ISSN 2074-5354 (print), ISSN 2522-9745 (online). ACADEMY REVIEW. 2024. Ne 1 (60)

YOK 336.1; 339.7.01
DOI: 10.32342/2074-5354-2024-1-60-10

ESIN DEMIREL,
PhD Student, Management Department,
Istanbul Technical University, Istanbul (Turkey)
https://orcid.org/0000-0003-4257-6780

A COMPARISON OF ARCH MODELS:
THE DETERMINANTS OF BITCOIN’S PRICE

The aim of this study is to determine the number of transactions among the currencies, which will
eventually become a part of our lives, cannot be physically held, can move quickly, and emerge as a
new shopping and investment tool in the changing world order, as of the year (2023) when this study
was conducted. The study focuses on the analysis of the variables that affect the most popular currency,
Bitcoin. Although the analysis of variables that influence Bitcoin was determined as the primary aim
of the study, the study also attempted to reach a general conclusion about the variables affected by the
cryptocurrencies. Since there is no other cryptocurrency that is traded as much as Bitcoin, Bitcoin is
thought to be a good model for the analysis of cryptocurrencies.

The method used in the study was autoregressive conditional heteroskedastic (ARCH) models. It is believed
that the most suitable models for the Bitcoin variable, whose value changes every second, are ARCH and its
derivatives. Other models selected from the ARCH models were also added to the analysis as a method. The models
used in the study can be listed as follows: linear ARC, generalized ARC (GARCH), exponential GARCH and
threshold GARCH. A statistical model called autoregressive conditional heteroscedasticity (ARCH) is used to study
the volatility of time series. Through the provision of a volatility model that more closely mimics actual markets,
ARCH modeling is utilized in the financial sector to quantify risk. According to ARCH modeling, periods of high
volatility are followed by even higher volatility, and periods of low volatility are followed by even lower volatility.

In this study, 5 different variables were selected using literature to analyze the variables affecting Bitcoin
returns using ARCH models. The dependent variable in the study is the price of Bitcoin. The remaining
variables were included in the models as independent variables. These variables are actually variables that
are accepted and selected as the best among a set of variables. In other words, 15 variables were first added
to the study using the literature. After this, a correlation analysis was carried out. As a result of the correlation
analysis, the variables with the highest correlation with the price of Bitcoin, which is the dependent variable,
and the lowest correlation with each other were retained in the model. These variables are Bitcoin Price, Crude
Oil Spot Price, Euro-Dollar Parity, Gold Spot Price and NASDAQ Composite Index.

The study period is between 2020 and 2023 and it was studied using daily data. Days with no data
were removed from the daily period from 2020 to 2023 and loss of information was prevented. After
removing missing observations, this study examined the remaining 837 observations.

During the research, while running the models created using different methods, it was found that
the model that gives the best result is the GARCH model. In other words, when modeling the variables
affecting bitcoin (cryptocurrency from the perspective of the population), it was seen that the GARCH
model gave the best results when comparing linear ARCH, generalized ARCH (GARCH), exponential
GARCH, and threshold GARCH of the ARCH model.

Comparing the output of the GARCH model with other ARCH models not included in this study
can be a recommendation for the future study.
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Exponential GARCH, Cryptocurrency, Bitcoin, Digital Money, Time-Series Analysis, Comparative
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MeTor0 IBOro TOCIIKCHHS € BU3HAYCHHS KUTBKOCTI TPAH3aKINH MiXK BATFOTAMU, SIKI OCTAaHHIM
YacOM BXOJISITh Y HAIIIE )KUTTS, HE MOXKYTb OyTH (Di3UYHO yTpUMaHi, MOJKYTh BUKOPHUCTOBYBATHCSI JIHIIIE
B M(POBOMY BUIIIA1, MOKYTh IIBUAKO PyXaTUCS Ta 3’ BIAIOTHCS SIK HOBHH IHCTPYMEHT AJIS TOKYTIOK
Ta 1HBECTHIII y MIHIUBOMY CBiTi cTaHOM Ha pik (2023), xonn OyJ0 MPOBEACHO 1€ TOCIHIIKESHHSI.
JlocmipkeHHsT 30CepeDKEHO Ha aHalli3i 3MIHHMX, SIKI BIUIMBAIOTh Ha HAMIOMYJISIPHINIY BaNIOTY,
0iTKOMH. X04Ya OCHOBHOIO METOIO JOCII/DKCHHS OyJI0 BU3HAYCHO aHai3 3MIHHHX, IO BIUIMBAIOThH
Ha OITKOWH, TOCTIJKCHHS TaKO)XK HaMaraiocs JIWTH 3arajibHOTO BHCHOBKY MIOJO 3MIHHHUX, Ha SKi
BIUIMBAIOTH KPUNTOBATIOTH. OCKIJIBKM HEMA€E iHINOT KPUNTOBAIOTH, SIKOIO TOPTYIOTh Tak Oararo, sk
0iTKOITH, OITKOIH BBaYKAETHCS XOPOIIOI0 MOJIEIITIO I aHAII3Y KPUITOBAIOTH.

