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1. Abstract

This paper provides the first analysis of non-fungible token (NFT) collection liquidity by
applying a suite of widely used proxies that capture different dimensions of liquidity. Using
transaction-level data from the OpenSea marketplace, manipulative trades are flagged and
two novel methodologies for calculating liquidity are applied before performing a family of
regressions to investigate its dynamics. I find that collection-specific attributes directly
account for both NFT-specific liquidity idiosyncrasies and the impacts of manipulative
trading. Following robustness tests, [ identify that this collection-level power only exists in
bull markets, similarly to real estate ZIP-code groupings. Finally, the estimated models reveal
a non-linear liquidity pattern across a collection’s lifetime, with successful collections
dipping in liquidity before recovering quickly. This paper deepens our understanding of how
liquidity operates at the collection level in NFTs, offering findings for liquidity researchers in

non-fungible asset markets.



2. Introduction

Providing liquidity is one of the essential roles of financial markets. It is the market’s duty to
facilitate efficient exchanges by creating an environment that allows participants to trade
quickly and at a low cost (O’Hara, 2003). Liquidity is frequently used as a key metric to
evaluate market health by regulators and exchanges alike, with each asset class displaying
unique liquidity dynamics (Le & Gregoriou, 2020; Schestag et al., 2016). Surprisingly, there
has been minimal research conducted into the dynamics, nuances, and efficacy of liquidity
measures within the rapidly growing market of non-fungible tokens (NFTs). This novel asset
class gained global recognition in early 2020 due to its innovative technology, widespread
media exposure, and annual returns magnitudes larger than any traditional asset class (Borri
et al., 2022). In 2021 alone, USD 25 billion of trading volume was circulated, with notable
sales like Merge, a fractionalised piece of art, being valued at $91.8 million after initial

minting (Muroki, 2023).

This paper is the first study into the dynamics of NFT liquidity from a collection perspective,
utilising publicly available transaction data and four widely used liquidity proxies to explore
the fundamental dynamics and determinants of liquidity. All data is sourced directly from the
decentralised OpenSea marketplace via their free API key and covers 7 months of trading
between 1 Feb 2021 and 21 Aug 2021. Having acquired the unstructured data, numerous
filters and data-cleaning processes are applied to create a sales dataset that tracks asset
identifiers, collection names, buyer addresses, seller addresses, prices, times of sales and
transaction IDs. Next, a duplicate sales dataset is created and flags wash-trades (manipulative
trading) for removal. For both resulting datasets, the four widely used liquidity proxies are
estimated following two novel methodologies: one by assuming intra-collection homogeneity,
in which all NFTs within a collection are assumed identical, and the other by assuming intra-

collection heterogeneity, in which individual NFT liquidity proxies are calculated and



averaged by collection-day. This process yields four unique datasets with over 30,000
collection-day observations that allow for analysis of the impact of wash trading and the
effect of incorporating NFT-specific liquidity information. For each dataset combination
(pre/post-wash-trade exclusion, homogeneous/heterogeneous collection assumption), each
liquidity proxy is regressed against various price-derived variables, with collection and date
fixed effects being added and standard errors being clustered around collections. For the
purposes of exploring the explanatory power of collection fixed effects, the dataset is divided
into a bear and bull period and directly compared using the same group of regressions. As a
further robustness test, all regressions are additionally performed using the natural log of the
liquidity proxies. The results reveal multiple findings that are significant for both NFT and
traditional asset markets. Firstly, the heterogeneous collection assumption provides
significant NFT-specific information, making estimates more accurate at the cost of
clustering low-observation count NFTs at the edges of its range. Secondly, this idiosyncratic
information is captured completely by the addition of collection-specific fixed effects,
irrespective of which collection assumption methodology is employed. Thirdly, the impacts
of wash trading on liquidity are additionally captured by collection-specific fixed effects,
which supports the findings of existing literature. Fourthly, the explanatory power of
collection fixed effects seems only to be present during boom markets, drawing a significant
parallel between NFT and real estate liquidity dynamics. Finally, there is a non-linear
liquidity dynamic as collections age, with most unsuccessful collections showing a sharp rise
in illiquidity until they fail (captured by pure transaction-cost and price-impact estimators),
while a minority of long-living collections undergo a subsequent liquidity revival (captured

by the long-term implicit bid-ask spread estimator).

Due to the relative youth of NFTs compared to existing asset markets, there is a scarcity of

literature on the topic, and in particular regarding liquidity. At the time of submission,
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Wilkoff & Yildiz (2023) have published the only paper on the topic and applies a highly
focussed methodology, analysing the dynamics of individual NFTs (using Amihud’s
illiquidity ratio) throughout the calendar week and in relation to the arrival of NFT-related
news. Their niche scope provides a strong benchmark and an opportunity to explore

additional liquidity proxies using two new methods of calculating collection liquidity.

As such, this paper provides a fundamental exploration regarding how to study NFT
collection liquidity, what information is captured at the collection level and what drives
collection liquidity. This research is particularly pressing due to the rapid growth of the
market, unique features and a plethora of potential use cases. As noted by White et al.
(2022b), the NFT market has experienced extreme growth with average annual returns of
70% between 2017 and 2021, although these returns are extremely volatile. The market has
multiple unique attributes that attract a wide range of investors: round-the-clock trading,
complete decentralisation, near-zero barriers to entry and a completely unregulated
environment with total informational transparency. These features offer the NFT market as a
unique market setting to which researchers can compare traditional asset markets such as

equities, bonds, OTC contracts, physical art, and real estate.

Further growth of this asset class is accelerated by the development and implementation of
the technology’s potential uses beyond financial applications. Recently, companies such as JP
Morgan and Walmart have launched and are continually developing specialised applications
for NFTs within their operations, including the Onyx blockchain to enable secure intra-bank
cashflow automation and supply chain tokenisation to track and identify anomalies
(Blockdata, 2022). This has been noted in the literature, with various studies being optimistic
about the long-term impact of NFTs in commerce, often citing widespread potential in the
operation of sports, law, escrow, ticketing, digital collectibles, gaming and real estate

(Chohan & Paschen, 2023; Wilson et al., 2022). Echoing these sentiments, Chalmers et al.,
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(2022) find significant long-term NFT use cases for creative entrepreneurs, while urging
caution in the short-term due to the dominance of speculative behaviours and boom-bust
market cycles; these sentiments are mirrored by Van Haaften-Schick & Whitaker (2022), who
posit that NFT’s have revolutionised the artist-contract via low-cost high-complexity

contracts, self-managing royalties and a novel fundraising system

The applications of NFTs reach far beyond the discipline of finance: in the literature, 93.1%
of NFT literature resides in the non-finance domain and the majority of research focusses on
computer science and bespoke applications to niche sectors. For example, Nobanee & Ellili
(2023), note that the first journal paper published on NFTs studied the possibility of using
NFTs to aid wildlife conservation (Mofokeng & Matima, 2018). Within marketing, multiple
papers have been published on their potential applications for digital media (Chohan &
Paschen, 2023), brand management (Colicev, 2023) and promotional purposes (Taylor, 2023).
Within the information technology space, there has been heavy focus on computer
architecture (Hasan & Starly, 2020), Ethereum (Arcenegui et al., 2021; Dos Santos et al.,
2021), the Internet of Things (Arcenegui et al., 2021; Lee & Kwon, 2021; Manzoor et al.,
2020), the metaverse (Far et al., 2022; Nadini et al., 2021) and automation (Hamledari &
Fischer, 2021). This rapid growth in research and commercial implementation has resulted in
one of the fastest-growing markets available, making a fundamental understanding of what

liquidity looks like increasingly pertinent.

This paper offers multiple contributions to academia. From the literature review, future
researchers can gain a comprehensive understanding of how NFT market liquidity differs and
compares to traditional assets; there are currently multiple NFT papers dedicated to bridging
the academic gap between traditional finance and NFTs, but none regarding liquidity. From
this paper’s methodology, academics can follow the same open-source data acquisition

process and apply the same liquidity proxy equations to obtain the final datasets, which is
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unique amongst the majority of NFT literature that relies on third-party data services (e.g.
Dune (Wilkoff & Yildiz, 2023), nonfungible.com (Anselmi & Petrella, 2023; Urom et al.,
2022; Xia et al., 2022; Zhang et al., 2022) and coinmarketcap.com (Dowling, 2022; Wang et
al., 2022; Yousaf & Yarovaya, 2022b); by pulling data directly from the decentralised
marketplace OpenSea, the data is reputable, secure and replicable. From the results,
researchers can materially benefit in two ways: firstly, by saving time by comparing their
own results to the descriptive statistics, correlation coefficients and regression outputs, and
secondly, by gaining insights into how liquidity is reflected at the collection level in this

novel asset class.

The results show that Roll's liquidity measure has noteworthy correlations with all the other
liquidity proxies, revealing a shared exposure to the same liquidity dimension. Basic
regression results largely align with prior research in terms of the magnitude of relationships,
especially regarding the Amihud/Roll relationship. Moreover, the inclusion of collection
fixed effects effectively captures two key components of NFT-specific information: firstly,
they eliminate the difference between the intra-collection homogeneous and heterogeneous
assumption methodologies, capturing NFT-specific liquidity factors, and secondly, they
eliminate the impacts of wash trading, capturing NFT targeted wash trading. This finding is
of particular significance, as it allows for a more accurate assessment of NFT collection
liquidity, and suggests that it is a critical component for future analysis of liquidity in unique
assets; this has been lightly explored in real-estate with respect to ZIP-code groupings, but
has potentially exists using other shared characteristics. These results underscore the
importance of considering individual asset attributes and comprehensively accounting for
wash trading effects, which can now be done via collection-level fixed effects. The resulting
estimates reveal the widespread significance of the daily collection transaction volume, age,

age squared and the Herfindahl-Hirschman index variables, with the transaction cost
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estimators (Lesmond, Goyenko and Roll) additionally estimating daily collection volatility to
be significant. The estimated age coefficients reveal a non-linear relationship between
collection age and liquidity, with the transaction cost proxies predicting that collection
liquidity falls in its early stages and then begins to rise after it matures. The differences
between the variable coefficient estimates for the four liquidity proxies are representative of
each proxy capturing a different dimension of liquidity, with Amihud targeting the short-term
price impact of transaction volume (and by extension short-term bid-ask spread),
Lesmond/Goyenko estimating explicit transaction cost related liquidity and Roll

approximating long-term bid-ask spreads or implicit transaction cost related liquidity.

Our findings have significant implications for future research and analysis both in the realm
of NFTs and other asset classes. First, the validation of the homogeneous collection
assumption suggests that future NFT studies, marketplaces, and investors can efficiently
leverage collection-specific characteristics to explain differences in individual asset liquidity,
potentially extending to dimensions beyond liquidity, such as returns, volatility, and inter-
asset relationships. This finding also draws a new parallel with the real estate market
regarding the importance of collection/ZIP-code fixed effects during boom markets, offering
a new avenue for additional comparative research. Secondly, the insights regarding the
impact of wash trading offer practical advantages for both future researchers and regulators,
as the inclusion of collection fixed effects effectively eliminates the influence of wash
trading, simplifying data sourcing and reducing computational and data processing burdens.
These findings have wider implications beyond the NFT market, such as in equities, bonds,
real estate, and art; researchers are able to analyse the interplay between market manipulation
and liquidity without undue concern over wash trading effects. Lastly, my examination of
transaction cost estimators indicates that cost-induced illiquidity, namely the implicit portion,

rises and then falls rapidly as a collection ages, providing useful information for market
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facilitators who are considering the potential costs of facilitating unique assets that rely on
age as a key value driver. This contrasts with the price-impact proxy predicting extreme
liquidity at inception before quickly reverting, which is a result of its short-term focus on
capturing failed collection liquidity. Overall, my results hold practical implications for
researchers, regulators, and market facilitators seeking to better understand liquidity in this
volatile and young asset class by offering valuable insights into the application of liquidity
proxies and the importance of comprehending mechanisms like those of Amihud and Roll's
estimated models in non-fungible asset markets for effective liquidity analysis and decision-

making.

The remainder of the paper is structured as follows: section 3 outlines the necessary

institutional knowledge of the NFT market, section 4 conducts a literature review, section 5
details the data acquisition and manipulation process, section 6 details the methodology for
removing wash-trades, calculating collection liquidity proxies and regression specifications,

section 7 explores the results and section 8 concludes the paper.
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3. Institutional Knowledge

3.1. Liquidity and fungibility
This paper defines asset illiquidity as the discount required to immediately sell an asset rather
than waiting for a buyer willing to pay the asset’s fair value. For example, selling shares of a
highly liquid stock immediately versus next month requires a relatively small discount,
whereas selling a (highly illiquid) house immediately versus next month would require a

significant discount from its fair price.

