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 A B S T R A C T

Miners of proof-of-work networks like Bitcoin tend to gravitate towards regions with cheap energy. We analyze 
risks associated with this geographical centralization by exploiting a local electricity supply shock. Compared 
to a control group consisting of an energy-efficient proof-of-stake cryptocurrency, the blockchain’s capacity 
for processing transactions decreases while transaction fees increase substantially. The increased settlement 
latency on the blockchain also reduces secondary market quality as seen in higher exchange rate volatility, 
lower liquidity, and larger price differences between exchanges. Overall, our results suggest that geographical 
centralization poses short-lived but potentially severe system-wide risks to proof-of-work networks.
1. Introduction

Cryptocurrencies have seen a remarkable increase in popularity 
over the recent past. The most prominent one, Bitcoin, was the first 
to operate without any central authority by relying on a distributed 
ledger, the blockchain. On it, transactions are verified and recorded by 
miners through the proof-of-work (PoW) consensus mechanism, which 
addresses one of the fundamental problems of decentralized virtual 
currencies without trusted authorities, the double-spending problem. 
To verify the integrity of transactions, miners compete by solving com-
putationally intensive but otherwise meaningless mathematical puzzles. 
The first to find a solution appends the next block of transactions 
to the chain and receives newly issued coins and any fees paid by 
users. However, since the process is very energy-intensive, miners tend 
to gravitate towards regions with cheap electricity, undermining the 
network’s decentralization. As the cryptocurrency market continues to 
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evolve, concerns regarding the resulting limits to decentralization and 
the ecological impact of mining increase.

We analyze risks associated with this geographical centralization 
of mining by exploiting an exogenous shock to the electricity supply 
in a relatively small region with heavy Bitcoin mining activity as a 
quasi-natural experiment. During a blackout lasting several days, we 
document a drop of about 24% in the total computing power of the 
Bitcoin network. We then compare the effects of the blackout on Bitcoin 
to those on a control group consisting of a cryptocurrency using a more 
energy-efficient consensus mechanism, Ada of the Cardano network. 
We find that the fees paid to miners to have transactions included in the 
blockchain increase substantially while the number and total value of 
transactions decrease. Even though we find evidence of a shift towards 
off-chain trading activity as seen in increased exchange trading volume, 
we also observe a drop in secondary market quality: exchange rate 
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volatility increases substantially and liquidity deteriorates as transac-
tion costs such as bid-ask spreads increase. Furthermore, we document 
that market integration diminishes as price differences between various 
cryptocurrency exchanges widen.

The results have important implications regarding the centralization 
within the Bitcoin network. Operational and geopolitical risks stem-
ming from the consensus mechanism’s dependence on cheap electricity 
have the potential to adversely impact the entire network. Since we 
document strong spillover effects on exchange trading activity due to 
the increase in blockchain latency, these risks potentially affect a wide 
range of market participants. Traders and regulators should be aware 
of these risks associated with energy-intensive proof-of-work networks.

We contribute to several streams within the literature. Most directly, 
we contribute to the stream analyzing centralization within cryptocur-
rency networks. Closely related to our paper, Makarov and Schoar 
(2022) estimate the geographical concentration of mining using a novel 
approach based on the location of the cryptocurrency exchange a miner 
uses to cash out their profits. Finding that most mining is located in 
China, they also consider the same exogenous shock we study to verify 
their approach. However, they do not analyze any risks or market 
quality implications associated with this type of mining centralization.

While we focus on geographical concentration, economic forces 
might lead to centralization along several other dimensions. For ex-
ample, Böhme et al. (2015) identify cryptocurrency exchanges and 
wallet services as potential sources of centralization while Sun et al. 
(2024) show that governance of decentralized autonomous organi-
zations (DAOs) exhibits centralization tendencies as voting power is 
concentrated among a relatively small group of participants. Mining 
pools where users combine their resources to obtain a more stable 
stream of mining rewards are also considered a threat to decentraliza-
tion, though the model of Cong et al. (2021) expects a decentralized 
market structure for Bitcoin in the long run even in the presence of 
centralized mining pools. Focusing on another source of centralization, 
Arnosti and Weinberg (2022) find that production and ownership of 
mining hardware lead to a costly arms race and centralization within 
Bitcoin mining. Similarly, Ferreira et al. (2023) model blockchain 
governance and show that in a PoW system, so-called blockchain 
conglomerates – large firms that operate in multiple blockchain-related 
businesses such as mining equipment and mining pools – may control 
blockchain votes and thus governance. Capponi et al. (2023) argue 
that because miners are capacity-constrained, centralization does not 
necessarily result from increases in hardware efficiency. Instead, invest-
ments leading to more efficient mining hardware allow smaller miners 
to expand their operations and new miners to enter. Lehar and Parlour 
(2022) investigate the effect of strategic capacity management by min-
ers and show that mining concentration is related to higher levels of 
fees for users. While they also find that fees paid to miners increase 
during the same blackout period, especially for impatient traders, they 
do not focus on the wider systemic implications of geographical mining 
centralization in PoW networks. In an experimental setting, Lambrecht 
et al. (2025) find that mining centralization is associated with over-
pricing. In this paper, we add to the literature on the centralization 
within the Bitcoin network by explicitly showing multiple dimensions 
of system-wide risks arising from geographically concentrated mining.

While PoW is a popular consensus mechanism, there are widely used 
alternatives. According to Irresberger et al. (2023), the most common 
consensus mechanism is PoW, followed by proof-of-stake (PoS) and 
its derivatives.1 Arnosti and Weinberg (2022) conjecture in their con-
clusion that under certain conditions, the PoS consensus mechanism 

1 The second largest cryptocurrency, Ethereum, transitioned from PoW to 
PoS in September 2022. We also note that other algorithms are sometimes 
used. Related to PoS is delegated proof-of-stake (DPoS), where stakeholders 
vote for delegates from a fixed and limited slate. The voting power is 
proportional to the stake in the network and the voted delegate then is 
responsible for producing blocks. This mechanism is, for example, used by the 
2 
might contribute to cryptocurrency decentralization. This mechanism 
does not rely on miners to verify transactions, but instead randomly 
chooses validators where the probability of being drawn increases with 
the amount of coins deposited as stake. Chosen validators update the 
blockchain and get rewarded with newly issued coins. Their stake in 
the currency incentivizes validators not to compromise the blockchain, 
which would render the currency worthless. Within the PoS literature, 
Saleh (2021) provides a first economic analysis of the mechanism and 
gives equilibrium conditions for consensus. Still, a common criticism 
of the PoS mechanism is that it could lead to wealth accumulation and 
thus centralization because validators with larger stakes have a higher 
probability of being chosen and thus obtaining the reward, increasing 
their stake further. Roşu and Saleh (2021) address this concern by 
showing that under certain assumptions, any investor’s share in the 
network follows a martingale and is not expected to change in the long 
run. Using simulations, Mueller-Bloch et al. (2024) investigate potential 
determinants of the level of decentralization within PoS networks. 
For example, having many potential validators and high transaction 
activity on the blockchain is associated with a more decentralized 
network.

By comparing two currencies with different consensus mechanisms, 
our study also indirectly relates to the literature on the relative advan-
tages of different consensus mechanisms. By design, validators in PoS 
networks do not face the same incentives to cluster geographically, as 
electricity is not a major input factor in block production, in contrast 
to PoW networks. Still, PoS systems may be subject to other forms 
of centralization risk. For example, reliance on a small number of 
software clients may expose the network to system-wide disruptions 
due to bugs, vulnerabilities, or coordinated failures. Importantly, our 
analysis does not attempt to quantify or compare the degree of geo-
graphical concentration across consensus mechanisms. Instead, it takes 
the documented geographical concentration of PoW mining as given 
and studies the resulting economic and market-quality consequences of 
a geographically correlated shock. More broadly, our findings highlight 
how concentration in blockchain networks, regardless of its underlying 
source, can translate into systemic risks.

An argument favoring non-PoW currencies is that they are generally 
more energy efficient. This not only contributes to geographical de-
centralization but is also particularly important as several studies have 
voiced concerns that Bitcoin mining could be a substantial factor in cli-
mate change, though there is no consensus on the magnitude (Dittmar 
and Praktiknjo, 2019; de Vries, 2020; de Vries et al., 2022). In a 
related issue, regulators and market participants worry about spillovers 
from mining activity to the electricity market. For the United States, 
Benetton et al. (2025) document higher electricity costs for households 
and small businesses due to regional cryptocurrency mining activity. 
For China, the authors find a crowding-out effect on the local economy 
due to mining-induced regional electricity rationing. Karmakar et al. 
(2021) observe that Bitcoin mining activity is related to increasing 
volatility levels in the electricity spot market. In a similar vein, Corbet 
et al. (2021) find a positive relationship between Bitcoin returns and 
the volatility of returns of certain electricity and utility companies. 
More generally, several studies have documented interdependencies 

cryptocurrencies Tronix (of the TRON network) and EOS. Leased proof-of-stake 
(LPoS) is similar to DPoS, but instead of voting, users lease out their tokens 
and thus the right to produce blocks to block-generating nodes in exchange 
for some reward. LPoS does not rely on a limited number of nodes and thus 
tends to be less centralized than DPoS. Waves is the most prominent example 
of an LPoS cryptocurrency. Some alternative consensus mechanisms rely on 
storage space. For example, in Burstcoin’s proof-of-capacity (PoC), miners 
compete by providing disk space that is not otherwise used and in Filecoin’s 
proof-of-spacetime consensus mechanism, miners effectively rent out disk 
space. Other mechanisms include proof-of-importance, proof-of-burn, proof-of-
elapsed-time, proof-of-authority, and the more general proof-of-weight. Some 
cryptocurrencies use combinations of different consensus algorithms.
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and spillovers between cryptocurrency markets and energy markets (Ji 
et al., 2019; Pham et al., 2022; Ren and Lucey, 2022; Sharif et al., 
2023). Halaburda and Yermack (2025) study publicly listed cryptocur-
rency mining companies in North America. They find that miners 
relying on green wind power are relatively more profitable, even 
though they are offline more often than miners relying on other sources 
of electricity. Furthermore, mining companies potentially provide a 
hedge for electric utilities due to a negative return correlation. Since 
we compare Bitcoin and its energy-intensive consensus mechanism to 
a more energy-efficient alternative during a shock to the electricity 
market, our study also relates to this stream within the literature.

A noteworthy point about our analysis is that the shock to the 
network is only temporary. While in our case, this is a result of the 
limited duration of the blackout, the temporary nature of shocks to 
mining activity is also an inherent feature of the PoW mechanism. The 
difficulty of the mathematical puzzles miners have to solve is adjusted 
according to the total computing power of the network, albeit with a 
lag. For Bitcoin, the adjustment occurs roughly every two weeks to keep 
the expected time between blocks at 10 min (see, e.g., Dwyer, 2015). 
This delayed but automatic adjustment ensures that any shock only 
temporarily affects the speed of settlement, attenuating the geopolitical 
and operational risks of centralization in the long term. However, in the 
short term, there can be substantial deviations from this long-run aver-
age settlement speed and the corresponding capacity of the blockchain. 
In this respect, our study is thus in the spirit of the literature on market 
quality breakdowns and flash crashes: while these are temporary and of 
even shorter duration than the blackout, they have sparked the interest 
of academics and regulators since they may still be extremely costly 
to market participants (Gao and Mizrach, 2016; Kirilenko et al., 2017; 
Menkveld and Yueshen, 2019).

