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Abstract

This study compares the relationships between Bitcoin 
and Ethereum’s energy consumption and price dynam-
ics. Using daily frequency data, Augmented Dickey–Fuller 
(ADF), Phillips–Perron (PP), ARDL cointegration tests, and 
Toda–Yamamoto causality analysis were applied to evalu-
ate the effects of cryptocurrency markets on energy de-
mand from both short‑term and long‑term perspectives. 
The results indicate that there is a long‑term cointegration 
relationship between energy consumption and prices for 
Bitcoin, and also unidirectional causality from prices to en-
ergy consumption. In contrast, ARDL boundary test results 
for Ethereum revealed no long‑term relationship, and cau-
sality analysis also failed to detect any directional causality 
between price and energy consumption. This indicates that 
with Ethereum’s transition to a Proof-of-Stake mechanism, 
energy consumption has become independent of price 
movements. The findings reveal that the effects of crypto-
currency markets on the energy economy vary according 
to technology-specific structural characteristics.
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Introduction

Cryptocurrencies, particularly since the emergence of Bitcoin (BTC) in 2009, 
have become a central topic in financial markets, the technology sector, and 
public policy debates. Although the distributed ledger technologies provided 
by cryptocurrencies are attractive due to their potential to reduce intermedi-
ary costs and enable decentralised payments, their energy and environmen-
tal costs have become a focus for both academic circles and policymakers in 
recent years. Due to the computationally intensive nature of Proof-of-Work 
(PoW) mining mechanisms, numerous studies have estimated the energy con-
sumption of the Bitcoin network and the associated carbon emissions to be 
high. For example, De Vries (2018) demonstrated that the Bitcoin network 
has a significant electricity demand, and subsequent detailed calculations re-
vealed that Bitcoin mining’s annual electricity consumption could run to tens 
of thousands of GWh (De Vries, 2018; Stoll et al., 2019). Methodological stud-
ies on this subject emphasise that energy consumption estimates can vary 
significantly depending on the calculation method used and therefore high-
light the need for both upper and lower band estimates and transparent data 
sources (CCAF, 2025; Gallersdörfer et al., 2020).

The price behaviour of cryptocurrency markets has also been studied ex-
tensively in academic literature. Early studies showed that cryptocurrencies 
are highly volatile assets exhibiting bubble tendencies and possessing price 
dynamics distinct from traditional assets (Cheah & Fry, 2015). Subsequent 
empirical analyses point to both short-term speculative movements and long
‑term structural changes in cryptocurrency prices; furthermore, it has been 
reported that volatility dependencies between cryptocurrency markets are 
increasing (Bouri et al., 2020; Koutmos, 2018).

The direct empirical link between energy consumption and crypto prices 
is more limited in the literature, but some studies have found co‑movement 
and causality between the hashrate (the network’s processing power) and 
prices at the time‑frequency level. For example, studies examining the time
‑frequency relationships between hashrate, energy inputs, and prices have 
shown that energy costs and mining profitability can have both short- and 
long‑term effects on prices (Das & Dutta, 2020; Fantazzini & Kolodin, 2020; 
Rehman & Kang, 2021). Although these findings are largely consistent, com-
prehensive comparisons of energy consumption indices with direct cryptocur-
rency price time series—particularly those using cointegration and causality 
frameworks—remain relatively scarce in the literature (Das & Dutta, 2020; 
Qin, 2023; Rehman & Kang, 2021).

Therefore, comprehensively testing the relationship between energy con-
sumption indicators and the price dynamics of major crypto assets such as 
Bitcoin (BTC) and Ether (ETH) offers unique contributions to both financial 
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economics and environmental policy discussions. Importantly, Ether refers to 
the crypto asset, while Ethereum denotes the underlying blockchain technol-
ogy (EU Blockchain Observatory and Forum, 2023). Ether is included not to 
replicate Bitcoin’s energy–price dynamics, but to serve as a benchmark case 
illustrating how transitioning the Ethereum network from Proof‑of‑Work to 
Proof‑of‑Stake (PoS) can fundamentally alter—and potentially eliminate—the 
link between market prices and energy consumption.

This study contributes to the growing literature on cryptocurrency energy 
economics in several important ways. Firstly, unlike most existing studies that 
focus primarily on Bitcoin, this paper provides a comparative analysis of Bitcoin 
and Ether within a unified econometric framework, allowing for a direct as-
sessment of how different consensus mechanisms shape the price‑energy rela-
tionship. Secondly, by jointly applying ARDL cointegration and Toda–Yamamoto 
causality tests, the study disentangles long‑run equilibrium relationships from 
short‑run causal dynamics. Thirdly, the findings offer post‑Merge empirical evi-
dence showing that Ethereum’s transition to Proof‑of‑Stake has fundamentally 
altered the interaction between energy consumption and market prices. These 
results extend the literature by demonstrating that the energy–price nexus in 
cryptocurrencies is technology‑specific rather than universal, with important 
implications for sustainability‑oriented blockchain design.

Accordingly, this study empirically examines the long- and short‑term re-
lationships between cryptocurrency prices and energy consumption within 
a formal hypothesis‑testing framework. In pursuit of this objective, the paper 
first defines the data set and variables, then applies unit root and cointegration 
tests (ADF, PP, and ARDL‑bounds) as well as Granger (1969) Toda–Yamamoto 
causality analyses to identify potential long‑term and directional linkages. The 
remainder of the paper is organised as follows: Section 1 reviews the rele-
vant literature, Section 2 outlines the data and methodology, Section 3 pre-
sents the empirical results, and the final Section discusses the findings and 
draws conclusions, including the implications for policy and future research.

1. Literature review

Two main lines of research on cryptocurrencies stand out in the literature: 
(1) the energy consumption and environmental impacts of mining; (2) cryp-
tocurrency price dynamics, volatility, and market linkages. This strand is dis-
cussed here in the context of crypto‑energy interactions, as price dynamics 
and volatility directly affect mining incentives and energy demand.

