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Abstract

Frequent and large-scale crashes are hallmarks of cryptocurrencies. We show that these crashes
are predictable: assets experiencing large price swings subsequently exhibit significantly
negative risk-adjusted returns at horizons up to eight weeks. These patterns are consistent with
a framework featuring slow-moving capital and network effects, in which large swings reflect
deteriorating trading efficiency and reduced participation. A long-elastic-winner, short-
inelastic-loser strategy (EWIL) substantially outperforms momentum and persists at longer
horizons. Evidence from ICO-induced Ethereum blockchain congestion causally supports this
mechanism but not alternative explanations. Our results show that slow-moving capital and

network effects intertwine to shape cryptocurrency pricing.
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I. Introduction

Blockchain lies at the heart of the Fintech revolution and is widely regarded as a disruptive force
across a broad range of industries. Since the launch of Bitcoin, the first blockchain-based
cryptocurrency, in 2009, thousands of cryptocurrencies have emerged, built on similar or enhanced
platforms. While cryptocurrencies (or cryptos for simplicity) possess numerous novel attributes
and have recently attracted the interest of policymakers, what garners the most public attention is
the occurrence of bubbles and crashes with unprecedented scale and intensity. For instance,
Bloomberg reported an 80% market-wide plunge during the “Great Crypto Crash” of early 2018,
a collapse that dwarfed even the infamous Dot-Com crash.' These extreme events urge researchers
to delve into the asset pricing foundation of blockchain-based assets.

We propose that crypto crashes may be deeply rooted in a key limitation of blockchain
technologies: scalability and capacity constraints in processing transactions. Blockchain underpins
decentralized digital ledgers through peer-to-peer networks, public-key cryptography, and
consensus mechanisms, making transactions and data validation inherently costly. As a result,
Abadi and Brunnermeier (2022) propose a “blockchain trilemma” where consensus mechanisms
cannot simultaneously achieve fault tolerance, resource efficiency, and full transferability.
Similarly, Cong and He (2019) identify a fundamental tension between decentralized consensus
and information dissemination. Hinzen, John, and Saleh (2022) show that blockchain delay may
give rise to negative network effects. From a capital flow perspective, these properties limit the
speed and scale at which capital can move across the market to join transactions, naturally giving

. . . 2
rise to slow-moving capital.

To guide our analysis, we consider a search-based framework that links slow-moving capital
to network effects in cryptocurrency markets (Cong, Li, and Wang, 2021; Cong, Karolyi, Tang,
and Zhao, 2023; Sockin and Xiong, 2023). Take blockchain congestion. During such periods, more
capital remains on the sidelines, waiting to be executed rather than actively participating in trades.

In this case, capital becomes slower or more inelastic in absorbing potential shocks.’In a search-

: https://www.bloomberg.com/news/articles/2018-09-12/crypto-s-crash-just-surpassed-dot-com-levels-as-losses-reach-80.

For instance, the flows of capital across exchanges and wallets on the public blockchains are slow, allowing within-exchange
shocks to create cross-exchange arbitrage opportunities (e.g., Makarov and Schoar, 2019).

3 . . . . .
Throughout, we use slow-moving capital and capital inelasticity interchangeably: an inelastic crypto is one whose capital moves
slowly relative to shocks, in the search-and-bargaining sense of Duffie, Garleanu, and Pedersen (2005, 2007). This usage is



based framework (Duffie, Garleanu, and Pedersen 2005, 2007; Duffie 2010), such conditions
reduce the matching rate—the likelihood that investors meet and complete transactions—and slow
the reallocation of assets across investors. Price swings arise naturally under such slow-moving
capital (SMC), where shocks generate sharp price shifts followed by gradual reversals as capital

1s reallocated.

Our key insight is that large price swings do not merely reflect slow-moving capital: they also
feedback to affect subsequent trading and asset prices through two channels. First, the valuation
gap between buyers and sellers widens upon large swings, further reducing the matching rate.
Second, deteriorating trading conditions may lead some investors to exit the market, amplifying
the effect of reduced matching rate on prices, similar to a negative network effect operating through
the contraction of the active investor pool. Combined, the reduced matching rate and negative
network effect can transform temporary dislocations of capital into persistent and predictive
crashes. Intuitively, since demand weakens when capital is already slow, the resulting price decline
can be significantly more severe than what a comparable demand shift would generate in a market
with faster or more elastic capital. A testable implication is that large price swings predict
substantial price declines, which we label SMC-induced predictive crashes.

In addition to being predictive, inelastic crashes exhibit another intriguing property: they may
partially overturn one of the most well-documented anomalies in finance—momentum. Under
momentum, a crypto with a high recent return generally generates high future returns (Liu and
Tsyvinski, 2021; Liu, Tsyvinski, and Wu, 2022; Cong, Karolyi, Tang, and Zhao, 2023). However,
if the high return originates from an SMC-induced swing—whether the runup leg of a positive
shock or the rebound from a prior drawdown—the heightened risk of subsequent crashes may
offset the continuation of positive returns. In other words, among momentum winners, only those
produced by elastic cryptos (i.e., elastic winners) are expected to continuously deliver returns;
inelastic winners should underperform elastic winners due to crash risk. On the loser side, the
difference between elastic and inelastic losers is less pronounced, as both momentum and crash
predict a continuation of negative returns. Nonetheless, the underperformance of inelastic losers

should persist longer than standard momentum, as the two effects reinforce each other.

conceptually related to, but distinct from, the demand-system inelasticity of Koijen and Yogo (2019) and Gabaix and Koijen (2021),
which formalizes inelasticity as a property of investor demand curves; our mechanism instead operates through search frictions and
counterparty matching.



The above discussion suggests a novel set of asset pricing implications. First, momentum may
perform well among elastic cryptos (i.e., elastic momentum) but not in inelastic ones. Moreover, a
portfolio strategy that combines elastic momentum with inelastic crashes—i.e., buying elastic
winners and selling inelastic losers—will likely generate higher and more persistent returns. This
ElasticWinner-minus-InelasticLoser (EWIL) strategy can outperform traditional momentum by
excluding inelastic winners and focusing on inelastic losers. Lastly, since it may take longer for
the market with inelastic capital to reach equilibrium, EWIL is also expected to deliver higher
returns over a more extended holding period than traditional momentum. Appendix A presents a
search-based model that formalizes this framework and derives the predictions discussed above.

We test the above predictions on a sample of 4284 cryptocurrencies from 2014 to May 2024.
One empirical challenge is the lack of direct measures of slow-moving capital or underlying
blockchain congestion (many cryptos do not have reported blockchain information). To address
this issue, we exploit the key implication of the framework: when capital is slow, shocks generate
large price swings (i.e., sharp price movements followed by partial reversals). The realized swing
therefore provides a natural observable proxy for the underlying degree of SMC. More specifically,
we calculate the maximum price runup (MaxRunup) and price drawdown (MaxDrawdown)
experienced by a cryptocurrency during a quarterly ranking period. Because runups and
drawdowns cannot occur simultaneously, a high rank in both indicates that they occurred
sequentially within the ranking period—exactly the jump-reversal pattern predicted by the
framework. Consequently, we can use the average rank of MaxRunup and MaxDrawdown to
quantify the severity of jump-reversal events, serving as our main proxy for the degree of capital
inelasticity (hereafter referred to as Inelastic Rank or InRank).

To set the stage, we first introduce two diagnostic tests to illuminate the economic insights of
our measure. The first test uses the subsample of cryptos with blockchain information to construct
two blockchain-based proxies for slow-moving capital: the average time between transactions
(Time) and its interaction with the number of transactions (7imeX Volume). The first variable is a
widely recognized measure of blockchain congestion; a longer 7ime reduces the speed at which
capital can participate in trades, thereby reflecting slower-moving capital. Moreover, during
periods of congestion, increased trading demand often causes more capital to remain stuck for

longer durations while competing for limited blockchain resources. As a result, the interaction



between Time and Volume amplifies capital inelasticity. Empirically, we observe that InRank is
positively related to both indicators, suggesting that our measure reasonably captures the concept
of slow-moving capital on the blockchain.

The second diagnostic test examines the relationship between crypto returns and the two
components of InRank—MaxRunup and MaxDrawdown. At the beginning of each weekly holding
period, we independently sort crypto into three groups (30%-40%-30%) based on each component
observed during the preceding quarterly rank period. The portfolios are then rebalanced weekly.
Interestingly, high MaxRunup ranks do not lead to high returns, contrary to what momentum would
suggest. Instead, risk-adjusted value-weighted holding-period returns decline in both ranks,
leading to a trough in the top/top portfolio. When we use the mid/mid portfolio as a benchmark,
the top/top portfolio underperforms with a return spread of —2.6% per week. The spread narrows
slightly to —2.3% when risk-adjusted by Liu, Tsyvinski, and Wu’s (2022) three-factor and —2.1%
when adjusted by Cong, Karolyi, Tang, and Zhao’s (2023) five-factor models.

Collectively, our diagnostic tests suggest that /nRank aligns closely with indicators of
inelastic capital and that its two components are strong predictors for crashes. Hence, the measure
is both theoretically motivated and empirically grounded as a metric for testing the asset pricing
implications of inelastic capital.

Equipped with this measure, we formally investigate the asset pricing implications of inelastic
capital. We start with two analyses of inelastic crashes. In the first portfolio analysis, we sort
cryptocurrencies into five quintiles according to their /nRank observed during the quarterly
ranking period and rebalance these portfolios weekly. Cryptos in the most inelastic quintile exhibit
a significantly higher crash risk than those in the most elastic quintile. An Elastic-minus-Inelastic
(EMI) strategy, which buys (short-sells) the value-weighted portfolio of cryptos in the most elastic
(inelastic) quintile, can generate a significant out-of-sample weekly return of 2.5%. This return
spread becomes 2.6% and 2.4% when adjusted by the three- and five-factor models and remains
highly significant when we extend holding periods to four or eight weeks.

Our second multivariate regression analysis further examines the out-of-sample return
predictive power of /nRank when controlling for a list of crypto characteristics, including size,

momentum, idiosyncratic volatility, lottery payoffs, Amihud illiquidity, and turnover. We observe

4. . . . . . . . . . .
This effect is consistent with the theoretical prediction that constraints on transaction rates and increased transaction demand will
lead to substantial price responses (e.g., Hinzen, John, and Saleh, 2022). This effect is often aggravated by infrastructure failure.



that higher /nRank predicts significantly negative out-of-sample returns in the following week. A
one-standard increase in InRank is associated with a 1.59% lower out-of-sample weekly returns.’
This return predictive power also remains highly robust when we use a dummy indicator of top-
20% InRank, extend the holding period to 4 or 8 weeks, or replace crypto returns with dummy
indicators for the occurrence of “crashes” following the definition of Greenwood, Shleifer, and
You (2018)—i.e., when crypto returns falling within the bottom 20% in the cross-section.

Taken together, the portfolio and multivariate analyses confirm the notion of inelastic crashes.
Figure 1 further illustrates the long-term performance of inelastic crash risk by plotting the
cumulative returns of value-weighted portfolios with high, mid, and low crypto /InRanks in the
cross-section (using quintile splits, where “mid” includes quintiles 2 to 4). Throughout our sample
period, the high-/InRank portfolio generates persistently negative returns, allowing an Elastic-
minus-Inelastic (EMI) strategy to deliver highly positive returns.

We next examine the impact of inelastic crashes on momentum. We first double-sort
cryptocurrencies based on past two-week returns and past-quarter /nRank (using 30%-40%-30%
splits). The value-weighted winner-minus-loser (WML) strategy can generate a significant weekly
return of 1.3% among all cryptos and 2.1% among the most elastic ones.’ In contrast, WML fails
to deliver positive returns among the most inelastic cryptos. But why? Using elastic WML as a
benchmark, we find that the main reason lies in the underperformance of inelastic winners:
inelastic winners underperform elastic winners by a significant weekly return of 2.7%, which is
comparable to the economic magnitude of elastic momentum. Although inelastic losers also tend
to deliver lower returns than elastic losers, their return difference is not as pronounced.
Consequently, inelastic winners fail to outperform inelastic losers.

We then investigate the EWIL strategy, which leverages the positive returns generated by
elastic winners and the negative returns associated with inelastic losers. We observe that EWIL
can generate a highly significant weekly return of 3.4%, which more than doubles the return of
momentum (1.4%) or EMI (1.3%). Risk adjustment has little impact on this return spread—the
EWIL return remains at 3.3% and 3.2% when adjusted by the three- and five-factor models.

Moreover, EWIL delivers positive returns over a much longer holding horizon than

> The standard deviation of InRank is 0.2887. Since the regression coefficient is 0.055 (or 5.5%), we calculate the one-standard-
deviation predictive power of InRank as 0.2887 X 5.5% = 1.59%.

® We use the weekly holding period immediately after the ranking period because, as indicated by Liu and Tsyvinski (2021), we
do not observe a short-term reversal in the cryptocurrency market. Momentum is also observed among cryptos with mid-/nRanks.



momentum. Crypto momentum typically peaks at a 9-week holding period and then dissipates—
its returns eventually turn negative when the holding period exceeds 20 weeks.” In contrast, EWIL
returns remain robust and do not dissipate even with a holding period of 52 weeks.

Momentum strategies are known to face crash risks (Daniel and Moskowitz 2016). Can
EWIL help mitigate this risk? In the stock market, momentum crashes occur because, during bear
markets, momentum functions like written call options on the market, leading to substantial losses
when the market rebounds (Daniel and Moskowitz 2016). This mechanism resembles negative
market timing. Although crypto momentum shows insignificant (and still negative) optionality, its
market exposure increases significantly during the bear market. As a result, crypto momentum still
exhibits significant crash risk. In contrast, EWIL demonstrates negligible market exposure and
displays positive market timing during bear markets, indicating that shorting inelastic losers
enables EWIL to hedge against or even capitalize on the risk of market crashes.

Taken together, the above results strongly suggest that capital inelasticity provides a novel
economic basis for the risks associated with crypto momentum. Kogan et al., (2024) report that
crypto retail investors adopt momentum-like strategies when they expect positive returns to
increase future adoption, consistent with the positive network feedback effects modeled by Cong
et al., (2021) and Sockin and Xiong (2023a). Our results suggest that capital (in)elasticity may
play a crucial role in supporting (or offsetting) this mechanism. While the positive feedback effect
plays well among elastic winners, a negative feedback effect may occur when capital becomes
inelastic: the inconvenience and risk of inelastic capital, once established (e.g., due to blockchain
shocks, which we will discuss shortly), may prompt some investors to withdraw their demand,
thereby increasing the inconvenience and risk for remaining investors. Consequently, the resulting
capital withdrawal amplifies price inefficiency, leading to prolonged inelastic crashes. Capital
inelasticity, in this regard, introduces a novel source of risk for buy-side momentum.

Thus far, our empirical results support the notion of inelastic crash and its impact on
momentum. Given its pivotal role in our analysis, we next provide an identification test on its
mechanism using the 50 largest Initial Coin Offerings (ICOs) conducted on the Ethereum

blockchain. These ICOs occupy a large portion of the blockchain capacity, crowding out resources

" For longer holding horizons, we follow Jegadeesh and Titman (1993) to invest equally in overlapped portfolios of a particular
strategy, which allows us to calculate the weekly return of the strategy.



available to other cryptos using the same blockchain (i.e., treated cryptos).’ Consequently, these
ICOs create a plausibly exogenous shock of blockchain congestion for treated cryptos.

We accordingly utilize a diff-in-diff (DiD) framework to identify the impact of blockchain
congestion. We also use characteristics-matched non-Ethereum blockchain cryptos as the control
group (based on Mahalanobis distance) and impose a highly restrictive set of fixed effects. In
particular, we use crypto-by-event fixed effects to account for the time-invariant crypto exposure
to ICOs and event-by-time fixed effects to capture the unique impacts of each ICO. This empirical
specification helps rule out many likely sources of estimation bias and confounding effects at the
crypto or ICO level, allowing the variations of treated cryptos before and after large ICOs to
provide desirable statistics for estimating the impact of ICO-induced congestion.

We observe that treated cryptos exhibit higher /nRanks and deliver a significantly negative
cumulative return of -20.8% in the three weeks following large ICOs. The first effect indicates that
large ICOs enhance the capital inelasticity of treated cryptos. The second effect, reflected in returns,
validates the asset pricing implications of inelastic crashes. Furthermore, the dynamic treatment
effects reveal that /nRank increases immediately during the ICO week, whereas the significant
impact on returns starts one week after the ICO. The time lag between the two dynamic effects is
consistent with the notion that heightened inelasticity leads to predictive crashes. In addition, we
observe that large ICOs significantly increase the average time between transactions while
reducing the number of transactions, confirming that enhanced /nRanks are associated with more
blockchain congestion and reduced trading demand.

An important alternative explanation is that large ICOs may distract investors' attention. As
such, inattention, rather than capital inelasticity, could be the main reason for reduced demand and
price declines. However, the same DiD test suggests that Google searches increased for treated
cryptos during the post-ICO period, making inattention difficult to explain our results. Collectively,
our DiD tests support a causal interpretation of the predictive power of capital inelasticity and
provide a concrete economic mechanism underlying inelastic crashes. More broadly, the joint
pattern of responses observed in the DiD, including rising InRank, slower transactions, declining
on-chain activity, rising search volume, and persistent negative returns, is uniquely consistent with

the search-based mechanism formalized in Appendix A and rules out the leading single-channel

8 Lo L . .
The only exception is ETH, which is typically used as the issuance currency. Hence, treated cyptos excludes ETH.



alternatives (volatility, illiquidity, attention, dealer inventory, turnover); see Appendix Table A.1.”

In addition to inattention, several other economic channels may also be related to observed
crash patterns. For instance, Cong, Karolyi, Tang, and Zhao (2023) suggest that the growth rate of
addresses with balance and the value effect (proxied by the negative of the past 52-week return)
may influence crypto pricing. Moreover, extreme returns naturally indicate high volatility.
Although our tests account for idiosyncratic risk and volatilities associated with common factors,
volatility timing could still influence portfolio returns over time (Asness, Frazzini, and Pedersen,
2012; Moreira and Muir, 2017). Next, the prospect theory helps reconcile anomalies (Barberis,
Mukherjee, and Wang 2016; Barberis, Jin, and Wang 2021), which may also apply to crypto-return
dynamics. Lastly, maximum daily returns (Bali, Cakici, and Whitelaw, 2011) may be related to our
measures of MaxRunup and MaxDrawdown, potentially influencing our results.

Despite the importance of these alternative channels, our further analysis suggests that they
do not undermine the return predictive power of capital inelasticity. It is also worth noting that the
sequence of price changes—whether the MaxRunup precedes the MaxDrawdown or vice versa—
has no impact on our conclusions. In other words, inelastic crashes are equally likely to occur after
significant positive or negative price movements. This irrelevance suggests that our results are
unlikely to be influenced by recency bias, extrapolation, or persistently biased beliefs about the
fundamental values of these assets.

Lastly, we provide a list of additional analyses to provide further economic insights into our
main findings. We first ask whether inelastic crashes are confined only to small cryptos. To this
end, we show that the pricing power of /nRank remains highly significant among the top 500
cryptocurrencies, suggesting that congestion-induced inelastic crashes are common across
blockchain-based assets regardless of size. Another important question is whether new
developments in blockchain could alter our results. Specifically, third-generation blockchain
innovations, such as those introduced by EOS, aim to enhance transaction speeds. However,
inelastic crashes remain significant for both subsamples before and after the advent of EOS
(including EOS), suggesting that the new blockchain technologies do not fully address the issue
of capital inelasticity. Moreover, cryptos are often classified as coins or tokens, depending on

whether they operate on their own blockchains. Our findings indicate that both categories exhibit

For instance, InRank captures the sequence of opposite-signed swings (jump—reversal), not return volatility. A crypto with high
realized volatility but no jump-reversal pattern receives a low /nRank score, while a crypto with one large runup followed by one
large drawdown receives a high score even if its overall return variance is modest.



inelastic crashes.

Our paper speaks to several strands of the literature. Recent studies examine different pricing
aspects of cryptocurrencies to infer the underlying mechanisms and economic implications. For
instance, researchers link cryptocurrencies to anomalies (Hubrich, 2017; Rohrbach, Suremann, and
Osterrieder, 2019), bubbles and crashes (Corbet, Lucey, and Yarovaya, 2018), factor models (Liu
and Tsyvinski 2021; Liu, Tsyvinski and Wu, 2022; Cong, Karolyi, Tang and Zhao, 2023), and
market frictions (Makarov and Schoar, 2020; Borri and Shakhnov, 2022)." Our analysis of
inelastic crashes extends these efforts and differs from known theories on cryptos. For instance,
existing studies view crypto crashes as a sunspot, which is extrinsically random, or attribute them
to the risk of flawed protocol or attacks (e.g., Garratt and Wallace, 2018; Biais et al., 2023).
Investor belief about crypto's future value and adoption (e.g., Benetton and Compiani, 2021;
Kogan, Makarov, Niessner, and Schoar, 2022) also helps explain returns.

However, random sunspots cannot be the main mechanism of our findings because our
inelastic crashes are predictive. In addition, our measure of InRank builds on both large price
runups and drawdowns, with the sequence of the two price movements playing an insignificant
role. As such, expected (negative) values cannot explain its predicting power. Instead, we propose
a new mechanism based on slow-moving capital and search frictions, formalized in our appendix
model (among others, Rubinstein and Wolinsky, 1985; Duffie, Garleanu, and Pedersen, 2007;
Duftie, 2010). The mechanism is conceptually related to but distinct from the demand-system
inelasticity of Koijen and Yogo (2019) and Gabaix and Koijen (2021); see footnote 3 for the
distinction. Due to limited blockchain capacity, network delay, and settlement waiting time
(Sokolov 2021; Hinzen, John, and Saleh 2022; Hautsch, Scheuch, and Voigt 2024), cryptos provide
an ideal testing ground to investigate the properties of inelastic capital. We show that an additional
assumption of capital inelasticity reducing investor demand suffices to create a new set of asset
pricing dynamics, such as inelastic crashes and elastic momentum. We also propose a novel
measure to test these predictions.

Our results are also related to the literature on crashes and momentum. Greenwood, Shleifer,

' A few recent studies model the exchange rates of cryptocurrencies (Bolt and van Oordt 2020), the influence of cost of production
(Hayes 2017), investor attractiveness (Ciaian, Rajcaniova and d’Artis Kancs 2016), as well as market designs related to trading
(Katya and Park 2017), transaction fees (Easley, O’Hara, and Basu, 2019), and information disclosure (Cong and He, 2019).
Empirical studies also explore the sensitivity of Bitcoin/USD exchange rate to economic fundamentals and technological factors
(Li and Wang 2017), the price efficiency of Bitcoin (Urquhart 2016; Ghysels and Nguyen 2019), price manipulation in Bitcoin
trading (Griffin and Shams 2020; Gandal, Hamrick, Tyler Moore, and Oberman 2018), as well as the network effect (Gandal and
Halaburda 2016; Cong, Li, and Wang 2021) and membership/fee considerations (Sockin and Xiong 2023b).



and You (2018) and Greenwood et al., (2022) show that industry crashes and financial crises can
be predicted using a list of economically motivated yet sophisticated characteristics. Ibragimov,
Parlour, and Walden (2024) propose a pricing framework for assets with unobserved, time-varying
yields and crash risks for cryptocurrencies. Unlike these approaches, we hypothesize and test the
implications of crypto crashes based on inelastic capital. As for momentum, its economic sources
are still under debate." Notably, crypto investors adopt momentum-like strategies (Kogan et al.,
2024), plausible because of the positive network feedback effects (Cong et al., 2021; Sockin and
Xiong 2023a). We show that capital inelasticity might offer a novel and powerful economic
foundation for decoding crypto momentum.