A related aspect of the limited duration of the shock to the network 
is often referred to as network resiliency. The corresponding literature 
is typically concerned with the security of a blockchain in the long run, 
for example with respect to double-spending attempts. In this stream, 
Bertucci et al. (2022) model the Bitcoin mining industry and show 
that the security of the Bitcoin network is the result of a long-run 
equilibrium of mining revenues. However, in the medium run, shocks 
can have a substantial effect since the supply of mining hardware 
can only slowly adjust. John et al. (2025) compare PoW and PoS 
blockchains with respect to their scalability. Blockchains that scale 
better with the demand for transaction recording exhibit less congestion 
and lower fees. Importantly, the associated reduction in PoW miners’ 
revenues lowers their incentives to invest in computational power, thus 
lowering the security of the blockchain. The opposite effect on security 
is found for PoS blockchains. In parallel work to ours, Stinner and Tyrell 
(2023) consider the resiliency of the Bitcoin network by exploiting two 
shocks to mining activity. However, their focus is on the security of the 
network, the incentive compatibility of mining even in extreme con-
ditions, and how traders value the blockchain’s stability. Conversely, 
our focus is on the systemic implications of mining centralization on 
blockchain activity and secondary market quality.

The remainder of the paper is structured as follows: Section 2 
introduces the event and develops our hypotheses while Section 3 
explains the data and the empirical methodology. Section 4 discusses 
the results for blockchain activity and secondary market quality before 
Section 5 concludes.

2. Background and hypotheses

2.1. Bitcoin mining and the blackout

Cryptocurrency miners tend to be secretive regarding their opera-
tions, including their precise geographical location. However, because 
electricity constitutes the main input factor for miners of PoW cur-
rencies, they gravitate towards countries with cheap energy. During 
our sample period, this is in particular China (Delgado-Mohatar et al., 
3 
2019). While during the wet season from May to October, many miners 
are located near hydroelectric plants in the provinces of Sichuan and 
Yunnan, operations migrate to other areas in the dry season, particu-
larly Xinjiang with its cheap coal energy. According to the Cambridge 
Centre for Alternative Finance (2021), China accounts for about 46% 
of all Bitcoin mining during our sample. Moreover, Xinjiang alone 
accounts for about 25% of worldwide activity.

On April 10, 2021, a coal mine flooded in Hutubi County in northern 
Xinjiang, trapping 21 people. As a consequence, the local government 
announced extensive safety inspections on April 15, which led to the 
temporary shutdown of several power plants in the region and resulted 
in a local electricity shortage (Altxw.com, 2021). Various news articles 
then document a sharp decrease in the Bitcoin hashrate, i.e., the total 
computing power of the network, starting April 16 as cryptocurrency 
mining operations were deprived of electricity (see, e.g., Fortune.com, 
2021; Digiconomist.net, 2021). Power only gradually resumed after 
about one week, leading to a gradual increase of the hashrate back 
to its previous level (Theblockcrypto.com, 2021). We hence consider 
the window from April 16 to April 22 as the blackout period. While 
we can reasonably precisely timestamp the beginning of the blackout, 
there is some uncertainty regarding when exactly power was restored. 
We address this issue in two ways: First, we estimate the implied 
hashrate and test not only whether there is a significant drop during 
this period, but also whether the computing power is restored to its 
previous level afterwards. Second, we repeat our regression analysis 
using different window lengths and find that our results are robust to 
different specifications.

The blackout provides a unique opportunity to analyze risks asso-
ciated with the geographical concentration of Bitcoin mining. First, 
the blackout can be relatively accurately timestamped and immedi-
ately affected miners in that region. This is not necessarily the case 
for other types of events. For example, while government restrictions 
on cryptocurrencies and mining in particular are highly relevant sig-
nals regarding the prospects of cryptocurrencies, they are unlikely to 
immediately and effectively shut down all local mining operations, 
making a clear identification difficult (see, e.g., Chen and Liu, 2022). 
Furthermore, the vulnerability of cryptocurrency mining to government 
restrictions is a consequence of geographical concentration stemming 
from the PoW consensus mechanism’s energy dependence. Investigating 
the effects of the blackout is thus a more direct test of the implications 
of geographical mining concentration. Second, the considered black-
out constitutes an exogenous shock to mining, which might not hold 
for other events. For instance, the electricity consumption of Bitcoin 
mining and the resulting stress on the power grid has been blamed 
for power outages in other regions like Iran (CNBC, 2021). While 
somewhat unlikely, using such blackouts as shocks to mining could 
make the direction of causality ambiguous. Finally, many alternative 
shocks only indirectly affect mining, for example through cryptocur-
rency price changes. In contrast, our event directly impacts not just the 
profitability but the ability to mine in the affected region, which is a 
direct consequence of the geographical centralization of mining.2

2 In July and September 2021, China again banned mining activity and 
cryptocurrency transactions. The exact impact of these bans is still debated. For 
example, according to the Cambridge Centre for Alternative Finance (2021) 
Bitcoin Mining Map, in August 2021 there was no Bitcoin mining in China. 
However, in September 2021 and January 2022, the estimate is at about 22% 
and 21% of global mining activity, respectively. A potential problem with this 
data is that it relies on the IP addresses of mining facilities, which after the 
ban may have been disguised using VPN tunnels and other measures. But even 
if many miners have subsequently left Xinjiang and the rest of China, mining 
activity likely migrated to places with cheap electricity such as Kazakhstan 
and the United States, in particular Texas (de Vries et al., 2022). Geographical 
centralization of mining hence still poses a potential problem.



S. Scharnowski and Y. Shi Journal of Financial Stability 85 (2026) 101569 
2.2. Hypothesis development

We now derive testable hypotheses and organize them into two 
groups. The first group concerns the direct effects of the blackout 
on on-chain activity such as blocktimes, fees, and the transactions 
recorded on the blockchain. The second group focuses on secondary-
market outcomes, examining how disruptions to on-chain transaction 
processing affect price dynamics, liquidity, and market integration 
across exchanges.

2.2.1. Hypotheses for on-chain activity
If mining operations are indeed interrupted by the blackout, we 

expect the total computing power of the network to decrease. We 
hence first confirm that the hashrate of the Bitcoin network is signif-
icantly lower during the blackout. Finding evidence in favor of this 
first hypothesis thus validates using the blackout as a quasi-natural 
experiment.

Hypothesis 1.  The hashrate of the Bitcoin network is lower during the 
blackout.

Keeping the difficulty of mining a block constant, a reduction in the 
hashrate mechanically leads to an increase in the average time between 
blocks and fewer mined blocks overall. The capacity on the blockchain 
is thus reduced and becomes more binding. Consequently, impatient 
traders compete for the scarce resource of blockchain capacity by 
bidding up fees, akin to blockchain congestion as in Kim (2020) and 
Sokolov (2021). This reasoning also aligns with Easley et al. (2019). In 
their model, fees reflect the queuing problem faced by Bitcoin users. 
As waiting time increases, some users choose to increase their fees. 
However, others exit and do not submit transactions as the benefit of 
having the transaction recorded does not outweigh the cost associated 
with fees and waiting times. Even if the blockchain is running below 
its true capacity, strategic capacity management by miners to increase 
fee revenues as in Lehar and Parlour (2022) could further amplify this 
fee increase. This leads us to our second hypothesis:

Hypothesis 2.  Fees paid to miners increase during the blackout.
Longer confirmation times and higher fees increase the cost of on-

chain settlement. Patient traders or those with only marginal utility 
gains from trade forgo or postpone their trading as in Easley et al. 
(2019), leading to fewer transactions recorded on the blockchain. Some 
traders might still submit their transactions during the blackout, but 
may only be willing to pay fees that are too low to incentivize miners 
to include the transactions in new blocks. These transactions would 
remain unconfirmed by the network until the prevailing fee level falls 
sufficiently, which is economically similar to postponing the transac-
tions. These considerations motivate our next hypothesis on confirmed 
on-chain transaction activity.

Hypothesis 3.  The number and total value of transactions recorded 
on the Bitcoin blockchain decrease during the blackout.

2.2.2. Hypotheses for secondary market activity
So far, we have only considered on-chain trading activity. However, 

we also expect the blackout to impact off-chain activity, i.e., cryp-
tocurrency trading activity on centralized exchanges. In the model 
of Zimmerman (2020), limited settlement space and the associated 
competition between cryptocurrency users and speculators lead to a 
crowding-out of those who want to use the currency for payments. This 
in turn decreases the value of the currency as a means of payment while 
increasing its riskiness in the form of price volatility. This reasoning 
is also consistent with Biais et al. (2023), where the fundamental 
value of a cryptocurrency derives from future transactional benefits. 
Furthermore, Bhambhwani et al. (2023) empirically show that there is 
a positive relationship between cryptocurrency prices and computing 
4 
power. They conjecture that computing power is a fundamental pricing 
factor that proxies for systemic risk. We hence hypothesize that Bitcoin 
prices decrease and that the volatility of their returns increases during 
the blackout.

Hypothesis 4.  Bitcoin depreciates during the blackout.

Hypothesis 5.  Bitcoin returns become more volatile during the black-
out.

The increase in risk and uncertainty associated with the blackout is 
likely to reduce liquidity. Additionally, longer confirmation times and 
higher fees increase the cost of deposits and withdrawals from central-
ized exchanges, raising inventory and funding risk for market makers. 
When inventory cannot be adjusted quickly or predictably, liquidity 
suppliers may limit their exposure by widening bid-ask spreads and re-
ducing quoted depth. In addition, heightened uncertainty can increase 
adverse-selection concerns, further discouraging liquidity provision. 
Taken together, these mechanisms imply a deterioration of liquidity 
during the blackout.

Hypothesis 6.  Secondary market liquidity deteriorates during the 
blackout.

Higher volatility and lower liquidity make it more difficult for 
arbitrageurs to exploit arbitrage opportunities, for example across dif-
ferent trading venues (Shleifer and Vishny, 1997; Roll et al., 2007). 
Furthermore, according to the model of Hautsch et al. (2024), set-
tlement latency reduces cross-market trading and makes exploiting 
potential arbitrage opportunities riskier. This is because arbitrageurs on 
centralized exchanges face the dilemma of either trusting the possibly 
unreliable exchanges by keeping funds in their accounts or potentially 
missing out on trading opportunities due to high blockchain latency, 
which reduces the speed of moving funds into and out of the exchange 
accounts used for trading. Since centralized cryptocurrency exchanges 
have a long history of misplacing customer funds through hacks or 
embezzlement, trust in many exchanges is generally relatively low. 
Hence, most traders prefer not to keep large amounts of funds with 
an exchange for longer periods of time (Hoang and Baur, 2022). This 
leads to larger and more volatile cross-venue price differences when 
settlement latency is high.

