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Abstract: This article shows the use of the boosting algorithm to predict
Bitcoin prices, offering comprehensive analysis at the intersection of finance and
machine learning. The research includes data preprocessing, feature engineering,
and model training, highlighting boosting's effectiveness in identifying complex
relationships in cryptocurrency markets. Metrics tuning and hyperparameter
estimation further improves model accuracy. Despite the challenges posed by market
dynamics, the results highlight boosting's potential to provide valuable insight into
Bitcoin price movements, which is critical for investors and researchers navigating

the volatile digital asset landscape.
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Introduction

For several years, the authors have been engaged in research in the field of
NLP, text vectorization, emotion detection and machine learning. The volume of
problems solved over the years shows the excellent applicability of artificial
intelligence algorithms for processing and structuring big data and obtaining results
in a short time.

The use of large and powerful packages from leading providers such as
Google, Facebook and OpenAl has fully proven its effectiveness on large-scale tasks
in the field of financial, linguistic, sociological, political and other research.

However, it is not always necessary to use such powerful tools as Whisper,
Google Sentiment Analysis or Azure Machine Learning Studio or combine many
powerful tools to solve a problem. For simpler tasks, training, comparing and
evaluating new models, simpler models can and should be used, such as boosting
algorithms.

In recent years, the cryptocurrency market has witnessed unprecedented
growth and volatility. Among various digital assets, Bitcoin has become a prominent
player. Forecasting price movements has become a critical aspect for both investors
and researchers. This article examines the application of the boosting algorithm to
Bitcoin price forecasting, shedding light on its potential at the intersection of finance

and machine learning.

Aim
The purpose of this work is to review the effectiveness of forecasting the
Bitcoin price using technology XGBoost.
XGBoost (eXtreme Gradient Boosting) is a powerful and efficient machine
learning algorithm known for its accuracy and speed. It belongs to a family of

boosting algorithms that iteratively combine weak learners to create a strong



predictive model. Boosting excels at dealing with complex relationships within data,
making it an ideal candidate for financial forecasting.

Although the XGBoost model often provides higher accuracy than a single
decision tree, it sacrifices the internal interpretability of decision trees. For example,
following the path that a decision tree takes to make a decision is trivial and self-
evident, but following the paths of hundreds or thousands of trees is much more
difficult. To achieve both performance and interpretability, some model
compression techniques allow XGBoost to be converted into a single "regenerated”
decision tree that approximates the same decision function.

Features of XGBoost that differentiate it from other gradient boosting
algorithms include:

e  Smart penalization of trees

e A proportional shrinking of leaf nodes

e Newton Boosting

¢  Extra randomization parameter

¢ Implementation on single, distributed systems and out-of-core
computation

e Automatic Feature selection

e  Theoretically justified weighted quantile sketching for efficient
computation

e Parallel tree structure boosting with sparsity

o  Efficient cacheable block structure for decision tree training

XGBoost works like Newton-Raphson in function space, unlike gradient
boosting which works like gradient descent in function space, the loss function uses

a second order Taylor approximation to relate to the Newton-Raphson method.



Methodology

1. Data Preprocessing:

- Collection of historical Bitcoin price data.

- Cleaning and normalization to handle missing values and outliers.
2. Feature Engineering:

- Identification of relevant features influencing Bitcoin prices.

- Transformation of data to enhance predictive capabilities.
3. Training the boosting Model:

- Splitting the dataset into training and testing sets.

- Employing boosting to train the model on historical data.

4. Hyperparameter Tuning:
- Optimizing model parameters for enhanced performance.
- Cross-validation to avoid overfitting.
5. Evaluation Metrics:
- Utilizing metrics such as Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) to assess model accuracy.

After training the boosting model on historical Bitcoin price data, the
accuracy of predicting future prices was a pretty decent one. The algorithm has
demonstrated an ability to find relationships in data, demonstrating its usefulness in
predicting complex market dynamics. The predictive power of the model was
demonstrated by its ability to adapt to changing trends, offering valuable information
for long-term investment strategies.

To further optimize the model, hyperparameters were tuned. This process
involved systematically adjusting the algorithm parameters to achieve the best

possible performance. Through cross-validation techniques, the tuned boosting



model demonstrated enhanced generalization capabilities, reducing overfitting and
providing reliable predictions. Fine-tuning the parameters not only improved
accuracy, but also made the model more resilient to fluctuations in the
cryptocurrency market.

Comparisons with other time series forecasting methods highlighted
boosting's ability to handle complex cryptocurrency price data. The learning
approach used by boosting algorithm has allowed it to match and in some cases
outperform other methods, demonstrating its adaptability to non-linear relationships
and dynamic market conditions. This observation supports the view that advanced
machine learning algorithms, especially those belonging to the boosting family, offer
a significant advantage in predicting cryptocurrency prices.

The implications of using boosting to predict Bitcoin prices are far-reaching.
Investors can use the model's accuracy to make informed decisions, potentially
maximizing profits and minimizing risks. On the other hand, researchers can benefit
from a deeper understanding of the complex relationships in the cryptocurrency

market, contributing to the development of financial forecasting.

Results and Discussion

The use of the boosting algorithm to predict Bitcoin prices yielded profound
results, highlighting its effectiveness in identifying nuanced patterns in the
cryptocurrency market. The model's performance was assessed using a
comprehensive set of metrics, including mean absolute error (MAE) and root mean
square error (RMSE), providing a reliable assessment of its predictive capabilities.

The model has demonstrated a high level of accuracy in identifying complex
patterns and trends in the cryptocurrency market. Hyperparameter tuning further

improved performance by ensuring reliable prediction of price fluctuations.



Despite the promising results, it is important to acknowledge the challenges
associated with cryptocurrency price forecasting. External factors such as regulatory
changes, market sentiment and global events can significantly affect prices, adding
an element of unpredictability. Although the boosting algorithm excels at capturing
historical patterns, its effectiveness in navigating unexpected events remains an area

of ongoing research.
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Picture 1. XGBoost Bitcoin Price Prediction Chart

Conclusion
In conclusion, the results and discussion highlight the effectiveness of the

boosting algorithm in predicting Bitcoin prices. The model's accuracy, adaptability,



and improved performance through hyperparameter tuning make it a valuable tool
in the arsenal of both cryptocurrency investors and researchers. While challenges
remain in the dynamic cryptocurrency market, the use of sophisticated machine
learning algorithms such as boosting offers a promising path to overcome the

challenges of digital asset price prediction.

In the dynamic world of cryptocurrencies, using advanced machine learning
algorithms like boosting for price prediction becomes mandatory. This article
demonstrated the effectiveness of boosting in predicting Bitcoin prices, highlighting
its potential to provide valuable information to investors and researchers navigating
the volatile world of digital assets.

