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Abstract

Carbon pricing is jurisdictional, while proof-of-work cryptocurrency mining is a highly
mobile electricity load. We examine whether daily power-sector emissions display a
cross-regional and distributional pattern consistent with short-run emissions displacement.
Using daily observations covering calendar years 2019-2025 (with a boundary observation
on 1 January 2026; N = 2550 after transformation and cleaning), we estimate quantile
regressions for the EU27, the Russian Federation and the rest of the world using the
interaction between Bitcoin returns and European carbon-allowance returns. The focal
Russian lower-tail interaction is positive (q10 beta = 0.0662); OLS and dynamic specifications
remain positive, and a 1000-replication pairs bootstrap gives p = 0.0077. The association
survives a trading-day-only sample, calendar and persistence controls, and a seven-lag
specification, while randomised-carbon and non-power-sector placebo outcomes are null.
However, the coefficient loses conventional significance without Winsorisation, the May-
2021 Chinese-ban timing prediction is not supported, and a direct EU27-minus-Russia
substitution diagnostic is null. Quantile-on-quantile estimates place the largest Russian
Bitcoin-return coefficients in high-carbon-price, low-emission states, but remain descriptive.
Because the design does not observe mining capacity moving across jurisdictions and
the available full-sample Russian emissions series is national rather than subnational, the
evidence supports a leakage-consistent operational association rather than proof of physical
relocation or a broad causal effect of EU carbon pricing.

Keywords: carbon leakage; carbon pricing; EU ETS; Bitcoin mining; power-sector emissions;
quantile regression

1. Introduction

Unilateral climate policy can alter both the level and the location of emissions. Stan-
dard leakage models emphasise competitiveness, trade and investment channels: a policy
that raises production costs in one jurisdiction can shift output, investment or embodied
emissions toward less-regulated locations (Copeland and Taylor 2004; Fischer and Fox 2012;
Branger and Quirion 2014). Yet empirical evidence from the EU Emissions Trading System
(EU ETS) is mixed rather than uniformly supportive. Naegele and Zaklan (2019), Martin
et al. (2014a, 2014b, 2016), Dechezleprétre et al. (2022) and Verde (2020) find little or no
robust realised leakage in important manufacturing settings, while other work documents
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heterogeneous competitiveness, innovation and performance responses (Aldy and Pizer
2015; Calel and Dechezleprétre 2016; Marin et al. 2018; Loschel et al. 2019). The appropriate
starting point is therefore not that carbon pricing necessarily causes relocation, but that
relocation is one mechanism whose empirical relevance depends on mobility, cost exposure
and available destinations. More broadly, Bayer and Aklin (2020) estimate that the EU ETS
reduced emissions despite low allowance prices.

Proof-of-work (PoW) cryptocurrency mining differs from conventional heavy industry
along the dimensions most relevant to leakage: revenue is globally determined, electricity
is a dominant operating input, and specialised hardware can be redeployed more quickly
than a steel or cement plant (Taylor 2017). Environmental-accounting and location studies
estimate Bitcoin electricity use, carbon footprint and geographic distribution and show that
results depend materially on hardware efficiency, utilisation, electricity mix and mining
geography (de Vries 2018; Krause and Tolaymat 2018; Stoll et al. 2019; Jiang et al. 2021; de
Vries et al. 2022; Sun et al. 2022; Jones et al. 2022; Baur and OlI 2022). These studies provide
the strongest direct or semi-direct evidence on mining activity and mobility, but they do
not test whether a market-price interaction appears in daily regional power emissions.

A parallel crypto-energy-finance literature studies connectedness and spillovers
among Bitcoin, energy commodities, utilities and carbon markets (Tan et al. 2020; Corbet
et al. 2021; Di Febo et al. 2021; Sarkodie et al. 2022; Zhang et al. 2023; Sibande et al. 2023).
This work makes common energy-finance shocks a serious alternative explanation for any
Bitcoin-carbon-emissions interaction. The gap between direct mining-location evidence
and market-spillover evidence motivates a deliberately narrower design: regional physical
power-sector emissions are the outcome, but mining location itself is not observed. The
study can therefore identify a leakage-consistent pattern only in a reduced-form sense, not
relocation itself.

This paper asks whether daily power-sector emissions display a cross-jurisdictional
pattern in which Bitcoin returns and European allowance returns interact differently across
grids. Russia is analysed as a large non-EU power system with documented mining activity,
while the EU27 and the rest of the world provide regional benchmarks rather than treated
and control groups. The research question is therefore about whether the spatial, distribu-
tional and sectoral patterns predicted by a mobile-load mechanism appear in the data, not
whether the regression can by itself identify a causal EU-to-Russia relocation event.

Our empirical strategy combines three features. First, daily Carbon Monitor power-
sector CO; estimates align the emissions outcome with the frequency of the market variables
while remaining model-derived rather than direct meter readings. Second, the coefficient
of interest is the Bitcoin-return and carbon-allowance-return interaction, which describes
whether the conditional Bitcoin-emissions association changes with the carbon-price state.
Third, quantile regression allows this association to vary across the conditional distribution
of emission growth. The design is supplemented by high-replication inference, trading-day
restrictions, dynamic and calendar controls, alternative regime splits, placebo outcomes, a
direct cross-region diagnostic, outlier sensitivity and quantile-on-quantile surfaces. None
of these features creates an instrument or direct observation of relocation.

A daily test can speak more naturally to an operational margin than to a capital margin.
The capital margin is physical relocation of mining hardware—containers shipped, sites
built and grid connections secured—and unfolds over months. The operational margin is
faster: operators can raise utilisation on one grid and curtail already-installed machines
on another as relative operating conditions change. Daily data may capture this short-run
load reallocation, but they cannot identify a particular facility or container moving from
the EU to Russia. Throughout the paper, physical relocation is reserved for evidence that
directly observes mining location.
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The paper makes three bounded contributions. First, it bridges carbon-leakage re-
search with crypto-mining and energy-finance research by moving the outcome from asset
returns or an aggregate Bitcoin footprint to region-specific power-sector emissions. Second,
it makes the evidence hierarchy explicit: direct relocation evidence is distinguished from
mechanism-aligned falsification tests and from reduced-form market-emissions associa-
tions. Third, it reports both supportive and contradictory sensitivity evidence in the main
text rather than leaving robustness in the do-file. A secondary Green Bond control is
retained for specification continuity, but its economically small coefficients are not treated
as a central green-paradox result.

The remainder proceeds as follows. Section 2 reviews the leakage, crypto-mining
and energy-finance literatures and develops the theoretical mechanism and hypotheses.
Section 3 describes data, estimation, the risk-management interpretation, quantile-on-
quantile analysis and inference. Section 4 reports the baseline and principal robustness
results. Section 5 discusses the evidence relative to competing mechanisms and prior
research. Section 6 concludes with deliberately limited policy implications.