The remainder of the paper proceeds as follows. Section II presents our variables and
summary statistics. Section III reports the baseline relationship between inelasticity and
cryptocurrency crashes. Section IV relates our inelasticity measure to momentum to explore its
asset pricing implications. Section V presents the results of a difference-in-difference test to
investigate the mechanism based on Ethereum ICOs. Section VI provides additional analysis and
robustness checks, and a brief conclusion follows. Appendix A presents a search-based model that

formalizes our conceptual framework and derives the empirical predictions tested in the main text.

II. Data and Main Variables

A. Sample and Data Sources

Trading data are collected from “Coinmarketcap.com.” Coinmarketcap.com is one of the most-
referenced price-tracking websites for crypto assets. To be listed in Coinmarketcap.com, a
cryptocurrency must fulfill specific criteria, including possessing a solid technical foundation, a
functional website, a block explorer, and actively being traded on at least one exchange (with
material volume) that has maintained a tracked listing status on Coinmarketcap. We download the
daily data of close price, trading volume, and market capitalization in USD for each cryptocurrency

listed on the website from April 28, 2013 to May 12, 2024. According to Coinmarketcap.com, the

"' Barberis et al., (1998), Daniel et al., (1998), Hong and Stein (1999), and Grinblatt and Han (2005) argue that momentum can be
generated by behavioral biases. Berk et al., (1999), Johnson (2002), and Sagi and Seasholes (2007), on the other hand, provide
rational explanations. Momentum may also be related to distress risk (Garlappi and Yan, 2011; and Agarwal and Taffler, 2008),
long-term risk (Zurek, 2008), the cultural difference (Chui et al., 2010) and institutional investors (Vayanos and Woolley, 2013).
Stock momentum is known to be contingent on market conditions (Cooper et al., 2004; Stivers and Sun, 2010) and influenced by
time-varying attributes such as market betas (Grundy and Martin 2001), market timing (Daniel and Moskowitz, 2016), and factor
momentum (Lewellen 2002; Ehsani and Linnainmaa 2022; Amott et al., 2022).
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price is calculated as a volume-weighted average of the reported market pair prices across various
markets. The trading volume represents the aggregate spot trading volume reported by all
exchanges. The market capitalization is calculated by multiplying the existing reference price of

the cryptocurrency by the current circulating supply.

Our initial dataset consists of 26,127 cryptocurrencies. Since the trading volume data became
available in the last week of 2013, we restrict our sample to start from the start of 2014 to May 12,
2024. We require cryptocurrencies to have price, volume, and market capitalization information.
For each week ¢, we further exclude coins with market capitalization at the end of week #-1 less
than $1,000,000 following Liu et al., (2022) and coins with a trading volume of less than one dollar
during week -1 to exclude the extremely illiquid coins”’. We exclude each cryptocurrency’s first
week of trading return to mitigate any potential issues associated with Initial Coin Offerings (ICOs).
Weekly returns are winsorized at 0.1% and 99.9%'3 to address outliers and potential data errors.
However, our main results remain similar without winsorizing the returns. We also require that the
cryptocurrencies have trading data from the start of week #-12 to the end of week #-1 at each week
t to construct our measures of inelasticity. After applying these filters, our sample consists of 4,284
cryptocurrencies. We also collect Google Search data from Google Trends to proxy investors’

attention.

We obtain the on-chain data of cryptocurrencies from Intotheblock.com (comprising 747

cryptocurrencies), following Cong et al., (2023) and Liu and Tsyvinski (2021). From Intotheblock,
we gather the Average Time between Transactions, Number of Transactions, Active Addresses,
and Total Addresses with Balance from both databases. Upon merging this augmented on-chain
data with our existing trading data, the resulting dataset encompasses 581 cryptocurrencies (as

summarized in Table 1).

Lyandres et al., (2022) have established a comprehensive and publicly available ICO database
covering over 5400 completed ICOs from 11 ICO data sources from 2015 to 2019. We further

 We also exclude Innovative-Bioresearch-Classic, the market capitalization of which reached $29,328 trillion, following Cong et
al., (2023).
13

Some cryptocurrencies earned extreme returns, even above 1000 in week ¢, with more than $1,000,000 market capitalization at
the end of week #-1. These outliers could lead to serious estimation errors, empirically. Borri et al., (2022) also use the winsorization
method when analyzing returns of NFTs (Non-Fungible Tokens). Fieberg et al. (2025) truncate cryptocurrency returns at the 0.5%
and 99.5% percentiles. In Table A12, we report results both without winsorization and with truncation at these percentiles. The
results are quantitatively similar across specifications, indicating that the choice between truncation and winsorization does not
materially affect performance.
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https://coinmarketcap.com/currencies/innovative-bioresearch-classic/

complement the ICO data from ICOdata" and Coinmarketcap since 2020 and calculate the raised
amount by converting it to USD. To determine the public blockchain the cryptocurrencies build
on, we first check the public chain information in Intotheblock. If Intotheblock does not cover the
cryptocurrency, we subsequently check the contract information in Coinmarketcap and
Etherscan.io. We also include cryptocurrencies using multiple public chains in our ETH-based
sample if they are built on the Ethereum Chain. Finally, our ICO dataset contains 4,715 ICOs built
on the Ethereum Chain from Oct 2015 to May 2024.

All the non-return characteristics of cryptocurrencies, including size (logarithmic market
capitalization), Ret [a, b] (cumulative returns from the start of week a to the end of week b),
turnover ratio (the average of daily turnover ratio in the past 12 weeks prior to week ¢), InAmihud
(logarithmic average of daily Amihud illiquidity ratio in the past 12 weeks prior to week ), IVOL
(idiosyncratic volatility in the past 12 weeks prior to week 7), skewness and kurtosis of returns in
the past 12 weeks prior to week ¢, value (the negative of cumulative 52-week returns prior to week
1), network (the logarithmic growth rate of total addresses with balances at week ¢-1), average time
between transactions (past 12-week average), number of transactions (past 12-week average), total
addresses with balances (past 12-week average), active addresses (past 12-week average), and
Google Search (past 12-week sum) are winsorized at 1% and 99'" percentile. The summary statistics
of these variables are shown in Table 1. We replicate the Crypto-three-factor and Crypto-five-
factor models following Liu, Tsyvinski, and Wu (2022) and Cong, Karolyi, Tang, and Zhao (2023),

respectively, and present the summary statistics in Table Al.

B. Inelasticity Measure

Our Inelasticity measure is constructed as follows. Firstly, we define the MaxRunup and
MaxDrawdown of cryptocurrency returns. At the end of week 7-1, we collect the lowest price (Pp,iy)
and the corresponding trading date (Date,,;,) for each cryptocurrency within the past 12-week

period. If the price hits the same lowest value multiple times, we confirm the latest date as Date,yy, .

: . P 365
To calculate the annualized rate of price change (runup), we use the formula (L — 1) * tpays’
min

where P;_; represents the close price at week #-1. The expression #Days indicates the number of

" This dataset has been used by Sokolov (2021). This dataset does not include the start date of ICOs. In this sample, we use the
exchange rate of the cryptocurrencies or currencies received in ICO at the end date of ICOs to convert the raised amount into US
dollars. We manually complement the missing information on the ICO start date in this dataset.
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days from Date,,;, to the end of week #-1.

Similarly, we compute the annualized rate of price change for MaxDrawdown using the

Py 365
formula (L - 1) * —
max #

Days’ where P,_; represents the close price at week #-1. Here, the

expression #Days denotes the number of days from Date,,,, to the end of week #-1.

We further get the cryptocurrencies’ ranks for the magnitude of their MaxRunup and
MaxDrawdown. These ranks are then divided by the total number of cross-sectional observations
to standardize the MaxRunup and MaxDrawdown measurements within the range of [0, 1]. We

denote these standardized values as Rank,n,;, and Rank grqwaown-

The concept of inelasticity implies that cryptocurrency prices are susceptible to both
significant runups and drawdowns. In order to capture this behavior, our main proxy for capital
inelasticity, InRank, is defined as (Rankrunup + Rankdmwdown) /2. For easy interpretation, we
further normalize InRank to have a uniform distribution between 0 (lowest) and 1. To further assess
the robustness of our results, we also construct an alternative measure of inelasticity denoted as
Inelasticityy,,, which is the product of Rank,,,, and Ranki,qwaown- We utilize these two

Inelasticity measures' uniformly standardized cross-sectional ranks in our empirical tests.
C. Summary Statistics

Table 1 tabulates the summary statistics. Panel A shows that the number of coins in our dataset has
increased significantly, from 62 in 2014 to 2,324 in 2021, and then decreased to 1,798 in 2014. We
observe a substantial growth in the number of coins, market capitalization, and trading volume
during two distinct periods: from 2016 to 2017 and from 2020 to 2021. At the end of our sample

period, market capitalization's mean (median) value rises to 1454.54 (21.72) million dollars.

Panel B reports the distribution of the main characteristics of cryptocurrencies in our sample,
including returns, logarithm of market capitalization (Size), logarithm of Amihud illiquidity ratio
(InAmihud), Turnover, idiosyncratic volatility (IVOL), non-annually MaxRunnup and
MaxDrawdown, the negative of past 52-week cumulative returns (Value), the log difference of
total address with balance (BA growth). The average weekly return of a typical cryptocurrency in
our sample period is approximately 1%, with a standard deviation of 0.27. The 75th percentile of
MaxRunnup and the 25th percentile of MaxDrawdown were 0.32 and -0.90, respectively. The high

standard deviation and substantial extreme values suggest that cryptocurrencies are subject to large
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price movements, highlighting the importance of bubbles and crashes in the crypto market. Our
online appendix (Table A1) provides additional summary statistics for crypto factors and network

characteristics.

I11. Capital Inelasticity and Crashes

In this section, we examine the relationship between capital inelasticity and crashes. We offer two
diagnostic tests to validate the economic interpretation of our inelasticity measure, followed by a

formal investigation of inelastic crashes.
A. Inelasticity and Blockchain Network Characteristics

We first utilize the subsample of cryptos with blockchain information to conduct the following

diagnostic test in panel specifications:

InRank; , = a + p; X Time; ; + B, X #Transaction; ; +y X Time; 4 X #Transaction;,

(1)

+CXMg+vi+u;+egy,
where InRank; , refers to the capital inelasticity of cryptocurrency i in a non-overlapping quarter
q (i.e., a 12-week, Time; 4 refers to the average time between transactions, #Transaction; g is
the number of transactions, and the vector M; , consists of variables to control for the capacity of
the blockchain, including the number of active addresses (#4ctAdr) and the number of addresses
with balance (#B4). All network variables are measured as the logarithm of the average values
over the past quarter (i.e., 12 weeks). We also use a non-overlapping sample to deal with the

potential residual autocorrelation. We further control for the coin- and time-fixed effects or,

alternatively, a more restrictive blockchain x time fixed effects.

We focus on two parameters from the regression, ff; and y. Specifically, 5, is of particular
interest because a longer 7ime reduces the speed at which capital can participate in trades, thereby
enhancing network delay and settlement waiting time (Hinzen, John, and Saleh 2022; Hautsch,
Scheuch, and Voigt 2024). In this context, 7ime serves as a direct proxy for blockchain-based,
slower-moving capital. Consequently, the coefficient ; indicates the extent to which our measure
(InRank; ;) captures capital inelasticity. Note that the sign of B, is less clear ex ante. An increase
in realized transactions could suggest improved liquidity conditions (S, < 0) if these trades

originate from enhanced participation by liquidity providers, or from disagreements among a
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broader scope of investors (e.g., Hellwig, 1980; Kim and Verrecchia, 1994). However, trading
volume may also be stimulated by informed investors (Grossman and Stiglitz, 1980; Kyle, 1985).
Since the trading activities of these investors demand liquidity, they could exacerbate blockchain
congestion when the capital of liquidity providers only partially participates in the market (8, >
0).

Despite the ambiguity of ,, we expect y to be positive if our measure (InRank; ;) properly
describes capital inelasticity. This is because, during periods of congestion (i.e., conditioning on a
high value of Time), increased trading demand is likely to further worsen network and settlement
delays as more capital competes for limited blockchain resources. This effect arises regardless of
the type of demand and aligns with the theoretical prediction that constraints on transaction rates,
combined with increased transaction demand, will lead to larger price responses on the blockchain
(Hinzen, John, and Saleh, 2022). Within our framework, this dynamic can generate more

substantial price jump-reversal patterns as captured by InRank; ,.

The results are tabulated in Table 2. We find that both ; and y are significantly positive.
Hence, our measure (InRank; 4) is positively associated with both blockchain processing time and
its interaction with the number of transactions. These contemporaneous relationships remain
significant even after controlling for other important blockchain properties, such as active
addresses and addresses with balance (Cong et al., 2023; Irresberger et al., 2021), and under highly
restrictive fixed effects in column (4). These findings suggest that our measure generally reflects
the blockchain trading frictions that slow down the speed of capital. Interestingly, we observe that
B, is also significantly positive, indicating that increased trading activity on the blockchain

generally amplifies capital inelasticity rather than enhancing liquidity provision.
B. Diagnostic Analysis on MaxRunnup and MaxDrawdown

Our second diagnostic analysis aims to investigate how MaxRunup and MaxDrawdown, the two
components of /InRank, are associated with crypto crashes. To achieve this goal, we independently
sort cryptocurrencies into three bins (30%-40%-30%) at the start of each holding week based on
their MaxRunnup and MaxDrawndown values, measured during the prior 12-week (quarterly)
ranking period. These portfolios are held for one week and rebalanced weekly. We then report
value-weighted returns for cryptocurrencies within these double-sorted portfolios, along with their

adjusted performance based on one-factor, three-factor (Liu, Tsyvinski, and Wu, 2022), and five-
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factor models (Cong, Karolyi, Tang, and Zhao, 2023). The summary statistics for the sorting
variables are provided in our Online Appendix (Table A2).

The results are tabulated in Table 3. Specifically, Panel A details the performance of each
double-sorted portfolio. Panel B further reports the differences between these portfolios with
respect to the mid/mid portfolio. We first observe that high MaxRunup ranks do not lead to high
returns. This observation is surprising based on the prevalence of crypto momentum: i.e.,
MaxRunup implies a high ranking period return, which should deliver a high holding period return
according to momentum. Instead, within portfolios with the highest MaxDrawndown values, the
portfolio with the highest MaxRunup values appears to have a lower return or risk-adjusted

performance than the portfolio with the lowest MaxRunup values.

Indeed, the portfolio with the highest MaxRunup and highest MaxDrawndown (i.e., the
top/top portfolio) delivers the lowest performance among all portfolios. Not only does the portfolio
deliver negative performance, it also significantly underperforms the mid/mid group by a spread
of -2.6% in excess returns, or -2.3% and -2.1% adjusted returns by the three-factor five-factor
models. Our online appendix (Table A3) shows that similar underperformance is observed even

when we hold the double-sorted portfolios for longer holding periods, such as 4 weeks or 8 weeks.

Easy to see, cryptos in the top/top portfolio have the highest InRank values among all assets.
Since MaxRunnup and MaxDrawndown cannot occur simultaneously on the same date, what these
cryptos experience during the ranking period is the sequential occurrence of large price movements
with opposite signs, characterizing a jump-reversal pattern. Therefore, our second diagnostic
analysis suggests that /nRank values from the ranking period can serve as a predictive indicator

for crashes during the holding period.
C. The Return Predictive Power of InRank

Thus far, our diagnostic tests suggest that /nRank aligns closely with indicators of inelastic capital
and that its two components can jointly predict crashes. These observations suggest that InRank is
both theoretically motivated and empirically grounded as a measure for testing the asset pricing

implications of inelastic capital.

We now more formally investigate the return predictive power of inelastic capital. To this end,

we provide both portfolio analyses and multivariate regressions. In portfolio analysis, we sort
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cryptocurrencies into quintile portfolios based on their quarterly ranking-period /nRank values,
and we rebalance these portfolios weekly. We also construct a value-weighted Elastic-minus-
Inelastic (EMI) portfolio that longs the cryptocurrencies in the elastic (bottom inelastic) quintile
and shorts the most inelastic quintile. We then report value-weighted returns for cryptocurrencies
within these portfolios, along with their adjusted performance based on one-factor, three-factor,

and five-factor models.

We tabulate the characteristics of these sorted portfolios in Table 4, Panel A for performance
and Panel B for other properties, including Size, illiquidity (Amihud), Turnover, Ivol, Skewness,
and Kurtosis. From Panel A, we observe that high capital inelasticity is in general associated with
lower returns. Moreover, the EMI portfolio can generate a significant weekly return of 2.5%, which
remains as high as 2.6% and 2.4% when adjusted by the three and five-factor models. This spread
quantifies the return impact associated with capital (in)elasticity. The last two columns of Panel A
extend the EMI holding period to 4 and 8 weeks. We observe that the economic magnitude and
statistical significance of the EMI spread remain highly robust.

Panel B reports that EMI is positively associated with size and negatively associated with
illiquidity, Turnover, Ivol, Skewness, and Kurtosis. The significance of these characteristics
suggests that a more thorough analysis of EMI returns should control for their impact. As a result,

we next use multivariate analysis to assess the return predictability of capital inelasticity.

More specifically, we estimate the following weekly Fama-MacBeth regressions:

Reti’t = U + ﬁ X InRanki't_l + Y X Xi,t—l + Ei,t' (2)

where Ret;, refers to the return of the crypto i in week t, InRank;,_, is capital inelasticity
estimated in the quarterly ranking period prior to week t, and the vector X; ,_; stacks a list of
control variables, including two-week momentum (Ret [-2, -1]), Size, InAmihud, Turnover,

cumulative returns from t-12 to t-3 (Ret [-12, -3]), IVOL, Skewness, and Kurtosis.

The results are presented in Table 5. The first three columns report the return predictive power
of InRank;,_,, while columns (4) through (6) replace InRank;,_; with a dummy variable
indicating cryptos with the most severe (i.e., top 20%) capital inelasticity in the cross section prior
to week t. We observe that both InRank and Inelasticity Dummy predict significantly negative

future returns. To illustrate the economic magnitude of this effect, consider column (3), where the
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regression coefficient for /nRank is -0.055. Given the standard deviation of /nRank is 0.2887, a
one-standard-deviation increase /nRank is associated with —1.59% weekly returns (= —0.055 X
0.2887). Moreover, columns (4) through (6) suggest that 20% of most inelastic cryptocurrencies
are associated with more negative out-of-sample weekly returns, ranging between -1.2% and -

2.5%. These estimates are substantial and align well with the outcomes of our portfolio analysis.

The predicting power is not absorbed by known cryptocurrency factors, such as market, size,
and momentum, or investor’s preference over idiosyncratic volatility and lottery payoffs. Our
results are also robust when controlling for the traditional liquidity measures, such as the Amihud
illiquidity ratio and turnover ratio, suggesting that our proxy for inelasticity capital adds new
information above these illiquidity measures. Collectively, both portfolio and regression analyses

support the notion that capital inelasticity predicts crashes.

Instead of using negative returns as a proxy for crashes, we can also directly link dummy

indicators of crashes to capital inelasticity based on the following panel specification:
Ditin-1(Crash) = ag + By X InRank; ;1 + ¢ X Xip 1 + € ryn-1, 3)

where D;;.p—1(Crash) is a dummy variable indicating the occurrence of a crash (i.e., the
occurrence of a large bottom-quintile price drawdown) for cryptocurrency i from week ¢ to week

t+h—1(h=1,4, and 8). Other variables are similar to the return analysis.

Table 6 reports the results for two versions of the above equation, an OLS panel regression in
Panel A and a panel logistic regression in Panel B. In the linear model (Panel A), the standard
errors are calculated using Driscoll and Kraay (1998) methodology with lags of (2, 6, 12) for
h=1,4,8, and the p-values are adjusted following Kiefer and Vogelsang (2005), as applied by
Greenwood et al., (2022). For the panel logistic regression in Panel B, standard errors are clustered

at the cryptocurrency level.

Across both panels, capital inelasticity is positively associated with the out-of-sample crash
dummy. For example, column (2) of panel A reports that the top 20% of most inelastic

cryptocurrencies are associated with an 8.7% higher likelihood of crash. In column (2) of Panel B,
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these cryptocurrencies are associated with 8.02% higher probability of a crash.” These findings

consistently demonstrate that capital inelasticity is a significant predictor of crash risk.

We perform several robustness checks on the above result (tabulated in our online appendix).
In Table A4, we use alternative specifications, such as controlling for time-fixed effects,
controlling for the large drawdowns and large runups, and using net crashes (the crypto experiences
a crash but not a bubble) as the dependent variable. In Table A5, we use a non-overlapping sub-
sample to deal with the potential residual autocorrelation not fully captured by Driscoll and Kraay's
(1998) adjustment. Our findings remain robust across these settings, indicating that unobservable
common shocks, conventional reversals or momentum effects, or residual autocorrelation are

unlikely the main driving forces for our main observations.

IV. Asset Pricing Implications on Momentum

Perhaps the most interesting asset pricing implication of capital inelasticity is momentum. In this
section, we first show that the effect of crypto momentum depends on capital elasticity. Next, we
construct an ElasticWinner-Minus-InelasticLoser (EWIL) strategy, which can outperform
momentum and generate positive returns up to 52 weeks of the holding period. We also compare

the crash risks of momentum and EWIL to understand the economic interpretation of the latter.
A. Momentum and Inelasticity in Double-sorted Portfolio

Vast studies show that crypto momentum can generate significant excess returns and help explain
the cross-section of expected returns (Liu and Tsyvinski, 2021; Liu, Tsyvinski, and Wu, 2022;
Cong, Karolyi, Tang, and Zhao, 2023). Liu, Tsyvinski, and Wu (2022) further show that the
momentum strategy is markedly stronger among the large and well-known coins, followed by a

reversal, consistent with the attention-based overreaction-induced momentum effect.

Our new intuition is that capital inelasticity and its associated inelastic crashes may directly
affect momentum. Especially, capital inelasticity may invalidate momentum on the winner side: if

the high returns of some past winners originate from inelastic capital—i.e., inelastic winners, the

amPr[yir = 1]x;e, 4]
0xit

of most inelastic cryptocurrencies are associated with a 40.1% increase in the conditional probability of a crash,

lnPr[yi_t = 1|xi_t, ai]. Since the unconditional probability of a crash is 20%, the absolute magnitude is 8.02%, which is close to

8.7% in the linear model.

" The average of semi-elasticity is defined as E [ei,t] =E [ . Therefore, the results indicates that the top 20%
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heightened risk of subsequent inelastic crashes could offset the continuation of positive returns.
Conversely, inelastic crashes and momentum may join forces to produce more enduring negative
returns. These considerations suggest that momentum may perform well among elastic cryptos
(i.e., elastic momentum) but not necessarily in inelastic ones. Indeed, if the impact of inelastic
crashes on momentum winners exceeds that on losers, momentum returns may diminish among

inelastic cryptos.

To investigate the momentum impact of inelasticity, we double-short cryptocurrencies into
three groups (using 30%-40%-30% splits) based on their past two-week returns and InRank
estimated during the quarterly ranking period prior to the holding week. These portfolios are held
for one week and rebalanced weekly. Again, we report value-weighted returns for cryptocurrencies
within these double-sorted portfolios and their adjusted performance based on one-factor, three-
factor, and five-factor models. We further construct value-weighted winner-minus-loser portfolios
(WML) across InRank groups and value-weighted elastic-minus-inelastic portfolios (EMI) across

momentum groups.

