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Abstract

We study liquidity in cryptocurrency markets. A natural view is that crypto illiquidity is

mainly an asset-level trading friction, especially among smaller and less liquid tokens. We show

instead that liquidity stress is amplified where trading and price discovery are concentrated.

We construct an illiquidity multiplier motivated by theories of cross-asset learning to capture

this amplification. The multiplier rises in stress periods, reinforces existing illiquidity, and is

closely related to information risk. In the cross-section, own illiquidity is priced mainly among

smaller cryptocurrencies, whereas multiplier shocks trigger sharp repricing of large and liquid

cryptocurrencies. The evidence points to core-market liquidity amplification rather than a

simple transmission of stress from major cryptocurrencies to the market periphery.
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1 Introduction

Cryptocurrency markets often experience episodes in which trading activity surges while liquidity dete-

riorates sharply.1 These episodes are commonly described as liquidation cascades. They raise a question that

goes beyond whether some tokens are simply costly to trade. If liquidity stress were mainly an asset-level

trading friction, it would be most relevant for small, illiquid, and peripheral tokens. However, some of the

most visible stress episodes are not merely failures of peripheral tokens. They involve large price movements,

forced liquidations, and deteriorating trading conditions in the most actively traded cryptocurrencies.

This paper asks whether cryptocurrency illiquidity is best understood as an asset-level trading-cost

characteristic or also as a market-wide amplification state. The distinction builds on two strands of liquidity

research: classic liquidity-pricing models that treat trading costs, price impact, and expected illiquidity

as asset-level characteristics (Amihud and Mendelson, 1986; Amihud, 2002; Acharya and Pedersen, 2005),

and work on liquidity commonality, funding-liquidity feedback, and cross-asset learning that emphasizes the

transmission of liquidity shocks across securities (Chordia et al., 2000; Brunnermeier and Pedersen, 2009;

Cespa and Foucault, 2014). We study whether this second view is central for cryptocurrency markets, where

trading, price discovery, and information production are highly concentrated in a small set of major assets.

Our interpretation is motivated by the cross-asset learning mechanism of Cespa and Foucault (2014).

In their model, prices of related assets provide signals to liquidity providers. When liquidity deteriorates

in one asset, its price becomes less informative. Liquidity providers in related assets then face a noisier

information environment and may reduce liquidity supply. This endogenous response creates an illiquidity

multiplier: an initially local liquidity shock can propagate across related markets and be amplified through

feedback between liquidity and price informativeness. Cryptocurrency markets provide a natural setting

for this mechanism because many assets lack traditional cash-flow anchors, while trading and information

production are concentrated in major cryptocurrencies.

We take this mechanism to the data by constructing an empirical proxy for the illiquidity multiplier.

The key distinction is that common liquidity comovement is not the same as amplification. Assets may move

together simply because they face the same market-wide conditions. Amplification instead requires liquidity

shocks to be transmitted across assets and reinforced through feedback in the asset network. Following the

connectedness literature (Diebold and Yılmaz, 2012, 2014), we estimate pairwise liquidity spillovers among

major cryptocurrencies, separate cross-asset spillovers from own-liquidity persistence, and use the resulting

spillover network to measure the total feedback effect of an initial liquidity shock. This measure captures

the amplification mechanism emphasized by Cespa and Foucault (2014), rather than the average degree of
1For example, a Nasdaq report describes the August 18, 2023 selloff as the largest single crypto liquidation event

of that year, with Bitcoin falling more than 8 percent, Ethereum falling by 7.4 percent at the peak, and about $1.05
billion in crypto positions liquidated.
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liquidity comovement.

We study a broad panel of cryptocurrencies from January 2018 to December 2025. We measure crypto

liquidity using hourly OHLC-based high–low spread estimators from Corwin and Schultz (2012) and Abdi

and Ranaldo (2017), and construct daily Amihud illiquidity following Amihud (2002).2 The formal analysis

proceeds in four steps. We first document the time-series behavior of crypto illiquidity and its relation

to observable network, mining, and market conditions. We then measure liquidity commonality by asking

how much of each asset’s liquidity innovation is explained by market-wide liquidity innovations. Next, we

estimate liquidity spillovers among major cryptocurrencies and construct the illiquidity multiplier. Finally,

we examine how the multiplier relates to information risk and cross-sectional repricing.

The first part of the analysis establishes that crypto liquidity has a sizable common component. Follow-

ing the liquidity-commonality literature (Chordia et al., 2000; Karolyi et al., 2012), we ask how much of an

individual cryptocurrency’s liquidity innovation is explained by market-wide liquidity innovations. Crypto

illiquidity is highly time-varying, rises around major stress episodes, and also spikes outside well-known

crises. Observable network, mining, and market conditions are associated with illiquidity, but they explain

only a modest share of its variation. We therefore focus on liquidity innovations. After removing predictable

liquidity dynamics, we find that market-wide liquidity innovations explain an economically meaningful share

of individual liquidity variation. This common component is present outside crisis periods and is not me-

chanically driven by either the largest cryptocurrencies or the smallest tokens.

Liquidity commonality shows that liquidity shocks are shared, but it does not reveal whether shocks

are transmitted or amplified. We therefore study liquidity spillovers among large, liquid, and long-lived

cryptocurrencies, where trading and price discovery are most concentrated. This core-asset focus allows us to

estimate a stable connectedness system and to examine the segment of the market most relevant for liquidity

amplification. The evidence shows strong cross-asset liquidity transmission. The total connectedness index

of major cryptocurrencies is about 72 percent, and spillovers are not driven solely by Bitcoin: Ethereum,

Litecoin, and other major assets also contribute to a multi-asset liquidity system.

We then construct the illiquidity multiplier from the full connectedness matrix. The multiplier maps

first-round cross-asset spillovers into higher-order feedback effects. It measures the extent to which an initial

illiquidity shock can be reinforced as it travels through the core liquidity network. The estimated system

remains stable over the sample, but the feedback channel is economically meaningful. We find that the

multiplier rises in stress periods, is smoother and more persistent than realized illiquidity in Bitcoin or

Ethereum, and strengthens the persistence of existing illiquidity. This distinction is central. Benchmark-
2Brauneis et al. (2021) compare alternative cryptocurrency liquidity measures and show that high–low spread-

based estimators, including Corwin and Schultz (2012) and Abdi and Ranaldo (2017), are effective for capturing
time-series variation in crypto liquidity, while Amihud (2002) is more suitable for cross-sectional liquidity rankings.
We therefore use CS/AR measures for liquidity dynamics, and Amihud illiquidity for cross-sectional pricing tests.
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asset illiquidity captures realized trading stress in core assets; while the multiplier further captures the

market's capacity to transmit and reinforce liquidity shocks through the core trading system.

The cross-asset learning mechanism of Cespa and Foucault (2014) implies that ampli�cation should be

stronger when information risk is high. We test this implication using two complementary proxies. The �rst is

VPIN, estimated from one-minute Binance data for Bitcoin and Ethereum, which captures order-�ow toxicity

in core assets (Easley et al., 2012, 2024). The second is aggregate idiosyncratic volatility, which captures asset-

speci�c uncertainty in the broader crypto market. The evidence supports the information-risk interpretation.

VPIN in Bitcoin and Ethereum predicts both local illiquidity and illiquidity in related cryptocurrencies, with

particularly strong e�ects for Ethereum. Aggregate idiosyncratic volatility also predicts stronger liquidity

connectedness, especially over longer rolling windows. These results suggest that liquidity shocks are more

likely to propagate and be ampli�ed when prices become noisier signals.

Finally, we examine the asset-pricing implications of liquidity ampli�cation. We begin from the classic

distinction between illiquidity as a characteristic and liquidity risk as a covariance exposure. In the spirit of

Acharya and Pedersen (2005), we ask whether cryptocurrencies earn higher returns because they are costly

to trade, or because they perform poorly when aggregate liquidity conditions deteriorate. We �nd a sharp

distinction between these channels. Own illiquidity earns a premium mainly in equal-weighted portfolios,

consistent with an asset-level illiquidity premium concentrated among smaller cryptocurrencies. By contrast,

liquidity-risk betas based on market illiquidity shocks or multiplier shocks do not earn clear unconditional

premia. Thus, the multiplier does not appear to matter as a standard unconditional risk factor.

The multiplier matters in a di�erent way. When the illiquidity multiplier unexpectedly rises, the market

experiences broad negative returns, but the losses are not concentrated among small or illiquid tokens. They

are concentrated among large and liquid cryptocurrencies. Moreover, smaller and more illiquid assets do

not subsequently su�er delayed losses or stronger liquidity deterioration. This pattern is inconsistent with

a simple core-to-periphery �re-sale story. Instead, our evidence suggests a di�erent interpretation of the

multiplier. It captures a core-market ampli�cation state: liquidity stress is absorbed and repriced where

trading and price discovery are concentrated, rather than mechanically transmitted to the market periphery.

Related Literature. This paper contributes to three strands of research. First, we contribute to the

rapidly growing literature on cryptocurrency markets and asset pricing (e.g., Makarov and Schoar, 2020;

Liu and Tsyvinski, 2021; Liu et al., 2022; Gri�n and Shams, 2020; Cong et al., 2021; Biais et al., 2019;

Easley et al., 2019; Budish, 2018; Schilling and Uhlig, 2019). A related line of work examines cryptocurrency

liquidity measurement and market quality (e.g., Brauneis et al., 2021). We complement these studies by

focusing on liquidity stress as a state variable rather than only as an asset-level trading-cost characteristic

or a return factor. Our evidence shows that own illiquidity is priced mainly in the broad, small-token cross-
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section, whereas shocks to the illiquidity multiplier reprice large and liquid cryptocurrencies. Thus, the

pricing relevance of liquidity in crypto is not exhausted by the conventional illiquidity-premium channel.

Second, we contribute to the literature on liquidity commonality, liquidity risk, and liquidity crashes.