Hypothesis 7.  Secondary market integration decreases as seen in 
increased cross-venue price differences.

3. Empirical approach

3.1. Sample selection and data

We collect data from April 2 to April 30, 2021. This sample period 
includes the event period of the blackout from April 16 to April 22, 
which we compare to the pre-event period of one week before the 
event, starting April 9. Data from the week starting April 2 is used for 
standardization and to analyze any trends.

We compare Bitcoin to Ada, the internal cryptocurrency of the 
Cardano platform. Cardano was launched in 2017 and consists of two 
layers, where the first layer is the settlement layer tracking Ada owner-
ship, similar to the Bitcoin network. The second layer facilitates smart 
contracts akin to those on the Ethereum network. Importantly, Cardano 
uses the PoS consensus mechanism, making Ada the largest PoS and 
non-PoW cryptocurrency at the time of the blackout, representing more 
than half of the market capitalization of all PoS currencies (see also 
Irresberger et al., 2023). Overall, it is the fifth-largest cryptocurrency 
as of May 2021. However, to address concerns regarding our choice of 
control currency, we additionally obtain data on three other non-PoW 
cryptocurrencies and use these for robustness tests.
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Our data comes from two main sources. First, we collect data from 
the cryptocurrencies’ blockchains: the number of new blocks, the aver-
age time between two blocks, and the number of transactions contained 
in all blocks. Furthermore, we compute the total value sent within all 
transactions, the average value of a transaction, and the total fees paid 
to miners, using contemporaneous market prices to express these values 
in USD. We then compute the value-weighted average relative fee as 
given by total fees paid to miners within a block divided by the value 
of all transactions within that block. However, these average fees per 
block may mask substantial heterogeneity in the fees paid for individual 
transactions. We hence also look at the within-block distribution of fees 
and compute the 10th and 90th percentile of equally-weighted relative 
fees within a block as well as their standard deviation.

Second, we obtain minutely exchange rate data from Kraken, which 
is generally regarded as a trustworthy exchange and offers deep and 
continuous spot market liquidity over our sample period (see, e.g., 
Dyhrberg et al., 2023). We focus on trading cryptocurrencies against 
the U.S. dollar. To assess the robustness of our results and to study 
cross-venue market integration, we additionally consider data from 
Coinbase, Binance, and Huobi (now known as HTX). Both Kraken and 
Coinbase primarily cater to U.S. and European customers and operate 
under a similar regulatory environment. At Binance and Huobi, Bitcoin 
and Ada are traded against the stablecoin Tether (USDT).3 According 
to Makarov and Schoar (2022), Binance is one of the most popular 
exchanges for Chinese miners to cash out their accumulated mining 
rewards. Similarly, Huobi has historically maintained a strong presence 
in Asian markets.

We aggregate the data to an hourly frequency.4 For the exchange 
data, we calculate logarithmic returns based on hourly closing prices, 
the standard deviation of minutely logarithmic returns, and the trading 
volume in USD. Because Scharnowski (2021) indicates that Bitcoin 
liquidity is related to the hashrate, we follow Brauneis et al. (2021) and 
consider different measures of liquidity. Firstly, we use the Corwin and 
Schultz (2012) high-low spread estimator, which according to Brauneis 
et al. (2021) performs well in capturing the time-series variation of 
liquidity.

Spread𝑡 =
2 (exp (𝛼) − 1)
1 + exp (𝛼)

where 𝛼 =

√

2𝛽 −
√

𝛽

3 − 2
√

2
−
√

𝛾

3 − 2
√

2

𝛽 =
[

ln
(High𝑡
Low𝑡

)]2
+
[

ln
(High𝑡+1
Low𝑡+1

)]2

𝛾 =

[

ln

(

max
(

High𝑡,High𝑡+1
)

min
(

Low𝑡, Low𝑡+1
)

)]2

As commonly done, we set negative spread estimates to zero. Secondly, 
we compute the Kyle and Obizhaeva (2016) illiquidity index, which 
performs well in capturing the cross-sectional variation of liquidity. 
Intuitively, the measure expresses how volatile returns react to a given 
trading volume. Formally, we use the following specification:

Illiquidity𝑡 =
[

𝜎2𝑡
Volume𝑡

]
1
3

3 While there is a debate on the stability of stablecoins (Hoang and Baur, 
2024), differences between USD and Tether (USDT) are small during our 
sample period. The maximum and minimum of the USDT/USD exchange rate 
at Kraken are 1.0061 and 0.9990, respectively. The choice of quote currency 
is thus unlikely to meaningfully impact our results. Still, in most analyses we 
only compare different base currencies while keeping the quote currency fixed.

4 Note that there are seven 1-hour intervals during which no Bitcoin block 
was mined, resulting in a slightly smaller sample for the blockchain data 
compared to the exchange data. Similarly, due to maintenance outages at 
Binance, the analysis using data from that exchange is based on a marginally 
smaller sample.
5 
Finally, to study any changes in market integration, we compute 
price differences between various trading venues based on minutely 
closing prices.

Price Diff𝑡 =
|

|

|

|

|

|

ln

(

CloseExchange A,𝑡
CloseExchange B,𝑡

)

|

|

|

|

|

|

Table  1 provides summary statistics of non-standardized variables 
based on the week of April 2 to April 8, 2021.5 While both currencies 
are the largest by market capitalization among the cryptocurrencies 
using their respective consensus mechanism, Bitcoin’s transaction ac-
tivity is still much higher. To reduce noise and bring the metrics to 
comparable levels, we hence use data from that week to standardize the 
variables. In particular, for each currency and for all variables except 
returns, we subtract the time-series mean and divide by the standard 
deviation.6

3.2. Estimating the network hashrate

We first document the extent to which Bitcoin miners are affected by 
the blackout. While not directly observable, their aggregate computing 
power can be estimated by the implied hashrate. The implied hashrate 
is related to the ratio of the current difficulty within the network to the 
time between two blocks. The former describes how computationally 
demanding it is to solve the mathematical puzzle by finding a hash 
below a certain threshold which would lead to the successful mining 
of a block. While the time between blocks is stochastic, the difficulty is 
adjusted roughly every two weeks to keep the expected time between 
blocks at ten minutes. Importantly, the difficulty stays constant during 
our sample period. Several days later there is a sharp drop in difficulty, 
reflecting the lower average hashrate during the blackout.

It follows that miners’ investments affect their hashrate, their rela-
tive market power, and the total electricity cost of the network due to 
mining, but over a longer horizon this arms race does not further impact 
the Bitcoin network as it simply leads to an increase in difficulty. In 
particular, the total rewards in the form of newly mined bitcoins stay 
the same (Capponi et al., 2023).

Using the observed average time between two blocks during some 
interval then gives an estimate of the implied network hashrate. Re-
garding the choice of time interval, there is a trade-off between the 
stability of the estimate and the frequency with which we can observe 
the computational power of the network. We use an interval length of 
three hours, but our results are generally robust to using longer and 
shorter intervals.
̂Hashrate𝑡 = 232 ×

Difficulty𝑡
TimeBetweenBlocks𝑡

3.3. Regression analysis

We analyze the impact of the blackout in a difference-in-differences 
framework by comparing Bitcoin to a non-PoW cryptocurrency that, 
by design, only trivially depends on electricity and is thus not directly 
affected by the blackout. Using this approach, we control for unobserv-
able confounding factors that affect both cryptocurrencies, for example 
through economy-wide or (crypto)market-wide changes, while isolating 
the effect on Bitcoin with its PoW consensus mechanism.7

5 These values are used to standardize the variables for the later analyses. 
Summary statistics based on data during the blackout period can be found in 
the Appendix.

6 Untabulated analyses show that our results do not depend on the exact 
specification of this standardization window.

7 While in this study we do not consider other PoW currencies, it is ulti-
mately an empirical question whether miners of other PoW cryptocurrencies 
were located in the same region affected by the blackout. However, using data 
from etherscan.io, we find that the estimated Ethereum network hashrate was 
not impacted by the blackout, increasing marginally by about 0.22% during 
the blackout period compared to the week before.
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Table 1
Descriptive statistics.
 Mean SD P5 P50 P95 Skew. Kurt.

 Panel A: Bitcoin
 TransactionsN 12.23 4.84 5.23 12.00 20.74 0.4 2.8
 TransactionsTotal Value 3.83 1.99 1.13 3.43 7.66 1.0 4.2
 TransactionsSize 0.33 0.17 0.12 0.31 0.61 1.9 11.2
 TransactionsBlock 2068.46 425.19 1241.33 2094.95 2683.20 −0.3 2.8
 Blocktime 11.72 6.38 5.61 10.01 22.12 2.2 9.8

 FeesTotal 221.84 85.53 109.27 205.02 380.06 0.6 3.1
 FeesRelative 0.69 0.32 0.34 0.63 1.26 1.4 5.6
 FeesSD within Block 34.18 13.89 19.28 31.82 54.58 3.2 22.5
 FeesP10 within Block 0.02 0.01 0.01 0.02 0.03 0.7 3.6
 FeesP90 within Block 10.83 2.61 7.21 10.74 14.45 0.9 6.4

 Return −0.71 45.04 −87.36 −3.00 68.89 0.5 4.9
 Volatility 6.29 2.67 3.36 5.68 11.52 1.5 5.7
 Volume 8.15 6.69 2.07 6.52 20.11 3.0 17.9
 Spread 0.50 0.42 0.08 0.36 1.35 1.8 6.7
 Illiquidity 1.37 0.32 0.91 1.37 1.94 0.2 2.4

 Price Diff.Kraken–Binance 3.71 1.27 2.31 3.44 5.72 2.4 13.2
 Price Diff.Kraken–Coinbase 2.72 0.54 1.97 2.63 3.76 0.6 3.0
 Price Diff.Coinbase–Binance 2.87 1.75 1.18 2.25 6.33 1.8 7.8
 Price Diff.Kraken–Huobi 5.48 2.53 2.40 4.78 9.69 1.0 4.0
 Price Diff.Binance–Huobi 4.37 1.98 2.14 3.90 8.82 1.4 5.1
 Price Diff.Coinbase–Huobi 5.63 2.84 2.10 5.02 10.57 0.8 3.0

 Panel B: Ada
 TransactionsN 1.49 0.72 0.94 1.41 2.16 8.1 87.4
 TransactionsTotal Value 0.20 0.18 0.08 0.16 0.40 5.0 35.5
 TransactionsSize 0.14 0.11 0.06 0.11 0.28 4.2 25.6
 TransactionsBlock 9.49 4.62 6.18 8.94 13.57 8.5 94.7
 Blocktime 0.38 0.03 0.33 0.38 0.44 0.6 3.5

 FeesTotal 0.39 0.17 0.24 0.37 0.60 5.7 52.3
 FeesRelative 0.03 0.01 0.01 0.02 0.04 2.1 13.4
 FeesSD within Block 0.84 0.27 0.49 0.82 1.41 0.8 4.3
 FeesP10 within Block 0.05 0.09 0.01 0.03 0.13 5.2 33.9
 FeesP90 within Block 1.21 0.47 0.63 1.06 2.09 0.9 3.5

