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This study delves into the dynamics of Bitcoin's hashrate and its correlation with network metrics, aiming to
illuminate the underlying factors shaping Bitcoin's ecosystem. Employing a multi-metric analysis, the research
examines Bitcoin price, public interest, and total daily transactions alongside hashrate data. Findings reveal nuanced
relationships between these variables, with traditional metrics like hashrate showing inconsistent correlations with
public interest over long-term trends. However, short-term analyses unveil potential predictive capabilities, especially
when integrating additional factors like Bitcoin price and daily transactions. A novel metric, termed the 'popularity
coefficient, is introduced, derived from averaging daily values of price, interest, and transactions, offering a more
holistic understanding of Bitcoin's popularity dynamics. The practical implications of this research lie in enhancing our
ability to predict short-term fluctuations in Bitcoin's network dynamics, thereby informing decision-making processes
within the cryptocurrency ecosystem.
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Lle gocnimpkeHHst po3rnsgae guHamiky XelwpenTy Bitcoin Ta iioro B3aEMO3B'SI30K 3 METpUKaMM MepeXi, CnpsMo-
BaHE Ha BUCBIT/IEHHS OCHOBHMX YMHHWKIB, SiKi (DOPMYOTb ekocucTemy Bitcoin. 3acTocoByroun 6aratomMeTpuyHui
aHanis, AoCNiMKeHHS BUBYAE LjiHy Bitcoin, rpoMaAcbKunii iHTepec Ta 3arasibHy KiflbKiCTb LLIOAEHHMX TPaH3akLili pa3om
i3 JaHVMK NPO XeLPEWT. BUsiBNEHI BUCHOBKM PO3KPMBAOTL BifTiIHEHI B3AEMO3B'A3KM MK LMK 3MIHHUMK, Ae Tpaaun-
LiViHI METPYKK, Taki SIK XELLPENT, NoKa3ytoTb HEeCTilki Kopensuii 3 rpOMaACbKiM IHTEPECOM NPOTArOM TPUBAUTUX TEH-
[eHUili. MpoTe aHani3n KOPOTKOCTPOKOBMX NEPIOAIB PO3KPMBAOTL NOTEHLiFHI NPOrHOCTUYHI MOX/IMBOCTI, 0CO6/IMBO
KO/ BPaxoBYyKOTbCS AOAATKOBI (hakTopy, Taki SK LiHa Bitcoin Ta WwoAeHHI TpaH3aku,ii. BBOANTLCS HOBWIA MOKA3HWK,
L0 HA3MBAETLCA «KOEMILIEHT MOMYNSAPHOCTI», SKAA BUNSIMBAE 3 YCEPEAHEHHS WOAEHHUX 3HAYEHb LjiHK, IHTepecy
Ta TpaH3akLUii, Lo [03BO/ISIE OTPUMATHK GiflbLL NOBHE YSIB/IEHHA NPO AMHAMIKY NonynspHoOCTi Bitcoin. MpakTuyHi Ha-
CNifKV LbOro AOCHIKEHHS NONAralTb B NMOKPALLEHHI MOX/IMBOCTEN NPOrHO3yBaHHA KOPOTKOCTPOKOBMX KOMMBAHb
B MepexeBili AuHamili Bitcoin, Tm camum cnpusiroum npouecamM NPUAHATTS PilLEHb Y KPUNTOBAUTHOTHIN ekocucTeMi.
Lle pocnimxeHHA Hafae BaOXNMBI BUCHOBKY /1A iHBECTOPIB, LOCIAHVKIB Ta YYACHUKIB PUHKY KPUNTOBATIOT, AonoMa-
ratoun im Kpate po3ymiti pyHaaMeHTaslbHi YWHHMKY, LLLO BNMBAOTL Ha Bitcoin. BpaxoByroun AuHaMIKY LiHW, iHTep-
€Cy rpOMafiCbKOCTI Ta TpaH3akLili, pa3oM 3 XELUPETOM, CTae MOX/IMBUM HE JIMLLE aHanidyBaTu MUHY/I TEHAEHLT,
ane i pobyTK KpaLLi NPOrHO3u Aas MalibyTHLOro. Kpim Toro, BBEAEHHS «KoeiLieHTa NonyNsSPHOCTI» BiLKPUBAE HOBI
MOX/IMBOCTI /11 OLjiHKM 3arasibHOi NpMAATHOCTI Bitcoin Ta cnpusie po3BuTKY BiflbLL TOYHMX MOAENEN aHanisy PUHKY
KpunToBaultoT. Lie JOCNiKEHHSA CTaE BaX/IMBUM KPOKOM Y HaNPSAMKY IMGLLOr0 po3yMiHHA KPUNTOBaUIIOTHUX PUHKIB
Ta CNpUsie PO3BUTKY BisibLL TOUHMX CTpaTerili iHBECTYBaHHS.