Prior work documents commonality in liquidity and studies whether exposure to market-wide liquidity is

priced in expected returns (e.g., Chordia et al., 2000; Hasbrouck and Seppi, 2001; Pástor and Stambaugh,

2003; Amihud, 2002; Acharya and Pedersen, 2005; Korajczyk and Sadka, 2008; Karolyi et al., 2012). Closely

related work shows that liquidity can deteriorate sharply in bad states and interact with funding constraints

(e.g., Brunnermeier and Pedersen, 2009; Hameed et al., 2010). Our closest theoretical counterpart is Cespa

and Foucault (2014), who show that cross-asset learning can generate an illiquidity multiplier: when liquidity

shocks make prices less informative, liquidity providers in related assets reduce liquidity supply, causing the

initial shock to propagate and be ampli�ed. We take this mechanism to the data and provide a empirical

proxy that captures such higher-order feedback.

Third, the paper also relates to research on information risk and market fragility. The cross-asset

learning mechanism predicts that liquidity ampli�cation should be stronger when prices become noisier

signals. We test this implication using order-�ow toxicity and aggregate idiosyncratic volatility, linking our

analysis to the market microstructure literature on adverse selection and informed trading (e.g., Kyle, 1985;

Glosten and Milgrom, 1985; Easley et al., 2002, 2012) and to the broader literature on liquidity spirals and

�nancial fragility (e.g., Brunnermeier and Pedersen, 2009; Cespa and Foucault, 2014). We show that VPIN

in Bitcoin and Ethereum predicts both local and cross-asset illiquidity, and that aggregate idiosyncratic

volatility predicts stronger liquidity connectedness. These results support the interpretation that liquidity

ampli�cation in crypto is information-sensitive. They also clarify why multiplier shocks do not simply

generate a core-to-periphery �re sale: the strongest repricing occurs where information production, leverage,

liquidity provision, and price discovery are concentrated.

The rest of the paper is organized as follows. Section 2 describes the data. Section 3 documents

crypto illiquidity and liquidity commonality. Section 4 develops the illiquidity multiplier and relates it to

information risk. Section 5 examines its asset-pricing implications. Finally, Section 6 concludes.

2 Data and Variables

Our dataset combines cryptocurrency market data with variables capturing network demand, mining

supply, and the broader investment environment. The cryptocurrency sample is built from hourly OHLC

data and daily market capitalization data from January 2018 to December 2025. The hourly series are

used to construct liquidity measures, while daily market capitalization is used for size controls and value-

weighted aggregation. At the coin-day level, we require valid hourly price records and a matching daily market
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capitalization observation. Observations with missing core �elds are excluded before aggregation to the daily

level. Our main source for cryptocurrency market data is CoinGecko.3 It is one of the largest independent

crypto data providers, and provides API-based pricing data for a broad cross-section of cryptocurrencies

across more than 1,000 exchanges. Its coverage includes both active and inactive coins, which helps mitigate

concerns about survivorship bias. We also collect 1-min data from Binance exchange.4

Because our analysis focuses on liquidity formation and liquidity spillovers within the cryptocurrency

market, we exclude tokens whose prices are primarily anchored to external assets or governed by mechanical

contract designs. The initial universe consists of the top 2,000 cryptocurrencies ranked by market capitaliza-

tion on CoinGecko as of February 28, 2026. We �rst exclude stablecoins and other �at-pegged tokens,5 as well

as real-world asset tokens and traditional �nancial derivatives, including tokenized stocks, exchange-traded

funds, and precious metal-pegged tokens. These assets are excluded because their prices are closely linked

to external reference assets rather than determined primarily by crypto-market trading. We also remove

wrapped assets and liquid staking derivatives to avoid double counting economically equivalent exposures.6

In addition, we exclude mechanically priced index tokens, decentralized �nance strategy tokens, liquidity

provider tokens, leveraged contracts, fan tokens, and deprecated smart contracts.7

We then impose two quantitative �lters. First, to remove assets with highly discontinuous trading

histories, we require the number of valid trading days with positive market capitalization to account for at

least 95% of the asset's observed lifespan. Second, to ensure a minimum level of economic relevance and

trading activity, we require daily closing market capitalization to exceed 1,000,000 USD for at least 95% of

valid trading days (Liu and Tsyvinski, 2021). This �ltering process yields a �nal dataset of 945 tokens.

Having established the core cryptocurrency sample, we classify the potential drivers of liquidity into

three groups: Network Demand, Mining Supply, and Market Conditions, following the demand�supply�

market taxonomy in Karnaukh et al. (2015) and its cryptocurrency interpretation in Liu and Tsyvinski

(2021). Network Demand captures how actively the blockchain is used. Mining Supply captures the input-

cost and capacity conditions relevant to cryptocurrency production. Market Conditions capture shifts in

attention, sentiment, and broader �nancial risk. Table IA.1 reports the economic components, variable

de�nitions, and abbreviations. We describe each group below.

Network Demand. Network-demand variables describe how the Bitcoin blockchain is used. Following

Liu and Tsyvinski (2021), we use Bitcoin-related network variables and organize them into three economic

3Source: https://docs.coingecko.com/
4Source: https://data.binance.vision/
5Prominent examples of excluded �at-pegged tokens include USDT, USDC, and DAI.
6Excluded derivative and wrapped assets include WBTC, WETH, stETH, and cbETH, among others.
7This data cleaning process uses a combination of exact-match blacklists and regular expression pattern matching.
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components. Network Usage includes active addresses (AA), transaction count (TC), and transactions per

second (TPS), which measure the breadth and intensity of network activity. On-chain Value Transfer

includes on-chain volume in U.S. dollars (OV), median transaction value (MTV), and coin days destroyed

(CDD), which capture the scale and composition of value transferred on-chain. Blockspace Demand includes

average transaction fee (ATF), cost per transaction (CPT), and fee-to-reward ratio (FTR), which proxy

for congestion and demand for transaction inclusion. For each component, we extract the �rst principal

component and use it as the corresponding composite demand factor in the regressions. The active-address

measure (AA) is collected from BitInfoCharts,8 whereas the remaining demand-side variables, including TC,

TPS, OV, MTV, CDD, ATF, CPT, and FTR, are obtained from Blockchair. 9

Mining Supply. Mining-supply variables capture the cost and capacity conditions behind cryptocur-

rency production. We organize them into three economic components. Electricity Cost includes U.S. average

electricity price (UAPE), China average electricity price (CAEP), and the China electricity producer price

index (CEPI). Power Conditions includes U.S. net electricity generation (UNGE) and U.S. total electricity

consumption (UTEC). For these two multi-variable components, we extract the �rst principal component

and use it as the corresponding composite supply factor in the regressions. Hardware Cost is measured by the

Bitcoin mining ASIC price index (ASIC). Together, these components summarize the main mining-related

supply conditions that may a�ect cryptocurrency liquidity.

The U.S. electricity variables, including average electricity price, net electricity generation, and total

electricity consumption, are collected from the U.S. Energy Information Administration (EIA). 10 The China

electricity variables are collected from the National Bureau of Statistics of China and the price monitoring

data associated with China's electricity producer price index.11 The ASIC price data are obtained from

Hashrate Index.12 Because the raw ASIC data consist of multiple machine-level price series with incomplete

coverage, we construct a continuous aggregate index from their common price movements. For each date, we

compute the average day-to-day percentage change across non-missing ASIC price series and cumulate this

average change into a normalized index. This procedure preserves the common trend in mining hardware

prices while reducing the in�uence of missing observations in individual machine series.

Investment Conditions. Investment-environment variables capture changes in attention, sentiment,

and broader �nancial risk. We use Google search intensity for the keyword �cryptocurrency� to measure

investor attention, the Crypto Fear & Greed Index to measure crypto-market sentiment, the CBOE VIX to

8Source: https://bitinfocharts.com/bitcoin/
9Source: https://blockchair.com/bitcoin/charts

10Source: https://www.eia.gov/electricity/data/browser/
11Source: https://data.stats.gov.cn/easyquery.htm?cn=A01
12Source: https://data.hashrateindex.com/asic-index-data/price-index
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measure equity-market uncertainty, and a �nancial stress index to measure broad �nancial stress. These vari-

ables capture external market conditions that may a�ect cryptocurrency liquidity beyond network demand

and mining supply. Google search data are collected from Google Trends,13 the Crypto Fear & Greed Index

is obtained from Alternative.me,14 and the VIX and �nancial stress index are obtained from the Federal

Reserve Bank of St. Louis (FRED).15 All variables are merged into a daily panel. Variables observed at lower

frequencies are aligned to the daily frequency by carrying forward the most recent available observation.

3 Descriptive Evidence on Crypto Liquidity

Before studying commonality and spillovers in cryptocurrency liquidity, we �rst establish two descriptive

facts. First, we examine how illiquidity evolves over time for Bitcoin and Ethereum and whether liquidity

deterioration clusters around major market stress episodes (see subsection 3.1). Second, we relate illiquid-

ity to observable market conditions, including network demand, mining-related supply conditions, and the

investment environment (see subsection 3.2). Third, we ask whether liquidity variation contains a common

market-wide component by measuring the extent to which individual liquidity innovations are explained by

market liquidity innovations (see subsection 3.3). These analyses provide a baseline description of crypto

illiquidity and motivate the subsequent analysis of market-wide liquidity comovement and shock propagation.

3.1 Crypto Liquidity Over Time

We begin by examining the time-series dynamics of cryptocurrency illiquidity. Because the objective

of this section is to describe how market liquidity evolves over time, we focus on two high�low spread-based

measures: the Corwin and Schultz (2012) estimator, denoted by CS, and the Abdi and Ranaldo (2017)

estimator, denoted by AR. This choice is motivated by Brauneis et al. (2021), who show that high�low

spread estimators such as CS and AR perform well in capturing the time-series variation of cryptocurrency

liquidity, whereas Amihud (2002) measures are more suitable for cross-sectional liquidity rankings. Since our

purpose here is to document the evolution of illiquidity over time, CS and AR are more appropriate for the

descriptive time-series analysis. In the later panel regressions, we use AR as the baseline illiquidity measure.