MeTo/10M, BUKOPHCTAHUM Y JIOCIHIHKCHHI, OyJIM aBTOpErpeciiiHi yMOBHI T'e€TepOCKeAaCTUYIHI
(ARCH) mozeni. BBaxaeThcsl, 1110 HAHO1IBIIT MPUAATHIMA MOJICIISIMU [UIsI 3MIHHOT OITKOIHA, TaHi K0T
3MIiHIOIOThCS oceKyHaH, € ARCH Ta 1i nmoxinui. [nnni moneni, BuGpani 3 mozaeneit ARCH, takox Oyiu
JI0/1aH1 710 aHasi3y K MeToj. MoJiesi, BAKOpUCTaH1 y JOCIIUKEHH], MOKHA IIepepaxyBaTi HaCTyITHUM
gpaOM: TiHiHUNH ARCH, y3aransnenmit ARCH (GARCH), ekcrionenmiansanit GARCH i moporosuit
GARCH. CrarucTiaHa MO/eb ITiJ] Ha3BOIO aBTOperpeciiHa yMoBHa rerepockenacTinuHicTh (ARCH)
BUKOPHCTOBY€TbCS JJIsI BHUBUEHHS BOJATWJIBHOCTI YacOBHMX psAiB. 3aBISKH HAJaHHIO MOZENI
BOJIATWJIBHOCTI, sika Oinblie imiTye peanbHi puHkH, monemtoBaHHs ARCH BukopHCTOBYeThCS Yy
(iHaHCOBOMY CEKTOpI /IS KiJIbKICHOT OLIHKK pU3KKY. BiamosinHo 1o monemtoBanust ARCH, nepioau
BHCOKO{ BOJIATWJIHOCTI CYNPOBOJUKYIOTBCS 1€ OUIBII BHCOKOIO BOJIATHJIBHICTIO, TOJI SIK IEPiOJH
HU3BKOI BOJATHIBHOCTI CYTIPOBOJDKYIOTHCS 1€ O1TBIT HU3HKOIO BOJATHIIBHICTIO.

VY mpomy mocmimkeHHI Oyrno BimiOpaHO 5 pi3HMX 3MIHHHX 3a JOMOMOTOIO JITEpaTypu LIS
aHaIi3y 3MIHHHX, [II0 BIUTMBAIOTH Ha MPUOYTOK OiTKOIHIB 3a monomororo moneneit ARCH. 3anexHoro
3MIHHOIO B JIOCJI/DKEHHI € IiHa OiTKoiHa. Pemta 3MiHHUX OyJiM BKJIIOYEHI B MOJEINI SIK HE3aJekKHI
3MiHHi. L{i 3MiHHI HacTIpaB/i € 3SMiIHHUMH, K1 IPUIAHSITI Ta 00paHi sSIK HalKpai cepe] HabOpy 3MIHHUX.
[HmMME croBaMu, 15 3MIHHHMX crovaTKy OyJM JOAaHI O JIOCII/DKEHHS 3a JOIOMOTOI0 JITepaTypu.
[icns mporo OyII0 MPOBENCHO KOPEISAMIHHUH aHami3. Y pe3ylbTaTi KOPEIAIiifHOTo aHaji3y B MOJEIi
Oynu 30epexeHi 3MiHHI 3 HAWBHIIOI KOPEJAIIEI0 3 IIHOI OITKOIHA, fKa € 3aJeKHOI0 3MIHHOIO, 1
HAHMEHIIIO KOPEJIAIiero Mixk co00r0. 11i 3MiHHI: IiHa OITKOIHA, CIIOTOBA I[iHa CUPOI HAQTH, TAPUTET
€BpO-I10J1ap, CIIOTOBA IliHAa 30J10Ta Ta 3BeAcHuH iHIekec NASDAQ