KntouoBi crnoBa: ekoHOMika, KpUnTo, KpunToBastoTn, BTC, XelupeiiT, MyNsTUMETPUYHA aHaliTHKa.
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Formulation of the problem in general.
Given a historical dataset of cryptocurrency
price movements and relevant market data, the
objective is to research how hashrate depends
on popularity and cryptocurrency price. Given
the dynamic nature of the cryptocurrency
market, particularly with respect to mining,
the relationship between hashrate, price, and
popularity is of significant interest. The problem
at hand involves understanding and quantifying
how the hashrate of a cryptocurrency network
is influenced by both its price and its popularity.
Specifically, we seek to explore how changes
in price and popularity metrics affect the overall
hashrate of the network. To formulate this
problem, we need to consider the following
components: Hashrate: The total computational
power dedicated to mining a cryptocurrency
network. This is a fundamental metric that
reflects the security and efficiency of the network.
Price: The market value of the cryptocurrency.
Price fluctuations are common in the volatile
cryptocurrency market and can influence various
aspects of the network, including mining activity.
Popularity: The level of interest and adoption
of the cryptocurrency among users, investors,
and miners. Popularity can be measured by
metrics such as trading volume, social media
mentions, number of active wallets, or mining
pool participation.

Analysis of recent research and
publications. There is not a large number of
published works devoted to the study of crypto
currency and mathematical models. Hayes,
Adam S, Stoll, Kristoufek, Kjeerland, Schar
and Berentsen. That's why this topic has to be
researched in detail.

Unresolved parts of the common problem.
While correlations between cryptocurrency
price, popularity, and hashrate have been
observed, the direction of causality remains
unclear. It's unclear whether changes in price
and popularity drive changes in hashrate, or
if it's the other way around. Resolving this
aspect is crucial for accurately understanding
the dynamics of cryptocurrency markets and
mining activity. Existing research often assumes
linear relationships between price, popularity,
and hashrate. However, the relationships
may be non-linear or exhibit time delays and
asymmetries. Further investigation is needed
to uncover potential non-linearities and better
capture the complexities of these relationships.
External Factors and Confounding Variables:
Cryptocurrency markets are influenced by a
myriad of external factors, such as regulatory

changes, technological advancements, macro-
economic trends, and geopolitical events.
Understanding how these external factors
interact with price, popularity, and hashrate
dynamics is essential for a comprehensive
analysis but remains largely unresolved.

Behavioral Dynamics: The behavior of market
participants, including miners, investors, and
developers, plays a significant role in shaping
cryptocurrency ecosystems. However, the
psychological and behavioral aspects driving
their decisions are not fully understood. Exploring
the behavioral dynamics underlying mining
activity and market sentiment could provide
valuable insights into the relationship between
price, popularity, and hashrate.

The purpose of the article. This article
highlights mathematical approaches for hashrate
dependency on bitcoin price analysis. This article
shows the results of current research.

Presenting main material. In Hayes paper
[1], makes several key assumptions to estimate
the primary factors influencing the price of
Bitcoin. Here is a more detailed explanation of
these assumptions and the framework he builds:

— Computational Power and Bitcoin Value:
Hayes posits that there is a positive correlation
between the computational power employed
by the Bitcoin network and the value of Bitcoin.
The more computational power that is dedicated
to mining Bitcoin, the more secure and valuable
the network becomes. This is because higher
computational power implies a more robust and
tamper-resistant network, which enhances the
trust and perceived value of Bitcaoin.