Table 7 presents the double-sorting results. Consistent with the literature, we observe
significant momentum returns. Specifically, the WML strategy can generate a significant weekly
return of 1.3% among all cryptos and 2.1% among the most elastic ones. Adjusting for factor
models slightly reduces the economic magnitudes. Nonetheless, momentum returns remain highly

robust in our sample period.

Our new observation is that WML fails to deliver positive returns among the most inelastic
cryptos. This insignificance arises from two EMI effects. First, EMI can generate a significantly
positive weekly return of 2.7% among past winners. Put differently, inelastic winners
underperform elastic winners, with an economic magnitude comparable to elastic momentum and
even larger than general momentum. Second, EMI results in insignificant returns among past losers.
While inelastic losers also tend to underperform elastic losers, the return difference is modest at
only 0.8%. As a result, inelastic winners fail to outperform inelastic losers. Collectively, the return
impact of inelastic crashes on winners is substantially larger than the impact on losers, leading to

the diminishment of inelastic momentum returns.

The above patterns suggest that the ElasticWinner-minus-InelasticLoser (EWIL) strategy

could help deliver higher returns than traditional momentum. We next conduct a portfolio analysis
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to test this prediction. To prioritize the importance of capital inelasticity, we first sort cryptos into
three groups (30%-40%-30%) according to their /nRanks. Within each group, we further divide
assets into three groups (30%-40%-30%) according to their past two-week returns. The EWIL
portfolio is then created by taking long positions in Elastic-Winners and short positions in

Inelastic-Losers.

We observe that the EWIL strategy generates a weekly return of 3.4%. The three-factor and
five-factor model-adjusted alphas are also sizable, 3.3% and 3.2%, respectively. Table A6 confirms
that the results remain robust for independent sorted EWIL, though the economic magnitude is
slightly smaller. It is worth noting that the magnitude of EWIL returns almost triples that of general
momentum. Even when compared to the higher return of elastic momentum, EWIL outperforms

by approximately 62%.
B. Bear Market Betas of EWIL

Momentum strategies in the stock market are subject to crash risks (Daniel and Moskowitz, 2016).
Momentum crashes occur during bear markets because momentum behaves like written call
options on the market, resulting in significant losses when the market rebounds (Daniel and
Moskowitz, 2016). This phenomenon is analogous to negative market timing. Considering the high
returns generated by EWIL, a natural question arises: is this performance compensation for

heightened crash risk?

To address this question, we investigate the crash risks in the following regression following

Daniel and Moskowitz (2016):

R, = (ap + ap x Igt—1) + (Bo + Ipt—1(Be + Iy tPry) ) X ﬁMkt,t + €&, “4)

where the key dependent variable R, is the return of a particular portfolio (e.g., momentum or
EWIL) in week t, ﬁMkt,t represents the market-capitalization-weighted (VW) index of all the
cryptocurrencies in week t, Ig 4 denotes an ex-ante bear market indicator that equals one if the
cumulative VW index return in the past 4 weeks is negative and is zero otherwise, Iy, is a
contemporaneous, i.e., not ex-ante, up-market indicator variable that is one if the excess VW index
return is greater than the risk-free rate in week ¢, and is zero otherwise. Given that the duration of
crashes in the cryptocurrency market is not as long as the equity market, the down-market is

estimated as a negative market return in the 4 weeks prior to the holding period.
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In this specification, @y and ap denote the abnormal return of the portfolio in general and
during the downside market in particular. In line with the two performance measures, the
parameters 3, and Bp capture the portfolio’s exposure to the market in general and during the bear
market in particular. The parameter [z ; measures whether the portfolio has a positive market
timing ability during the downside of the market. A negative f ;; indicates negative market timing,
while a positive B reflects enhanced market exposure during the bear market. Both scenarios

suggest heightened downside risk for the underlying trading strategy.

We apply the above test to the three strategies of momentum, EMI, and EWIL. The results
are reported in Table 8. Columns (1) to (3) reports g, alphas adjusted only by the market. We
observe that all these three strategies deliver significant market-adjusted returns. Columns (4) to
(6) present the estimates of the specification in Equation (4). For crypto momentum, fgy is
negative yet insignificant, suggesting that the crypto moment has negative yet marginal optionality.
However, fp is highly significant, indicating that its market exposure increases significantly
during the bear market. Taken together, crypto momentum has significant exposure to crash risk

through its enhanced market exposure during the bear market.

EMI and EWIL behave very differently. EMI has insignificant g ;; or fp, suggesting that this
strategy 1s not exposed to the downside risk that momentum typically exhibits. More interestingly,
EWIL exhibits positive fg ;, or positive market timing during bear markets. This suggests that
EWIL benefits from the risk of market crashes by shorting inelastic losers. As a result, EWIL return

is not a compensation for crash risk commonly observed in equity and currency momentum

(Daniel and Moskowitz 2016).
C. The Dissipation of Inelasticity (EWIL)

Finally, we investigate the effective duration of EWIL. Since markets with inelastic capital require
more time to reach equilibrium, we hypothesize that EWIL will deliver higher returns over more
extended holding periods than traditional momentum. To evaluate this hypothesis, we compute the

cumulative returns for both EWIL and WML across holding periods of up to 52 weeks.

Figure 2 illustrates the returns achieved across varying holding period lengths. We observe
that momentum returns peak at a holding period of 9 weeks and then decline as the holding period

extends further. Eventually, its returns turn negative when the holding period exceeds 20 weeks.
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In contrast, EWIL returns continue to increase over extended holding periods and show no signs
of dissipation, even with a holding period of up to 52 weeks. This slow dissipation indicates that

the impact of inelastic capital is highly persistent within the market.

As EWIL is unexplained by common crypto factors and uncorrelated with crash risk, both the
magnitude and extended duration of EWIL returns may seem surprising. These characteristics
suggest prolonged periods of price inefficiency and arbitrage opportunities, far exceeding the
duration of well-documented anomalies like momentum. However, such properties align with our
framework, where slow-moving capital and search frictions interact with the network state of the
crypto to produce persistent inefficiency (formalized in Appendix A). Dow, Han, and Sangiorgi
(2021) develop a related insight in a different setting: shocks to price inefficiency can deplete
arbitrage capital, leading to hysteresis inefficiency. Specifically, when blockchain congestion leads
to price inefficiency due to capital inelasticity (i.e., high InRank), investors reduce their demand
and capital even further, exacerbating price inefficiency through inelastic crashes and resulting in

extensive EWIL returns.

Capital inelasticity also introduces a novel source of risk for (buy-side) momentum. As
discussed by Cong, Li, and Wang (2021), network adoption fueled by price increases can generate
additional network externalities, leading to feedback effects and price momentum. Kogan et al.,
(2024) observe that retail investors appear to adopt this framework in their crypto trading, which
differs significantly from their behavior in stock trading. Our findings offer new insights into the
origins of crypto momentum. In our framework, inelastic crashes contradict buy-side momentum
while amplifying sell-side momentum. From a network feedback perspective, elastic capital fosters
positive network feedback effects. In contrast, inelastic capital amplifies momentum’s negative
impact on prices and price efficiency. Overall, our findings indicate that blockchain-induced

capital inelasticity can play a critical role in shaping asset prices and momentum-related anomalies.

V. Mechanism Analysis based on Ethereum ICOs

Thus far, our empirical findings support the concept of inelastic crashes and their impact on
momentum. In this section, we conduct an identification test to examine the blockchain-based
mechanism of capital inelasticity, using data from the 50 largest Initial Coin Offerings (ICOs)

conducted on the Ethereum blockchain.
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A. Ethereum ICOs and Diff-in-Diff Tests

Our ICO dataset contains 4,715 ICOs built on the Ethereum Chain'® from Oct 2015 to May 2024.
According to our ICO dataset, Ethereum witnessed a surge of ICO activity from September 2017
to June 2018, which then declined significantly. However, the amount of funds raised by ICOs
remained high after the drop in ICO numbers, except for a slump in 2020. The fundraising amount
reached its peak in 2021. ICO can induce congestion on blockchain. For example, on November
28, 2017, Ethereum was stuck by the ICO of CryptoKitties. The rapid spike in popularity caused
Ethereum to become congested and induced extremely high fees. Large ICOs built on Ethereum
likely occupy a significant fraction of the trading capacity of the Ethereum blockchain, which
introduces plausibly exogenous shocks to crowd out the transaction capacity for other existing
cryptos based on Ethereum, except ETH itself, because ETH usually serves as the issuance
currency. This mechanism provides a natural treatment group, namely, the other existing cryptos
built on Ethereum. The control group consists of cryptocurrencies from non-Ethereum blockchains.
Therefore, we can employ a DiD method to examine how ICO-induced blockchain congestion

affects crypto inelasticity and future returns.

We employ the top 50 ICOs according to the amount raised in dollars in unit time, i.e., we
normalize the amount raised by (ICO amount in dollars/time in days). Our sample, which
comprises transaction data, primarily encompasses cryptocurrencies based on Ethereum. The
remaining non-Ethereum-based cryptocurrencies are predominantly cryptos with the largest
market capitalization, such as Bitcoin, Dash, and EOS. We use the Mahalanobis-Distance-
Matching (MDM) method to match the Ethereum-based and non-Ethereum-based
cryptocurrencies according to the characteristics at the end of week t-1 (one week before the I[CO
start week 1), such as Size, Ret [-2, -1], Ret [-12, -3], InAmihud, Turnover, IVOL, Skewness,
Kurtosis, BA growth, and Value. We employ one-to-one nearest-neighbor matching. After

matching, we conduct DiD regressions with a window of [-3, +4]:
InRank;, or CAR;; = a+ B XTreat;; +y X X; ¢ + Uixgpent T Vexgvent T Eits (5)

where InRank; , refers to our proxy for capital inelasticity for cryptocurrency i in week ¢, CAR; ¢

0 According to the statistics from ICO Bench, more than 70% of ICO projects are based on Ethereum. See
https://icobench.com/stats/ico-statistics/.
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is the cumulative returns achieved in [-3, 7], and Treat;, = ETH; X After;, is the indicator for
the treatment effect, which equals one if the cryptocurrency i is based on Ethereum post the start
date of ICO events. We control for the characteristics combined with crypto-event fixed effects
and week-event fixed effects. The standard errors are double-clustered at the blockchain-event and

week levels to account for time-series correlation and cross-sectional correlation.

Table 9 reports the results of the DiD regressions. The first two columns focus on InRank; ,,
while the next two columns on CAR; ;. Columns (1) and (3) report that the inelasticity of treated
cryptos increases by 7.6% after large ICOs, associated with a 20.8% decline in cumulative returns.
These findings confirm that ICO-induced congestion generates sizable inelasticity and price

decline.

Columns (2) and (4) report the dynamic treatment effects, which we estimate from the

following specification:
InRank;, or CAR;;

=a+ Z ﬁj XETH; xI{t =1+ j}+y X Xit + Uixgvent T VexEvent (6)

where I{t = T + j} are indicators that equal one if the week is j week after the ICO events. Figure
3 also plots the dynamic treatment effects. We observe that [nRank increases immediately during
and after the ICO week, while the cumulative returns become significantly negative starting from
the week after ICOs. Importantly, we do not observe any significant pre-ICO differences between

the treated and control groups, suggesting that the parallel assumption is satisfied.
B. Frictions and Attention

We further employ the DiD approach to examine blockchain-based slow-moving capital, realized
demand, and investor attention. During each week of the DiD testing period, we use the average
time between transactions (7ime) to proxy for blockchain-based slow-moving capital. Recognizing
that ICO events can cause highly variable trading volume patterns across different cryptocurrencies,
we adjust for these effects by subtracting the weekly average number of transactions during the 12
weeks preceding the testing period from the number of transactions observed each week. This

adjusted measure is referred to as AbVolume. Additionally, we use Google Search around ICO
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events as a proxy for investor attention. Following the methodology of Cohn et al., (2022), we

perform Fixed-effects Poisson regressions on Time and Google Search."

The results are tabulated in Panel B. Consistent with the notion of ICO-induced congestion,
large ICOs cause the Ethereum-based cryptocurrencies to wait more time to be recorded into the
public blockchain and are transacted less after the ICO events. Meanwhile, the transactions have
dropped significantly before the start date of ICOs. These findings imply that ICOs slow down the
speed of capital of treated cryptos.

The results, summarized in Panel B, support the notion of ICO-induced congestion.
Specifically, large ICOs lead Ethereum-based cryptocurrencies to experience longer waiting times
before being recorded on the public blockchain. Additionally, there is a significant decline in
transactions for treated cryptos in the post-ICO period. Analysis of dynamic treatment effects
further confirms the satisfaction of the parallel trend assumption. In the interest of space, we plot
the dynamic treatment effect in Figure IN2 of our Online Appendix. These findings suggest that

ICOs slow down the capital movement of the affected cryptocurrencies.

A potential concern is that large ICOs may capture investors' attention, thereby reducing
demand and causing negative returns for the treated cryptocurrencies. However, our analysis of
Google Search data indicates large ICOs prompt investors to search more actively for existing
cryptocurrencies on the Ethereum blockchain. As a result, investor inattention is unlikely the

economic ground behind extended execution time and reduced volume.

Collectively, our DiD tests suggest that large ICOs trigger “shocks” of blockchain congestion.
This disruption leads the affected cryptocurrencies to exhibit greater capital inelasticity (i.e., higher
InRank) and lower returns, lending support to the role of blockchain congestion as the underlying

economic mechanism driving capital inelasticity and its associated asset pricing implications.

VI. Additional Analysis and Robustness Checks

We lastly conduct a list of additional tests on alternative channels to shed more light on the

economics of crypto inelasticity.

v Cohn et al., (2022) suggest that Poisson regression produces valid estimates when the outcome variable is continuous.
Besides, the advantages of Poisson regression include (i) valid semi-elasticity interpretations and no assumptions about the
relationship between higher-order model error moments and covariates for consistent estimation and (ii) separable and
multiplicative group fixed effects.
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A. Alternative Explanations Related to Investor Biases

One potential driver of price inefficiency is behavioral biases. Specifically, biases such as recency
bias, extrapolation, and beliefs about crypto fundamentals can serve as alternative explanations for

our findings.

To see if these behavioral biases drive our results, we examine whether the sequence of price
changes behind /nRank—i.e., whether the MaxRunup precedes the MaxDrawdown or vice versa—
affects the return predicting power of capital inelasticity. To this end, we link returns to /nRank
and its interaction with a dummy variable indicating that MaxRunup proceeds MaxDrawdown,

labeled RunupFirst. The results are tabulated in column (1) of Table 10.

We observe that the interaction term has insignificant predictive power on returns. In other
words, inelastic crashes are equally likely to occur after significant positive or negative price
movements. On the other hand, recency bias, extrapolation, or persistently biased beliefs about the
fundamental values of these assets will likely predict crashes following negative price movement.
As a result, these behavioral biases are unlikely to be the main driving force for the return

predictive power of capital inelasticity.
B. Alternative Channels Related to Crypto Characteristics

The second broad class of alternative explanations concerns crypto characteristics. For instance,
small cryptos may drive price inefficiency and, hence, the return predictive power of capital
inelasticity. To address this concern, we hence conduct the Fama-MacBeth regressions using the
subsample of the top 500 cryptocurrencies in market capitalization. Column (2) in Table 10
confirms that the predictability remains highly significant within large cryptocurrencies. Table A7
also presents the double-sorted portfolio performance by inelasticity and size or illiquidity. These

results indicate that our findings are not driven by the small or illiquid cryptos.

In addition, Cong, Karolyi, Tang, and Zhao (2023) suggest that blockchain characteristics,
such as the growth rate of addresses with balance and the value effect (proxied by the negative of
the past 52-week return), may be essential for crypto prices. Second, extreme returns necessarily
imply high volatility. Although our tests control for idiosyncratic risk- and common factor-
associated volatilities, volatility timing may affect portfolio returns in time series (e.g., Asness,
Frazzini, and Pedersen 2012; Moreira and Muir, 2017). Thirdly, extreme returns may affect

investors’ probability weighting, which, together with loss aversion and skewness of asset returns,
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allows the prospect theory to potentially explain our results (e.g., Barberis, Mukherjee, and Wang
2016; Barberis, Jin, and Wang 2021). Lastly, the joint occurrence of positive and negative extreme
returns may be spuriously correlated with the maximum daily return (e.g., Bali, Cakici, and

Whitelaw, 2011), which reflects lottery preferences uncaptured by skewness.

If these alternative channels are the main driving force for crypto pricing, the statistical and
economic significance of the coefficients on inelasticity will significantly weaken when we include
these channels in our analysis. However, our main results remain highly robust when we explicitly
control for the growth and value effects of blockchains (Cong, Karolyi, Tang, and Zhao 2023), the
prospect theory value (Barberis, Mukherjee, and Wang 2016), the maximum daily return (Bali,
Cakici, and Whitelaw, 2011), and an indicator for POW consensus. In the interest of space, we
tabulate the detailed results in our Online Appendix (Table AS8). Likewise, when we construct
volatility-managed portfolios following Moreira and Muir (2017), we find that volatility timing
adds little information to our Inelasticity-related strategies. These results are also presented in our

Online Appendix (Table A9).
C. Developments in Blockchain Technology

A third category of alternative channels concerns blockchain technology. New developments in
blockchain may challenge our findings on capital inelasticity. If so, our analysis may only apply
to older but not newer generations of blockchain technology. Specifically, the third-generation

blockchain technology initiated by EOS may significantly enhance its scalability.

To address this concern, we split our sample into two subsamples: those issued earlier than
EOS and those after EOS (including EOS). Columns (3) and (4) report the return predictive test
based on the two subsamples, respectively. We observe that the return predictive power of capital
inelasticity remains robust in both subsamples with similar economic magnitude, suggesting that
the new blockchain technologies do not fully address the issue of capital inelasticity. Indeed, given
the “blockchain trilemma” where consensus mechanisms cannot simultaneously achieve fault
tolerance, resource efficiency, and full transferability (Abadi and Brunnermeier 2022), capital

inelasticity could remain an issue for blockchain for a long period of time.

From the perspective of blockchain usage, cryptos are also often classified as coins or tokens,
depending on whether they operate on their own blockchains. Columns (5) and (6) apply the return

predictive test to the two types of cryptocurrencies. We observe that [nRank can predict negative
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returns equally well within these two subgroups, suggesting that capital inelasticity is a common

property of all blockchain-based assets.
D. Robustness Checks

Lastly, we assess whether our results are also robust using alternative measures of capital

inelasticity and alternative empirical specifications.

Our main proxy of capital inelasticity (/nRank) is calculated as the average ranks of
MaxRunup and MaxDrawdown. An alternative way of constructing this proxy is to use the product
of the two ranks. Column (7) reports that the return predictive power of capital inelasticity remains

highly robust when we replace /nRank with this alternative measure.

Another concern is that, since stablecoins often provide an anchoring point for other crypto
assets, the impact of capital inelasticity may concentrate on these coins. However, Column (8)

shows that our results are robust when including or excluding stablecoins.

Our Online Appendix provides additional analysis. In our main analysis, we employ a
quarterly ranking period and a one-week holding period for the EMI strategy to illustrate the return
implications of capital inelasticity. Given the importance of this result, Table A10 presents EMI
returns under variations in the ranking period (8, 10, 12, 14, and 16 weeks) and the holding period
(2, 4, 6, 8, and 10 weeks). We observe that EMI consistently delivers significant returns across
these combinations, confirming that the return implications of capital inelasticity are highly robust

in the crypto market.

Likewise, our main analysis uses /nRank to predict one-week ahead returns. Since it takes
time for capital inelasticity to achieve equilibrium, we might expect InRank to predict out-of-
sample returns with longer periods. Table A11 confirms this conjecture. It shows that /[nRank can

predict significantly negative four-week or eight-week returns.

We further assess the robustness of our results to alternative treatments of outliers. First, we
re-estimate our baseline specification without winsorizing cryptocurrency returns. Second,
following Fieberg et al. (2025), we truncate returns at the 0.5% and 99.5% levels, thereby removing
extreme-tail observations rather than capping them. As reported in Panels A and B of Table A12,
the EMI strategy yields weekly returns of 0.023 and 0.026 under these two approaches,

respectively, both closely aligned with the baseline estimate of 0.025. These results indicate that
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our findings are robust to alternative outlier treatments.

Finally, we employ the doubly debiased LASSO (DDL; Guo et al., 2022) to obtain valid
inference on characteristic slopes in a high-dimensional setting with potential latent confounding.
The DDL procedure accounts for both regularization bias and bias arising from unobserved
common components that may load pervasively across characteristics. In each week, we
standardize all variables cross-sectionally and estimate the coefficient on /nRank using DDL, and
then report the time-series average of the weekly estimates. The results in Panel C of Table A12
show that the effect of InRank remains statistically significant and quantitatively similar, indicating

robustness to latent common components.

VII. Conclusion

Limited transaction processing capacity poses a fundamental technical challenge to blockchain-
based financial applications (e.g., Bitcoin) and may significantly impact asset prices by restricting
the speed and scale of capital flows. In this paper, we propose that blockchain-induced capital
inelasticity can help explain a key phenomenon in the crypto market: frequent and large-scale

crashes.

Empirically, using a model-implied observable to infer capital inelasticity, we construct
proxies for capital inelasticity and find that inelastic cryptocurrencies underperform elastic ones,
reflecting crash risk linked to inelasticity. Notably, the risk of inelastic crashes overrides the
momentum effect among inelastic cryptocurrencies. This leads to the phenomenon of elastic
momentum, where significant momentum-driven returns occur among elastic cryptocurrencies. In

contrast, momentum fails to deliver significant returns among inelastic cryptocurrencies.

Furthermore, we show that the Elastic Winner-minus-Inelastic Loser (EWIL) strategy, which
combines inelastic crash risk and elastic momentum, yields higher and longer-lasting returns than
traditional momentum. Additional analysis on momentum crashes suggests that capital inelasticity
may provide a new source of risk for buy-side momentum. We also analyze ICO-induced Ethereum

blockchain congestion to provide causal evidence for our proposed mechanism.

Overall, our findings hold important normative implications, suggesting that constrained
transaction capacity and slow-moving capital may impose fundamental limits on price efficiency

in cryptocurrency and blockchain-based markets.
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Table A. Variable Definitions

Variable name

Variable definition

MaxRunup

MaxDrawdown

InRank

Inelasticitypro

D(Crash)

D(Bubble)

Ret [-2, -1]

Size

InAmihud

The maximum price runup experienced by a cryptocurrency. For each cryptocurrency
i at the beginning of week ¢, we first identify its lowest daily closing price (P;.c)
during a 12-week ranking period (denoted as 7) prior to the week ¢#. We then define

price runup as the annualized price change of P,,,;.. With respect to the closing price

Pendjt—1 ) 365

e - *
#Days’

where #Days denotes the number of days between the lowest price date and the end of
the ranking period. If the cryptocurrency hits the same lowest price for several different
dates, we use the latest date to estimate the maximum runup.

at the end of week #-1 (P,,q,;, ;). Mathematically, MaxRunnup,, = (

Pminite

The maximum price drawdown experienced by a cryptocurrency. For each
cryptocurrency i at the beginning of week t, we first identify its highest daily closing
price (Poua...) during a 12-week ranking period (denoted as 7) prior to week 7. We then
define price runup as the annualized price change of P,,,;.. with respect to the closing
price at the end of week #-1 (P,,4;,_,). Mathematically, MaxDrawdown,, = (% - 1) *
365
#Days’
end of the ranking period. If the cryptocurrency hits the same highest price for several
different dates, we use the latest date to estimate the maximum drawdown.

where #Days denotes the number of days between the highest price date and the

The degree of inelasticity of each cryptocurrency. At the beginning of week t, we rank
the magnitude of MaxRunup and MaxDrawdown (|MaxDrawdown;,|), then divide
ranks by the number of cross-sectional observations to standardize the magnitude of
Runup and Drawdown into the [0, 1], uniformly, denoted as Rank,,pyp,;: and
Rank g qwaown,it- The Inelasticity; . is: (Rankmnup‘i‘t + Rankdmwdawni,t)/Z. We
then normalize it into [0, 1], uniformly to calculate /nRank.