Figure 1 plots the weekly time-series of CS and AR for Bitcoin and Ethereum. We focus on these

two assets because they are the largest and most actively traded cryptocurrencies and serve as benchmark

assets in the cryptocurrency market. For both illiquidity measures, higher values indicate worse liquidity.

The shaded areas mark major market stress episodes, including the COVID-19 crash in 2020, the China

13Source: https://trends.google.com/
14Source: https://alternative.me/crypto/fear-and-greed-index/
15Source: https://fred.stlouisfed.org/series/VIXCLS/ and https://fred.stlouisfed.org/series/STLFSI4
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mining-ban episode in 2021, the Terra/Luna collapse in 2022, and the FTX collapse in 2022.

The �gure shows several main patterns. First, illiquidity is strongly time-varying for both Bitcoin

and Ethereum. Both assets experience sharp increases in illiquidity around several major stress episodes,

indicating that liquidity conditions deteriorate substantially in periods of market turmoil. Second, the

illiquidity of Bitcoin and Ethereum displays substantial comovement. Spikes in the two series often occur

around similar periods. This comovement provides preliminary evidence that crypto liquidity contains a

common market-wide component. However, the two assets are not identical. The magnitude and timing

of the spikes sometimes di�er across the two assets, indicating that common liquidity movements coexist

with asset-speci�c liquidity shocks.16 Third, liquidity deterioration is not limited to widely recognized crisis

episodes. The �gure also shows several short-lived spikes outside the shaded periods. These non-crisis spikes

suggest that crypto illiquidity can worsen even during relatively normal market conditions.

Overall, Figure 1 establishes three descriptive facts: crypto illiquidity is highly time-varying, Bitcoin

and Ethereum illiquidity comove strongly but imperfectly, and liquidity spikes occur both during major

stress episodes and in ordinary market periods. These facts motivate the next step of the analysis. We

�rst examine whether illiquidity is systematically related to observable market conditions, and then study

whether the remaining liquidity variation contains a common market-wide component.

3.2 Crypto Liquidity and Market Conditions

We next examine how crypto illiquidity varies with observable conditions in the crypto market. Follow-

ing the empirical crypto literature, we organize these variables into three groups: network demand, mining

supply, and the investment environment. We emphasize that this analysis is descriptive rather than causal.

The variables considered here capture market conditions that may move together with liquidity, and the

regressions should therefore be interpreted as conditional correlations rather than evidence of causal e�ects.

The construction of the principal-component-based condition variables is reported in Appendix Table IA.2,

including the variance explained by the �rst component and the loadings of the standardized raw variables.

Table 1 reports panel regressions of the Abdi and Ranaldo (2017) illiquidity measure, ARi,t , on dif-

ferent groups of economic-condition variables. A higher value of ARi,t indicates worse liquidity. Thus,

positive coe�cients indicate associations with higher illiquidity, while negative coe�cients indicate associa-

tions with lower illiquidity. All speci�cations include coin �xed e�ects. Since most explanatory variables are

aggregate market conditions, the coe�cients are identi�ed mainly from time-series variation after absorbing

time-invariant di�erences across coins. We do not include time �xed e�ects, as they would absorb the ag-

16For example, the liquidity deterioration around the Terra/Luna collapse appears more pronounced for Bitcoin
than for Ethereum. One possible explanation is that the Luna Foundation Guard held substantial Bitcoin reserves
and deployed part of these reserves in its attempt to defend the UST peg. This reserve-management channel may
have made Bitcoin markets more directly exposed to the Terra episode.

8



gregate variation of interest. Columns (1)�(3) examine network demand, mining supply, and the investment

environment separately, while Column (4) includes all groups jointly.

Panel A shows that di�erent dimensions of network demand are associated with illiquidity in di�erent

ways. The Network Usage component is negatively related to ARi,t , suggesting that periods of stronger

network usage tend to coincide with better liquidity. One interpretation is that active network participation

is associated with deeper trading interest and broader market participation. By contrast, the On-chain Value

Transfer component is positively associated with illiquidity. This pattern suggests that periods with larger

on-chain value transfers tend to coincide with worse liquidity, possibly because such transfers re�ect large

reallocations or stress-related movements when inventory risk and information asymmetry are elevated.

The Blockspace Demand component is also positively related to illiquidity, consistent with the idea that

high transaction fees and stronger demand for transaction inclusion often arise during periods of network

congestion, which may coincide with more volatile and less liquid market conditions.

Panel B reports the associations between mining-supply conditions and illiquidity. Electricity Cost is

negatively related to AR i,t , whereas Power Conditions are positively related to ARi,t . These signs should be

interpreted cautiously, because electricity prices, power-market conditions, and mining activity are jointly

related to broader energy and crypto-market cycles. The Hardware Cost measure is positive when mining-

supply variables are considered alone, but becomes negative in the full speci�cation. This sign reversal

suggests that mining-supply variables share substantial cyclical variation with other network and market

conditions. We therefore interpret Panel B as evidence that mining-related conditions are correlated with

liquidity, rather than as direct evidence that mining costs themselves improve or worsen liquidity.

Panel C examines investment-environment variables. Investor attention, measured by Google search

intensity, is positively associated with AR i,t in both speci�cations. This suggests that periods of heightened

attention to the crypto market tend to coincide with worse liquidity. One interpretation is that attention

often rises during news-intensive or turbulent periods, when trading demand, volatility, and information

asymmetry may also be high. The VIX is positively related to illiquidity when investment-environment

variables are considered separately, but becomes statistically insigni�cant in the full speci�cation, suggesting

overlap with other market-stress variables. The FSI is positively associated with illiquidity in the full model,

consistent with worse liquidity during periods of broader �nancial stress. The Crypto FGI enters negatively

in the full speci�cation; since higher values indicate more favorable crypto-market sentiment, this result

suggests that better sentiment is associated with lower illiquidity.

Taken together, Table 1 shows that cryptocurrency illiquidity covaries with observable network-demand,

mining-related, and investment-environment conditions. Yet the modest adjusted R2 indicates that much

variation remains unexplained by these conditions. This motivates our next analysis of whether cryptocur-
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rency liquidity contains a common market-wide component.

3.3 Commonality in Crypto Liquidity

We next examine whether cryptocurrency liquidity contains a common market-wide component. Fol-

lowing Karolyi et al. (2012), we measure liquidity commonality as the extent to which an asset's liquidity

innovation is explained by market-wide liquidity innovations. We �rst convert the Abdi and Ranaldo (2017)

illiquidity measure into a positive liquidity measure and remove predictable asset-level liquidity dynamics.

The residuals are treated as liquidity innovations. For each asset-month, we regress the asset's liquidity

innovation on contemporaneous, lagged, and lead leave-one-out market liquidity innovations. The resulting

R2 measures the share of individual liquidity variation explained by the market-wide component. We then

aggregate these R2 measures across assets using both value-weighted and equal-weighted schemes. Detailed

construction is provided in Online Appendix B.

Figure 2 plots monthly liquidity commonality together with Bitcoin and Ethereum illiquidity. Because

commonality is constructed from the R2 of liquidity-innovation regressions, it has a direct interpretation: it

measures the average share of individual liquidity variation explained by the market-wide liquidity compo-

nent. The �gure shows that this common component is economically meaningful even outside crisis periods.

In many months, commonality is around 20�30 percent, and it rises above this level during several periods

of market stress. Thus, the market-wide component of crypto liquidity is not con�ned to crisis episodes. It

is a persistent feature of cryptocurrency liquidity that becomes stronger in certain market states.

The �gure also shows that value-weighted and equal-weighted commonality move closely together. This

comparison is informative because the two measures place very di�erent weights on the cross-section. If

commonality were driven mainly by the largest cryptocurrencies, or mainly by small and less liquid tokens,

a larger divergence between the value-weighted and equal-weighted measures would be expected. Their close

alignment suggests that the common liquidity component is broad-based across the crypto market rather

than mechanically driven by a particular weighting scheme.

The relation between commonality and Bitcoin or Ethereum illiquidity is also informative because it

is not one-to-one. During broad stress episodes, such as the COVID-19 crash and the 2021 market sello�,

benchmark-asset illiquidity and liquidity commonality rise together. These episodes resemble market-wide

liquidity stress: trading conditions deteriorate in core assets, and liquidity innovations across the market

become more strongly explained by a common component. In contrast, some spikes in Bitcoin or Ethereum

illiquidity do not generate comparable increases in commonality, suggesting that these episodes may re�ect

more local or short-lived trading pressure in benchmark assets rather than broad liquidity synchronization

across the market. Conversely, commonality can remain elevated even when Bitcoin and Ethereum illiquidity
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is not at its peak, indicating that systemic liquidity comovement can persist even when realized trading stress

in the largest assets is moderate. This distinction is central to our interpretation. Bitcoin and Ethereum AR

measure realized illiquidity in two benchmark assets, whereas liquidity commonality measures the extent to

which liquidity shocks across assets share a market-wide component. High commonality therefore re�ects

stronger comovement in liquidity conditions across cryptocurrencies, not merely poor trading conditions in

Bitcoin or Ethereum. Commonality establishes the presence of shared liquidity variation, but it does not

reveal where shocks originate, how they are transmitted, or whether they are ampli�ed across assets. We

therefore turn next to liquidity connectedness and the illiquidity multiplier.

4 Liquidity Spillover and Illiquidity Multiplier

Cryptocurrency liquidity contains a substantial market-wide component, but commonality alone does

not explain how liquidity shocks propagate across assets. This section therefore shifts the focus from common

liquidity variation to liquidity spillovers. We ask whether liquidity shocks in cryptocurrency markets are

only shared across assets, or whether they are also transmitted and ampli�ed through cross-asset network.

Our interpretation is motivated by the cross-asset learning mechanism of Cespa and Foucault (2014).

In their model, liquidity providers use prices of related assets as signals about payo�-relevant information.

