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Abstract:
Platform-level gas fees serve as a public, real-time, predictive signal of cross-
sectional liquidity risk in blockchain ecosystem tokens. Using a daily panel of 4,224
chain-specific tokens on Ethereum, BNB Chain, and Solana between 2017 and 2025
(2.04 million tokenday observations), gas fees are positively and significantly
associated with token-level log Amihud illiquidity on every ecosystem after broad
market illiquidity controls and two-way clustering on token and date. The
magnitudes differ across chains in ways that line up with their fee-market designs
and are economically substantial. A price-based native-token illiquidity factor also
co-moves with chain-specific tokens, but the direct congestion measure is more
robust to sample composition shifts and absorbs the price-based proxy on BNB
Chain. Co-movement through returns and volatility is weak, consistent with the
result running through trading frictions rather than expected returns or return
variance. The institutional feature behind this result has no analogue in traditional
markets, namely that execution costs in every chain-specific token are set in a
single, system-level fee market for block space, paid in the chain’s native asset.
Because gas fees are public, machine-readable, and available in real time, they offer a
leading indicator for monitoring blockchain-market fragility.

JEL: G12, G14, G23, D44, C23
Keywords: Gas fees, Block space, Illiquidity, Blockchain congestion, Native tokens,
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1. Introduction

Blockchain ecosystems have an institutional feature that traditional asset markets do
not share. Every token that lives on a smart-contract platform is executed through the
same block space, and the price of that block space is set in a single fee market that all
users pay in the platform’s native asset. When the fee market tightens, every trade in
every token on the chain becomes more expensive in lockstep. There is no equivalent of
this in equity markets, where each stock’s transaction cost is set by its own bid-ask spread,
depth, and market impact. The infrastructure cost in blockchain markets is observable,
system-level, and denominated in an asset that users hold and trade alongside the tokens
whose execution it prices.

Here, we ask a direct empirical question. Does variation in platform-level gas fees co-
move with the trading conditions of the chain-specific tokens that run on the platform, in
a way that is statistically robust, economically meaningful, and stable enough to act as a
forward-looking signal?! If gas fees are a binding component of round-trip trading costs,
then in periods when the fee market tightens we should observe higher price impact for the
smaller and less liquid tokens that depend on the platform. The claim we test is conditional
association after token fixed effects, lagged token-level controls, and a broad BTC market-
illiquidity benchmark. This is testable using two observable inputs. The first is a platform-
level series of daily gas fees in U.S. dollars. The second is a token-level illiquidity measure
that captures the price-impact dimension of market quality. The practical claim that
follows is that gas fees, which are public, machine-readable, and available in real time,
can be used as a leading-indicator signal of cross-sectional liquidity risk in chain-specific
tokens.

We construct a daily panel of 4,224 chain-specific tokens issued on Ethereum, BNB
Chain, and Solana between 2017 and 2025, totalling 2.04 million token-day observations.
For each token, we compute log Amihud illiquidity, the standard low-frequency proxy for
price impact (Amihud, 2002; Brauneis et al., 2021). Platform-level gas fees, transaction
counts, and active addresses come from Artemis. Native-token prices and BTC benchmark
series come from reconstructed Binance spot data. We estimate fixed-effects panel regres-
sions of token-level log Amihud illiquidity on platform-level gas fees, the platform-matched
native-token illiquidity factor, and a broad BTC illiquidity benchmark, with two-way clus-
tering on token and date.

The main finding is that gas fees are positively and significantly associated with chain-
specific token illiquidity on every platform. The coefficients are 0.083 on Ethereum, 0.294
on BNB Chain, and 0.037 on Solana, all significant at the 1 or 5 per cent level after
two-way clustering. Because the dependent variable is log Amihud illiquidity, the positive
coefficients mean that a tighter fee market is associated with worse trading conditions for

!By chain-specific token, we mean any non-native token issued on a given platform: ERC-20 tokens
on Ethereum, BEP-20 tokens on BNB Chain, SPL tokens on Solana, and analogous standards on other
chains. The platform’s own native asset (ETH, BNB, SOL) is excluded from the dependent-variable panel
and used only to construct platform-matched native-token factors.



tokens on the same chain. The magnitudes line up qualitatively with platform fee-market
institutions. BNB Chain runs a validator-priority auction with a retail-heavy, small-cap
token universe, where fixed transaction costs bind hardest. Ethereum, post-EIP-1559, has
a base-fee burn mechanism and a deeper professional-tooling ecosystem that mitigates
congestion through batching, mempool optimization, and Layer-2 displacement. Solana’s
localized fee markets make the chain-wide gas-fee variable a noisier measure of the friction
faced by any single token. The cross-platform pattern of coefficients is consistent with
these institutional differences.

The price-based native-token illiquidity factor also co-moves with chain-specific tokens,
with positive and significant coefficients for Ethereum (0.174) and Solana (0.194). The
Ethereum and Solana results survive the inclusion of gas fees. On BNB Chain, the price-
based native factor turns negative in the full sample but is unstable across subperiods, FDV
buckets, and token-age groups, while the gas-fee coefficient is large and uniformly positive.
We interpret this as evidence that the direct operational measure is a more robust predictor
of trading-condition co-movement than the price-based proxy on this ecosystem, especially
when sample composition shifts over time.