— Rational Miners: The second assumption
is that all miners operate rationally, seeking to
maximize their profits. Rational miners will only
participate in mining if it is profitable for them to
do so. This means that if a cryptocurrency has
no demand or market value, rational miners
will not waste resources mining it, and they
will redirect their computational power to more
profitable ventures. Essentially, this assumption
links the demand for Bitcoin directly to the efforts
of miners; if there is no demand, there will be no
mining activity.

—  Network Difficulty as a Proxy for Mining
Power: The third assumption is that the network
difficulty can be used as an indicator of the
aggregate mining power of the network. Within
the Bitcoin protocol, the difficulty of mining
adjusts periodically to ensure that blocks are
mined at a consistent rate, regardless of the
total computational power of the network.
If more miners join the network and the total
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computational power increases, the difficulty $
will increase accordingly, and vice versa. E.ay _fWh'EEF'hfda 8

This mechanism ensures the stability and
predictability of the Bitcoin network.

Building on these assumptions, Hayes
constructsaframeworktoillustratetherelationship
between the computational power employed by
a miner and their expected profitability, given the
current conditions of the network. When a miner
evaluates their baseline profitability, they start by
calculating the expected number of bitcoins they
can produce each day. This calculation involves
several factors, including the miner's share of
the total network hash rate, the current network
difficulty, and the Bitcoin block reward.

The expected number of bitcoins produced
per day by a miner can be expressed with the

formula:
BTC (Bp-sec,
= 32 'hrday d
day 8-2

where (3 is block reward (bitcoin per block),
0 is the difficulty (expressed in units of Giga-
Hash/block), p is the hashing power employed
by a miner expressed in Giga-Hash/second,
sec,, is the number of seconds in an hour, hr,,,
is a number of hours in a day and 1/2% is a
normalized probability of a

single hash “solving” a block and is an attribute
of the mining algorithm.

This formula allows miners to estimate their
potential earnings based on their contribution
to the total network hash rate and the current
state of the network. By comparing this
expected revenue with their operational costs
(e.g., electricity, hardware depreciation), miners
can decide whether it is profitable to continue
mining or if they should redirect their resources
elsewhere. These three constants can be fit into
a single parameter 0, so the formula takes the
following view:

@z(ﬁ_pj 0,0=hr,,
day )

The daily cost of mining can be expressed as
follows,

p $
E, = -EEF -hr,,, |,
i (1OOGH/sj(kWh ""WJ

where Eday is the cost per day for a producer,
$/kWh is the price of a kilowatt-hour, and EEF
is the energy consumption efficiency of the
miner's hardware. Given the assumption of
perfect competition so that the marginal cost of
production and the marginal profit are equal, the
equilibrium price takes the following form:

-sec,, 12%.

P=
BTC / day 3-1000GH/s-0

where we set p = 1000 GH/s as in Hayes [1].
The CPM offers a simple but effective framework
for estimating the cost of production price.
However, it simplifies the mining expenses by
dismissing several other important factors, such
as the capital and the operational expenses of
the running mining operation. Another important
drawback of this model emerges around the
times of the bitcoin halving events, when the
reward in bitcoins for finding new blocks is cut in
half: unlike real-world miners, this model does not
anticipate this change and therefore it produces
unreliable results (this issue will be discussed
later in this paper). Interestingly Hayes found
that the CPM Granger-causes the market price
but not the other way around [2].

It is important to note that the Cryptocurrency
Pricing Model (CPM) proposed by Hayes
[1; 2] requires certain inputs that are not easily
observable or reliably approximated. One
such input is the electricity cost, which Hayes
assumes to be a constant USD 0.135 per
kWh — an average global rate at the time of his
publications. However, this assumption does not
reflect the diverse reality faced by miners. For
example, some miners benefit from free energy
through subsidies or covert use, as discussed in
Stoll. [3].