In his study, de Vries (2018) focused on the energy consumption of Bitcoin 
mining and quantitatively assessed the contribution of the Proof‑of‑Work 
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mechanism to the growing demand for electricity. He presented the concerns 
frequently voiced in public regarding the Bitcoin network’s energy consump-
tion with concrete data and computational approaches. He particularly em-
phasised the energy intensity of mining activities and its increase over time. 
This study is one of the first significant contributions that regularly brings 
the energy dimension of crypto mining into the academic research agenda.

Gallersdörfer et al. (2020) took a broader perspective, examining the en-
ergy consumption not only of Bitcoin but also of various other cryptocurren-
cies. This study demonstrated that other crypto assets besides Bitcoin are also 
significant in terms of energy consumption and that similar energy problems 
exist for many Proof‑of‑Work‑based tokens. It also highlighted the limitations 
of the estimation methods used.

Kumar and Anandarao (2019) presented evidence on the time‑frequency 
level regarding volatility spreads in cryptocurrency markets by combining 
GARCH and wavelet analyses. Their findings, particularly that volatility link-
ages change across different time scales (short, medium, long term), demon-
strated the usefulness of wave‑based methods in cryptocurrency research. 
On the other hand, Bouri et al. (2020), in their study on the volatility struc-
ture of cryptocurrency assets, separated the transient and persistent com-
ponents of volatility and showed how the relationships between volatility 
components change during periods of market stress. Such studies are im-
portant for understanding the sources and persistence of volatility in cryp-
tocurrency markets. In another study, Fantazzini and Kolodin (2020) focused 
on the relationship between Bitcoin’s hashrate and its price, suggesting that 
changes in mining power could be linked to long‑term price dynamics. Such 
analyses demonstrate that mining activities can indirectly influence market 
mechanisms.

Rehman and Kang (2021), meanwhile, identified time‑frequency co
‑movement between Bitcoin’s hashrate and energy commodity markets. 
This suggests that price changes in energy markets may be indirectly related 
to mining costs and, consequently, mining activities. The study is valuable in 
that it shows that energy‑crypto interactions are influenced not only by local 
but also by global energy market conditions. In another study, Das and Dutta 
(2020) analysed the relationship between mining revenues and Bitcoin ener-
gy consumption, showing that energy consumption increases as mining prof-
itability rises during periods of high prices. This finding directly supports the 
price‑energy relationship, strengthening the hypothesis that price increases 
energy demand through mining incentives.

Marchewka‑Bartkowiak and Wiśniewski (2022) examined energy‑focused 
tokens as financial investment instruments and highlighted the intersection 
between energy markets and digital assets. This study emphasises that cryp-
to assets should be examined not only for their financial returns but also for 
their energy market and sustainability dimensions, aligning with this study 
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that addresses the energy consumption and price dynamics of Bitcoin and 
Ether together. In another study, Barbu et al. (2022) examined the safe‑haven 
function of cryptocurrencies during the COVID‑19 period using a threshold 
regression approach and found that cryptocurrencies exhibited different be-
havioural patterns depending on market conditions. These findings support 
the idea that crypto assets may be sensitive to regimes in terms of both fi-
nancial stability and energy consumption, reinforcing the importance of the 
structures examined in our study using ARDL and causality analysis.

In Qin’s (2023) study, the relationship between Bitcoin’s energy consump-
tion and carbon emissions in the US context was empirically examined. The 
study found that Bitcoin mining affected US energy consumption and carbon 
emissions during certain periods based on time‑series analyses; however, the 
magnitude and direction of this impact were shown to vary depending on 
electricity generation sources, regional energy market conditions, regulatory 
interventions, and seasonal fluctuations in mining activity. This study contrib-
utes to the empirical literature by highlighting that the environmental effects 
of crypto mining are not uniform over time and depend on country‑specific 
energy structures, thereby underlining the importance of contextual factors 
in price‑energy interaction studies.

The study by Sapra et al. (2024) addressed the non‑linear relationships 
and causality patterns between Bitcoin energy consumption, price, and the 
Crypto Volatility Index. Using time‑frequency and causality methods, Sapra 
identified the asymmetric effects of price fluctuations on energy consumption, 
pointing to the necessity of using non‑linear models in price‑energy research.

Adewuyi et al. (2024) questioned whether Bitcoin’s electricity consump-
tion and carbon footprint time series conform to the random walk hypothe-
sis. The research showed that energy consumption/CO₂ series exhibited sur-
prising movements in some periods and that simple random walk assump-
tions are not always valid. In another study by Wang et al. (2024), dynamic 
volatility contagion between multiple cryptocurrencies and energy markets 
was examined. This study revealed that crypto‑energy interactions may be 
related not only to direct energy consumption data but also to energy mar-
ket prices and volatility indicators. The findings demonstrate the potential 
for macro‑level linkages between crypto assets and energy markets and the 
need for flexible policies.

The study by Bilirer and Zeren (2024) is noteworthy as an empirical study 
centred on Turkey. In this study, Fourier Granger causality and Fourier‑ADL 
cointegration tests were applied using weekly price, energy consumption, and 
CO₂ emission series for Bitcoin and Ethereum. The results indicated recipro-
cal effects between price and energy/CO₂ and highlighted how Fourier‑based 
methods offer approaches beyond the median.

Although the existing literature on cryptocurrencies has expanded rapidly, 
it has largely evolved along two parallel strands. The first strand focuses on 
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energy consumption and environmental impacts, examining electricity us-
age, carbon emissions, and sustainability concerns associated primarily with 
Proof‑of‑Work‑based systems (e.g., De Vries, 2018; Krause & Tolaymat, 2018; 
Stoll et al., 2019). The second strand concentrates on price dynamics and mar-
ket behaviour, analysing returns, volatility, and speculative characteristics of 
cryptocurrency prices (e.g., Cheah & Fry, 2015; Corbet et al., 2018; Koutmos, 
2018). Despite the rich insights provided by both strands, studies that direct-
ly integrate energy consumption indicators with cryptocurrency price series 
using cointegration and causality frameworks remain relatively scarce (Das & 
Dutta, 2020; Qin, 2023; Rehman & Kang, 2021). By jointly examining energy 
consumption indices and price dynamics for Bitcoin and Ether within a uni-
fied empirical framework, the present study bridges this gap and contributes 
to a more integrated understanding of the economic and environmental di-
mensions of cryptocurrency markets.