 Return 1.70 92.54 −137.86 4.72 139.98 2.5 22.3
 Volatility 11.46 8.04 4.33 9.43 23.87 3.4 20.0
 Volume 1.16 1.45 0.29 0.82 2.67 6.2 52.9
 Spread 0.78 1.08 0.09 0.53 2.21 6.8 64.3
 Illiquidity 6.47 20.06 2.88 4.84 7.52 12.8 164.4

 Price Diff.Kraken–Binance 6.25 1.77 4.05 5.96 9.40 1.2 5.0
 Price Diff.Kraken–Coinbase 6.98 2.70 4.24 6.64 10.17 3.3 19.5
 Price Diff.Coinbase–Binance 6.64 4.23 2.98 5.59 11.68 3.9 23.0
 Price Diff.Kraken–Huobi 9.75 5.77 4.03 8.36 19.02 2.4 11.7
 Price Diff.Binance–Huobi 7.82 5.59 3.32 6.35 16.21 3.2 17.3
 Price Diff.Coinbase–Huobi 13.18 7.43 4.77 11.23 26.08 1.8 7.3

This table shows summary statistics based on hourly data from the week of April 2, 2021. TransactionsN  is the number of new transactions 
recorded on the blockchain in 1k, TransactionsTotal Value their value in USD 1bn, and TransactionsSize their average size in USD 1mn. TransactionsBlock
is the average number of transactions per block and Blocktime the average time between two blocks in minutes. FeesTotal  is the sum of all 
fees paid by users in USD 1k and FeesRelative  the same relative to the value of the transactions in basis points (bps). FeesP10/P90 within Block is the 
hourly average of the 10th/90th percentile of equally-weighted relative fees within a block in percentage points and FeesSD within Block the hourly 
average of the standard deviation of equally-weighted relative fees within a block in percentage points. The remaining variables are based on 
trading data from Kraken: Return is the logarithmic return of hourly closing prices in bps, Volatility the standard deviation of minutely log 
returns in bps, Volume is the trading volume in USD 1mn, Spread is the high-low spread estimate in bps, and Illiquidity is the illiquidity index 
by Kyle and Obizhaeva (2016) in bps. Price Diff. is the hourly average of relative absolute USD price difference between the various exchanges 
in bps.
Specifically, for the period including the blackout and the one week 
before, we estimate
Y𝑖𝑡 = 𝛼 + 𝛽1Bitcoin𝑖 + 𝛽2Blackout𝑡 + 𝛽3Bitcoin𝑖 × Blackout𝑡 + 𝜀𝑖𝑡

where 𝑌𝑖𝑡 is a standardized measure of blockchain or trading activity of 
cryptocurrency 𝑖 at time 𝑡 and Bitcoin and Blackout are binary indicator 
variables. The constant shows the value of Ada before the blackout, 
standardized using data from the week of April 2 to April 8, 2021. The 
coefficient for Bitcoin gives the standardized difference between the 
two currencies before the blackout. The blackout coefficient shows the 
standardized effect of the blackout, while the interaction term gives its 
additional effect on Bitcoin. We use Newey and West (1987) standard 
errors to address any potential heteroscedasticity and autocorrelation, 
setting the number of lags equal to ⌈𝑇 0.25⌉.
6 
A crucial assumption regarding our difference-in-differences estima-
tor is that the two cryptocurrencies exhibit parallel trends before the 
event. To establish that this assumption holds, we plot the development 
of the different variables for both currencies. Before the blackout, 
differences are generally small and the two currencies closely co-move. 
We also test the assumption more formally by comparing the average 
changes in the hourly variables between the two currencies during 
the two weeks before the blackout. The (untabulated) differences are 
insignificant in all cases, again suggesting that the parallel trends 
assumption indeed holds.

Another concern might be that there are spillover effects from Bit-
coin as the leading cryptocurrency to the rest of the market, which then 
would indirectly affect the control currency. However, assuming such 
spillovers impact the control currency in the same direction, they would 
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Fig. 1. Implied hashrate of the Bitcoin network.
This graph shows the estimated implied hashrate of the Bitcoin network in exahash per second. Each estimate is based on the current difficulty of the network 
and the average time between blocks mined within a three-hour window. The vertical dashed lines indicate the beginning and end of the blackout period (April 
16 to April 22) and the three surrounding weeks, respectively. The horizontal bars show the average hashrate during the respective windows.
actually lead to an underestimation of the additional effect the blackout 
has on Bitcoin and would instead be captured by the coefficient for the 
blackout.8 Moreover, capturing this spillover effect and thus the impact 
of the blackout on the wider cryptocurrency market in the coefficient 
for the Blackout allows us to draw conclusions regarding the propa-
gation of the risks inherent in Bitcoin’s geographical centralization to 
other cryptocurrencies as well, thus showing the systemic risks within 
the cryptocurrency market arising from one currency’s operational risks 
due to geographical concentration.

4. Results

4.1. Drop in hashrate

Fig.  1 shows the development of the implied hashrate of the Bitcoin 
network. While volatile, the average during the two weeks before 
the blackout is virtually identical at about 170 exahashes per second 
(Eh/s).9 During the blackout, the hashrate drops to 130 Eh/s, or by 
about 24%, suggesting that about one quarter of worldwide Bitcoin 
mining operations were affected by the blackout. This closely aligns 
with the estimate of the Cambridge Centre for Alternative Finance 
(2021) according to which 25% of worldwide mining activity is located 
in Xinjiang during our sample period, suggesting that even within this 
region, all mining operations are located in close geographical prox-
imity. The drop is highly statistically significant: t-tests for differences 
between the blackout period and the week before or afterwards give 
absolute test statistics of 5.19 and 3.37, respectively. Using the median 
instead of the average time between two blocks to estimate the hashrate 
gives similar results, though at an overall higher level. The difference 
between the implied hashrate during the week before and the week 
after the blackout is statistically insignificant, supporting the choice of 
the length of the blackout window.

To further validate the estimation of the hashrate, we then ask 
whether the magnitude of the drop is plausible given the typical 
capacity of a coal power plant. Assuming a mining efficiency of 20
Th/s
kW , the drop of about 40Eh/s corresponds to a decrease in electrical 
power drawn by miners of 2000MW.10 While the exact power plant(s) 

8 This underestimation becomes apparent later when we consider abnormal 
returns to calculate volatility.

9 One exahash per second corresponds to one quintillion (1018) hashes 
per second while one hash essentially corresponds to one guess for the 
mathematical puzzle the miners try to solve.
10 Our assumption of mining efficiency is based on the mining equipment 
available at the time. For example, the Bitmain Antminer S15 has a hashrate of 
28Th/s drawing 1.596 kW, while the more recent and more efficient Antminer 
S17 Pro has a hashrate of 53Th/s at 2.094 kW. The corresponding mining 
efficiencies are 17.5  Th/s  and 25.3  Th/s , respectively.
kW kW
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affected by the blackout are unknown, this is about the same order 
of magnitude as the capacity of a single large coal power plant. For 
example, the Wujiaqu power station, also in Xinjiang, has a total 
capacity of 3640MW, though most power plants in the region are likely 
smaller. The observed drop in implied hashrate is thus consistent with 
the shutdown of a single larger or several smaller coal power plants.

The results for the implied hashrate can also be expressed as the 
time between two blocks. During the blackout, the average blocktime 
is 16.37 min. Compared to the long-term average of 10 min and given 
the rule of thumb of waiting for six blocks to consider a transaction 
confirmed, Bitcoin traders have to wait for an additional 38 min – 
or 64% longer than usual – to be sure that their transactions are 
irreversibly recorded on the blockchain. There is hence a statistically 
and economically significant increase in settlement latency.

The sudden drop in hashrate confirms Hypothesis  1 and indicates 
that during the sample period covering the end of the dry season 
in Southwest China, a significant fraction of global Bitcoin mining 
is concentrated in a relatively small geographical area in northern 
Xinjiang and powered mostly by coal. Though Bitcoin is decentralized 
by design, the power outage shows limits to decentralization of PoW 
currencies, since miners crucially depend on low electricity prices.

4.2. Blockchain activity and transaction fees

We continue by analyzing the activity on the currencies’ blockchains 
in Table  2. The first two columns indicate that during the blackout, 
Ada experiences an increase in the number and USD value of the 
transactions recorded on its blockchain. The increases of 0.29 and 0.44 
of a standard deviation relative to before the blackout are statistically 
significant, but substantially smaller than the corresponding decrease 
for Bitcoin. Compared to before the blackout, Bitcoin’s transaction 
activity even decreases by 0.50 and 0.05 standard deviations for the 
number and USD value of transactions, respectively, confirming Hy-
pothesis  3 and consistent with a reduction in blockchain capacity. 
The average transaction size and the number of transactions included 
in each block increase during the blackout, but not especially so for 
Bitcoin. We obtain very similar results when considering the value and 
average transaction size not in USD but in terms of the networks’ native 
cryptocurrency tokens.11

To further illustrate the congestion of the blockchain, we plot the 
development of the number of unconfirmed transactions in Fig.  2. These 

11 In Table  A.2 in the Appendix, we examine the within-block distribution 
of transaction sizes. Consistent with a crowding-out of smaller transactions 
driven by higher fees, we find a significant increase in transaction sizes at 
the 10th percentile. In contrast, neither the median nor the 90th percentile of 
transaction sizes exhibits a statistically significant change.
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Table 2
Blockchain activity.
 TXN TXValue TXValueCoins TXBlock TXSize TXSize Coins
 Constant 0.122 0.175 0.055 0.105 0.115 −0.004  
 (1.35) (1.50) (0.56) (1.25) (0.86) (−0.03)  
 Bitcoin −0.009 0.061 0.075 −0.023 0.146 0.157  
 (−0.07) (0.42) (0.61) (−0.17) (0.89) (1.06)  
 Blackout 0.290∗∗ 0.441∗∗∗ 0.479∗∗∗ 0.222∗∗ 0.307 0.341∗  
 (2.50) (2.59) (3.01) (2.08) (1.55) (1.80)  
 Bitcoin × Blackout −0.789∗∗∗ −0.495∗∗ −0.379∗ 0.029 −0.023 0.100  
 (−4.74) (−2.23) (−1.77) (0.16) (−0.09) (0.42)  
 Adj. 𝑅2 0.108 0.018 0.020 0.021 0.009 0.023
 Observations 667 667 667 667 667 667

This table shows difference-in-differences regression results for blockchain activity using hourly data. TXN is the total number of new transactions 
recorded on the respective blockchain, TXValue the total value contained in these transactions in USD, and TXValue Coins the same value but in 
the networks’ native coins (Ada or Bitcoin). TXBlock is the average number of transactions contained in each block. TXSize (TXSize Coins) is the 
average value per transaction in USD (native coins). The variables have been standardized for each currency by subtracting their average value 
and dividing by their standard deviations during the week of April 2 to April 8, 2021. The treatment period of the blackout from April 16 to 
April 22, 2021 is compared to the 7 days before the blackout. Newey–West 𝑡-statistics are reported in parentheses. ***, **, * denote significance 
at the 1%, 5%, 10%-level, respectively.
Fig. 2. Number of unconfirmed transactions in the mempool.
This graph shows daily averages of the number of unconfirmed transactions waiting in the Bitcoin mempool, in 1000 transactions, as provided by Hoenicke 
(2021). The vertical dashed lines indicate the beginning and end of the blackout and the three surrounding weeks, respectively.
transactions are waiting in the memory pool (‘‘mempool’’), i.e., they 
have been broadcast to the network but have not yet been included in 
a block by a miner. Before the blackout, the number of unconfirmed 
transactions is relatively stable at 60,000. During the blackout period, 
the number gradually increases, reaching a maximum of 218,000 at 
the end of the event window. The average of about 150,000 during the 
blackout period is statistically significantly larger than before. After-
wards, the number of transactions waiting in the mempool decreases, 
reverting to its pre-event level after several days. Overall, this result 
is again consistent with the notion that blockchain capacity becomes 
more constrained during the blackout.