Another critical input is the parameter for
mining equipment’s energy efficiency. While
it is possible to identify the most efficient
mining equipment available at any given time,
determining the distribution of this equipment
among miners is challenging. The actual average
energy efficiency of the network is unknown.
Additionally, there are specialized ASIC models,
like the GMO miners (gmominer.z.com/en),
which have limited market presence but can
significantly impact overall energy efficiency.
This variability in equipment and its distribution
complicates the accurate assessment of the
network's total energy efficiency.

Given that the CPM heavily relies on accurate
data for electricity costs and energy efficiency,
fixing these parameters accurately is crucial
yet difficult. Inaccurate assumptions can lead
to misleading results, making it essential for
researchers and practitioners to approach
these parameters with caution and consider the
potential variability and uncertainties involved.

Kristoufek [4] was one of the first researchers
to emphasize that the factors influencing the
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price of Bitcoin tend to change over time due to
its "dynamic nature and rapid price fluctuations."
This concept was later expanded upon by
Kjeerland , who examined the impact of various
major commodities and indices, different metrics
from the Bitcoin network, and Google Trends
data on Bitcoin price dynamics [5].

Kjeerland converted daily data into weekly
averages to mitigate potential autocorrelation
issues [5]. They also addressed outliers and
structural breaks within the dataset. The data was
divided into three distinct periods for analysis.
They utilized Autoregressive Distributed Lag
(ARDL) and Generalized Autoregressive
Conditional Heteroscedasticity (GARCH) models
for their estimations. Contrary to Hayes' findings
[1,2], Kjeerland [5] discovered that the Bitcoin
network's hashrate did not significantly impact
the market price of Bitcoin. The only exception
was during Bitcoin's exponential growth in 2017,
suggesting that the Bitcoin price likely influences
the hashrate rather than the other way around.

Moreover, their findings indicated that the
Efficient Market Hypothesis (EMH) does not
hold for Bitcoin. They observed that Bitcoin
prices could be explained by their own historical
values, indicating that investors are influenced
by the momentum effect. This effect suggests
that rising prices attract more investors, driven
by the potential for quick profits, consistent with
the "Greater Fool theory" reviewed by Santoni
[6] and the "Momentum theory" discussed in

Kjeerland also demonstrated that Google
Trends data has a positive and significant impact
on Bitcoin prices, aligning with previous studies
[5]. The S&P 500 index was found to have a
positive impact on Bitcoin prices as well, which
the researchers interpreted as a sign of overall
investor optimism and a willingness to invest in
various assets. In contrast, gold and oil prices
were found to be insignificant, and the VIX index
(a measure of market volatility) was also largely
insignificant except for one period.

These findings highlight the complex and
evolving nature of the factors that drive Bitcoin
prices. They underscore the importance of
considering a wide range of variables, including
market sentiment and investor behavior, in
understanding Bitcoin's price dynamics.

With this information, let's apply it to trend
analysis. To validate the correctness of chosen
methods, let's analyze already known data, in
our case it's the bitcoin hashrate trend during
5 years (Graph 1).

Google Trends data tracking global interest in
'‘Bitcoin' over the last five years was chosen for
this analysis and visualized in Graph 2.

For accurate and objective analysis, both
the hashrate trend data (graph 1) and interest
data (graph 2) were normalized and presented
together on graph 3.

At first glance, graph 3 appears to show no
correlation between hashrate and public interest
in cryptocurrencies, especially when considering

detail by Jegadeesh and Titman [7; 8]. long-term trends. However, upon closer
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Graph 1. BTC Hashrate trend for 5 years
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Graph 2. BTC Interest trend for 5 years (according Google Trend results)
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Graph 3. Normalized BTC interest and BTC hashrate trends for 5 years

examination of short-term data, some correlation
becomes evident. However, it remains uncertain
whether public interest in Bitcoin, as measured
by Google searches for 'Bitcoin,' fully represents
its popularity. Further research is required to
obtain a more comprehensive understanding,
necessitating the incorporation of additional data

into the analysis. To enhance the accuracy of
this study, we will also consider the total number
of daily transactions on the blockchain network
(graph 4).