2. Literature Review and Theoretical Framework
2.1. Carbon Leakage, Mobility and Relocation Costs

A standard leakage mechanism begins with a relative cost change across jurisdictions.
In trade and location models, unilateral environmental policy can alter production, invest-
ment or trade patterns when regulated firms face higher marginal costs and can substitute
toward less-regulated locations (Copeland and Taylor 2004; Fischer and Fox 2012; Bohringer
et al. 2012; Branger and Quirion 2014). Border adjustment and output-based allocation
studies show that instrument design can materially alter leakage incentives (Monjon and
Quirion 2011; Bohringer et al. 2016; Mehling et al. 2019; Morsdorf 2022; Perdana and Vielle
2022; Buropean Parliament and Council 2023). Empirically, EU ETS studies often find
limited realised relocation, with free allocation, sunk capital, trade costs and agglomeration
helping to explain why theoretical exposure does not automatically become observed leak-
age (Martin et al. 2014a, 2014b, 2016; Naegele and Zaklan 2019; Verde 2020; Dechezleprétre
et al. 2022). Mobility is therefore not background context but a central condition of the
mechanism tested here. The institutional evolution of the EU ETS and its allocation and
market-design architecture are reviewed in Ellerman et al. (2010, 2016).

For a stylised mining operator choosing location j, profit equals mining revenue minus
electricity use multiplied by delivered operating cost. Mining revenue depends on the
Bitcoin price and network difficulty or hashrate; delivered cost combines the local electricity
price, carbon costs embedded in generation, grid fees, taxes, curtailment, climate and cool-
ing costs, regulation and other charges. A mobile operator changes location or utilisation
only when expected operating-cost savings exceed relocation, contracting and operational
frictions. This distinction also separates a slow capital margin (physical redeployment of
equipment) from a faster operational margin (utilisation of already-installed capacity).

Electricity prices, fuel prices, carbon costs, grid fees and regulation can all affect
delivered power costs, while carbon-cost pass-through is neither automatic nor uniform
(Sijm et al. 2006; Fell 2010; Keppler and Mansanet-Bataller 2010; Fabra and Reguant 2014;
Hintermann 2016; Cludius et al. 2020). Carbon-market research also shows that allowance
prices are connected to energy and financial markets and shaped by institutional design,
expectations and policy credibility (Koch et al. 2014; Hintermann et al. 2016; Tan et al. 2020;
Osorio et al. 2021; Sitarz et al. 2024). The Bitcoin x EFP coefficient is therefore interpreted
as a reduced-form conditional association, not as a structural pass-through coefficient.

This distinction is essential for the leakage claims. A causal relocation statement
would require evidence that mining capacity actually moved between jurisdictions and that
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the movement was induced by the relevant cost wedge. The present regressions observe
neither condition directly. They test whether spatial, sectoral, distributional and timing
patterns predicted by a mobile-load mechanism are present or absent.

2.2. Crypto-Mining Location, Environmental Impacts and Energy-Finance

The crypto-mining environmental literature establishes both the materiality and mea-
surement difficulty of mining electricity use. Early studies quantify substantial electricity
and carbon requirements but disagree over hardware assumptions, utilisation, future
growth and marginal emissions (de Vries 2018; Krause and Tolaymat 2018; Mora et al.
2018; Stoll et al. 2019; Dittmar and Praktiknjo 2019; Houy 2019; Masanet et al. 2019). More
recent work explicitly models or measures mining geography and shows that location and
electricity mix are central to carbon outcomes (Jiang et al. 2021; de Vries et al. 2022; Sun
et al. 2022). This stream provides the strongest basis for the mobility premise because it
uses mining activity, pools, hashrate geography or energy-mix information rather than
inferring location from financial prices alone.

A parallel energy-finance literature focuses on interactions rather than physical re-
location. Carbon allowances are connected to energy and financial markets (Tan et al.
2020); Bitcoin and energy markets exhibit interrelationships (Corbet et al. 2021); Bitcoin
and carbon allowances display tail-risk spillovers (Di Febo et al. 2021); trading activity is
associated with Bitcoin energy use and carbon footprint (Sarkodie et al. 2022); cryptocur-
rency energy use and hashrate have nonlinear climate implications (Zhang et al. 2023); and
mining electricity demand can interact with fossil-fuel prices (Sibande et al. 2023). These
findings make common market shocks a credible competing channel. Our contribution
relative to this stream is the region-specific physical emissions outcome; our limitation
relative to the location literature is that mining location itself remains unobserved.

2.3. Evidence Hierarchy and Leakage Mechanism

We organise the evidence in three levels. Level 1 is direct relocation evidence: location-
specific hashrate shares, mining-pool/IP geolocation, facility-level electricity demand
or other observations identifying where mining capacity operates over time. Level 2
is mechanism-aligned indirect evidence: destination-specific power-emission responses,
timing around relocation-relevant policy shocks, sector-specific placebo tests and direct
origin-destination substitution diagnostics. Level 3 is reduced-form association: the Bitcoin
x EFP interaction in regional power-emission growth. This study has Level 3 evidence
and several Level 2 falsification tests, but no Level 1 evidence. A result can therefore be
described as leakage-consistent only when multiple mechanism predictions line up; it
cannot be described as proof of relocation.

The mechanism generates four observable implications. First, because the effect of an
incremental electricity load depends on the generating margin, any association need not be
uniform across the conditional distribution. Second, a spatial-displacement story requires
destination specificity rather than an equally strong global pattern. Third, a mining-load
mechanism should be more visible in power emissions than in non-power sectors. Fourth,
if the association is specifically tied to the large-scale reallocation episode after China’s
mining prohibition, it should strengthen after the May 2021 break. These implications
motivate the hypotheses and define conditions under which the leakage interpretation
should be weakened.

H1 (distributional prediction). If the focal association reflects an electricity-load channel, the
Bitcoin x EFP coefficient may be concentrated in particular conditional quantiles of power-emission
growth rather than uniform across the distribution. The empirical analysis tests the full quantile
profile and does not impose a deterministic dispatch ranking ex ante.
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H2a (spatial prediction). A leakage-consistent pattern requires a positive and comparatively
robust Russian interaction that is not mirrored by an equally robust lower-tail association in the
broad ROW benchmark. The EU27 is treated as an origin-side comparison, not as a treated group
from which relocation is directly observed.