The results for the impact of the blackout and ensuing limited 
capacity of the Bitcoin blockchain on fees paid to miners can be found 
in Table  3. The first two columns show how the fees paid for faster 
settlement increase during the blackout, lending support to Hypothesis 
2. The descriptive statistics have shown historically high fees in the 
weeks before the blackout; still, the sum of all fees increases for both 
currencies during the event, though the effect is much stronger for 
Bitcoin. Since total fees incorporate both the effects of the average fees 
and the amount transacted, we additionally consider value-weighted 
relative fees. For Ada, these even decrease slightly, but for Bitcoin they 
soar by almost three standard deviations. The increase of 2.73 standard 
deviations relative to Ada and before the blackout translates to an 
economically meaningful increase in relative fees by 0.87 basis points. 
While still low compared to other financial assets, this constitutes an 
increase of about 127% relative to the average before the sample period 
as given in Table  1.

There may be substantial heterogeneity in the fees paid for individ-
ual transactions, which is not directly visible in value-weighted average 
8 
relative fees. We hence analyze the distribution of equally-weighted 
relative fees within individual blocks. We find that the within-block 
dispersion of relative fees increases for both currencies. However, as 
with the average level of relative fees, the increase is substantially 
stronger for Bitcoin. Finally, while we find that Bitcoin blockchain fees 
increase in both the lower and upper part of their empirical distribution 
as given by the 10th and 90th percentile, the increase is much stronger 
in the upper part of the distribution.

The results suggest that during the blackout, capacity restrictions 
on the Bitcoin blockchain become significantly more binding, inducing 
impatient traders to bid up fees. Our findings are thus consistent with 
the predictions of Easley et al. (2019), where fees reflect the traders’ 
queuing problem. As waiting times increase, some users choose to 
increase their fees while others exit. Our findings of an exogenous 
increase in waiting times due to the blackout and a subsequent increase 
in fees and a reduction in the number of confirmed transactions are 
thus consistent with their predictions. In addition to illustrating the 
impact of the blackout and subsequent reduction in blockchain capacity 
on trading fees and their distribution, our framework also allows us 
to compare the differential impact of this event on PoW relative to 
PoS networks. While we observe an overall shift in the within-block 
distribution of relative fees, the increase is especially severe for Bitcoin 
and its PoW consensus mechanism at the upper end of this distribution. 
Miners therefore appear to be able to extract substantial rents from 
users with urgent trading needs, which does not appear to be the case 
for the PoS control group.

Fig.  3 shows the development of the total number and value of 
confirmed transactions as well as the relative fees over time, confirming 
the regression results and illustrating the parallel trends before the 
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Table 3
Blockchain fees.
 FeesTotal FeesRelative FeesSD FeesP10 FeesP90
 Constant 0.401∗∗∗ −0.010 0.589∗∗∗ −0.024 0.378∗∗∗ 
 (2.85) (−0.11) (6.05) (−0.33) (3.88)  
 Bitcoin 0.239 0.075 −0.708∗∗∗ 0.314 −0.215  
 (0.96) (0.53) (−5.29) (1.55) (−1.00)  
 Blackout 0.232 −0.240 0.434 −0.016 0.165  
 (1.32) (−1.29) (1.45) (−0.16) (0.78)  
 Bitcoin × Blackout 3.036∗∗∗ 2.970∗∗∗ 2.845∗∗∗ 2.230∗∗∗ 4.810∗∗∗ 
 (6.92) (7.90) (7.07) (6.34) (11.38)  
 Adj. 𝑅2 0.390 0.366 0.385 0.318 0.680
 Observations 667 667 667 667 667

This table shows difference-in-differences regression results for the fees paid to miners and validators using hourly data.
FeesTotal is the total amount of fees paid for the transactions in USD. FeesRelative is the ratio of total fees to total transaction 
value in basis points. FeesSD is the hourly average of the within-block standard deviation of equally weighted relative fees.
FeesP10 and FeesP90 are the hourly average of the 10th and 90th percentile of within-block equally weighted relative fees, 
respectively. The variables have been standardized for each currency by subtracting their average value and dividing by their 
standard deviations during the week of April 2 to April 8, 2021. The treatment period of the blackout from April 16 to 
April 22, 2021 is compared to the 7 days before the blackout. Newey–West 𝑡-statistics are reported in parentheses. ***, **, 
* denote significance at the 1%, 5%, 10%-level, respectively.
Fig. 3. Transactions and fees over time.
The top and middle graphs show the total number and value of new transactions on the blockchains, respectively. The bottom graph shows the fees relative to 
the value of these transactions. All variables have been standardized by subtracting the mean and dividing by the standard deviation during the week from April 
2 to April 8, 2021. The vertical dashed lines indicate the beginning and end of the blackout and the three surrounding weeks, respectively. The graphs show 
daily averages of the respective hourly variables.
event. In the weeks prior to the blackout, both currencies closely co-
move. Starting with the blackout, the currencies diverge as Bitcoin’s 
transactions decrease in both number and value while relative fees 
increase substantially. Fees do not drop immediately after the black-
out, but gradually decrease back to previous levels after several days. 
This time frame coincides with the time it takes until the number of 
unconfirmed transactions waiting in the mempool decreases back to its 
pre-event level as seen in Fig.  2. This suggests that miners successively 
pick waiting transactions from the mempool according to the offered 
fees, starting with those transactions offering the highest fees. While 
the reversion is faster for the number and especially for the value of 
transactions than for fees, it appears that for Bitcoin the transaction 
9 
value actually increases for some time once fees have reverted to nor-
mal levels. This is consistent with the notion that some traders merely 
postpone their trading, particularly for high-value transactions.12

12 A potential explanation for this postponement, particularly for high-value 
transactions, could be that traders unwilling to pay higher fees may want to 
avoid letting their transactions wait in the mempool for extended periods. 
Since all transactions waiting to be confirmed are publicly visible in the 
mempool, front-running poses a threat, for example when moving funds to 
known wallets of exchanges, indicating an intention to sell. This is a form of 
‘‘miner extractable value’’ (see, e.g., Auer et al., 2022).
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Table 4
Prices and exchange trading activity.
 Return Volatility ReturnMM VolatilityMM Volume Spread Illiquidity

 Constant 11.516 0.461∗∗ 4.200 0.567∗∗∗ 0.544∗∗∗ 0.412∗∗ −0.066∗∗∗ 
 (1.56) (2.43) (0.65) (2.99) (2.72) (2.40) (−8.88)  
 Bitcoin −6.403 −0.283 0.914 −0.390 −0.109 −0.299 −0.070  
 (−0.75) (−1.17) (0.12) (−1.61) (−0.42) (−1.34) (−0.43)  
 Blackout −26.926∗ 0.711∗∗∗ −10.232 0.367 0.191 0.370 0.055∗∗∗  
 (−1.89) (2.72) (−1.11) (1.43) (0.73) (1.18) (4.25)  
 Bitcoin × Blackout 9.634 1.081∗∗ −7.060 1.425∗∗∗ 0.700∗ 1.633∗∗∗ 0.775∗∗∗  
 (0.58) (2.42) (−0.57) (3.22) (1.68) (2.63) (3.59)  
 Adj. 𝑅2 0.004 0.141 0.001 0.129 0.034 0.077 0.160
 Observations 674 674 674 674 674 674 674

This table shows difference-in-differences regression results for trading activity on Kraken using hourly data. Return is the logarithmic return of hourly closing 
prices in basis points. Volatility is the standard deviation of minutely log returns in basis points. For ReturnMM and VolatilityMM, the returns of Ada are the residuals 
of regressing Ada returns on Bitcoin returns. Volume is the total trading volume in USD. Spread is the high-low spread estimate in basis points. Illiquidity is 
the illiquidity index by Kyle and Obizhaeva (2016) in basis points. The variables except returns have been standardized for each currency by subtracting their 
average value and dividing by their standard deviations during the week of April 2 to April 8, 2021. The treatment period of the blackout from April 16 to 
April 22, 2021 is compared to the 7 days before the blackout. Newey–West 𝑡-statistics are reported in parentheses. ***, **, * denote significance at the 1%, 5%, 
10%-level, respectively.
A related question is how the overall revenue of Bitcoin miners is 
impacted by the blackout. There are two factors working in opposite 
directions: First, fewer block rewards are paid out because fewer blocks 
are generated. Since they do not participate in mining anymore, miners 
affected by the blackout do not receive any block rewards at all. 
However, the expected block rewards of unaffected miners do not 
change in response to the blackout since the difficulty of finding a valid 
block is not adjusted during the sample period. Second, the total fees 
paid to miners increase as shown above. Consequently, miners not di-
rectly affected by the blackout should expect higher profits while those 
affected incur losses.13 Specifically, in the week before the blackout, 
block rewards worth USD 398mn are paid out. This amount decreases 
by USD 118mn to USD 280mn during the blackout. The increase in 
total fees by 3.036 standard deviations translates to USD 44mn for the 
entire blackout period.14 Hence, there is an overall reduction in miners’ 
revenues by USD 74mn.

4.3. Secondary market activity and quality

We now turn to the effects the blackout and resulting shock to 
mining activity have on cryptocurrency prices and exchange trading 
activity. The results can be found in Table  4. Bitcoin returns do not 
significantly change relative to Ada as seen in the first column. While 
several news outlets associated a concurrent decline in prices with the 
blackout, the observed lower returns of Bitcoin during the blackout are 
insignificant, so we cannot formally confirm Hypothesis  4. To reconcile 
our findings with the media coverage of decreasing prices, we perform a 
Wald test for the sum of the Blackout and Blackout×Bitcoin coefficients. 
The total decrease in Bitcoin returns of 17.29 basis points during 
the blackout (𝛽2 + 𝛽3) is indeed statistically significant (𝑡 = −2.07). 
This indicates a negative return response in levels for Bitcoin during 
the blackout, even though the relative effect compared to Ada is not 
statistically distinguishable from zero.