We also examine return and volatility dimensions for completeness. Native-token re-
turns do not generate stable contemporaneous co-movement with chain-specific token re-
turns after broad market controls and momentum effects. Estimates are negative in point
but statistically indistinguishable from zero. Native-token volatility co-moves with token-
level volatility for BNB Chain and Solana at the ten per cent level, but the aggregate
coefficient is not robust to BTC volatility controls. These dimensions tell us that the as-
sociation we document is specific to trading frictions rather than to expected returns or
return uncertainty.

We make three contributions. First, we document a blockchain-specific empirical reg-
ularity. Platform-level gas fees, an observable congestion price set at the system level,
predict ecosystem-wide trading-condition deterioration in a way that has no clean equiv-
alent in traditional asset markets. The closest non-crypto parallels are congestion pricing
in transportation (Huberman et al., 2021) and depth-of-market interactions in centralized
limit-order books (Chordia et al., 2000), neither of which features a single system-level
price denominated in a tradable asset. Second, the magnitude differences across Ethereum,
BNB Chain, and Solana provide reduced-form evidence that fee-market design and user
composition shape how strongly congestion translates into illiquidity. This connects the
result to the growing literature on blockchain fee economics (Easley et al., 2019; Donmez
and Karaivanov, 2022; Huberman et al., 2021; Roughgarden, 2021) and on decentralized
exchange microstructure (Lehar and Parlour, 2025; Barbon and Ranaldo, 2026; Aoyagi
and Ito, 2025). Third, the result has a direct practical implication. Gas fees are public,
machine-readable, and available in real time. They constitute a leading-indicator signal of
illiquidity in chain-specific tokens that can be exploited by risk monitors, exchanges, and
regulators interested in ecosystem-level fragility.

The remainder of the paper is organized as follows. Section 2 sets out the institutional
background and the conceptual mechanism. Section 3 describes the data and the empirical
specification. Section 4 reports the main illiquidity results, including the BNB Chain



diagnostic and a regime robustness check. Section 5 reports the auxiliary return and
volatility evidence together with the time-varying rolling-window estimates. Section 6
discusses interpretation, limitations, and implications. Section 7 concludes.

2. Background and Mechanism

Smart-contract blockchains execute transactions in blocks of bounded capacity. When
demand for block inclusion exceeds capacity, users compete on price to be included, paying
transaction fees denominated in the chain’s native token (Huberman et al., 2021; Easley
et al., 2019; Donmez and Karaivanov, 2022). This produces a system-level fee market that
is not specific to any individual token. A trade in an obscure ERC-20 token on Ethereum
is settled through the same fee auction as a trade in a major DeFi token, a stablecoin
transfer, or an NF'T mint. Congestion in any of these segments raises the marginal cost
of execution for all the others. Barbon and Ranaldo (2026) and Lehar and Parlour (2025)
document that this congestion translates into wider deviations and larger execution costs
on decentralized exchanges, particularly for smaller trades. Transaction-ordering rents and
the broader phenomenon of miner or maximal extractable value (MEV) further complicate
the cost of executing trades during congested periods (Daian et al., 2020).

Fee-market design varies across platforms in ways that should matter for transmission.
Ethereum adopted EIP-1559 in August 2021, introducing a base fee that is algorithmi-
cally adjusted to a target utilization and burned, alongside a priority fee paid to validators
(Roughgarden, 2021). BNB Chain operates a more traditional validator-priority auction
with no base-fee burn. Solana uses localized fee markets in which contention is per-state
rather than chain-wide. On Ethereum, the burn mechanism plus a deep set of professional
tools (mempool services, MEV mitigation, batching, Layer-2 displacement) creates insti-
tutional buffers between system-level congestion and the marginal trader. On BNB Chain,
the user base skews toward retail and small-cap tokens (Aspris et al., 2021), for which
fixed per-trade costs are a larger share of trade size and therefore bind harder. On Solana,
system-wide gas fees are a noisier measure of the congestion any single program faces.

Trading conditions are the natural place to look for this congestion effect. The Amihud
price-impact measure (Amihud, 2002) captures absolute returns per unit of trading volume
and is widely used as a low-frequency proxy for market quality in cryptocurrency settings
(Brauneis et al., 2021; Wei, 2018). A binding gas fee operates as a fixed component of
round-trip trading cost. Arbitrageurs and market makers facing higher gas will widen
quotes, reduce inventory turnover, or withdraw from smaller pools entirely, raising the
price impact of the trades that do occur (Lehar and Parlour, 2025; Barbon and Ranaldo,
2026; Makarov and Schoar, 2020). Two observable implications follow. Platform-level
gas fees should be positively associated with token-level log Amihud illiquidity for tokens
on the same chain. The strength of the association should depend on how directly the
system-level fee maps into the marginal trader’s execution cost, which in turn depends
on fee-market design and the trade-size distribution of platform users. A separate, less
direct channel runs through the native token itself. Because gas is paid in the native asset,
native-token illiquidity is correlated with the operational state of the chain. The dual role



of native tokens as both tradable assets and operational fuel for chain-specific activity is
a defining institutional feature of smart-contract platforms (Schér, 2021). A price-based
native-token illiquidity factor therefore proxies for the same underlying congestion, but
with additional noise from speculative price movements unrelated to fee dynamics. If this
is the right interpretation, we should expect the native-token illiquidity factor to transmit
to chain-specific token illiquidity, the gas-fee variable to absorb some of that transmission
when included in the same specification, and the price-based proxy to be less stable than
the direct operational measure when sample composition shifts.