This creates a feedback loop between liquidity and price informativeness. When liquidity deteriorates in one

asset, its price becomes a noisier signal. Liquidity providers in related assets then face a less informative

trading environment, which may weaken their willingness to supply liquidity. As a result, a local liquidity

shock can propagate across related markets and be ampli�ed into a broader liquidity event.

To measure liquidity transmission and ampli�cation, we use the connectedness framework of Diebold

and Y�lmaz (2012, 2014). We refer to the cross-asset transmission of liquidity shocks as liquidity spillover,

and to the feedback ampli�cation of these shocks through the liquidity network as the illiquidity multiplier.

The Total Connectedness Index, TCIt , captures the average strength of cross-asset liquidity spillovers. We

then use the full pairwise connectedness matrix to construct an empirical proxy for the illiquidity multiplier in

Cespa and Foucault (2014). This proxy summarizes the extent to which liquidity shocks can be reinforced as

they propagate through the network. The section proceeds in three steps. We �rst describe the measurement

approach, then document the empirical pattern of liquidity connectedness and ampli�cation, and �nally

examine whether information risk is associated with stronger liquidity ampli�cation.

4.1 Measuring Liquidity Connectedness and the Illiquidity Multiplier

We quantify liquidity spillovers using the connectedness framework of Diebold and Y�lmaz (2012, 2014).

The idea is to measure how much of the forecast error variance of one asset's illiquidity is explained by shocks
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to other assets. We then use the full pairwise connectedness matrix to construct a reduced-form proxy for

the feedback ampli�cation mechanism emphasized by Cespa and Foucault (2014).

Let yt denote the k � 1 vector of weekly illiquidity measures for the core cryptocurrencies. We estimate

a time-varying parameter VAR,

yt = F t yt�1 + " t , " t � N (0, S t ), (1)

where the autoregressive coe�cient matrix F t and the innovation covariance matrix St are allowed to vary

over time.17 This speci�cation allows the liquidity spillover structure to change across market states, rather

than imposing a �xed connectedness network over the full sample.

Based on the vector moving-average representation of (1), we compute the generalized forecast error

variance decomposition. Let � ij,t (H) denote the contribution of shocks to illiquidity in asset j to the H-

step-ahead forecast error variance of illiquidity in asset i:

� ij,t (H) =
S�1

jj,t
P H�1

h=0

�
e0

i Bh,t St ej
� 2

P H�1
h=0

�
e0

i Bh,t St B 0
h,t ei

� , (2)

where Bh,t is the time-t moving-average coe�cient matrix and e i is a selection vector. Because the generalized

variance shares do not necessarily sum to one across shocks, we normalize them as

e� ij,t (H) =
� ij,t (H)

P k
j=1 � ij,t (H)

. (3)

Our baseline measure of system-wide liquidity connectedness is the Total Connectedness Index:

TCI t =
1
k

kX

i=1

X

j6=i

e� ij,t (H) � 100. (4)

The TCI t measures the average share of forecast error that is attributable to cross-asset shocks rather than

own shocks. A higher value indicates that illiquidity shocks are more strongly transmitted across assets.

While TCI t summarizes the average strength of spillovers, it does not directly measure feedback am-

pli�cation. To move from spillovers to an illiquidity multiplier, we use the full connectedness matrix

CTt =
h

e� ij,t (H)
i k

i,j=1
. (5)

The diagonal elements of CTt capture own-variance shares. We therefore isolate the cross-asset spillover

17The lag order is selected by the Bayesian information criterion. The TVP-VAR is estimated with time-varying
covariance matrices following the connectedness literature. Appendix C provides the full technical details.
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network by removing the diagonal:

A t = CT t � diag(CT t ). (6)

The matrix A t contains only cross-asset liquidity spillovers. If shocks transmitted through this network feed

back across assets, the total impact of an initial illiquidity shock can exceed its �rst-round e�ect.

Motivated by this feedback logic, we de�ne the multiplier matrix as

M t = (I � A t ) �1 . (7)

When the system is stable, this matrix admits the expansion

M t = I + A t + A 2
t + A 3

t + � � � . (8)

The identity matrix captures the direct e�ect of a shock, A t captures �rst-round cross-asset spillovers, and

the higher-order terms capture subsequent feedback through the liquidity network. Thus, stronger cross-asset

spillovers imply a larger network multiplier and a more fragile liquidity system.

Our main illiquidity multiplier is the average diagonal element of M t :

� diag
t =

1
k

kX

i=1

[M t ]ii . (9)

This measure captures the average extent to which an illiquidity shock to an asset is ampli�ed through the

network and eventually feeds back to the originating asset. We use TCIt as the baseline measure of liquidity

connectedness and �diag
t as our main theory-guided proxy for the illiquidity multiplier.

4.2 Liquidity Spillover in the Crypto Network

This subsection examines whether liquidity shocks among major cryptocurrencies are transmitted

through a cross-asset network and whether such transmission is associated with ampli�cation. We focus

on a representative set of large, liquid, and long-lived cryptocurrencies. This choice allows us to estimate

a stable connectedness system over a long sample period and to focus on assets that are central to crypto-

market price discovery. The evidence should therefore be interpreted as liquidity connectedness among major

cryptocurrencies, rather than as a complete network of all traded tokens.

Table 2 reports the full-sample liquidity connectedness matrix for the nine core cryptocurrencies. The

table shows strong cross-asset liquidity spillovers. The TCI is 72.15%, indicating that a large share of the

forecast error variance in individual illiquidity is explained by shocks from other assets in the network. The

diagonal entries are relatively modest, ranging from 22.56% for ETH to 35.86% for TRX. Thus, even for assets
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with relatively high own persistence, cross-asset shocks account for the majority of illiquidity �uctuations.

This suggests that illiquidity in major cryptocurrencies is not primarily an isolated asset-level phenomenon.

The directional measures reveal additional heterogeneity in the liquidity network. ETH, LTC, and TRX

are net transmitters of liquidity shocks, while XMR, BCH, XLM, and ADA are net receivers. BTC is close

to balanced, with a net connectedness of -0.70. This pattern is useful for interpretation. BTC is central to

the crypto market, but its liquidity shocks are not the only source of system-wide spillovers. Other large

assets, especially ETH and LTC, also transmit liquidity conditions to the broader network. The evidence

therefore points to a multi-asset liquidity system rather than a one-factor structure driven only by BTC.

Table 3 summarizes the time-varying connectedness and multiplier measures. The mean TCI is 72.15,

with a standard deviation of 5.82 and a range from 57.70 to 84.39, showing that liquidity connectedness

is persistently high but still varies substantially over time. The spectral radius of the o�-diagonal spillover

network has a mean of 0.729 and a maximum of 0.844. Since the multiplier matrix is well de�ned when

the spectral radius is below one, these estimates indicate that the system remains stable over the sample.

Besides, the spectral radius is su�ciently large to allow economically meaningful feedback ampli�cation.

The multiplier measures have sizable magnitudes. Panel A shows that the average diagonal multiplier,

� diag , has a mean of 1.245 and reaches a maximum of 1.517. Interpreted through the network expansion,

this means that feedback through the liquidity network increases the impact of an initial illiquidity shock

beyond its direct e�ect. The maximum diagonal multiplier, � max , is larger on average, indicating that some

assets are more exposed to feedback ampli�cation than the average asset in the system. The loop measures

are also positive throughout the sample, suggesting that liquidity connectedness is not only a collection of

one-step spillovers but also contains higher-order feedback paths.

Panel B shows that the connectedness and multiplier measures are highly correlated. The correlation

between TCI and � diag is 0.961, and the correlation between �(At ) and � diag is 0.976. This high correlation

is expected because all measures are constructed from the same underlying spillover network. We therefore

do not interpret the illiquidity multiplier as an independent factor unrelated to connectedness. Rather, its

role is to map the pairwise connectedness matrix into a feedback-ampli�cation object that is closer to the

theoretical notion of an illiquidity multiplier. In the empirical analysis, TCI serves as the baseline measure

of system-wide liquidity connectedness, while �diag captures the feedback component of that connectedness.

Figure 3 plots the weekly time-series of TCI and the illiquidity multiplier. The two series move closely

together, but the �gure is informative beyond this correlation. Both measures are low and relatively stable in

normal periods, rise sharply around the COVID-19 crash, and remain elevated through several major stress

episodes in 2020�2022. The increases around the China mining-ban episode and the Terra/Luna collapse are

particularly pronounced. The FTX episode is also associated with elevated connectedness and ampli�cation,

14



although the peak is smaller than during some earlier stress periods. This suggests that not all crisis events

a�ect the liquidity network in the same way. Some episodes appear to generate broad liquidity transmission

across major assets, while others are more localized or shorter-lived in their network impact.

Figure 4 compares the illiquidity multiplier with the illiquidity of Bitcoin and Ethereum. The �g-

ure highlights that the multiplier is not simply a restatement of benchmark-asset illiquidity. Bitcoin and

Ethereum illiquidity are more volatile and display sharp short-lived spikes, while the multiplier is smoother

and more persistent. High-multiplier periods often overlap with episodes of deteriorating liquidity in Bitcoin

or Ethereum, but the relation is far from mechanical.

During the COVID-19 crash, Bitcoin and Ethereum illiquidity rise together with the illiquidity multi-

plier, suggesting that deterioration in benchmark-asset liquidity coincided with stronger cross-asset liquidity

transmission. A similar pattern appears around the May 2021 crash, when benchmark-asset illiquidity and

the system-wide multiplier both move upward. The FTX episode shows a related, though less extreme,

pattern: the multiplier increases together with benchmark-asset illiquidity, indicating market-wide liquidity

stress, but the degree of network ampli�cation is smaller than during the 2020�2021 episodes.

The Terra/Luna collapse displays a di�erent pattern. Bitcoin and Ethereum illiquidity spike sharply

around the collapse window, while the multiplier does not rise commensurately and instead declines. This

divergence suggests that the Terra shock generated severe realized liquidity stress in benchmark assets, but

did not translate into the same degree of persistent ampli�cation captured by our liquidity-network multiplier.