Fungibility is the uniqueness or interchangeability of an asset. For example, common shares,
money and gold are the exact same and can be interchanged with each other freely. Non-
fungible assets, however, are unique: houses, artwork, antiques and patents are amongst the
most common. Each non-fungible asset class has a main set of variable traits (e.g., real estate
has region codes, size, number of rooms and urban density) by which assets can be
approximately grouped. The difference between fungible and non-fungible assets introduces
complexities for estimating asset liquidity: in fungible assets, liquidity can be estimated using
the trade-off between price, time and quantity of the sale, with stocks utilising a limit order
book to facilitate transactions (Aidov & Lobanova, 2021). This three-way trade-off is not
possible for non-fungible assets since the quantity is always one. Consequently, the analysis
of non-fungible asset liquidity is reduced to a price-time trade-off, which can be found using

an asset’s transaction history.

3.2. Background information for NFT markets
Fundamentally, NFTs are unique units of data stored on a blockchain that can represent any
conceivable asset such as art, legal contracts, real estate, intellectual property rights, or
anything else that can have its ownership digitally recorded; this asset type represents the

most recent non-fungible asset to gain global recognition (Rabaa’i et al., 2022). While there

16



are some similarities with existing asset markets such as art, real estate, stocks and bonds,
there are many crucial differences. Firstly, trading in the NFT market is relatively more
complicated, with participants needing to create a crypto wallet and purchase the relevant
cryptocurrency using fiat currency since most NFTs are not directly purchasable using fiat
(there are many wallets that suit various needs such as Metamask, Phantom, Coinbase and
Exodus (Hicks & Curry, 2023)). Next, participants need to find an NFT via an exchange, such
as OpenSea, and pay the blockchain-specific gas fee upon purchasing the NFT. The
advantage of this process is that one can remain completely anonymous, and wallets are free
to create, lowering the barriers to entry. Secondly, the NFT market is almost entirely
unregulated and highly susceptible to market manipulation, which is discussed in section 4.5.
Thirdly, the NFT market is always open, although its times of peak activity often align with
traditional markets (Umar et al., 2022). Fourthly, all NFT activity is completely transparent to
all observers, allowing everyone free access to significant amounts of data, unlike stock

markets that sell high-frequency data as a source of revenue (ASX, 2023; NYSE, 2023).

Although the use cases for NFTs are wide (e.g., copyright tracking, anti-piracy, supply
network optimisation, etc.), this paper focusses on the art and collectibles NFT market, given
their prominence in secondary market activity. Figure 1 demonstrates the mechanism of NFT
creation and reselling: initial NFT sales are facilitated directly by the creators (primary
market minting), while secondary trades take place on either centralised or decentralised
exchanges (secondary marketplaces), enabling individuals to list and bid on NFT auctions
(Oh, 2023). Individual NFTs are either standalone or part of collections, with the majority of
NFT trading volume residing in the latter. Collections vary in size from 10 NFTs to 10,000
and contain numerous traits of varying rarities, with some famous examples being Crypto
Punks and BoredApesYachtClub. Collections provide an easy way to categorise and price

NFTs, similar to the way location, number of bedrooms or total area can be used in real
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estate. However, comparing NFTs outside collections becomes increasingly difficult due to a

significant diversity of price points, liquidity and demand: for example, within the OpenSea

marketplace, 39% of NFTs have never been sold since minting, and 92% have been sold three

times or less, despite an average market return 2.5% per week that exceeds almost all
traditional asset classes (Borri et al., 2022; Lommers et al., 2022). These highly skewed
resale and return distributions are also present in the physical art market and have two
possible reasons: firstly, investors identify certain NFTs as buy-and-hold/long-term
investments, opting not to sell within a year of purchase, and secondly, the majority of
collections never gain enough popularity to be frequently traded, causing 8% of assets to
constitute the majority market volume, returns and trade counts (Renneboog & Spaenjers,

2013).

Figure 1
Overview of NFT Markets by Oh (2023).

Primary Market (Mint) Secondary Market

Fixed Price Variable Price
Creators Early Investors New Investors

Royalty Fee

A simplified model of NFT transactions from “Market Manipulation in NFT Markets” by
Oh (2023). This paper only focuses on the secondary market.
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4. Literature Review

4.1. NFT literature
Early NFT literature focussed primarily on inter-asset relationships that identifies NFTs as a
completely unique asset class. The relationship between NFTs and cryptocurrencies seems to
be tenuous due to different analytical techniques producing divergent findings. Apostu et al.
(2022) find a significant relationship between NFTs and Ethereum, but not other
cryptocurrencies, using time-series analysis and Granger causality tests, whilst Dowling
(2022) simultaneously finds limited evidence of volatility transmission between the two asset
classes utilising spillover indices, and statistically significant co-movement between the two
markets using wavelet coherence analysis. Expanding the scope, Karim et al. (2022) find
NFT markets to be highly disconnected from the greater blockchain financial system and
highlight significant diversification avenues. Looking at traditional asset classes, Zhang et al.
(2022) find NFTs to be useful hedges against stock, bonds and fiat currency, further

solidifying NFTs as independent of all major asset classes.

4.2. Quantifying liquidity in traditional assets
Compared to the relatively sparse NFT literature, asset liquidity is extensively covered within
equity markets (e.g., Abdi & Ranaldo, 2016; Corwin & Schultz, 2012; Goyenko et al., 2009),
bond markets (Schestag et al., 2016), currency markets (Karnaukh et al., 2015; Mancini et al.,
2012) and commodity markets (e.g., Marshall et al., 2012), with a full literature survey being
conducted by Marshall et al. (2018). Within these traditional markets, the previously
mentioned three-way liquidity dynamic (price-quantity-time) is expanded into five

dimensions and visualised in Figure 2.
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Figure 2
Five dimensions of liquidity by Diaz & Escribano (2020).

Price

A

Ask price

Liquid asset

Bid price

» Quantity

A Breadth

v

o

The above illustration portrays the five dimensions characterizing liquidity: market depth,
tightness, breadth, immediacy, and resilience. Qa and Qg denote available quantities at the
prevailing bid and ask prices, representing the concept of market depth. Tightness is
assessed by the bid-ask spread. Market breadth pertains to the distribution of orders across
different price levels, while resilience quantifies the market's capacity to rebound from
unforeseen disruptions. Lastly, t; and t2 correspond to the time an order is introduced and
subsequently executed, effectively quantifying immediacy, which is the speed of order
execution. This interpretation draws inspiration from works by Bervas (2006) and Hibbert
et al. (2009).

The five key dimensions of liquidity are as follows: market breadth (trading volume of the
existing orders at different prices), market depth (number of orders around equilibrium
prices), market immediacy (the speed of order execution), market resilience (ability to absorb
and recover from unexpected asset shocks), and market tightness (trading costs of turning
around a position) (Diaz & Escribano, 2020). To analyse these dimensions, researchers
acquire high-frequency data, which are often costly, computationally cumbersome, and
generally inaccessible to the public. As such, liquidity proxies, which use readily available
low-frequency data, are used to approximate the various dimensions of market liquidity

without the issues associated with high-frequency data. Fong et al.'s (2017) study of global
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equities identified low-frequency liquidity proxies that accurately capture various dimensions
of liquidity with 1,000 to 10,000x the computational savings compared to traditional high-
frequency measures. However, since liquidity is a multi-dimensional topic and the commonly
used proxies merely approximate a handful of these dimensions, there is no one-size-fits-all
liquidity proxy (Bedowska-Sojka & Echaust, 2020). As such, the existing literature has
developed a wide array of liquidity proxies, with some of the most popular being developed
by Amihud (2002), Roll (1984), Lesmond et al. (1999), Holden (2009) and Pastor &

Stambaugh (2003).

4.3. Liquidity in non-fungible assets
Given the unique nature of non-fungible asset markets with regards to liquidity, such as the
lack of limit order book, significant depth or low-transaction costs, it is necessary to look
more closely at liquidity research in two of the largest non-fungible asset markets, the over-
the-counter (OTC) contracts and real estate markets, which are respectively valued at USD
$20.7 trillion (Bank for International Settlements, 2023) and USD $3.7 trillion in 2022
(Precedence Research, 2023). At a glance, within OTC markets, Davis et al. (2023) utilise
Amihud’s measure and day volatility as proxies for OTC bond liquidity to analyse their
relationship with the bond’s tier/quality. Deuskar et al. (2011) use bid-ask spreads as a proxy
for OTC option liquidity to find that illiquid options trade at higher prices due to unique
market features, which contrasts with the literature consensus. Jankowitsch et al. (2011)
create a custom price dispersion volatility measure for estimating OTC bond market liquidity
as a way to further understand liquidity drivers. Real estate, due to its widespread appeal as a
real asset and long holding periods, has a much larger literature base surrounding liquidity. A
theoretical study by Krainer (2001) defines liquidity as the probability of selling at an
equilibrium market price and finds that liquidity can be high while prices are high due to

transaction costs, which touches on one of the key liquidity proxy categories used in later
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research. Ametefe et al. (2016) formalise the existing body of research and categorise a
myriad of liquidity measures as transaction cost-based, volume-based, price impact-based,
time-based and return-based. A full summary of their categorisations can be found in Table 1.
With the majority of subsequent research utilising these measures or modifications of them,
the literature primarily focusses on the real estate liquidity’s relation to aggregate shock
dynamics/market cyclicality, and the applicability of such measures to collections of
residencies. Analysing the former, Kotova & Zhang (2021) and Chernobai & Hossain (2019)
both find that real estate liquidity proxies perform best during boom years and are highly
seasonal. Regarding the latter, with most studies grouping assets by geography, there is a
general consensus that there is significant intra-grouping heterogeneity (e.g. single-family
homes vs multi-family homes (Irwin & Livy, 2022), liquid vs illiquid dwellings (Cajias et al.,
2020), distance from city centre (Chernobai & Hossain, 2019), etc.), as well as inter-regional

heterogeneity.

For the purposes of analysing liquidity, real estate provides the best comparison point for
NFTs. Both asset classes are distinctly non-fungible, and can be grouped by common features
with varying degrees of heterogeneity (for example, a property’s builder is analogous to an
NFT’s creator, special features to rarity, number of rooms to number of attributes, etc.) and
allows parallels to be drawn between neighbourhoods of houses and collections of NFTs with
regard to pricing, liquidity and market microstructure. As such, real estate serves as the
primary benchmark for understanding NFT liquidity due to the lack of published papers on

this specific topic.
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Table 1
Common real estate liquidity proxies from Ametefe et al. (2016).

Category Liquidity proxy Liquidity dimension

) Absolute & relative quoted spread (1)
Transaction costs ) . .
Effective & relative effective spread (1)

Transaction volume 4)
Turnover ratio (4)
Volume-based measure  Quote size (2)
Number of bids 4)
Market depth (2)
Amihud’s measure 2,3)
Regressed lambda (2,3)
L Pastor-Stambaugh liquidity factor (2,3)
Price impact
Lesmond Zeros (returns) (2)
Goyenko Zeros (volume) (2)
Market efficiency coefficient 3)
Holding periods 4)
) Trading frequency (2)
Time-based measures o
Volumes volatility (2,4)
Time on market (5)
Roll’ 3
Return-based measures OF S Teasure )
Run-length (2,3)

Liquidity dimensions key: (1) Tightness; (2) Depth; (3) Resilience; (4) Breadth; (5)
Immediacy.

4.4. Liquidity in NFTs
Currently, the primary paper empirically analysing the determinants of NFT liquidity solely
uses Amihud's (2002) illiquidity measure to calculate daily NFT illiquidity, from which they
find that NFTs follow the same weekday liquidity patterns as stocks and that liquidity
increases with asset age, number of trades and blockchain-related media coverage (Wilkoff &
Yildiz, 2023). While the findings are robust, the paper does not discuss the appropriateness of
Amihud’s measure. Furthermore, the sample size is restricted to the top quartile of NFT
transactions, which could potentially bias the results due to Yousaf & Yarovaya's (2022)
detection of the presence of asymmetric connectedness between volume and returns at market

extremes. In contrast to their empirical approach, Lommers et al. (2022) propose a theoretical
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liquidity model in which NFTs are either desirable, average or undesirable and observe the
following price mechanism, although it is not quantified: an NFT’s expected sale price begins
at the collection floor price and asymptotically approaches a theoretical potential price as
time progresses (see Figure 3). As such, it is apparent that there is a significant gap in the
understanding of which liquidity measures are appropriate to use within the NFT asset class

and how to quantify illiquidity.