This conceptual setup yields a sharp empirical test. If gas fees summarize system-level
congestion that matters for token-level execution, the platform-level fee variable should be
positively associated with token-level Amihud illiquidity across the cross-section of chain-
specific tokens, after controlling for token fixed effects, lagged token-level conditions, and
broad BTC market illiquidity. The strength of that association, and how it differs across
chains with different fee-market designs, is informative both as a real-time liquidity-stress
signal and as an empirical fingerprint of where the operational fee market most directly
binds on trading conditions.

3. Data and Empirical Specification

The empirical analysis combines three data layers. The token panel is built from Coin-
MarketCap (CMC) at daily frequency, with one observation per token-day after standard-
izing dates and applying ordering rules. We exclude asset classes whose pricing mechanisms
differ mechanically from ordinary chain-specific tokens, namely stablecoins, CMC-labelled
wrapped tokens, CMC-labelled rehypothecated crypto assets, and externally matched
bridged token records. Starting from 3,735,228 token-day observations on 5,197 tokens,
this cleaning removes 77 tokens and 51,871 observations, yielding 3,683,357 observations
on 5,120 tokens. BTC, ETH, BNB, and SOL are removed from the dependent-variable
panel because we reconstruct longer series for them separately from Binance. Platform
labels are cleaned from the raw CMC platform field and mapped into core platform in-
dicators for Ethereum (24.9 per cent of cleaned labels), BNB Chain (18.7 per cent), and
Solana (13.6 per cent), which together account for roughly 57 per cent of platform labels
in the cleaned universe. To avoid ambiguous native-token assignment for tokens linked to
multiple core ecosystems, the main sample is restricted to single-platform tokens. Of 5,102
tokens with at least one core-platform exposure, 4,276 (83.81 per cent) are single-platform.
Applying a more that 50% zero volatility (i.e. highly illiquid tokens) filter further re-
duces this to 4,224 tokens with 2,039,270 token-day observations spanning 2013-04-29 to
2025-05-23. Table 1 reports the cleaning steps.

For benchmarks and native-token series, we reconstruct daily OHLCV data for BTC,
ETH, BNB, and SOL from Binance spot data, in USDT terms. The reconstructed series
are substantially longer than the corresponding records in the CMC panel. BTC and ETH
span 3,149 days from 2017-08-17, BNB spans 3,068 days from 2017-11-06, and SOL spans
2,059 days from 2020-08-11, all ending 2026-03-31. These series enter the analysis only
through factor construction, with BTC as the broad crypto-market benchmark and ETH,



Table 1: Sample Construction

Construction step Observations Tokens

Panel A. Special-asset cleaning

Raw CMC token panel 3,735,228 5,197
After excluding stablecoins 3,724,138 5,183
After excluding CMC wrapped tokens 3,718,395 5,174
After excluding CMC rehypothecated crypto assets 3,683,357 5,120
After bridged-token matching 3,683,357 5,120
After excluding no core-platform label 3,672,310 5,102
Panel B. Final model input

Single-platform restriction (core platforms only) 4,276
After excluding highly illiquid 2,039,270 4,224
Dates 3,894
Sample period 2013-04-29 to 2025-05-23

Notes: Panel A reports special-asset cleaning. Panel B reports the single-platform
sample after the minimum observation filter, used in all panel specifications below.
Effective regression samples differ across specifications due to lagged controls.

BNB, SOL as the platform-native series for their respective ecosystems. Platform-level
daily active addresses, transaction counts, and gas fees in USD come from the Artemis
data API. The final platform-level dataset contains 7,358 platform-day observations, with
3,630 for Ethereum (from 2015-08-07), 1,781 for BNB Chain (from 2020-08-29), and 1,947
for Solana (from 2020-03-16), all ending 2025-07-14. Transaction counts have no missing
values. Active addresses and gas fees are complete on Ethereum and BNB Chain but have
missing rates of 10.5 and 21.1 per cent on Solana respectively, concentrated in the early
Solana period.

Coverage windows differ across data sources. The effective regression sample is deter-
mined by the intersection of token, benchmark, and platform-fundamental coverage, and
additionally by the lagged controls used in each specification. Table 2 summarizes the
windows.

The primary outcome is log Amihud illiquidity (Amihud, 2002), constructed as

A = 10g(1 + L) , (1)

Volume; ; + 1

where 7;,; is the daily log return and Volume;; is the daily USD trading volume. Larger
values of a;, indicate higher illiquidity. We also report results for daily log returns r;;
and a five-day rolling volatility proxy v;; = %Zj:o rit_j as auxiliary outcomes. For each
platform p € {ETH,BNB,SOL} and dimension d € {return,volatility,illiquidity}, we
summarize recent native-token conditions using a beta-polynomial distributed-lag (BPDL)



Table 2: Data Sources and Effective Sample Windows

Source / sample Start End Role

Token panel (CMC) 2013-04-29 2025-05-23 Dependent variables, lagged con-
trols

BTC benchmark (Binance) 2017-08-17 2026-03-31 Broad market factor

ETH benchmark (Binance) 2017-08-17 2026-03-31 Native factor (Ethereum)

BNB benchmark (Binance) 2017-11-06 2026-03-31 Native factor (BNB Chain)

SOL benchmark (Binance) 2020-08-11 2026-03-31 Native factor (Solana)