Both the energy consumption and price dynamics of cryptocurrencies 
have attracted considerable attention in the literature; energy‑focused stud-
ies quantify the environmental costs of mining, while financial studies pro-
vide in‑depth empirical evidence on price volatility, volatility contagion, and 
market linkages. However, at the intersection of these two lines of research, 
comprehensive studies that systematically address the long‑term cointegra-
tion and directional causality relationships between energy consumption in-
dices and cryptocurrency prices are limited. The existing literature has mostly 
focused on the hashrate and price relationship or crypto‑crypto volatility spill-
overs, and the assessment of the relationships between energy consumption 
indices and prices from a cointegration and causality perspective has rarely 
been conducted. This study contributes to the literature by testing long‑term 
equilibrium relationships, short‑term adjustment mechanisms, and direction-
al causality between energy consumption indices and cryptocurrency prices, 
focusing specifically on Bitcoin (BTC) and the crypto asset Ether (ETH).

2. Dataset and variables

This study uses daily time series data covering the period from 20 May 
2017 to 23 October 2025 to examine the long‑term relationships and cau-
sality between energy consumption and price dynamics in the Bitcoin (BTC) 
and Ether (ETH) markets. The variables of the study are cryptocurrency prices 
and energy consumption indicators. Price data for Bitcoin and Ether are ob-
tained from CoinMetrics, while energy consumption indicators are sourced 
from the Cambridge Bitcoin Electricity Consumption Index (CBECI) provided 
by the Cambridge Centre for Alternative Finance.
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As cryptocurrency markets operate 24/7, the term “closing price” can be 
ambiguous. We therefore define the daily price as the data provider’s daily 
close (end‑of‑day) quotation recorded at 00:00 UTC for each calendar day, 
following the standard convention used by CoinMetrics. Accordingly, we use 
the term “daily close (end‑of‑day) price” to reflect the continuous trading 
structure of cryptocurrencies. The series have been transformed into natural 
logarithms, as is common practice in the financial literature. This approach, 
which aims to measure the impact of changes in energy consumption on price 
formation, has also been adopted in previous studies (Krause & Tolaymat, 
2018; Sapra et al., 2024).

The key variables of the study are energy consumption indicators for 
Bitcoin and Ethereum. Bitcoin energy consumption data was obtained from 
the Cambridge Bitcoin Electricity Consumption Index (CBECI) platform, rec-
ognised as the most comprehensive data source on a global scale; Ethereum 
energy consumption data was obtained from the Digiconomist database, cov-
ering the Ethereum Proof‑of‑Work (PoW) period.

Energy consumption data shows estimated electricity consumption in 
terawatt‑hours (TWh) or kilowatt‑hours (kWh) per day. It is known that ener-
gy consumption indices are not officially reported and are largely modelled 
and calculated based on variables such as mining hashrate, hardware energy 
efficiency, and geographical distribution (CCAF, 2023). Therefore, although en-
ergy consumption series are based on estimates, the CBECI and Digiconomist 
platforms are widely referenced by academic circles (Rehman & Kang, 2021; 
Sapra et al., 2024). The variables used in the study are as shown in Table 1.

Table 1. Variable definitions

Variables Definition Period Frequency Source

BTC_P Bitcoin daily close (end
‑of‑day) price (USD) 2017–2025 daily CoinMetrics

ETH_P Ether daily close (end
‑of‑day) price (USD) 2017–2025 daily CoinMetrics

BTC_E Bitcoin energy con-
sumption index (TWh) 2017–2025 daily CBECI

ETH_E Ethereum energy con-
sumption index (TWh) 2017–2025 daily CBECI

Source: own work.

The “Estimated TWh per Year” series reported under the Cambridge Bitcoin 
Electricity Consumption Index (CBECI) was used as the energy consumption 
index. This series is widely used in the literature as the most probable energy 
consumption estimate, taking into account hardware efficiency and hashrate 
distribution (Sapra et al., 2024).
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3. Method

This study examines the long‑term relationship and causality between en-
ergy consumption and price dynamics in the Bitcoin and Ethereum markets. To 
this end, the following tests were applied: (1) Augmented Dickey–Fuller (ADF) 
and Phillips–Perron (PP) unit root tests to determine the stationarity proper-
ties of the series; (2) the Autoregressive Distributed Lag (ARDL) cointegration 
test to investigate the long‑term relationship between the series; (3) the Toda–
Yamamoto (TY) Granger causality test to determine the direction of causali-
ty. The methodological framework is parallel to the econometric approaches 
frequently used in the literature for energy consumption‑oriented analyses 
of crypto assets (Bilirer & Zeren, 2024; Mensi et al., 2022; Sapra et al., 2024).

3.1. Unit root tests

To avoid spurious regression in time series analyses, testing the stationari-
ty of the series is a prerequisite (Enders, 2015). In this context, the stationari-
ty levels of all series were first examined using the Augmented Dickey–Fuller 
(ADF) and Phillips–Perron (PP) tests. While the ADF test aims to eliminate 
autocorrelation by using additional lags in the model (Dickey & Fuller, 1981), 
the PP test has a more flexible structure against heteroscedasticity and serial 
correlation (Phillips & Perron, 1988). Applying both tests ensures the robust-
ness of the stationarity results.

The stationarity of the series has been tested at the level and in the first 
difference. Determining the degree of stationarity is important for establish-
ing the applicability of the ARDL model and for determining the necessary 
degree of integration for the Toda–Yamamoto test.

3.2. ARDL cointegration test

The Autoregressive Distributed Lag (ARDL) bounds test approach developed 
by Pesaran et al. (2001) was applied to examine the existence of a long‑term 
relationship between the series. The ARDL model was preferred because it can 
work even when variables have different integration orders (I(0) or I(1)), it can 
provide reliable results in small samples, and it offers the possibility of esti-
mating both short‑ and long‑term coefficients simultaneously (Narayan, 2005).

In the ARDL bounds test approach, the appropriate lag lengths were first 
determined based on information criteria, and then the presence of cointe-
gration was tested using the F‑statistic. If the calculated F‑statistic exceeds 
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the upper critical values provided by Pesaran et al. (2001), it is concluded that 
there is a long‑term relationship between the variables.