Conversely, price volatility is generally much higher during the 
blackout, and especially so for Bitcoin, confirming Hypothesis  5. Com-
pared to before the blackout, the volatility of Ada increases by 0.71 
while Bitcoin’s volatility increases by an additional 1.08 standard de-
viations, which in both cases are highly statistically and economically 

13 The increase in profitability of mining might incentivize some miners to 
switch older and less efficient hardware back on because marginal profits are 
now above the marginal (electricity) costs of running the hardware. However, 
even if this is the case, we still observe the overall drop in implied hashrate. 
Hence, while we cannot rule out such behavior, these miners only contribute 
little to the overall hashrate.
14 This is while controlling for the overall increase in total fees paid to 
validators in the Cardano network.
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significant. Since many cryptocurrencies closely co-move with Bitcoin 
prices, in the third and fourth columns we first calculate abnormal 
returns for Ada by using Bitcoin returns as a single market factor. 
This way, we control for any expected price changes due to Bitcoin 
returns. Nevertheless, our findings regarding returns do not change. 
However, the effect of the blackout on Ada return volatility decreases, 
as expected, in magnitude while the effect on Bitcoin increases when 
using abnormal returns.

Trading volume at Kraken is higher during the blackout, with a 
particularly strong and statistically significant increase for Bitcoin. 
Consistent with the observed increase in volatility, the additional uncer-
tainty surrounding the shock to mining and the drop in hashrate might 
induce traders to adjust their portfolios. The increase in on-exchange 
trading volume is also consistent with traders increasingly moving 
funds between exchanges in fiat currency by withdrawing from one 
exchange and depositing at another instead of transferring the funds on-
chain. Consistent with Hypothesis  6, we find that liquidity deteriorates 
during the blackout as bid-ask spreads widen substantially and the Kyle 
and Obizhaeva (2016) illiquidity index indicates that trading volume 
has a larger price impact. Notably, liquidity decreases even though 
trading volume increases. The reduction in liquidity is potentially 
due to the increase in volatility and general uncertainty as market 
makers demand compensation for the additional risk or withdraw due 
to difficulties in inventory management. However, in contrast to our 
other findings, the decline in liquidity appears to be partially exchange-
specific. As shown by the robustness tests in Section 4.5, while spreads 
also widen at Huobi, we find no statistically significant liquidity effects 
at Binance or Coinbase.

The graphs in Fig.  4 show that volatility, volume, and estimated 
spreads exhibit very similar patterns. Before the blackout, both cur-
rencies again closely co-move. Compared to the changes in blockchain 
activity, the reaction of exchange trading activity occurs with a slightly 
greater delay of about one day. All measures stay at elevated levels until 
after about ten days, coinciding with the higher blockchain trading 
fees.15

Our findings regarding exchange trading activity, especially with 
respect to return volatility, indicate that there are substantial spillover 
effects from mining to exchange trading activity. Operational risks 

15 To complement the graphical evidence, Appendix  A.3 provides another 
analysis of the time dynamics of the blackout effects. We quantify both the 
time from the onset of the blackout to peak divergence between Bitcoin and 
Ada and the subsequent speed of reversion across those outcome variables 
with significant difference-in-differences coefficients in the main analyses. 
We generally find that on-chain transaction activity adjusts rapidly while 
market-quality measures react more gradually.
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Fig. 4. Volatility, volume, and spreads.
The graphs show the abnormal return volatility, trading volume, and high-low spread estimates. All variables have been standardized by subtracting the mean 
and dividing by the standard deviation during the week from April 2 to April 8, 2021. The vertical dashed lines indicate the beginning and end of the blackout 
and the three surrounding weeks, respectively. The graphs show daily averages of the respective hourly variables.
faced by mining operations, like those arising from geographical min-
ing concentration, thus have potentially severe effects on all market 
participants.

4.4. Market integration

Finally, we study market integration by analyzing cross-venue price 
differences. The results in Table  5 and Fig.  5 indicate that generally, 
price differences increase substantially for both Bitcoin and Ada. For 
example, price differences between Kraken and Binance increase by al-
most five standard deviations relative to before for both currencies. We 
find very similar results for price differences between all combinations 
of exchanges (Kraken, Binance, Coinbase, and Huobi), suggesting that 
the drop in market integration is system-wide and affects all trading 
venues. In untabulated analyses, we confirm that the same holds for 
more extreme price differences as given by their 90th percentile and 
for the volatility of price differences.

Taken together, these results indicate that exploiting arbitrage op-
portunities during the blackout period with its higher volatility and 
partially lower liquidity becomes more difficult, generally consistent 
with Hypothesis  7. However, at most exchanges we do not observe an 
additional effect on Bitcoin. Rather, market integration drops for both 
currencies. A potential explanation for this symmetric finding could be 
that Bitcoin is often used as a transfer currency (Kaiser and Stöckl, 
2020). Bitcoin is hence especially important for moving funds between 
exchanges, which could affect cross-venue arbitrage activity even in 
trading pairs not directly involving Bitcoin. This channel primarily 
operates through cross-venue rebalancing and therefore speaks most 
directly to market integration, whereas within-exchange liquidity and 
volatility can additionally reflect exchange-specific order flow and 
inventory risk.16
11 
An exception is the effect on the price differences between Kraken 
and Huobi, where we observe an additional widening of price differ-
ences for Bitcoin. A potential explanation for this finding could be 
that both platforms, while still large and among the most popular ex-
changes, are somewhat smaller than Coinbase and Binance and cater to 
different investor segments. This coincides with a reduction in Bitcoin 
liquidity at both Kraken and Huobi, but not at the other exchanges 
as discussed below, suggesting that limits to arbitrage may play a 
particularly important role in explaining price differences between 
these two exchanges.

4.5. Robustness

We perform a number of robustness tests. To address concerns 
regarding our choice of trading venue, we repeat the analysis using data 
from the three other exchanges: Binance, Coinbase, and Huobi. The 
results can be seen in Table  6. Overall, we obtain qualitatively similar 
results across all exchanges. The major differences from Kraken are that 

16 Consider an arbitrage opportunity where Ada, traded against USD, is 
undervalued at exchange A and overvalued at exchange B. An arbitrageur may 
buy Ada at exchange A and sell it at exchange B. Over time, such trades lead to 
imbalances in portfolio holdings across venues, making rebalancing necessary. 
One leg of this rebalancing involves transferring value from exchange B back 
to exchange A. Instead of withdrawing and depositing USD, which can be 
slow or operationally costly, some traders may prefer to convert USD into a 
cryptocurrency such as Bitcoin, transfer it across exchanges, and subsequently 
convert the position back into USD. For those traders, higher Bitcoin settlement 
latency can constrain arbitrage even in USD-quoted markets. However, we 
acknowledge that traders may also rebalance via other means, so we interpret 
Bitcoin’s transfer role as a complementary channel rather than a stand-alone 
explanation.
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Table 5
Market integration.
 𝛥𝑃 Kraken

Binance 𝛥𝑃 Kraken
Coinbase 𝛥𝑃 Binance

Coinbase 𝛥𝑃 Kraken
Huobi 𝛥𝑃 Binance

Huobi 𝛥𝑃 Coinbase
Huobi

 Constant 0.834∗∗∗ 0.367∗∗∗ 0.036 0.328 0.521∗∗ 0.272  
 (3.84) (2.71) (0.17) (1.36) (2.52) (1.04)  
 Bitcoin 0.656∗ 0.122 1.475∗∗∗ 0.020 0.027 0.205  
 (1.82) (0.51) (4.27) (0.06) (0.10) (0.55)  
 Blackout 4.840∗∗∗ 4.304 5.640∗∗ 3.175∗∗∗ 0.871∗∗∗ 4.109∗∗∗ 
 (3.55) (1.64) (2.48) (4.74) (2.77) (2.82)  
 Bitcoin × Blackout 0.028 −2.361 −1.169 2.084∗∗ 0.666 0.945  
 (0.02) (−0.79) (−0.46) (1.98) (1.14) (0.54)  
 Adj. 𝑅2 0.132 0.015 0.061 0.248 0.074 0.103
 Observations 670 674 670 674 670 674

This table shows regression results for market integration as measured by the absolute value of relative price differences between Kraken, 
Binance, Coinbase, and Huobi. The measures are based on minutely closing prices and aggregated to an hourly frequency by computing the 
average. The variables have been standardized by subtracting their average value and dividing by their standard deviations during the week of 
April 2 to April 8, 2021. The treatment period of the blackout from April 16 to April 22, 2021 is compared to the 7 days before the blackout. 
Newey–West 𝑡-statistics are reported in parentheses. ***, **, * denote significance at the 1%, 5%, 10%-level, respectively.
Fig. 5. Cross-venue price difference.
These graphs show the absolute value of relative price difference between Kraken and Binance as well as Kraken and Huobi, respectively. The variables have been 
standardized by subtracting the mean and dividing by the standard deviation during the week from April 2 to April 8, 2021. The vertical dashed lines indicate 
the beginning and end of the blackout and the three surrounding weeks, respectively. The graphs show daily averages of the respective hourly variables.
there is a slightly stronger increase in volatility for Bitcoin during the 
blackout and that trading volume increases more strongly at Binance 
and Huobi, but less so at Coinbase. These robustness tests hence suggest 
that our results are mostly not exchange-specific. An exception to this is 
liquidity. While bid-ask spreads also widen at Huobi, we do not observe 
statistically significant changes for Bitcoin relative to Ada during the 
blackout at the other trading venues. While we do not investigate this 
notion formally, a potential explanation could be that during times of 
market stress, market makers focus their activities at the very largest 
exchanges.

While Ada is the largest non-PoW cryptocurrency during our sample 
period and thus an intuitive control group, we additionally verify that 
our results are not driven by this choice, either. Table  7 shows the same 
analyses as before, but using a portfolio of non-PoW cryptocurrencies 
as the control currency. The equally weighted portfolio additionally 
contains Waves, Tronix (of the TRON network), and Atom (of the 
Cosmos network). Reassuringly, our results do not materially change 
when using the alternative control group. The only meaningful differ-
ence is that the Bitcoin-specific reduction in transaction value during 
the blackout is not statistically significant. Overall, this lends further 
support to the notion that there is a decrease in market quality for 
Bitcoin during the blackout and that the results are not driven by 
idiosyncrasies of the control currency. In fact, in untabulated tests we 
obtain very similar results when using each of the control currencies in 
12 
the portfolio individually. It therefore appears unlikely that our results 
are due to specific characteristics of the various control currencies.