Artemis network data 2015-08-07 2025-07-14 Gas fees, active addresses, tx
counts

Effective regression samples

Mliquidity (main, Table 3)  2017-08-23 2025-05-23 Driven by Binance benchmark
start

Returns (Table 5) 2018-04-13  2025-05-23 Shorter; WMLg; requires cross-
sectional support

Volatility (Table 6) 2017-08-22 2025-05-23 Driven by Binance benchmark

start

Notes: Benchmark series extend past the regression end date because they are used only as lagged
inputs to factor construction. The token panel ends 2025-05-23, which is the binding constraint
on the regression end date. The return regression begins later than the illiquidity and volatility
regressions because the WMLy; factor cannot be formed until enough cross-sectional support

accumulates.



aggregator
MPD =3 w0 XED S we@a) =1, wilfa) 2 0, (2)

where Xt(p ) is the native-token return, volatility proxy, or log Amihud at time t. The
weights wy(0,) follow the beta polynomial of Ghysels et al. (2007), which is flexible and
parsimonious. Two shape parameters per dimension accommodate a hump-shaped lag
profile for illiquidity, a front-loaded profile for returns, or a flat profile for volatility (where
we use equal weights instead). This matters because the informative lag horizon plausibly
differs across dimensions, with recent volatility loading on the immediately preceding day,
recent returns concentrating in the past two trading days, and illiquidity sticky over a
roughly weekly window. A single fixed-window moving average would not accommodate
this heterogeneity.? Missing lagged observations inside a BPDL window are handled by
adaptive renormalization, with weights on observed lags rescaled to sum to one. BTC

factors Mt(BTC’d) are constructed identically. The platform-matched native factor for token
1 1s
d d
Ni(,t) - Z Df Mt(p )7 (3)
peP

where D¥ = 1 if token i is on platform p. Under the single-platform restriction, this col-
lapses to the native factor of the token’s ecosystem. Platform-level network fundamentals
enter in log form, Fgff} = log(1+ FIS?) for ¢ € {AA, TX, GAS}, matched to tokens through
the platform indicators.

The main specification regresses token-level log Amihud illiquidity on platform-matched
native illiquidity, BTC illiquidity, and lagged platform-level gas fees,

aie = o+ Bp MY 378, DPMPY +3 "N, DYGAS oy + 6 Zigoy +eie, (4)

pEP pEP

where ; is a token fixed effect and Z;;_; contains lagged token-level volatility and lagged
log volume. The coefficients of interest are \,, the gas-fee co-movement with chain-specific
token illiquidity on platform p, and f3,, the platform-matched native-token illiquidity co-
movement. We build to specification (4) from a baseline that includes only the native
factor, then BTC controls, then platform interactions, then gas fees. Standard errors are
two-way clustered on token and date (Cameron and Miller, 2015), which is the appropriate
inference for a panel with common factors in time and persistent token-level effects. We
do not include unrestricted date fixed effects, because the BTC and gas-fee variables vary

ZWe use the term BPDL rather than MIDAS because all variables are observed at the same (daily)
frequency, so the filter is a single-frequency distributed lag. The illiquidity dimension uses K = 7, 6; =
1.297, 6, = 1.107, which produces a hump-shaped weight profile over the seven-day window. The return
dimension uses K = 10, 6, = 1.168, 6, = 4.697, which front-loads the most recent two lags. The volatility
dimension uses a five-day equal-weight smoother. Robustness to alternative weights is available on request.



at the date or platform-date level and would be absorbed. Auxiliary specifications use
v; and r;; as outcomes, with the corresponding native-token volatility or return factors
as regressors. The volatility specification adds HAR-style lagged components (one-day,
weekly average, monthly average) following Corsi (2009). The return specification adds
a 21-day token-level momentum variable and a value-weighted winner-minus-loser factor
WMLy, formed weekly with a one-day skip and 30/70 percentile sorts (Liu et al., 2022).

4. Main Results

Table 3 reports the illiquidity regressions. The aggregate native-token illiquidity factor
is positive and significant in the baseline specification at 0.042 (column 1), and strengthens
to 0.066 once broad BTC illiquidity is controlled for (column 2). Replacing the aggre-
gate factor with platform-specific interactions (column 3) reveals positive co-movement for
Ethereum (0.174) and Solana (0.194), and a negative coefficient for BNB Chain (—0.073).
All ETH and SOL coefficients are significant at conventional levels with two-way clustered
standard errors.

The economically central column is column 4, which adds platform-level gas fees. Three
patterns emerge. Gas fees are positively and significantly associated with chain-specific
token illiquidity on every platform, with coefficients of 0.083 on Ethereum, 0.294 on BNB
Chain, and 0.037 on Solana, all significant at the 1 or 5 per cent level. The Ethereum
and Solana native-illiquidity coefficients strengthen rather than weaken once gas fees are
included, suggesting that the price-based native factor and the operational congestion
measure capture related but distinct dimensions of stress on those chains. On BNB Chain
the negative native-illiquidity coefficient drops to —0.018 and loses significance once gas
fees are in the model, while the gas-fee coefficient absorbs the variation. The operational
measure substitutes for the unstable price-based proxy.

