further analysis it is worth cansijive 'dre
ering

the characteristics of -ticular marke
: of a particular market 1
t and its pricin i
g policy.

The root meat
often used t roan saT eI'I'.Or (MSE) was about 4,319,675,977. Thi
that it tak o o the quality of a regression model, and it,s - metric is
i 7 . i
es into account not only the absolute value of the o alfvantage N
error, but also its

direction alizi
_ penalizing the model for large errors more than f
» than for small
ones.

The coefficient of determination R? was approximately 0.99999
al to 1. Thi ' 49, which i
. ) 1. Thls suggests that our model explains almost 1 hich &
pro.perty price variation that we observe in our data. This is an i st 100 % of the
which indicates the high performance of our model in predicti impressive result,
i :tin .
based on the data p1'ov1ded. The pseudocode and detailed deicI;'mEerty P
iption for the

above Python code is as follows:
Importing the matplotlib.pyplot library, which is used to create pl
ate plots.

ew figure for the plot with the given size (10, 6) using plt.figure()
’ nigure().

almost equ

1.

2. Createan
he actual price values retrieved from the DataFr
ame

3. Create a line plot for t

using the plt.plot() method.

called results’

4. Create & second line chart for t

the 'results’ DataFrame.
nd to the graph indicating which line represents the real val
1 values

.

5. Adding 2 lege
and which 18 the pre
e x and y axes of the graph.

dicted values.

Setting Jabels for th
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Figure 5.2: Real and Predicted Price

7. Setting the title for the graph.
8. Displaying the graph on the screen using the plt show() functio
: n.

This code generates a chart that displays the real and predicted pri ]
ice values,

allowing you to visually evaluate the accuracy of the model’s predictions. A
2R ns. S8,

executing this block of code, we will get a graph (see Figure 5.2 ) that
i na

onstrates how well our model predicts real estate prices compared t
. e 0
for demonstrating the effectiveness of our model and

result of

visually dem

real prices. This is useful
as where it might be wrong. Based on the data visualization, we
i !

identifying are

can conclude that tl
other, which confirms the high accuracy of our model.

Visual comparison of real and predicted values is an important step in analyzii
- ( 1g

model results. On the chart, we see that the lines of real and predicted price
- 'S

almost coincide.

1e predicted and actual real estate prices are very close to each

This indicates that the model predicts real estate prices quite

accurately.
should be remembered that although the general trend in real

However, 16
there may be individual cases where

estate price forecasting looks convincing,
the forecast data deviates from the real one. Tt is always necessary to conduct

additional analysis to identify

e results represent an en
it demonstrates & high degree of accuracy in predicting property

decided to use Prophet, a time series forecasting tool
-asting t

possible anomalies or errors.

couraging prospect for real-world use of

Thus, thes
this model, as

prices. In our research, we
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developed by Facebook. The choice of this tool is due to a number of advanta
ges

and features that make it suitable for our analysis.

1. F}iemblhty: Prophet allows you to account for holidays and other events
that can affect data trends by adding custom seasonalities and components

9. Resilience to Missing Values and Outliers: Unlike some other time series
analysis tools, Prophet does not require the data to be fully populated or
de-outlied. This greatly simplifies the data preparation process

3. Worki.ng with non-stationary data: Prophet is able to handle data with
changing trend and seasonality, which makes it suitable for working with

real, "noisy" data.

4. Interpretability: Prophet creates transparent and understandable models
by graphically displaying various forecast components such as trends, sea
sonality and holiday effects. This allows analysts to easily interpre,t the

results and explain them to stakeholders.

ation: Prophet is able to automatically find suitable parameters for

5. Autom
making it suitable for analyzing large datasets without significant

models,
human intervention.

Based on the above, the choice of Prophet is based on its ability to process
real data, support for custom components and effects, and resistance to noise
and missing values. These features allow us to create accurate and interpretable
predictions for our study. The pseudocode for the data analysis algorithm using

the Prophet model ¢

Combine separate data sets for different ye
each year, grouping the data by year. Rename

Calculate the average price for
ts of the Prophet model. Divide the data into

e requiremen
to 20%. Create and train the Prophet

an be represented as follows:

ars into one common data table

columns to match th

training and test samples in a ratio of 80%
model on the training set. Make predictions based on test data. Calculate vari-

(MAE, MSE, RMSE) and coefficient of determination (R2) to

ous error metrics
redictions. Display the results of the computed

evaluate the quality of model p

metrics.
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The resulting error metrics and the coefficient of determination R2 after apply

ing the Prophet model indicate the following:

1. Mean Absolute Error (MAE) is about 8,333,145.80. This means that on av:
erage our forecasts deviate from the true price values by about 8,333.145.80
units. This is a fairly large value, which indicates that the model,mal'(es

significant prediction errors.