As we continue to explore the intersection of finance and machine learning,
the use of sophisticated algorithms becomes essential to staying ahead in
understanding and predicting cryptocurrency market dynamics. The integration of
boosting into Bitcoin price forecasting serves as a testament to the advancements in

predictive analytics in the ever-evolving blockchain ecosystem.
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EMOIIOHAJIBHA OIIHKA HOBHH IS ITPOT'HO3YBAHHA
KYPCY BITKOIHY
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This article showcases the use of news sentiment analysis to predict Bitcoin
prices. It offers a comprehensive analysis at the intersection of finance and
machine learning. The research includes data collection and pre-processing,
sentiment analysis, feature development, and model training The article
highlights the effectiveness of improved efficiency in identifying complex
relationships 1n cryptocurrency markets. Tuning and estimating hyperparameters
further improves the accuracy of the model. Although market volatility presents
challenges, the results emphasize the importance of forecasting for investors and
cryptocurrency researchers.

Y cBIT1 (1HAHCOBHMX pHHKIB BIEBHEHE IIPOrHO3YBAHHA  KYypPCIB
KPUIITOBAJIIOT € KJIHYOBHM YMHHUKOM ISl 1HBECTOPIB 1 TpeiaepiB. OaHUM 3
¢hakTOpIB, 110 BIUIMBAIOThL Ha JIMHAMIKY I1IH Ha OITKOIH, € TPOMaJiChbKa TyMKa,
BHpa)keHa dYepe3 HOBUHHI Ta colllanbHl Meaia. HoBuam Ta myOmikamii y
COIlaTbHUX Me[la MOKYTh MaTH 3HAaYHHH BIUIMB Ha TCHXOJIOTIIO YYacCHHUKIB
PHHKY, (hopMyIOYH TpPEHJH Ta HANPAMKH PyXy IIH. Y IIbOMY KOHTEKCTI aHali3
€MOI[I0HATTBHUX OI[IHOK Y JIKepelaX HOBHH HabyBae BajKITMBOTO 3HAYEHHS IS
NpPOTHO3YBaHHSA Kypcy DITKOIHY.

Hespaxkaroum Ha aKTHBHI JOCHIDKEHHS KPHUITOBAIIOTHHUX PHHKIB,
BIJJTHOCHO MaJl0 poOIT MNPHUCBAYEHO [JOCHIKEHHIO BIUIMBY €MOIIOHAILHHX
OIIIHOK HOBHH Ha I[IHOBY AWHAaMIKy OITKOIHY. Y 3B'S3Ky 3 LIUM aKTyalbHICTh
ILOr0 JOCHIKEHHS MOJsIrae y HeoOXIJHOCTI po3poOKH Mojeneil, 3JaTHHX
BpPaXOBYBaTH Ta aHAI3yBaTH 1H(OpMaIIO 3 JKepesl HOBUH 15l IPOTHO3YBaHHS
Kypcy OITKOIHY 3 BHCOKOIO TOYHICTIO.

Meroio ganoi poboTH € JOCHIKEHHS BHKOPHCTaHHS METOMIB aHal3y
€MOLIIOHAIbHUX OI[IHOK HOBHMH IS TNPOTHO3YBaHHA Kypcy OiTkoiny. Mnu
posrnsHemo MeToad  30MpaHHs, 00poOKM Ta aHam3ly JaHUX, M0
BHKOPHCTOBYIOTBLCS U1 OTPUMAaHHS €MOIIOHAILHUX OLIIHOK HOBHH, a TaKOXK
pO3podHMO MO/ieNb MPOTHO3YBAaHHS Kypcy OITKOIHY Ha OCHOBI LIMX JaHHUX Ta
OILIIHUMO 1i TOYHICTb.

Y upoMy JOCIIIKEHHI BUKOPUCTOBYBaJacs Taka METOA0JIOTIA:

1. 301p nanmux:

— 301p nanux 31 cTpiuok HoBUH Google 1 Yahoo (pucynox 1).

2. OOpobka gaHuX:



— OUHIIEHHSA NaHMX (BUJAIEHHS MYHKTYaIlii, CTOM-CIIB, HOpMAJTi3allis
CTEMEpPOM Ta JieMaTal3epoM, BUAaTIeHHs LHp).

3. Amnani3 eMOIIOHATFHUX OIIHOK:

— TonApH3alllsa CEHTUMEHTIB 3a Jonomoroio 010motexk Vader ta TextBlob
(pucyHoxk 2).

4. OtpumaHHA ICTOPHYHHUX JaHUX 71 O1TKOTHA:

— BHKOPHCTaHHS BIIKPUTOTO Jkepena https:/finance.yahoo.com/

5. Hapuanus mozeni 3 ypaxyBaHHSIM OTPHUMaHUX METPIK CEHTHMETIB:

— TIOJIUT IaHUX HA TPEHYBAJIbHY Ta TECTOBY YacTHHY.

— 3actrocyBanHs 010moTeku TensorFlow ta BucokopiBueBoro API Keras
ISl HABYaHHSA MOJIEL.

6. OrmiHKa MeTpiK:

— BuxkopuctaHHsa MeTpuk MAE ta RMSE 4 ouiaku Tounocri.

Hana mozens, 3acHOBaHa HA HEHPOHHHX MepekKax 3 BUKOPUCTAHHAM LIApI1B
LSTM [1], npopeMoHCcTpyBana BHCOKY TOYHICTH Y NPOTHO3YBAHHI JHHAMIKH
1iHK OITKOIHY HA OCHOBI €MOIIOHAIBHHX OIIHOK (PHCYHOK 3) , BUP@KCHHX Yy
HouHax (RMSE: train — 0.01009, test — 0.00876, MAE: train — (0.00840, test —
0.00783).

VY nopiBHSHHI 3 TPOTHO3YBaHHAM Kypcy OITKOiHa 3a JOTIOMOTOI0 MOJIEN Ha
6a3i anropurmy XGBoost [2], 3a 1omomoroio ganoi METOIUKH OYII0 OTPHMAHO
Ha MOPS/I0K BHIIY TOYHICTE.

[leit ycmix MoKHAQ TOACHHTH KiUTbKoMa (hakTopaMH: BHKOPHCTAHHS
rau0OKOro HaBYAHHS JO3BOJISE MOJIelll BPAaXOBYBAaTH YacOB1 3aJIeKHOCTI JaHHX,
a TakoK TmomnepenHs o0OpoOka TEKCTIB Ta BEKTOPH3AIlA JAHHX [03BOJIHIH
e(eKTHBHO TMO/IATH TEKCTOBY i1H(OpMAIIiI0 Y BHUIIIAAI YHCIOBHX O3HAK, IO
MOKPALIHJIO MPOIEC HaBYaHHA MO/IEIL.