After estimating the long‑term coefficients, short‑term dynamics were an-
alysed using an error correction model (ECM). The negative and statistically 
significant ECM parameter was interpreted as an indicator of the speed of 
return to long‑term equilibrium (Banerjee et al., 1996). The ARDL Bound Test 
equation involving two variables to be performed in order to reveal the coin-
tegration relationship is as follows:

 0 1 2 3 1 4 1
1 1

Δ  
m m

t i t i i t i i t t t
i i

Y β β Y β X β Y β X ε− − − −
= =

= + + + + +∑ ∑ � (1)

where: ∆Yt represents the dependent variable, Xt represents the indepen-
dent variable, εt represents the error term, and m represents the optimal lag 
length, which is the value where the information criteria are smallest. The 
hypotheses regarding the existence of cointegration in the ARDL bounds test 
model are as follows:”

H0: β3 = β4 = 0 (There is no cointegration.)
H1: Ǝβi < 0, i = 3,4 (There is cointegration.)”

“In the ARDL bounds test approach, after revealing the cointegration rela-
tionship for the variables, the long‑term relationship coefficients of the var-
iables are examined. Furthermore, the existence of short‑term deviations 
from the long‑term relationship can also be examined using an error correc-
tion model. Although the primary focus of the study is on long‑term relation-
ships, the error correction model is employed to capture short‑run dynamics 
and the speed of adjustment toward long‑run equilibrium. The equation for 
the long‑term relationship is as follows:”

 0 1 2
1 0

 
m n

t i t i i t i t
i i

Y β β Y β X ε− −
= =

= + + +∑ ∑ � (2)

“In the equation, Yt is the dependent variable, Xt is the independent vari-
able, β0 is the constant term, εt is the error term, is the error term, and m and 
n represent the optimal lag length.”

3.3. Toda–Yamamoto causality test

The augmented Granger causality approach proposed by Toda and 
Yamamoto (1995) was used to determine the direction of causality between 
energy consumption and cryptocurrency prices. This test offers significant 
advantages over the traditional Granger causality test because it can be ap-
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plied independently of the integration degrees of the variables and possible 
cointegration relationships (Dolado & Lütkepohl, 1996).

The study examined the bidirectional causal relationship between both the 
BTC price‑BTC energy consumption and the ETH price‑ETH energy consump-
tion. The results obtained enable an assessment of whether energy consump-
tion is a factor driving price formation in the market. The VAR (m + d max) 
model estimated in the Toda–Yamamoto causality approach consists of (Toda 
& Yamamoto, 1995):

 
max max

1 1 1 1 1
1 1 1 1

 
m m d d

t i t i i t i i t i i t i t
t i j m j m

Y ω a x β Y δ X θ Y ε− − − −
− = = + = +

= + + + + +∑ ∑ ∑ ∑ �  (3)

 
max max

2 2 2 2 2
1 1 1 1

m m d d

t i t i i t i i t i i t i t
i i j m j m

X φ a X β Y δ X θ Y ε− − − −
= = = + = +

= + + + + +∑ ∑ ∑ ∑ �  (4)

“The appropriate lag length (m) can be determined using information cri-
teria, while the maximum integration order (d max) can be determined using 
unit root tests. To determine the existence of a reciprocal causality relation-
ship between the variables, the hypotheses H0:α1i = 0 and H0:α2i = 0 are test-
ed using the adjusted Wald test statistic. If the calculated test statistic value 
is greater than the X 2 table value with k degrees of freedom, the above hy-
potheses are rejected (Toda & Yamamoto, 1995).”

3.4. Research hypotheses

This study aims to examine the relationships between price dynamics in 
the Bitcoin and Ether markets and the energy consumption indices of these 
networks from both long‑term and short‑term perspectives. While price–
hashrate and price–volatility relationships have been extensively studied in 
the literature, only a limited number of studies have systematically examined 
cointegration and directional causality between energy consumption indices 
and cryptocurrency prices (Das & Dutta, 2020; Qin, 2023; Rehman & Kang, 
2021). By extending this line of research, the present study provides a com-
parative analysis of Bitcoin and Ether within a unified econometric framework, 
thereby highlighting how consensus mechanisms shape the price‑energy re-
lationship. Four main hypotheses are presented below.

H1: �There is a long‑term cointegration relationship between the Bitcoin price 
and the Bitcoin energy consumption index.

Theoretically, persistent price increases may lead to increased mining prof-
itability, thereby expanding mining capacity and, consequently, energy con-
sumption. Conversely, persistent or long‑lasting changes in energy costs may 
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affect mining margins and thus long‑term pricing expectations. Therefore, 
a long‑term relationship (cointegration) may emerge between the BTC price 
and the BTC energy index. Empirically, this hypothesis is tested using the 
ARDL bounds test.

H2: �There is a  long‑term cointegration relationship between Ether’s price 
during its PoW period and the Ethereum energy consumption index; how-
ever, the transition to PoS (Merge) weakens or eliminates this relationship.

Under the PoW mechanism, sustained increases in the price of ETH are ex-
pected to affect energy consumption by increasing mining incentives; there-
fore, a long‑term relationship similar to H1 is possible for the PoW period. 
However, due to the dramatic drop in energy consumption after ‘The Merge’ 
in September 2022, it is likely that the cointegration structure will change or 
disappear.

H3: �Short‑term shocks in cryptocurrency prices (especially positive price 
shocks) increase mining profitability, leading to short‑term increases in 
energy consumption.