The alternative measure of inelasticity, which is constructed as the product of
Rankrunup,i,t and Rankdrawdown,i,t, 1.c., (Rankrunup,i,t X Rankdrawdown,i,t)~

Cryptocurrency crash. D(Crash);, equals one if the cryptocurrency i experiences a
price drop, i.e., from Pyegin ;¢ to the minimum price Ppn ;¢ in the given holding
period (denoted as s) from the beginning of week ¢, of which the magnitude belongs to
the top quintile (i.e., top 20%) of all cryptocurrencies in the given holding period.

Cryptocurrency bubble. D(Bubble); . equals one if the cryptocurrency i experiences a
price rise, i.e., from Ppggiy ;¢ to the maximum price Ppgy ¢ in the given holding
period (denoted as s) from the beginning of week #, of which the magnitude belongs to
the top quintile (i.e., top 20%) of all cryptocurrencies in the given holding period.

Cumulative returns from the start of week 7-2 to the end of week #-1 for each week ¢,
which are calculated as price changes of close prices of week -3 to week #-1.

The logarithm of the outstanding market capitalization (in dollar) at the beginning of
the week ¢.

The logarithm of the Amihud illiquidity ratio following Amihud (2002) and Amihud
and Noh (2020). The Amihud ratio is defined as the mean value of daily Amihud
illiquidity ratio in the past T days prior to the start of week ¢ (day ¢t;), i.e.,

(% Zg‘):_t;_T 106 x |reti,t‘s|/Volumni,t_s), where |reti,t_s| is the absolute value of daily
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Turnover

Ret [-12, -3]

IVOL

Skewness

Kurtosis

Google Search

Time

Volume

Acadr

BA

BA growth

Value

return, and Volumn, . ; is the dollar trading volume for cryptocurrency i at day s, in
the forming period prior to week ¢, respectively.

The turnover ratio, measured as the average daily dollar trading volume divided by
market capitalization, in the past 12 weeks prior to the start of week ¢.

Cumulative returns from the start of week #-12 to the end of #-3 for each week 7. We
use log returns to deal with the extreme values of long-term returns.

The idiosyncratic volatility of cryptocurrencies’ daily returns, measured as the standard
deviation of residuals in the Cryptocurrency CAPM model over the past 12 weeks prior
to the start of each week .

The skewness of cryptocurrencies’ daily returns over the past 12 weeks prior to the
start of each week ¢.

The kurtosis of cryptocurrencies’ daily returns over the past 12 weeks prior to the start
of each week .

Google search volume. We download the time-series Google Trends of
cryptocurrencies’ full names worldwide from Google Trend
(https://trends.google.com/trends/). Our sample period is from 5 January 2014 to 29
May 2024.

Average Time Between Transactions. The average duration between one transaction
block and the next. This is calculated by measuring the total time that it takes in the
blockchain to approve one block following the previous block and averaging it daily.
The data is from Intotheblock (https://www.intotheblock.com/).

The average number of transactions for a particular crypto-asset. This data is based on
transactions on the blockchain. Therefore, transactions taken within exchanges are not
recorded unless they occur on-chain. Following Cong et al., (2023) and Irresberger et
al., (2021), the data is from Intotheblock.

The average of addresses that made one or more on-chain transactions on a given day.
Following Cong et al., (2023) and Irresberger et al., (2021), the data is from
Intotheblock.

Total Addresses with Balance. The average of all addresses that currently hold this
particular crypto-asset. Following Cong et al., (2023) and Irresberger et al., (2021), the
data is from Intotheblock.

The weekly logarithmic growth rate of total addresses with balance at week #-1, i.e.,
og (Foaldsset with Balanceir-y “gol1owing Cong et al., (2023).

Total Asset with Balance;;_,

The negative of past-52-week returns prior to the start of each week ¢, following Cong
et al., (2023).
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Table 1. Summary Statistics

This table tabulates the summary statistics of cryptocurrencies. The price and trading volume data (5™ Jan
2014-12"™ May 2024) are from https://coinmarketcap.com/. 4284 cryptocurrencies constitute the whole
sample. Panel A reports the number of cryptocurrencies, the mean and median of market capitalization, and
the mean and median of daily trading price volume by year. Panel B reports the main weekly variables of
our sample, including weekly returns at week ¢, market size (logarithm of market capitalization in dollars)
at the beginning of week ¢, logarithmic 12-week average of the Amihud illiquidity ratio and turnover ratio
prior to week ¢ (InAmihud), non-annually runups and drawdowns (refer to the Appendix) with 12-week
ranking period prior to week #, the negative of past 52-week cumulative returns (Value) at the beginning of
week ¢, and the log difference of total addresses with balance (BA growth) at the beginning of week 7. All
the continuous variables but returns are winsorized at 1% and 99% percentile. The cryptocurrencies’ returns
are winsorized at 0.1% and 99.9% percentile.

Panel A: Cryptocurrency Market Summary by Year

Year Number of Coins Market Cap (mil) Volume (thous)
Mean Median Mean median
2014 62 326.33 4.93 1512.68 30.63
2015 68 144.65 2.96 1265.84 10.86
2016 131 173.09 3.24 1886.57 18.18
2017 585 535.61 9.01 23010.65 120.32
2018 1,408 414.74 8.97 24085.08 104.57
2019 1,316 274.72 5.63 69831.55 150.54
2020 1,429 371.02 6.99 8908550 278.65
2021 2,344 1358.38 16.35 220478.8 631.58
2022 2,117 955.2 14.12 404592.5 535.93
2023 1,893 937.64 15.57 65386.66 481.58
2024 1,798 1454.54 21.72 106817.6 780.2
Panel B: Summary Statistics in Weekly Sample
N #Coins  mean std p25 median p75  skew  kurtosis
Ret (fraction) 393,191 4,284 0.01 0.27 -0.85 -0.11 -0.01 0.07 3.53
Size (log dollar) 393,191 4,284 16.60 2.03 13.82 15.01 1624  17.77 27.97
InAmihud 393,188 4,284 -3.97 3.73 -12.70 -6.45 -4.27 -1.86 6.05
Turnover(fraction) 393,191 4,284 0.12 0.22 0.00 0.01 0.04 0.13 1.46
IVOL 391,430 4,284 0.09 0.11 0.00 0.04 0.06 0.10 0.84
Runup (fraction) 393,191 4284 118 298  0.00 0.10 032 0.90 2248
Drawdown (fraction) 393191 4284 038 024 090  -056  -037 -0.19 0.00
BA growth 82,807 514 0.01 0.03  0.00 0.00 0.01  3.80 18.46
Value (fraction) 371,729 4,036 -2.38 10.81 -0.68 0.28 0.69 -6.03 39.20
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Table 2. The Determinants of Financial Inelasticity

This table explores the determinants of financial Inelasticity with a non-overlapping sample (sampling
every twelve weeks) by conducting the following regression:

InRank; ; = a + By X Time; 4 + B, X #Transaction; ; +y X Time; ; X #Transaction;q + C X M; 4
TV tugt+ &g

where the main variables of interest are the average time between transactions (Time) and the number of
transactions (#Transaction). We also control for the number of active addresses (ActAdr) and the number
of addresses with balance (BA). These variables are constructed as the logarithm of the average values over
the past 12 weeks (one quarter). Columns (1) through (3) include coin fixed effects (v;) and time fixed
effects (ug). Column (4) further incorporates Blockchainx Time fixed effects. 7-statistics based on standard
errors clustered at the cryptocurrency level are in parentheses. *, ** and *** represent statistical
significance at 10%, 5% and 1%, respectively.

1) (2) 3) “)
Dep. Var = InRank
Time 0.040%** 0.035%** 0.031%** 0.04 1 ***
(4.49) (4.13) (3.54) (4.32)
#Transaction 0.059*** 0.035%** 0.061*** 0.089***
(5.92) (3.45) (4.09) (5.18)
Time X #Transaction 0.005%** 0.003%** 0.003***
(5.29) (3.48) (2.66)
ActAdr -0.018 -0.034**
(-1.38) (-2.30)
BA -0.029%** -0.022%*%*
(-4.07) (-3.20)
Observations 7,407 7,397 6,933 6,933
Adj R? 0.205 0.210 0.214 0.214
Coin FE YES YES YES YES
Time FE YES YES YES NO
Blockchain x Time FE NO NO NO YES
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Table 3. Performance by Double-sorted Runups and Drawdowns

This table presents the portfolio performance across runup and drawdown double-sorted groups. At the
beginning of each week ¢, we divide the cryptocurrencies into the top 30%, middle 40%, and bottom 30%
groups, according to their magnitude of MaxRunup and MaxDrawdown (Ranking period=12 weeks, prior
to week £), respectively and independently. Panel A and B present the portfolio performance and the return
spreads between each group and the mid/mid group, respectively. The value-weighted portfolios are weekly
rebalanced and held for one week. Raw returns, Crypto-CAPM adjusted returns, Crypto-three-factor model
(CMKT, CSIZE, CMOM) adjusted returns, and Crypto-five-factor model (CMKT¢s5, CSMBs, CVAL(s,
CNET;5; , and CMOM) adjusted returns are reported. 7-statistics adjusted by Newey-West
heteroskedasticity in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% level,
respectively.

Panel A: Portfolio Performance

Excess Return CAPM Alpha
Drawdown Drawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) 0.008 0.011 -0.003 0.000 0.000 -0.014
(1.58) (1.56) (-0.38) (-0.09) (-0.07) (-2.46)
2 0.023 0.011 0.011 0.011 -0.001 -0.001
(3.10) (1.63) (1.26) (2.50) (-0.32) (-0.14)
3(High) 0.011 0.003 -0.015 -0.001 -0.010 -0.026
(1.22) (0.35) (-1.73) (-0.11) (-1.55) (-4.21)
Three Factor Alpha Five Factor Alpha
Drawdown Drawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) 0.000 0.004 -0.012 -0.006 -0.003 -0.019
(0.15) (0.72) (-2.15) (-1.93) (-0.78) (-3.35)
2 0.011 -0.002 0.003 0.004 -0.009 -0.009
(2.46) (-0.63) (0.40) (1.10) (-2.17) (-2.14)
3(High) -0.005 -0.009 -0.025 -0.014 -0.014 -0.030
(-0.72) (-1.57) (-4.46) (-2.35) (-2.29) (-5.25)
Panel B: Portfolio Performance (Diff. from mid/mid group)
Excess Return CAPM Alpha
Drawdown Drawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) -0.003 0.000 -0.015 0.000 0.001 -0.014
(-0.71) (-0.00) (-2.73) (0.09) (0.17) (-2.46)
2 0.012 0 0.000 0.012 0 0.000
(2.65) (-0.06) (2.76) (-0.04)
3(High) -0.001 -0.008 -0.026 0.000 -0.009 -0.024
(-0.10) (-1.39) (-3.75) (0.04) (-1.68) (-3.71)
Three Factor Alpha Five Factor Alpha
Drawdown Drawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) 0.002 0.006 -0.011 0.003 0.006 -0.011
(0.48) (1.11) (-2.05) (0.66) (1.04) (-1.98)
2 0.013 0 0.004 0.013 0 0.000
(2.88) (0.61) (2.69) (-0.00)
3(High) -0.003 -0.008 -0.023 -0.005 -0.006 -0.021
(-0.39) (-1.46) (-3.84) (-0.74) (-0.99) (-3.35)
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Table 4. InRank-sorted Crypto Portfolio

At the beginning of each week ¢, we sort cryptocurrencies into five groups by their Inelasticity (ranking
period=12 weeks, prior to week f). Panel A presents excess returns, Crypto-CAPM adjusted alphas, Crypto-
three-factor model (CMKT, CSMB, CMOM) adjusted alphas, and Crypto-five-factor model (CMKTs,
CSMB¢s, CVALcs, CNETc5, and CMOM) adjusted alphas of the value-weighted portfolios with A-week
(h=1, 4, 8) holding period from the start of week . EMI denotes the differences between the Elastic group
(group 1) and the Inelastic group (group 5). Following Jegadeesh and Titman (1993), at each given week 7,
a series of groups selected at the current week and at the previous /4-1 weeks are held, where / denotes the
holding periods. Then we revise the weights on 1/4 of these groups to get the average portfolio returns.
Panel B presents the median of cryptocurrencies’ characteristics in each group, including Size (log market
value), InAmihud (logarithm of Amihud illiquidity ratio), Turnover ratio, IVOL (idiosyncratic volatility),
Skewness, and Kurtosis. 7-statistics adjusted by Newey-West heteroskedasticity with 5 lags are in
parentheses. *, ** and *** denote significance at the 10%, 5%, and 1% level, respectively.

Panel A: The Portfolio Performance of Groups Sorted by Inelasticity

1 2 3 4 5 EMI
(Elastic) (Inelastic) (Elastic-minus-Inelastic)
h=1 week h=4week  h=8week
Excess Return 0.013 0.016 0.006 0.009 -0.011 0.025%** 0.019%**  (.023***
(2.55) (2.22)  (0.87) (1.12) (-1.42) 4.71) (3.17) (4.35)
CAPM Alpha 0.004 0.005  -0.005 -0.003 -0.023 0.026%** 0.022%**  (0.026***
(1.58) (1.05) (-1.13) (-0.72) (-4.30) (5.27) (4.02) (5.28)
Three Factor 0.004 0.005  -0.005 -0.002 -0.021 0.026%** 0.021%**  (0.025%**
(1.63) (1.10)  (-0.99) (-0.34) (-4.41) (5.53) (3.94) (5.10)
Five Factor -0.001 -0.002  -0.010  -0.009 -0.026 0.024%** 0.019%**  (.023%**
(-0.31)  (-0.58) (-2.71) (-2.48) (-5.30) (5.38) (3.43) (4.64)
Panel B: The Portfolios’ Characteristics.
1 2 3 4 5 EMI
(Elastic) (Inelastic) (Elastic-minus-Inelastic)
Size 16.87 16.39 16.14 15.98 15.77 [.11%%*
InAmihud -4.34 -3.4 -2.71 -2.44 -1.37 -2.97%%*
Turnover 0.09 0.08 0.08 0.08 0.09 0.00
IVOL 0.05 0.07 0.1 0.11 0.18 -0.13%%*
Skewness 0.6 0.88 1.18 1.37 2.01 -1.41%%%
Kurtosis 5.76 6.04 7.58 8.45 11.85 -6.09%**
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Table 5. Predicting Crypto Returns by Inelasticity

This table investigates the predictability of Inelasticity on weekly returns using Fama-MacBeth regressions:
Reti’t = 0t + B X InRanki’t_l + Y X Xi,t—l + gi,t'

where InRank is the cross-section rank of Inelasticity, which is uniformly standardized between [0, 1].
Columns (4)-(6) replace InRank with a dummy variable indicating the top 20% inelastic cryptocurrencies
(Inelasticity Dummy). Control variables include Ret [a, b] (cumulative returns from the start of week #+a
to the end of week #+b), Size (logarithm of market value at the beginning of week ), InAmihud (logarithm
of average past 12-week Amihud illiquidity ratios prior to week f), Turnover (average past 12-week turnover
ratios prior to week ¢), IVOL (idiosyncratic volatility based on Crypto-CAPM in the past 12 weeks prior to
week 1), Skewness and Kurtosis. The bottom rows present time-series averaged adjusted R?, sample periods,
and observations. 7-statistics adjusted by Newey-West heteroskedasticity with 5 lags are in parentheses. *,
** and *** denote significance at the 10%, 5%, and 1% level, respectively.

(1 2 3) “) (5) (6)
Dep. Var = Ret
InRank -0.016*** -0.015%** -0.055%**
(-3.77) (-2.98) (-8.55)
Inelasticity Dummy -0.012%%** -0.010%** -0.025%**
(-3.76) (-3.14) (-7.25)
Ret [-2, -1] -0.007 -0.019** -0.006 -0.018%**
(-0.92) (-2.55) (-0.90) (-2.76)
Size 0.000 -0.001 0.001 0.000
(0.25) (-0.90) (0.52) (-0.30)
InAmihud 0.001 -0.003*** 0.001 -0.003**
(1.44) (-2.75) (1.59) (-2.48)
Turnover 0.141 -0.128 0.135 0.209
(0.95) (-0.58) (0.91) (0.44)
Ret [-12,-3] -0.009%*** -0.010%**
(-3.08) (-3.27)
IVOL 0.213%** 0.156%**
(3.48) (3.09)
Skewness 0.037%** 0.037%**
(8.49) (9.21)
Kurtosis -0.003*** -0.003*%**
(-6.58) (-6.80)
Adj R? 0.004 0.044 0.093 0.007 0.049 0.095
Weeks 540 540 540 540 540 540
obs 388,955 388,953 388,948 388,955 388,953 388,948
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Table 6. Predicting Crashes by Inelasticity

This table investigates the predictability of Inelasticity on crashes:
Dityn-1(Crash) = ag+ By X InRank; ;1 + ¢ X Xie 1 + & 4n-1,

where D; 1 (Crash) equals one if a cryptocurrency i experiences a crash during the #-week (h=1, 4, and
8) holding period after week ¢. A crash is characterized by large price changes from the start of week ¢ to its
trough, which fall within the top 20% of the magnitude in the cross-section. InRank is the standardized
cross-section rank of Inelasticity. Columns (2), (4) and (6) replace InRank with a dummy variable indicating
the top 20% inelastic cryptocurrencies (Inelasticity Dummy). Panel A presents the results of prediction on
crashes using the linear model, and Panel B reports the results of average semi-elasticities using the panel
logit model. InRank is the cross-section rank of Inelasticity, which is uniformly standardized between [0,
1]. Inelasticity Dummy equals one if the cryptocurrency belongs to the highest quintile (i.e., top 20%) of
Inelasticity. Control variables include Ret [-12, -1] (logarithm of cumulative returns from the start of week
t-12 to the end of week #-1), Size (logarithm of market value at the beginning of week 7), InAmihud
(logarithm of average past 12-week Amihud illiquidity ratios prior to the start of week ¢), Turnover (average
past 12-week turnover ratios prior to the start of week £), IVOL (idiosyncratic volatility based on Crypto-
CAPM in the past 12 weeks prior to the start of week #), Skewness, and Kurtosis. u; denotes the coin-fixed
effects. T-statistics are shown in parentheses. The p-values in Panel A are based on Driscoll and Kraay
(1998) standard errors with (2, 6, 12) lags for 2=1, 4, 8, respectively, and corrected according to Kiefer and
Vogelsang (2005). Standard errors in Panel B are clustered at the cryptocurrency level. *, **, and *** denote
significance at the 10%, 5%, and 1% level, respectively

Panel A: Predicting Crashes

) 2 3 “ ®) (6)
Holding Period=1 Week Holding Period=4 Weeks Holding Period=8 Weeks
InRank 0.152%** 0.128%%* 0.098%**
(32.33) (15.32) 9.12)
Inelasticity Dummy 0.087%** 0.077%** 0.063***
(27.34) (14.44) (9.82)
Size 0.04 1 *** 0.041*** 0.036%** 0.036%** 0.038***  (.038%**
(29.97) (29.24) (18.51) (18.24) (12.67) (12.55)
InAmihud 0.042%** 0.043%** 0.027%** 0.027%%* 0.021%**  (.022%%**
(58.53) (58.91) (27.59) (28.04) (18.48) (18.53)
Turnover 0.127%%* 0.133%** 0.080%** 0.085%** 0.057***  0.061%**
(18.82) (19.71) (10.26) (10.70) (5.11) (5.41)
Ret [-12, -1] 0.019%** 0.019%** 0.024#%* 0.024%#%* 0.027***  0.027***
(8.61) (8.73) (6.95) (7.12) (6.24) (6.38)
IVOL 0.289%** 0.312%** 0.321%** 0.337%** 0.264***  (.274%**
(14.006) (15.09) (9.71) (10.11) (6.46) (6.81)
Skewness -0.015%** -0.013%** -0.014%%%  _0.013%** -0.012%**  -0.011%**
(-8.31) (-7.71) (-6.64) (-6.40) (-5.17) (-5.02)
Kurtosis 0.001*** 0.001** 0.001* 0.000 0.001 0.000
(2.67) (2.47) (1.71) (1.60) (1.58) (1.53)
Observations 385,994 385,994 381,294 381,294 374,890 374,890
Number of Coins 4,265 4,265 4,232 4,232 4,171 4,171
Coin FE YES YES YES YES YES YES
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Panel B: Predicting Crashes Using Panel Logit Model

InRank

Inelasticity Dummy
Size

InAmihud
Turnover

Ret [-12, -1]

IVOL

Skewness

Kurtosis
Observations

Number of Coins
Coin FE

) 2
Holding Period=1 Week
0.898%***

(50.64)
0.401***
(39.81)
0.226%** 0.224**x*
(26.10) (25.15)
0.222%%* 0.224%**
(47.12) (46.66)
0.706%** 0.738%***
(20.26) (20.65)
0.089%*** 0.094***
(12.58) (12.97)
0.938%** 1.122%**
(11.87) (13.71)
-0.077%%* -0.065%**
(-12.27) (-10.00)
0.005%** 0.004***
(5.36) (4.15)
381,212 381,212
3,938 3,938
YES YES

(©) “4)
Holding Period=4 Weeks
0.780%**

(35.10)
0.366%**
(30.79)
0.212%** 0.211%**
(20.51) (19.95)
0.145%%* 0.148***
(29.64) (29.60)
0.497%%* 0.526%**
(11.41) (11.90)
0.109%%** 0.113%**
(12.64) (12.86)
1.090%** 1.238%**
(11.62) (12.99)
-0.072%** -0.062%**
(-8.99) (-7.60)
0.004#** 0.003**
(3.32) (2.56)
371,276 371,276
3,747 3,747
YES YES

®) (6)
Holding Period=8 Weeks
0.631%**
(25.06)
0.316%**
(24.49)
0.236%**  (.235%**
(18.62) (18.31)
0.120%**  0.122%**
(20.66) (20.80)
0.389%**  0.412%**
(6.74) (7.09)
0.128%**  (.130***
(12.24) (12.34)
0.893***  (.999***
(8.02) (8.91)
-0.058%**  -0.05]***
(-5.80) (-4.99)
0.003** 0.003*
(2.39) (1.94)
359,593 359,593
3,528 3,528
YES YES
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Table 7. Momentum and InRank Double-sorted Portfolios

This table presents the performance of portfolios double-sorted by two-week Momentum and Inelasticity.
At the beginning of each week ¢, cryptocurrencies are divided into three groups: the bottom 30%, medium
40%, and top 30%, based on their past two-week returns and InRank (12-week ranking period)
independently. These portfolios are held for one week, and if a portfolio has no cryptocurrencies, the value
is left missing. The EMI Average denotes the average performance of the EMI strategy within each
momentum group. To construct the ElasticWinner-Minus-InelasticLoser (EWIL) Strategy, at the beginning
of each week ¢, we first sort cryptocurrencies into the bottom 30%, medium 40%, and top 30% groups
according to their InRanks. Within each group, we further divide cryptocurrencies into the bottom 30%,
medium 40%, and top 30% groups according to their past two-week returns. The EWIL Strategy is to long
Elastic-Winner portfolios and short Inelastic-Loser portfolios. Value-weighted raw returns and alphas
adjusted by Crypto-CAPM, Crypto-three-factor model (CMKT, CSMB, CMOM), and Crypto-five-factor
model (CMKTgs, CSMB¢s, CVALqs, CNET.5, and CMOM) are presented in each panel. 7-statistics
adjusted by Newey-West heteroskedasticity with 5 lags are in parentheses. *, ** and *** represent
statistical significance at 10%, 5% and 1%, respectively.