Title Source Description Link Time

Bitcoin support levels to watch Bitcoin bulls should be able to 4 hours

Tk } freointel LCom/ V5] i
0 as 6TC price a e Cointelegraph defend $28 000 htps:iicointelegraph. com/news/ilcoin-support ago

Bitcoin bulls risk trading range Bitcoin falls on Fed minutes, 9 hours

1 loss as BTC p The Cointelegraph inflation oulioo._ hiips:iicointelegraph.cominews/bitcain-bulls-r g0

Pucynok 1 — @opmMat 1anux 310paHHX 31 CTPIYOK HOBHH

date Source subject text title url Subjectivity Polarity Analysis

roster full Agther Games
11152022 entertainment Sets Sights on https.iicointelegraph, com/news/aether

1000 - TS Bk ol industry notable  Dark Fantasy DeFi GAMES-SE.. W) kL L

Pucynok 2 — ®opMart 1anux miciist 00poOKH Ta mosspizariii
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Pucynok 3 — ['padiku peansHOro Ta cCiporHo30BaHoro Kypcy 01TkoiHa,
1no0y/10BaHOTO HA OCHOBI aHAJI3y €MOI[IOHAILHHX OLIIHOK

Ha 3aBepiienns, Halle JOCIKEHHS MOKA3allo, 110 aHAJ13 eMOI[I0HATIbHUX
OIIIHOK HOBHH 13 3aCTOCYBAaHHSIM IHCTPYMEHTIB MAllIHHHOTO HABYAaHHS, TAKHX AK
HEHPOHH1 Mepexl, 1o BUKOpucTOBYIOTH TensorFlow ta Keras, mae 3naunmii
MOTEHI[1a]l [ [POrHO3yBaHHA Kypcy OiTkoiny. byno npoaemoncTpoBaHO
BUCOKY TOYHICTH Mojell Yy nepeadauyeHH] IIHM OITKOTHY Ha OCHOBI
€MOIIIOHAIBLHHUX OIIHOK, 10 MIATBEP/IKYE €(DeKTUBHICTE IBOTO Mmaxoay. OqHak,
JUTS TIOJIAIBIIIOTO PO3BHUTKY ITI€] METOJAMKH Ta MIJIBUIIECHHS MOXKIMBOCTEH i
3aCTOCYBAHHSl y pealbHHX yMOBax, HEOOX1JHO MPOJOBKUTH AOCIIKEHHA Y
HANpsMKY IOKpalleHHs 3aCTOCOBAHUX METOJIB OOpOOKHM TeKCTy, 30UIbIIEHHS
00CHr1B Ta pI3HOMAHITHOCTI JKEPEJI JaHUX Ta ONTUMI3ALlT Mo/ielleil 119 poOoTH
B pealbHOMY 4Yacl.

CnHcok BUKOPHCTAHHX I Kepell:

1. Smelyakov, K., Bizkrovnyi, O., Sharonova, N., Smelyakov, S,
Chupryna, A. Building of Regression Models for Cryptocurrency Price
Prediction CEUR Workshop Proceedings, 2022, 3171, pp. 1216-1232.

2. Afanasieva L.V., Naumov A.B., Onyshchenko K.G. Bitcoin price
prediction using the boosting algorithm. The 2nd International scientific and
practical conference “Science and society: modern trends in a changing world”

(January 22-24, 2024) MDPC Publishing, Vienna, Austria. 2024. 662 p.
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AKTyaJIbHICTH

XAPKIBCBKHMA
HALIOHANBHUA
YHIBEPCHWTET
PALIOENEKTPOHIKM

PVHOK KpUNTOBaNIOT LUBUAKO 3pOCTAE Ta PO3BUBAETbCA. 3a OCTaHHI
KinbKa poKiB BapTiCTb GITKOIHY Ta iHLLWX KPUMTOBANKOTIB 3HAYHO 3p0OC/a, Lo

NPUBEPHY/IO yBary iHBeCTOPIB | Tpenaepis.

MporHosyBaHHSA KPUNTOBAJIOT € CKNaAHNM 3aBAaHHAM. Yepes
BO/IaTU/IbHICTb PUHKY Ta BIACYTHICTb LIEHTPai30BaHOro peryi1toBaHHA LiHU

KPUNTOBAMOT MOXYTb Pi3KO BaraTncs.

LUTY4YHUIA iHTeNneKT MoXxe 6yT BUKOPUCTAaHUM NS aHanisy BenKMX

06CAriB JaHUX Ta BUSIBNEHHS 3aKOHOMIPHOCTEN, iKi MOXYTb 40MOMOITU Y

NPOrHO3YyBaHHI LjiH Ha KPUMNTOBANOTU.
——
d h
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Cryptocurrency Market Overview

$2.45T $60.38 B

Crypto Market Cap & Volume
241 (70 | (300 | (90D | [12m | [vTD m

Volume

[ sl — https://www.livecoinwatch.com/crypto-market-cap

[Ipo6GsiemaTHKa

HectabinbHicTb i Henepepb6auvyBaHiCTb PUHKY: PUHOK  KpunToBanoT
XapaKTepu3YyeTbCH BUCOKOK BONATU/BHICTIO, LLLO 3aTPYAHAE TOYHE NPOrHO3YBaHHA ManbyTHIX
UiH. LliHM MOXyTb Pi3KO 3MiHIOBaTUCA Nij BrMBOM Pi3HUX GakTopiB, TakuUxX SK HOBWHMU,
Haby/AoBa iHBECTOPIB, 3MiHW B perytoBaHHi Ta iH.

BiaCyTHiCTL LEeHTpani3oBaHOro peryaloBaHHA: PUHOK KPUMTOBaNOT He
PeryntoeTbCst Hi OAHMM LEeHTPanbHUM OpPraHoM, Lo MOXe MpuU3BecT! A0 MaHinyntoBaHHSA
PUHKOM Ta iHWWVMWN HeJ06pOCOBICHMN MNPAKTUKaMU.

Bname couianbHUX ceTel i HOBUH: HacTpoi i AyMKK, BUPaXeHi B coLiaNbHNX
CeTaX i HOBWHHMX CTaTTAX, MOXYTb BMMBATU Ha LiHW Ha KPUMTOBAIOTY, LLO 3aTPYAHSE
aHani3 fJaHnx i NporHo3yBaHHA.CKNaAHICTb PO3p0o6ku edpeKTUBHVX Mozenei LI

Po3pobka wmopgenew LI, 3AaTHMX TOYHO TMPOrHO3yBaTM LiHM Ha
KPUNTOBaNOTN, € CKJAAHOI 3ajadelo, Lo BMMAarae rMboKOro pPO3yMiHHS PUHKY

KpmntoBankT, MalLUMHHOIO HaB4aHHA Ta O6pO6KI/I AaHUNX.
S —
——
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Hanpam gociaigxeHHA

MamnnHe HaBYaHHSA. AJITOPUTMHM MAIIMHHOTO HAaBYaHHS MIO0 MOXYTh OyTH
HaBYEHI Ha ICTOPHYHUX JaHUX MPO I[IHM HA KPUOTOBATIOTH, 00 BUABJIATH
3aKOHOMIPHOCTI Ta pOOUTH MPOTHO3M NP0 MAWOYTHI I[IHU.