Figure 3
Lommers et al.’s (2022) theoretical model of NFT liquidity.
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The above model proposes that NFTs within a collection can be categorised as either
“desirable”, “average”, or “undesirable” based on their randomly generated features. For
example, within the Bored Apes collection, some assets have gold backgrounds, which are
seen as highly desirable compared to more generic colours. Lommers et al. (2022) propose
that each class of NFT will asymptotically approach a theoretical potential price as time
progresses. Note that not all NFT collections mint NFTs with unique features — some mint
near-identical copies of the same asset for multi-person use.

4.5. Wash trading
The Internal Revenue Services (IRS) defines wash trading as “trades [that have an] absence
of change in ownership,” or more simply described as a single entity trading an asset between
its accounts to give the illusion of demand for an asset at an inflated price (Oh, 2023). In
attempts to generate illicit profit or exploit marketplace incentive programs, this practice
inadvertently causes significant issues when studying asset liquidity (Imisiker & Tas, 2016;

Serneels, 2023). Section 6.1 provides further detail and an example of such wash trading.

24



Within NFT markets, wash trading is abetted by the fact that market participants can create an
infinite number of accounts and utilise automation to perform wash-trades far beyond what is
possible in traditional markets. However, given the total transparency of the blockchain,

wash-trades are significantly easier to detect to an observer.

Given the unregulated nature of the NFT market, it is critical to consider the effects of wash
trading that could bias results when analysing asset volume and prices (Chalmers et al.,
2022). By testing NFT market data for adherence to Benford’s Law, Student’s T-Tests and the
Pareto-Levy law, Sifat et al. (2023) identify significant levels of wash trading in the Ethereum
and Wax blockchains. Their findings support earlier market-level graphical analysis
conducted by von Wachter et al. (2021), who find that at least 2% of trades within the top 52
traded NFT collections are wash-trades. To supplement this, Oh (2023) leverages the
abundance of transaction-level data to directly identify individual wash-trades and traders: he
proposes a logic framework, based on the IRS’ guidance, to identify wash-trades utilising
wallet addresses and estimates that only 0.3% of transactions are wash-trades, which are
primarily clustered in popular NFT collections. Finally, Serneels (2023) proposes three novel
strategies to target simple wash-traders, who use a small number of personally managed
wallets, as well as sophisticated wash-traders, who automate wallet generation to leverage
dozens of accounts simultaneously. Both Oh (2023) and Serneels (2023) posit that the goal of
NFT wash trading is to accrue marketplace rewards that pay a fraction of trade volume, with
Oh additionally finding that the returns of wash trading are negligible in the long term due to
the fact that most participants can identify them. Overall, it is imperative to incorporate wash
trading exclusion strategies to prevent manipulative price/volume distortions from biasing the

results.
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5. Data

The raw data is pulled directly from OpenSea, the largest decentralised NFT marketplace.
OpenSea hosts approximately 97% of all Ethereum-based NFT transaction data which is the
most popular blockchain for NFTs. The resulting dataset reports all NFT transaction data that
has gone through the marketplace between 1 Feb 2021 and 21 Aug 2021. Due to the
immutability of the blockchain infrastructure, the sourced data is free from tampering. The
data is acquired via OpenSea’s publicly available API, which limits data requests to 2
requests per second, requiring additional code to retrieve all transactions within the sample
period. A snippet of the raw data for Hashmasks #6729 can be seen in Figure 4, with the

primary data fields being described in Table 2.

Figure 4
Sample NFT transaction data point.

=1}
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token_id": "&720",

.num_sales™: 5,

.name”: "Hashmasks #6729",

.asset_contract.asset_contract_type™: "non-fungible™,
.collection.name™: "Hashmasks",

"created_date™: "2021-82-81T23:59:12.828088",

“event_type™: "successful”,

"id": 77433831,

“payment_token.symbol™: "ETH",

"payment_token.eth_price™: 1,

"payment_token.usd_price”: 4138.51,

"gquantity™: 1,

"seller.address": "Bxfdéb/fabfa9deas0ldd21d84d218b9dfecc29678",

"seller.user.username™: "DefFeset",

"total price”: 1.3995=+18,

"transaction.id": 78222786,

"transaction.timestamp™: "2821-82-81T23:5%8:37",
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Transaction data corresponding to the asset called “Hashmasks #6729”, which sold for
1.3995 ETH at 11:59:37 PM on 1 Feb 2021 to wallet address Oxea7d6a3873cbb...

26



Table 2
Data field definitions and applied filters.

Data Field Definition Applied Filter
Asset.id Unique asset identifier N/A
(13 9 : Only
Event type Successful” indicates an asset sale “successful”
Asset.asset_contract. Describes the asset involved in the contract Only aon-
Asset _contract type fungible
. . . Only trades with
Quantity Number of NFTs involved in the sale. a quantity of 1
e Only ETH or
Payment_token.symbol Symbol indicating the token used to pay for WETH
- the NFT
payments
. The price the above payment token in USD
Payment token.usd price on that day | | N/A
Total price ;1;111(2 rIzrlce of the asset in units of payment N/A
Seller.address Wallet address of the seller N/A
Winner account.address  Wallet address of the buyer N/A
Transaction.timestamp Date and time of the transaction N/A
Remove
Transaction.id Unique transaction identifier duplicate
transactions

This table displays the primary data fields pulled from OpenSea, associated definitions and
any filters applied. From these primary datafields, the USD sale price of the asset can be
calculated by multiplying payment token.symbol and payment token.usd price. The
payment token.usd price value is updated at the start of each day.

The dataset retrieved from OpenSea is raw and unstructured, containing duplicates,
incomplete transactions and unusable information. Following prior literature, the following
filters are applied to create a cleaned dataset: only keep transactions involving NFTs,
successful sale events, single NFTs at a time, payments in ETH or WETH and the removal of
all transactions with missing fields or duplicate transaction IDs (Kampakis, 2022; White et
al., 2022a; Wilkoff & Yildiz, 2023). In order to create a series of multiple returns, only assets

with three or more recorded sales are kept.

Prior to analysing the dataset, it is important to understand the context of the NFT market
with regard to returns and perceived volatility. Following Borri et al.'s (2022) methodology,
who respectively create a repeat sales model following Bailey et al.'s (1963) work in real

estate, an NFT market index is displayed in Figure 5. This index shows a clear overall bull
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run across the sample: although there is a month-long market pullback during April, the index
rebounds and fluctuates throughout May before peaking at 2.5 by the end of the sample
period. Figure 6 by Borri et al. (2022) shows the NFT market index from 2018 to the end of
2021; it is clear that, despite the slight downturn in this paper’s sample period, the NFT
market is on an unprecedented bull run that began in late 2020 and ended in late 2021. At its

peak, the NFT market index price was 10 times higher than its start point in 2018.

Overall, there are 1,009,177 unique transactions, 737,161 unique assets and 1,985 unique
collections, with the first and last recorded trades being on the 1% of February and 21% of
August 2021. The median NFT sale price is $375.14, while the mean is $1,714.12, indicating
a significant positive skew. The average time between sales for the median NFT is 4.91,
however, a significant number of NFTs observe average sale times of less than 2 days,
indicating the presence of some highly active NFTs in the market. Table 3 breaks down the

data by individual NFT and collections.
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Figure 5
NFT market index constructed via the repeat sales method of Bailey et al. (1963).
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The market index is constructed using the cleaned dataset from OpenSea. The sample
period spans from 1 Feb 2021, when the index price is 1, to 21 Aug 2021.

Figure 6
NFT market index from “The Economics of Non-Fungible Tokens” using the repeat sales
method (Borri et al., 2022).
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This figure by Borri et al. (2022) uses data from multiple exchanges (Cryptokitties, Gods

Unchained, Decentraland, OpenSea and Atomic) and excludes NFTs under $1. It calculates

weekly index prices from 2018 to the end of 2021.
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Table 3
Descriptive statistics by NFT and collection level.

Panel A: NFT Level Statistics

Variable N Mean Std Dev Min 25% Median 75% Max

Number of sales 737,162 2.37 10.93 2 2 2 2 5,928

Total volume (USD) 737,159 2,553.92 16,835.56 0.00 175.89 465.03 1,394.89 4,786,104.42
Sale price (USD) 737,159 1,714.12 12,445.22 0.00 163.88 375.14 1,040.29 3,351,120.00
Return (%) 181,759 523.75 86,068.23 -100.00 -7.55 33.06 107.14 33,806,037.69
Days to sell 183,089 12.79 22.63 0.00 1.38 491 13.92 199.09

Panel B: Collection Level Statistics

Number of sales 1,986 508.15 1,650.71 1 2 9 136 18,974.00
Total volume (USD) 1,983 949,391.13 7,387,968.84  0.00 843.15 6,817.26 109,497.57 227,787,854.38
Sale price (USD) 1,983 4,050.33 26,139.98 0.00 158.99 468.94 1,682.95 603,804.71
Return (%) 893 1,004.42 21,154.51 -100.00 5.11 47.79 139.72 629,117.48
Days to sell 901 21.57 29.01 0.00 3.25 10.51 28.63 185.99

This table presents descriptive statistics for each NFT or collection’s number of sales, total USD volume (sum of all trades’ USD value), sale price
USD (average sale price in USD), return (average return) and days to sell (average days to sell). The data set contains 1,009,177 unique transactions,
737,161 unique assets and 1,985 unique collections between 1 Feb 2021 and 21 Aug 2021.

Table 4

Collection-day descriptive statistics.

Variable N Mean Std Dev Min 25% Median 75% Max

Return (%) 31,388 265.01 8,818.00 -100.00 -10.00 0.00 21.06 915,012.25
Volume (USD) 31,531 56,800.00 397,000.00 0.00 541.51 2,797.38 14,981.27  23,400,000.00
Volatility (%) 31,009 2,537.65 11,498.37 0.00 0.00 66.67 570.11 99,680.55
Age (days) 31,531 61.49 55.32 1.00 15.00 41.00 101.00 200.00

HHI 31,531 1,379.24 1,371.39 267.23 553.35 839.22 1,502.01 8,979.76

This table presents descriptive statistics by collection-day observation using the following data definitions: return is the difference between the logged
values of the collection ¢’s close and open prices on day d, volume is the sum of all sale prices within ¢ on day d, volatility is the percent difference
between ¢’s high and low prices on day d, age is the days since the ¢’s first sale and HHI is the Herfindahl-Hirschman index, calculated as the sum of
the squares of each collections percentage market share on day d. The data set contains 1,985 unique collections and 31,531 collection-day
observations between 1 Feb 2021 and 21 Aug 2021.
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Notably, there is a significant skew in the individual NFT data, with the majority being traded
twice within the sample period and within two weeks of each other. Regarding pricing, there
is a significant tail on the positive side, with a minority of assets creating the vast majority of
trading volume and being priced significantly higher than the majority. While this
phenomenon, more widely known as the generalised Pareto distribution or power laws, is
absent from traditional financial assets such as stock indices, energy prices, exchange rates,
interest rates, and precious metals (Liu, 2019), it is prominent in creative/non-fungible assets

such as art (Etro & Stepanova, 2018), music (Gustar, 2020) and real estate (Blackwell, 2018).

One of the most noteworthy components of the data is the average returns and extremely
short resale period; the median NFT generates a 33% return across an average of 4.91 days,
while NFTs at the extremes can either become worthless or witness unprecedented growth.
Like the apparent Pareto distribution, these features are common among physical art, music,

and real estate markets.

Descriptive statistics by collection-day observations can be seen in Table 4. Notably, the
median daily return for collections is 0%, with extremely fat tails on either side going to
100% loss and 915,012% return. The extreme kurtosis of the returns is reinforced by the daily
volatility (calculated as the day high divided by the day low) having an extreme upside and
relative flat majority. The Herfindahl-Hirschman index (HHI), which is calculated as the sum
of the squares of each collection’s percentage market share for each day and has a theoretical
range of 0 (infinite number of collections) to 10,000 (only one collection trading). It reveals a
highly dispersed market for 50% of collection-day observations (HHI<1000) and that the
majority of data points occur in relatively unconcentrated markets (HHI<1500) (U.S.

Department of Justice, 2018).

31



6. Liquidity proxies

To explore the liquidity of NFT collections, a suite of commonly used liquidity proxies
(Amihud’s illiquidity ratio (Amihud, 2002), Lesmond’s zero measure (Lesmond et al., 1999),
Goyenko’s modified zero measure (Goyenko et al., 2009) and Roll’s implicit measure(Roll,
1984)) is calculated using four unique datasets and analysed using a Pearson correlation
matrix and family of regressions. Finally, a set of robustness tests is performed, including
dividing the dataset into bull/bear periods and taking the natural log of the liquidity proxies to
detect non-linear relationships. The datasets are created in two steps: firstly, wash-trades are
excluded from a duplicate dataset, resulting in a pre and post-wash trading exclusion dataset.
Secondly, for each dataset, two different methodologies of calculating liquidity proxies are
applied, the first assuming intra-collection homogeneity and the other assuming intra-
collection heterogeneity. With the resulting four datasets of liquidity proxy calculations, a
simple OLS regression, a collection fixed effect regression and a collection/date fixed effect
regression are performed on each of the liquidity proxies. The proxies are then normalised

and logged to perform additional analysis into the drivers of liquidity in NFT collections.