As a market mechanism, sudden increases in prices can raise mining rev-
enues and, consequently, the intensity of mining activities; this results in an 
increase in energy demand in the short term. This directional effect will be 
tested using the Toda–Yamamoto method; finding positive causality provides 
empirical evidence that price fluctuations create physical effects through the 

Table 2. Research hypotheses summary

Hypo­
thesis 
Code

Hypothesis Test method
Expected 

relationship / 
direction

H1
There is a long-term cointegration rela-
tionship between the Bitcoin price and the 
Bitcoin energy consumption index

ARDL 
Cointegration

Long-term posi-
tive relationship

H2

There is a long-term cointegration relation-
ship between the price of Ethereum during 
its PoW period and the Ethereum energy 
consumption index; the transition to PoS 
weakens or eliminates this relationship

ARDL 
Cointegration 
+ Sub-Period 

Analysis

PoW: positive 
long-term rela-
tionship; PoS: 
weak/no rela-

tionship

H3
Short-term changes in cryptocurrency prices 
Granger-cause energy consumption (Price 
→ Energy)

Toda–Yamamoto 
Causality

Positive short
‑term effect

H4
Changes in energy consumption Granger-
causally affect cryptocurrency prices 
(Energy → Price)

Toda–Yamamoto 
Causality

Weak/uncertain 
short-term ef-

fect

Source: own work.
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energy demand channel and points to important policy implications for en-
ergy supply‑demand management.

H4: �Changes in energy consumption (e.g., rapid increases or cost shocks) may 
create short‑term effects on cryptocurrency prices.

Sudden increases in energy consumption or rises in energy costs can affect 
mining profitability and perceptions of network security, thereby altering inves-
tor expectations and consequently prices. Identifying energy → price Granger 
causality will provide empirical evidence regarding the channel through which 
shocks in energy markets are transmitted to crypto asset prices.

According to Table 2, which summarises the research hypotheses, hypoth-
eses H1 and H2 aim to test whether there is a long‑term structural equilibri-
um relationship between market prices and energy consumption. Hypotheses 
H3 and H4, on the other hand, focus on the direction of the relationship and 
evaluate short‑term dynamics.

4. Findings

First, the stationarity properties of the Bitcoin and Ether price series and 
the energy consumption indices related to these assets were examined us-
ing the Augmented Dickey–Fuller (ADF) and Phillips–Perron (PP) unit root 
tests. After determining the stationarity structure, the ARDL bounds test ap-
proach developed by Pesaran et al. (2001) was applied to test whether there 
was a long‑term relationship between the variables. At this stage, optimal lag 
lengths were determined by considering information criteria, and appropri-
ate ARDL models were constructed to estimate the long‑term coefficients. In 
the subsequent stage, an extended VAR model based on the Toda–Yamamoto 
(1995) approach was used to reveal the short‑term causality relationships be-
tween the variables.

4.1. Unit root test results

This subsection examines the stationarity properties of the Bitcoin and 
Ether price series used in the study and the energy consumption indices re-
lated to these assets. In this context, Augmented Dickey–Fuller (ADF) and 
Phillips–Perron (PP) unit root tests were applied to assess whether the se-
ries are stationary at their levels or in their differences. While the ADF test 
addresses the autocorrelation issue with lagged difference terms, the PP test 
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offers a more flexible structure by considering possible serial correlations and 
heteroskedasticity in the error terms using non‑parametric methods. The com-
bined use of both tests allows for a more robust determination of the degree 
of integration of the series. Table 3 presents the ADF and PP test results and 
provides a detailed interpretation of the findings regarding the degree of in-
tegration of the series.

Table 3. ADF and PP unit root test results

Variab­
les Test Level 

t‑statistic Level p
1st 

difference 
t‑statistic

1st differ­
ence p

Critical 
value (1%)

Result 
(I(d))

lnBTC_E ADF –4.0227 0.0013 –25.9362 0.0000 –3.435 I(0)

PP –4.1123 0.0009 –41.1083 0.0000 –3.435 I(0)

lnBTC_P ADF –1.6374 0.4632 –58.3172 0.0000 –3.435 I(1)

PP –1.6316 0.4662 –58.2538 0.0001 –3.435 I(1)

lnETH_E ADF –0.9510 0.7722 –18.8100 0.0000 –3.435 I(1)

PP –1.8902 0.3372 –107.9101 0.0001 –3.435 I(1)

lnETH_P ADF –2.1215 0.2363 –38.1731 0.0000 –3.435 I(1)

PP –2.1096 0.2410 –58.3352 0.0001 –3.435 I(1)

Note: The critical value threshold is 1%, in line with MacKinnon (1996).

Source: own work.

The ADF and PP unit root tests were applied to assess whether the series 
were stationary at their levels. The findings indicate that the Bitcoin energy 
consumption series (LNBTC_E) is stationary at its level, both according to the 
ADF and PP tests. In contrast, the Bitcoin price series (LNBTC_P), Ethereum 
energy consumption (LNETH_E), and Ether price series (LNETH_P) show the 
presence of a unit root at the level in both the ADF and PP tests.

ADF and PP unit root tests were applied to assess whether the series were 
stationary at their levels. The findings indicate that the Bitcoin energy con-
sumption series (LNBTC_E) is stationary at its level, in both ADF and PP tests. 
In contrast, the Bitcoin price series (LNBTC_P), Ethereum energy consump-
tion (LNETH_E) and Ether price series (LNETH_P) indicate the presence of 
a unit root at the level in both the ADF and PP tests, revealing that they are 
not stationary. These results validate the applicability of ARDL cointegration 
analysis and the methodological justification of setting the maximum de-
gree of integration (d max) to 1 for the VAR model in the Toda–Yamamoto  
causality test.
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4.2. ARDL bound test results

The unit root test results showed that the variables were integrated at 
the I(0) and I(1) levels, making the ARDL bounds test approach developed by 
Pesaran et al. (2001) applicable. The ARDL method allows series with differ-
ent integration orders to be analysed in the same model and is widely pre-
ferred in the time‑series literature due to its high estimation power in small 
samples. Descriptive statistics are evaluated in Table 4.

Table 4. Descriptive statistics

LNBTC_E LNBTC_P LNETH_E LNETH_P

 Mean 1.740297 4.316554 –0.781668 2.931164

 Median 1.731.895 4.363605 0.453821 3.130999

 Maximum 2.195326 5.095823 1.287155 3.681995

 Minimum 0.619043 3.281965 –5.723042 1.617629

Standard deviation 0.307732 0.454565 2.100261 0.522715

 Skewness –1.346475 –0.123947 –0.545067 –0.415975

 Kurtosis 5.340976 1.915679 1.419403 1.798104

 Jarque-Bera 1.632898 1.586713 4.726632 2.739421

 Probability 0.000000 0.000000 0.000000 0.000000

 Sum 5.356633 13286.35 –2.405191 9.019193

 Sum of squared deviations 2.913880 6.357986 13568.53 8.404595

 Observations 3078 3078 3078 3078

Source: own work.