AHaNi3 HACTPOIB MOXX€ OyTH BUKOPHUCTAHHWW Ul OL[IHKM HACTPOIB 1HBECTOPIB
Ta TpeWaepiB MOA0 KPUIITOBATIOT.

O0podxa npupoaHoi MoBH Moxxe OyTH BUKOpPHCTaHa Ui aHauily cTareit
HOBHMH Ta IHIIMX TEKCTOBHX JaHMX, 00 BUTAITU 1H(OpMAaLlito, sIKA MOXKE BIUIMHYTH Ha
I[IHU Ha KPHUIITOBAJIFOTH.

——
| —

[Ilepesiik OCHOBHHUX TEOPIN y ray3si

AmHaJi3 TeXHIYHUX NOKa3HUKIB: [[ell MeTo] BUKOPUCTOBYE TEXHIUHI MMOKA3HUKH, Taki sk SMA,
RSI, i MACD, st aHanmizy 1{iHOBUX rpadikiB KPUNTOBAIIOT 1 MPOrHO3yBaHHS MailOyTHIX pyXiB IIiH.

Anani3 pynaamentaabHux aanux: Lleil Mmetos BUkopucToBye (yHAaMeHTanbHI (pakTOpH, Taki
SIK KOMaHJIa pO3pOOHUKIB, TEXHOJIOTs OJOKYEHHY, 1 MPUHHATTS KPUTITOBATIOTH, JJIs OLIIHKH BapTOCTI
KPHUIITOBAJIIOTH.

MamunHe HaByaHHs: lleif MeTol BUKOPHCTOBYE AlIrOPUTMH MAIIMHHOTO HABYaHHS [UIA
aHani3y BEeJMKUX OOCSTIB JJaHUX 1 MPOTrHO3YBaHHsI MaOyTHIX I[iH HA KPUNITOBAIIOTY.

I'nuboke HaBuanusi: Lleii MeTon BUKOPHCTOBYE HEHpPOHHI Mepeki Ui aHai3y CKIIaJHUX
3aKOHOMIPHOCTEH y JaHUX 1 MPOrHO3YBaHHs MaifOyTHIX I[iH HA KPUMITOBATIOTY.

O6podka npupoanoi moBu (NLP): Ileii merom BukopuctoBye NLP 11t aHamizy Tekcry,
OB’ A3aHOTO 3 KPUIITOBAJIOTOIO, TaKUX AK HOBUHH, CTATTi Ta MyOJiKalii B collialbHUX Mepexkax, Ui
BUISIBIIEHHS] HACTPOIB 1 POTHO3YBAaHHS MailOyTHIX pyXiB ITiH.

o —
— | —
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[IporajiuHu y HasiBHUX AOCJIIIPKEHHSIX

Hapa3i 6yno nposegeHO 6arato AocCnifXeHb MPOrHO3yBaHHA 3a
AOMOMOTOH Pi3HOMAHITHUX aITOPUTMIB. TaKOX ICHYE UNMAaNO AOCNIAXKEHb
IHCTPYMEHTIB A9 aHai3y CEHTVUMEHTIB (HOBMHU, COL, MepeXi, TOLLLO).

Ane He 6yno 3HalifeHO AOCNIAXKEHHS MO MOPiBHAHHIO
epeKTUBHOCTIi CcamMe TakKuxX IHCTPYMEHTIB aHasizy CeHTUMEHTIB
HoBMH, AK TextBlob vs Bert vs spaCy vs VADER vs Flair gna
NPOrHo3yBaHHA Kypcy KpunToBankoT 3 BUKopucTaHHAM LSTM RNN
Mepexi.

——
| —

[locTaHoBKa 3azayi

TouHicTh NPOrHO3YBAHHA HA IOBIOCTPOKOBHIi MePioj] 4acy € J0CHTh HU3BKOI0, TOMY
0yJ/10 BUPILIEHO 3YNHHHUTHCH HA KOPOTKOYAaCHOMY NPOrHO3YBAaHHI.

Merto10 1aHO01 poOOTH € NPOBEAECHHSA JOCHIIKEHHS MOPiBHAHHSA ¢()eKTHBHOCTI
3aCTOCYBAHHS MOMMPEHUX IHCTPYMEHTIB ISl AHAJTI3Y CCHTHMEHTIB Ta aJITOPUTMY
LSTM nu1s1 nporuo3yBaHHs WiHH 3AKPUTTA KPUNITOBAJIOTH HA TIOTOYHMH IEHb.



ApXiTeKTypa CUCTEMHU JIJisl IPOBeJ€HHS
eKCIIepMMEeHTaJbHOIO JIOC/IiP)KEHHS

TextBlob
Vader
Bert
- 1 @
- ) .

o —
——

Vader SpaCy

data
preparation

fi
((O.

Merge

DATASET

ApxiTeKTypa CUCTEMU JJId IPOBEJEHHSA
eKCIIEpUMEHTAJIbHOI'O JOCi»KEeHHH

train

DATASET

optimize




MeToao0J10r14

3aja4a baratokpuTepianbHOro BU6OPY KPUNTOBANKOTU AN AOC/IAKEHHS.

36ip faHUX Ta NPenpOLEeCCUHT.

AHanis ceHTMeHTIB (Bert, Flair, spaCy, TextBlob , VADER).

3anponoHoBaHa Mojenb - LSTM.

Brbip metpuk (MSE, RMSE, MAE).

— —
! —

Omnuc nporpaMHoOro 3abesnedyeHHs, 1110
OyJI0 BAKOPHCTAHO y AOCJIiI>KEHHI

Buxopucrani 6iomiorexn:
pandas 2.0.3
requests 2.3.0
urllib 3.11.5
BeautifulSoup 4.12.2
ntlk 3.8.1
vaderSentiment 3.3.2
textblob 0.15.3
transformers 4.32.1 3 bert-large-uncased mMoemto
flair 0.13.1
spacy 3.7.4
numpy 1.24.3
matplotlib 3.7.2
sklearn 1.4.1.postl
keras 2.15.0
scipy 1.11.1

Cepepna po3po6Ku o o ®

- Jupyter Notebook 6.5 4. JHU pyteyr

MoBa -

- Python 3.11.5 ﬁ

S —
| —



BuO1p KpUnTOBaIIOTH JJISI JOCTIIKESHHS

BekTopHuii OnKC anbTEPaHTUB

Kanitaaisauis, USD | Ctadiabnicte 32| Ofcar Topris /5 aenp | Kiabkicts | IcTopmuni
OCTaHHIH (cepeaniii 3a ocT Micsub), | TpaH3aKWiH | JaHi, Mic.
Micausb, % USD B CEKYHIAY
BTC 775 821 726 845 0,10 18 047 358 995,00 7 129
ETH 259 300 223 439 0,09 17 068 510 656.00 30 101
SOL 26 815 560 650 0,00 2090 151 459.00 65000 44
MATIC 7447803 791 0,05 580052 071,00 65000 56
ARB 1383 455 156 0,08 315842 978,00 40000 9
242 7 12 243413.1935 5 27
— GEL 8242091 0.1 3413.19 15000
! —