InRank EMI Momentum
Momentum 1 (Elastic) 2 3 (Inelasticy  EMI Average  Average EWIL
Excess Return 1 (Loser) 0.002 0.001 -0.007 0.008
(0.40) (0.12) (-1.02) (1.43)
2 0.012 0.007 0.004 0.010
(2.07) (0.96) (0.38) (1.56)
3 (Winner) 0.023 0.016 -0.003 0.027***
(3.24) (1.80) (-0.35) (4.08)
WML 0.021***  0.015%* 0.004 0.013***  0.014***  (0.034***
4.11) (2.41) (0.62) (3.34) (3.30) (5.99)
CAPM Alpha 1 (Loser) -0.008 -0.010 -0.018 0.009
(-2.09) (-2.38) (-3.62) (1.49)
2 0.002 -0.005 -0.009 0.012%%*
(0.65) (-1.35) (-1.37) (2.07)
3 (Winner) 0.012 0.005 -0.014 0.027***
(2.62) (0.76) (-2.32) (4.14)
WML 0.021%**  (0.014** 0.004 0.015%**  0.013%**  (.034%*%*
(4.24) (2.43) (0.63) (3.77) (3.49) (6.29)
Three Factor 1 (Loser) -0.005 -0.007 -0.013 0.006
(-1.32) (-1.76) (-2.48) (1.05)
2 0.003 -0.005 -0.007 0.011%*
(1.03) (-1.30) (-1.10) (1.99)
3 (Winner) 0.009 0.002 -0.016 0.026%**
(2.16) (0.38) (-2.72) 4.01)
WML 0.016%** 0.009* -0.003 0.014%**  (0.007** 0.033%**
(3.28) (1.65) (-0.45) (3.58) (2.08) (6.01)
Five Factor 1 (Loser) -0.010 -0.016 -0.024 0.014**
(-2.48) (-4.55) (-5.31) (2.57)
2 -0.001 -0.013 -0.010 0.009
(-0.44) (-3.10) (-1.67) (1.48)
3 (Winner) 0.002 -0.001 -0.021 0.022%**
(0.43) (-0.21) (-3.87) (3.63)
WML 0.011**  0.015%** 0.003 0.012%**  (0.009%**  (.032***
(2.41) (2.68) (0.53) (2.84) (2.66) (6.18)
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Table 8. Down-Market Betas for Enhanced Momentum Strategies

In this table, we follow Daniel and Moskowitz (2016) to estimate the down-market betas of the momentum
portfolio:

Rwmie = (ag+ag*Ige 1)+ (Bo+Ipe-1(Bs + IytBoy) ) * Ruper + €

where ﬁWML_t is the 2-week Winners-minus-Losers (WML) return in week ¢, I?Mkm represents the value-
weighted index of all the cryptocurrencies in week ¢, Ig ., denotes an ex-ante bear market indicator that
equals one if the cumulative VW index return in the past 4 weeks is negative, and is zero otherwise, Iy, ; is
a contemporaneous, i.e., not ex-ante, up-market indicator variable that equals one if the excess VW index
return is greater than the risk-free rate in week ¢, and is zero otherwise. Given that the duration of crashes
in the cryptocurrency market is not as long as the equity market, the down-market is estimated as a negative
market return in the 4 weeks prior to the holding period. At the beginning of each week 7, we divide the
cryptocurrencies into three groups (30% Losers, 40% Mid, and 30% Winners) by their two-week
cumulative returns to construct the WML strategy. To construct the ElasticWinner-Minus-InelasticLoser
(EWIL), we first sort the cryptocurrencies into three groups (30% Elastic, 40% Mid, and 30% Inelastic)
according to their Inelasticity. Within each Inelasticity-ranked group, we further divide the cryptocurrencies
into three groups (30% Losers, 40% Mid, and 30% Winners) by their two-week cumulative returns. The
EWIL is to long the Elastic-Winner group and short the Inelastic-Loser group. We apply the same tests to
the EMI strategy (Elastic-minus-Inelastic) and the EWIL.7-statistics adjusted by Newey-West
heteroskedasticity with 5 lags are reported in parentheses™®, **, and *** indicate significance levels of 10%,
5%, and 1%, respectively.

Dep. Var = RuwmL EMI EWIL RwmL EMI EWIL
Coef. Indep. Var (1) ) 3) 4) (5) (6)
Bo Ruke.e -0.018 -0.159%%*x -0.010 S0.216%%  -0.212%F%  _(0.300%**
(-0.29) (-2.65) (-0.11) (-2.42) (-3.33) (-3.01)
@p Igeq 0.021 -0.016 0.001
(1.44) (-0.98) (0.07)
By Igt_1 Ryker 0.455% -0.105 0.270
(2.20) (-0.80) (1.62)
Bsu Igt—1ly Ry -0.088 0.365 0.533%*
(-0.31) (1.14) (2.10)
& 0.022%%*  (,026%**  (.035%** 0.009 0.027*%**  0.019%*
(4.27) (5.19) (6.53) (1.14) (4.00) (2.54)
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Table 9. DiD Regressions: ICO-induced Inelasticity

This table presents the results of DiD regressions investigating the effects of ICOs on Inelasticity and
network congestion, and the corresponding dynamic treatment effects:

InRank;, or CAR;; = a+ f X Treat;; + ¥ X X;¢ + Uixgvent T Vexgvent T Eits
4
InRank;, or CAR;; = a + Z By X ETH; X I{t = T+ j} + ¥ X X; ¢t + Wixpvent + Vexpvent + Eits
j=-3j%-1

where the dependent variables include the InRank and cumulative returns. InRank is the cross-section
rank of Inelasticity, which is uniformly standardized between [0, 1]. The event window is from -3
week to 7+4 week, where T denotes the start week of ICOs. CAR is the buy-and-hold cumulative
cryptocurrency returns from t-3. Treat;, = ETH; X After;,, equals one if the cryptocurrency i is based
on Ethereum and treated after the start date of ICO events. I{t = 7 + j} are indicators that equal one if
the week is j week after the ICO events. Control variables include Ret [-13, -2], Ret [-2, -1], Size,
InAmihud, Turnover, IVOL, Skewness, Kurtosis, BA growth, and value. We control for the crypto-event
Uixgvent and week-event fixed effects vy gpent- Panel A presents the results on InRank and cumulative
returns, and Panel B presents the results on average time between transactions (Time), abnormal
transactions (AbVolume, the log difference of the number of transactions in the current week and
average number of transactions in 12 weeks before ICO events), and Google Search Trend (Google
Search). We conduct Fixed-effects Poisson regressions on Time and Google Search in Panel B. 7-
statistics based on standard errors clustered at blockchain-event and week levels are shown in
parentheses. *, **, and *** represent statistical significance at 10%, 5% and 1%, respectively.

Panel A: Inelasticity and Cumulative Returns around ICO Events

(1) (2) (3) 4)
InRank Cumulative Returns
Treat 0.076%*** -0.208%**
(3.40) (-2.57)
ETH; x I{t =1 — 3} -0.040 0.044
(-1.31) (0.70)
ETH; x I{t =1 — 2} 0.007 -0.021
(0.32) (-0.52)
ETH; x I{t =1} 0.045%* -0.055
(2.04) (-1.14)
ETH; X I{t =1 + 1} 0.044** -0.136**
(2.07) (-2.23)
ETH; X I{t =1 + 2} 0.049** -0.296**
(2.25) (-2.54)
ETH; X I{t =1 + 3} 0.074%** -0.243%**
(2.18) (-2.70)
ETH; X I{t =1 + 4} 0.118*** -0.282%*
(2.97) (-2.61)
Controls YES YES YES YES
Coin-Event FE YES YES YES YES
Week-Event FE YES YES YES YES
Observations 48,408 48,408 49,212 49,212
R? 0.749 0.750 0.845 0.846
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Panel B: Average time, Abnormal Transactions, and Google Search around ICO Events

(1) (2) (3)
Time AbVolume Google Search
Treat 0.282%%* -0.147%%* 0.245%**
(2.31) (-2.73) (3.47)
Ret [-2, -1] -0.239%** 0.156* 0.084*
(-2.08) (1.67) (1.66)
Size -0.582%** 0.582%** 0.149
(-3.25) (4.66) (0.96)
InAmihud -0.099 -0.011 0.143*
(-0.60) (-0.13) (1.68)
Turnover 1.304 0.194 0.870*
(0.88) (0.23) (1.65)
Ret [-12,-3] -0.017%** -0.003 -0.006
(-2.35) (-0.35) (-0.76)
IVOL -17.162%** 9.481%* -0.623
(-2.88) (2.31) (-0.16)
Skewness 0.107 -0.104 0.056
(1.10) (-1.58) (0.60)
Kurtosis 0.010 0.014 -0.006
(0.51) (1.25) (-0.40)
BA growth -5.905* 1.089 -0.781
(-1.72) (0.57) (-1.03)
Value -0.002 0.004** -0.003**
(-0.78) (2.53) (-2.38)
Coin-Event FE YES YES YES
Week-Event FE YES YES YES
Observations 45,768 48,462 48,248
(Pseudo) R? 0.991 0.841 0.649
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Table 10.Robustness Checks on Return Prediction

In this table, we conduct Fama-MacBeth predictive regressions on returns for robustness check. Column
(1) includes a dummy variable RunupFirst, which equals one if the Datemi, is prior to Datemax, and its
interaction term with InRank. Columns (2) to (4) examine the predictability in the sample of the largest
cryptocurrencies (top 500 in terms of market cap) and of the cryptos issued before or after EOS (July
1%, 2017). Columns (5) to (6) present the results in subsamples of coins and tokens, respectively,
according to CoinGecko and Internet search. Column (6) investigates an alternative measure for
Inelasticity, Inelasticity,,, , which is constructed by the product of Rank,,pypi: and
Rank grqwaown,it- Column (8) excludes stablecoins. We require at least 24 observations in the cross-
section. 7-statistics adjusted by Newey-West heteroskedasticity with 5 lags are in parentheses. *, **,
and *** denote significance at the 10%, 5%, and 1% level, respectively.

Subsample by Alternative  Exclude
Crypto Types Measure Stablecoin
Sequence  Top 500 Before EOS After EOS Coins Tokens InelasPro
) (2) 3) 4) 5) (6) @) )]
InRank -0.088**%* -0.044*** -0.051%** -0.048**%* -0.047%** -0.047*** -0.042*%** -0.055%**
(-5.95) (-7.96) (-7.04) (-12.62) (-7.51) (-8.80) (-8.23) (-8.48)
XRunupFirst 0.027
(1.14)
Ret [-2, -1] -0.024*%** -0.008 -0.041**%*  _0.027*** _0.017** -0.029%** _0.014*** _0.020%***
(-3.10) (-1.54) (-4.51) (-8.83) (-2.24)  (-1.73) (-2.74) (-2.63)
Size -0.001 -0.002 -0.001 -0.002** -0.004** -0.001 -0.001 -0.001
(-0.32) (-1.37) (-0.36) (-2.37) (-2.04) (-0.74) (-1.01) (-0.95)
InAmihud -0.003*  -0.003***  _0.003** -0.003*** _0.006*** -0.002*** _-0.003*** _(0.004%**
(-1.95) (-2.95) (-2.45) (-4.74) (-3.77)  (-3.13) (-2.69) (-2.84)
Turnover -0.061 -0.222 -0.126  -0.040*** -0.422** -0.023 -0.215 -0.187
(-0.28) (-1.11D) (-0.57) (-2.85) (-2.06) (-1.35) (-1.09) (-0.80)
Ret [-12, -3] -0.012%**  .0.008*** -0.018*** .0.014*** -0.012%** -0.014*** -0.011*** -0.010%**
(-2.93) (-2.73) (-4.20) (-7.82) (-3.37)  (-6.00) (-3.87) (-3.20)
IVOL 0.210%**  (.122%** (0 252%**  (,157*** (246%*** (.124%** (. 135%** (2]7***
(3.45) (2.59) (3.65) (7.15) (4.99) (4.88) (3.35) (3.58)
Skewness 0.037***  (0.035%**  (.034%*** (0.038*** (.044%*** (0.041*** (.037*** (.039%**
(8.22) (8.57) (7.54) (9.62) (8.67) (10.16) (9.16) (8.43)
Kurtosis -0.003*** _0.003*** _0.003*** _0.004%*** _0.005%**-0.004*** -0.003*** _0.004%**
(-6.14) (-6.68) (-5.71) (-7.69) (-7.73) (-7.44) (-7.19) (-6.86)
First-RU 0.004
(0.24)
Observations 388,948 182,898 67,640 379,687 90,229 295,371 388,275 381,492
Adj R? 0.098 0.111 0.160 0.062 0.129 0.076 0.088 0.094
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Figure 1. Performance of Crypto Portfolios with Low-mid-High InRanks

This figure displays the performance of crypto portfolios with high-mid-low InRanks and the time-
series performance of the EMI (Elastic-minus-Inelastic) strategy. At the beginning of each week ¢, the
cryptocurrencies are sorted into five groups according to their InRank. Each group is value-weighted,
held for one week, and rebalanced weekly. The Middle group’s return is the average of returns of group
2 to group 4. This figure shows the time-series performance of Elastic (blue solid line), Mid (red long
dash line), Inelastic groups (green dash line), and EMI strategy (black bold solid line) (log 10) in our
sample period from Jan. 2014 to May. 2024.
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Figure 2. ElasticWinner-Minus-InelasticLoser (EWIL) Strategy

This figure displays the performance of the Momentum strategy (WML) and the Elastic Winner-Minus-
InelasticLoser strategy, with 90% confidence intervals. To construct the Momentum Strategy, at the
beginning of each week ¢, we split the cryptocurrencies into three groups (bottom 30%, medium 40%,
and top 30%) based on their past two-week returns. The Momentum strategy is to long the winners (top
30%) and short the losers (bottom 30%). To construct the EWIL strategy, we first divide the
cryptocurrencies into three groups (bottom 30%, medium 40%, and top 30%) based on InRanks (namely
‘E,” ‘M elastic,” and ‘I, respectively). Within each Inelasticity-ranked group, we sort the
cryptocurrencies into three groups (bottom 30%, medium 40%, and top 30%) based on their past two-
week returns (namely ‘L,” ‘M_mom,” and ‘W,” respectively). The EWIL Strategy is to long
cryptocurrencies in the ‘EW’ group and short cryptocurrencies in the ‘IL’ group. All portfolios are value-
weighted. We estimate Crypto-CAPM betas using weekly returns from week —28 to t—2 (approximately
half a year) and then compute the cumulative abnormal returns (CAR) for the 52-week holding period
adjusted by the Crypto-CAPM model.
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Figure 3. Dynamic Treatment Effect
This figure illustrates the dynamic treatment effects on InRank (Panel A) and Cumulative Returns
(Panel B) during the [-3 weeks, +4 weeks] window around events. The figures display the coefficients

associated with a 90% confidence interval of the dynamic treatment effect with controls.
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Appendix A: A Search-Based Model of Crypto Crashes

This Appendix presents a search-based framework that links slow-moving capital to network effects
and derives the empirical predictions tested in the main text. The introduction of the main text sketches
an SMC mechanism in which large price swings predict crashes through two channels: a widening
valuation gap between buyers and sellers reduces the matching rate (Channel 1), and deteriorating
trading conditions push some investors to exit, contracting the active investor pool (Channel 2). This
appendix formalizes both channels within a single search-based framework. Channel 1 is captured by a
no-trade zone state variable that controls the probability a meeting completes; Channel 2 is captured by
a network adoption state variable that controls the rate at which investors enter and remain active.
Together, the two state variables convert the canonical Duffie jump-then-monotone-recovery into a
persistent crash. The realized price swing — the empirical proxy InRank in the main text — is the
observable signature of Channel 1, and its predictive power for future returns reflects the joint operation

of both channels.

Cryptocurrencies are network-based assets whose pricing fundamentals are tied to the size and activity
of their adopter networks (Cong, Li, and Wang 2021; Cong, Karolyi, Tang, and Zhao 2023; Sockin and
Xiong 2023). A natural implication of this feature, not yet exploited theoretically, is that the trading of
these assets inherits its own network structure: the ease with which any given investor locates a
counterparty—and the price concession required to complete the trade—is determined by the same
network that prices the asset. The Duffie, Garleanu, and Pedersen (2005, 2007; hereafter DGP) search-
and-bargaining framework is the natural microfoundation for this object. Investor masses, meeting
intensities, and reservation-value wedges are precisely the primitives through which network size enters
the price. In this sense, DGP is not a borrowed tool but the structural counterpart of the adoption-based
pricing literature: the former describes zow network size prices the asset through trade matching; the
latter describes which network size matters. The model developed in this appendix exploits this

correspondence.

We build on a single departure from the DGP baseline. The DGP baseline delivers the canonical slow-
moving-capital response: a supply shock generates a price swing, after which counterparty masses
gradually replenish and prices smoothly return to fundamentals. We introduce a single additional state
variable—the network state of the crypto asset—that evolves in two dimensions and breaks the Duffie

recovery into a persistent crash.

The first dimension of the network state is instability: shocks to the crypto's shared infrastructure or to
its investor base widen the no-trade zone between buyer and seller reservation values, reducing the
probability that any given meeting produces a completed trade. This captures the first channel stated in

the introduction: the widening valuation gap that reduces the matching rate.

The second dimension is size: the adoption level of the network determines the rate at which investors
become high-intrinsic-preference holders. This captures the second channel stated in the introduction:

the contraction of the active investor pool through exit.

The first dimension triggers crashes; the second dimension amplifies them through endogenous capital

withdrawal. Both dimensions inherit their economic content from the network-based view of crypto:
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instability is disruption to the shared network substrate, and size is the adoption level that the Cong—

Li—Wang literature has established as central.

The realized price swing serves as the observable proxy for network instability, and its cross-sectional
rank statistic (/[nRank in the main text) is the empirical measure used throughout. We derive the model's
equilibrium dynamics in Section A.3, visualize them in Section A.4, and show in Section A.5 how they
generate testable predictions for the empirical hypotheses H1 through H5, together with a joint-response
test (H6). Sections A.6 and A.7 discuss the modeling choices and the connection to alternative empirical

mechanisms, with the joint-response pattern across H2—H6 serving as the primary identification.

The contribution of the model can now be stated precisely along three axes. Relative to Duffie (2010)
and the broader slow-moving-capital literature, the innovation is that the swing itself becomes a state
variable that affects subsequent trade completion and participation, converting the canonical jump-then-
monotone-recovery into a persistent crash. Relative to Cong, Li, and Wang (2021) and the network-
based crypto pricing literature, we preserve an exogenous fundamental and let network effects operate
on the Markov composition of investor types and on the no-trade zone, avoiding the circularity that
arises when fundamentals and network size are mutually determining, and we introduce an instability
dimension that the adoption-based literature does not model. Relative to the heterogeneous-beliefs
search literature (Duffie and Manso 2007; Vayanos and Weill 2008), we provide an explicit mapping
between a latent no-trade-zone state and a specific observable proxy—the realized swing—that enables

clean empirical identification.

A.2 Setup

A.2.1 Time, asset, and fundamental

Time is continuous, ¢ > 0. A single divisible crypto asset has a fundamental valuation flow v, which

presents a non-pecuniary holding benefit per unit time, that evolves as

dv, = W, dt + o, dBy, (AD)
with B, a standard Brownian motion, and constants p, € R and o, > 0 the drift and volatility of the
fundamental valuation flow. We interpret v; as the marginal flow utility from holding the asset,
reflecting transaction-service, store-of-value, or platform-access benefits rather than a cash dividend.”
The fundamental v; is commonly observed. All investors have symmetric information about v;;
heterogeneity in the model arises not from differential information but from a primitive state variable

that governs trade completion, introduced below.

A.2.2 Investor types and matching
Following DGP (2005), investors are partitioned into four types T = {ho, hn, lo, In}, denoting high or

low intrinsic preference (4 or /) and currently owning or not owning (o or n). Types evolve via a Markov

* The DGP framework is typically expressed in terms of a dividend flow because its original applications are bonds and
equities; DGP themselves describe the flow as "one unit of consumption per unit of time," already a flow-utility rather than a
literal cash-flow framing. We adopt this same formalism but interpret the flow as a non-pecuniary holding benefit, such as
transaction-service value, store-of-value benefits, or platform-access utility, consistent with the broader network-based crypto
pricing literature (Cong, Li, and Wang 2021; Sockin and Xiong 2023). What matters for the model is that holding the asset
generates a continuous flow of utility; whether that flow is pecuniary or non-pecuniary does not affect any equilibrium object.
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chain: /-types transition to A-types at rate 4.(f) (endogenous, specified in Section A.2.5), and A-types to
I-types at rate 4. The mass of type 7 is u(f), with X, u. = 1 and aggregate supply i + uio = s. Low-type
owners incur a holding cost J;, per unit time.

Agents meet pairwise at exogenous rate Ay per pair of types—the primitive meeting rate, as in DGP.
When an An-type meets an lo-type, there is potential gain from trade. Whether the meeting results in an
executed transaction depends on an additional object, introduced below, that captures the state of the

trading environment.

A.2.3 The no-trade zone and trade probability

The central object of the model is the no-trade zone, a state variable Z; > 0 representing the width (in
units of fundamental) of the interval of transaction prices that neither counterparty will accept upon
meeting. When Z, = 0, any in—lo meeting produces a trade (the DGP baseline). When Z; > 0, some
meetings fail because the seller's reservation price exceeds the buyer's reservation price by more than

can be bridged.
Given Z,, the probability that an ~n—lo meeting produces a completed trade is
n(Z,), n(0) =1, n'() <0, n() € [0,1]. (A2)

The effective trade rate—meetings per unit time that consummate in executed transactions—is therefore

2= 2y - w(Z). (A3)
Equation (A3) departs from the DGP baseline along a single structural margin: the meeting rate Ay is

primitive, but the probability that a meeting completes is equilibrium-dependent, controlled by Z,.

The primitive in (A2) is not volatility: Z; is a level wedge between buyer and seller reservation values
that widens the no-trade zone, not a rate of change. It is distinct, both conceptually and dimensionally,

from any measure of realized return variability.

Remark (Departure from DGP baseline). In DGP (2005, 2007), all An-lo meetings produce trades, and
search friction enters only through the meeting rate 4y. Equation (A3) introduces a second friction—
conditional trade completion—that does not exist in the baseline. This is the model's sole structural
addition to DGP relative to the trade-matching technology; the remainder of the equilibrium structure
(Nash bargaining, value functions, Markov type dynamics) is identical. The pricing formula (A5) below
is the DGP formula with 1% substituted for Ao.

A.2.4 Search, bargaining, and equilibrium price

Given a meeting that produces a trade, the transaction price is determined by Nash bargaining with

seller power g € (0, 1):

P(t) = (Vip = Vi) = @) + (Vho — Vi), (A4)
where V: is the type-t continuation value. Applying (A4) to the DGP value-function system with
effective trade rate (A3) yields the steady-state price

)
P =2 —Lo,202, 1 ), (A5)

with closed-form illiquidity discount
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_ r(1—q) +Aq + 22Ty, (1 - q)
T T+ Ag+ 228 (1 — @) + Ay + 248 Ty’

(A6)

The DGP comparative statics hold: @ is increasing in 1, decreasing in A, and u,, and decreasing in A%

(equivalently, decreasing in m(Z;) and increasing in Z;).