6.1. Excluding wash-trades
As made apparent by a multitude of research, wash trading, regardless of its motive, has a
major presence and notable impact in almost all dimensions of the blockchain financial
system, impacting returns, observed trading volume, market health and perceived liquidity

(Oh, 2023; Pennec et al., 2021; Serneels, 2023; Sifat et al., 2023; von Wachter et al., 2021).

To fully understand how wash trading affects the NFT collection liquidity, it is necessary to
compare the performance of the proxies with and without the presence of wash-trades in the
data. Possible processes for identifying individual wash-trades are outlined in Table 5, which

collates the strategies proposed by Oh (2023) and Serneels (2023).
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Table 5
Wash-trade identification strategies by Serneels (2023) and Oh (2023).

Author  Strategy Name Criterion
Identity Trade Asell to A

8}623) 1-1 Trade A sell to B and B to A (within 7 days)
Matched Order Asell to B, B to C and C to A (within 7 days)
Closed-Loop Token (CLT) A sell a token and the token ever returns to A

(S;(I)Tzlg?ls Closed-Loop Value (CLV) A sell to B within 2% of the previous price

High Transaction Volume (HTV) Trading volume > 99% confidence range

Given the aggressiveness of HTV and the fact that CLV will incorrectly flag sideways
trading (zero return trades), it is necessary to consider which flags to use when eliminating
wash-trades, which requires balancing the capturing of simple vs sophisticated wash-traders.
Simple wash-traders use a small number of wallets to manually trade assets and can be
identified entirely by changes in ownership addresses (Oh, 2023). As such, all of Oh’s
strategies and Serneels’ CLT strategy are able to capture this category of manipulative
trading. Sophisticated wash-trades, however, utilise automation to trade throughout multiple
accounts and can potentially create a new account for every NFT trade due to the market’s
near-zero barriers to entry, meaning that ownership tracking is not enough to detect these
trades. Serneels’ CLV and HTV strategies can detect these trades, although they introduce
false positives (type I errors) when an asset is trading sideways (0 return trades between
legitimate participants) and when an NFT generates significant investor attention (abnormal
increases in transaction volume). Research by Serneels (2023) indicates that simple wash-
traders make up the majority of illicit transaction volume in NFT markets and that the
CLV/HTV strategies tend to generate excessive amounts of type I errors and occasional type
IT errors. As such, Serneels’ CLT methodology, which fully captures all of Oh’s strategies, is
used as it completely captures the majority of all wash trading and does not generate any type
I or II errors. Applying this methodology, each trade is then flagged as either 1 (suspicious) or
0 (normal) for each of the criteria. Table 6 shows a wash-trading example of the asset “Eyes

Open Bomb Squad” from the collection SuperMassive V2.
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Table 6

Example of a wash traded NFT.

S e e HEOED ow ar G G D g
16886921 0x216b44c0...  Oxlffdcaaf7... 0.065 217.82 5 u12021 0 0 0 | 0
16886921 OxIff0caaf7... 0x216b44c0... 0.055 18431 542021 1 1 0 1 0
16886921 0x216b44c0...  Oxlffdcaaf7... 0.055 182.61 542021 1 1 0 1 0
16886921 OxIff0caaf7... 0x216b44c0... 0.055 182.61 SJB2021 1 1 0 1 0
16886921 OxffacaeSIf... 0055 18431 2021 1 1 0 1 0
16886921 Oxffacac1f... 0055 184.87 2 12021 1 1 0 1 0
16886921  OxffacacS1f... 0055 18487 3LJl2021 1 1 0 1 0
16886921 Oxffacac1f... 0055 184.87 ZLul2021 1 1 0 1 0
16886921 Ox69c3d3df...  0x6307ce90... 0055 184.87 7 302021 1 1 0 0 0

This table presents an NFT that has been wash-traded through multiple accounts. The above asset is called “Eyes Open Bomb Squad” from the
collection “SuperMassive V2” and is wash-traded through four unique accounts. On 8 Jul 2021, the asset is traded 4 times between the same two
parties (blue and red accounts) until it is traded to a third party outside the OpenSea marketplace. The asset then reappears on OpenSea on 9 Jul 2021

and is wash-traded between the purple and orange accounts. Note that the ETH price is the exact same for all trades after the first transaction. As such,

many of its trades are flagged by CLT, CLV (USD and ETH) and 1-to-1 strategies. While the price does not change in this example, the manipulators
have artificially increased the perceived demand for this asset, which is a key indicator for many traders when valuing assets and analysing liquidity.
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Table 7
Wash trading descriptive statistics.

Panel A: Distribution of trades affected by wash trading

Number of flags Number of trades flagged Percent of trades flagged Cumulative percent flagged
0 790,083 78.29 78.29

1 185,433 18.37 96.66

2 11,873 1.18 97.84

3 21,614 2.14 99.98

4 165 0.02 100.00

5 7 0.00 100.00

Panel B: Wash trading statistics by trades, assets, collections, and dollar value

Trades Assets Collection Dollar value
Flag Number Percent Number Percent Number Percent Number Percent
Identity 7 0.00% 1 0.00% 1 0.05% $35,604.97 0.00%
One-to-one 791 0.08% 353 0.05% 154 7.57% $3,320,990.50 0.18%
Matched 0 0.00% 0 0.00% 0 0.00% $0.00 0.00%
CLT 24,070 2.39% 679 0.09% 244 11.99% $17,942,152.25 0.95%
CL-USD 34,521 3.42% 7,383 1.00% 491 24.14% $40,314,475.33 2.14%
CL-ETH 36,300 3.60% 8,253 1.12% 531 26.11% $42,553,584.10 2.26%
HTV 179,027 17.74% 179,027 24.29% 874 42.94% $585,609,193.67 31.11%

This table shows descriptive statistics for the wash trading flags in the dataset using the strategies defined in Table 6. In this table, Closed Loop
Value (CLV) identification is applied using both USD value (CL-USD) and ETH (CL-ETH) with a margin of error of 2%. Panel A shows the
flagging frequency for trades in the data. Panel B shows statistics regarding the number of trades, assets, collections and dollar amount affected by
each flag. The data set contains 1,009,177 unique transactions, 737,161 unique assets and 1,985 unique collections between 1 Feb 2021 and 21 Aug
2021.



Looking at the descriptive statistics provided in Table 7, each identification strategy becomes
increasingly aggressive and increasingly likely to include false positives. With over 10% of
trades having at least one flag raised, it is critical to balance false positives with false
negatives. As noted in their respective papers, both Serneels and Oh’s identification strategies
have their downsides, with Oh’s method underreporting wash-trades (his methodology does
not recognise wash-trades between over 3 accounts) and Serneels overreporting via his high
transaction volume flag. Furthermore, Serneels’ CLV strategies will overidentify assets that
have been trading sideways (i.e. zero returns), which does not necessarily mean wash trading.
As such, the optimal middle ground is to remove all trades flagged either by Serneels’ CLT
strategy or any of Oh’s strategies. Looking at panel B of Table 7, it can be noted that CLT
affects 2.39% of trades, 0.09% of assets and 11.99% of collections, which indicates that a
small number of assets, spread across multiple collections, generates most of these wash-
trades. Serneels (2023) argues that CLT has an extremely low chance of generating false

positive flags, as it is highly unlikely that an NFT seller will later come back to buy that asset.

Table 8 shows the post-wash trading exclusion collection-day descriptive statistics. As noted
above, 24,070 (2.39%) trades were removed due to wash trading identification, with only a
1.5% decrease in collection-day observations. This is likely due to most detected wash-trades
being surrounded by legitimate trades within popular assets. The majority of collection-day
statistics remain mostly unchanged, with collection open and close prices seeing a reduction
in kurtosis (reduced 25% percentile value and raised the 75% percentile value), day volatility
seeing a slight rise at the 50™ and 75™ percentiles and the obvious effects of day transaction
volume falling and age rising. However, a noticeable change can be observed in HHI: the
average HHI rises by 50, the bottom 75% of values rises and its 90" percentile falls,
indicating a generally more fragmented market. This is expected due to the concentration of

wash trading within a few assets, which artificially increases their market shares.
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Table 8

Post-wash trading exclusion descriptive statistics by collection-day.

Variable N Mean Std Dev Min 25% Median 75% Max

Return (%) 30,926 264.91 8,866.00 -100.00 -10.00 0.00 21.96 915,012.25
Volume (USD) 31,051 55,470.89 370,950.92 0.00 541.51 2,792.34 14,949.16 23,442,136.14
Volatility (%) 30,572 2,547.57 11,490.85 0.00 0.00 66.67 584.21 99,640.00
Age (Days) 31,051 61.85 55.47 1.00 15.00 42.00 101.00 200.00

HHI 31,051 1,428.61 1,484.21 268.83 548.56 866.02 1,590.05 8,979.76

This table presents descriptive statistics by collection-day observation after excluding wash trading and using the following data definitions: return is
the difference between the logged values of the collection ¢’s close and open prices on day d, volume is the sum of all sale prices within ¢ on day d,
volatility is the percent difference between ¢’s high and low prices on day d, age is the days since the ¢’s first sale and HHI is the Herfindahl—
Hirschman index, calculated as the sum of the squares of each collections percentage market share on day d. The data set contains 1,985 unique
collections and 31,051 collection-day observations, as opposed to 31,531 observations pre-wash trading exclusion, between 1 Feb 2021 and 21 Aug

2021.
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6.2. Collection level assumptions of homogeneity
There are two primary ways to calculate a collection’s liquidity proxy on a particular day,
each with its own pros, cons and underlying assumptions. The first method is to treat all
NFTs within a collection as identical, assuming intra-collection homogeneity; this method has
the advantages of simplifying data acquisition for future research due to collection level price
data being more readily available and ensuring a well-populated dataset with a larger number
of trades per day when compared to tracking individual NFTs. However, assuming
homogeneity within collections is a significant assumption that will hold true for some
collections (e.g., some collections mint extremely similar assets with minimal discernible
differences), but false for others (e.g., within the Bored Apes collection, some NFTs possess
highly rare attributes, such as hats or accessories, that cause them to sell many times higher
than the average NFT). Under this assumption, the unique asset identifiers are stripped and
liquidity proxies are calculated treating each recorded sale price as a sale of the same asset.
The second method is to calculate liquidity proxies for each individual NFT and then average
them within each collection day observation, assuming intra-collection heterogeneity; this
method has the advantage of being more precise and accounting for intra-collection variance.
The downsides of using the heterogeneous collection assumption are that it is more
computationally intensive and provides low observation counts for the majority of NFTs,
which can introduce skewed proxy distributions or survivorship bias in proxies that require
high observation counts. Furthermore, the proxies are winsorised at the 1 and 99 percentile

levels to minimise the impact of outliers.

6.3. Illiquidity measure definitions
Despite there being a multitude of possible liquidity proxies that are thoroughly discussed in
the surrounding literature of equities (Ramos & Righi, 2020), ETFs (Marshall et al., 2018),

bonds (Schestag et al., 2016), OTC contracts (Jankowitsch et al., 2011) and real estate
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(Ametefe et al., 2016), many have stringent data requirements/inputs and are not conducive to
non-fungible asset analysis. Having considered this, it is possible to analyse liquidity across
two primary dimensions in the NFT markets: market depth, which can be interpreted as price
impact, and market tightness, which can be interpreted as the combination of explicit and
implicit trading costs. Within market tightness, explicit costs are known upfront and include
costs such as blockchain gas fees, taxes, and exchange fees, whereas implicit costs as less
visible but highly significant in total transaction costs, encompassing costs such as bid-ask
spreads, price slippage, and trade execution timing (Le & Gregoriou, 2020). Given the scope
of this paper, only the Amihud illiquidity ratio (price impact), Lesmond zero measure
(explicit transaction cost), Goyenko zero measure (explicit transaction cost) and Roll’s

implicit measure (implicit transaction cost) will be considered.

Notation is defined as the following: i refers to an individual NFT, s refers to a sale of 7, ¢

refers to an individual collection, d refers to the day and m refers to the month.