2.4. Timing, Sectoral Specificity and Common-Shock Falsification

Timing and outcome specificity provide sharper mechanism tests than a cross-region
coefficient alone. The May 2021 Chinese mining prohibition is the primary candidate break
because the literature documents a major subsequent change in global mining geography
(de Vries et al. 2022; Sun et al. 2022). The empirical implementation uses a mid-May 2021
split consistent with the replication output. By contrast, March 2020 is reported only as
an alternative regime split: it captures a large macro-financial and electricity-demand
shock but is not specific to mining relocation. A February 2022 Ukraine split provides an
additional geopolitical sensitivity check. Sectoral placebos are equally important because
a mining-load mechanism should affect the power sector more directly than Russian
residential or ground-transport emissions.

H2b (timing prediction). If the Russian association is specifically related to the post-China
relocation episode, the q10 Bitcoin x EFP coefficient should be stronger after the May 2021 break
than before it. A formal coefficient-break test, not separate-sample significance alone, is required.
Failure of this prediction weakens the relocation-timing interpretation.

H3 (sectoral/common-shock prediction). A mining-load interpretation is strengthened if the
Russian power-sector association is not reproduced in Russian residential and ground-transport
placebos and if the broad ROW benchmark does not show a comparable lower-tail pattern. These are
falsification conditions, not causal identification tests.

2.5. Green Finance as a Secondary Control

Green-bond markets may correlate with emissions through opposing channels, includ-
ing clean-capital deployment, macro-financial conditions and infrastructure construction.
Prior work reports heterogeneous relationships between green financial assets, cryptocur-
rency markets and sectoral emissions (Siddique et al. 2023; Pata et al. 2025). Because the
Green Bond coefficients in this study are economically small and the model is not designed
to identify the use of bond proceeds, the index is retained as a control and secondary
descriptive result rather than a separate theoretical contribution. A broader supply-side
literature also argues that anticipated climate policy can affect the timing of fossil-resource
extraction (Sinn 2008); that mechanism is not identified in the present design.

No directional Green Bond hypothesis is used to support the leakage mecha-
nism. The coefficient is reported for specification continuity and transparency only,
and statistical significance is not treated as evidence for or against the paper’s central
displacement interpretation.

3. Data and Methodology
3.1. Data

The working dataset covers calendar years 2019-2025, with a boundary observation
dated 1 January 2026 in the supplied file; after transformation and cleaning, N = 2550.
We therefore describe the substantive analysis window as 2019-2025 rather than as a
2026 sample.

Dependent variables. Daily power-sector CO, emissions for the EU27, the Russian
Federation and the rest-of-world aggregate are drawn from Carbon Monitor (Liu et al.
2020a, 2020b) and its high-frequency power-generation infrastructure (Zhu et al. 2023).
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These are model-based emissions estimates rather than direct emissions-meter readings.
For Russia, high-frequency total generation is combined with modelled fuel disaggregation
and emission factors, so daily variation contains both observed activity information and
modelling assumptions. Carbon Monitor does not report a single observed /modelled ratio
for the final national daily emissions series; we therefore document the provenance and
treat measurement error as a substantive limitation rather than inventing such a ratio.

Independent variables. EFP is the front-December EU allowance (EUA) futures series
used in the authors’ replication dataset; BTC is the Bitcoin closing price. Controls are
Ethereum (ETH), WTI crude oil (WTI_Oil) and the Bloomberg MSCI Green Bond Index
(Green_Bond). For reproducibility, the empirical interpretation in this paper follows the
variable definitions used in the authors” supplied workbook and code.

Transformation and magnitude. Price and emissions series are converted to log first
differences, x_t = In X_t — In X_{t — 1}, and Winsorised at the 1st and 99th percentiles
in the baseline. The outlier sensitivity check reruns the focal Russian q10 model without
Winsorisation. For scale, the baseline Russian q10 coefficient implies that a 10% Bitcoin
increase combined with a 10% EFP increase contributes mechanically about 0.000601 log
points, or approximately 0.060% of daily Russian power emissions, holding the other
regressors fixed. At a sample mean near 2.05 MtCO; /day;, this is roughly 1.23 ktCO, /day.
It is an illustrative fitted association, not tonnes of identified relocation.

Calendar mismatch and controls. Carbon Monitor is daily, whereas financial markets
close on weekends and holidays. The supplied construction carries the last available EFP
and WTI prices forward, creating zero returns on non-trading days; the trading-day-only
robustness sample removes these observations. Additional specifications include a lagged
dependent variable, seven emission lags, alternative regime splits and calendar/policy
controls. Temperature, local electricity prices and load, renewable availability and other
local dispatch conditions are not available in the supplied replication dataset and remain
explicit omitted-variable limitations rather than being replaced by undocumented proxies.

3.2. Estimator

We estimate simultaneous quantile regressions (Koenker and Bassett 1978; Koenker
2005) of the form

Q_t(Ae_{rt} ) =0T+ p_T Abtc_t + y_t Aefp_t + 5_t (Abtc_t X Aefp_t) +
01tz t

for each region r € {EU27, Russia, ROW} and quantiles T € {0.10, 0.25, 0.50, 0.75, 0.90},
where z collects ETH, WTI and Green Bond returns. The coefficient of interest is &_-,
which measures how the carbon price modulates the pass-through from Bitcoin returns to
power-sector emissions at the T-th conditional quantile.

Three features of this specification deserve comment. Estimating the five quantiles
simultaneously rather than separately permits formal cross-quantile comparisons, so distri-
butional heterogeneity can be tested rather than merely displayed. Quantile regression is
useful for heavy-tailed daily emission and crypto data, but it does not make the regressors
exogenous. In particular, an omitted macro-energy shock can affect Bitcoin returns, carbon
returns and regional emissions in different ways and can therefore load onto the interaction
term. The robustness design addresses persistence, timing and falsification, but it does not
purge all common factors.

Interpretation of 5_t. In a specification in first differences of logs, 5_t is the change in
the conditional Bitcoin-return sensitivity of emission growth associated with a one-unit
change in the carbon-allowance return. A positive 5_t means that the Bitcoin-emissions
association is stronger on days when the allowance return is higher, holding the included
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controls fixed. It does not by itself show that the carbon price caused the emissions change
or that mining load moved between jurisdictions.

Choice of estimator. The design rules out several natural alternatives more than it
selects quantile regression by default. A conditional-mean panel or difference-in-differences
design of the kind used in the manufacturing-leakage literature (Naegele and Zaklan
2019) needs a clean treated-versus-control contrast and a relocation that unfolds over
the years such a design can resolve; neither holds for a load that can change utilisation
quickly and lacks a clean untreated grid. A GARCH or volatility-spillover model would
characterise second moments, but the empirical question here concerns the level and
location of emissions rather than their variance. Tail-connectedness and CAViaR or TVP-
VAR frameworks (Siddique et al. 2023) are designed primarily for market co-movement.
Quantile regression instead provides a coefficient at different points of the conditional
emission distribution and is useful with heavy-tailed daily data. Its costs are equally
important: extreme-tail estimates can be imprecise, low-replication bootstrap inference can
be unstable, and the interaction term does not eliminate endogeneity or region-specific
common shocks.