A.2.5 The two channels: network instability and network effects

We now specify how the two state variables, Z; and 4,, evolve. Both channels concern the network state

of the crypto—the former through instability, the latter through size.

Channel 1: Network-instability channel. The no-trade zone widens in response to network instability
events. Shocks to the crypto's shared infrastructure or to its investor base—ICO issuance elsewhere on
the chain, protocol upgrades, exchange listings or delistings—widen the gap between buyer and seller

reservation values, reducing the trade probability m(Z;) and thus the effective trade rate (A3).

Economic justification. We adopt a clean hierarchy for the interpretation of Z,. The primitive is a
reservation-value wedge: Z; is the width of the interval of prices that neither buyer nor seller will accept
upon meeting. The microfoundation for movements in Z; is cross-sectional dispersion in investor
reservation values. The crypto-specific amplifier is market fragmentation, which prevents the cross-

venue arbitrage that would otherwise keep reservation values aligned.

At the microfoundation level, network-instability events widen reservation-value dispersion through
two complementary mechanisms. First, they shift the cross-sectional distribution of investor-specific
holding costs and outside options: exogenous shocks to infrastructure, protocol state, or regulatory
conditions affect different investors' d;'s and Wi's differently, raising the cross-sectional variance in
reservation values even when the common fundamental v, is unchanged. When a seller with a high
reservation value meets a buyer with a low one, no acceptable price exists. Second, the outer edges of
the reservation-value distribution absorb disproportionate inventory during the initial price move—a
positive-supply shock draws the most optimistic potential buyers, a negative-supply shock draws the
most willing potential sellers—so the remaining pool is selected to have reservation values further from
any feasible transaction price, reducing the probability of completing any subsequent trade. Both
mechanisms shrink the expected bargaining surplus conditional on a meeting, which is precisely what
n(Z;) captures. No belief heterogeneity about v; is required for the mechanism to operate, though

allowing it (in the spirit of Duffie and Manso, 2007) would reinforce the effect.

At the amplifier level, crypto differs from other asset markets in one sharp respect: price discovery and
settlement are decoupled across venues, and cross-venue arbitrage is capital-thin, latency-bound, and
infrastructure-dependent during stress. This feature is specific to crypto and distinguishes it from
settings where the network-instability mechanism does not apply (corporate bonds, off-the-run
Treasuries, mature cross-listed instruments such as ADRs or major-currency FX pairs). Crypto is
distinctive because a token trades simultaneously on multiple centralized exchanges and on-chain
venues, each with its own order book and settlement layer. In normal times, cross-exchange arbitrage
integrates reservation values across venues. During instability events, arbitrage capital faces execution
risk, latency, and funding constraints; price formation becomes locally determined at the exchange level;

and the integration of order flow across venues weakens faster than arbitrage can restore it. This venue-
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level fragmentation is what generates the short-horizon movements in Z; that the model's dynamics

require.

From theoretical primitive to observable proxy. The no-trade zone Z; is latent. Mapping the model to
data requires an observable counterpart, and Z; couples to two candidates: the absolute price—
fundamental deviation |p; — v/, which is itself latent because v, is unobserved in crypto, and the realized

price swing

St = |pe — Pe-al (A7)
which is directly observable. In the model, Z—mnot |p; — v/—is the primitive; |p; — v/| is one equilibrium
manifestation of Z; under the pricing formula (A5), and is therefore a derived object rather than an
independent theoretical channel. We frame the mapping between Z; and s; as a local monotone
identification rather than a direct proxy, a distinction that matters both conceptually and for empirical

identification.

Formally, fix a ranking window [z — A, 7]. Let Z, = sup{Z, : u € [t — A, 7]} denote the largest no-trade-
zone realization over the window, and let s, denote the realized swing over the same window. We
establish:

Lemma A.1 (Monotone identification of Zrt from st). Under the dynamics of Section A.2, the realized
swing s, is a monotonic function of Z;:

A
"

0o
se = = lggrr| - 1T O] - Z + 0(Z,%), (A8)

with [0®/0)4] > 0 evaluated at the pre-shock steady state. Hence, to a first-order approximation, s,

summarizes the relevant information about Z; for pricing and exit dynamics.

Proof. A first-order expansion of the pricing formula (AS) in A% around the pre-shock steady state
yields [P+ — Po-| = (31/7) - [0®/OAY] - |AAY| + O(-)?-. Using 2 = Jym(Z) and a first-order expansion of
maround Z =0, |ALY| = 2o|n'(0)|Z, + O(Z?). Substitution gives (A8). The identification property follows
because the leading-order relationship is strictly monotone in Z,, so realizations of Z; are locally

identified from observations of s, up to order O(Z°). m

Revealed-state interpretation. Equation (A8) is a local (first-order) result; the constant of
proportionality is derived at the pre-shock steady state. The empirical interpretation we adopt is that s,
serves as a revealed-state statistic: it is locally monotone in Z; under the model, and it is empirically
validated as an identifier of network-instability episodes by the ICO-based identification tests of the
main text (Section A.5, H2 and H6). This framing is deliberately weaker than a global-identification
claim and places the identification burden where the data can carry it—on the ICO natural experiment

rather than on a structural theorem.

The cross-sectional rank statistic /nRank, constructed from MaxRunup and MaxDrawdown over the
ranking window, aggregates the two-sided level information in s, and is the empirical measure used in

the main text. The theoretical primitive of Channel 1 remains the level-based object:

n, = n(Zy), ©'() <0, (A9)
with the dependence on the level of the no-trade zone, not its rate of change, which distinguishes the
mechanism from a volatility-based story (Section A.7). For the quantitative illustration of Section A.4

we adopt the calibration specification
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my = exp(— K - St), (A10)
which uses the observable s; via Lemma A.1, in the standard spirit of structural calibration exercises.
We use s; as a local monotone identifier of realizations of Z;, not as a theoretical primitive or a direct
proxy. The causal channel runs from the latent no-trade-zone state Z; to trade completion via (A3); s;

inherits predictive content only through Lemma A.1.

Channel 2: Network-effects channel. The size dimension of the network state enters through the

Markov up-transition rate:

@) = 2y + @A), P'() >0, P(0) =0, (A1D)
where 4, is the network adoption level, with steady-state value 4 *.

Economic justification. Channel 2 operates through three mechanisms that parallel and reinforce those
underlying Channel 1. First, direct search externalities: larger networks offer more counterparty
availability for future trade, lowering expected search costs and raising the expected utility of
participation—the Metcalfe's-law force applied to search-market entry. Second, information and
consensus formation: larger networks generate more public information—commentary, price discovery,
academic attention, regulatory guidance—which tightens the no-trade zone by aligning reservation
values across the investor population. Note that this mechanism directly couples the two channels:
network growth both attracts capital (Channel 2) and narrows Z; (reducing Channel 1's primitive),
producing mutually reinforcing feedback. Third, infrastructure and institutional capacity: larger
networks attract custody solutions, derivatives markets, regulatory clarity, and institutional compliance

frameworks, widening the pool of investors for whom crypto exposure is operationally feasible.

Channel 2 captures what the introduction calls a "negative network effect": exit-driven contraction of
the active investor pool runs the three mechanisms in reverse. This is distinct from the delay-driven
negative network effect of Hinzen, John, and Saleh (2022), which operates through transaction-
confirmation latency rather than counterparty matching; the two mechanisms are complementary and

could in principle reinforce each other in a unified model.

Unlike equity markets where network effects mature over decades, crypto network metrics—active
addresses, total value locked, integrated applications—can change materially over weeks. This rapid
feedback is what makes Channel 2 empirically visible at the 4-to-52-week holding horizons of the EWIL

persistence tests.

A.2.6 Network dynamics and participation

The network adoption state A4, evolves according to

L= Bax —4) - v - [Fu(VE) = Fu(Wie(®)] - mo(®), (A12)
where the first term captures mean reversion of network adoption toward its steady-state value 4* at
rate /5 in the absence of exits, and the second (bracketed) term is the exit-driven contraction—denoted
ExitFlow—which is both tractable and matches the numerical implementation of Section A.4. It is
observationally equivalent to a specification with an explicit surplus term fA4,S; at steady state. Exits
operate through a participation cutoff grounded in an inventory-based disengagement mechanism: when
the trade probability (Z;) falls, the expected time to consummate any given trade lengthens, raising the

expected holding cost for an /-type owner who cannot offload inventory promptly. Each /-type has an
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idiosyncratic outside option WW; ~ Fw(-) (with Fw a smooth CDF), reflecting heterogeneity in alternative
uses of the invested capital (other crypto assets, fiat cash, return-to-work decisions, and so on); an /-

type exits if the continuation value V() falls below W..

Equation (A12) closes the model's feedback loop. When a network-instability event widens Z; and
lowers A%, the continuation value ¥;,(¢) falls through (A6), the exit flow rises, 4, contracts, A, falls via
Channel 2, and ¥}, falls further. The feedback generates the persistent crash characterized in the next

section.

Symmetric participation cutoff for h-type owners. A parallel participation cutoff operates on A-type
owners when the supply shock produces a runup rather than a drawdown. When Z, widens, an A-type
owner holding inventory at an elevated price faces two costs analogous to those faced by the /-type
owner: first, the expected time to consummate a liquidating trade lengthens, so the expected capital gain
dissipates as mean reversion proceeds during the wait; second, the widened no-trade zone raises the

probability that a meeting does not result in a completed transaction, converting what would be an

immediate realized gain into a continuation value discounted by the effective trade rate Aif 7

Both effects push the A-type's continuation value V;,(f) below its steady-state counterpart Vi, by an

amount AVj(s;) > 0 that is monotonically increasing in the realized swing.

Each A-type is endowed with an idiosyncratic outside option W; ~ Fw(-), drawn independently across
agents, with CDF and density Fw, fw satisfying the same regularity conditions as Fw in (A12). An A-
type exits if Vio(f) < W,. The network law of motion (A12) then takes the symmetric form

=B =) v [Fe(VE) — RV - mo(® — e - [Fw(Vi) —

Fiy (Vo ()] + Hro (D). (A13)

The /-side and A-side exit mechanisms are structurally identical; the two sides differ only in (i) the
steady-state type mass (i, < un under s € (Y4, 1)) and (ii) the exit-scaling coefficients y, y.. We impose

17

Ye =V " ss (Al4)

as a neutrality normalization, so that per-owner exit elasticities are equal across the two sides in steady
state and the sign structure of all comparative statics in Propositions A.2—A.5 is preserved under either
shock direction. Under the literal specification without mass-scaling—i.e., with y. = y—the qualitative
results (sign of the crash in both shock directions, bi-directional InRank prediction, EWIL pre-sorting
asymmetry, monotonicity of exit flow in the swing) all still hold; only the numerical crash magnitudes
change asymmetrically. The qualitative predictions H1-H6 are therefore robust to the mass-scaling

choice.

A.3 Equilibrium Dynamics and the Crash

We characterize the equilibrium dynamics following a supply shock Az that depletes the counterparty
pool by Q o |Az,]/s. The sequence is: (i) the shock produces a realized swing; (ii) the swing is the
observable proxy for a widened Z, that lowers A%; (iii) marginal /-types (and, symmetrically, 4-types
for runups) cross their participation cutoffs and exit; (iv) the network contracts via (A13), lowering 4,

via Channel 2; (v) reduced absorptive capacity produces a persistent crash.
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Proposition A.2 (Realized Swing). A supply shock of magnitude Q o |Az|/s produces a realized swing

of magnitude

5, , 00
St = |Pry — B| = TL auhn| 02+ 0(0%), (AL5)
monotonically increasing in |Az,|. The swing is the empirical counterpart of MaxDrawdown (positive

supply shocks) or MaxRunup (negative supply shocks); its cross-sectional rank enters InRank.

Proof. The supply shock Az; depletes the counterparty pool by Q o |Az/s, shifting the relevant mass
from its steady-state value: for a positive supply shock, i = un" (1 — Q); for a negative supply shock,
Uio = (1 — Q). A first-order Taylor expansion of (A5) around the pre-shock steady state, using the
DGP comparative statics of (A6), delivers (A15). m

Proposition A.3 (Monotonic and Convex Exit Flow). The exit flow one period after the shock satisfies

ExitFlowrss = [Fw(Vie') — Fw(Vie' — AVio(s0))] * o, (A16)
where AVy(s;) > 0 is the drop in continuation value induced by the swing via (A3) and (A6). The exit
flow is monotonically increasing in s;; it is weakly convex in s; provided either (a) n() is convex in its

argument, or (b) the outside-option density fw is non-decreasing in the neighborhood of the cutoft.

Lemma A.4 (Pre-sorting network-state asymmetry). Consider two coins, i and j, that experienced
realized swings of equal magnitude during the ranking window, |s{ = |s;| > 0, and that are sorted into the
high-InRank portfolio at time 7. Suppose coin i's swing was driven by a negative supply shock (a runup:
Az; < 0), and coin j's swing was driven by a positive supply shock (a drawdown: Az; > 0). Under the
dynamics (A13) with symmetric exit primitives and a common pre-shock steady state, the pre-sorting
network states satisfy

A9 > 49 whenever l%' wp > |;TZ s, (A17)

a condition satisfied in the empirically relevant region s € (Y2, 1) with g > %.

Mapping to H3 (post-sorting price impact). Conditional on the pre-sorting 4.-, the post-sorting price

impact of the network-state path depends on the composition

o _ _ 6 0% 0N _ _ 8L (0%,
A N, 04 |a,1u| ¥(A), (A18)

"
where the two factors evaluate at the pre-sorting network state. Direct differentiation of (A6) yields
/0,2 > 0 at parameter values satisfying 7 + As + 2A%u,(1 — q) < 4w + 22%upq, which holds in our
calibration. A same-sized post-sorting exit flow therefore produces a deeper crash for the coin with the
higher pre-sorting A—the runup-side high-InRank coin—and the winner-minus-loser gap is
monotonically increasing in the pre-shock imbalance (s — %2). This is the structural mechanism behind
the EWIL spread.

Proposition A.5 (Persistent Crash). Conditional on the realized swing s, the expected subsequent price

change satisfies

E[PT+ZA — Prya |ST] = - - qj(s‘r) <0, (A19)

where
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oo , _ oo ,
Y(s,) = |ﬁ Y -y - ExitFlowg,, + | | - h(ExitFlow;y,)
u

alJ-hn
combines Channel 2's network-amplification term (first) and direct counterparty-pool contraction

(second). The recovery half-life is

In2

Y2 = S s Ay (A20)

governed by the slower of Markov type replenishment and network recovery.

Corollary A.6 (Bi-directional Crash). Under Proposition A.5, both positive and negative supply shocks
produce negative expected forward returns relative to the pre-shock steady state. For the positive-supply
shock, P, < P at the shock, followed by an additional decline —W(s;) - d./r; cumulative return is
negative at both horizons. For the negative-supply shock, P, > P% at the shock, followed by a drop that
exceeds the initial runup whenever ¥(s;) - /7 > s.. For empirically relevant parameter ranges this

inequality holds and the post-shock cumulative return drops below the pre-shock steady state.

Three remarks on Proposition A.5 and its corollary. First, the crash is persistent: because A; and u(t)
are state variables with slow adjustment, the negative expected return persists until replenishment
offsets the exits. For empirically reasonable calibrations, the half-life exceeds the 8-week empirical
holding horizon of the main text's tests and is consistent with the EWIL spread documented at horizons
up to 52 weeks. Second, the crash is monotonic in the swing: larger shocks produce deeper crashes,
consistent with Hypothesis H1. Third, the bi-directionality (Corollary A.6) is what rationalizes the
paper's use of InRank, which aggregates both runups and drawdowns into a single cross-sectional signal.
The asymmetry between runup-side and drawdown-side high-InRank coins—Ilabeled Elastic Winners
and Inelastic Losers in the main text's portfolio construction—that drives the EWIL result is a separate

structural prediction, formalized in Lemma A.4.

A.4 Visualizing the Mechanism

Calibration exercise. This section visualizes the model's predictions through a calibrated simulation.
The calibration uses the revealed-state mapping of Lemma A.1 to replace the latent state Z; in (A9) by
its observable counterpart s; via (A10), in the standard spirit of structural work. Figure A.1 is a
quantitative illustration of the model's dynamics under the maintained approximation that the realized
swing captures the time-varying intensity of the trade-completion friction. All parameter values are
reported in Table A.2, and Section A.6 discusses the robustness of the qualitative predictions to the

chosen functional forms.

Figure A.1 displays the model-implied impulse response of cumulative return and network size to a
supply shock of magnitude ©Q = 0.14 under three configurations: pure Duffie (both channels off),
Channel 1 only, and both channels together. Top row: cumulative return following a positive supply
shock (A1) and a negative supply shock (A2), with a common return axis. Bottom row: network state
A, in each case. Shaded bands identify the swing window (¢ € [0, 1], red) and the crash-building zone (¢

€ [1, 8], orange) corresponding to the main text's empirical holding horizons # = 1, 4, 8 weeks.
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Three observations. First, pure Duffie produces the canonical slow-moving-capital response: a sharp
jump at ¢ = 0 followed by monotone recovery toward the pre-shock steady state in both shock directions.
Second, Channel 1 alone breaks the Duffie recovery, generating a persistent crash of approximately 7—
8% at the 8-week horizon in both shock directions. Third, Channel 1 and Channel 2 together deepen the
crash to approximately 10% for positive shocks and approximately 9% for negative shocks, with

network contraction visible in Panels B1 and B2.

A.5 Empirical Predictions

The model generates six testable predictions: the five hypotheses H1-HS of the main text and a joint-

response test (H6).

H1 — InRank predicts negative forward returns. From Proposition A.5 and Corollary A.6, the
conditional expected price change is negative in both shock directions and monotonically deeper for
larger s.. Since InRank aggregates the ranks of MaxRunup and MaxDrawdown, high-InRank coins

should display systematically negative risk-adjusted returns at empirical holding horizons.

H?2 — ICO shocks identify the network-instability channel. ICO-induced supply shocks are plausibly
exogenous to the focal crypto's fundamentals: they arrive through shared on-chain infrastructure, not
through information about the focal asset. The model predicts such shocks should (i) raise InRank for
co-resident tokens via Proposition A.2, (ii) slow trade completion via (A3) (the observable counterpart
is the Time variable—the on-chain transaction interval), and (iii) generate negative cumulative returns

via Proposition A.5. The main text's DiD tests confirm all three.

H3 — Asymmetric winner—loser response (EWIL). By Lemma A .4, high-InRank coins whose realized
swing was a runup carry a higher pre-sorting A, than high-InRank coins whose realized swing was a
drawdown. Post-sorting exits transmit through Channel 2 with amplification that is increasing in the
pre-sorting A,, so the same-sized exit flow produces a deeper crash for the runup group. The EWIL
strategy of the main text—long low-InRank winners (labeled Elastic Winners) and short high-InRank
losers (labeled Inelastic Losers)—operationalizes this asymmetry. We retain the empirical labels for
continuity with the main-text portfolio construction; the mechanism, however, is driven by the pre-
sorting network state 4, and the swing direction, not by demand-system inelasticity in the sense of
Koijen and Yogo (2019) or Gabaix and Koijen (2021).

H4 — EWIL persistence at long horizons. The half-life formula (A20) implies that the crash persists
until the slower of Markov replenishment or network recovery completes. For empirically reasonable
parameters, this exceeds the 52-week horizon of the persistence tests in the main text. Standard
momentum decays faster because it reflects adjustment of expected return to equilibrium rather than the

slower dynamics of network recovery.

H5 — Network contraction channel. Panels B1 and B2 of Figure A.1 display the direct empirical
prediction: high-InRank coins should exhibit declining active addresses, transaction counts, and other
network-adoption metrics in the weeks following the ranking period. This is a distinctive implication
of the exit mechanism and has no counterpart under illiquidity, turnover, volatility, or attention

alternatives.
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H6 — Joint-response test. The ICO DiD setting provides a sharp test via the joint response of three
observables to a shared-infrastructure shock: (i) rising investor search volume (Google Trend),
reflecting active re-evaluation of the asset during the instability episode; (ii) rising Time, reflecting
matching-rate degradation via (A3); and (iii) persistent negative cumulative returns, reflecting crash
accumulation via Proposition A.5. No standard alternative mechanism produces all three responses in
the correct direction (see Table A.1 in Section A.7). Only a network-instability mechanism produces

the observed joint pattern.

A.6 Model Discussion

We discuss the model's main modeling choices and robustness.

Robustness of functional forms. The qualitative results of Propositions A.2—A.5 do not depend on the
specific parametric forms adopted in (A10) and (A11). Any smooth decreasing n(-) with n(0) = 1 and
any increasing y(4;) with y(0) = 0 preserve the sign of the crash and the monotonicity of the exit flow.

Numerical magnitudes depend on these choices; the direction of all predictions does not.

On the bargaining rule. Nash bargaining with constant seller power ¢ is the standard DGP specification.
Alternative bargaining protocols yield a modified functional form for @ but preserve the sign structure

of all comparative statics used in the propositions.

On the exit mechanism. The participation-cutoff formulation in (A13) is grounded in an inventory-
based disengagement story: when n(Z,) falls, the expected waiting cost for an owner rises, pushing
marginal owners (of either type) below their outside options. Equivalent microfoundations—a
probabilistic exit rate rising with the continuation-value gap, or an infinite-horizon optimal-stopping

problem with heterogeneous outside options—deliver the same qualitative dynamics.

Channel complementarity. The two channels are non-symmetric in their roles: Channel 1 is the trigger
that initiates crashes (by widening Z,, which raises the exit flow); Channel 2 is the amplifier that deepens
them (by contracting A, after exits occur). Under the exit mechanism of (A13), the network state A,
departs from 4* only in response to exits; absent Channel 1, exits do not fire, and Channel 2 is

operationally dormant.

A.7 Empirical Discussion

We discuss what the model implies for the empirical analysis, emphasizing the distinction from

alternative mechanisms.

Distinction from a volatility-based story. A pure volatility mechanism would predict that matching
degrades whenever prices move, regardless of direction. The network-instability mechanism is distinct:
the theoretical primitive is the latent no-trade zone Z,, a level object, not the per-period change |p; — p;-4|.
Empirically, the rank-based InRank measure—constructed from maximum level deviations over a
window—is a closer proxy to the level-based primitive Z; than to a change-based volatility alternative.
The horse-race regressions in the main text confirm that InRank retains predictive power after

controlling for IVOL and realized volatility.
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Distinction from illiquidity-based stories. An Amihud-style illiquidity mechanism would predict
persistent negative returns following periods of high price-impact, with the main observable being
measured illiquidity. The horse-race regressions show that conditional on InRank, the Amihud measure
has a small and insignificant coefficient. Moreover, the model's prediction that network-adoption

metrics fall after high-InRank events (H5) has no counterpart in a pure illiquidity story.

Distinction from dealer-inventory stories. Dealer-inventory stories predict participation withdrawal
concentrated among large specialized holders, whereas the participation-cutoff mechanism of (A13)
predicts exits concentrated among marginal investors near their outside-option cutoff. H5's network-
adoption-contraction prediction—a decline in active addresses and balance-holding addresses, which
count distinct participants—is directly consistent with the marginal-investor story and difficult to

reconcile with a dealer-inventory story focused on concentrated holders.

Distinction from turnover-based stories. Turnover and the main text's Time variable move in opposite
directions by construction: Time is an inverse measure of trading activity, so a turnover-based story
predicts Time to fall post-shock, while the network-instability channel predicts Time to rise. The
empirical finding that Time rises sharply after ICO shocks is inconsistent with any turnover-based

alternative.