BuO1p kpuntoBaIoTH IS JOCTIAKESHHS

PospaxyHkn Ta HAHONTHMAIIBHINIA aTETEPHATHBA

Kanitaai- | Ctadinsnicts 3a | Ofcar Topris / & 3ens | Kitericrs | IeTopuuni
. samis, ocTaHmHif (cepeanif 3a ocT Tpamsawii| Jami, Mic.
- HOHIyK HeﬂOMIHOBaHHX USD Micaus, % smicaus), USD B
ANBTEPHATHUB 32 MPHHITUIIOM cemm
HapeTo Pes-t BIC| 0.10000 029167 0,10000 000001 | 035000 0,84
- HOpMYBdHHs OIIHOK 3a PesTETH| 0.03342 026250 0,09458 000005 | 027403 0,66
IMKaJIaMH| 3a €TAJIOHOM 3 N ] -
Pes-r SOL| 000346 0,00000 001158 0,10000 0,11938 0,23
BH3HAYCHHUMH BarOBHMH
.. Pes.t MATIC| 0,00056 0,14583 0,00321 0,10000 0,15194 0,40
KOCq)H.[lCHTaMH
Pezr GEL| 0.00001 0,35000 0.00000 0,02308 0,07526 0,45
F —

— —



301p JaHuX

https://www.google.com https://news.search.yahoo.com

(o

L=} bl Images B Videos @ Neows More

Google bl ®x 4 Q

Abo AdS rel bte
News about Cryptocurrency Current Bitcoin Price - Bitcoln Exchange
A COINDASE.Com
o re Obsessed with Security So You Don't Have to Be. Buy. Sell. and Trade Bitcoin Safely. Coinbase
\a. @ s an Intuilive Cryptocurrancy Flatform Dasigned ta Make Trading Simple
ny
‘ Title Source Description Link Date
Biteoin 'Halving' Due Next Year Spurs Bitcoin's rebound is just the start of a . " 200 Apr 23,
0 =i Bloomberg.com ratly . hitpsih 3.0.. e
Cryplo winler is over — and bilcoin Cryplo winter is over — and biteoin e e Apr 24
1 could hit .. CNBC could hit ... hitps:/fwww cnbec.com/2023/04/24/bitcoin-btc-pr. 2023
Bitcoin could hit $100000 by end-2024. Top cryptocurrency bitcain could reach P Apr 24,
2 Standar. . Reuters. $100000 htips:/fwww.reuters.comimarkets/us/bitcoin-cou 5023
BTC Presents “Brand New™ Spring ity of Pittsburg, Break The Ceiling Athletics & Dance § Apr 3,
3 Recital K Prosent Th.. hitps:/iwww. piltks. ofgleventble-presents-bran.. 2023
4 Bitcoin's Lightning Network: m:'dau;ls Forbes I's a network of payment d'anr:nlgr::m hitps: forbes, comisieaidigital-nsatal20.. A‘;DZJS
software
engineering
3 6 -
yahoo/finance Search for news, symbols or companies Naws Finance Spo
MyPortiolio  Mews  Markots  Sectors  Screenees  Porsomal Finance  Videos
P CME - Colaed Qe - USD ~
News Bitcoin Futures,Jun-2024 (BTC=F) ( = fakw )
Chart
™ e 69,750.00 -5.00 (:0.01%)
. s o 130 PAN EDT. Macket Open e e ]
utures
1S IM EM YD Y B AN D Koy Events = Mountain ~ & Advanced Chart @
Date Close Volume  Change%
0 anFama 457 334015 2 1056800807 MNan
1 BMRI0NE 474440007 3L4BIZ0RO07 7182558 500k
2 0MG2014 304795000 37EM970m07 5084264
3 azoa0a A0BS03292 3 686360007 3573402 -
4 922014 BEE10M4 26560100007 2465855
3479 3272024 GM455.343750 A.082T11es10  -D.TOB3S o
3480 3282024 TOTHA.G53130 3437400ev10 1856745 e o e o o
3481 3202024 GOA2E28130 25230806410 -1.204503
~  Open 6999500  LastPrice 6075500 Vehsme 287

3482 30024 GUG45I04E00 17130246010 0354147
0701 B BESS000  Dayeangs  GO.75000.70,24500  Ask 69,960.00

3483 AN2024 TIIEEEA8440 2005004e010 2424208

software



[linroToBKa MaHux

Criouatky Oyno o0’emHaHo BMicT KosoHok Title Ta Description B komonky Text 3 meToro
CTIPOIICHHS OI[IHKH CEHTUMEHTIB.

Jami Gyio BuAasieHo yci crielialibHi CUMBOJIY Ta UQPH, 3TAIIAI0YX TUTBKH CHMBOJIA aliaBiTy.

Takosx 6yi0 BUKOHaHO MPpUBEICHHS 0 HIKHBOTO PETicTpy.

Bunanenns crom-ciiB - 11e 6a3oBa TexHika o0poOku mpupogHoi MoBU (NLP), sika monsrae y
BHKJIIOUEHHI 3 HaWMONIMPEHIlnX i HeiHGOpMaTHUBHUX CJiB. Byno BUKopHcTaHO MOAyJb stopwords
6i6miorek NTLK 1ist BUKOHaHHS 11i€1 IpOIe Iy pH.

Jlemaru3ailisg - 1e mpollec MpuBeJeHHs clloBoGopME 110 T 6a30B0T 4M HOpMabHOI (HOpMHU, 1110
Ha3UBaeThCs JieMolo. JleMa sBiisie cob60r0 KaHOHIUHY (OopMy ClIOBa, AKa € HOro CIIOBHUKOBOKO (POPMOI0
abo ocHOBo. Hampukiiaz, nemoro i cioBa "6iras" Oyze cioo "6iratu", nis "kimok" - "kinka".

JIi1st BUKOHAHHS JieMaTH3ailii 0ysio BUKpucTaHo Moayib WordNetLemmatizer 6i6miorekn NTLK.

AHAaJ3 CECHTUMEHTIB

AHaJi3 CCHTUMEHTIB — II¢ MPOIEC BU3HAYCHHS TOHAJBHOCTI YH €MOIIHOTO
3a0apBlIeHHsI TEKCTy. MeTor0 aHajidy CEeHTUMEHTIB € BHU3HAYEHHS TOTO, YH €
TEKCT MO3UTHBHUM, HETATUBHUM UM HEUTPATbHUM.