A more general reading. Estimating across quantiles places the exercise in the same
frame as standard risk-management tools, where the object of interest is a tail of a dis-
tribution rather than its mean. Value-at-Risk is a quantile of the loss distribution, and
Expected Shortfall, also known as Averaged Value-at-Risk, averages losses beyond a tail
threshold; a quantile regression of emission growth is the conditional-distribution analogue,
describing how covariates move particular points of the emission distribution rather than
only its centre. The correspondence matters here because the focal Russian association is
concentrated in the lower conditional tail. Quantiles are one route to that tail; expectiles
are another, defined by asymmetric squared loss and sensitive to the magnitude of tail
outcomes. Zaevski and Nedeltchev (2023) discuss expectile-based measures relative to
Expected Shortfall in the Basel context. We report quantile estimates because the interaction
coefficient has a direct reading at each quantile; no universal dispatch ordering is assumed.

3.3. Quantile-on-Quantile Regression

The interaction specification above conditions on the state of the grid—the quantile
T of emission growth—but treats the carbon price as a single continuous regressor. Yet
the leakage hypothesis is a statement about two states simultaneously. It says that when
the carbon price is high and the receiving grid is slack, mining load relocates. Testing that
proposition directly requires conditioning on the state of the carbon market as well.

We therefore complement the baseline with the quantile-on-quantile regression (QQR)
of Sim and Zhou (2015), which estimates a coefficient surface 3(6, t) = d Q_t(Ae_{r,t})/0
Abtc_t, conditional on Aefp_t lying at its 0-th quantile over the grid 0, T € [0.10, 0.90]%.
The estimator solves a locally weighted quantile problem in which each observation is
weighted by a Gaussian kernel on the distance between the empirical CDF of the carbon-
price series and 6: min X p_t [Ae_t — Bo(0,T) — B1(0,T)(Abtc_t — F1(0))] - K([F(Aefp_t)
— 0]/h) with bandwidth h = 0.05 and h = 0.10 as a sensitivity check. The QOR and
interaction specifications are complementary: the interaction imposes a linear moderation
term and estimates one number per emission quantile, while QOR relaxes that functional
form and describes where stronger local Bitcoin-emissions slopes occur across the joint
carbon-state/emission-state plane. Neither estimator by itself creates exogenous variation
in the carbon price.

The leakage prediction is spatially specific in this plane. In Russia, 3(0, T) should be
largest in the upper-0, lower-t corner—expensive European carbon, slack Russian grid. In
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the EU27 it should show no such concentration, and in the rest of the world no structure
at all.

3.4. Inference

Quantile inference is reported with explicit attention to resampling instability. The
original simultaneous-quantile estimates use bootstrap standard errors, but low replica-
tion counts can make borderline p-values unstable (Hahn 1995; Parzen et al. 1994; Feng
et al. 2011). We therefore treat the 20-replication exercise in Section 4.8 as a diagnostic
rather than primary evidence. For the focal Russian q10 coefficient we additionally ran
a 1000-replication pairs bootstrap (beta = 0.0662, bootstrap SE = 0.0248, p = 0.0077; per-
centile 95% interval [0.0115, 0.1097]). The main robustness claims are required to survive
draw-independent or higher-replication checks rather than one low-replication draw.

As complements to the bootstrap, we report OLS with heteroskedasticity-robust
standard errors, dynamic quantile specifications, a trading-day-only sample, alternative
regime splits, a seven-lag model, placebo outcomes, an EU27-minus-Russia diagnostic and
quantile-on-quantile surfaces. These checks are reported in Section 4. Their purpose is
not to manufacture causality, but to show which parts of the empirical pattern survive
reasonable changes in timing, measurement and specification.

Software and reproducibility. All core estimation was carried out in Stata 18. Si-
multaneous quantile regressions use sqreg with bootstrap inference; conditional-mean
checks use regress with vce(robust); additional quantile checks use qreg; and purpose-
written Stata code implements the Sim and Zhou (2015) quantile-on-quantile surfaces. A
separate 1000-replication pairs bootstrap was used for the focal q10 interaction to assess
low-replication sensitivity. Stata provides a transparent and reproducible workflow, but
sqreg inference can vary with bootstrap replication count, which is why the manuscript
reports robustness across estimators and samples rather than relying on a single p-value.

4. Results
4.1. Baseline Estimates

Table 1 reports the baseline Bitcoin x carbon-price interaction and Green Bond control
across quantiles and regions. Because low-replication bootstrap standard errors can be
unstable, the baseline point estimates are interpreted together with the higher-replication
and analytic robustness checks reported below. Figure 1 provides a region-by-quantile
visual summary of the same baseline estimates.

Table 1. Simultaneous quantile regression of power-sector CO, emission growth.

Panel/Quantile EU27 Russia ROW
A. Bitcoin x EFP—q10 0.2458 (0.1672) 0.0662 (0.0191) 0.0358 (0.0298)
A. Bitcoin x EFP—q25 0.1793 (0.1379) 0.0304 * (0.0176) 0.0117 (0.0437)
A. Bitcoin x EFP—q50 0.1023 (0.0663) 0.0207 ** (0.0093) —0.0034 (0.0240)
A. Bitcoin x EFP—q75 0.0390 (0.0922) 0.0197 (0.0163) —0.0121 (0.0303)
A. Bitcoin x EFP—q90 0.2667 (0.3710) —0.0196 (0.0477) 0.0590 (0.0873)
B. Green Bond—q10 0.0001 (0.0012) 0.0001 (0.0003) —0.0002 (0.0004)
B. Green Bond—q25 —0.0004 (0.0012) —0.0000 (0.0002) —0.0003 (0.0003)
B. Green Bond—q50 —0.0012 ** (0.0006) —0.0003 (0.0001) —0.0003 (0.0003)
B. Green Bond—q75 —0.0005 (0.0011) —0.0005 (0.0001) —0.0010 (0.0002)
B. Green Bond—q90 —0.0031 (0.0021) —0.0003 (0.0004) —0.0007 * (0.0004)

Bootstrap standard errors in parentheses in the original simultaneous-quantile baseline. N = 2550 per
regression. Controls include ETH, WTI oil, and the Bitcoin and EFP main effects. Pseudo-R? ranges
0.0006-0.0083. Because low replication counts are unstable, focal inference is cross-checked using
a 1000-pairs bootstrap and alternative estimators/samples in the subsequent robustness analyses.
*p <0.10; % p <0.05.
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(a) Bitcoin x EFP interaction
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Figure 1. Baseline simultaneous-quantile estimates. (a) Bitcoin x EFP interaction coefficients across
regions and emission quantiles; (b) Green Bond coefficients across the same region-by-quantile grid.
Cell text reports coefficient estimates and t-statistics; outlined cells indicate significance at the 10%
level or better. The figure is descriptive because strengthened inference is used for the focal Russian
q10 result.