One plausible interpretation is that the Terra episode operated mainly through the UST stablecoin run,

the LUNA�UST stabilization mechanism, and the liquidation of Bitcoin reserves used to defend the peg.

These channels can generate large trading stress in Bitcoin and Ethereum without necessarily producing

sustained feedback ampli�cation across the broader liquidity network. More broadly, Figure 4 shows that

high illiquidity in Bitcoin or Ethereum is neither necessary nor su�cient for a high illiquidity multiplier.

Benchmark-asset illiquidity captures realized trading stress in core assets, whereas the multiplier captures

the market's estimated capacity to transmit and reinforce liquidity shocks across assets.

Table 4 provides regression evidence on the state-dependent nature of liquidity ampli�cation. Column

(1) shows that lagged TCI is negatively associated with current illiquidity after controlling for observable

market conditions and coin �xed e�ects. This unconditional relation should not be interpreted as evidence

against liquidity ampli�cation. High connectedness may also characterize periods in which major cryptocur-

rency markets are more integrated, actively traded, and liquid. Column (2) therefore allows the e�ect of

connectedness to depend on the asset's initial liquidity condition by adding lagged illiquidity and its interac-

tion with lagged TCI. Lagged illiquidity is highly persistent, with a coe�cient of 0.702, and the interaction

between lagged illiquidity and lagged TCI is positive and statistically signi�cant. This result implies that
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connectedness does not mechanically raise illiquidity in all states. Instead, its e�ect is conditional on ex-

isting liquidity stress: when an asset is already illiquid, stronger connectedness is associated with greater

persistence of that illiquidity. Equivalently, liquidity shocks are more likely to be reinforced when the asset

is embedded in a more connected liquidity network. For an asset one standard deviation above average

lagged illiquidity, the estimated marginal e�ect of TCI becomes positive, indicating that high connectedness

ampli�es rather than absorbs existing liquidity stress. This state dependence is central to the multiplier

interpretation. Connectedness is not simply a source of illiquidity; it is a market-state variable that governs

whether liquidity shocks remain local or become more persistent through the cross-asset network.

4.3 Information Risk and Liquidity Ampli�cation

The illiquidity multiplier interpretation suggests that liquidity ampli�cation should be stronger when

information risk is elevated (Cespa and Foucault, 2014). We examine this implication using two comple-

mentary proxies. The �rst is VPIN, the volume-synchronized probability of informed trading, estimated

for Bitcoin and Ethereum using one-minute high-frequency intraday data following Easley et al. (2012) and

Easley et al. (2024). VPIN is designed to capture order-�ow toxicity: when buy and sell imbalances become

more informative about adverse selection risk, liquidity providers face greater uncertainty and may reduce

liquidity supply. The second proxy is aggregate idiosyncratic volatility, which captures the extent of asset-

speci�c uncertainty in the broader cryptocurrency market. Together, these measures allow us to examine

whether information risk is associated with stronger liquidity spillovers and ampli�cation.

Figure 5 plots the illiquidity multiplier together with the VPIN measures for Bitcoin and Ethereum.

The �gure shows that the relation between information risk and liquidity ampli�cation is meaningful but not

mechanical. In the early part of the sample, VPIN is relatively low and stable, while the multiplier moves

independently and rises sharply during the COVID-19 crash. This suggests that the COVID episode was a

broad liquidity-stress event not fully captured by order-�ow toxicity in Bitcoin or Ethereum. In contrast,

during 2021 and 2022, VPIN rises substantially, especially for Ethereum, and several of these high-VPIN

periods overlap with elevated values of the illiquidity multiplier. This pattern is consistent with the idea

that information-intensive trading in core assets can coincide with stronger system-wide liquidity fragility.

The �gure also reveals a di�erence between Bitcoin and Ethereum. Ethereum VPIN is more volatile

and reaches higher peaks during several stress periods, while Bitcoin VPIN is generally smoother and lower.

This di�erence is informative. Ethereum is closely connected to the broader token, DeFi, and smart-contract

ecosystem, so order-�ow toxicity in Ethereum may contain information about a wider set of crypto-market

conditions. Bitcoin, by contrast, is the dominant benchmark and reserve asset, but its order-�ow toxicity does

not always move one-for-one with the broader network multiplier. This distinction motivates the regression
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analysis below, where we separately examine whether Bitcoin and Ethereum VPIN have direct and spillover

e�ects on cryptocurrency illiquidity.

Table 5 provides regression evidence on the direct and spillover e�ects of VPIN. Bitcoin VPIN is

positively associated with Bitcoin's own illiquidity, and it also predicts higher illiquidity among the remaining

major cryptocurrencies and the broader altcoin universe. The coe�cient is similar for Bitcoin's own illiquidity

and the other top cryptocurrencies, but becomes smaller when the dependent-variable sample expands to all

remaining altcoins. This pattern suggests that information risk in Bitcoin is most strongly re�ected among

large and closely connected assets, while its e�ect is weaker but still present in the broader market.

The Ethereum results are stronger. Ethereum VPIN has a larger direct association with its illiquidity

and larger spillover coe�cients for both the top-crypto sample and the full altcoin sample. The di�erence is

economically meaningful: the coe�cient on Ethereum VPIN is 0.104 for its own illiquidity, 0.091 for the other

major cryptocurrencies, and 0.056 for all remaining altcoins. This pattern is consistent with Ethereum's role

as an information-relevant hub for the broader token ecosystem. When order �ow in Ethereum becomes

more toxic, liquidity conditions deteriorate not only in Ethereum itself but also in related crypto assets.

However, these results should be interpreted as conditional associations rather than causal estimates.

VPIN may capture informed trading pressure, but it can also rise during periods of intense news, volatility,

or market stress. The regressions include market condition controls, as well as coin �xed e�ects in the panel

speci�cations, but they do not isolate an exogenous shock to informed trading. The evidence is therefore

best read as supporting an information-risk interpretation of liquidity spillovers: when order �ow in core

assets becomes more toxic, illiquidity tends to rise not only locally but also across related cryptocurrencies.

Table 6 complements the VPIN analysis by asking whether aggregate asset-speci�c uncertainty predicts

liquidity connectedness. We assume that liquidity providers rely more on cross-asset information when

individual assets become harder to value, then market-wide idiosyncratic uncertainty should be associated

with stronger liquidity spillovers in the sense of Cespa and Foucault (2014). We test this implication using

the lagged cross-sectional average of idiosyncratic volatility, estimated from both a single CAPM crypto

market model and the Liu et al. (2022) three-factor model over alternative rolling windows.

The results are consistently positive. Across both CAPM and LTW 3 factor models and all rolling win-

dows, lagged aggregate idiosyncratic volatility is positively associated with the Total Connectedness Index.

The coe�cients are small and only marginally signi�cant in the 12-week speci�cation, but become larger

and more statistically signi�cant for the 24-, 36-, and 52-week windows. This pattern suggests that more

persistent asset-speci�c uncertainty is especially relevant for liquidity connectedness. When idiosyncratic

uncertainty is elevated across the market, liquidity shocks are more likely to become interconnected rather

than remaining isolated within individual assets.
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Taken together, the VPIN and IVOL results suggest that liquidity ampli�cation is closely related to

information conditions in cryptocurrency markets. VPIN shows that order-�ow toxicity in core assets is

associated with both direct illiquidity and cross-asset spillovers. Aggregate IVOL shows that connectedness

becomes stronger when asset-speci�c uncertainty is high across the market. These �ndings are consistent

with the cross-asset learning interpretation: when information risk is elevated, liquidity providers face a

noisier signal environment, and liquidity shocks are more likely to propagate through the market network.

5 The Illiquidity Multiplier and Cross-Sectional Repricing

This section examines the asset-pricing implications of liquidity ampli�cation. The liquidity-risk lit-

erature suggests that expected returns may re�ect both asset-level illiquidity and exposure to aggregate

liquidity conditions. We therefore distinguish three related questions. First, does own illiquidity or ex-

posure to liquidity shocks earn an unconditional return premium? Second, does the illiquidity multiplier

change the pricing of asset-level illiquidity? Third, when multiplier shocks occur, which assets are repriced

most strongly? This structure allows us to separate conventional liquidity premia from the state-dependent

repricing e�ects associated with liquidity ampli�cation.

5.1 Benchmark Liquidity Pricing

A useful starting point is the distinction between illiquidity as a characteristic and liquidity risk as a

covariance exposure. Classic liquidity asset-pricing models, especially Acharya and Pedersen (2005), imply

that investors may require compensation for holding illiquid assets and for holding assets that perform

poorly in bad aggregate liquidity states. This distinction is important in our setting. A cryptocurrency may

earn high returns because it is costly to trade, or because it performs poorly when market-wide liquidity

conditions deteriorate. These two channels have di�erent economic interpretations. The �rst is an asset-level

illiquidity characteristic; the second is a systematic liquidity-risk exposure. We therefore separately examine

own Amihud illiquidity, exposure to market illiquidity shocks, and exposure to illiquidity multiplier shocks.

Table 7 implements this benchmark using weekly quintile portfolio sorts. At the beginning of each week,

cryptocurrencies are sorted into �ve portfolios based on lagged own Amihud illiquidity, market illiquidity

beta, or illiquidity multiplier beta. Market illiquidity is the value-weighted average Amihud illiquidity across

cryptocurrencies. The multiplier is our network-based measure of liquidity ampli�cation. The two beta

measures are estimated from rolling 52-week regressions of weekly excess returns on the crypto market

return and shocks to market illiquidity or the illiquidity multiplier. We orient both betas so that larger

values indicate greater losses when liquidity conditions deteriorate. The table reports equal-weighted and

value-weighted returns for the Low and High portfolios and their High-minus-Low spreads.
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Table 7 provides two useful benchmark facts. First, own Amihud illiquidity is positively related to

future returns in equal-weighted portfolios, but this relation disappears in value-weighted portfolios. The

pattern is consistent with an illiquidity premium that is mainly present among smaller or more peripheral

cryptocurrencies. In contrast, the beta sorts provide little evidence of an unconditional systematic liquidity-

risk premium. The High-minus-Low spreads for market illiquidity beta and multiplier beta are small and

insigni�cant in both equal-weighted and value-weighted portfolios. This weak beta-pricing result is important

for interpretation: the multiplier may matter for prices, but not as a standard unconditional risk factor.