[epiox nocmimkenns — mik 2020 1 2023 pokamu, i BOHO BUBYAJIOCS 3a IOJCHHUMU JaHUMH.
3 moapeHnoro nepioxy mix 2020 1 2023 pokamu Oyno BuiaieHo nHi 06e3 nanux. Komwm BincyThi
CIIOCTEPEKCHHS OyIIN BUIAICHI, pemTa 837 crocTepeXeHb Oy BUBUCHI Y ITbOMY JOCIIKCHHI.

YV X0mi ToCTiKeHHS ITi]] 9ac 3amyCKy MOEIIeH, CTROPSHHX 3a JOTIOMOT OO TIEBHUX METO/IiB, OyIT0
BUSIBJICHO, IIT0 HaWKpamuii pe3ynbraT aae mojaenb GARCH. [Hmmmu cioBamu, I1ij] 9ac MOJICITIOBAHHS
3MIHHHUX, [0 BIUIMBAIOTh Ha OITKOWH (KPUIITOBAIIOTH 3 TOYKU 30pY HACENICHHS), OYJI0 BHIHO, IO
Monenb GARCH nana Haiikpamii pesynbTaTd, Koiu nopiBHIoBanu JiHiiiHy ARCH, y3aranbHeny
ARCH (GARCH), excnionenniansny GARCH i1 noporoBy GARCH mozneni ARCH.

IMopiBasauHA pe3ynbratiB Mogeni GARCH 3 inmmmu monensmu ARCH, He BKITIOYEHUMH B TIC
JOCIIKSHHS, MOYKE OyTH PEeKOMEHIAIIIEO [T Maif0yTHROTO HOCIIKEHHS.

Knrouosi cnosa: aemopezpeciitna ymoena zemepockedacmuka, GARCH, nopozoéa GARCH,
excnonenyiansna GARCH, kpunmoeanioma, 6imkoiin, yughpoei zpouwii, ananiz uacosux paois,
NOpieHANbHUIL aHaNi3, (hinancosuil ananiz

JEL classifacation: C01, C58, C32, G10

Introduction and purpose of the study. central bank or server. The academic literature

Since its launch by Nakamoto in 2008, Bitcoin
has drawn the attention of both investors and
researchers. A decentralized, peer-to-peer
payment system called Bitcoin was created
to promote safer online transactions without
the involvement of a third party [1]. Since
Bitcoin is built on the public distributed
network known as blockchain, its transaction,
issuance and storage are independent of any
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on finance has recently begun to pay more
attention to cryptocurrencies, particularly
bitcoin. Cryptocurrency is a type of digital
asset that serves primarily as a medium of
exchange. It uses cryptography to ensure the
security of all transactions and the control of
all newly created currencies within its own
system. Cryptocurrencies could be considered
a subcategory of digital currencies [2].
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There is a growing body of literature
that studies the determinants of Bitcoin
return. With a sample size of 838, this
study aims to test which of the models
estimated in the analysis explains the Bitcoin
price Dbetter. Autoregressive Conditional
Heteroskedasticity models (ARCH/GARCH/
EGARCH/TARCH) are used to analyse
which of these methods gives a better model
output. For this purpose, 4 independent
variables are included in the study to explain
the Bitcoin price. Based on the correlation
analysis, the best 5 variables were selected,
and the remaining variables discarded from
the further analysis. The selected variables
are Bitcoin price (BTC), crude oil spot price
(CL), Euro Dollar parity (EUR), gold spot
price (XAU)) and NASDAQ Composite
index return (IXIC). All variables are
obtained from investing.com.

The purpose of the study is to ascertain
the number of transactions made digitally by
using currencies that will eventually become
a part of our lives, that can be used only in
digital format, evolve rapidly and emerge as
the new tools for investing and purchasing
in a changing world. The study focuses on
the analysis of the variables that affect the
most popular currency, Bitcoin. Although
the analysis of the variables affecting Bitcoin
was determined as the primary aim of the
study, the study also attempted to reach
a general conclusion about the variables
affected by the cryptocurrencies. Since
no other cryptocurrency is exchanged as
frequently as Bitcoin, it is considered a good
model for studying cryptocurrencies.