The joint-response pattern as identification. The model's identification rests on the joint empirical
response of four observables to the ICO shock, not on any single coefficient. Hypothesis H6 bundles
three of these responses (rising search, rising Time, falling cumulative returns) and H5 contributes the
fourth (falling network activity). No single-channel standard alternative produces the full bundle in the
correct directions; multi-channel alternatives require additional auxiliary assumptions about how the

channels interact. Table A.1 makes this argument explicit.

Table A.1: Discrimination of alternative mechanisms by joint empirical response to the ICO
shock.

Predicted response to ICO shock Dilelts‘:;; k Volat. Illiq. Attn. Dealer inv.
(H2) ICO shocks raise InRank Yes Poss. Poss. Poss. Poss.
(H2) ICO shocks predict negative returns Yes Poss. Poss. Amb. Poss.
at lag
(HS) Network activity (active/balance Only if
addresses) falls Yes No Amb. No broad exit
(H6) Google search volume rises Yes Amb. No Yes No

. . . Poss.
(H6) Inter-transaction Time rises Yes No L No No

(indirect)

(H6) Returns fall while search rises Yes Poss. Poss. Usually no Poss.
Full joint pattern Yes No Incomplete No Incomplete

Notes. “Yes” = mechanism predicts the response in the indicated direction; “No” = mechanism predicts the opposite direction
or no response; “Poss.” = mechanism is consistent with the response but does not uniquely predict it; “Amb.” = mechanism's
prediction depends on auxiliary assumptions. The bottom row evaluates whether the mechanism jointly accommodates all six
rows above. Only the network-instability mechanism checks all boxes.

A.8 Remarks
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The model rationalizes the empirical findings of the main text through a parsimonious extension of the
DGP search-and-bargaining framework: a single additional state variable—the network state,
decomposed into an instability dimension Z; and a size dimension 4—augments the Duffie baseline.
The network-instability channel (Channel 1) makes the no-trade zone respond to shared-infrastructure
shocks; the network-effects channel (Channel 2) makes the Markov up-transition rate respond to
network adoption. Together, Channels 1 and 2 convert the canonical Duffie jump-then-monotone-
recovery into a persistent, bi-directional crash, in which the realized price swing—captured empirically
by InRank via the revealed-state mapping of Lemma A.l—emerges as the dominant predictor of future
negative returns. The asymmetric pre-sorting network state established in Lemma A.4 rationalizes the
headline EWIL spread as a structural implication. The six empirical predictions H1-H6 follow as

structural implications rather than stylized facts.

By placing the search-and-bargaining framework on the same axis as the network-based crypto pricing
literature (Cong, Li, and Wang 2021; Cong, Karolyi, Tang, and Zhao 2023), the model makes explicit
a connection that is implicit in much of the empirical crypto literature: network size prices the asset
because it determines the rate at which trades complete, and instability shocks to the network produce
slow-moving capital responses precisely because matching is itself a network phenomenon. The
resulting framework shows how an SMC mechanism naturally generates predictable crashes in a
network-based asset, while remaining cleanly distinct—at the level of both primitive mechanism and
empirical signature—from the demand-system inelasticity literature of Koijen and Yogo (2019) and
Gabaix and Koijen (2021).

Figure A.1. Cumulative return and network size following a supply shock

This figure plots the model's calibrated impulse response of cumulative return and network size to a
positive or negative supply shock. The figure compares the pure Duffie (2005, 2007) search-and-
bargaining baseline (gray dashed) with the two-channel extension developed in this appendix (+Channel
1 in blue dash-dot; +Channel 1 + Channel 2 in red solid). Top row: cumulative return from steady state
(%) following a positive supply shock (A1, overhang — drawdown) and a negative supply shock (A2,
scarcity — runup). Bottom row: network size in each case (Pure Duffie is omitted as the baseline has
no network dynamics). The red shaded band marks the initial swing window (¢ € /0,1]); the orange
shaded band marks the crash-building zone (¢ € [1,8]) spanning the paper's empirical holding horizons
h =1, 4, § weeks. Channel 1 captures the effect of the latent no-trade-zone state on trade-completion
probability, with the realized swing serving as the observable revealed-state statistic used in the
simulation (see Section A.2.5 for the primitive vs. revealed-state distinction). Channel 2 captures capital
attraction through network effects. Under pure Duffie, both shock directions produce the canonical
slow-moving-capital response: a sharp initial jump at t=0 followed by monotone recovery toward the
pre-shock steady state. Once the two channels are activated, this monotone recovery is broken — the
post-shock path turns downward into a persistent crash in both directions, with qualitatively similar
magnitudes (positive-shock crash slightly deeper than negative-shock crash, consistent with the
drawdown-dominance documented in the paper). All parameter values used in the simulation are
reported in Table A.1.
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Table A1l. Supplementary Summary Statistics

This table presents summary statistics for other variables supplementary to Table 1. Panel A reports the
summary statistics of factors, i.e., the Crypto-three-factor model (CMKT, CSMB, CMOM) and the
Crypto-five-factor model (CMKT¢5, CSMB¢s, CVALcs, CNETc5, and CMOM ). Panel B reports
summary statistics of variables on network and Google search, including the 12-week logarithmic
average time between transactions (Time), logarithmic average transaction numbers (Volume),
logarithmic average number of total addresses with balance (BA), logarithmic average number of active
addresses (ActAdr), logarithmic number of Google Search. All continuous variables are winsorized at
1% and 99% percentile.

Panel A: Crypto Factors

Period mean  std p25 median p75 skew  kurtosis
CMKT 5% Jan, 2014 — 12" May, 2024 ~ 0.013  0.113  -0.037 0.005  0.060 1.687 17.263
CSMB 5™ Jan, 2014 —12" May, 2024 0.007 0.085 -0.029 0.006  0.037 1.129 7.532
CMOM 5™ Jan, 2014 —12" May, 2024~ 0.011  0.106 -0.039 0.004 0.048 0.752 8.230
CMKTgs 8" June, 2014 -12" May, 2024  0.019  0.144  -0.043 0.009 0.070 1.861 10.237
CSMBgs ~ 8"June,2014-12"May, 2024 0.027 0.146 -0.024  0.013  0.059 4.847  62.466
CVALgs ~ 8"June,2014-12"May, 2024 0.014 0.109 -0.026  0.012  0.052 -0.637  11.698
CNET.s  8"June,2014-12" May,2024 ~ 0.003 0.151 -0.034  0.010  0.052 -2.019  19.080

Panel B: Network and Google Search

N #Coins mean  std p25 median p75 skew  kurtosis
Time 7,389 531 7792 2434 6204 7.645 9338 0224  3.387
Volume 7,377 531 4466 2487 2842 4332 5711 1.015 5.212
ActAdr 7,406 532 4309 2266 2820 4.050 5328  1.368 6.114
BA 7,602 534  9.636 1958 8537  9.430 1044  0.760  7.336
Google Search 7,191 523 3241 4093 5.083 19.17 4950  5.601 89.13
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Table A2.

Characteristics of Double-sorted Portfolios across Runup and Drawdown.

This table presents other characteristics of double-sorted portfolios by MaxRunup and MaxDrawdown
in Table 3. The characteristics include the cross-section factions of cryptocurrencies falling into each
group, average idiosyncratic volatility, kurtosis and skewness, size (logarithm of the outstanding market
capitalization), turnover ratio, InAmihud (logarithm of Amihud illiquidity ratio), Ret [-12, -1]
(logarithm of past 12-week returns prior to week ¢), and the magnitude of runups and drawdowns in

each group.
Characteristics MaxDrawdown Characteristics MaxDrawdown
1 2 3 1 2 3
1 fraction 0.10 0.14 0.07 Turnover 0.10 0.08 0.09
MaxRunup 2 0.12 0.17 0.11 0.08 0.08 0.09
3 0.08 0.10 0.12 0.07 0.08 0.08
1 IVOL 0.05 0.07 0.10 InAmihud -5.11 -3.51 -2.90
MaxRunup 2 0.07 0.09 0.11 -4.04 -3.38 -2.92
3 0.14 0.15 0.20 -2.73 -2.56 -2.26
1 Kurtosis 7.41 7.78 11.02 Ret[-12, -1] -0.11 -0.33 -0.38
MaxRunup 2 7.34 8.77 10.77 0.09 -0.10 0.06
3 11.92 12.29 16.57 0.61 0.26 0.79
1 Skew 0.67 1.01 1.48 MaxRunup 1.91 2.05 2.29
MaxRunup 2 0.97 1.23 1.59 7.02 7.07 7.32
3 1.80 1.85 2.49 32.85  29.10 38.50
1 SIZE 17.12 16.20 15.88 MaxDrawdown 1.25 2.76 6.17
MaxRunup 2 16.82 16.21 15.95 1.31 2.82 6.76
3 16.21 15.92 15.82 1.10 2.92 8.40
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Table A3. Runup- and Drawdown-sorted Portfolios with Different Holding Periods

This table presents the portfolio performance across runup and drawdown double-sorted groups with
different holding periods (2 = 4, 8 weeks). At the beginning of each week ¢, we divide the cryptocurrencies
into the top 30%, middle 40%, and bottom 30% groups, according to their magnitude of runup and drawdown
(Ranking period=12 weeks, prior to week f), respectively and independently. Panel A, B, C, and D present
the portfolio performance and the return spreads between each group and the mid/mid group, respectively.
The value-weighted portfolios are weekly rebalanced. Following Jegadeesh and Titman (1993), at each given
week T, a series of groups selected at the current week as well as at the previous A-1 weeks are held, where
h denotes the holding periods. Then we revise the weights on 1/ of these groups to get the average portfolio
returns. Raw returns, Crypto-CAPM, Crypto-three-factor model, and Crypto-five-factor model adjusted
returns are reported. 7-statistics adjusted by Newey-West heteroskedasticity are in parentheses. *, **, and
*** denote significance at the 10%, 5%, and 1% level, respectively.

Panel A: Portfolio Performance (Holding Period = 4 Weeks)

Excess Return CAPM Alpha Three Factor Alpha Five Factor Alpha
MaxDrawdown MaxDrawdown MaxDrawdown MaxDrawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) 0.010 0.012  0.008 0.001 0.001  -0.005 0.002  0.002 -0.002 -0.004  -0.006 -0.011
(1.85) (1.73) (1.07) (0.46)  (0.18) (-1.00) (0.68)  (0.53) (-0.32) (-1.40) (-1.92) (-2.80)
2 0.023  0.012  0.005 0.011 0.000  -0.006 0.010  0.001  -0.004 0.002  -0.006 -0.014
(2.98) (1.74) (0.77) (2.40)  (0.00) (-1.52) (2.23) (0.16) (-0.91) 0.77)  (-1.92) (-4.45)
3(High) 0.009  0.007 -0.004 -0.002  -0.005 -0.016 -0.003  -0.005 -0.015 -0.011  -0.010  -0.021

(1.22)  (0.92) (-0.52) (-0.39)  (-1.00) (-3.03) (-0.73) (-1.12) (-2.95) (-2.77)  (2.30) (-4.81)
Panel B: Portfolio Performance (Diff. from mid/mid group) (Holding Period = 4 Weeks)

Excess Return CAPM Alpha Three Factor Alpha Five Factor Alpha
MaxDrawdown MaxDrawdown MaxDrawdown MaxDrawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) -0.003  0.000 -0.005 0.001 0.000  -0.005 0.001  0.001 -0.003 0.002 0.000  -0.006
(-0.67) (-0.13) (-1.34) 0.21)  (0.09) (-1.54) (0.26)  (0.38) (-0.79) (0.56)  (-0.01) (-1.61)
2 0.011 0 -0.007 0.011 0 -0.007 0.010 0 -0.005 0.008 0 -0.008
(2.84) (-2.05) (3.08) (-2.23) (2.60) (-1.58) (2.91) (-2.71)
3(High) -0.003  -0.004 -0.016 -0.002  -0.005 -0.016 -0.004  -0.006 -0.015 -0.005  -0.005  -0.015

(-0.69) (-1.21) (-3.57) (-0.50) (-1.53) (-3.62) (-0.99) (-1.81) (-3.58) (-1.20)  (-1.28) (-3.34)
Panel C: Portfolio Performance (Holding Period = 8 Weeks)

Excess Return CAPM Alpha Three Factor Alpha Five Factor Alpha
MaxDrawdown MaxDrawdown MaxDrawdown MaxDrawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) 0.013  0.014 0.011 0.004  0.002 -0.002 0.005  0.003  0.001 -0.002  -0.006  -0.009
(2.46) (1.96) (1.44) (1.40) (0.42) (-0.33) (1.47)  (0.65) (0.13) (-0.74)  (-2.09) (-2.06)
2 0.023  0.014 0.010 0.007  0.002  -0.002 0.007  0.003  0.000 0.003  -0.004  -0.009
(2.90) (2.12) (1.43) (1.87)  (0.60) (-0.54) (1.89)  (0.78) (-0.13) 0.76)  (-1.26) (2.97)
3(High) 0.012  0.009 -0.002 -0.003  -0.003 -0.014 -0.003  -0.003 -0.013 -0.004 -0.010 -0.018

(1.57) (1.19) (-0.22) (-0.77)  (-0.82) (-2.95) (-0.71)  (-0.86) (-2.85) (-0.79)  (-2.77)  (-4.55)
Panel D: Portfolio Performance (Diff. from mid/mid group) (Holding Period = 8 Weeks)

Excess Return CAPM Alpha Three Factor Alpha Five Factor Alpha
MaxDrawdown MaxDrawdown MaxDrawdown MaxDrawdown
MaxRunup 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High) 1(Low) 2 3(High)
1 (Low) -0.001 -0.001 -0.004 0.002  -0.001 -0.004 0.002  -0.001 -0.003 0.002  -0.002  -0.005
(-0.37) (-0.52) (-1.05) 0.51) (-0.41) (-1.13) (0.53) (-0.33) (-0.64) 0.65) (-1.17) (-1.52)
2 0.008 0 -0.005 0.005 0 -0.005 0.004 0 -0.004 0.007 0 -0.005
(1.99) (-1.89) (1.69) (-2.15) (1.33) (-1.78) (1.67) (-2.20)
3(High) -0.003  -0.006 -0.016 -0.006  -0.006 -0.017 -0.006  -0.007 -0.016 -0.001  -0.007  -0.015

(-0.60) (-1.81) (-3.98)  (-1.63) (-2.17) (-4.20) (-175) (-2.49) (-4.14)  (-0.13) (-2.38) (-3.81)
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Table A4. Predicting Crashes Using Different Specifications

This table investigates the predictability of Inelasticity on crashes using alternative specifications.
Specifically, Panel A presents the results of the linear prediction model with two-way fixed effects
(columns (1), (3), and (5)), and the linear prediction model controlling the level of large runups and
large drawdowns (columns (2), (4), and (6)). Panel B presents the robustness check on predicting net
crashes. We define the binary outcome of a cryptocurrency crash (bubble) if the cryptocurrency
experiences a large price change (from the start of week ¢ to its trough or peak), which belongs to the
bottom (top) 20% in the A-week holding period. Net Crash refers to the cryptocurrency experiencing a
crash but not a bubble. The results with #=1, 4, and 8-week holding periods are tabulated, respectively.
Inelasticity Dummy equals one if the cryptocurrency belongs to the highest quintile (i.e., top 20%) of
Inelasticity. DRUs and DDDs are dummy variables which equal one if the cryptocurrency belongs to
the top 20% on the magnitude of Runups and Drawdowns in the ranking periods. The other control
variables include Ret [-12, -1] (logarithm of cumulative returns from the start of week #-12 to the end
of week #-1), Size (logarithm of market value at the beginning of week ¢), InAmihud (logarithm of
average past 12-week Amihud illiquidity ratios prior to the start of week ¢), Turnover (average past 12-
week turnover ratios prior to the start of week £), IVOL (idiosyncratic volatility based on the Crypto-
CAPM in the past 12 weeks prior to the start of week ¢), Skewness and Kurtosis. We use the method of
Kiefer and Vogelsang (2005) corrected p-values with (2, 6, 12) lags for A=1, 4, 8. *, ** and *** denote
significance at the 10%, 5%, and 1% level, respectively.

Panel A: Predicting Crashes with Alternative Specifications

D(Crash)
Holding Period = 1 Week Holding Period =4 Weeks  Holding Period = 8 Weeks
1) (2) 3) “ (&) (6)
Inelasticity Dummy  0.077*%%* 0.023%** 0.064*** 0.019%** 0.048*** 0.014%**
(24.11) (7.93) (13.39) (4.85) (9.22) (3.61)
DRUs 0.145%** 0.124%** 0.102%**
(42.26) (22.22) (14.27)
DDDs 0.02] *** 0.027%** 0.024 ***
(7.45) (7.73) (5.98)
Size 0.055%** 0.040%*** 0.056%** 0.035%** 0.06]1 *** 0.037%***
(34.88) (30.67) (20.38) (18.62) (15.50) (12.70)
InAmihud 0.044 *** 0.04 1 *** 0.028*** 0.026%** 0.022%*%* 0.02] ***
(68.40) (60.40) (30.58) (27.91) (17.92) (18.50)
Turnover 0.144%#** 0.128%*** 0.098*** 0.081 *** 0.075%** 0.057%***
(20.58) (20.18) (10.85) (11.15) (5.76) (5.41)
Ret [-12, -1] 0.030%** 0.01 1 *** 0.037%** 0.016%** 0.04 1 *** 0.02] ***
(11.04) (5.48) (9.20) (5.28) (9.94) (5.19)
IVOL 0.367%** 0.2]18%** 0.4]15%** 0.256%** 0.368%** 0.206%**
(19.40) (10.75) (14.57) (7.66) (11.87) (5.06)
Skewness -0.011%**  .0.015%** -0.008*** -0.014%** -0.005** -0.012%**
(-4.78) (-8.70) (-3.38) (-7.18) (-1.97) (-5.63)
Kurtosis 0.000 0.00] *** -0.000 0.001** -0.001** 0.001**
(0.02) (3.29) (-1.31) (2.16) (-2.19) (1.96)
Observations 385,994 385,994 381,294 381,294 374,890 374,890
Coin FE YES YES YES YES YES YES
Time FE YES NO YES NO YES NO
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Panel B: Predicting Net Crashes

D (Net Crash)

Holding Period = 1 Week Holding Period = 4 Week

Holding Period = 8 Week

@) 2) 3) “) (5) (6)
InRank 0.139%** 0.117*** 0.092%**
(31.74) (14.38) (8.69)
Inelasticity Dummy 0.075%** 0.067%%** 0.057%%*
(26.43) (13.49) (9.40)
Size 0.037*** 0.038%** 0.035%** 0.035%** 0.038%** 0.038***
(28.03) (27.40) (18.30) (18.05) (12.43) (12.32)
InAmihud 0.033%** 0.034*** 0.020%*** 0.021%** 0.016%** 0.016%***
(47.80) (48.37) (20.37) (20.77) (13.21) (13.31)
Turnover 0.109%** 0.115%** 0.069%** 0.074%** 0.051*** 0.055%**
(16.17) (17.06) (9.19) (9.61) (4.75) (5.05)
Ret [-12, -1] 0.022%** 0.023%** 0.027%** 0.027*** 0.029%** 0.029%**
(11.15) (11.13) (8.86) (9.03) (7.37) (7.50)
IVOL 0.083*** 0.107*** 0.113%*** 0.131%** 0.094** 0.104%**
(4.66) (5.93) (3.91) (4.47) (2.57) (2.91)
Skewness -0.016%**  -0.014%** -0.014%**  _0.0]13*** -0.012%** 0,01 1***
(-8.91) (-8.40) (-6.57) (-6.35) (-5.13) (-5.01)
Kurtosis 0.001*** 0.001*** 0.001*** 0.001*** 0.001*** 0.001***
(5.41) (5.31) (4.01) (4.00) (3.53) (3.58)
Observations 385,994 385,994 381,294 381,294 374,890 374,890
Number of Coins 4,265 4,265 4,232 4,232 4,171 4,171
Coin FE YES YES YES YES YES YES
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Table AS. Predicting Crashes with a Non-overlapping Sample

This table presents the results of InRank’s predictability on crashes with non-overlapping ranking-
period observations (i.e., sampling every 12 weeks):

D(Crash)it o trn—1 = @ + B X InRank;,_ +y X Xj 11 + U + & 141 t0 t+n-1»

where D(Crash);t to t+n—1 €quals one if a cryptocurrency i experiences a crash or a net crash during
the ~-week holding period after week ¢. A crash or bubble is characterized by large price changes from
the start of week ¢ to its trough or peak, which fall within the bottom or top 20% in the cross section.
Net crash refers to the cryptocurrency experiencing a crash but not a bubble. Here we show the results
with A=4 and 8-week holding periods, respectively. InRank is the cross-section rank of Inelasticity,
which is uniformly standardized between [0, 1]. Columns (2), (4), (6), and (8) replace InRank with a
dummy variable indicating the top 20% inelastic cryptocurrencies (Inelasticity Dummy). X;,_; is a
vector of control variables, which includes Ret [-12, -1] (logarithm of cumulative returns from the start
of week #-12 to the beginning of week ¢), Size (logarithm of market value at the beginning of week 7),
InAmihud (logarithm of average past 12-week Amihud illiquidity ratios prior to the start of week ?),
Turnover (average past 12-week turnover ratios prior to the start of week ¢), IVOL (idiosyncratic
volatility based on Crypto-CAPM in the past 12 weeks prior to the start of week ¢), Skewness and
Kurtosis. u; is the individual fixed effect. 7-statistics based on standard errors clustered at the
cryptocurrency level are shown in parentheses. *, ** and *** denote significance at the 10%, 5% and
1% level, respectively.

&) 2 3) “) &) (6) (7 ®)
Holding Period = 4 Weeks Holding Period = 8 Weeks
D(Crash) D(Net Crash) D(Crash) D(Net Crash)
InRank 0.112%%* 0.102%** 0.089%** 0.084***
(12.28) (11.52) (9.87) (9.68)
Inelasticity Dummy 0.072%** 0.061%** 0.061%** 0.054%**
(10.11) (8.78) (8.76) (7.96)
Size 0.035%%* 0.035%** 0.034%** (.034***  (0.037*** (.037*** 0.037*** (.037%**
(10.95) (10.85) (10.82) (10.72) (12.16)  (12.10) (12.33) (12.27)
InAmihud 0.025%%* 0.025%** (0.018*** 0.018***  (0.022%** (.022*** 0.017*** (.018%**
(13.71) (13.84) (10.47) (10.60) (12.63) (12.73) (10.07) (10.17)
Turnover 0.080*** 0.083*** (0.063*** 0.066***  0.068*** 0.070*** 0.058***  0.060%**
(5.59) (5.80) (4.48) (4.70) (4.65) 4.77) (3.98) (4.13)
Ret [-12, -1] 0.021%%* 0.021*** (0.025%** 0.025***  (0.026%** (.025*** 0.025%**  (.025%**
(6.09) (5.94) (7.40) (7.29) (7.44) (7.27) (7.55) (7.42)
IVOL 0.378*%* (.389*** (.167*** 0.180***  (0.284%** (.288*** (.120%** (. 137%**
(9.04) (9.33) (4.45) (4.81) (7.09) (7.26) (3.36) (3.59)
Skewness -0.020*** -0.019%** -0.019*** -0.018***  -0.014*** -0.013*** -0.013*** -0.012%**
(-7.08) (-6.78) (-6.99) (-6.69) (-5.15)  (-4.94) (-4.94) (-4.70)
Kurtosis 0.001** 0.001** 0.002*** (.002%** 0.001 0.001 0.001#%*  (0.001***

(232) (229) (4.14)  (4.10) (134) (133)  (2.73) 2.71)

Observations 30,960 30,960 30,960 30,960 30,960 30,960 30,960 30,960
Coin FE YES YES YES YES YES YES YES YES
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Table A6. Robustness Check on Independent Sorted EWIL

This table presents the robustness check on the performance of the independent sorted ElasticWinner-
Minus-InelasticLoser (IEWIL) strategy. At the beginning of each week t, cryptocurrencies are divided
into the bottom 30%, medium 40%, and top 30% groups according to their past two-week returns and
InRank (12-week ranking period) independently and are held for one week. If no cryptocurrency exists
in a group, we leave the value missing. The IEWIL is to long elastic-winner portfolios and short
inelastic-loser portfolios. Value-weighted raw returns and alphas adjusted by Crypto-CAPM, Crypto-
three-factor model (CMKT, CSMB, CMOM), and Crypto-five-factor model (CMKT;5, CSMB¢s,
CVALqs, CNET;5, and CMOM) are shown in the table. T-statistics adjusted by Newey-West
heteroskedasticity with 5 lags are in parentheses. *, **, and *** represent statistical significance at
10%, 5%, and 1%, respectively.