Our results are also robust to the exact specification of the event 
window. While we can relatively precisely timestamp the beginning of 
the blackout, timestamping the end proves more difficult. For example, 
power may have been restored gradually to different parts of the region 
or miners may have taken some time to switch their operations back on. 
Though our estimate of the implied hashrate is consistent with a black-
out duration of about one week, some of our investigated measures – 
such as fees or volatility – stay at elevated levels longer than one week. 
While this does not necessarily imply a longer blackout duration, in 
untabulated results we empirically confirm that changing the window 
length by several days in either direction does not meaningfully impact 
our conclusions.17

17 For example, in untabulated analyses we have first shortened the window 
length to ±4 days and then lengthened it to ±10 days around the beginning 
of the blackout. The results are overall very similar in terms of direction, 
statistical significance, and magnitude.
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Table 6
Different exchanges.
 Panel A: Prices and exchange trading activity at Binance
 Return Volatility ReturnMM VolatilityMM Volume Spread Illiquidity

 Constant 11.463 0.474∗∗ 4.480 0.628∗∗∗ 0.477∗∗∗ 0.551∗∗ 0.175∗  
 (1.55) (2.49) (0.70) (3.30) (2.72) (2.35) (1.78)  
 Bitcoin −6.470 −0.340 0.514 −0.495∗∗ 0.023 −0.509∗ −0.410∗∗∗ 
 (−0.76) (−1.41) (0.07) (−2.05) (0.09) (−1.86) (−2.68)  
 Blackout −26.899∗ 0.705∗∗∗ −11.073 0.166 −0.058 1.179∗∗∗ 1.071∗∗∗  
 (−1.85) (2.67) (−1.17) (0.68) (−0.29) (3.81) (6.79)  
 Bitcoin × Blackout 9.712 1.107∗∗ −6.113 1.647∗∗∗ 0.867∗∗ 0.193 0.441  
 (0.58) (2.33) (−0.48) (3.54) (2.38) (0.44) (1.48)  
 Adj. 𝑅2 0.004 0.115 0.001 0.108 0.067 0.148 0.283
 Observations 670 670 670 670 670 670 670

 Panel B: Prices and exchange trading activity at Coinbase
 Return Volatility ReturnMM VolatilityMM Volume Spread Illiquidity

 Constant 11.536 0.478∗∗ 4.495 0.612∗∗∗ 0.853∗∗∗ 0.474∗ −0.240∗∗  
 (1.56) (2.44) (0.70) (3.12) (3.68) (1.82) (−2.16)  
 Bitcoin −6.483 −0.340 0.558 −0.473∗ −0.397 −0.306 −0.140  
 (−0.76) (−1.36) (0.07) (−1.90) (−1.38) (−1.01) (−0.79)  
 Blackout −26.837∗ 0.767∗∗∗ −10.934 0.354 0.263 1.419∗∗∗ 0.674∗∗∗  
 (−1.95) (2.62) (−1.18) (1.13) (0.88) (3.01) (4.02)  
 Bitcoin × Blackout 9.684 1.109∗∗ −6.220 1.522∗∗∗ 0.589 0.266 0.423  
 (0.60) (2.21) (−0.50) (2.96) (1.34) (0.45) (1.51)  
 Adj. 𝑅2 0.004 0.112 0.001 0.096 0.030 0.106 0.166
 Observations 674 674 674 674 674 674 674

 Panel C: Prices and exchange trading activity at Huobi
 Return Volatility ReturnMM VolatilityMM Volume Spread Illiquidity

 Constant 11.489 0.487∗∗ 4.386 0.625∗∗∗ 0.297∗∗ 0.436∗∗ 0.307∗∗∗  
 (1.57) (2.51) (0.69) (3.36) (2.05) (2.29) (3.31)  
 Bitcoin −6.502 −0.307 0.601 −0.444∗ −0.118 −0.428∗ −0.047  
 (−0.77) (−1.28) (0.08) (−1.90) (−0.56) (−1.80) (−0.32)  
 Blackout −26.914∗ 0.552∗∗ −10.618 0.120 0.320 0.926∗∗∗ 0.244∗  
 (−1.85) (2.07) (−1.14) (0.49) (1.35) (3.37) (1.78)  
 Bitcoin × Blackout 9.752 1.067∗∗ −6.544 1.500∗∗∗ 1.128∗∗ 1.015∗∗ 0.334  
 (0.58) (2.23) (−0.52) (3.22) (2.11) (2.13) (1.45)  
 Adj. 𝑅2 0.003 0.075 0.001 0.072 0.065 0.136 0.052
 Observations 674 674 674 674 674 674 674

This table shows robustness tests similar to Table  4. In Panel A, exchange data from Binance is used, where Bitcoin and Ada are traded against Tether (USDT). In Panel B, exchange 
data from Coinbase is used. In Panel C, exchange data from Huobi is used, where Bitcoin and Ada are traded against Tether (USDT). The other variables are as defined in the 
respective tables in the main text. Newey–West 𝑡-statistics are reported in parentheses. ***, **, * denote significance at the 1%, 5%, 10%-level, respectively.
5. Conclusion

Many cryptocurrencies are designed to be decentralized, but in 
practice market forces may drive them towards lower degrees of decen-
tralization. While the previous literature has focused on centralization 
in mining hardware or the effect of centralized mining pools, our 
results point to another source of centralization risk specific to proof-of-
work networks: when miners crucially depend on low electricity prices 
and hence cluster in the same area, local geopolitical and operational 
risks can adversely affect the whole blockchain network. Since we 
also document strong spillover effects on exchange trading activity 
and secondary market quality, these risks potentially affect a wide 
range of market participants. Future research investigating the welfare 
implications of cryptocurrencies and the relative merits of different 
consensus mechanisms should thus not only consider the costs and 
environmental externalities associated with mining, but also these in-
direct costs imposed on users due to centralization. Likewise, traders 
and regulators should be aware of these systemic risks associated with 
energy-intensive proof-of-work cryptocurrencies.

Importantly, the shock to the network is only temporary. In our 
setting, this is the result of the short duration of the blackout. However, 
the temporary nature of mining activity shocks is also an inherent 
feature of the underlying proof-of-work mechanism, since mining dif-
ficulty is adjusted automatically and periodically so that changes in 
the overall computing power of the network only temporarily affect 
13 
the speed of settlement. In the long run, this resiliency attenuates 
the geopolitical and operational risks that stem from the geographical 
centralization of mining. However, in the short term, mining shocks can 
still adversely impact the entire network, potentially leading to higher 
and more volatile fees in addition to opportunity costs due to slower 
settlement and missed gains from trade. While the difficulty adjustment 
in Bitcoin occurs roughly every two weeks, a faster adjustment could 
potentially decrease the impact of such mining shocks.

The power outage in one relatively small geographical region thus 
shows limits to decentralization of proof-of-work networks. While in 
this study, mining operations were concentrated in a small region in 
China, we note that the global distribution of mining activities has 
likely changed since this event, for example due to regulatory changes. 
Still, mining operations cluster in places with cheap electricity. More 
recent examples include the roughly 15% drop in hashrate after Kaza-
khstan shut down country-wide internet access following protests in 
January 2022 (CNBC, 2022) or the growth of cryptocurrency mining 
in Texas (Halaburda and Yermack, 2025). Geographical centralization 
of mining is hence still a potential problem for the whole network, even 
though miners may no longer depend specifically on cheap coal energy 
from Xinjiang.

More generally, our results speak to the economic consequences of 
concentration in blockchain networks beyond its specific source. While 
proof-of-stake systems are not subject to the same electricity-driven 
clustering incentives, other forms of concentration, such as validator 
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Table 7
Portfolio of non-PoW cryptocurrencies as control group.
 Panel A: Blockchain activity using a non-PoW portfolio
 TXN TXValue TXBlock TXSize Blocktime FeesTotal FeesRelative
 Constant 0.066 0.055 0.018 0.054 −0.272∗∗∗ 0.542∗∗∗ −0.024  
 (0.73) (0.68) (0.20) (0.80) (−5.40) (4.99) (−0.48)  
 Bitcoin 0.048 0.181 0.064 0.207∗ 0.299∗∗∗ 0.098 0.089  
 (0.38) (1.53) (0.45) (1.81) (3.09) (0.42) (0.74)  
 Blackout 0.319∗∗∗ 0.161 0.296∗∗∗ 0.078 −0.008 −0.057 −0.044  
 (2.79) (1.47) (2.61) (0.78) (−0.14) (−0.41) (−0.60)  
 Bitcoin × Blackout −0.818∗∗∗ −0.215 −0.045 0.206 0.709∗∗∗ 3.325∗∗∗ 2.774∗∗∗  
 (−4.94) (−1.19) (−0.25) (1.18) (3.90) (7.83) (8.29)  
 Adj. 𝑅2 0.095 0.000 0.027 0.026 0.108 0.393 0.389
 Observations 667 667 667 667 667 667 667

 Panel B: Prices and exchange trading activity using a non-PoW portfolio
 Return Volatility ReturnMM VolatilityMM Volume Spread Illiquidity

 Constant 13.932∗∗ −0.050 −3.087 0.027 0.689∗∗∗ 0.013 −0.378∗∗∗ 
 (1.98) (−0.58) (−0.42) (0.33) (3.86) (0.20) (−9.68)  
 Bitcoin −8.819 0.227 8.201 0.150 −0.254 0.100 0.242  
 (−1.08) (1.31) (0.97) (0.87) (−1.04) (0.64) (1.44)  
 Blackout −32.994∗∗ 0.640∗∗∗ −8.676 0.467∗∗∗ −0.008 0.241 0.333∗∗∗  
 (−1.99) (3.99) (−0.83) (3.06) (−0.03) (1.35) (4.43)  
 Bitcoin × Blackout 15.702 1.152∗∗∗ −8.616 1.325∗∗∗ 0.898∗∗ 1.763∗∗∗ 0.496∗∗  
 (0.85) (2.92) (−0.65) (3.38) (2.21) (3.13) (2.18)  
 Adj. 𝑅2 0.006 0.206 0.002 0.202 0.031 0.112 0.192
 Observations 674 674 674 674 674 674 674

This table shows robustness tests similar to Tables  2 and 3. In both panels, an equally weighted portfolio of cryptocurrencies (Ada, Tronix, Atom, and Waves) using consensus 
protocols other than PoW is used. The exchange data, where applicable, comes from Kraken. Blocktime is the average time between two blocks in minutes. The other variables are 
as defined in the respective tables in the main text. Newey–West 𝑡-statistics are reported in parentheses. ***, **, * denote significance at the 1%, 5%, 10%-level, respectively.
stake concentration or software dependencies, may give rise to similar 
systemic vulnerabilities.
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Appendix

A.1. Descriptive statistics during the blackout period

In Table  A.1, we provide summary statistics of the variables of 
interest during the treatment period of the blackout. Otherwise, the 
table is identical in structure to Table  1 in the main text.

A.2. Within-block distribution of transaction sizes

In Section 4.2, we analyze the effect of the blackout on average 
transaction sizes and find no significant effect. However, focusing on 
averages may mask heterogeneous effects across the transaction size 
distribution. In particular, smaller-value transactions may be crowded 
out due to the limited capacity of the blockchain and the associated 
increase in transaction fees.

We therefore investigate this notion in Table  A.2 by analyzing 
hourly averages of the within-block distribution of transaction sizes, 
both in USD terms and in the number of native coins. We find a statisti-
cally and economically significant increase at the 10th percentile of the 
transaction size distribution, indicating that the smallest transactions 
are disproportionately affected and that relatively small transactions 
are less likely to be included in a block during the blackout.
14 
A.3. Speed of reversion

Figs.  1 to 4 illustrate the time-series evolution of several key vari-
ables in our analysis. To more clearly characterize the time dynamics 
of the effects, Table  A.3 examines the duration from the onset of 
the blackout until the difference between Bitcoin and Ada reaches its 
maximum, as well as the speed at which this difference subsequently 
declines. We restrict the analysis to variables that exhibit a statistically 
significant difference-in-differences effect in the main specifications.