The basic characteristics of the series differ in various aspects. The standard 
deviation values show that the volatility in Ethereum’s energy consumption 
is relatively high compared to other series, indicating that seasonal changes 
in energy usage are more pronounced. The skewness and kurtosis values de-
viating significantly from normal distribution indicate that the series are not 
symmetrical and that the tail behaviour is heavier than in normal distribution.

Table 5. ARDL bound test for Bitcoin energy consumption 

“Model K M F-Statistic Signifi
cance level

Lower 
bound

Upper 
bound

1% 4.94 5.58

ARDL (10.9) 10 12 7.5573531 5% 3.62 4.16

10% 3.02 3.51

Source: own work.
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According to Table 5, the F‑statistic value obtained from the ARDL(10,9) 
model, which examines the relationship between Bitcoin energy consump-
tion and Bitcoin price, exceeds the upper limits of the critical values proposed 
by Pesaran et al. (2001) at 1% significance levels. Therefore, the null hypoth-
esis of no cointegration is strongly rejected, and it is concluded that there is 
a  long‑term relationship between Bitcoin prices and energy consumption. 
This finding is consistent with the literature suggesting that Bitcoin mining is 
directly linked to economic incentives; as prices rise, mining becomes more 
profitable, leading to more miners joining the network and an increase in to-
tal energy consumption.

Table 6. ARDL Bitcoin energy consumption error correction model

Variable Coefficient Standard error t-statistic Probability

D(LNBTC_E(-1)) 0.228412 0.018000 12.68948 0.0000

D(LNBTC_E(-2)) 0.084282 0.018463 4.564906 0.0000

D(LNBTC_E(-3)) –0.038588 0.018327 –2.105546 0.0353

D(LNBTC_E(-4)) 0.056194 0.018295 3.071488 0.0021

D(LNBTC_E(-5)) –0.046578 0.018253 –2.551816 0.0108

D(LNBTC_E(-6)) –0.068430 0.018230 –3.753721 0.0002

D(LNBTC_E(-7)) –0.149019 0.018275 –8.154469 0.0000

D(LNBTC_E(-8)) –0.014774 0.018422 –0.801944 0.4226

D(LNBTC_E(-9)) 0.053736 0.017959 2.992183 0.0028

D(LNBTC_P) –0.009857 0.010433 –0.944797 0.3448

D(LNBTC_P(-1)) –0.004102 0.010452 –0.392497 0.6947

D(LNBTC_P(-2)) –0.009433 0.010444 –0.903230 0.3665

D(LNBTC_P(-3)) –0.006628 0.010434 –0.635286 0.5253

D(LNBTC_P(-4)) 0.029702 0.010426 2.848865 0.0044

D(LNBTC_P(-5)) –0.001947 0.010434 –0.186585 0.8520

D(LNBTC_P(-6)) 0.000511 0.010427 0.048991 0.9609

D(LNBTC_P(-7)) –0.001867 0.010420 –0.179209 0.8578

D(LNBTC_P(-8)) 0.034981 0.010407 3.361401 0.0008

CointEq(-1)* –0.003092 0.000649 –4.763081 0.0000

R-squared 0.128387  Mean dependent variable 0.000465

Adjusted R-squared 0.123241  S.D. dependent variable 0.009810

S.E. of regression 0.009186  Akaike info criterion –6.536199

Sum squared residuals 0.257257  Schwarz criterion –6.498863

Log likelihood 10045.53  Hannan–Quinn criterion –6.522785

Durbin–Watson stat﻿istic 1.999098

Source: own work.
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According to Table 6, the error correction term coefficient (–0.003092) in 
the model is statistically significant (t = –4.763; p = 0.0000). The negative and 
significant nature of the error correction term coefficient indicates that there 
is a long‑term equilibrium relationship between the series and that short‑term 
shocks gradually disappear in the long term. However, the coefficient’s very 
small value indicates that the system’s return to equilibrium is slow. The use 
of daily data, the lengthy adaptation process of mining equipment, and the 
difficulty adjustment occurring through block times are among the natural 
causes of these slow effects.

Looking at the short‑term coefficients, it can be seen that a large propor-
tion of the lags in the Bitcoin energy consumption series are significant. This 
indicates that energy consumption has a strong autoregressive structure and 
that short‑term changes are largely influenced by its own internal dynamics. 
In contrast, the vast majority of Bitcoin price short‑term coefficients are not 
significant; this indicates that short‑term movements in the Bitcoin price do 
not have a rapid effect on energy consumption, and that energy consumption 
is shaped more by long‑term price incentives.

Table 7. ARDL boundary test results for the Ethereum energy consumption model

“Model K M F-Statistic Signifi
cance level

Lower 
bound

Upper 
bound

1% 6.84 7.84

ETH‑ARDL (5.0) 10 12 1.2182841 5% 4.94 5.73

10% 4.04 4.78

Source: own work.

According to Table 7, the F‑statistic value in the ARDL (5.0) model estab-
lished for Ethereum is well below even the lowest threshold of Pesaran critical 
values. Therefore, the null hypothesis, according to which there is no long
‑term relationship, cannot be rejected. In other words, there is no long‑term 
cointegration relationship between the Ether price and Ethereum energy 
consumption. This finding is consistent with Ethereum’s transition from the 
Proof‑of‑Work (PoW) mechanism to the Proof‑of‑Stake (PoS) mechanism in 
2022. The PoS mechanism has dramatically reduced energy consumption and 
eliminated the structural relationship between price and energy consumption. 
The results support the notion that the energy consumption of the post‑PoS 
Ethereum network has become independent of price changes.

According to Table 8, the long‑term error correction term LNETH_E(-1) in 
the ARDL error correction model was not statistically significant, despite car-
rying the expected negative sign. This result indicates that there is no mech-
anism representing a return to long‑term equilibrium in Ethereum’s energy 
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consumption. In other words, it was observed that short‑term shocks occur-
ring in the series did not correct themselves based on a long‑term relation-
ship, and the system did not exhibit a tendency to return to equilibrium. This 
is consistent with the absence of cointegration and indicates that long‑term 
dynamics are not affected by price changes. The fact that Ethereum’s ener-
gy consumption began to follow a stable process after the transition to PoS 
provides an economically reasonable framework for the error correction co-
efficient being insignificant.