4.2. EU27: No Stable Interaction After Strengthened Inference

In the EU27, the interaction is positive at every reported quantile, but the evidence is
not stable enough to support a strong behavioural claim (Table 1, Figure 2a). OLS gives an
interaction of 0.1153 (p = 0.081) and the model is not jointly significant (p = 0.254). In the
dynamic q10 specification, the EU27 interaction is also not significant. We therefore treat
the EU27 estimates as a comparison series rather than evidence that the carbon price either
successfully restrained or failed to restrain mining load.

Two ancillary specifications are worth reporting because they qualify rather than
overturn this null. Under OLS with robust standard errors, the interaction is 0.1153 with
p = 0.081—marginal—but the model as a whole is not jointly significant (F-test p = 0.254),
so the coefficient cannot be read as evidence of a relationship the specification has otherwise
failed to detect. In the dynamic specification, the q25 coefficient reaches significance (0.1572,
p = 0.013) while q10, 450, q75 and q90 do not. We regard an isolated significant coefficient
at a single interior quantile, in one of several specifications, as insufficient to support a
claim, and we note it here rather than build on it.
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Figure 2. Quantile profiles of the Bitcoin x EFP interaction for (a) EU27, (b) Russia and (c) rest
of world, with 95% confidence bands from the baseline simultaneous-quantile estimates. Circled
markers indicate 5% significance in the low-replication baseline; strengthened inference narrows the
focal result to the Russian lower tail.

We therefore interpret H1 cautiously. The EU27 profile does not provide a robust
negative interaction, but absence of a stable negative coefficient is not itself proof of policy
ineffectiveness. Daily emissions are noisy, the model omits several local electricity-market
determinants, and the design is observational.

The economic implication is consequently narrower than in the earlier draft. The
sample spans a period of large allowance-price changes, yet this specification does not
recover a stable EU27 interaction. That result motivates the cross-region comparison, but it
does not by itself identify the causal effect of the EU ETS on mining location or emissions.

4.3. Russia: The Focal Lower-Tail Association

The Russian estimates provide the focal result. The baseline interaction is positive at
q10 (delta = 0.0662). A 1000-replication pairs bootstrap for this coefficient gives a standard
error of 0.0248, p = 0.0077 and a percentile 95% interval of [0.0115, 0.1097]. The q50 point
estimate is positive but is less stable under strengthened inference, so the interpretation
centres on the lower tail rather than multiple quantiles.

Two features matter. First, the sign is positive: on days when the carbon-price return
is higher, the conditional association between Bitcoin appreciation and Russian power-
emission growth is stronger. Second, the result is concentrated in the lower part of the
conditional emission distribution. This spatial and distributional pattern is consistent with
an operational displacement mechanism, but the coefficient does not identify the origin of
the load or demonstrate that mining hardware physically moved into Russia.

The focal association survives several alternative specifications. OLS with heteroskedasticity-
robust standard errors gives delta = 0.0321 (p = 0.012). A one-lag dynamic quantile model
gives delta = 0.0548 at q10 (200-replication bootstrap p = 0.002), while the lagged emission-
growth term is 0.2803 (p < 0.001), confirming strong persistence. Additional trading-day-
only and seven-lag checks reported later in Section 4.10 are not based on the calendar
construction or a one-day persistence specification. These alternative-estimator results are
summarised in Table 2, and Figure 3 visualises the resulting coefficient profile.

https:/ /doi.org/10.3390/risks14080187


https://doi.org/10.3390/risks14080187

Risks 2026, 14, 187 11 of 21

Table 2. Bitcoin x EFP interaction, Russian power emissions, alternative estimators.

Specification Coefficient (SE) p-Value N

q10, focal 1000-pairs bootstrap 0.0662 (0.0248) 0.008 2550
OLS, robust SE 0.0321 (0.0128) 0.012 2550
Dynamic q10, 1 lag (200 reps) 0.0548 (0.0179) 0.002 2547
Dynamic g25, 1 lag (200 reps) 0.0313 (0.0156) 0.044 2547
Dynamic 50, 1 lag (200 reps) 0.0214 (0.0115) 0.061 2547
Seven-lag q10 (qreg) 0.0509 (0.0200) 0.011 2531

The one-lag dynamic specification includes lagged emission growth; its q10 lag coefficient is 0.2803
(p <0.001). The seven-lag specification includes lags t-1 through t-7, which are jointly significant
(p < 0.001). The 1000-pairs bootstrap was implemented separately from Stata’s sqreg and is reported
for the focal q10 coefficient as a high-replication sensitivity check.

Quantile q10 |

< = 0.008
(1000 pairs) p

OLS |
(robust SE)

Dynamic q10 |

° = 0.002
(1 lag) 3

Dynamic q25 |

® = 0.04
(1 lag) B 4

Dynamic g50 |
(1lag)

o p = 0.061

Seven-lag q10 p =0.011

—0.025 0.000 0.025 0.050 0.075 0.100 0.125 0.150
Bitcoin x EFP coefficient (95% interval)

Figure 3. Russian focal Bitcoin x EFP interaction across alternative estimators. Points show coefficient
estimates and horizontal bars show 95% intervals; p-values are reported for each specification.

That the association appears under OLS and dynamic specifications is useful evidence
that it is not created solely by one quantile estimator. At the same time, robustness across
estimators does not resolve omitted common shocks or location: the result remains an
observational association that is sharper in the lower tail.

4.4. The Cross-Region Comparison Under a Common Estimator

Estimating the same OLS specification for all three regions provides a useful common-
estimator comparison because it removes the choice of quantile and bootstrap draw. It
remains an observational benchmark rather than a treated-versus-control design. Table 3
reports the common-estimator comparison, and Figure 4 visualises the corresponding
coefficients and 95% confidence intervals.

Table 3. Bitcoin x EFP interaction under OLS with robust standard errors, all regions.

Region Coefficient (SE) p-Value Model F-Test p
EU27 0.1153 (0.0660) 0.081 0.254
Russia 0.0321 (0.0128) 0.012 0.031

Rest of world 0.0176 (0.0207) 0.395 0.366
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Figure 4. Bitcoin x EFP interaction under OLS with heteroskedasticity-robust standard errors across
the EU27, Russia and rest of world. Points show coefficients and bars show 95% confidence intervals;
model F-test p-values are shown alongside coefficient p-values.