Mean Square Error (MSE) is approximately 1.007101255492898 and Square
Root of Root Mean Square Error (RMSE) is approximately 10,035,443.47
These indicators also indicate a high degree of forecast inaccuracy o

Coefficient of determination R? is about 0.082. This value suggests that the
model only explains about 8.2% of the variation in the dependent variable

(price), which is relatively low.

Overall, these results indicate that the Prophet model could have been more
accurate in our particular case. This may be due to various factors, such as the
choice of features, the need for additional adjustment of the model parameters,
seasonal fluctuations in the data, and others. Despite this, using Prophet gives
us a valuable opportunity to assess potential trends and seasonal fluctuations in
the data, which can be useful for planning and making strategic decisions.

This pseudocode describes how we visualize real and predicted price values on
the same chart, as well as how we plot forecast components to better understand
which factors (such as trends and seasonal fluctuations) affect the predicted price.

Create a new drawing with specific dimensions Plot on the chart the real price
values depending on the date, mark each point and assign the label "Actual" to

this line
a new Prophet model and train it on all data Generate model predictions

Create

for all data
Plot the predicted values of the model depending on the date on the chart,

nt and label this line "Forecast" Add a label on the x-axis - "Date"

label each poi
"Price" Add chart title - "Actual vs Forecasted Prices" Add

Add Y-Axis Label -

a legend tO the chart
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Figure 5.3: Actual and Forecasted Prices

Figure 5.4: Trend

Build and show forecast components of the Prophet model (trend
nds, seasonal-

During the analysis using the Prophet model, we found a signifi
dely a significant

ity, etc.)
discrepancy between the real and predicted price values. The chart "Actual
hart ctual vs

1 clearly demonstrates this fact, illustrating a significant devi
ols a-

Forecasted Prices
tion of the predicted values from the actual ones (see Figure 5.3)
J.J).

pressive predictive ability of the Prophet model, in this case it
3 I [d f ] :

Despite the im
os unsatisfactory results (see Figure 5.4). This is likely due to tl
R Z > to the

demonstrat
o model was not able to adequately capture the complex patterns and
LU LE A\ 111

fact that th
| the data that influence price movements.

patterns it
pens the door for further research and the search for alternative f
ore-

This o
casting Mo better adapted to the characteristics of our data and
ad allc

forecasting problems.
remaing valuable as

dels that can be
Experience with the Pr ; ot
I the Prophet model, despite its current

limitations, it allows us to gain a deeper understanding of
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Figure 5.5: Predicted prices 365

the dynamics  dubaand .

ynamics of our data and the complexities involved in predicting it. In ¢

conte ; : : 16. In the
«t of our research, we aim to expand our forecasts for the future using tl

: ure using the

Prophet model. This methodological approach allows not only to take int
. e B TS ] , only © e into ac-
count existing data, but also to project potential trends into the future[18]. I ta}:
7 o i o : Sl LIe

egment ‘future = model.make-future-dataframe(periods=365)*
— : “re

demonstrate thi
method creates a new DataFrame that includes the original dates from our dat
4 I dataset

and adds new dates for the future forecast. In our case, the ‘periods‘ argument i
which indicates the number of days in the future we want to predicls
o predicting the market behavior for the next year from ch;
a. The DataFrame created in this way, which we (;3,11

set to ‘365,
This corresponds b

last date in our original dat
is a tool for further analysis and forecasting, expanding our original dat
5 ata

‘future’,
by the time period specified by the ‘periods‘ argument. This gives us the ability
_term forecasts and predict potential market trends . ACCOIdiné

to generate longer
to the forecasts generated by our Prophet model and visualized on the chart, o
: e iy ne

o a noticeable downward trend in prices in the n i =
ear future (see Figure 5.5).

can se
e analysis of the data and the determination of the

This conclusion i8 based on th
relationships ol the basis of which the forecast was formulated.
emphasizing that within the field of data, trend estimating could b

(&

It is worth
hat requires the utilize of present day devices and strategies

a complex errand t
ized the Prophet show for cost estimating, which takes into

In this case, W€ util
consideration both straight and regular components of the time arrangement
additionally permits for holidays and other occasional changes. In spite of this
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conclusion, our examination fo
the close future. This inf cuses to a conceivable decrease in cost
; 118 alfs 1 COS vithi
—" information can be valuable to partners and ch s
ermitting them to way I i > and choice cr
He - s . | crea &
y better get it conceivable patterns and shap e
E shape procedures

that coordinate these figures[19].