Table 8 provides a state-dependent extension of the benchmark illiquidity sort. We repeat the own-

illiquidity sort separately in low- and high-multiplier states, de�ned by the median value of the illiquidity

multiplier. In low-multiplier weeks, the illiquidity spread is negative and marginally signi�cant. In high-

multiplier weeks, the spread turns positive, although it is not statistically signi�cant on its own. The

di�erence between the two spreads is 0.860% per week, with a t-statistic of 1.73. Thus, the evidence does

not indicate a strong standalone illiquidity premium in high-multiplier weeks. Instead, it suggests that the

return spread between illiquid and liquid cryptocurrencies increases when liquidity ampli�cation is high.

5.2 Multiplier Shocks and Cross-Sectional Repricing

We next examine how cryptocurrencies are repriced when liquidity ampli�cation unexpectedly increases.

The portfolio sorts above focus on average return premia associated with liquidity characteristics or liquidity-

risk betas. They do not directly show which assets absorb shocks when the multiplier itself changes. We

therefore focus on innovations in the illiquidity multiplier and ask whether ampli�cation shocks are trans-

mitted broadly across the crypto cross-section or concentrated in particular segments of the market.

Table 9 implements this test using conditional quintile portfolio sorts. Multiplier shocks are measured

as innovations from a �rst-order autoregressive model of the illiquidity multiplier. We classify weeks in the

bottom and top 30% of these innovations as low- and high-shock weeks. Within each shock state, cryptocur-

rencies are sorted into �ve portfolios based on lagged Amihud illiquidity, small size, market illiquidity beta,

multiplier beta, or idiosyncratic volatility. The table reports the returns of the Low and High portfolios and

their High-minus-Low spreads in both low- and high-shock weeks.

The �rst message from the table is that high multiplier-shock weeks are adverse market states. Across

sorting variables, both Low and High portfolios generally earn negative contemporaneous returns in high-

shock weeks. The more informative result is the cross-sectional distribution of these losses. When sorting on

Amihud illiquidity, the low-illiquidity portfolio loses 3.448% per week, whereas the high-illiquidity portfolio

loses only 0.978%, generating a positive High-minus-Low spread of 2.469%. Similarly, when sorting on small

size, large cryptocurrencies lose 3.326%, while smaller cryptocurrencies lose only 0.164%, producing a High-
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minus-Low spread of 3.162%. Thus, multiplier shocks are associated with broad market stress, but the

contemporaneous losses are concentrated among large and liquid cryptocurrencies.

This pattern is useful because it goes against a simple follower view of smaller cryptocurrencies. Since

the multiplier is constructed from the liquidity network of major assets, one might expect shocks to the

core market to spill over strongly to smaller and less liquid tokens. The evidence does not support such

a one-for-one transmission. Instead, the assets most a�ected in multiplier-shock weeks are those at the

center of trading and liquidity provision. This suggests that multiplier shocks are �rst absorbed in the core

trading network, where price discovery, leverage, and liquidity supply are most concentrated, rather than

immediately generating a broad peripheral �re-sale episode.

The remaining sorts provide a useful contrast. In high-shock weeks, the High-minus-Low spreads based

on market illiquidity beta, multiplier beta, and idiosyncratic volatility are small and statistically insigni�cant.

Hence, the repricing pattern is not well summarized by conventional beta-based liquidity exposures or by

a simple high-volatility channel. The stronger distinction is between core and peripheral assets: large

and liquid cryptocurrencies bear the sharpest contemporaneous repricing, while smaller and more illiquid

assets are relatively insulated in the same weeks. Appendix Table IA.3 reports slope-state regressions with

additional controls and yields a similar, although weaker, pattern.

5.3 Delayed Responses after Multiplier Shocks

The evidence above shows that multiplier shocks are associated with stronger contemporaneous declines

among large and liquid cryptocurrencies. A natural alternative interpretation is that smaller or more illiquid

cryptocurrencies may simply react with delay. If prices in peripheral tokens adjust more slowly, the absence

of large contemporaneous losses among these assets would not necessarily imply insulation from core liquidity

shocks. We therefore examine whether smaller or more illiquid cryptocurrencies underperform, or experience

stronger liquidity deterioration, after multiplier-shock weeks.

Table 10 addresses this possibility. We repeat the conditional sorts on lagged Amihud illiquidity and

small size, but examine several outcomes around multiplier-shock weeks: contemporaneous returns, next-

week returns, two-week future returns, and next-week changes in log Amihud illiquidity. The table reports

results separately for low- and high-multiplier-shock weeks. This design allows us to ask whether the relative

resilience of smaller and more illiquid assets in high-shock weeks is reversed in subsequent weeks.

The results do not support a delayed peripheral-crash interpretation. In high multiplier-shock weeks,

the High-minus-Low spread based on Amihud illiquidity is 2.469% contemporaneously, and remains positive

over the next week and the next two weeks, at 1.135% and 1.788%, respectively. The small-size sort shows

a similar pattern: smaller cryptocurrencies outperform larger ones by 3.162% in the shock week, 1.734% in
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the next week, and 3.369% over the following two weeks. Thus, smaller and more illiquid cryptocurrencies

do not subsequently underperform after multiplier shocks. If anything, their relative performance remains

positive over short horizons.

The liquidity-change results lead to the same conclusion. In high multiplier-shock weeks, the next-week

change in log Amihud illiquidity does not increase more for smaller or more illiquid cryptocurrencies. The

High-minus-Low spread in D log(1 + ILLIQ) t+1 is negative for the Amihud-illiquidity sort and close to zero

for the small-size sort. We interpret these estimates cautiously because changes in illiquidity may partly

re�ect mean reversion, especially for assets sorted on lagged illiquidity. Nevertheless, the evidence does not

indicate stronger delayed liquidity deterioration among peripheral assets.

Overall, Table 10 reinforces the interpretation that multiplier shocks capture core-market repricing

rather than a delayed broad-based �re sale. The core liquidity network absorbs the strongest contemporane-

ous price adjustment, and the shock does not subsequently translate into larger losses or stronger liquidity

deterioration among smaller and more illiquid cryptocurrencies. This distinction is important: although

the multiplier is constructed from major cryptocurrencies, it does not simply proxy for shocks that are

mechanically passed through to the entire crypto cross-section.

6 Conclusion

This paper studies liquidity in cryptocurrency markets. We document that crypto illiquidity is highly

time-varying, related to observable network, mining, and investment conditions, and only partly explained

by these conditions. Liquidity innovations contain a sizable common market-wide component, suggesting

that crypto liquidity is not merely an asset-level trading friction.

Motivated by theories of cross-asset learning, we next examine whether liquidity shocks are transmit-

ted and ampli�ed across major cryptocurrencies. We construct an illiquidity multiplier from the liquidity

spillover network to capture feedback ampli�cation through cross-asset linkages. The multiplier rises in

several stress periods, strengthens the persistence of existing illiquidity, and is closely related to information-

risk proxies. Order-�ow toxicity in Bitcoin and Ethereum predicts both local and cross-asset illiquidity,

while aggregate idiosyncratic volatility predicts stronger liquidity connectedness. These �ndings suggest

that liquidity ampli�cation is stronger when information risk is elevated.

The asset-pricing evidence further clari�es the role of the multiplier. Conventional liquidity-risk betas

based on market illiquidity or multiplier shocks do not earn clear unconditional premia, while own illiquidity

is priced mainly among smaller cryptocurrencies. By contrast, multiplier shocks have state-contingent pricing

implications. When the illiquidity multiplier unexpectedly rises, losses are concentrated among large and

liquid cryptocurrencies, and these shocks do not subsequently lead to delayed underperformance or stronger
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liquidity deterioration among smaller or more illiquid assets. This result provides suggestive evidence that

multiplier shocks capture core-market repricing rather than a broad delayed �re sale.

Overall, the results recast crypto illiquidity as a connected and information-sensitive market state. This

perspective helps explain why liquidity shocks in crypto markets can be transmitted and ampli�ed through

the core trading network, with important implications for market fragility and cross-sectional repricing.
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Table 1: Cryptocurrency Illiquidity and Market Conditions

(return to main text)

Notes: This table reports panel regressions examining how economic condition impacts cryptocurrency illiquidity.
The dependent variable is the Abdi and Ranaldo (2017) illiquidity measure (AR). The regression speci�cation is:

AR i,t = � +
X

� k Driver k,t + � i + " i,t ,

where Driver k,t represents various liquidity determinants of demand, supply, and market factors. P C denotes the
�rst principal component extracted from a set of underlying variables within each category (see Table IA.1 for detailed
de�nitions). Columns (1)�(3) examine each category of drivers separately, while Column (4) presents the full model
with all factors. All continuous variables are standardized. Standard errors (in parentheses) are double-clustered at
the coin and date levels. ***, **, and * indicate signi�cance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Variable AR i,t AR i,t AR i,t AR i,t

Panel A: Network Demand

PCNetworkUsage -0.062*** -0.010*
(0.006) (0.005)

PCValueTrasnfer 0.021* 0.036***
(0.011) (0.012)

PCBlockSpace 0.048*** 0.017***
(0.008) (0.005)

Panel B: Mining Conditions

PCElecCost -0.084*** -0.120***
(0.015) (0.014)

PCPowerCondition 0.019*** 0.031***
(0.005) (0.005)

ASCI 0.094*** -0.035***
(0.008) (0.013)

Panel C: Investment Environment

ATT 0.105*** 0.124***
(0.010) (0.013)

VIX 0.052*** 0.011
(0.011) (0.011)

FSI -0.042*** 0.034***
(0.013) (0.012)

FGI -0.006 -0.025***
(0.007) (0.007)

Coin FE Yes Yes Yes Yes
Observations 544,000 544,000 539,447 539,447
Adj. R 2 0.060 0.068 0.069 0.076
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Table 2: Liquidity Spillover across Major Cryptocurrencies

(return to main text)

Notes: This table reports the full-sample liquidity connectedness matrix, where the system is modeled using the
weekly illiquidity (AR) of each cryptocurrency from Abdi and Ranaldo (2017). The connectedness framework follows
Diebold and Y�lmaz (2014), utilizing a VAR(1) speci�cation based on the Bayesian Information Criterion (BIC).
The ij-th entry represents the directional liquidity spillover from asset j to asset i. The diagonal elements (in bold)
measure the asset's own-spillover, representing the portion of liquidity forecast error variance explained by its own
shocks. The �FROM� column computes the total spillovers received by an asset from all others, while the �TO� row
measures the total spillovers transmitted by an asset to the rest of the system. �Inc.Own� (Including Own) is the
sum of the �TO� row and the asset's own-persistence (diagonal element), representing its total impact on the entire
system. �NET� indicates the net directional connectedness (TO minus FROM). The Total Connectedness Index
(TCI) represents the overall degree of liquidity integration in the cryptocurrency market.