Amihud's (2002) illiquidity ratio, often referred to as the return to volume ratio, is a widely
used measure in finance literature to assess the sensitivity of a stock's average absolute return
to changes in trading volume (Amihud, 2002; Barardehi et al., 2021). It effectively
encapsulates the influence of trading volume on stock price movements, with higher trading
volume resulting in a lower illiquidity ratio; it also has a narrow interpretation as an implicit
transaction cost estimator, with a higher illiquidity ratio indicating a wider bid-ask spread
(Acharya & Pedersen, 2005). However, it has limitations, including a size bias, where larger
market capitalization assets are automatically deemed less illiquid, and a failure to account
for variations in trading frequency, which are increasingly relevant in contemporary markets
and can impact liquidity premia (Florackis et al., 2011). Following Wilkoff & Yildiz's (2023)
methodology, this paper uses the daily Amihud measure. Assuming homogeneous collections,

the daily collection Amihud measure for collection c is calculated as the absolute return from
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day d’s open to close price, divided by the total trading dollar volume of collection ¢ on day d
in USD, as seen in Equation 1. The heterogeneous collection assumption Amihud measure is
found by calculating the daily Amihud measure for each constituent NFT i of collection ¢ by
replacing the ¢ with i in Equation 1; collection ¢’s subsequent Amihud measure is the average
of each NFT i’s Amihud measure. If a collection or individual NFT experiences only one sale
on a day, its return is 0, making the Amihud measure 0. Since Amihud’s measure is a measure
of asset illiquidity, a higher Amihud value implies a fall in asset liquidity, specifically

indicating a rise in the price impact of a single additional dollar of transaction volume.

|Total Return, 4|

Amihud, ; =
M Ced = 110 ding Volume, 4 (1)

A similarly popular measure was developed by Roll (1984) to implicitly measure the

effective bid-ask spread using serial covariance, which suggests that illiquid assets should
have strong auto-correlation patterns. Ametefe et al. (2015) identify a key benefit of Roll’s
measure as only requiring daily prices to be calculated, with some drawbacks being the
assumption of stationarity (which is verified in Appendix A), market informational efficiency
(which is a key feature of decentralised marketplaces) and a lack of meaningful interpretation
when the sample serial covariance is positive (highly prominent in emerging markets and real
estate). To remedy the final drawback, Goyenko et al. (2009) created a modified Roll measure
which is used in this paper and seen in Equation 2. As with the Amihud measure, the
homogeneous Roll proxy is calculated using Equation 2, while the heterogeneous Roll proxy
is calculated by finding each constituent NFT’s Roll measure and averaging them within each
day observation. A higher Roll measure indicates a fall in asset liquidity, specifically

indicating a rise in the implicit bid-ask spread and thus implicit trading costs.
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Roll, = 2 \/ —cov(AP, 5, AP, ;_1),when cov(AP, s, AP.s_1) < 0 @)
0 ,when cov(AP, 5, AP;s ;) 2 0

Where cov(APi,S, APi,s_l) is the sample covariance between the change in price of trade s

(AP; 5) and the previous trade (AP; s_1).

The Zeros measure proposed by Lesmond et al. (1999), and later modified by Goyenko et al.
(2009), is widely popular in the financial liquidity literature. It has been found to be highly
correlated with other traditional liquidity measures in emerging markets and accurately
estimate explicit transaction costs (Bekaert et al., 2007; Lee, 2011; Lesmond, 2005).
Lesmond’s measure (see Equation 3) assumes that zero return days should occur when the
expected return does not exceed the transaction cost, whereas Goyenko’s modification (see
Equation 4) argues that highly illiquid assets will have a higher proportion of zero trading
volume days more consistently than zero return days (Ametefe et al., 2015). The
homogeneous and heterogeneous collection assumption proxies are calculated using the same
methodology as Amihud and Roll: the homogeneous collection assumption proxy applies
Equations 3 and 4, while the heterogeneous collection replaces ¢ with i and then averages
them within each collection day observation. Following Goyenko et al.'s (2009) methodology,
the zero proxies are measured at the monthly frequency. A higher Lesmond or Goyenko
measure indicates a fall in asset liquidity, specifically indicating a rise in the explicit

transaction costs.

NR
Lesmond, ., = Sk 3)
Tm
NV,
Goyenkog ., = Sl (4)
Tm

Where NR is the number of zero-return days for collection ¢ in month m, NV is the number of

zero trading volume days for collection ¢ in month m and 7 is the number of trading days in
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month m, which is always the number of days in the month since NFT markets are always

open.

6.4. Comparison of liquidity proxy methodologies
Having calculated the liquidity proxies using both the homogeneous and heterogeneous
collection assumption methodologies in both the pre and post-wash trading exclusion
datasets, the liquidity proxies’ descriptive statistics are found in Table 9. Differences between
the panels of Table 9 can help reveal both the information captured by the homogeneous/
heterogeneous collection assumptions and the impact of wash trading on collection liquidity.
Comparing panels A to C and B to D, one of the most noticeable differences between the
homogeneous and heterogeneous assumptions is the abundance of zeros: in the former, only
25% of Amihud and Roll values are 0, whereas the latter has 75% of values being 0. This
difference is expected due to the abundance of individual NFTs that either sell once in a day,
generating a 0 value for Amihud, or experience a consistent rise in sale prices, causing the
return autocorrelation measure to be positive and thus Roll’s measure to be 0. This issue does
not appear in the homogeneous assumption datasets, which implies that it contains both
ample daily transaction volume to generate a majority of non-zero Amihud measures and a
noticeable amount of price pullbacks to generate a majority of negative return autocorrelation
and thus non-zero Roll measures. Furthermore, the homogeneous assumption appears to
generate a significantly smoother distribution of liquidity values that spans the full range of
possible values for each proxy, as opposed to the heterogeneous dataset that witnesses
significant clustering near the upper/lower bounds of each proxy, which is primarily
noticeable in the Lesmond/Goyenko measures. Overall, these differences indicate that the
homogeneous assumption provides a framework more conducive to studying liquidity, as a
wider range of proxy values are attainable, there are fewer outliers, and the observable sale

prices more closely represent the trading activity that is capturable by traditional proxies.
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There are also noteworthy differences between the descriptive statistics before and after
excluding wash trading. Within the homogeneous assumption datasets, the exclusion of wash-
trades sees a rise in all non-zero values of Amihud and Roll measures, implying a fall in
liquidity across both the price-impact and transaction cost dimensions. However, Lesmond
reports a very slight decrease in its values around the median of its distribution, most likely
indicating a shift in the shape of the distribution and containing minimal information on
liquidity. Across the heterogeneous assumption proxies, the max and mean values for both
Amihud and Roll fall, while Lesmond and Goyenko experience a slight rise in their means;
these changes are minimal and likely reflect a reduction in the number of trades as opposed to
a fundamental shift in liquidity. Overall, the removal of wash-trades does make a change in
calculated liquidity, although, it is difficult to separate the impact of wash trading from the

reduction in sample size and increased abundance of null values without further research.

Looking at the distribution of each liquidity proxy, there are noticeable differences. Notably,
when using the heterogeneous collection assumption, which contains more idiosyncratic
information than the homogeneity assumption, Goyenko is the only variable that provides a
reasonable distribution of values: Amihud and Roll both are 0.00 for 75% of the sample while
Lesmond is 1,000,000 for 75% of the sample, whereas Goyenko has a more dispersed array
of measures (see Table 9). It is reasonably expected that the homogeneous collection
assumption will yield higher-quality regression estimates due to reduced clustering near the

edges of the distribution.
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Table 9

Liquidity proxy descriptive statistics by collection-day observation.

Panel A: Homogeneous collections - including wash-trades

Variable N Mean Std Dev Min 25% Median 75% Max

Amihud 31,531 824.64 3,578.69 0.00 0.00 6.68 133.71 28,551.61
Lesmond 31,531 591,869.61  301,528.95  0.00 366,666.67  633,333.33  866,666.67  1,000,000.00
Goyenko 31,531 449,429.82  286,202.88  0.00 225,806.45  428,571.43  677,419.35  967,741.94
Roll 31,531 2,215,582.11 6,864,991.70 0.00 0.00 345,552.00 1,216,518.95 53,380,403.77
Panel B: Heterogeneous collections - including wash-trades

Amihud 31,531 7.00 36.09 0.00 0.00 0.00 0.00 288.99
Lesmond 31,531 999,124.12  3,914.02 967,741.94 1,000,000.00 1,000,000.00 1,000,000.00 1,000,000.00
Goyenko 31,531 948,848.75  20,278.47 886,628.08 941,666.67  956,989.25  966,666.67  967,741.94
Roll 31,531 11,350.03 57,994.47 0.00 0.00 0.00 0.00 467,212.70
Panel C: Homogeneous collections - excluding wash-trades

Amihud 31,051 825.63 3,554.23 0.00 0.00 7.11 137.05 28,183.59
Lesmond 31,051 588,485.53  301,148.91  0.00 354,838.71  612,903.23  866,666.67  1,000,000.00
Goyenko 31,051 450,024.73  285,820.69  0.00 225,806.45  428,571.43  677,419.35  967,741.94
Roll 31,051 2,239,816.70 6,915,626.42 0.00 0.00 353,56563.39  1,237,051.74 53,593,134.48
Panel D: Heterogeneous collections - excluding wash-trades

Amihud 31,051 6.56 33.79 0.00 0.00 0.00 0.00 270.41
Lesmond 31,051 999,529.47  1,641.88 989,247.31 1,000,000.00 1,000,000.00 1,000,000.00 1,000,000.00
Goyenko 31,051 954,733.48  15,247.75 900,000.00 948,888.89  958,870.97  967,741.94  967,741.94
Roll 31,051 10,502.52 54,799.72 0.00 0.00 0.00 0.00 445,540.19

This table shows descriptive statistics for collection-day level liquidity proxies using both the homogeneous (calculating proxies at the collection level
assuming all NFTs are identical) and heterogeneous (calculating proxies at the NFT level and averaging within the collection-day observation)
collection assumptions as well as before and after excluding wash trading. All proxy values are multiplied by 1,000,000 to improve readability.
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6.5. Regression specification
Knowing that each of the four proxies captures slightly different dimensions of liquidity,
performing regressions with varying fixed effects helps to decompose the drivers of liquidity.
The first regression is a simple ordinary least square (OLS) regression using widely available
and commonly used price controls. Subsequent regressions add collection fixed effects, date
fixed effects and cluster standard errors around collections. Finally, all regressions are

repeated with logged proxy values as a robustness test to uncover non-linear relationships.

The base regression model uses the daily collection closing price (Close. ), daily transaction
volume in USD (Volume..q), daily price volatility (Volatility.a), collection age (4gec.q), age
squared (4ge’.q), and the day’s HHI score (H{HI,). Unlike the existing literature, this paper
focusses on variables that are attainable solely via sale price data, both to understand if price
variables are significant in predicting liquidity proxies and to provide a benchmark for future
studies. The daily close price is added as a control for the relative sale price of the collection
—if positive and significant, it indicates that more expensive collections are associated with
more illiquidity. Adding the daily transaction volume and volatility respectively accounts for
market interest and uncertainty in a particular collection. The age variables are added to
detect the presence of a non-linear relationship between the age of a collection and its
liquidity, which is anticipated to be influenced by the majority of collections dying relatively
soon after launch, while a minority experiences most of the returns. The day’s HHI score is
also added to determine the impact of market saturation on liquidity; intuitively, a higher HHI
is expected to reduce illiquidity since there is less market attention and demand for other

collections.

For collection ¢ on day d, Closeq1s the last recorded NFT sale price within ¢, Volume.q is the
sum of daily transaction volume in USD (Volume, 4 = Y.¥ Prices ), Volatilitya is the

percent difference between the day’s highest sale price and the lowest sale price, Agec.a is the
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number of days since the first recorded sale of the collection, Age’. 4 is the square of Age 4,
and HHI, is calculated as the sum of the square of each collections market share by Volumec,a

Volumec g4

2
(HHI; =XY, (z * 100) ).

IC\{ gVolumec g
The baseline OLS regression is performed as specified in Equation 5.