Table 1 shows the variables used in the
analysis. The dependent variable is Bitcoin
price, the other variables are added to the

model as independent variables. Independent
variables were selected with the help of
correlation analysis.

Review of literature. The popular
digital currency Bitcoin has been the subject
of many studies in the literature. Researches
[3] have examined the significance of twenty-
one potential drivers of bitcoin returns
for the period 2010 to 2017 (2,533 daily
observations). Within a LASSO framework,
they have studied the effects of factors such
as stock market returns, exchange rates,
gold and oil returns, FED’s and ECB’s rates
and internet trends on bitcoin returns for
alternate time periods. Search intensity and
gold returns emerge as the most important
variables for bitcoin returns.

Some scholars [4] have applied the Gets
reduction method which has a good reputation
compared to other competing approaches in
terms of the statistical apparatus available
for a repeated search to determine the final
set of determinants and the consideration
of location shifts. They have found that
the reduced set of explanatory variables
that affects Bitcoin returns is composed of
Twitter-based economic uncertainty, gold
return, the return of the Euro/USD exchange
rate, the return of the US NASDAQ stock
exchange index, market capitalization, and
Bitcoin mining difficulty. In contrast, the
volatility of Bitcoin is affected only by the
lag terms of the ARCH effect and the volume
of this cryptocurrency.

A study by Adjei (2019) [5] examines
the relationship between Bitcoin mining
technology variables and Bitcoin returns,
using a GARCH-M model. Additionally, it
examines the predictive power of the mining
technology variables on future Bitcoin

Table 1
Variables and definitions
Variable Definition
BTC Bitcoin Price
CL Crude Oil Spot Price
XAU Gold Spot Price
EUR Euro Dollar Parity (Price)
IXIC NASDAQ Composite Index (Price)
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returns. The study finds that mining difficulty
and block size are inversely related to Bitcoin
returns. Additionally, the results of the study
show that the larger the block size, the lower
the price of Bitcoin and therefore the lower
the expected profit. Also, its results show that
mining difficulty and block size are robust
predictors of future Bitcoin returns.

A number of authors [6] consider
a relatively large set of predictors and
investigatethedeterminantsofcryptocurrency
returns at different quantiles. Their analysis
exclusively focuses on the highly volatile
period of COVID-19. One of the drivers
behind the innovation of the paper stems
from the fact that the authors employ the
LASSO penalty within a quantile regression
framework to select informative variables.
The results show that US government bond
indices and small company stock returns
(a new predictor introduced in this study)
significantly impact the tail behavior of the
cryptocurrency returns.

Malladi and Dheeriya (2021) [7] in
their study use the Autoregressive-moving-
average model with exogenous inputs model
(ARMAX), Generalized Autoregressive
Conditionally Heteroscedastic (GARCH)
model, Vector Autoregression (VAR) model,
and Granger causality tests to determine
linkages between returns and volatilities of
Bitcoin and of Ripple. The study finds that
the Bitcoin crash of 2018 could have been
explained using these time series methods. It
also finds that returns of global stock markets
and of gold do not have a causal effect on
Bitcoin returns, and that returns on Ripple
have a causal effect on Bitcoin prices.

Corbet et al.’s study [8] examines the
relationship between news coverage and
Bitcoin returns. It constructs a sentiment
index based on news stories that follow the
announcements of four macroeconomic
indicators: GDP, unemployment, Consumer
Price Index (CPI) and durable goods.
It determines whether each series has a
significant impact on Bitcoin returns. While
anincrease in positive news on unemployment
rates and durable goods typically leads to a
corresponding increase in equity returns, the
opposite is true for Bitcoin.
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Some authors [9] investigate factors
that affected Bitcoin’s price from 2010 and
2018 with the help of the GARCH model.
According to the experimental findings,
the price of Bitcoin is positively correlated
with the DAX, the Nikkei 225, the exchange
rates (USD/Euro, USD/GBP, USD/CHF,
and Euro/GBP), and negatively correlated
with the Fed funds rate, the FTSE 100, and
the USD index. The Fed funds rate has
the biggest impact on the price of Bitcoin,
followed by the exchange rates for the US
dollar, the British pound, and the West Texas
Intermediate. The decision tree and support
vector machine approaches are also used
in this study to forecast the price trend of
Bitcoin.