Excess Return CAPM Alpha Three Factor Alpha  Five Factor Alpha
IEWIL 0.029%** 0.029%*** 0.027*** 0.022%**
(4.34) (4.53) (3.41) (3.65)
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Table A7. Size, Amihud Ratio, and InRank Double-sorted Portfolios

This table presents the value-weighted average excess return to portfolio double sorted, independently
on size or Amihud illiquidity ratio and Inelasticity. At the beginning of each week ¢, we independently
double-sorted the cryptocurrencies into nine groups on their market value or Amihud illiquidity ratio
and InRanks. Cryptocurrencies are divided into the bottom 30%, medium 40%, and top 30% groups
according to size or amihud illiquidity ratio and Inelasticity. Within each size-ranked or Amihud
illiquidity ratio-ranked group, we construct EMI as the return spread between the Elastic group and the
Inelastic group. We also present the average excess returns and alphas on Elastic-minus-Inelastic (EMI)
strategy in each size or Amihud group. Raw returns and alphas adjusted by the Crypto-CAPM, the
Crypto-three-factor model, and the Crypto-five-factor model are shown in each panel. T-statistics based
on Newey-West standard errors with four lags are in parentheses. *, **, and *** represent statistical
significance at 10%, 5% and 1%, respectively.

. 1 2 3 EMI . 1 2 3 EMI
Size (Elastic) (Middle) (Inelastic) EMI Average Amihud (Elastic) (Middle) (Inelastic) EMI Average
Excess Return Excess Return

1(Small) 0.024 0.016 0.013  0.009* 1(Liquidity)  0.014 0.011 0.002 -0.011%%*
(2.83) (1.91) (1.50) (1.95) (2.62) (1.58) (0.22) (-1.97)
2 0.012 0.016 0.000 0.013%** 2 0.016 0.013 -0.008 -0.023***
(197) (2.11) (-0.03) (2.69) (2.09) (1.78) (-0.93) (-4.29)
3 (Big) 0.014  0.011 -0.003  0.017%** 3 (llliquidity) 0.020 0.004  -0.008 -0.027***
(2.61) (1.52) (-041) (3.12) (2.26) (0.43) (-0.88) (-3.09)
3-1 -0.010  -0.006 -0.017*** 0.011%** 3.1 0.005 -0.007  -0.007 0.020%**
(-1.56) (-0.94) (-2.65) (3.91) (0.82) (-0.97) (-0.90) (4.33)
CAPM Alpha CAPM Alpha
1(Small) 0.013  0.005 0.002 0.010** 1(Liquidity)  0.014 0.011 0.002 -0.011%**
(2.16) (0.90) (0.29) (2.15) (2.62) (1.58) (0.22) (-1.97)
2 0.002  0.004 -0.012 0.014%*** 2 0.016 0.013 -0.008 -0.023***
(0.63) (0.89) (-2.03) (3.06) (2.09) (1.78) (-0.93) (4.29)
3 (Big) 0.004 -0.001 -0.016 0.019%*** 3 (Tlliquidity) 0.020 0.004  -0.008 -0.027***
(1.73)  (-0.23) (-2.96) (3.79) (2.26)  (0.43) (-0.88) (-3.09)
3-1 -0.009  -0.007 -0.018%** 0.013*** 3.1 0.005 -0.007  -0.007 0.020%**
(-1.64) (-1.06) (-3.01) (4.68) (0.82) (-0.97) (-0.90) (4.33)
Three Factor Alpha Three Factor Alpha
1(Small) 0.010  0.002 0.000 0.010%** 1(Liquidity)  0.014 0.011 0.002 -0.011%*
(2.00) (0.47) (-0.04) (2.11) (2.62) (1.58) (0.22) (-1.97)
2 0.003  0.005 -0.011 0.014%** 2 0.016 0.013 -0.008 -0.023***
(0.82) (0.99) (-2.03) (3.30) (2.09) (1.78) (-0.93) (-4.29)
3 (Big) 0.004 -0.002 -0.014 0.018*%*%* 3 (Iliquidity) 0.020 0.004  -0.008 -0.027***
(1.84) (-0.44) (-2.83) 3.77) (2.26) (0.43) (-0.88) (-3.09)
3-1 -0.006  -0.004 -0.014*** 0.013*** 3.1 0.005 -0.007  -0.007 0.020%**
(-1.24) (-0.78) (-2.60) (4.75) (0.82) (-0.97) (-0.90) (4.33)
Five Factor Alpha Five Factor Alpha
1(Small) -0.001 -0.010 -0.010 0.009* I(Liquidity)  0.004  -0.001  -0.009 -0.013%%**
(-0.19) (-2.04) (-1.67) (1.77) (1.84) (-0.23) (-1.88) (-2.70)
2 -0.005 -0.008 -0.021 0.016%** 2 0.007 0.001 -0.020 -0.026***
(-1.44) (-2.05) (-4.20) (3.72) (1.29)  (0.17)  (-4.15) (-5.15)
3 (Big) -0.001 -0.006 -0.017 0.015%** 3 (Illiquidity) 0.006  -0.009  -0.019 -0.025***
(-0.20) (-1.88) (-3.53) (3.15) (1.14)  (-1.40) (-2.69) (-2.98)
3-1 0.001 0.004  -0.007 0.010*%**  3-1 0.002  -0.008 -0.007 0.020%**
(0.15) (0.77) (-1.05) (3.51) (0.37) (-1.08) (-1.00) (4.73)
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Table AS8. Return Predictability Controlling for Alternative Economic Channels

This table investigates the predictability of Inelasticity on weekly returns controlling for alternative
economic channels using Fama-MacBeth regressions:

Retl’,t = ¢ + ﬁ X InRanki't_l + Y X Xi,t—l + gi,t'

where InRank is the cross-section rank of Inelasticity, which is uniformly standardized between [0, 1].
Columns (4) to (6) replace InRank with a dummy variable indicating the top 20% inelastic
cryptocurrencies (Inelasticity Dummy). In addition to Ret [a, b], Size, InAmihud, Turnover, IVOL,
Skewness, and Kurtosis, we further control for additional variables, such as BA growth (the weekly
growth rate of total addresses with balance at week #-1) and value (the negative of past-52-week return
prior to week £) in columns (1) and (4), MAX (the maximum daily returns in week #-1, proxy for lottery
demand) and T-K value (proxy for prospect theory preference) in columns (2) and (5), and an indicator
for POW consensus in columns (3) and (6). The bottom rows present the time-series averaged adjusted
R?, sample periods, and observations. T-statistics adjusted by Newey-West heteroskedasticity with 5
lags are in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.

€)) (2) 3) 4) (5) (6)
InRank -0.061*%**  -0.055%**  -0.056%**
(-4.71) (-8.47) (-5.23)
Inelasticity Dummy -0.025%%* -0.020%** -0.024%%**
(-5.56) (-4.43) (-5.43)
Ret [-2, -1] -0.047*** -0.013* -0.044%**  .0.051%** -0.016** -0.036%**
(-4.30) (-1.83) (-3.81) (-3.33) (-2.28) (-4.23)
Size 0.002 -0.001 0.002 0.002 0.000 0.002
(0.66) (-0.76) (0.73) (0.92) (0.02) (0.89)
InAmihud -0.002 -0.003*** -0.002* 0.000 -0.002* -0.002
(-1.55) (-2.61) (-1.73) (-0.06) (-1.96) (-1.07)
Turnover -0.090** 0.067 -0.071* -0.003 0.180 -0.028
(-2.02) (0.16) (-1.75) (-0.05) (0.42) (-0.75)
Ret [-12,-3] -0.027%*** -0.004 -0.025%**  .0.020%** -0.007* -0.022%%**
(-4.55) (-1.02) (-4.96) (-4.90) (-1.70) (-6.04)
IVOL 0.511*** 0.232%** 0.490%** 0.227** 0.144** 0.276%**
(2.82) (3.53) (2.95) (2.57) (2.25) (4.23)
Skewness 0.032%** 0.038%** 0.030%** 0.029%** 0.037*** 0.030%**
(8.70) (8.42) (7.85) (7.07) (8.51) (7.57)
Kurtosis -0.002%* -0.004%**  .0.002%** -0.002 -0.003%**  .0.002%**
(-2.15) (-6.32) (-4.01) (-1.25) (-6.14) (-3.81)
BA growth 0.063* 0.066**
(1.91) (2.00)
Value 0.000 0.000
(-0.25) (-0.25)
MaxRet -0.002* -0.002*
(-1.76) (-1.83)
TK Value -0.127 -0.099
(-1.24) (-0.90)
POW 0.004 0.004
(0.67) (0.80)
Adi R? 0.112 0.112 0.106 0.103 0.115 0.102
Weeks 353 540 353 353 540 353
Observations 94,367 380,621 94,367 94,367 380,621 94,367
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Table A9. Volatility-Managed Factor Alphas

This table presents the results of volatility-managed factor alphas. Panel A presents the excess returns
of CMKT, the EMI (the Elastic-minus-Inelastic) strategy, the WML (the two-week momentum) strategy,
the EWIL (ElasticWinner-Minus-Inelasticl.oser), and corresponding volatility-managed factors. The
volatility-managed factor f°, scales by the factors’ inverse realized variance in the proceeding 12 weeks

f° = ﬁ ft. Panel B presents the results of univariate regressions of managed factors f° on
t—-1

unmanaged factors f, where Alpha (@) are the intercepts of the regressions. The sample period of
managed factors is from April 2014 to May 2024, as a duration of 12 weeks is required for the
calculation of the realized variance. T-statistics adjusted by Newey-West heteroskedasticity with 5 lags
are in parentheses. *, ** and *** represent statistical significance at 10%, 5%, and 1%, respectively.

Panel A: Excess Returns of Strategies

Unmanaged Strategies CMKT EMI WML EWML
Excess Return 0.013** 0.025%** 0.022%** 0.034***
(2.45) 4.71) (4.22) (5.99)
Volatility-managed Strategies CMKT® EMI° WML° EWML 11°
Excess Return 0.016%*** 0.023%*x* 0.027*** 0.035%**
(2.81) (4.49) 4.76) (6.62)
Panel B: Univariate Regressions
(D P 3) @
CMKT® EMI°® WML°® EWML®
CMKT 0.957%**
(31.63)
EMI 0.941***
(15.05)
WML 0.914***
(18.02)
EWS 0.938%**
(19.42)
Alpha () 0.002 0.001 0.006%*** 0.001
(1.28) (0.47) (2.62) (0.48)
Adj R? 0.901 0.846 0.826 0.844
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Table A10. Robustness Checks on Different Ranking Periods and Holding Periods.

This table extends Table 4 to different ranking periods and different holding periods. Following
Jegadeesh and Titman (1993), at each given week ¢, the strategies hold a series of portfolios selected at
the current week as well as at the previous K-1 weeks, where K denotes the holding periods. Each week,
the strategy holds K Elastic-minus-Inelastic long-short portfolios. Then we revise the weights on 1/K of
these portfolios to get the average strategy returns. The excess returns, the Crypto-CAPM adjusted
returns, the Crypto-three-factor model adjusted returns, and the Crypto-five-factor model adjusted
returns of the long-short strategy are shown in this table. 7-statistics adjusted by Newey-West
heteroskedasticity with 5 lags are in parentheses. *, **, and *** denote statistical significance at 10%,
5%, and 1%, respectively.

Ranking period Holding Period
2 4 6 8 10
Excess Return 8 0.018%** 0.021%** 0.019%*x* 0.028%** 0.037**
(3.33) (3.70) (3.49) (3.90) (2.55)
10 0.025%** 0.019%** 0.019%** 0.024%** 0.024***
(3.49) (3.05) (3.22) (4.56) (4.22)
12 0.022%** 0.019%** 0.021%** 0.023%** 0.026***
(3.81) (3.17) (3.29) (4.35) (3.79)
14 0.016%** 0.017%** 0.020%** 0.022%** 0.021%***
(2.79) (2.87) (3.20) (4.05) (3.47)
16 0.020%** 0.016%** 0.018%** 0.022%** 0.026%**
(3.02) (2.69) (2.90) (3.98) (3.54)
CAPM Alpha 8 0.020%** 0.023%** 0.021%** 0.029%** 0.022%**
(4.04) (4.34) (4.05) (4.57) (2.80)
10 0.026%** 0.021%** 0.021%** 0.026%** 0.025%**
(4.17) (3.67) (3.71) (5.14) (4.72)
12 0.025%** 0.022%** 0.023%** 0.026%** 0.027%**
(4.58) (3.97) (3.95) (5.21) (4.65)
14 0.019%** 0.019%** 0.022%** 0.025%** 0.023***
(3.62) (3.56) (3.82) (4.92) (4.16)
16 0.022%** 0.019%** 0.020%** 0.024%** 0.027%**
(3.77) (3.45) (3.53) (4.67) (4.27)
Three factor 8 0.019%** 0.021%** 0.019%** 0.028%** 0.022%***
(3.80) (4.15) (3.84) (3.82) (2.80)
10 0.026%** 0.020%** 0.020%** 0.025%** 0.023***
(3.72) (3.68) (3.83) (5.08) (4.73)
12 0.025%** 0.021%** 0.023%** 0.025%** 0.027***
(4.80) (4.13) (4.05) (5.40) (4.37)
14 0.018%** 0.018%** 0.020%** 0.022%** 0.021***
(3.60) (3.61) (3.60) 4.71) (4.03)
16 0.022%** 0.017%** 0.019%** 0.022%** 0.027%**
(3.37) (3.39) (3.44) (4.54) (3.81)
Five factor 8 0.018%** 0.019%** 0.019%** 0.021%** 0.042%*
(3.64) (3.64) (3.43) (3.69) (2.46)
10 0.020%** 0.019%** 0.020%** 0.023%** 0.025%**
(3.32) (3.43) (3.66) (4.19) (4.28)
12 0.024%** 0.020%** 0.021%** 0.024%** 0.024%**
(4.54) (3.90) (3.79) (4.92) (4.04)
14 0.018%** 0.019%** 0.022%** 0.022%** 0.024***
(3.60) (3.82) (3.65) (4.35) (4.42)
16 0.014%** 0.016%** 0.017%** 0.021%** 0.022%**
(2.55) (3.01) (2.98) (3.88) (3.41)

Internet Appendix: Page 12



Table A11. Predicting Cumulative Crypto Returns by Inelasticity

This table investigates the predictability of Inelasticity on cumulative returns using Fama-MacBeth
regressions with different holding periods 4:

Cumulative Ret;¢ 1o r4n—1 = o + B X Inelasticity Dummy; 1 +v X X;¢—1 + €,

where Inelasticity Dummy equals one if the cryptocurrency belongs to the highest quintile (i.e., top
20%) of Inelasticity. Control variables include Ret [a, b] (cumulative returns from the start of week #+a
to the end of week 7+b), Size (logarithm of market value at the beginning of week f), InAmihud
(logarithm of average past 12-week Amihud illiquidity ratios prior to week f), Turnover (average past
12-week turnover ratios prior to week ), IVOL (idiosyncratic volatility based on Crypto-CAPM in the
past 12 weeks prior to week ¢), Skewness and Kurtosis. We also control BA growth (the weekly growth
rate of total addresses with balance at week #-1) and value (the negative of past-52-week return prior to
week #) in columns (4) and (8). These two regressions begin in August, 2017 due to a limited cross-
sectional sample size at the beginning of the dataset (less than 30 observations). The cumulative returns
are winsorized at 1% and 99% percentiles. The bottom rows present the time-series averaged adjusted
R?, sample periods, and observations. Columns (1) to (4) present the results on 4-week holding periods
and columns (5) to (8) report the results on 8-week holding periods. 7-statistics adjusted by Newey-
West heteroskedasticity with 5 lags are in parentheses. *, **, and *** denote significance at the 10%,
5%, and 1% level, respectively.

(1) (2) (3) (4) (5) (6) (7 (3)
Dep. Var = Four-week Cumulative Ret Eight-week Cumulative Ret

Inelasticity Dummy -0.062%** -0.048%** _0.050%*% _0.052%**_0.100%** _0.076*** -0.076%** _0.044%%*
(-6.46)  (4.61)  (-4.73)  (-3.89) (-7.09) (-531)  (-531)  (-3.01)

Ret [-2, -1] 0.017 0.024  -0.061* 0.016 0.025  -0.035
0.99) (125  (-1.79) (0.88)  (1.30)  (-1.36)
Size -0.004  -0.004  0.002 0.003  -0.003  -0.001
(-0.87)  (-0.82)  (0.32) (035  (-031)  (-0.11)
InAmihud 20.004  -0.004  0.007 0.006  -0.004  0.008
(-145)  (-1.02)  (1.07) (-1.18)  (-0.54)  (1.15)
Turnover -0.31 -0.006  0.068 0.065  0.875 0.154
(-0.84)  (-0.01)  (0.46) (-0.10)  (0.85)  (0.86)
Ret [-12,-3] -0.005  -0.008 -0.01 0.001
(-0.58)  (-0.58) (-0.85)  (0.07)
IVOL 0.026  -0.046 -0.07 -0.025
(-0.18)  (-0.22) (-028)  (-0.11)
Skewness 0.015  0.009 0.01 0.007
(147)  (0.88) (0.59)  (0.41)
Kurtosis 0.001  0.003 -0.001 0.002
(-0.59)  (0.67) (-032)  (0.43)
BA growth 0.149 0.108
(1.26) (0.51)
Value 0.004 0.009
(0.77) (1.15)
Adi R2 0.010 0.035 0.051  0.064  0.009  0.023 0.038 0.061
Weeks 537 537 537 350 533 533 533 346
obs 383,168 383,166 383,161 94478 376,756 376,754 376,749 93,014
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Table A12.

Robustness Checks on Portfolio Performance and Return Predictability

This table reports robustness checks on the portfolio performance and return predictability. Panel A
presents the results without winsorizing cryptocurrency returns. In Panel B, we follow Fieberg et al.,
(2005) to truncate crypto returns at the 0.5% and 99.5% levels. Panel C replicates the specifications in
columns (2), (3), (5), and (6) using the Doubly Debiased LASSO (DDL) estimator to mitigate concerns
about omitted variable bias. For each week, all control variables and returns are standardized cross-
sectionally to have zero mean and unit variance (i.e., converted to z-scores). We then apply DDL to
estimate the coefficients on /nRank. The table reports the time-series averages of these weekly
coefficient estimates. 7-statistics adjusted by Newey-West heteroskedasticity with 5 lags are in
parentheses. *, ** and *** denote significance at the 10%, 5%, and 1% level, respectively.

Panel A: The Portfolio Performance of Groups Sorted by Inelasticity without Winsorization

1 2 3 4 5 EMI
(Elastic) (Inelastic) (Elastic-minus-Inelastic)
h =1 week h=4week  h=8week
Excess Return 0.014 0.017  0.009  0.009 -0.009 0.023%** 0.020%#*  (.024%x**
(2.56) (2.23) (1.12) (1.18) (-1.13) (4.22) (3.51) (4.42)
CAPM Alpha 0.004 0.005 -0.004 -0.003 -0.021 0.025%** 0.023%**  0.026***
(1.63) (1.07)  (-0.69) (-0.60) (-3.94) (4.93) (4.36) (5.28)
Three Factor 0.004 0.005 -0.003 -0.001 -0.020 0.025%%** 0.022%**  (,025%**
(1.66) (1.14)  (-0.59) (-0.22) (-4.12) (5.26) (4.62) (5.50)
Five Factor -0.001  -0.002 -0.007 -0.008 -0.025 0.024 %% 0.022%**  (.024***
(-0.28)  (-0.53) (-1.68) (-2.39) (-5.12) (5.22) (4.38) (4.98)
Panel B: The Portfolio Performance of Groups Sorted by Inelasticity Truncated at the 0.5% and 99.5% levels
1 2 3 4 5 EMI
(Elastic) (Inelastic) (Elastic-minus-Inelastic)
h =1 week h=4week  h=8week
Excess Return 0.014 0.013  0.006  0.007 -0.013 0.026%** 0.024%**  (.027%**
(2.65) (1.94) (0.84) (0.99) (-1.76) (5.29) (4.62) (5.62)
CAPM Alpha 0.004 0.001  -0.005 -0.005 -0.023 0.027%** 0.025%**  (.029%**
(1.72) 0.39) (-1.17) (-1.06) (-4.60) (5.66) (5.07) (6.11)
Three Factor -0.001  -0.005 -0.009 -0.011 -0.024 0.022%** 0.021%***  (,023%***
(-0.46) (-1.40) (-2.51) (-3.20) (-5.07) (4.92) (4.31) (5.26)
Five Factor 0.005 0.001  -0.004 -0.003 -0.021 0.026%** 0.024***  (,027***
(1.80) (0.43) (-0.97) (-0.84) (-4.52) (5.78) (5.08) (6.04)
Panel C: Predicting Crypto Returns Using Doubly Debiased LASSO
Q) (2) 3) “)
InRank -0.026%** -0.068***
(-4.26) (-9.71)
Inelasticity Dummy -0.022%** -0.043%%*
(-3.28) (-6.71)
Controls] YES YES YES YES
Controls2 YES YES YES YES
Weeks 540 540 540 540
obs 388,953 388,948 388,953 388,948
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Figure IN1. Dynamic Treatment Effect

This figure illustrates the dynamic treatment effects on Time (Panel A), AbVolume (Panel B), and
Google Search (Panel C) during the [-3 weeks, +4 weeks] window around events. The figures display
the coefficients associated with a 90% confidence interval of the dynamic treatment effect with controls.

Panel A: Average Time Between Transactions Panel B: Abnormal Transactions

Time
AbVolume

T T T T T T T T T T T T

0 1 0 1
Event Weeks Event Weeks

Google Search

T T T T T
-3 2 -1 0 1 2 3 4
Event Weeks
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Figure IN2. Returns of EMI in Different Ranking Periods

This figure presents the single-sort Crypto-three-factor model alphas and Crypto-five-factor model
alphas of the EMI (Elastic-minus-Inelastic) strategy based on InRanks and their 99% confidence
intervals with different ranking periods (8-10-12-14-16 weeks). At the end of each week #-1, we split
the cryptocurrencies into five quintiles based on their InRanks and hold the portfolios for one week.
EMI strategy is constructed as the spread of value-weighted cryptocurrencies’ returns between the
lowest quintile (Elastic) and the highest quintile (Inelastic). Confidence intervals are based on Newey-

West heteroskedasticity adjusted standard errors with 5 lags.

Panel A: Crypto-three-factor model alphas of EMI strategy with different ranking periods.
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