Liquidity Proxy.q = @cq + 1 (Closecjd,) + 5, (Volumecjd,) + 55 (Volatilityc,d) +
)

[34(A9€c,d,) + Bs (Agecz,d,) + Be(HHIy) + €4
Subsequently, collection fixed effects are added to isolate the impact of the price variables by
controlling for collection-specific factors such as the creator/artist, collection history, past
returns, and public sentiment for that collection. These are coupled with standard errors
clustered around collections to address intra-collection correlations and account for potential
heteroskedasticity. Date fixed effects are then added to account for long-term trends and
market-wide liquidity events. Finally, all the above regressions are repeated using logged

liquidity proxies, which requires the original proxies to be normalised by adding one to each

of them.
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7. Results

7.1. Basic correlations
By analysing the Pearson correlation coefficients between the liquidity proxies found in
Table 10, it is possible to investigate how the different dimensions of liquidity relate to each
other and to basic price variables. Roll’s measure, approximating implicit transaction costs
(specifically bid-ask spread), has the strongest correlations with the other proxies, having a
correlation coefficient of 0.14 with Lesmond, 0.13 with Goyenko and 0.17 with Amihud. The
relationship with Lesmond and Goyenko is expected due to all three measures capturing the
different aspects of transaction cost-associated illiquidity; however, these coefficients are not
as strong as the Lesmond-Goyenko relationship (0.92), which likely is caused by the
similarities between Lesmond and Goyenko’s methodology and the fact they both specifically
estimate explicit transaction costs. The difference in magnitude between the Roll-
Lesmond/Goyenko and the Lesmond-Goyenko correlation coefficients supports the
expectation of the literature that Roll and Lesmond/Goyenko do not capture the same aspects
of transaction cost liquidity. Roll’s closer relationship to Amihud (0.17) is less intuitive since
Amihud is primarily a price impact estimator, yet they have been found to be strongly related
in the research of Acharya & Pedersen (2005). In the same paper, they posit that Amihud’s
illiquidity measure could have an alternative, yet more narrow, interpretation as a measure for
implicit transaction costs, which would explain the 0.17 correlation between itself and Roll’s
measure due to the inherent relationship between price impact and the implied bid-ask spread.
As such, this relationship can be interpreted as both Roll and Amihud capturing the bid-ask
spread component of the implicit transaction costs, which is reinforced by Amihud’s
correlation of 0 with both Lesmond and Goyenko, indicating that Amihud’s liquidity

dimension is completely distinct from Lesmond/Goyenko.
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The inter-proxy relationships identified above are mostly supported by the existing literature,
except for the Roll-Lesmond and Roll-Goyenko correlations. When analysing the
relationships between liquidity proxies and liquidity benchmarks, Goyenko et al. (2009) note
that the monthly Amihud measure is not significantly different from Roll: their respective
average cross-sectional correlation coefficients to an effective spread benchmark are 0.56 and
0.57. Increasing the observation frequency to daily, as done by Langedijk et al. (2018) when
analysing bond liquidity, Amihud’s correlation to these benchmarks falls between 0.1 and 0.2.
Given the reduction in correlation when moving from monthly to daily frequency, the
Amihud/Roll correlation of 0.17 appears to be in line with the magnitude proposed by
analgous literature. Additional studies reaffirm that Amihud captures bid-ask spread related
illiquidity in multiple settings such as equity markets (Fong et al., 2017), emerging markets
(Bedowska-Sgjka, 2018) and government bonds (Su & Tokmakcioglu, 2021). Regarding the
zeros measure, Goyenko et al. (2009) also note that the Lesmond and Goyenko zero measures
are insignificant from each other when using pure-time series analysis (respectively achieving
correlation coefficients of 0.96 and 0.95 to the realised spread benchmark), which aligns with
my findings that Lesmond and Goyenko and strongly related. Where the results of Table 10
differ from the literature is the relationship between Roll and the zero measures, which I find
to be as strong as the Amihud/Roll relationship. Contrary to this, Goyenko et al. (2009)
identify them to be significantly different at the monthly frequency, yet this deviation

disappears at the annual level and has not been readily studied at lower frequencies.

Roll’s measure has the strongest relationship to the observable variables out of any proxy: a
coefficient of 0.17 with age, which is unexpected since Roll solely uses price returns and is
thus time agnostic. The next strongest proxy-variable relationship is Lesmond with daily
transaction volume at 0.11; this is expected from Lesmond’s measure since many zero-return

days are also zero-transaction volume days, however, Goyenko only holds a 0.07 relationship
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with the same variable. The remainder of proxy-variable relationships are mostly
insignificant (0.07 or lower), which is a positive since it minimises the risk of

multicollinearity and allows for more robust regressions.

There are no differences between homogeneous and heterogeneous collection assumption
correlations to two decimal places, which suggests that assuming heterogeneous collections
reveals no additional information regarding inter-proxy relationships as opposed to assuming
homogeneous collections. This finding is tenuous, however, as the correlation matrix only
analyses variables on a one-to-one basis and needs to be confirmed in subsequent analysis.
Furthermore, the exclusion of wash-trades also has minimal effect on correlation coefficients,
with the largest changes in correlations being 0.01, and suggests that all liquidity proxies, and

their relationships to the price variables, are equally affected by the exclusion of wash-trades.
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Table 10
Pearson correlation matrix.

Panel A: Pre-Wash-trade Exclusion

Variables 1 2 3 4 5 6 7 8 9 10
1 Amihud 1 0.00 0.00 0.17 -0.02 -0.03 0.00 0.07 0.08 0.00
2 Lesmond 0.00 1 0.92 -0.14 0.04 -0.11 -0.02 0.02 0.03 0.00
3 Goyenko 0.00 0.92 1 -0.13 0.04 -0.07 -0.01 -0.01 0.03 -0.06
4 Roll 0.17 -0.14 -0.13 1 -0.02 -0.02 0.00 0.17 0.18 0.01
5 Close price -0.02 0.04 0.04 -0.02 1 0.18 0.00 0.03 0.03 0.00
6 Day volume -0.03 -0.11 -0.07 -0.02 0.18 1 0.00 -0.03 -0.02 0.02
7 Day volatility 0.00 -0.02 -0.01 0.00 0.00 0.00 1 0.00 0.00 0.01
8 Age 0.07 0.02 -0.01 0.17 0.03 -0.03 0.00 1 0.96 -0.11
9 Age’ 0.08 0.03 0.03 0.18 0.03 -0.02 0.00 0.96 1 -0.13
10 HHI 0.00 0.00 -0.06 0.01 0.00 0.02 0.01 -0.11 -0.13 1
Panel B: Post-Wash-trade Exclusion
Variables 1 2 3 4 5 6 7 8 9 10
1 Amihud 1 0.00 0.00 0.17 -0.03 -0.03 0.00 0.07 0.07 0.00
2 Lesmond 0.00 1 0.93 -0.13 0.04 -0.11 -0.02 0.02 0.04 0.01
3 Goyenko 0.00 0.93 1 -0.12 0.04 -0.07 -0.01 -0.01 0.03 -0.06
4 Roll 0.17 -0.13 -0.12 1 -0.02 -0.02 0.00 0.17 0.18 0.01
5 Close price -0.03 0.04 0.04 -0.02 1 0.19 0.00 0.03 0.03 0.00
6 Day volume -0.03 -0.11 -0.07 -0.02 0.19 1 0.00 -0.03 -0.03 0.02
7 Day volatility 0.00 -0.02 -0.01 0.00 0.00 0.00 1 0.00 0.00 0.01
8 Age 0.07 0.02 -0.01 0.17 0.03 -0.03 0.00 1 0.96 -0.10
9 Age’ 0.07 0.04 0.03 0.18 0.03 -0.03 0.00 0.96 1 -0.13
10 HHI 0.00 0.01 -0.06 0.01 0.00 0.02 0.01 -0.10 -0.13 1

This table displays the Peason correlation matrix of the liquidity proxies and variables used in the analysis. The correlations are based on panel data
observations and the values below and above the diagonal respectively use the homogeneous and heterogeneous collection assumption datasets.
Coefficients with magnitudes greater than 0.1 are boldened. The data set contains 1,985 unique collections between 1 Feb 2021 and 21 Aug 2021.
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7.2. Regression results
As noted above, correlation matrices only allow a one-to-one analysis of the relationship
between liquidity proxies. Further analysis requires the use of OLS regressions to decompose
the influencing factors for each liquidity proxy and effectively analyse what drives the

various dimensions of liquidity in NFT collections.

The simple OLS regression results outlined in Table 11 reaffirm the strong relationships
identified in Table 10, while simultaneously adding complexity. The primary similarities
between the correlation matrix and the simple OLS results are Amihud and Roll maintaining
a close relationship with age/age squared and Lesmond/Goyenko maintaining their
relationship with daily transaction volume. A significant change across all proxies, however,
is the widespread significance of HHI despite its correlation coefficient with Amihud,
Lesmond, Goyenko and Roll being respectively 0.00, 0.01, -0.06 and 0.01. This discrepancy
between the correlation matrix and OLS regressions is likely due to the presence of multiple
factors simultaneously contributing to collection liquidity that cannot be detected by the
Pearson correlation calculation. A common feature across all proxies, irrespective of
assuming collection homogeneity/heterogeneity or including wash trading, is that the
estimated day volatility coefficient is 0 to two decimal places, even after scaling the proxies
up by 1,000,000 and the day volatility variable down by 1,000. Due to the fact that it is
statistically significant in all datasets for Lesmond, Goyenko and Roll, it can be inferred that
day volatility only plays a significant role in estimating liquidity when it is extremely large in
magnitude: as noted in Table 8, 75% of day volatility values are 584.21% or less, yet the

average value is 2,547.57%, revealing a highly skewed distribution.

Comparing the regression estimates from the homogeneous and heterogeneous collection
assumptions, there are notable differences in how each proxy reacts to the incorporation of

NFT-specific information. Amihud has both its day volume and HHI coefficients change
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signs, and its close price coefficient becomes significantly closer to zero. These are coupled
with a newfound significance in the linear age variable and a significant reduction in the
estimated intercept (617.65 to 13.87). These changes likely occur due to the drastic change in
the distribution of values demonstrated in Table 9; notably, the homogeneous assumption
places the intercept below the mean value while the heterogeneous assumption has its
intercept roughly two times larger than the mean value. Additionally, it is notable that for all
the proxies except Goyenko, the heterogeneous collection assumption generates a higher R-
squared value, implying a higher-performing model, which is consistent before and after
excluding wash trading. This finding suggests that incorporating NFT-specific liquidity
information is preferable when using price level data, which confirms expectations and

follows economic intuition.

Analysing the differences between the pre- and post-wash trading exclusion results, it is clear
that the impact of wash trading on liquidity arises at the NFT level. When assuming
homogeneous collections, there is no change in the R-squared score after excluding wash-
trades. When assuming heterogeneous collections, the exclusion of wash-trades increases the
R-squared values for all proxies. This result is likely due to the increase in perceived liquidity
of individual undeserving NFTs, which aligns with research by Oh (2023) and Serneels
(2023) who both find that wash trading is clustered by collection, not within collections nor
by asset characteristics. As such, NFTs randomly selected for wash trading, which would
otherwise have very low liquidity proxy values, experience abnormal trade volumes and thus
higher proxy values — this is clearly seen in the difference between the Goyenko intercept
estimate, which is 419,741.98 prior to wash trading exclusion and 951,871.88 post-wash
trading exclusion. Goyenko, which counts the number of zero transaction volume days, fully
captures the exclusion of wash trading at an individual level: the lack of change in Amihud’s

measure, which also uses transaction volume as a direct input, is expected due to the majority
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of wash trading being 0 return trades, thus making that asset’s Amihud measure 0 for the day.
It is noteworthy that when assuming homogeneous collections, there is minimal change in the
estimates before and after excluding wash trading; this result bolsters the finding that the
heterogeneous assumption captures more information than the homogeneous assumption. In
summary, the impact of wash trading is clearly an NFT-specific issue that is captured most

effectively by the Goyenko measure.
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Table 11

NFT collection liquidity using simple OLS regression.