By combining trade data with the
autoregressive distributed lag model and
the nonlinear autoregressive distributed lag
model, which both capture the asymmetric
effects of explanatory variables, the authors
[10] develop a novel empirical approach based
on Bitcoin sentiment. This approach avoids
relying on opinions of people who are not
Bitcoin users. This research shows the non-
linearity and asymmetry of this relationship
in the short and long runs, as well as the
usefulness of estimating Bitcoin sentiment
using trade data and reveals a strong impact of
the Bitcoin Misery Index (BMI) on short- and
long-term Bitcoin returns.

Abramova and Bohre’s study [11]
details the exploration of the main drivers
and barriers to Bitcoin use. We incorporate
the multiple advantages and disadvantages of
using Bitcoin to create the multidimensional
constructs Perceived Benefit and Perceived
Risk, drawing on the Technology Acceptance
Model and a literature analysis. A theoretical
model describing the use of Bitcoin as an
online payment system for legal purchases
and money transfers is proposed, and
empirical testing of the concept is conducted.
In the context of decentralized and sharing
economy systems, we also consider several
conceptual and methodological opportunities
for developing theories of technology
acceptance.

Research methods and data. In this
study, Bitcoin price is modeled with the
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help of ARCH models to compare the
results with the variables that are thought
to explain the digital currency Bitcoin
price. Using 837 observations as daily
data from investing.com, the outputs of
two models are analyzed and evaluated
between 01.01.2020 and 05.01.2023.
Beyond a variety of outcomes, our main
focus is on the differences between
these models’ outputs. In this regard, the
article will present the models ARCH,
GARCH, EGARCH, TARCH. These
models are ARCH models that give
statistically significant results in terms
of the variables included in the analysis.
Several econometric models attempt
to capture ARCH, or Autoregressive
Conditional Heteroskedasticity, which is
now acknowledged as a significant aspect
of financial data [12]. Using ARCH
class models, this paper provides an
extensive empirical study of the mean and
conditional variance of the Bitcoin series.

Several parametric specifications
of ARCH models have been taken into
consideration for the description of the
features of financial markets in recent
research [13]. The conditional variance
is assumed to be a linear function of the
previous q-squared innovations in the
linear ARCH(q) model, which was first
proposed by [14]. In the generalized
ARCH or GARCH(p,q) model [15], the
conditional variance was proposed to be a
linear function of both the prior g-squared
innovations and the prior p conditional
variances. The exponential GARCH,
or EGARCH, model was proposed by
Nelson (1991) [16]. The EGARCH model
(a member of the family of asymmetric
GARCH models) captures the phenomena
that negative returns indicate more
volatility than positive returns of the
same magnitude. The threshold GARCH,
or TARCH models proposed by Zakoian
in 1990 [17] are two other well-known
asymmetric models.

The distribution of the stochastic error
£, conditional on the actual values of the
We s =0 1% 1,Ve 2, % 5,3 set  of
variables is characterized by the ARCH

model. Engle’s (1982) [14] basic ARCH model,
in particular,

g W1 ~N(Ghe) (1)
he =ap +aefy +--+a,ef, @)
with @y >0 and @ =0,i=1,...,q to
provide that the conditional variance
is positive. Observe that h, clearly

a function of the W, ;) elements as
Eei = Ve —%ei8,i=1,.,q,h;

Equations (1) and (2) differ from each other
not just in that the conditional variance h,
is a function of the conditioning set ¥,_,,
but also in that a specific functional form is
stated.

A rather lengthy lag in the conditional
variance equation is frequently required in
empirical applications of the ARCH model,
and to prevent issues with estimations of the
negative variance component, a fixed lag
structure is typically imposed; see [14], [18].
In this context, expanding the ARCH class
of models to support both a larger memory
and a more flexible lag structure seems
to be of critical practical importance. The
Generalized ARCH, or GARCH, model in
Bollerslev (1986) [15] frequently offers an
alternate and more adaptable lag structure,

ot =0+l ael +1 Bol, =w+a(l)e +p(L)o} 3)

It is expected that the roots of
the  polynomial P(A)-1 are outside
the unit circle, and all parameters in
the  infinite-order = AR  representation
02 = ¢p(L)e? = (1- (L)) a(Lyez must  be
nonnegative to guarantee a well-defined
process; for further information, see Nelson
and Cao (1991) [19] and Drost and Nijman
(1991) [20].