Coefficient magnitudes are economically meaningful. The Ethereum gas-fee coefficient
(0.083) implies a standardized effect of 0.075 within-token standard deviations of log Ami-
hud illiquidity per one-standard-deviation increase in within-panel log gas fees, equivalent
to a 18.0 per cent increase in the level of Amihud illiquidity. The corresponding figures are
0.181 standard deviations and 52.3 per cent on BNB Chain, and 0.040 standard deviations
and 6.8 per cent on Solana. The BNB Chain effect is roughly 2.4 times the Ethereum
effect and 4.5 times the Solana effect in standardized terms, and almost three times the
Ethereum effect in percent terms. These magnitudes are consistent with the institutional
reading in Section 2. BNB Chain combines a validator-priority auction with a retail and
small-cap-heavy token universe, conditions under which fixed transaction costs translate
most directly into reduced market-maker willingness to provide depth. Ethereum’s coeffi-
cient is muted by the structural buffers of EIP-1559 and by professional tooling that absorbs
marginal congestion. Solana’s coefficient is small because the chain-wide gas-fee variable
is a noisy proxy for the localized congestion that any given program actually experiences.

The negative full-sample BNB native-illiquidity coefficient in column 3 of Table 3 re-
quires explanation. We re-estimate the column 3 specification within calendar, event-
period, FDV, and token-age subsamples, holding the rest of the model fixed. Results are



Table 3: Gas Fees and Token-Level Illiquidity

B ) B )
Baseline + BTC Platform  + Gas Fees
Native [liquidity — Interactions  (Main)
BTC illiquidity BPDL -0.0336*%*  -0.0454*%**  _0.0559***
(0.0154) (0.0155) (0.0154)
Native illiquidity BPDL 0.0417* 0.0657***
(0.0237) (0.0244)
ETH native illiquidity x ETH platform 0.1736*** 0.2002***
(0.0271) (0.0260)
BNB native illiquidity x BNB platform -0.0729%* -0.0175
(0.0393) (0.0386)
SOL native illiquidity x SOL platform 0.1937* 0.2603**
(0.1000) (0.1022)
ETH gas fees x ETH platform 0.0834%**
(0.0112)
BNB gas fees x BNB platform 0.2938%**
(0.0287)
SOL gas fees x SOL platform 0.0365%*
(0.0171)
Lagged volatility 0.2298***  (0.2301***  (.2299%*** 0.2273***
(0.0412)  (0.0414)  (0.0410) (0.0389)
Lagged log volume -0.2320%#*  -0.2327*FF*  _0.2343***  -(.2426%**
(0.0074)  (0.0074)  (0.0074) (0.0075)
Token fixed effects Yes Yes Yes Yes
Observations 2,009,812 2,009,812 2,009,812 2,003,075
Tokens 4,224 4,224 4,224 4,224
Dates 2,831 2,831 2,831 2,831

Notes: Dependent variable is token-level log Amihud illiquidity. Positive coefficients indicate higher
illiquidity (worse trading conditions). Native illiquidity BPDL is the platform-matched native-token

illiquidity factor described in equation (3).

Gas-fee variables are lagged log gas fees on the corre-

sponding platform. Standard errors are two-way clustered on token and date. Sample 2017-08-23 to
2025-05-23. Significance levels * p < 0.10, ** p < 0.05, *** p < 0.01.



in Table 4 and Figure 1. The pattern is clean. The negative full-sample BNB coefficient is
concentrated in the pre-2022 and pre-Terra period and in the medium-FDV bucket. After
2022, in the post-FTX subsample, and in the small-FDV, large-FDV, young-token, and
old-token subsamples, the coefficient is statistically indistinguishable from zero. In the
mature-token subsample, it is weakly positive. BNB Chain underwent substantial compo-
sition change between 2020 and 2022, growing from a small validator-permissioned chain
dominated by a handful of large-cap projects to a sprawling retail-driven ecosystem hosting
thousands of small-cap tokens (Aspris et al., 2021). The full-sample regression mixes these
regimes and produces an estimate that does not describe co-movement in any single pe-
riod. The gas-fee coefficient in column 4 of Table 3 is large and uniformly positive, exactly
the property one would want from a stable predictive indicator. We read this as evidence
that the operational measure (gas) tracks the underlying friction more robustly than the
price-based proxy (native-token Amihud) when sample composition shifts.

Table 4: Subsample Diagnostics: BNB Native-Illiquidity Coefficient

Split type Subsample Estimate Std. error t-value p-value
Full sample Full sample -0.1020%** 0.0375 -2.72  0.0065
Pre/Post 2022 Pre 2022 0.2051°** 0.0963 2.13 0.0332
Pre/Post 2022 Post 2022 -0.0072 0.0354 -0.20  0.8378
Terra/FTX period Pre Terra -0.2210%* 0.0954  -2.32  0.0205
Terra/FTX period Terra to FTX 0.0352 0.0506 0.70  0.4868
Terra/FTX period Post FTX 0.0020 0.0371 0.05  0.9566
FDV bucket Small FDV -0.0797 0.0487 -1.64  0.1014
FDV bucket Medium FDV ~ -0.1195** 0.0529 -2.26  0.0238
FDV bucket Large FDV 0.0295 0.0829 0.36  0.7220
Token age Young token -0.0496 0.0422 -1.18  0.2396
Token age Mature token 0.0827* 0.0436 1.89  0.0581
Token age Old token -0.0658 0.0483 -1.36  0.1733

Notes: Each row re-estimates the column 3 specification of Table 3 within the indicated
subsample, with the other coefficients suppressed for compactness. The full diagnos-
tic sample is 1,996,383 token-day observations, slightly smaller than the 2,009,812 in
column 3 of Table 3 because the subsample splits require additional variables. Tokens
lacking sufficient information to be assigned an FDV bucket, a Terra/FTX-period in-
dicator, or a token-age class are dropped from the diagnostic exercise but retained in
the main regression. Token fixed effects throughout. Standard errors two-way clus-
tered on token and date. The coefficient flips sign across periods and FDV buckets
and is statistically zero in most splits other than the pre-2022 / pre-Terra subsample,
indicating that the negative full-sample estimate reflects sample composition rather
than a stable empirical relationship.