Panel A: Including wash-trades

Homogeneous collections

Heterogeneous collections

Parameter Amihud Lesmond Goyenko Roll Amihud  Lesmond Goyenko Roll
Intercept 617.65%**  612,386.14%**  518,002.71*** 1,147,765.15%** 13.87***%  908,783.41*** 419,741.98*** 6,919.81%**
(45.23) (3,670.67) (3,429.33) (77,510.10) (0.55) (52.68) (115,425.42) (647.03)
Close price -2 3T7HHE 539.97%** 448.98%** -5,754.26%** -0.03%** 3 g2%** 5,286.74%** -12.4
(0.84) (187.91) (155.09) (2,217.51) (0.01) (0.72) (1,717.10) (16.69)
Day volume -0.25%** -96.42%** -65.89%** -98.12* 0.01%** -1 46%** -81.36 31.23%**
(0.04) (16.88) (10.75) (58.70) (0.01) (0.19) (189.19) (6.00)
Day volatility 0.00 -0.00%** -0.00%** 0.00 0.00 0.00%*** 0.00%** -0.00%**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age -0.35 -1,304.02%** 2521 27%** 134.99 -0.17%*%%  11.08%*** -41,566.63%** 173 19%**
(1.34) (108.02) (102.77) (2,874.10) (0.01) (1.33) (3,963.83) (22.82)
Age? 0.03%#* 8.19%** 14.42%%* 121.13%%* 0.01%**  -0.05%** 201.24%* -0.61%**
(0.01) (0.60) (0.57) (19.52) (0.00) (0.01) (22.48) (0.15)
HHI 0.03** 4.26%** -9.20%** 160.20%** -0.02%*%  (.07*** -74.03* -2 78HHE
(0.01) (1.30) (1.25) (28.05) (0.00) (0.02) (44.02) (0.18)
Collection No No No No No No No No
Fixed Effects
FDiitg d Effects No No No No No No No No
Adjusted R? 0.01 0.02 0.03 0.03 0.01 0.02 0.004 0.05
Observations 30,780 30,780 30,780 30,780 30,780 30,780 30,780 30,780

54



Table 11 continued

Panel B: Excluding wash-trades

Homogeneous collections

Heterogeneous collections

Parameter Amihud Lesmond Goyenko Roll Amihud  Lesmond Goyenko Roll
Intercept 642.28***  607,308.52%** 516,598.38*** 1,176,593.33*** 13.55%%* 999,354, 79*** 951,871.88*** 6,077.08***
(44.55) (3,688.54) (3,443.00) (77,667.99) (0.53) (23.04) (193.36) (621.58)
Close price -2.29%%%  574.06%** 456.10%** -5,775.78*** -0.03%** 2 5]*H* -1.43 -19.079
(0.82) (193.46) (155.54) (2,221.15) (0.01) (0.51) (2.71) (15.74)
Day volume -0.27*%*  -109.32%** -71.49%** -101.01 0.01%** ] 27%** -0.94%** 33.80%***
(0.05) (17.26) (11.58) (66.03) (0.00) (0.18) (0.20) (5.89)
Day volatility 0.00 -0.00%*** -0.00%** 0.00 0.00 0.00%** 0.00** -0.00%**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age -0.7 -1,303.42%** 2 512.18***  319.06 -0.17%%* 5 7*** 54.28*** 176.37%**
(1.34) (108.73) (103.41) (2,907.76) (0.01) (0.63) (5.69) (21.62)
Age? 0.03%#* 8.37H** 14.37%%* 119.05%** 0.01***  -0.03%** -0.14%** -0.66%**
(0.01) (0.61) (0.57) (19.69) (0.00) (0.00) (0.03) (0.14)
HHI 0.02* 4.67%** -7.53% % 146.69%*** -0.01%%*  0.07*** 0.39%** -2.62%%*
(0.01) (1.23) (1.18) (26.15) (0.00) (0.01) (0.006) (0.17)
l(slio;ézc]tiltgg ots No No No No No No No No
FDiitg d Effects No No No No No No No No
Adjusted R? 0.01 0.02 0.03 0.03 0.02 0.08 0.01 0.06
Observations 30,350 30,350 30,350 30,350 30,350 30,350 30,350 30,350

This table displays the estimates of Equation (5), in which the dependent variable is one of the four liquidity proxies’ measure for collection i on day d.
Panel A uses a dataset including wash-trades, while Panel B uses a dataset excluding wash-trades. Within each of them, the homogeneous collection
columns calculate the liquidity proxies at the collection level by assuming all NFTs within a collection are identical, whereas the heterogeneous
collection columns calculate individual NFTs’ liquidity proxies and averages them by collection-day. All proxy values are multiplied by 1,000,000 and
close price, day volume and day volatility are divided by 1,000 to improve readability. Panel A’s sample consists of 30,780 collection-day observations
and Panel B’s sample consists of 30,350 observations between 1 Feb 2021 and 21 Aug 2021. Standard errors are shown in parentheses. ***, ** and *
represent statistical significance at the 1%, 5% and 10% levels respectively.
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Table 12

NFT collection liquidity regressions using collection fixed effects.

Parameter Amihud  Lesmond Goyenko Roll
Intercept 13.55%** 999,354, 79*** 05],871.88*** 6,077.08***
(0.53) (23.04) (193.36) (621.58)
Close price -0.03%** D Sk*k -1.43 -19.08
(0.01) (0.51) (2.71) (15.74)
Day volume 0.01%** -] 27%%* -(0.94%** 33.80%**
(0.00) (0.18) (0.20) (5.89)
Day volatility 0.00 0.00%** 0.00%** -0.00%**
(0.00) (0.00) (0.00) (0.00)
Age -0.17%%% 5 ]7%%* 54.28%*%* 176.37***
(0.01) (0.63) (5.69) (21.62)
Age? 0.01***  -0.03%%** -0.14%** -0.66%**
(0.00) (0.00) (0.03) (0.14)
HHI 0.00%*** (. 07%** 0.39%** -2.62%% %
(0.00) (0.01) (0.06) (0.17)
(é?flelgglon Fixed Yes Yes Yes Yes
Date Fixed Effects No No No No
Adjusted R? 0.02 0.08 0.01 0.06
Observations 30,780 30,780 30,780 30,780

This table displays the estimates of Equation (5), including collection level fixed effects, in
which the dependent variable is one of the four liquidity proxies’ measure for collection i
on day d. This table shows the estimates for the homogeneous assumption, heterogeneous
assumption, prewash trading exclusion and post-wash trading exclusion datasets, which are
identical. All proxy values are multiplied by 1,000,000 and close price, day volume and
day volatility are divided by 1,000 to improve readability. The sample consists of 30,780
collection-day observations between 1 Feb 2021 and 21 Aug 2021. Robust standard errors
are clustered to the collection level to account for within-collection cross-sectional
correlations in regression residuals and are shown in parentheses. ***, ** and * represent
statistical significance at the 1%, 5% and 10% levels respectively.

The results following the addition of collection fixed effects and collection-based clustered

standard errors further support the notion that the heterogeneous collection assumption

captures more information than the homogeneous collection assumption. Adding these

regression features causes the model estimates for both homogeneous and heterogeneous

collection assumptions, both before and after excluding wash trading, to become identical to

two decimal places: the estimates are shown in Table 12. Notably, the estimates from this
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model are the same as the heterogeneous collection assumption estimates after excluding
wash trading (see the heterogeneous collections section of panel B of Table 11). Statistically,
this means that collection-specific features, irrespective of the proxy calculation methodology
employed, absorb intra-collection idiosyncrasies regarding both NFT-specific features and

wash trading effects.

An implication of this finding is that the primary benefit of assuming heterogeneous
collections, the informational benefit of capturing NFT-specific liquidity attributes, is now
fully accounted for using collection fixed effects. Although further research is required to
determine exactly which aspects of collection fixed effects are able to capture the NFT level
information (e.g., collection publicity, creator, available features, track record), this finding
allows researchers analysing liquidity in NFT collections to assume that NFTs are
homogeneous within collections with respect to liquidity. It is possible that this assumption is
valid for models attempting to explain other aspects of NFT collection such as returns,
volatility and inter-asset relationships; each time a new dimension of NFT collections is
analysed, this assumption will need to be validated, as it may not hold outside of liquidity

studies.

Another major finding from Table 12 is that the addition of collection fixed effects removes
all differences between the models generated using pre- and post-wash trading data. This
evidence can be interpreted in two main ways: A) wash trading has minimal influence on
liquidity or B) individual NFT wash trading is fully accounted for by collection fixed effects.
Option A is unlikely, since Goyenko, which is more sensitive to wash trading than the other
proxies, has the same intercept and coefficient estimates using both pre and post-wash trading
exclusion datasets alongside fixed effects. This option is also discouraged by the results in
Table 11, which show distinct differences between models generated using the two datasets.

Option B is more probable: as noted in Table 7, only 2.39% of trades were removed due to
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wash trading, which affected 679 (0.09%) assets and 244 (11.99%) listed collections,
suggesting a wide distribution of wash trading and an average of three wash-traded assets per
affected collection. Since the collection fixed effects fully capture the effects of wash trading,
it can be assumed that wash trading is targeted at the collection level and randomly targeted

at the NFT level, which is supported by the existing literature (Oh, 2023).

The primary implications of this wash trading finding pertain to further studies in NFT
liquidity. While there are multiple existing papers that analyse NFT wash trading, this is the
first to consider its effect on liquidity, which Imisiker & Tas (2016) found to be significantly
impacted in stock markets. With 11.99% of collections being affected by wash trading, wash
trading has a noticeable effect on the OLS model estimates of liquidity and their accuracy.
However, knowing that including collection fixed effects and clustering standard errors by
collection causes these differences to disappear, future research into NFT liquidity at the
collection level does not need to be concerned with NFT-specific wash trading. This can
introduce significant computational and data processing savings, simplifying the research
approach. Notably, since individual NFTs are no longer required to be tracked to identify
wash trading, the initial data sourcing from marketplaces can be simplified to no longer
include asset identifiers, seller addresses and buyer addresses, instead solely requiring a
history of collection sale prices, which are widely available without custom API pulls from

marketplaces, as required for this paper.

The addition of date fixed effects generates identical results to Table 12 to two decimal
places, which implies that collection fixed effects are able to effectively capture the variance
generated by market-wide liquidity shocks within the sample period. This dynamic is also
present in a real estate study by Chernobai & Hossain (2019), which finds that there are
significantly higher rates of inter-ZIP code liquidity dispersion during bull markets, in which

ZIP-code fixed effects have increased explanatory power. Investigating this possible
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similarity between the real estate and NFT markets, and serving as a robustness test, the
dataset is divided into a bear period (24 March 2021 to 23 May 2021) and a bull period (23
May 2021 to 21 August 2021), which is visually apparent in Figure 5. The same family of
regressions is performed on each of the two datasets, analysing both homogeneous and
heterogeneous collections assumptions as well as pre and post-wash trading exclusion. As
anticipated by the real estate literature, during the extreme bull period the sample, the exact
same dynamic is present as previously mentioned: the addition of collection fixed effects
unifies the homogeneous/heterogeneous assumptions and pre/post-wash trading exclusion
estimates, and the addition of date fixed effects does not change the regressions. The results
of the bull period OLS regressions can be seen in Appendix B, while the outputs with fixed
effects can be seen in Table 13. This dynamic is missing, however, from the bear period of
the sample: during this period, the addition of collection fixed effects does little to unify the
regression estimates, and adding date fixed effects further disperses the model estimates (see
Appendix C and Appendix D). This market-dependent relationship reveals that, with respect
to inter-group liquidity dispersion, real estate ZIP codes and NFT collections experience the

same dynamics.

As an additional robustness test, to uncover if non-linear relationships exist with collection
liquidity, the proxies are normalised and logged. Applying the same family of regressions, the
collection fixed effects results can be seen in Table 14. The simple OLS and date fixed
effects results can be found in Appendix E and Appendix F. As expected, the logged models
exhibit the same behaviour as the normal proxies: the simple OLS gives varying results,
adding collection fixed effects unifies homogeneous/heterogeneous assumptions and

pre/post-wash trading, and adding date fixed effects has no impact on the models.
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Table 13
Bull market NFT collection liquidity regressions using collection fixed effects.

Parameter Amihud Lesmond Goyenko Roll
Intercept 1.10%* 999,916.90*** 935,226.48*** 136.14
(0.60) (39.73) (432.68) (681.26)
Close price -0.01 0.80 12.57 -15.88
(0.00) (0.55) (13.27) (14.57)
Day volume 0.00 -0.433%%x* 0.11 -0.47
(0.00) (0.16) (0.16) (0.51)
Day volatility 2.19%** 3.333 35.83 -49.62
(0.64) (6.26) (34.64) (58.36)
Age -0.07 4.48 -16.20 90.58
(0.06) (5.37) (40.97) (76.64)
Age? 0.00 -0.01 0.197 -0.59
(0.00) (0.05) (0.32) (0.75)
HHI 0.00 0.02* 0.13 -0.31
(0.00) (0.01) (0.10) (0.23)
gg(léficggfré ots Yes Yes Yes Yes
Fixed Effects No No No No
Adjusted R? 0.02 0.2 0.17 0.06
Observations 5,369 5,369 5,369 5,369

This table displays the estimates of Equation (5), including collection level fixed effects, in
which the dependent variable is one of the four liquidity proxies’ measures for collection i
on day d. This table shows the estimates for the homogeneous assumption, heterogeneous
assumption, prewash trading exclusion and post-wash trading exclusion datasets, which are
identical. All proxy values are multiplied by 1,000,000 and close price, day volume and
day volatility are divided by 1,000 to improve readability. The sample consists of 5,369
collection-day observations between the bull market period of 23 May 2021 and 21 Aug
2021. Robust standard errors are clustered to the collection level to account for within-
collection cross-sectional correlations in regression residuals and are shown in parentheses.
Ekx k% and * represent statistical significance at the 1%, 5% and 10% levels respectively.
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Table 14

Logged NFT collection liquidity regressions using collection fixed effects

Parameter Ln(Amihud) Ln(Lesmond) Ln(Goyenko) Ln(Roll)
Intercept 13.55%** 692,824.16%**  668,760.28*** 5,599 30%**
(0.53) (11.54) (99.59) (531.19)
Close price -0.03%** 1.26%** -0.77 -17.45
(0.01) (0.26) (1.39) (13.06)
Day volume 0.01*** -0.63%** -0.47%%* 28.90%#**
(0.00) (0.09) (0.10) (5.02)
Day volatility 0.00 0.00%** 0.00%* -0.00%**
(0.00) (0.00) (0.00) (0.00)
Age -0, 1 7%** 2.59%** 27.74%** 149.61%***
(0.01) (0.31) (2.93) (18.25)
Age? 0.01%** -0.01*** -0.07%** -0.56%**
(0.00) (0.00) (0.02) (0.12)
HHI -0.01*** 0.04*** 0.20%%* -2.20% %
(0.00) (0.00) (0.03) (0.14)
Collection Fixed Effects  Yes Yes Yes Yes
Date Fixed Effects No No No No
Adjusted R? 0.02 0.08 0.01 0.06
Observations 30,350 30,350 30,350 30,350

This table displays the estimates of Equation (5), including collection level fixed effects, in
which the dependent variable is the natural log of one of the four liquidity proxies’ measure

for collection i on day d. This table shows the estimates for the homogeneous assumption,

heterogeneous assumption, prewash trading exclusion and post-wash trading exclusion

datasets, which are identical. All proxy values are normalised by adding 1 to each of them
prior to taking the natural log. They are then multiplied by 1,000,000 and close price, day

volume and day volatility are divided by 1,000 to improve readability. The sample consists
of 30,530 collection-day observations between 1 Feb 2021 and 21 Aug 2021. Robust

standard errors are clustered to the collection level to account for within-collection cross-
sectional correlations in regression residuals and are shown in parentheses. ***, ** and *
represent statistical significance at the 1%, 5% and 10% levels respectively.