Russia is the only region in which the OLS interaction is significant at conventional
levels (beta = 0.0321, p = 0.012), and its model is jointly significant. EU27 is marginal at
the coefficient level but not jointly significant; ROW is insignificant. The comparison is
consistent with jurisdictional concentration, but heterogeneity across grids means it is not a
causal counterfactual.

The same broad ordering appears in the dynamic q10 specification: the Russian inter-
action is positive and significant, while the corresponding EU27 and ROW q10 interactions
are not. Persistence is strong in daily emissions across regions. This supports the need for
dynamic controls, but it does not establish that the Russian coefficient represents displaced
EU mining load.

We note, and do not overclaim, that these are contemporaneous daily associations.
They establish a distributional and spatial signature consistent with leakage; they do not
by themselves establish the physical relocation of specific mining capacity. Section 5.1
discusses what would be required to close that gap.

4.5. Timing Tests: The Association Predates the May 2021 Chinese Ban

The May 2021 Chinese mining prohibition is the primary mechanism-aligned timing
test. Using 15 May 2021 as the split date, the Russian q10 interaction is 0.1824 before the ban
(p = 0.020; N = 859) and 0.0582 after it (p = 0.026; N = 1691). The 50 interaction similarly
falls from 0.0660 (p = 0.001) to 0.0060 (p = 0.636). Thus, the Russian association is already
present before the Chinese exit and becomes smaller, not larger, afterwards. Table 4 reports
the regime estimates, and Figure 5 visualises the same pre/post comparison.

Table 4. Russian Bitcoin x EFP interaction before and after the May 2021 Chinese mining prohibition.

Regime q10 Interaction q50 Interaction q90 Interaction

Pre-15 May 2021 (N = 859) 0.1824 (p = 0.020) 0.0660 (p = 0.001) 0.0581 (p = 0.472)
Post-15 May 2021 (N = 1691) 0.0582 (p = 0.026) 0.0060 (p = 0.636) —0.0342 (p = 0.575)
Formal q10 change —0.0765 (robust OLS) p = 0.0053 Post coefficient smaller
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Figure 5. Russian Bitcoin x EFP interaction before and after the 15 May 2021 Chinese mining
prohibition. Points show q10, q50 and q90 estimates with uncertainty intervals; the formal robust-
OLS q10 interaction change is —0.0765 (p = 0.0053).

The formal fully interacted robust-OLS test estimates the post-ban change in the
Bitcoin x EFP interaction at —0.0765 (p = 0.0053). This result rejects H2b as stated: the
coefficient does not strengthen after the May 2021 relocation shock. The ban therefore
does not explain the onset of the Russian association, but the timing evidence also does
not support a simple narrative in which the post-China relocation episode amplified the
estimated effect.

The earlier 11 March 2020 split is retained only as an auxiliary sensitivity check. With
200 bootstrap replications the Russian q10 interaction is —0.0016 before that date (p = 0.989;
N =431) and 0.0591 afterwards (p = 0.008; N = 2119). Because March 2020 is a pandemic
break rather than a mining-policy event and the pre-period is short, we do not use it as
causal evidence.

A further split on 24 February 2022, the start of Russia’s invasion of Ukraine, is mixed
rather than decisive: the Russian q10 interaction is 0.0840 before the break (p = 0.148) and
0.0651 afterwards (p = 0.046), while the median coefficient is significant before the break
but not after it. This regime sensitivity reinforces the need to moderate causal attribution to
the EU carbon-price channel.

4.6. Rest of the World: A Broad Falsification Benchmark

In the ROW specification, the interaction is insignificant at every quantile, with point
estimates that change sign across the distribution (from +0.0358 at q10 to —0.0034 at q50
and +0.0590 at q90)—the profile of noise rather than of an economic relationship (Figure 2c).
The null holds under every alternative estimator: OLS (p = 0.395, with the model not jointly
significant at p = 0.366), the dynamic specification at all five quantiles (smallest p = 0.307),
and both regime subsamples.

The ROW null is informative but not decisive. A broad global factor need not load
identically on every grid, and aggregation can average away offsetting country responses.
We therefore use ROW as a weak falsification benchmark rather than a causal control group.
The null is compatible with jurisdictional concentration, but direct identification would
require location-specific mining activity and more granular destination emissions.
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4.7. Green Bond Control: Secondary and Economically Small

The Green Bond control is negative at several quantiles in the baseline results, in-
cluding the median in the EU27 and Russia and q75 in Russia and ROW. Some of these
coefficients also remain negative in OLS and dynamic specifications. However, their magni-
tudes are economically small, the pattern is secondary to the paper’s leakage question, and
the model does not identify how green-bond proceeds affect generation or investment. We
therefore report these coefficients for specification continuity and transparency rather than
as a separate test of a broad green-paradox mechanism. Figure 6 summarises the Green
Bond coefficient profiles across regions and quantiles.

(a) EU27

(b) Russia (c) Rest of world

x1073 x1073 x1073
0.75
2 0.5
0.50 1
01~ 025
S 0.0
9
% 0.00 —
S -2
2 —0.25 -0.51
o
o
=
$ -4 —0.50
G
~1.04
—0.75
—6
-1.004
154
qlo a25 450 q75 490 qlo a25 450 q75 q90 ql0 a25 450 q75 490
Emission quantile Emission quantile Emission quantile

Figure 6. Green Bond coefficients across emission quantiles for (a) EU27, (b) Russia and (c) rest of
world. Coefficients are small in magnitude and are treated as a secondary descriptive control rather
than evidence of a separate green-paradox mechanism.

The negative Green Bond coefficients do not support the positive green-paradox
interpretation proposed in the earlier framing, but they should not be over-read. The model
does not identify the use of bond proceeds or the timing of clean-energy investment, and
the coefficients are economically small. We therefore retain the variable mainly as a control
and secondary descriptive result.

The magnitudes are two to three orders smaller than the focal interaction coefficients.
Statistical significance in selected quantiles is therefore not treated as evidence of a broad
green-finance mechanism.

4.8. Sensitivity of Inference to Bootstrap Replications

The low-replication diagnostic confirms why 20 bootstrap draws should not carry
the main inference. Across three independent seeds, the Russian q10 coefficient remains
significant, but the Russian median coefficient crosses conventional significance thresholds,
and the EU27 q10 coefficient remains unstable. The focal q10 result is therefore also
evaluated with 1000 pairs-bootstrap replications, while OLS, dynamic and trading-day
checks provide inference that does not depend on one low-replication draw. Table 5 reports
the three low-replication draws.