As a final robustness check on the main illiquidity result, we estimate the aggregate
native-illiquidity coefficient separately in high- and low-BTC-illiquidity regimes, defined
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BNB Native-Token Illiquidity Exposure across Subsamples
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Figure 1: BNB Native-Illiquidity Coefficient across Subsamples

Notes: Point estimates and 95 per cent confidence intervals on the BNB native-illiquidity
interaction across the subsample splits of Table 4. The full-sample negative estimate is
driven by the pre-2022 / pre-Terra period and by medium-FDV tokens. The post-2022,
post-FTX, and other size subsamples are not statistically distinguishable from zero. FDV
buckets are formed from the terciles of token-level median log FDV in the BNB illiquidity
diagnosis sample. Tokens with median log FDV below or equal to the first tercile are
classified as Small FDV, tokens between the first and second terciles as Medium FDV, and
tokens above the second tercile as Large FDV. Token age is measured as the number of
days since each token’s first observation in the diagnostic sample. Young tokens have age
<180 days, mature tokens have age from 181 to 730 days, and old tokens have age >730
days. Tokens lacking sufficient information to be assigned an FDV bucket, a Terra/FTX-
period indicator, or a token-age class are dropped from the corresponding subsample split
but retained in the main regression.
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by the median of the BTC illiquidity BPDL factor. The association is positive in both
regimes. The low-BTC-illiquidity estimate is 0.098 (significant at the 1 per cent level)
and the high-BTC-illiquidity estimate is 0.060 (significant at the 10 per cent level). The
result is therefore not confined to broad-market stress episodes and operates across BTC-
illiquidity states. This stands in contrast to the return dimension (Section 5), where any
signal is concentrated in narrow market states and not reliably identified.

5. Returns, Volatility, and Time Variation

For completeness, we report the corresponding analyses on token returns and token
volatility, and the time-varying rolling-window estimates. None of these shows a compara-
ble cross-platform association of the kind that emerges in the illiquidity regressions. This
is consistent with the interpretation that congestion frictions co-move with trading costs
rather than with expected returns or return variance.

Table 5 reports the return specifications. The aggregate native-token return BPDL
coefficient is negative in point but statistically indistinguishable from zero, —0.004 in the
baseline and —0.014 with BTC controls. The platform-interaction estimates are similarly
negative but imprecise. The BTC return BPDL coefficient is positive but not precisely
estimated. Adding lagged active-address interactions does not change any of these conclu-
sions. The 21-day momentum proxy is consistently negative (—0.014, p < 0.01), indicating
short-horizon reversal in token-level returns, while the WMLy, factor is small and weakly
positive. A regime split by the median of the BTC return BPDL factor (not reported)
yields confidence intervals that straddle zero in both high- and low-BTC-return states.
Native-token returns do not reliably co-move with chain-specific token returns once BTC
market conditions and token-level short-run reversal are controlled for.

Table 6 reports the volatility specifications. The aggregate native-volatility factor is
positive (0.086, p < 0.05) in the baseline, but becomes insignificant (0.121, p > 0.10) once
BTC volatility is controlled for. Platform-specific interactions are positive for all three
ecosystems but only weakly significant. Adding transaction-count interactions produces a
small positive Ethereum effect (0.001, p < 0.05) and zeros elsewhere. The pattern suggests
some volatility co-movement, especially on BNB Chain and Solana, but the evidence is not
nearly as clean as for illiquidity, and the broad BTC volatility benchmark absorbs much of
the aggregate signal. The volatility evidence is consistent with native-token risk co-moving
with ecosystem-token volatility through the same retail-and-small-cap composition that
amplifies the gas-fee channel, but the noise floor is high.

Figure 2 reports rolling-window estimates of the native-illiquidity coefficients across 30-
, 60-, and 90-day windows. The platform-matched native illiquidity coefficient is positive
in most periods and platforms but with episodes of much larger magnitudes around major
market events (DeFi Summer 2020, the 2021 bull peak, Terra/Luna in May 2022, FTX
in November 2022). The Solana series exhibits sharp co-movement around 2020 and after
2024, periods of intense activity on that chain. The episodic nature of the relation is
consistent with a congestion-driven interpretation. The link tightens precisely when block
space is most contested, and slackens when it is not. Rolling estimates for the return and
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Table 5: Return Specifications: No Stable Native-Token Pricing Channel