BTC ETH LTC XRP BCH XLM ADA TRX XMR FROM

BTC 23.52 13.81 10.95 8.41 9.06 8.55 7.87 9.64 8.18 76.48
ETH 12.83 22.56 11.77 9.11 9.67 7.22 9.28 9.40 8.16 77.44
LTC 10.72 12.06 23.78 9.88 10.72 7.74 8.95 8.29 7.87 76.22
XRP 8.48 9.68 10.37 28.05 8.45 11.93 8.85 7.72 6.47 71.95
BCH 9.72 11.25 12.11 9.51 26.33 7.17 9.11 7.33 7.46 73.67
XLM 8.81 8.55 8.21 12.55 7.07 30.40 9.39 9.15 5.86 69.60
ADA 7.67 10.79 9.72 9.34 8.44 9.10 27.93 9.28 7.74 72.07
TRX 8.30 9.24 8.52 6.97 6.59 8.65 8.54 35.86 7.33 64.14
XMR 9.25 9.79 8.88 6.93 7.58 6.71 8.57 10.04 32.25 67.75

TO 75.77 85.18 80.53 72.69 67.59 67.08 70.55 70.86 59.08 649.34
Inc.Own 99.30 107.73 104.31 100.74 93.92 97.48 98.48 106.72 91.33 TCI
NET -0.70 7.73 4.31 0.74 -6.08 -2.52 -1.52 6.72 -8.67 72.15%
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Table 3: Summary Statistics of Illiquidity Multiplier Measures

(return to main text)

Notes: This table reports summary statistics and pairwise correlations for the connectedness-based measures used in
our illiquidity multiplier analysis. The illiquidity multiplier is constructed in the spirit of Cespa and Foucault (2014)
(see Section 4.1 for details). The TCI is constructed following the framework of Diebold and Y�lmaz (2014), using
a TVP-VAR(2) speci�cation based on the Bayesian Information Criterion (BIC). �(A t ) is the spectral radius of the
o�-diagonal spillover network A t . � diag is the average diagonal element of (I � A t ) �1 and is our main proxy for the
illiquidity multiplier. � all is the average of all elements in (I � A t ) �1 , and � max is its maximum diagonal element.
Loop2 and Loop3 are de�ned as 1

k tr(A 2
t ) and 1

k tr(A 3
t ), respectively.

TCI �(A t ) � diag � all � max Loop2 Loop3

Panel A. Summary Statistics

Mean 72.148 0.729 1.245 0.425 1.332 0.070 0.042
Std. Dev. 5.816 0.054 0.087 0.094 0.094 0.009 0.010
Min 57.703 0.596 1.107 0.269 1.169 0.050 0.022
Median 71.761 0.724 1.223 0.398 1.311 0.070 0.040
Max 84.390 0.844 1.517 0.712 1.575 0.089 0.066
N 2877 2877 2877 2877 2877 2877 2877

Panel B. Correlations

TCI 1.000
�(A t ) 0.982 1.000
� diag 0.961 0.976 1.000
� all 0.969 0.976 0.999 1.000
� max 0.951 0.954 0.952 0.953 1.000
Loop2 0.968 0.977 0.950 0.949 0.952 1.000
Loop3 0.977 0.996 0.990 0.990 0.954 0.965 1.000
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Table 4: The Impact of TCI and Lagged Illiquidity on Cryptocurrency Illiquidity

(return to main text)

Notes: This table reports panel regressions examining the dynamic impact of the Total Connectedness Index (TCI)
and lagged illiquidity on current cryptocurrency illiquidity. The dependent variable is the illiquidity measure (AR)
from Abdi and Ranaldo (2017). Column (1) reports the baseline e�ect of lagged TCI. Column (2) introduces lagged
illiquidity and its interaction with lagged TCI. The full regression speci�cation is:

AR i,t = � + � 1T CI t�1 + � 2AR i,t�1 + � 3 (T CI t�1 � AR i,t�1 ) + G0Controls i,t + � i + " i,t

where AR i,t is the illiquidity of asset i at time t, T CI t�1 is the one-period lagged Total Connectedness Index, and
� i denotes coin �xed e�ects. Both models include demand, supply, and market-level control variables. To avoid
mechanical correlation, the 9 core assets used to construct the TCI are excluded from the sample. All continuous
variables are standardized. Standard errors (in parentheses) are double-clustered at the coin and date levels. ***,
**, and * indicate signi�cance at the 1%, 5%, and 10% levels, respectively.

(1) (2)
Variable AR i,t AR i,t

TCI t-1 -0.050*** -0.022***
(0.008) (0.006)

AR i,t-1 0.702***
(0.103)

TCI t-1 � AR i,t-1 0.087**
(0.040)

Controls Yes Yes
Coin FE Yes Yes

Observations 414,953 414,952
Adj. R 2 0.073 0.447
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Table 5: The Impact of VPIN on Cryptocurrency Illiquidity

(return to main text)

Notes: This table reports regression results examining the direct and cross-asset spillover e�ects of informed trading
(VPIN) from Bitcoin (Columns 1-3) and Ethereum (Columns 4-6) on cryptocurrency illiquidity. The dependent
variable is the illiquidity measure (AR) from Abdi and Ranaldo (2017). For each core asset, we estimate three
models: the �rst model (Columns 1 and 4) examines the direct impact on its own illiquidity; the second model
(Columns 2 and 5) tests the spillover e�ect on the remaining top 9 cryptocurrencies; the third model (Columns 3
and 6) evaluates the systemic spillover to all other remaining altcoins. The regression speci�cation is:

AR i,t = � + �V P IN c,t + G0Controls i,t + � i + " i,t

where V P INc,t is the informed trading probability for Bitcoin (c = BT C) or Ethereum (c = ET H), and � i denotes
coin �xed e�ects (included in multi-coin panel regressions). All continuous variables are standardized. Standard errors
(in parentheses) are robust to heteroskedasticity for single-asset time-series models, and double-clustered at the coin
and date levels for panel models. ***, **, and * indicate signi�cance at the 1%, 5%, and 10% levels, respectively.

Bitcoin (c = BTC) Ethereum (c = ETH)

(1) (2) (3) (4) (5) (6)
Direct Top 9 Spil. All Spil. Direct Top 9 Spil. All Spil.

Variable AR i,t AR i,t AR i,t AR i,t AR i,t AR i,t

VPIN BTC,t 0.037*** 0.036*** 0.011**
(0.006) (0.006) (0.005)

VPIN ETH,t 0.104*** 0.091*** 0.056***
(0.005) (0.010) (0.009)

Controls Yes Yes Yes Yes Yes Yes
Coin FE No Yes Yes No Yes Yes

Observations 1,725 13,800 537,609 1,725 13,800 537,609
Adj. R 2 0.315 0.293 0.076 0.518 0.352 0.078
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Table 6: The Impact of Aggregate Idiosyncratic Volatility on TCI

(return to main text)

Notes: This table reports time-series regressions examining the impact of aggregate idiosyncratic volatility (IVOL)
on the Total Connectedness Index (TCI). The dependent variable is the weekly Total Connectedness Index (T CI t ).
The regression speci�cation is:

T CI t = � + � IV OL t�1 + G0Controls t + " t

where IV OL t�1 is the one-week lagged cross-sectional average of idiosyncratic volatility across all assets. We esti-
mate IVOL using a single-factor cryptocurrency market model (MKT ) and the cryptocurrency three-factor model
proposed by Liu et al. (2022) (LT W 3), computed over 12-week, 24-week, 36-week, and 52-week rolling windows.
All models include weekly-averaged demand, supply, and market-level control variables. All continuous variables are
standardized. Newey-West standard errors with a maximum lag of 4 weeks are reported in parentheses to account
for autocorrelation and heteroskedasticity. ***, **, and * indicate signi�cance at the 1%, 5%, and 10% levels, respec-
tively.

12-Week Window 24-Week Window 36-Week Window 52-Week Window

(1) (2) (3) (4) (5) (6) (7) (8)
Variable TCI t TCI t TCI t TCI t TCI t TCI t TCI t TCI t

Model: MKT LTW3 MKT LTW3 MKT LTW3 MKT LTW3

IVOL t�1 0.257* 0.302** 0.543*** 0.549*** 0.550*** 0.538*** 0.696*** 0.584**
(0.144) (0.142) (0.160) (0.156) (0.180) (0.181) (0.214) (0.229)

Controls Yes Yes Yes Yes Yes Yes Yes Yes

Observations 353 353 353 353 353 353 344 344

Table 7: Unconditional Liquidity Pricing

(return to main text)

Notes: This table reports unconditional quintile portfolio sorts. Each week, cryptocurrencies are sorted into �ve
portfolios based on the lagged sorting variable. Own Amihud illiquidity is computed following Amihud (2002), with
higher values indicating worse liquidity. Market illiquidity is measured as the value-weighted average illiquidity across
cryptocurrencies. The Illiquidity Multiplier is constructed in the spirit of Cespa and Foucault (2014) with the use of
� diag

t measure (see Section 4.1). Market Illiquidity Beta and Illiquidity Multiplier Beta are estimated from rolling
52-week regressions of weekly excess returns on the market return and shocks to market illiquidity or the illiquidity
multiplier, respectively. Both betas are oriented so that larger values indicate greater losses when liquidity conditions
deteriorate. The table reports the average excess returns of the Low and High portfolios and the High-minus-Low
spread. Returns are in percentage points. Newey�West t-statistics are reported in parentheses. The sample period
is 2018�2025. ***, **, and * indicate signi�cance at the 1%, 5%, and 10% levels, respectively.