The fact that all lagged values of D(LNETH_E) in the model are highly sig-
nificant indicates that Ethereum’s energy consumption has a strong autore-
gressive structure in the short term. The sensitivity of energy consumption 
to past values reveals that the system is shaped by its own internal dynam-
ics, with sudden changes being determined not by price but by previous lev-
els of energy usage.

Table 8. ARDL Ethereum energy consumption error correction model

Variable Coefficient Standard error t-statistic Probability

C 0.019212 0.018463 1.040528 0.2982

D(LNETH_E(-1)) –0.398638 0.018122 –21.99742 0.0000

D(LNETH_E(-2)) –0.377021 0.019447 –19.38731 0.0000

D(LNETH_E(-3)) –0.244722 0.020547 –11.91047 0.0000

D(LNETH_E(-4)) –0.168908 0.020970 –8.054624 0.0000

D(LNETH_E(-5)) –0.058415 0.021160 –2.760615 0.0058

D(LNETH_E(-6)) –0.082163 0.020954 –3.921122 0.0001

D(LNETH_E(-7)) –0.085698 0.020531 –4.174098 0.0000

D(LNETH_E(-8)) –0.079831 0.019380 –4.119135 0.0000

D(LNETH_E(-9)) –0.091660 0.018005 –5.090897 0.0000

CointEq(-1)* –0.002530 0.002043 –1.238437 0.2156

R-squared 0.183425 Mean dependent variable –0.001355

Adjusted R-squared 0.180744 S.D. dependent variable 0.233805

S.E. of regression 0.211623 Akaike info criterion –0.264428

Sum squared residuals 136.4130 Schwarz criterion –0.242748

Log likelihood 415.1787 Hannan–Quinn criterion –0.256637

F-statistic 68.42150 Durbin–Watson stat﻿istic 1.997831

Prob(F-statistic) 0.000000 –6.522785

Source: own work.

23



Economics and Business Review, Vol. 12 (1), 2026

In contrast, the Ether price variable (LNETH_P) was found to be statistically 
insignificant in both level and difference equations. This indicates that Ether 
price fluctuations do not have any effect on energy consumption in the short 
term. Given the low and stable energy usage in the PoS system, it is a finding 
consistent with theory that price changes have no effect on energy consump-
tion, even in the short term. The absence of a price‑energy relationship for 
Ether should therefore be interpreted as evidence of a structural break induced 
by the Proof‑of‑Stake transition, rather than as a lack of economic relevance.

4.3. Toda–Yamamoto causality analysis results

The Toda–Yamamoto causality analysis was applied to reveal the direction-
al relationship between energy consumption and price dynamics for Bitcoin 
and Ether. Previously conducted unit root and cointegration tests showed that 
there was no long‑term relationship, particularly for Ethereum, while Bitcoin 
exhibited long‑term dependence. However, the direction of these relation-
ships had not yet been determined. Therefore, using the Toda–Yamamoto 
approach, which is unaffected by differences in the degrees of integration of 
the series, the analysis tested whether there was a causality flow from Bitcoin 
prices to energy consumption or from energy consumption to prices, and 
similarly, whether there were possible directional interactions between en-
ergy consumption and the price series for Ether. Below, the Wald test results 
obtained through the extended VAR model are presented, and the causality 
relationships for both cryptocurrencies are evaluated separately.

Table 9. Toda–Yamamoto causality test results-1

“Depen­
dent vari­

able

Indepen­
dent vari­

able
d max k

Chi‑Square 
test sta­

tistic

Chi‑Square 
p‑value

Relation
ship

LNBTC_E LNBTC_P 8 8 2.303595 0.0033
there is 

a relation-
ship

LNBTC_P LNBTC_E 8 8 1.333014 0.1010
there is no 
relation-

ship

Source: own work.

According to Table 9, the results obtained for the dependent variable 
LNBTC_E indicate that removing the LNBTC_P variable from the model leads 
to a statistically significant loss of information. This finding indicates a signifi-
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cant causal relationship from Bitcoin prices to energy consumption. Therefore, 
price changes are an important factor explaining the Bitcoin network’s energy 
consumption. This result is fully consistent with the theoretical expectation 
that mining activities are sensitive to prices and that price rises increase the 
number of miners and energy consumption.

In contrast, no causality from energy consumption to prices was detect-
ed for the dependent variable LNBTC_P. A p‑value above 10% indicates that 
energy consumption does not play a statistically significant role in explaining 
Bitcoin prices. This finding supports the view that price formation is largely 
determined by factors such as market expectations, liquidity, macroeconomic 
factors, and investor behaviour, and that energy consumption is not a vari-
able that drives the price.

The Toda–Yamamoto causality test has revealed a unidirectional causal rela-
tionship for Bitcoin. According to the analysis results, significant causality was 
found from Bitcoin prices to Bitcoin energy consumption, while no causality 
was detected from energy consumption to prices. Due to Bitcoin’s mining
‑based structure, price movements directly affect the profitability of mining 
activities, which in turn has a decisive impact on total energy consumption. The 
literature frequently emphasises that increases in Bitcoin prices raise energy 
demand by boosting investment in mining hardware and hash power (Hayes, 
2016; Krause & Tolaymat, 2018). This theoretical expectation is consistent 
with the empirical findings of this study. The Toda–Yamamoto test identified 
a significant causal relationship from Bitcoin prices to energy consumption. 
This result indicates that price increases make mining more attractive, thus 
demonstrating that energy consumption is sensitive to price dynamics. Thus, 
hypothesis 3 has been empirically confirmed, revealing that Bitcoin prices are 
the fundamental factor driving the network’s energy consumption.

Table 10. Toda–Yamamoto causality test results-2

“Depen­
dent vari­

able

Indepen­
dent vari­

able
d max k

Chi‑Square 
test sta­

tistic

Chi‑Square 
p‑value

Relation
ship

LNETH_E LNETH_P 5 5 0.847907 0.9739
there is 

a relation-
ship

LNETH_P LNETH_E 5 5 2.387410 0.7933
there is no 
relation-

ship

Source: own work.