According to GARCH models, the
magnitude but not the sign of the innovation
will determine how the news will affect
conditional volatility. Empirical research
has demonstrated, as mentioned by GARCH,
that increases in volatility are adversely
connected with changes in financial markets.
Nelson (1991)[16] developed the exponential
GARCH (EGARCH) model to address
these issues. In this model, the conditional
variance’s logarithm is expressed as follows:
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Ing? =a, + a:h1 + yp (Iaf =t E[IEHID+ by IncZ 4)

t-1 Op—1

For g, ~N(0,07)the standardised

variable Zt follows a standard normal

d1str1but1on and consequently g [Ef 1]

Tr—1

The paramete @, , captures the leverage
EfF—

effect. For «good news» ( e g 0)
Ci—1

the impact of the innovation &,_,is

Qqp + Ay 22 and for «bad news»

Or—1
((E=2<0) itis (@yp + G:m) = Ifa,, =0
Fr—1 Fr—a
Ing? responds symmetrically to 2=t To
Or—1

produce a leverage effect, @, must be

negative [21].

In the equities markets, it is frequently
noticed that lower moves of the same
magnitude are followed by higher volatilities
than bigger ones. The leverage effect is a
term used to describe this asymmetric effect.
The GARCH model would be viewed as
insufficient to model the volatility in the
presence of such an influence. The models
that allow for such asymmetric shocks to
volatility are the Threshold ARCH (TARCH)
and Exponential ARCH (EGARCH), which
were put forth by Glosten et al. (1993)
[22] and Nelson (1991) [16], respectively.
Following are the details of the TARCH
(1, 1) model:

n=ptan_,t& (5)

Research findings. In this study, all
variables included in the model were included

according to their stationarity levels. That is,
all the variables in the analysis are stationary.
The correlation coefficients between the
variables included in the study based on the
literature review and found to be statistically
significant and the BITCOIN variable under
analysis are shown in Table 2

The table above indicates that there is
a not very low correlation between BTC,
which was chosen as the dependent variable
since it is the subject of the research, and
other variables. The correlation coefficient
between BTC and the IXIC, thatis, NASDAQ
index, is greater than with the others. In other
words, according to the correlation analysis,
the IXIC variable can explain the change in
BTC better than the others. When looking at
the correlation coefficients of other variables
besides BTC, they range from -0.40 to +0.40.
The coefficient is neither too high nor too
low. In other words, independent variables
may be affected by the same events and
not be affected. Therefore, a model can be
created with these variables.

Summary statistics of the models
are shown in Table 3. In this table, when
considering the Akaike information criteria,
it can be seen that the GARCH(1,1) model
gives the best results in estimating the
volatility of the ARCH(2) model when
considering Schwarz information criteria. On
the other hand, the results of this study also
revealed high persistence (maintenance of
shocks over a long period of time), which is
one of the important problems of the ARCH
and GARCH models. When considering
the persistence results summarized in Table
4, the persistence, which was high for the
GARCH and TARCH models, increased
greatly with the EGARCH model. In fact,

Table 2
Correlation coefficients*
BTC CL XAU EUR IXIC

BTC 1 0.4377 0.2001 0.3724 0.8798

CL 0.4377 1 0.2080 -0.4485 0.4481
XAU 0.2001 0.2080 1 0.2967 0.3766
EUR 0.3724 -0.4485 0.2967 1 0.4228
IXIC 0.8798 0.4481 0.3766 0.4228 1

* Calculated by the author.
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Table 3
ARCH Models summary statistics*
Log likelihood Akaike criterion Schwarzcriterion Persistence

ARCH(1) -8208.803 19.631 19.671

ARCH(2) -8200.772 19.659 19.632
GARCH(1,1) -8199.913 19.612 19.657 0.241
GARCH(1,2) -8202.089 19.620 19.671 0.296
TARCH(1,1) -8199.890 19.615 19.665 0.241
EGARCH(1,1) -8216.767 19.653 19.698 0.885

*Calculated by the author. AIC : Akaike Information Criteria, AIC= L-N, N: Number of
parameters. SIC: Schwarz Information Criterion, SIC= L-(N/2)*In(T), T: Number of Observations.
The coefficients of the lagged parameters in the persistence conditional variance equation were found

by summing.

the persistence value, which was around
0.20 for GARCH(1,1), GARCH(1,2)
and TARCH(1,1) increased to 0.08 for
EGARCH(1,1).