Equal-Weighted Value-Weighted

Sorting Variable Low High High-Low Low High High-Low

Own Amihud Illiquidity -0.236 1.339*** 1.576*** 0.496 0.388 -0.108
(-0.37) (2.72) (6.68) (1.03) (0.86) (-0.42)

Market Illiquidity Beta 0.516 0.418 -0.098 0.561 0.628 0.067
(0.86) (0.69) (-0.73) (0.89) (0.99) (0.19)

Illiquidity Multiplier Beta 0.461 0.610 0.149 0.421 0.490 0.069
(0.79) (1.00) (1.02) (0.68) (0.79) (0.18)
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Table 8: Illiquidity Premium across Multiplier States

(return to main text)

Notes: This table reports state-dependent portfolio sorts on own illiquidity. Weeks are �rst classi�ed into low-
and high-multiplier states based on the median value of illiquidity multiplier, which is constructed in the spirit of
Cespa and Foucault (2014) with the use of � diag

t measure (see Section 4.1). Within each state, cryptocurrencies are
sorted into quintile portfolios based on lagged own Amihud (2002) illiquidity. The last row reports the di�erence
between high- and low-multiplier states. Returns are in percentage points. Newey�West t-statistics are reported in
parentheses. ***, **, and * indicate signi�cance at the 1%, 5%, and 10% levels, respectively.

Multiplier State 1 (Low) 2 3 4 5 (High) High-Low

Low IM -0.086 -1.753** -1.555** -1.461** -0.711 -0.625
(-0.14) (-2.45) (-2.34) (-2.39) (-1.45) (-1.60)

High IM 1.376** 0.826 0.686 0.423 1.611** 0.234
(2.13) (0.98) (0.80) (0.57) (2.46) (0.71)

High-Low 1.462 2.579** 2.241** 1.884** 2.322*** 0.860*
(1.63) (2.31) (2.05) (1.97) (2.77) (1.73)

Table 9: Conditional Returns around Illiquidity Multiplier Shocks

(return to main text)

Notes: This table reports conditional quintile portfolio sorts around shocks to the illiquidity multiplier. Multiplier
shocks are measured as AR(1) innovations in the illiquidity multiplier. Low- and high-shock weeks are de�ned as
the bottom and top 30% of multiplier shocks, respectively. Within each shock state, cryptocurrencies are sorted
into �ve portfolios based on the lagged sorting variable. �Low� denotes Portfolio 1 and �High� denotes Portfolio
5. �High-Low� is the return di�erence between Portfolio 5 and Portfolio 1. Own Amihud illiquidity is computed
following Amihud (2002), with higher values indicating worse liquidity. Small Size is de�ned so that higher values
correspond to smaller cryptocurrencies. Market Illiquidity Beta and Illiquidity Multiplier Beta are estimated from
rolling 52-week regressions of weekly excess returns on the market return and shocks to market illiquidity or the
illiquidity multiplier, respectively. Both betas are oriented so that larger values indicate greater losses when liquidity
conditions deteriorate. Returns are contemporaneous weekly excess returns in percentage points. Newey�West t-
statistics are reported in parentheses. ***, **, and * indicate signi�cance at the 1%, 5%, and 10% levels, respectively.

Low IM-Shock Weeks High IM-Shock Weeks

Sorting Variable Low High High-Low Low High High-Low

Own Amihud Illiquidity 1.748* 2.883*** 1.135*** -3.448*** -0.978 2.469***
(1.81) (3.23) (3.58) (-3.32) (-1.22) (5.92)

Small Size (-Size) 1.652* 3.274*** 1.622*** -3.326*** -0.164 3.162***
(1.72) (3.44) (4.88) (-3.20) (-0.19) (8.09)

Market Illiquidity Beta 1.936* 2.140* 0.204 -2.523** -2.370** 0.153
(1.81) (1.85) (0.88) (-2.35) (-2.49) (0.55)

Illiquidity Multiplier Beta 2.095* 2.177** 0.082 -2.228** -2.466** -0.239
(1.95) (1.99) (0.34) (-2.22) (-2.43) (-0.95)

Idiosyncratic Volatility 1.804** 1.903* 0.098 -2.340*** -2.429** -0.089
(2.31) (1.93) (0.23) (-2.84) (-2.27) (-0.17)
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Table 10: Delayed Responses after Multiplier Shocks

(return to main text)

Notes: This table examines whether more illiquid or smaller cryptocurrencies react with delay after shocks to the
illiquidity multiplier, IM t . Multiplier shocks are measured as AR(1) innovations in IM t . Low- and high-shock weeks
are de�ned by the bottom and top 30% of multiplier shocks, respectively. Within each shock state, cryptocurrencies
are sorted into �ve portfolios based on lagged Amihud illiquidity or lagged small size. �Low� denotes Portfolio 1 and
�High� denotes Portfolio 5. �High-Low� is the di�erence between Portfolio 5 and Portfolio 1. Return outcomes are in
percentage points, where t is the multiplier-shock week. D log(1 + ILLIQ) t+1 is the next-week change in log Amihud
illiquidity. Newey�West t-statistics are reported in parentheses. ***, **, and * indicate signi�cance at the 1%, 5%,
and 10% levels, respectively.

Low IM-Shock Weeks High IM-Shock Weeks

Outcome Low High High-Low Low High High-Low

Panel A. Sort on Amihud Illiquidity

Return t 1.748* 2.883*** 1.135*** -3.448*** -0.978 2.469***
(1.81) (3.23) (3.58) (-3.32) (-1.22) (5.92)

Return t+1 0.841 1.962** 1.121*** 0.398 1.533** 1.135***
(0.75) (2.19) (2.66) (0.44) (2.22) (3.49)

Return t+1:t+2 0.153 2.270 2.117*** 1.216 3.004** 1.788***
(0.08) (1.39) (3.15) (0.70) (2.38) (2.59)

D log(1 + ILLIQ) t+1 0.035*** -0.077*** -0.113*** 0.025*** -0.054*** -0.079***
(4.05) (-5.77) (-7.32) (3.58) (-3.00) (-4.92)

Panel B. Sort on Small Size (�Size)

Return t 1.652* 3.274*** 1.622*** -3.326*** -0.164 3.162***
(1.72) (3.44) (4.88) (-3.20) (-0.19) (8.09)

Return t+1 0.806 2.576*** 1.771*** 0.293 2.026*** 1.734***
(0.72) (2.62) (4.51) (0.34) (2.91) (4.65)

Return t+1:t+2 -0.071 3.743** 3.814*** 0.880 4.249*** 3.369***
(-0.04) (2.13) (6.85) (0.54) (2.98) (5.00)

D log(1 + ILLIQ) t+1 0.004 -0.001 -0.005 0.008 -0.002 -0.010
(0.58) (-0.07) (-0.48) (0.84) (-0.16) (-0.92)
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(a) Bitcoin

(b) Ethereum

Figure 1: Bitcoin and Ethereum Illiquidity Over Time
(return to main text)

Notes: This �gure presents the weekly dynamics of two liquidity measures, CS (left axis) and AR (right axis), for Bitcoin
(Panel a) and Ethereum (Panel b) over the sample period. CS denotes the closing percentage quoted spread from Corwin and
Schultz (2012), and AR is the Amihud ratio from Abdi and Ranaldo (2017), both re�ecting illiquidity (higher values indicate
greater illiquidity). Gray shaded areas highlight episodes of acute market stress: March 2020 (COVID-19 crash), May�June
2021 (China mining ban), May�June 2022 (Terra/Luna collapse), and November�December 2022 (FTX collapse).
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Figure 2: Liquidity Commonality and Illiquidity for Bitcoin and Ethereum
(return to main text)

Notes: This �gure illustrates the monthly time-series evolution of liquidity commonality (left y-axis) alongside the illiquidity
of Bitcoin and Ethereum (right y-axis). Liquidity commonality is estimated following the decomposition framework of Karolyi
et al. (2012). Asset illiquidity is proxied by the AR measure of Abdi and Ranaldo (2017).
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Figure 3: Illiquidity Multiplier and Total Connectedness Index
(return to main text)

Notes: This �gure illustrates the estimated weekly time-series of the Illiquidity Multiplier (IM, left axis) alongside the Total
Connectedness Index (TCI, left axis) (right axis) based on major cryptocurrencies. The Illiquidity Multiplier is constructed
in the spirit of Cespa and Foucault (2014) with the use of � diag

t measure (see Section 4.1). The TCI is constructed following
the framework of Diebold and Y�lmaz (2014), using a TVP-VAR(2) speci�cation based on the Bayesian Information Criterion
(BIC). Gray shaded areas highlight episodes of acute market stress: March 2020 (COVID-19 crash), May�June 2021 (China
mining ban), May�June 2022 (Terra/Luna collapse), and November�December 2022 (FTX collapse).
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Figure 4: Illiquidity Multiplier and Illiquidity of Bitcoin and Ethereum
(return to main text)

Notes: This �gure illustrates the weekly time-series of the Illiquidity Multiplier (left axis) alongside the illiquidity measures
(right axis) for Bitcoin and Ethereum. The Illiquidity Multiplier is constructed in the spirit of Cespa and Foucault (2014) with
the use of � diag

t measure (see Section 4.1). Asset illiquidity is proxied by the AR measure of Abdi and Ranaldo (2017), which
uses high-low price ranges to capture transaction costs.
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