1) ) 3) (1)
Baseline + BTC Platform + Active
Native Market Interactions  Addresses
BTC return BPDL 0.0168 0.0185 0.0185
(0.0164) (0.0166) (0.0166)
Native return BPDL -0.0042 -0.0135
(0.0081) (0.0104)
ETH native return x ETH platform -0.0179 -0.0184
(0.0142) (0.0141)
BNB native return x BNB platform -0.0159 -0.0165
(0.0121) (0.0121)
SOL native return x SOL platform -0.0056 -0.0058
(0.0079) (0.0079)
MOMoy; -0.0143***  -0.0143%*F*  _0.0143***  -0.0143%**
(0.0048) (0.0048) (0.0048) (0.0048)
WMLy 0.0021* 0.0021* 0.0021* 0.0021*
(0.0012) (0.0011) (0.0011) (0.0012)
Token fixed effects Yes Yes Yes Yes
Observations 1,353,879 1,353,879 1,353,879 1,351,882

Notes: Dependent variable is daily token log return. Active-address interactions in column 4 are
omitted from display, since coefficients are small and not jointly significant. Lagged volatility and
lagged log volume included as controls (omitted). Standard errors two-way clustered on token and
date. Sample 2018-04-13 to 2025-05-23. Significance levels * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 6: Volatility Specifications: Weak and Heterogeneous Transmission

(1) (2) (3) (4)
Baseline  + BTC Platform + Tx
Native  Volatility Interactions  Counts
BTC volatility BPDL -0.1096  -0.2116  -0.2084
(0.1302) (0.2086) (0.2140)
Native volatility BPDL 0.0858** 0.1211
(0.0341)  (0.0744)
ETH native volatility x ETH platform 0.2277 0.2193
(0.1606) (0.1599)
BNB native volatility x BNB platform 0.1290* 0.1180*
(0.0686) (0.0648)
SOL native volatility x SOL platform 0.0578* 0.0574*
(0.0332) (0.0338)
ETH tx count x ETH platform 0.0012**
(0.0005)
BNB tx count x BNB platform 0.0004
(0.0003)
SOL tx count x SOL platform 0.0000
(0.0001)
HAR controls (daily/weekly /monthly v) Yes Yes Yes Yes
Token fixed effects Yes Yes Yes Yes
Observations 1,922,609 1,922,609 1,922,609 1,917,137

Notes: Dependent variable is the token-level five-day rolling mean of squared daily log returns.
HAR-style daily, weekly, and monthly lagged volatility components included (coefficients omitted;
daily ~ 1.19, weekly ~ —0.46, monthly ~ 0.15). Lagged log volume included. Standard errors
two-way clustered on token and date. Sample 2017-08-22 to 2025-05-23. Significance levels *

p < 0.10, ** p < 0.05, ¥** p < 0.01.
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volatility dimensions (not reported) tell the same story as the static panels. Return co-
movement is unstable and centered near zero in most periods, and volatility co-movement
shows episodes around BNB- and SOL-related events but is otherwise weak.

6. Discussion

The empirical story is short. An observable, system-level, blockchain-specific congestion
price predicts illiquidity in the tokens that depend on the same congested infrastructure.
The relevant features are that the gas-fee variable is public and machine-readable at the
platform level, that it operates uniformly across chains in sign and statistical significance
but with magnitudes that line up with institutional features of each chain, and that it is
more robust than the price-based native-token illiquidity proxy in samples where token
composition shifts over time. From the perspective of risk monitoring this gives a usable
signal. A tightening fee market on Ethereum, BNB Chain, or Solana is associated with
simultaneously worsening trading conditions across the small and mid-cap tokens on those
chains. The signal does not require waiting for prices to move or for return distributions
to widen. It is read directly off the chain.

Several limitations bound the interpretation. Both gas fees and token-level Amihud
illiquidity respond to common factors including block-space demand, activity composi-
tion, and broader cryptocurrency stress, so the gas-fee coefficient absorbs co-variation
with these common factors alongside any direct cost-channel effect. Causal identification
would require shocks to fee-market design plausibly orthogonal to individual token trad-
ing conditions, with EIP-1559, Layer-2 displacement events (Arbitrum, Optimism, Base),
Solana outage windows, and chain-specific fee-regime changes as the natural candidates.
The cross-platform magnitude differences (BNB roughly 3.5x ETH, roughly 8x SOL)
are suggestive of fee-market design, user composition, and tooling effects but cannot be
cleanly decomposed in this design. A specification with platform x date fixed effects and
token-characteristic interactions would isolate the within-platform component, and richer
cross-chain composition data would let one decompose the difference into a design piece
and a composition piece. The present design also treats system-wide gas fees as the rel-
evant friction. On Solana, where fee markets are localized, the chain-wide gas variable
is a noisy proxy for the friction faced by any single program, and program-level fee data
would sharpen the Solana estimate. On Ethereum, where Layer-2s have absorbed a grow-
ing share of high-frequency activity, the L1 gas-fee variable measures a residual friction,
and an L1+L2 effective-fee aggregate would be more informative.

The result is placed within the DeFi microstructure and fee-economics conversation
(Huberman et al., 2021; Donmez and Karaivanov, 2022; Easley et al., 2019; Barbon and
Ranaldo, 2026; Lehar and Parlour, 2025; Aoyagi and Ito, 2025) rather than in the crypto
factor-pricing literature (Liu and Tsyvinski, 2021; Liu et al., 2022; Cong et al., 2021). The
closest substantive antecedent is Barbon and Ranaldo (2026), who document that higher
gas costs widen DEX-CEX deviations and degrade decentralized-exchange market quality.
The contribution here is to push the same logic down to the token level, panel-wide, and
across three platforms with different fee-market designs. The cross-platform evidence is

15



Estimated coefficient on illiquidity factor

Rolling Illiquidity Transmission Estimates
Baseline, ETH/BNB/SOL Interaction, and Platform MIDAS Models Across Window Sizes