Conclusions. To compare the results
with the factors hypothesized to explain
the price of the digital currency Bitcoin,
this study uses ARCH models to model the
price of Bitcoin. The results of each model
are analyzed and assessed between January
1, 2020, and January 5, 2023 using 837
observations as the daily data from investing.
com. Our focus is mostly on the variations in
these models’ outputs rather than the range
of results. From this perspective, the study
established the ARCH, GARCH, EGARCH,
and TARCH models, respectively.

When  considering the  Akaike
information criteria, it can be seen that
the GARCH(1,1) model gives the best
results in estimating the volatility of the
ARCH(2) model when considering Schwarz
information criteria. On the other hand,
the results of this study also revealed high
persistence (maintenance of shocks over

a long period of time), which is one of
the important problems of the ARCH and
GARCH models. When considering the
persistence results summarized in Table
4, the persistence, which was high for the
GARCH and TARCH models, increased
greatly with the EGARCH model. In fact, the
persistence value, which was around 0.20 for
GARCH (1,1), GARCH (1,2) and TARCH
(1,1) increased to 0.08 for EGARCH (1,1)

Using forecasts of future volatility as
data, especially in Bitcoin pricing, highlights
the importance of making correct forecasts.
According to this study, using the GARCH
model, a relatively new model in the ARCH
family, to forecast volatility helps achieve more
accurate forecasts. According to the study’s
findings, investors and portfolio managers
should consider the GARCH model as a
good alternative to other competing volatility
forecasting models. However, it should be
noted that when different frequency data and
different periods are employed, the models that
give good results may change. In fact, this can
be seen in various studies in the literature.
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The aim of this study is to determine the number of transactions among the currencies, which will
eventually become a part of our lives, cannot be physically held, can move quickly, and emerge as a
new shopping and investment tool in the changing world order, as of the year (2023) when this study
was conducted. The study focuses on the analysis of the variables that affect the most popular currency,
Bitcoin. Although the analysis of variables that influence Bitcoin was determined as the primary aim
of the study, the study also attempted to reach a general conclusion about the variables affected by the
cryptocurrencies. Since there is no other cryptocurrency that is traded as much as Bitcoin, Bitcoin is
thought to be a good model for the analysis of cryptocurrencies.

The method used in the study was autoregressive conditional heteroskedastic (ARCH) models. It
is believed that the most suitable models for the Bitcoin variable, whose value changes every second,
are ARCH and its derivatives. Other models selected from the ARCH models were also added to the
analysis as a method. The models used in the study can be listed as follows: linear ARC, generalized
ARC (GARCH), exponential GARCH and threshold GARCH. A statistical model called autoregressive
conditional heteroscedasticity (ARCH) is used to study the volatility of time series. Through the
provision of a volatility model that more closely mimics actual markets, ARCH modeling is utilized
in the financial sector to quantify risk. According to ARCH modeling, periods of high volatility are
followed by even higher volatility, and periods of low volatility are followed by even lower volatility.

In this study, 5 different variables were selected using literature to analyze the variables affecting
Bitcoin returns using ARCH models. The dependent variable in the study is the price of Bitcoin.
The remaining variables were included in the models as independent variables. These variables are
actually variables that are accepted and selected as the best among a set of variables. In other words, 15
variables were first added to the study using the literature. After this, a correlation analysis was carried
out. As a result of the correlation analysis, the variables with the highest correlation with the price of
Bitcoin, which is the dependent variable, and the lowest correlation with each other were retained in
the model. These variables are Bitcoin Price, Crude Oil Spot Price, Euro-Dollar Parity, Gold Spot Price
and NASDAQ Composite Index.

The study period is between 2020 and 2023 and it was studied using daily data. Days with no data
were removed from the daily period from 2020 to 2023 and loss of information was prevented. After
removing missing observations, this study examined the remaining 837 observations.

During the research, while running the models created using different methods, it was found that
the model that gives the best result is the GARCH model. In other words, when modeling the variables
affecting bitcoin (cryptocurrency from the perspective of the population), it was seen that the GARCH
model gave the best results when comparing linear ARCH, generalized ARCH (GARCH), exponential
GARCH, and threshold GARCH of the ARCH model.

Comparing the output of the GARCH model with other ARCH models not included in this study
can be a recommendation for the future study.
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