According to Table 10, when LNETH_E (Ethereum energy consumption) is 
the dependent variable, the Wald test value measuring the contribution of 
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the LNETH_P variable to the model indicates that Ether prices have no causal 
effect on energy consumption. This result is particularly important because 
Ethereum’s transition from Proof‑of‑Work (PoW) to Proof‑of‑Stake (PoS) in 
2022 (‘The Merge’) reduced energy usage by approximately 99.9% and elim-
inated the economically motivated relationship between price and energy 
consumption. Therefore, price increases in the post‑PoS period do not in-
crease mining activity or energy demand; validators’ energy requirements 
are largely independent of price dynamics.

When LNETH_P (Ether price) is the dependent variable, the Wald statistic 
testing the contribution of the LNETH_E (Ethereum energy consumption) in-
dicates that energy consumption does not have a statistically significant ef-
fect on explaining the Ether price. This result suggests that short‑term Ether 
price movements are not directly linked to energy consumption associated 
with mining and validation processes, and are likely driven by factors other 
than energy‑related dynamics. The fact that both test results have relative-
ly high p‑values clearly demonstrates that there is no bidirectional causality 
relationship in Ethereum. This result is consistent with Ethereum’s current 
consensus mechanism, indicating that energy consumption is not driven by 
price and that changes in energy usage are not decisive for price. According 
to the Toda–Yamamoto causality test results, since no directional causality 
was detected between Ether price and energy consumption, hypothesis 4, 
according to which there is a causal relationship between Ether prices and 
Ethereum energy consumption, was rejected. This finding confirms that with 
Ethereum’s transition to the PoS mechanism, energy consumption is largely 
determined by technological protocols and is no longer influenced by price
‑based economic incentives.

Conclusions

This study comprehensively examined the relationships between Bitcoin 
and Ethereum’s energy consumption and price dynamics using cointegration 
and causality analyses. The findings obtained provide significant contributions 
when evaluated comparatively with the theoretical and empirical discussions 
that have emerged in the cryptocurrency energy economics literature, par-
ticularly in recent years, due to increased academic interest.

The results show that there is a long‑term cointegration relationship be-
tween energy consumption and prices for Bitcoin. According to the ARDL 
bounds test results, the Bitcoin model produced an F‑statistic above the crit-
ical values, and the long‑term relationship was statistically confirmed. The 
negative and significant error correction term indicates that the short‑term 
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deviations experienced in both cryptocurrencies have returned to equilibrium. 
This finding is consistent with the literature on how prices affect mining prof-
itability in Bitcoin’s mining‑based Proof‑of‑Work structure and how this deter-
mines energy consumption (Hayes, 2016; Krause & Tolaymat, 2018). Empirical 
results reinforce the view that prices drive energy demand in the long term.

The results obtained for Ethereum indicate a structure that is completely 
different from Bitcoin. The boundary test results for the ARDL model show 
that there is no long‑term cointegration relationship between Ethereum’s 
energy consumption and prices. The insignificance of the error correction 
term and the fact that the F‑statistic remains below all threshold values con-
firm that Ethereum’s energy consumption has evolved into a structure inde-
pendent of price dynamics with the transition from PoW to PoS. Indeed, the 
dramatic drop in Ethereum’s energy usage (approximately 99.9%) after ‘The 
Merge’ supports findings in the literature that the price‑energy relationship 
has structurally weakened (de Vries, 2018).

Causality results reveal a clear divergence between the two cryptocurren-
cies. The Toda–Yamamoto test for Bitcoin shows a unidirectional causality re-
lationship from Bitcoin prices to energy consumption. This result aligns with 
the economic incentive model, where mining activities increase during peri-
ods of rising Bitcoin prices, thereby driving up energy demand. Conversely, no 
causality was found in the opposite direction; that is, no effect of changes in 
energy consumption on Bitcoin prices was detected. In the causality analysis 
conducted for Ethereum, no unidirectional causality relationship was found. 
The absence of any causality detected from prices to energy consumption 
or from energy consumption to prices is consistent with the PoS mechanism 
making energy usage independent of network security.

When compared to previous studies in the literature, these findings offer 
significant parallels and new contributions. For example, the results are con-
sistent with studies showing that Bitcoin energy consumption is affected by 
price movements (Corbet et al., 2022; Hayes, 2016). Similarly, the findings of 
this study are in line with recent research indicating that Ethereum lost its 
energy consumption–price relationship with its transition to PoS (de Vries, 
2018). However, this study contributes to the literature by presenting a com-
parative analysis of both Bitcoin and Ethereum using the same dataset, the 
same methodological framework, and the same time frame.

The findings of this study carry various implications for policymakers and 
regulators. Bitcoin’s price‑sensitive, energy‑intensive mining structure fuels 
sustainability debates and supports the idea that it should be directed to-
wards more carbon‑efficient technologies. Encouraging the use of renewable 
energy sources in Bitcoin mining, implementing carbon tax‑like regulations, 
or establishing energy efficiency criteria can be considered among the policy 
objectives. For Ethereum, the reduction of energy consumption to very low 
levels demonstrates that the PoS mechanism is more advantageous in terms 
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of environmental sustainability and strengthens the debate on transitioning 
to PoS‑like mechanisms for other blockchain projects.

However, the study has some limitations. Firstly, the fact that energy con-
sumption data is based on estimates and that different sources use different 
algorithms may limit the absolute accuracy of the results. Furthermore, the 
study only considers Bitcoin and Ethereum, and the exclusion of other PoW
‑based cryptocurrencies from the analysis creates a  comparative diversity 
constraint.

There are many areas of research for future studies. Comparing different 
PoW and PoS‑based coins with a broader sample could explain the energy 
consumption–price relationship more systematically. To assess potential struc-
tural changes in the long‑term relationship between energy consumption and 
Ether prices more comprehensively, sub‑period analyses surrounding the tran-
sition from PoW to PoS can be examined. Furthermore, directly incorporating 
carbon emission data into the model could reveal the environmental impacts 
of energy consumption in a more specific manner.
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