JIisl HATJSIAHOCTI JOCJTI/IZKeHHS 0YJI0 BUPIIIIEHO BUKOPHCTOBYBATH OHY
MoJeJb Ha Pi3HUX Jaracerax. 3 IbOro OyJI0 TPOBEACHO OIHKY
CEHTHMEHTIB HOBHH JIJISI KOXKHOTO 3 BUOpaHUX iHCTpyMeHTiB aHamizy (Bert, Flair,
spaCy, TextBlob , VADER) Ta orpumano 2 OL{iHKH — IOJSPHICTH TA CEHTUMEHT
Ha YOTHPHOX YAaCOBUX 1HTEpBasiax — 3 nmouyatky (2014p), 3a ocranni 4, 2 Ta oAuH

pIK.

S
— | —
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[TlinroToBKa maTraceTiB

I'pynyBannss centumeHTiB 3 ganumu BTC Oyno BHKOHAaHO 3a cepenHIM
MOKA3HUKOM Ta M0 MAKCUMAJIbHOMY MOKA3HUKY.
Bceboro maemo 40 naraceriB (5 iHcTpyMeHTIB aHami3y, 4 yacoBi inTepBaJu, 2

. Date Close Volume Polarity Sentiment
HlﬂXOIU’I }10 prHyBaHHﬂ)’ 0 1/1/2024 44167.33 18426978443.00 -0.58 -1.00
1 1/2/2024 44957.97 39335274536.00 -0.60 -1.00
def analysis(score) B 2 1/3/2024 4284818 46342323118.00 -0.66 -1.00
if score < 0: 3 1/4/2024 4417992 30448091210.00 -0.60 -1.00
return -1 4 1/5/2024 4416269 3 934700 -0.61 -1.00
elif score == 0@:
return 0 86 3/27/2024 6945534 40827113309.00 0.00 0.00
else H 7074495 34374900617.00 0.00 0.00
return 1 4 6989283 25230851763.00 0.00 0.00

6964530 17130241883.00 0.00 0.00

71333.65 20050941373.00 0.00 0.00

[{ina BTC ta o0csr Topris 3 2014 poky

BTC Price and Volume et
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[{ina BTC Ta k11pKkicTh HOBHH 3 2014

BTC Price and News count

- otal
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TpeHyBaHHA Mo/JieJl

model = Sequential()

model.add(LSTM(num_units, input_shape=(look_back,num_of_features)))

model.add(Dense(1))
model.compile(loss="mean_squared_error', optimizer='adam")

history= model.fit(x_train, y_train,validation_split=0.30, epochs=epochs, batch_size=batch_size,shuffle=False)

FullSeries

x‘h\%m PVl
W

Model loss "
" Seldton iy | Tan
0124 — Tt
| 60000
o0
30000
oce |
£ e )
0.04 ‘WJ
0021 20000
0.00 1 — — o
I S S S S S S
‘ f Number of features 4 , R S
wm? &mmw Training dataset length 2787 - -
U0 130016 6130007

Testing dataset length 697

0260018

b

900

o

friive}
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AHaJ1i3 OTpUMaHUX pe3yJIbTATIB

24

TextBlob

Vader

Flair

Spacy

Bert

MSE

RMSE

MAE

MSE

RMSE

MAE

MSE

RMSE

MAE

MSE

RMSE

MAE

MSE

RMSE

MAE

train

0.00063

0.02505

0.01801

0.00035

0.01871

0.01342

0.00054

0.02328

0.01414

0.00056

0.02362

0.01731

0.00047

0.02164

0.01428

test

0.00087

0.02957

0.0179

0.00046

0.02143

0.01307

0.00121

0.03472

0.02665

0.00077

0.0277

0.01672

0.00063

0.02509

0.01517

train

0.00033

0.01828

0.01268

0.00034

0.01833

0.01414

0.00052

0.02289

0.0142

0.00024

0.01544

0.00785

0.00046

0.02146

0.01455

test

0.00055

0.02335

0.01561

0.00042

0.02046

0.01274

0.001

0.03165

0.0229

0.00037

0.01933

0.0125

0.00057

0.02377

0.0139

2021

train

0.00107

0.03277

0.02383

0.00154

0.03926

0.03055

0.00117

0.0342

0.02485

0.00113

0.03369

0.02427

0.00266

0.05155

0.03821

test

0.00092

0.0304

0.02076

0.00296

0.05438

0.04725

0.00133

0.03652

0.02502

0.00107

0.0327

0.02224

0.00131

0.03619

0.02512

train

0.00121

0.03479

0.02493

0.00112

0.03339

0.02376

0.00114

0.03382

0.02447

0.00109

0.03304

0.02353

0.00323

0.05687

0.04039

test

0.00123

0.03504

0.02417

0.0013

0.0361

0.02482

0.00159

0.03988

0.02935

0.00109

0.03298

0.02261

0.002

0.04469

0.03054

2023

train

0.00101

0.03185

0.02321

0.00052

0.02276

0.01665

0.00064

0.02521

0.01808

0.0007

0.02648

0.01949

0.00065

0.02542

0.01774

test

0.025%94

0.16107

0.14437

0.00411

0.06411

0.04998

0.01204

0.10973

0.09557

0.01951

0.13969

0.12352

0.01515

0.1231

0.10713

train

0.00061

0.02469

0.01781

0.00047

0.02168

0.01611

0.00046

0.02143

0.01554

0.0006

0.02453

0.01776

0.00068

0.02601

0.0181

test

0.00894

0.09456

0.0796

0.00585

0.07646

0.0638

0.00539

0.07341

0.06186

0.00926

0.09624

0.0812

0.0141

0.11876

0.10368

2024

train

0.01093

0.10453

0.06172

0.00699

0.08362

0.05092

0.01127

0.10616

0.06938

0.01019

0.10094

0.05957

0.01031

0.10156

0.06153

test

0.09253

0.30419

0.30369

0.05842

0.2417

0.24112

0.06982

0.26423

0.26389

0.0707

0.26589

0.26547

0.05069

0.22515

0.22475

ave

train

0.01374

0.1172

0.06626

0.00739

0.08599

0.0525

0.00767

0.08756

0.05336

0.01477

0.12152

0.06796

0.01299

0.11399

0.06878

test

0.15626

0.3953

0.3949

0.05646

0.23762

0.23683

0.06097

0.24693

0.24646

0.17658

0.42021

0.41976

0.06156

0.24811

0.24781

3’AcyeMo, KM 3 NMOKa3HUKIB — CEHTUMEHT Yn MONSAPHICTb Aa€ Ginbluy edeKTUBHICTb NPOrHO3yBaHHS.