Table 5. Low-replication bootstrap sensitivity diagnostic (20 replications, three independent draws).

Coefficient (Point Estimate) p, Draw 1 p, Draw 2 p, Draw 3
EU27 q10, BTC x EFP (0.2458) 0.310 0.110 0.192
Russia q10, BTC x EFP (0.0662) 0.003 0.006 0.002
Russia g50, BTC x EFP (0.0207) 0.028 0.140 0.114

https:/ /doi.org/10.3390/risks14080187


https://doi.org/10.3390/risks14080187

Risks 2026, 14, 187 15 of 21

The diagnostic separates a stable focal coefficient from borderline estimates. We do
not use the Russian median or marginal EU27 results as central evidence. The principal
claim is limited to the recurring Russian lower-tail association and is evaluated against the
contradictory timing and substitution evidence reported below.

This is substantive rather than cosmetic: in a high-frequency quantile application,
low-replication resampling can make individual p-values look more decisive than they are.
Reporting the instability disciplines the number of claims made from the baseline table.

4.9. Quantile-on-Quantile Surfaces

Figure 7 plots the quantile-on-quantile coefficient 3(0, T) for each region on the trading-
day sample. The Russian surface is most positive in the high-carbon-price, low-emission
corner: beta is approximately 0.00297 at (theta = 0.90, tau = 0.10) and 0.00229 at (theta = 0.75,
tau = 0.10). Values are much smaller at low carbon-price quantiles. The EU27 surface
changes sign across the plane, and the ROW surface is comparatively diffuse. The QQR
exercise is descriptive and uses local weighting, so we treat the concentration in the
Russian lower-left emission tail as corroborative pattern evidence, not as a separate causal
identification strategy.

QQR surfaces — Bitcoin»power-emission slope by carbon state (6) and emission state (1)
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Figure 7. Quantile-on-quantile surfaces 3(6, T) of the Bitcoin-return effect on power-sector emission
growth, by carbon-price quantile 6 and emission quantile T, estimated on the trading-day sample.
The Russian surface is most positive at high carbon-price and low emission quantiles; the surfaces
are descriptive and do not identify relocation.

4.10. Additional Robustness, Outlier Sensitivity and Falsification Checks

Table 6 brings the completed sensitivity and falsification checks into the main paper.
On the trading-day-only sample, which removes forward-filled EFP and WTI days, analyti-
cal greg estimates with the full control set remain positive at q10 (0.0649, p = 0.016) and g50
(0.0233, p = 0.040). A seven-lag q10 specification also remains positive (0.0509, p = 0.011),
with the emission lags jointly significant (p < 0.001). These results reduce concerns about
calendar construction and one-day persistence. The outlier check is more cautionary: with-
out 1st/99th percentile Winsorisation, the Russian q10 interaction remains positive (0.0364)
but loses conventional significance (p = 0.113). We therefore describe the focal result as
robust to several specification changes but sensitive to outlier treatment.

The falsification evidence is also mixed in the useful sense of constraining interpre-
tation. Randomly permuting the carbon-price return produces no significant Russian
interaction at q10 (0.0373, p = 0.164), 450 (p = 0.780) or q90 (p = 0.733). Russian residential
and ground-transport placebo interactions are insignificant at q10 (p = 0.786 and p = 0.373),
and the EU27-minus-Russia emission-growth diagnostic is null at the median (0.0332,
p = 0.581). These nulls are compatible with a power-sector-specific association, but neither
the placebos nor the direct substitution diagnostic establish displaced EU mining load.
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Table 6. Additional robustness and falsification results reported in the main text.

Check Interaction Estimate p-Value Reading
Trading-day only, Russia q10 0.0649 0.016 Survives calendar restriction
Trading-day only, Russia g50 0.0233 0.040 Positive at median
Seven-lag dynamic, Russia q10 0.0509 0.011 Survives t-1 to t-7 controls
Randomised carbon-return placebo, Russia q10 ~ 0.0373 0.164 Placebo null
Russia residential placebo, q10 0.0799 0.786 Non-power outcome null
Russia ground-transport placebo, q10 —0.0911 0.373 Non-power outcome null
EU27-minus-Russia differential, q50 0.0332 0.581 Direct substitution diagnostic null
No Winsorisation, Russia q10 0.0364 0.113 Positive sign; inference weakens

Trading-day estimates are analytical quantile regressions with the full control set on the usable trading-
day sample after transformation. The randomised-carbon placebo uses the Stata 200-replication sqreg
output. Residential and ground-transport placebos use the corresponding Carbon Monitor series
in the authors” workbook. The seven-lag model controls for emission persistence through t-7. The
no-Winsorisation row is reported because Reviewer 3 specifically requested outlier sensitivity; its
loss of conventional significance is treated as a limitation rather than suppressed.

5. Discussion
5.1. Direct Evidence, Inference and the Leakage Mechanism

The central empirical fact is a recurring Russian lower-tail association, not an identified
relocation event. The q10 Bitcoin x EFP interaction survives higher-replication inference,
OLS, dynamic specifications, a trading-day restriction and several placebo checks. At
the same time, it is already present before the May 2021 break and becomes smaller
afterwards; the Ukraine split is mixed, the EU27-minus-Russia differential is null, and
the coefficient loses conventional significance without Winsorisation. Supportive and
contradictory results therefore have to be read together. They support further investigation
of a leakage-consistent operational pattern, but not a claim that the regression has observed
EU mining capacity moving into Russia.

This interpretation is consistent with the broader carbon-leakage literature, which
distinguishes theoretical exposure from realised relocation. EU ETS studies frequently find
smaller realised leakage than simple cost-differential models imply because fixed capital,
free allocation, agglomeration, trade costs and other frictions matter (Martin et al. 2014a,
2014b, 2016; Naegele and Zaklan 2019; Verde 2020; Dechezleprétre et al. 2022). Crypto-
mining changes the mobility assumption but not the identification requirement: more
footloose hardware makes relocation plausible, not automatically observed.

Operational versus capital margins. Daily coefficients are best interpreted as an
operational-margin object: they can capture changes in utilisation of already-installed
hashing capacity across grids as market conditions move. They are not a measurement
of containers crossing a border, customs clearance, new facilities or new grid connections.
The capital margin is slower and requires direct location evidence. Operational reallocation
can still change where electricity is generated and where emissions occur, but calling the
daily coefficient proof of physical relocation would exceed the evidence.

The results also need to be read against the crypto-mining location literature. Jiang et al.
(2021), de Vries et al. (2022) and Sun et al. (2022) use mining-location, hashrate-geography
or electricity-mix information to document geographic reallocation and environmental
consequences. Those studies lie closer to Level 1 evidence than the present regressions.
The failed May-2021 timing prediction is therefore substantive: if the Russian coefficient
were a clean statistical trace of the documented post-China relocation episode, a stronger
post-ban coefficient would have been expected. Its absence weakens that specific narrative
even though the Russian q10 association remains statistically reproducible.