The results of incorporating this additional
data to hashrate trend by normalizing data are
displayed in graph 5.
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Total transactions per day trend
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Graph 4. Total daily transactions in BTC network for 5 years
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Graph 5. Normalized BTC hashrates and total daily transactions
in bitcoin network trends for 5 years

Graph 5 seems to show no correlation
between hashrate and public interest in
cryptocurrencies, particularly over long-term
trends. However, a closer examination of short-
term data reveals some fluctuations. To further
expand this research, we propose incorporating
Bitcoin price data into the analysis. By examining
the relationship between Bitcoin price, hashrate,

public interest (as measured by Google searches
for 'Bitcoin’), and daily blockchain transactions,
we aim to achieve a more comprehensive
understanding of the factors influencing Bitcoin's
popularity and network activity. This additional
data will help to identify any correlations or trends
that may not be apparent when considering each
factor in isolation. Price trend for 5 years is shown
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on graph 6. And results of incorporating pricing
data to hashrate trend by normalizing data are
displayed in graph 7.

After incorporating Bitcoin price data into
the analysis (graph7), the results mirror those
observed with hashrate and public interest data.
Inthe long term, there appears to be no significant
correlation between Bitcoin price and the other
variables. However, a closer examination of
shorter time frames reveals some correlations,

Price trend
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suggesting that Bitcoin price may have a more
immediate relationship with public interest and
network activity.

For the final result, we aim to calculate
the average daily values for Bitcoin price,
public interest, and total daily transactions.
These values will be combined to create a
‘popularity coefficient’ which will provide a
comprehensive metric for assessing Bitcoin's
overall popularity.
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Graph 6. BTC price trend for 5 years
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Graph 7. Normalized BTC hashrates and bitcoin price trends for 5 years
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Price,,, + Tty + g, between these factors and provides insight into
day = 3 , Bitcoin's overall popularity dynamics.

In the final analysis, we compare the hashrate
where F,, — popularity coefficient, Price,,,— with the 'popularity coefficient' to create a more
price, Tt,, - total transaction, [, — interest. comprehensive and representative graph.
In this study, the representation of the 'popularity By juxtaposing these two key metrics, we
coefficient' is visually depicted on the graph aim to gain deeper insights into the interplay
8 alongside Bitcoin price, publicinterest, and total between the technical aspects of Bitcoin's
daily transactions. This graphical representation network and its broader popularity dynamics
allows for a clear visualization of the relationship  (graph 9).
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Graph 8. Popularity coefficient visualization in comparison
with the elements of formation of this coefficient for 5 years
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Graph 9. Popularity coefficient and normalized bitcoin hashrate for 5 years
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We observe that the 'popularity coefficient'
offers results closely aligned with real-world
conditions, potentially serving as a predictive
indicator for short-term fluctuations. This suggests
its utility as a factor for enhancing short-term
predictive models of Bitcoin's network dynamics,
complementing traditional metrics like hashrate.

Conclusions. Our research underscores the
complexity of understanding Bitcoin's popularity
and network dynamics. We found that traditional
metrics like hashrate do not consistently
correlate with public interest over long-term
trends. However, incorporating additional factors
such as Bitcoin price and daily transactions can
provide valuable insights, especially in predicting
short-term fluctuations.

The introduction of the 'popularity coefficient,’
derived from averaging daily values of price,
interest, and transactions, emerged as a
promising tool for gauging Bitcoin's overall

popularity. This metric not only closely reflects
real-world conditions but also demonstrates
potential for enhancing short-term predictive
models for Bitcoin's network dynamics.

Overall, our findings highlight the importance
of considering multiple factors when analyzing
Bitcoin's ecosystem. By integrating diverse
data sources and innovative metrics like the
'popularity coefficient,’ we can gain a more
nuanced understanding of Bitcoin's evolving
dynamics and improve our ability to predict its
future trends.

In summary, while there is a general trend for
the Bitcoin hashrate to increase over time due
to technological advancements and increasing
adoption, it is not completely independent of
external factors such as Bitcoin's price, electricity
costs, regulatory environment, and market
sentiment. These factors can cause fluctuations
in the hashrate over shorter periods.
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