OnTuMi3saliig faTaceTiB

3agns yboro nigrotyemo we 10 gartacetu. Mo 2 Tuny go 5 iHCTpyMeHTIB. BMKOpMCTaEMO Tinbku
HanbinNbLIMA YacoBWI iHTEPBAI, TOMY LLO BiH NMokasaB HalKpalli pe3ynbrar.

3479
3480
3481
3482
3483 71233

Close

0 457.334015

1 424.440002

H wWwN

394.795990
408.903992

398.821014

69455.343750
70744.953130
69892.828130

69645.304690

643440

Volume Sentiment
21056800 0.000000
34483200  0.000000
37919700 0.000000
36863600 0.000000
26580100 0.000000

40827113309 0.000000
34374900617 0.000000
25230851763 0.000000
17130241883  0.000000
20050941373 0.461538

-

b wonN

3479 69455.343750
3480 70744.953130
3481 69392.8328130
3482 69645.304690

3483 71333.648440

Close Volume
457.334015 21056800
424.440002 34483200
394.795990 37919700
408.903992 36863600
398.821014 26580100

40827113309
34374900617
25230851763
17130241883

20050941373

Polarity
0.000000
0.000000
0.000000
0.000000

0.000000

0.000000
0.000000
0.000000
0.000000

0.260269



AHaJ1i3 ONITUMI30BAaHUX PE3YJIbTATIB

BukopucTaHHs cepeaIHbO-B3BAKEHOr 0 MOKA3HUKA MOJISAPHOCTI I0Ka3ye OUIbII YyTJIMBY OLIHKY 1
OLIbII TOYHE MPOTHO3YBAaHHS HIXK IHIIM MOKA3HUKH CEHTUMEHTIB, 11I0 BUKOPUCTOBYBAIHCH B IAHHOMY JOCIIKEHHI.
HaiikpaiiiM iHCTpyMEHTOB JUTS aHalli3y CeHTUMEHTIB BusBHUBcs TextBlob.

TextBlob Vader Flair Spacy Bert
MSE | RMSE | MAE MSE | RMSE | MAE MSE | RMSE | MAE MSE | RMSE | MAE MSE | RMSE | MAE
Original train |0.00033 {0.01828 |0.012680.00034 |0.01853 [0.01414 |0.000520.02289 |0.0142 {0.00024 |0.01544|0.00785 |0.00046 [0.02146 |0.01455
test |0.00055|0.02335|0.01561]0.00042]0.020460.012740.001  |0.03165|0.0229 |0.00037 (0.01933 (0.0125 (0.00057 [0.02377 [0.0139
Polarity train (0.0002 [0.01429{0.00693 [0.00024 [0.01555 {0.00976 |0.00025 |0.01591 |0.00797 |0.00025 |0.01592 |0.00778 |0.00029 | 0.01689 | 0.00985
test (0.00031(0.01757[0.01136 (0.00034 |0.01852{0.01137|0.000390.0197 |0.01247 [0.00041 {0.0202 [0.01242{0.00053 |0.02299 |0.01793
Sentiment train (0.00028 [0.01671 {0.00938 [0.0009 |0.03 0.01395{0.00028 {0.01677|0.0114 |0.00067 |0.00067|0.017270.00028 |0.01674|0.0121
test (0.00046 (0.02146 [0.01283 [0.00204 |0.04516 |0.034890.000390.01978 |0.01287 [0.00117 {0.00117 {0.02348 |0.00037 |0.01911 |0.01327
BucHOBKHU
Absolute %
MSE RMSE MAE MSE RMSE MAE

min train 0.00004| 0.00115( 0.00092 min train 0.16667| 0.07448( 0.11720

ave test 0.00006| 0.00176( 0.00114 ave test 0.16216| 0.09105( 0.09120

ave train  (0.000132]0.003608|0.004226 ave train 0.34921| 0.18675| 0.33318

test [0.000186)0.003916| 0.00242 test 0.00004| 0.00115| 0.00092

3 IMX JaHUX MOXKEMO MOOa4YuTH, 110 ONTHUMI3allig 3a noJyigpHicTio ouiHoK TextBlob
Maibke Ha 8-17 BiJJCOTKIB MOKa3aJio MOKPAIILIO TPOrHO3 BITHOCHO HAMKpaIlix MOKa3HUKIB
70 omTuMmizaii i Makxe 10 35 BiIICOTKIB BiJl CEpEHIX MOKA3HUKIB MOJIIPHOCTI 32 BCIMa

JlaTaCeTaMH.

Takox TpeHyBaHHS MOJieli Ha OUTBIIMX iHTEpBalax 4yacy Mokas3ye Kpalli pe3yabTaTy,
HE3B)KAIOYM Ha T€, 110 KIJIbKICTh HOBUH 301JIbLIYyBaIacs Ha MPOTA31 yChoro mepiogy Ta ix
HIUTBHICTB TaK0X 301nbHryBanacs y gatacerax 3 2021, 2023 ta 2024 pokiB 110 3pOCTaHHIO.

——
e —
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[Iy6nikanisi pe3ybTaTiB

SCI-CONF.COM.UA

SCIENCE AND SOCIETY:
MODERN TRENDS
IN A CHANGING WORLD

PROCEEDINGS OF Il INTERNATIONAL
[SCIENTIFIC AND PRACTICAL CONFERENCE
JANUARY 22-24, 2024

VIENNA
2024

MATEPIAJIH XXVIII MDXHAPOJJHOI'O MOJIOJZKHOI'O

DOPYMY

«PAJIIOEJIEKTPOHIKA TA MOJIO/Ib
¥ XXI CTOJUTTI»

16 — 18 kBiTtua 2024 p.

Tom 6

KOH®EPEHILIA
«IH®OPMALIHI IHTEJEKTYAJILHI CHCTEMI»
INFORMATION INTELLIGENT SYSTEMS

software

enaineering

ISBN 978-3-954734-01-4

BITCOIN PRICE PREDICTION USING THE BOOSTING
ALGORITHM

Afanasieva LV.,
Naumov AB.,

Onyshchenko K.G.

Kharkiv National University of Radioelectronics
Kharkiv, Ukraine

AnfonNAWmOY.Cpe@nure.ua

article shows the use of the boosting algorithm to predict
Bitcoin prices, offering comprehensive analysis at the intersection of finance and
machine learning. The research includes data preprocessing, feature engineering,
and model training. highlighting boosting's effectiveness in identifying complex
relationships in cryplocurrency markets, Metrics tuning and hyperparameter
estimation further improves model accuracy. Despite the challenges posed by market
dynamics, the results highlight boosting’s potential to provide valuable insight into
Bitcoin price movements, which is critical for investors and researchers navigating

the volatile digital asset landscape.