The results indicate that on-chain transaction activity generally 
responds more quickly to the blackout than other outcome variables. 
The daily average difference in transaction value between Bitcoin and 
Ada reaches its maximum 2 days after the start of the blackout, while 
the corresponding maximum difference in the number of transactions 
is reached even earlier, already on the first day of the blackout. The 
relative increase in fees peaks after four to six days, depending on 
the specific fee measure. For secondary market activity, most variables 
reach their maximum difference after about 6 days, although bid-ask 
spreads peak earlier, after just over 2 days. Price differences between 
Kraken and Huobi likewise increase rather quickly, reaching their 
maximum after 2 days.

We make similar observations when considering how quickly the 
differences decrease. On-chain transaction activity reverts to previous 
levels the fastest: on average, the difference in standardized transaction 
activity between Bitcoin and Ada declines to 10% of its peak within 
approximately 5 days. For exchange trading activity, this reversion 
takes around 6 days, while fee measures decline more slowly, requiring 
more than 7 days on average to reach the same threshold.

The timing of the responses suggests that on-chain transaction activ-
ity and arbitrage between Kraken and Huobi adjust quickly, while other 
measures of market quality adjust more gradually. Transaction activity 
declines almost immediately as users postpone or forego transactions 
when capacity becomes scarce. In contrast, fees remain elevated for 
longer, reflecting the ongoing congestion and the time required to 
clear the backlog of pending transactions in the mempool (consistent 
with Fig.  2). Effects on secondary market trading emerge with a short 
delay, as increased settlement latency and fee uncertainty complicate 
arbitrage and inventory management.
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Table A.1
Descriptive statistics during the blackout period.
 Mean SD P5 P50 P95 Skew. Kurt.

 Panel A: Bitcoin
 TransactionsN 10.35 4.56 3.35 10.07 17.36 0.4 3.0
 TransactionsTotal Value 4.18 2.29 1.18 3.69 8.41 0.8 3.1
 TransactionsSize 0.42 0.20 0.17 0.39 0.80 1.2 5.8
 TransactionsBlock 2213.93 371.75 1554.25 2214.57 2872.60 0.1 3.0
 Blocktime 16.42 11.66 6.46 12.76 39.38 2.5 10.3

 FeesTotal 555.27 265.11 177.15 502.20 1018.31 0.6 3.0
 FeesRelative 1.59 0.90 0.64 1.32 3.23 1.6 6.8
 FeesSD within Block 78.03 28.51 38.07 74.19 131.18 1.2 5.1
 FeesP10 within Block 0.04 0.02 0.01 0.03 0.07 0.6 2.5
 FeesP90 within Block 24.26 5.22 15.16 24.58 31.50 0.1 4.0

 Return −11.96 98.90 −186.14 −2.78 134.20 −1.1 8.6
 Volatility 11.53 6.72 4.83 9.84 22.40 4.1 31.0
 Volume 17.02 16.17 5.25 13.31 39.55 4.9 37.1
 Spread 1.40 1.86 0.40 0.97 2.99 6.5 53.3
 Illiquidity 1.59 0.34 1.09 1.57 2.25 0.4 3.1

 Price Diff.Kraken–Binance 11.87 8.66 4.08 10.53 20.95 4.9 35.8
 Price Diff.Kraken–Coinbase 4.04 7.34 2.03 2.93 6.23 8.8 80.6
 Price Diff.Coinbase–Binance 13.42 14.53 3.53 11.56 25.72 6.8 60.0
 Price Diff.Kraken–Huobi 19.70 14.87 9.96 17.47 31.78 6.5 52.4
 Price Diff.Binance–Huobi 8.50 7.17 4.17 6.86 16.37 6.0 46.9
 Price Diff.Coinbase–Huobi 21.42 20.71 9.96 18.15 39.61 7.3 63.5

 Panel B: Ada
 TransactionsN 1.79 0.35 1.28 1.79 2.47 0.6 3.5
 TransactionsTotal Value 0.31 0.25 0.11 0.30 0.42 4.9 31.1
 TransactionsSize 0.18 0.16 0.05 0.16 0.28 4.8 31.7
 TransactionsBlock 11.02 2.13 7.75 11.08 14.84 0.5 3.4
 Blocktime 0.37 0.03 0.33 0.37 0.42 0.3 3.7

 FeesTotal 0.50 0.11 0.34 0.49 0.76 0.7 3.3
 FeesRelative 0.02 0.01 0.01 0.02 0.05 1.3 4.4
 FeesSD within Block 1.12 0.49 0.61 1.00 2.33 1.7 5.5
 FeesP10 within Block 0.05 0.07 0.00 0.02 0.16 4.5 28.0
 FeesP90 within Block 1.46 0.62 0.76 1.33 2.96 1.3 4.6

 Return −15.24 178.47 −304.00 −7.51 253.70 −0.8 7.0
 Volatility 20.84 12.12 11.21 18.40 38.13 5.6 49.9
 Volume 2.23 2.22 0.60 1.58 5.91 4.6 35.5
 Spread 1.63 2.39 0.29 1.10 3.79 7.0 63.4
 Illiquidity 6.24 1.68 3.73 6.02 9.09 0.9 4.5

 Price Diff.Kraken–Binance 16.32 17.87 8.21 13.20 25.60 7.3 64.0
 Price Diff.Kraken–Coinbase 19.64 57.09 6.17 8.59 48.81 7.4 63.0
 Price Diff.Coinbase–Binance 30.77 74.73 5.41 17.49 65.81 7.4 63.8
 Price Diff.Kraken–Huobi 30.04 26.40 14.65 25.69 49.44 6.6 54.3
 Price Diff.Binance–Huobi 15.59 10.14 7.48 13.65 29.20 4.9 36.2
 Price Diff.Coinbase–Huobi 45.86 82.86 15.90 29.97 99.39 7.3 62.3

This table shows summary statistics based on hourly data from the treatment period of April 16 to April 22, 2021. TransactionsN  is the number 
of new transactions recorded on the blockchain in 1k, TransactionsTotal Value their value in USD 1bn, and TransactionsSize their average size in 
USD 1mn. TransactionsBlock  gives the average number of transactions per block and Blocktime the average time between two blocks in minutes.
FeesTotal  is the sum of all fees paid by users in USD 1k and FeesRelative  the same relative to the value of the transactions in basis points.
FeesP10/P90 within Block is the hourly average of the 10th/90th percentile of equally-weighted relative fees within a block in percentage points 
and FeesSD within Block the hourly average of the standard deviation of equally-weighted relative fees within a block in percentage points. The 
remaining variables are based on trading data from Kraken: Return is the logarithmic return of hourly closing prices in basis points, Volatility
the standard deviation of minutely log returns in basis points, Volume is the trading volume in USD 1mn, Spread is the high-low spread estimate 
in basis points, and Illiquidity is the illiquidity index by Kyle and Obizhaeva (2016) in basis points. Price Diff. is the hourly average of relative 
absolute USD price difference between the various exchanges in bps.
15 
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Table A.2
Within-block distribution of transaction sizes.
 TXSizeP10 TXSizeP50 TXSizeP90 TXSize CoinsP10 TXSize CoinsP50 TXSize CoinsP90

 Constant −0.106 −0.109 0.022 −0.157 −0.192∗ −0.055  
 (−1.03) (−0.94) (0.23) (−1.58) (−1.71) (−0.66)  
 Bitcoin 0.581∗∗∗ 0.102 0.154 0.448∗∗∗ 0.114 0.138  
 (3.13) (0.78) (1.04) (2.61) (0.90) (1.05)  
 Blackout 0.175 0.140 0.162 0.169 0.151 0.188  
 (1.16) (0.85) (1.10) (1.19) (0.97) (1.39)  
 Bitcoin × Blackout 0.520∗∗ 0.153 0.176 0.805∗∗∗ 0.259 0.280  
 (2.29) (0.83) (0.86) (3.77) (1.46) (1.46)  
 Adj. 𝑅2 0.173 0.026 0.021 0.226 0.054 0.040
 Observations 667 667 667 667 667 667

This table shows difference-in-differences regression results for the within-block distribution of transaction sizes using hourly averaged data.
TXSizePx (TXSize CoinsPx) is the xth percentile of the transaction value in USD (native coins) within a block. The variables have been standardized 
for each currency by subtracting their average value and dividing by their standard deviations during the week of April 2 to April 8, 2021. 
The treatment period of the blackout from April 16 to April 22, 2021 is compared to the 7 days before the blackout. Newey–West 𝑡-statistics 
are reported in parentheses. ***, **, * denote significance at the 1%, 5%, 10%-level, respectively.
Table A.3
Speed of reversion.
 Variable Max. Diff. 33% × Max. Diff. 10% × Max. Diff.
 TransactionsN 2021–04–16 (0 days) 2021–04–22 (6 days) 2021–04–24 (8 days)  
 TransactionsValue 2021–04–18 (2 days) 2021–04–21 (5 days) 2021–04–21 (5 days)  
 TransactionsValueCoins 2021–04–18 (2 days) 2021–04–21 (5 days) 2021–04–21 (5 days)  
 FeesTotal 2021–04–22 (6 days) 2021–04–24 (8 days) >2021-04-30 (> 14 days) 
 FeesRelative 2021–04–20 (4 days) 2021–04–25 (9 days) 2021–04–27 (11 days)  
 FeesSD 2021–04–21 (5 days) 2021–04–24 (8 days) 2021–04–24 (8 days)  
 FeesP10 2021–04–20 (4 days) 2021–04–27 (11 days) >2021-04-30 (> 14 days) 
 FeesP90 2021–04–21 (5 days) 2021–04–24 (8 days) 2021–04–28 (12 days)  
 VolatilityMM 2021–04–22 (6 days) 2021–04–24 (8 days) 2021–04–27 (11 days)  
 Volume 2021–04–22 (6 days) 2021–04–24 (8 days) 2021–04–24 (8 days)  
 Spread 2021–04–18 (2 days) 2021–04–21 (5 days) >2021-04-30 (> 14 days) 
 Illiquidity 2021–04–22 (6 days) 2021–04–25 (9 days) 2021–04–25 (9 days)  
 Price Diff.Kraken–Huobi 2021–04–18 (2 days) 2021–04–21 (5 days) 2021–04–23 (7 days)  
This table shows the dates on which variables of the main analysis reach their maximum difference between Bitcoin and Ada and how 
quickly the difference decreases. The variables are as defined in the main text. Max. Diff. gives the dates of the maximum daily average 
difference between the two cryptocurrencies during the treatment period of the blackout from April 16 to April 22, 2021. The other two 
sets of columns show the first subsequent date when this difference is no larger than 33% and 10% of the maximum, respectively. For 
each of these dates, the number of days since the beginning of the blackout is shown in parentheses.
Data availability

Data will be made available on request.
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