= Baseline: native_liq_midas == Interaction: ETIT = = Interaction: BNB = = Interaction: SOI. === Platform MIDAS: platform_liq_midas

30-Day Window

1 ' .
I T N :
1 ah ) - B E : : }
) - )YHQFiSUl;ﬂiHCrP :Bu]LPcak ‘Luna FIX ||
' A ‘ A

60-Day Window

90-Day Window

T T T T T T T
2018 2019 2020 2021 2022 2023 2024 2025
Year

Figure 2: Rolling Native-Token Illiquidity Transmission

Notes: Rolling-window coefficients on the native-illiquidity BPDL factor across 30-, 60-, and 90-
day windows, advanced in three-day steps. The 60-day window is the baseline. Episodes of
stronger co-movement align with periods of system-wide congestion (DeFi Summer, bull-market peak,
Terra/Luna, FTX).
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novel relative to single-chain studies of Ethereum gas dynamics. The result also speaks
to the broader connectedness and liquidity-commonality literature, both in equity markets
(Chordia et al., 2000; Hasbrouck and Seppi, 2001) and in crypto markets (Koutmos, 2018; Ji
et al., 2019; Kumar et al., 2022; Sila et al., 2024), and complements work that decomposes
cryptoasset price dynamics into fundamental and speculative components, in which on-
chain activity has been shown to act as a fundamental driver (Kukacka and Kristoufek,
2023). Liquidity commonality has been documented in equity markets without any system-
level execution-cost variable to anchor it. In blockchain markets, gas fees provide exactly
such an anchor and offer a structural reason for liquidity to co-move across tokens that
share infrastructure. The observed co-movement is consistent with this infrastructure-cost
channel rather than with pure speculative spillover.

7. Conclusion

Blockchain ecosystems differ from traditional asset markets in that the execution cost of
any token is set in a shared, observable, system-level fee market for block space, paid in the
chain’s native asset. Platform-level gas fees are positively and significantly associated with
token-level log Amihud illiquidity on Ethereum, BNB Chain, and Solana, with magnitudes
that line up with each chain’s fee-market design and are economically substantial. Native-
token illiquidity co-moves as well, but the operational congestion measure is more robust
to sample composition shifts than the price-based proxy. Return and volatility dimensions
show no comparable co-movement, consistent with the result running through trading
frictions rather than through expected returns or return variance. A natural extension
exploits structural shocks to fee-market design (EIP-1559, Layer-2 displacement, chain
outages, fee-regime changes) for sharper identification of the underlying pass-through.

The practical implication is direct. Gas fees are public and machine-readable in real
time. They constitute a usable leading indicator of ecosystem-token illiquidity that can be
exploited by risk monitors, exchanges, and regulators concerned with blockchain-market
fragility. The substantive blockchain-finance implication is that the empirical microstruc-
ture of these markets cannot be understood by importing a generic spillover or factor
template. It requires accounting for the institutional feature that makes blockchain mar-
kets distinctive, namely the simultaneous role of the native asset as a tradable instrument
and as the price of the infrastructure on which all other instruments are executed.

The signal is usable across several agents in blockchain markets. For exchanges that
list large numbers of chain-specific tokens, gas-fee tightening on the host chain is a leading
indicator that quoted depth and inventory turnover on those tokens will deteriorate, which
is directly relevant for inventory management and for tightening quoting parameters during
congestion episodes. For DeFi risk dashboards, gas-fee aggregates are already collected and
displayed but typically as a network-usage statistic. The evidence here suggests they also
belong in the liquidity-stress section of such dashboards. For regulators and macropru-
dential bodies concerned with the spillover potential of crypto markets, gas-fee tightening
provides a public, chain-level signal that can be monitored without requiring access to
private exchange data or proprietary order-flow records. None of these uses requires a
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structural model of fee formation. They require only the empirical regularity documented
here.
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Appendix A. Variable Definitions

Table A.7: Variable Definitions

Symbol Description

Token-level outcomes

Tit Daily log return of token i, log(P; ;) — log(F;t—1)

Vit Five-day rolling mean of squared daily log returns

¢ Log Amihud illiquidity, log(1+ |r;¢|/(Volume; ; +1)); higher

= worse liquidity

Native-token and BTC factors

Mt(p ) Native-token return BPDL factor for platform p, K = 10,
(01,02) = (1.168,4.697)

Mt(p ) Native-token volatility factor (five-day equal-weight
smoother)

Mt(p ) Native-token illiquidity BPDL factor for platform p, K =7,
(01,02) = (1.297,1.107)

Mt(BTC’d) BTC benchmark factor in dimension d, constructed identi-
cally

Platform exposure and network variables

D? Indicator for token ¢ being on platform p (single-platform
restriction)

AA/KW Log of one plus active addresses on platform p at date ¢

ﬁp,t Log of one plus transaction count on platform p

GiA/Sp’t Log of one plus gas fees (USD) on platform p

Token-level controls

«; Token fixed effect

Vit-1, 172-(’121, T)Z(;n_)l Daily, weekly, monthly lagged volatility (HAR controls)

MOMgiljl 21-day token momentum, 231:1 Tit—j

WMLoy 4 21-day winner-minus-loser factor, weekly rebalance, 30/70
sorts, FDV value weights

log Volume; ;1 One-day lagged log token trading volume
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