5.2 Result

liDllz'lfg our r‘esearch, four different machine learning algorithmms wer

ar regres 3 : led:

. é(‘i’ii’f’;“;ch(}of;%f, r ando.m forest (Random Forest), and Pro;h:f s =

| .' 1ese algorithms has its own advantages and limi : _(See

and the effectiveness of their application in a particular s‘tugdy i?:y ;nlltat;ons,
3 ay daepend on

lllan falct’ol‘s 1 ] i ¢ g
3 © C.

[ Algorithm | MAD MSE

Linear Regression £318.55949038149 3936010740087 =
fom Forest | 18318.55049038149 | 4319675977.9501 St
— XGBoost__| __74990.29 T
—Prophet | 8333146.800276017 | 1007101254928 97 s

Table 5.1: Result

provides a simple and straightforward way to model th
] e

1 Linear regression
relationship between dependent and ind -
i ependent variables
es. However, i
2t 1t m&y

I].Ot be acC > ‘a- Gnougll if t}l(' re al‘e HOII '].1. epe e 2 ‘t t- ~
. L He&r d p ﬂd nC. ]

a,C( 111 te 15 Or 1nterac .] 11S

! 1CL1011S

cen features in the data.
t boosting algorithm that is able to improve the pr
- . 111 "e-
1 by building an ensemble of weak learners. It h
ALLCTES. 1L 11as
but can be more difficult to interpret

betw:

9 XGBoost is & gradien
dictive accuracy of a mode
shown high performance ol our data,
than linear regression.
ydom forest is another ensemble algorithm that builds many decisi
§ < y decision

3. Rat
1 ¢ 1 i
to make predictions. This reduces the risk
, > r1sk

trees and Uuses them to "vote



of overfitting inherent in a single decision tree and improves the predictive

power of the model.

4. Prophet, developed by Facebook, is specifically designed for time series
analysis and predicting future values. It automatically takes into account
seasonality and trends in the data, but may be less accurate if the data has

complex non-linear relationships that are not related to time.

Among the four algorithms we used, XGBoost and Random Forest showed the
best results. This suggests that our data are well suited to ensemble methods
that are able to account for interactions between different features. However,
we also found that the Prophet model was unable to achieve the same level of
accuracy as perhaps because our data has complex dependencies that cannot be

easily described as a function of time.
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Chapter 6

Conclusions and discussions

6.1 Discussions

cox?ducted a.deep analysis of real estate price data using
arning algorithms. Our goal was to predict real estate
hm would provide the best prediction accuracy

In this dissertation, we

four different machine le
prices and determine which algorit
oost, Random Forest and Prophet methods.

trengths and weaknesses, making them more

f data and tasks.

We used linear regression, XGB
Each of these methods has its own 8
for certain types O

relatively simple and easy to interpret method, failed
r data. This may be due to the presence of

or less suitable

Linear regression, being a
accuracy on ou

to provide sufficient
and interactions between features in the data

non-linear dependencies
XGBoost and Random Fo
d to ensem

rest showed the best results. This suggests that our

ble methods that are able to account for complex

data are well suite
etween features.

m, designed to work with time series, did not show the
nore complex dependen-

interactions b

th
hich may indicate the presence of 1

not directly related to time.

The Prophet algori
same high efficiency, W
ciés in the data that are
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6.2 Conclusions

As a result, our analysis showed that the use of machine learning to predict
real estate prices can be very successful, but the choice of the most appropriate

algorithm largely depends on the nature of the source data and the research task.

XGBoost and Random Forest showed the best performance for our data, indi-
cating their suitability for real estate price forecasting tasks. However, the choice
of a specific algorithm should always be based on a preliminary analysis of the

data and the required forecast accuracy.

Finally, it must be emphasized that any machine learning model is only so much

good, how good is the input data. Therefore, good data preparation, including

handling of missing values, coding of categorical variables, and accounting for

outliers, is a key element of successful forecasting.

In conclusion, our research confirms that machine learning can be a powerful
ce prediction, but also highlights the importance of choosing

tool for real estate pri
ly to produce the best results.

and tuning algorithms correct.
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