Common energy and macro-financial shocks provide a credible alternative channel.
The 2022 energy crisis, the war in Ukraine, fuel-price movements and broader financial risk
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can affect allowance prices, crypto prices and power-system emissions simultaneously. The
energy-finance literature likewise documents nonlinear and time-varying connectedness
among these markets (Tan et al. 2020; Corbet et al. 2021; Di Febo et al. 2021; Sarkodie et al.
2022; Zhang et al. 2023; Sibande et al. 2023). WTI, calendar controls, regime splits and lags
reduce but do not eliminate this concern, especially because temperature, local electricity
prices/load and renewable availability are absent from the supplied data.

Hashrate and direct mining activity. Bitcoin returns are an imperfect proxy for mining
profitability and can also capture general risk appetite. A global daily network-hashrate
series can test whether the result is tied to aggregate mining intensity, but global hashrate
does not reveal whether activity is in the EU, Russia or another jurisdiction and therefore
cannot identify an EU-to-Russia transfer. The strongest extension is location-specific
hashrate, mining-pool/IP geolocation or facility-level electricity use matched to regional
emissions. Until that information is available, the paper does not treat a global hashrate
substitution as closure of the identification gap.

5.2. Robustness and Alternative Explanations

The robustness programme is most informative when supportive and contradictory
tests are considered together. Supportive evidence includes the 1000-replication q10 boot-
strap, OLS, the lagged-dependent-variable model, the trading-day-only sample, the seven-
lag model and null randomised-carbon and non-power-sector placebos. These results make
it less likely that the focal coefficient is solely a low-replication inference artefact, a forward-
fill artefact, a one-day persistence artefact or a relationship that appears indiscriminately
across Russian emission sectors.

The cautionary evidence is equally important. The coefficient loses conventional
significance without Winsorisation; the formal May-2021 break moves opposite to H2b; the
March-2020 split is not mechanism-specific and has a short pre-period; the February-2022
split is mixed; distributed timing does not trace a clean relocation response; and the EU27-
minus-Russia substitution diagnostic is null. These findings rule out a stronger claim that
the data reveal a clean origin-destination transfer or a uniquely dated relocation episode.
Robustness strengthens confidence in the existence of the association while weakening
confidence in any single causal explanation.

Quantile-on-quantile estimation adds a complementary description rather than new
identification. The Russian surface is most positive at high carbon-price and low emission
quantiles, whereas EU27 and ROW lack the same concentration. This is mechanism-aligned
pattern evidence, but it is locally weighted and observational. Agreement between QQR
and the interaction model is useful for functional-form robustness; it does not transform
market comovement into exogenous variation.

5.3. Limitations and Scope Conditions

Measurement and explanatory power impose important limits. Baseline pseudo-R2
values are approximately 0.0006-0.0083, so the included financial variables explain only a
small share of daily conditional emission variation. Carbon Monitor emissions are model-
derived rather than metered; for Russia, high-frequency total generation is combined with
modelled fuel disaggregation and emission factors. The dataset also lacks temperature,
local electricity prices/load, renewable availability and other dispatch controls. These
features are consistent with a small marginal-load signal but also create substantial scope
for measurement error and omitted-variable bias.

Spatial aggregation within Russia is a second limit. The Russian power system con-
tains regions with very different generation mixes, including hydro-rich Siberian systems
and more fossil-reliant areas. Available public datasets do not provide one harmonised
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daily Siberia-versus-European-Russia power-emissions series spanning the full 2019-2025
analysis window: Carbon Monitor Cities covers a shorter city-level period (Huo et al.
2022), GRACED provides gridded releases for limited years (Dou et al. 2023), and the
constituent-entity inventory is annual and ends earlier (Xiao et al. 2021). Constructing a
full matched regional series would therefore be a new data project rather than a mechanical
rerun. We do not fabricate the missing decomposition.

The evidence boundary is consequently clear. ROW is a heterogeneous benchmark
rather than a causal counterfactual; Bitcoin price is not location-specific mining load; the
interaction does not establish the direction of relocation; and the focal Russian q10 inference
is sensitive to outlier treatment. The paper’s contribution is a reproducible lower-tail
association, a transparent evidence hierarchy, and a set of falsification results that show
both what survives and what fails. Causal displaced emissions remain a question for
a dataset combining validated market exposure, local electricity conditions and direct
mining-location measures.

6. Conclusions and Policy Implications

This paper studies whether daily power-sector emissions exhibit a distributional and
spatial pattern consistent with, but not sufficient to establish, emissions displacement
from a mobile electricity load. The strongest repeated result is a positive Bitcoin x EFP
interaction in the lower tail of Russian power-emission growth. The association survives
higher-replication q10 inference, OLS, dynamic specifications, a trading-day-only sample
and persistence controls. At the same time, it is sensitive to outlier treatment, the May-
2021 timing prediction fails, the Ukraine split is mixed, and the direct EU27-minus-Russia
substitution diagnostic is null. The empirical contribution is therefore a bounded reduced-
form finding rather than proof that mining capacity moved to Russia.

The policy discussion is intentionally modest because the design does not identify a
broad policy effect. The estimates should not be read as tonnes of carbon leakage caused
by the allowance price, as a causal estimate of EU ETS effectiveness, or as evidence that
CBAM itself caused or failed to prevent crypto-mining relocation.

First, the study highlights a measurement problem for highly mobile electricity loads.
Cross-market price-emissions interactions can indicate where an association warrants
scrutiny, but policy attribution requires validated exposure measures and direct infor-
mation on the location and utilisation of the load. Location-specific hashrate, facility-
level electricity demand, grid-connection information, local electricity prices, weather and
marginal-emissions data are the highest-value additions for future work.

Second, the broader carbon-leakage literature remains conceptually relevant to digital
activities whose physical electricity demand can move even when their output is not a
traded physical good. However, border measures, electricity-market rules, disclosure
requirements and grid-connection policies operate through different channels and require
separate causal evaluation. The present regressions do not identify which instrument
would be effective.

Third, the robustness results show why policy claims should be proportional to
the evidence. High-replication inference, trading-day checks and non-power placebos
support the existence of a recurring Russian lower-tail association, whereas the failed timing
prediction, outlier sensitivity and null direct-substitution diagnostic limit the relocation
interpretation. The appropriate conclusion is therefore that the pattern merits further
investigation with direct mining-location and subnational power-system data; stronger
causal and policy claims should await that evidence.
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