Keywards: Bitcoin, cryptocurrency, boosting algorithm, machine learning,
financial
market, predictive analytics.

price

ning,

VK 004.9:336.741.24]:159.942.5 DOI: hu

EMOIIOHAJIBHA OHIHKA HOBHH JLIA NIPOTHO3YBAHHSA
KYPCY BITKOIHY
Haymos A. B., Cuemskor K. C.
Haykopnii kepiBHHK — K.T.H., Zouent Yynpuua A, C.
Xapkinchiuii HatioHankHIil yHigepeHTeT pagioenexTponiki, kad. I11,
M. Xapkin, Ykpaina
e-mail: anion naumov.cpef@nure ua

This article showcases the use of news sentiment analysis to predict Bitcoin
prices. It offers a comprehensive analysis at the intersection of finance and
machine learning. The research includes data collection and pre-processing,
sentiment  analysis, feature development, and model training The article
highlights the effectiveness of improved efficiency in identifying complex
relationships in cryptocurrency markets. Tuning and estimating hyperparameters
further improves the accuracy of the model. Although market volatility presents

hall the results l the importance of forecasting for investors and

cryptocurrency rescarchers.

Y cmiTi  (pinaHCOBHX PHHKIB  BNCBHEHE NPOTHOIYBAHHA  KYpCiB
KPHITTOBUTIOT € KJAKYOBHM SHHHHKOM JUIA iHBECTOpIB i Tpeilncpis. Onmim 3
$aKTopiB, N0 BIUHBAKTL HA AHHAMIKY Ha BiTKoiH, € rpoMaickka JyMKa,
BHpAKENa Uepes HOBHHNI Ta couiankni meaia. Hommmn ta mybnikauii y
COLIILHIY ME/Aia MOMKYTh MaTH 3HATHHI BIIMB Ha NCHXOMOMIO YHacHHKiB
PHHRY, GOPMYIOTH TPEHIH Ta HANPAMEH PYXY Wi ¥ LLOMY KOHTEKCTi ananiz

IOHATBHIN OUIHOK ¥ HoBHH HabyBac BAAIHBOTO IHAYEHHA UIA
NMPOTHOIYBAHHA Kypey BiTROIHY.




[ligzcyMKu

OTtpumani pe3ynbTaTH Jal0Thb MOXIIUBICTH MOPIBHATH €(QEKTHBHICTH PI3HUX
METO/IB MPOTHO3YBaHHS IIHM 3aKPUTTSA KPINTOBAIIOTH HA IMOTOYHHUU JICHH 3a
JOTIOMOT'0I0 BUKOPUCTaHHS 0107110TeK aHaI13y CEHTUMEHTIB KPUIITOBAIIOT.

BuxopucroByrous 11i pe3ysibTaTd MOXKHA PO3POOUTH CEPBIC AJIsl MPOTHO3YBaHHS
KYpPCYy KPHUITOBAJIIOT HAa MOTOYHUU AcHb. Lleil cepBic Moxe OyTH KOPUCHHH st
TpeinepiB, (IHAHCOBUX AHATITHKIB Ta IHIINX YYaCHUKIB PUHKY KPHUIITOBAIIOT.

Takoxx 1e AOCHIKEHHS MOXe OyTH KOPHCHE JUIsi HAayKOBUX [OCIIJIHHKIB,
CTYJIEHTIB, 1110 BABYAIOTh TEMU MMPOTHO3YBAHHSI 1IIHU (JIHAHCOBUX AKTHUBIB.

Takox pe3ynabTaTd LBOTO JOCHIHKEHHS MOXKYTh OyTH BUKOPHUCTaHI JUis
MOJANBIIOTO JIOCHIPKEHHSI 1HCTPYMEHTIB aHali3y CEHTHMMEHTIB Ta MPOrHO3YBaHHS

HIHI/I KpIITOBAJIOT.
e ——
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JIOJIATOK T

3BIT 3 pe3yJbTariB NEPEBIPKU Ha YHIKAIbHICTh TEKCTY B 0a31 XHYPE

() UNICHECK

Ery Turnitin
IM'a KOpHCTYBaYA: ID nepesipxmM:
Kappaw €sred BikToporuy kad.Mi 1016334681
Oata nepeesipku: Tun nepesipKK:
08.06.2024 11:12:15 EEST Doc vs Internet + Library
Data 3siTY! ID KopHCTYBaYa:
08.06.2024 11:16:03 EEST 100013622

Hazea gowyMexTa: 2024_M_NI_IN33gm-22-1_Haymoe_A_B_cropoveHmA

KinukicTe cTopivok: 53 KinexkicTe cnis: 9875 KinukicTe cumBonie: 72598 Poawmip ainy: 202 MB 1D chamny: 1016135139

BuapneHo MogupiKauil TEKCTY (MOXYTH BNAHWBATH HA BiACOTOK CXOMOCTI)

4.85%
CXo0XICTb

HawBinswa cxoxicTe: 0.84% 3 InTepHeT-gxepencm (https://ela kpi.ua/handle/123456789/31668)

4.54% [xepena 3 IHTepHeTY n Cropinka 55
1.51% Amxepena 3 bibnioTexw B Cropiuka 56

0% UuTaT

Buny4eHHA UATAT BHMEHEHE

Buny4yeHHA cnucky GibniorpacivHMx nocunavs BHMEKHEHE

0%
BunydeHb

HeMae BMnyYeHWX oxepen

Mopaudikauii

Ewaeneno mogndikauii Texcty, leTansHa iHopManin OCTYNHA B OHNARH-3BITI,

Migoapine hopMaTyRaHHA 10
cTopiHOK



JIOJIATOK JT

ExcniepTHHi1 BUCHOBOK pe3yJbTaTiB MEepEBIPKU KBadi(iKaliitHoi poOOTH Ha

BimoBigHICTE odopmieHHs Bumoram JICTY 3008: 2015

EkcnepTHHii BHCHOBOK pe3ylLTaTIB lepeBIpkH KBamdikaniiinoi poboTn

CTYIOCHT

(mecamga)

NPorpaMHol IHKCHEPI

(kadeempa)

Haymor Auton bopucoruu

JayBasKcHHS

| BRI, DA, 00 Gurk e |

M133mm-22-1

(rpyna)

Myner JCTY
3008-2015

IMICT NYHKTY

CropiHka
kBanidigamitnol
podoTH

1

2

_,

F

7.1 3aransni nOI0KeHH

7.3 Hymepauin cToplHOK BTV

7.4 Hymepanin posaiaie, niaposaliie, nyAKTIE, DINVHKTIE

7.5 Pucyakn

7.6 Tabamnui

7.7 [Mepenikn

7.8 Ipumirkn

7.9 Bunockn

7.10 MopyMyan Ta piBHAHES

7.11 Mocuaanan

7.13 Cnucok agTopie

7.14 CxoposieHHS TA YMOBHI INO3HAKH

7.15 Nogarkn

3aYBAMCHL HCMAE

Excnepr

(mommc)

14.06

2024

Onena OJIIHHE

LIprimanee, EHEIEATH
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