61



7.3. Economic interpretation
The pure transaction cost estimators, Lesmond and Goyenko, generate significant findings for
the relationships between transaction cost associated illiquidity and the tested variables. Both
proxies attempt to measure when expected returns do not exceed transaction costs and
observe a positive age coefficient, negative age square coefficient and positive HHI
coefficient. The positive linear age component and negative age squared component reveal
that transaction cost-induced illiquidity rises (reduction in liquidity) in the early stages of a
collection’s lifetime before reversing (potentially due to the top 8% of collections surviving
extended periods of time and experiencing abnormally high returns that always exceed
transaction costs). This age dynamic is also present in Roll’s estimate, which indicates that
the implicit transaction cost-induced illiquidity also rises before falling and that total
transaction costs are very likely to follow this pattern. Furthermore, the positive HHI
coefficient indicates that illiquidity and transaction costs rise as the market approaches
monopoly; this is likely due to concentrated markets being a symptom of reduced buyer
demand across the market. As a result of this reduced demand, there are lower prospective
returns for sellers, who then either choose not to sell, thus further increasing the HHI score
and increasing both Lesmond and Goyenko, or selling for a near 0% return, which only
increases Lesmond: this feedback loop helps explain the difference between the magnitude of
their HHI coefficients. Their negative daily transaction volume coefficients are expected
since they are the criteria by which both measures count liquidity: Lesmond increases if there
are fewer non-zero trading days and Goyenko increases if there are fewer actively traded
days. Regarding the other variables, the differences in their overall estimate magnitudes are
likely caused by the reduced explanatory power of the Goyenko model, which attempts to
explain day-to-day changes between the variables more dynamically. Regarding the

implications for alternative asset markets, such as in art and real estate, market facilitators can
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use these findings to answer questions regarding fixed fee transaction costs (i.e., transaction
costs that do not change depending on the value of the asset). This type of transaction fees is
dominant in the NFT market, as the primary cost for generic NFT transactions is the
associated gas fee, which changes day to day based on electricity costs, computational supply
and network demand, but does not change depending on the size/value of the NFT (Laurent et
al., 2022). Knowing that the primary component of the explicit transaction costs, the gas fee,
is relatively fixed irrespective of asset value, it can be inferred that the age-liquidity
relationship is predominantly driven by the implicit cost. As such, non-fungible asset market
facilitators can infer their assets age, it is primarily implicit costs driving either rises or

reductions in liquidity.

Considering the cross-over of the Amihud and Roll measure with regard to capturing the
tightness dimension of liquidity (bid-ask spread) and their individual nuances, these two
proxies generate compelling findings regarding the time frame of liquidity within the NFT
market’s structure. Analysing the age coefficient estimates, Amihud’s measure suggests that
illiquidity dips (rise in liquidity) very early in collection life (less than a month in this
sample), but soon reverses. Meanwhile, Roll’s model suggests that illiquidity rises (reduction
in liquidity) for a significant amount of time and reverses much later (approximately four
months in this sample period). Even after considering robust standard errors, the Amihud-age
inflection point is significantly earlier, as seen by Roll’s significantly larger linear age
variable relative to the squared component. In the context of a non-fungible asset market,
characterised by the auction style of market making, the disparity in estimates between the
Amihud and Roll models is primarily attributed to the fact that they emphasise different
timeframes of liquidity. Amihud's proxy centres on the price impact of transaction volume,
capturing short-term illiquidity influenced by immediate trading activity; the total impact of

these short-term effects seems to increase as the collection ages. In this market context, it can
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reflect the heightened sensitivity to auction dynamics and current bid-ask spreads. In contrast,
Roll's measure focusses on the implied effective bid-ask spread through return
autocorrelation and captures long-term structural liquidity factors, such as the consistency of
auction results and bid-ask spreads over time; these long-term illiquidity factors seem to fall
in prevalence once a collection reaches a certain age. A possible implication of this finding is
that Amihud’s measure, by virtue of focussing on the short-term, is able to capture liquidity
dynamics for both successful and unsuccessful collections, whereas Roll mainly captures the
long-term liquidity effects present in successful collections that have significant market
presence and momentum; this dynamic would explain why Amihud predicts a short-term
reduction in liquidity since short-term failing projects will experience reduced demand and

thus reduced liquidity.
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8. Conclusion

This paper conducts the first comprehensive examination of collection-level liquidity in the
rapidly growing NFT market. I calculate a suite of widely used liquidity proxies (Amihud,
Lesmond, Goyenko and Roll’s measures) under assumptions of both collection homogeneity
and heterogeneity in both pre and post-wash trading datasets. I then analyse these proxies

using Pearson correlation matrices, OLS regressions and varying fixed effects.

Results identify Roll’s measure (approximating implicit bid-ask spread) as the preferred
liquidity measure due to its wide dispersion of values, coverage of both tightness and depth
dimensions and exposure to long-term liquidity market factors. I find that adding collection
fixed effects eliminates all differences between models estimated using the homogeneous/
heterogeneous assumption and pre/post-wash trading exclusion datasets; these estimates are
the same as the heterogeneous post-wash-trading-exclusion results, indicating that collection-
specific characteristics effectively capture NFT-specific information. Robustness tests reveal
that this explanatory power is only present in bull markets, behaving similarly to real estate
ZIP-code groups. Finally, I find that collections observe a non-linear liquidity lifecycle, with

successful NFTs observing a fall in liquidity before a sharp uptake while others fail to resell.

Due to its youth, there are multiple avenues for future research within NFT liquidity
literature. A liquidity horserace of multiple NFT liquidity proxies against high-frequency
benchmark, mimicking Goyenko et al. (2009), would provide significant insights as to the
empirical efficacy of proxies that underpin the all liquidity research. Secondly, an
investigation into the parallels between real estate and NFT markets regarding collection
dynamics would offer promising findings for both asset classes. Thirdly, the presence of
cyclical liquidity dynamics suggests that this exists in many other aspects of NFT markets

such as asset pricing, market microstructures and trading behaviour.
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10. Appendix

Appendix A
Augmented Dickey-Fuller unit root tests

Including wash-trades

Excluding wash-trades

Homogeneous collection

Heterogeneous collection

Homogeneous collection

Heterogeneous collection

Proxy ADF Test Rho Pr<Rho Rho Pr<Rho Rho Pr <Rho Rho Pr <Rho
Zero Mean -30,677.00 <.0001 -30,071.00  <.0001 -30,457.00  <.0001 -30,843.00 <.0001
Amihud  Single Mean -30,735.00 <.0001 -30,072.00  <.0001 -30,514.00  <.0001 -30,851.00 <.0001
Trend -30,735.00 <.0001 -30,073.00  <.0001 -30,514.00  <.0001 -30,851.00 <.0001
Zero Mean -236.84 <.0001 -894.84 <.0001 -236.78 <.0001 -0.26 0.6246
Lesmond Single Mean -1,147.30 <.0001 -1,524.10 <.0001 -1,138.90 <.0001 -18,071.00  <.0001
Trend -1,147.30 <.0001 -1,529.10 <.0001 -1,139.00 <.0001 -18,073.00  <.0001
Zero Mean -443.48 <.0001 -8,961.40 <.0001 -434.83 <.0001 -8.32 0.0461
Goyenko Single Mean -1,534.70 <.0001 -9,026.70 <.0001 -1,510.50 <.0001 -24,440.00 <.0001
Trend -1,534.70 <.0001 -9,108.00 <.0001 -1,510.50 <.0001 -24,441.00 <.0001
Zero Mean -1,360.70 <.0001 -26,524.00 <.0001 -1,348.90 <.0001 -27,055.00  <.0001
Roll Single Mean -1,391.90 <.0001 -26,529.00 <.0001 -1,380.10 <.0001 -27,127.00  <.0001
Trend -1,392.70 <.0001 -26,531.00 <.0001 -1,380.80 <.0001 -27,130.00  <.0001

This table shows the results of the augmented Dickey-Fuller unit root tests for the Amihud, Lesmond, Goyenko and Roll liquidity proxies. Each of them
is tested against the zero mean, single mean and trend tests to prove stationarity. Each proxy is tested in under both pre and post-wash trading exclusion

and under both the homogeneous collection assumption, in which liquidity proxies are calculated at the collection level by assuming all NFTs within a
collection are identical, and the heterogeneous collection columns, in which individual NFTs’ liquidity proxies are calculated and then averaged within
each collection-day observation. Results that are not significant to the 1% level are boldened.
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Appendix B
Bull market NFT collection liquidity OLS regressions.

Panel A: Including wash-trades

Homogenous collections Heterogenous collections
Parameter Amihud Lesmond Goyenko Roll Amihud Lesmond Goyenko Roll
Intercept 706.18*** 573,015.53*** 502,139.18*** 1,235,536.08*** 18.20%** 998 679.63*** 88E,007.99*** 8 995, 76%**
(55.91) (4,140.38) (3,869.81) (9,3162.49) (0.72) (61.09) (101,970.70) (793.43)
Close price -2.20 315.09 248.81 -6,997.64 -0.03%*  4,03%** 3,782.41 -29.08
(1.40) (203.19) (166.25) (4,469.12) (0.01) (1.21) (2,341.93) (28.94)
Day volume -0.33%%* Q3 45%%* -57.67%** 22.49 0.00%**  _] §7*%* 264.34%** 51.20%**
(0.05) (14.95) (10.09) (108.95) (0.00) (0.23) (50.61) (6.34)
Day volatility 0.00%** 0.00%** -0.00%** -0.00%** 0.00 0.00%** 0.00%** -0.00*
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age -4 42%** 513 77H** -1,908.53%**  .2(0,405.23%** -0.23%** 12 23x*k -42,259.76%** 227 50***
(1.55) (126.25) (119.62) (3,285.10) (0.01) (1.66) (4,105.56) (29.82)
Age? 0.04%** 5.03%** 11.51%%* 235.55%** 0.01%** -0, 04*** 186.21%** -0.99%**
(0.00) (0.68) (0.64) (21.78) (0.00) (0.01) (22.94) (0.18)
HHI 0.10%** -0.23 -17.05%** 366.93*** -0.01*%** (.00 -99.65 -4.37%**
(0.03) (2.28) (2.21) (54.72) (0.00) (0.03) (76.49) (0.35)
l(slio;ézc]tiltgg ots No No No No No No No No
FDiitg d Effects No No No No No No No No
Adjusted R? 0.01 0.02 0.03 0.04 0.02 0.02 0.01 0.08
Observations 21,565 21,565 21,565 21,565 21,565 21,565 21,565 21,565
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Appendix B continued

Panel B: Excluding wash-trades

Homogenous collections Heterogenous collections
Parameter Amihud  Lesmond Goyenko Roll Amihud Lesmond Goyenko Roll
Intercept 725.67*** 569,501.37*** 503,852.57*** 1,242,168.93*** 18.02*%** 099 188.22*** 05(0,374.58*** 8 695.49%**
(56.05) (4,172.73) (3,885.33) (94,695.96) (0.70) (29.21) (229.24) (760.33)
Close price -2.16 323.19 247.76 -7,014.08 -0.03%* 3 11%** -9.04%** -27.59
(1.38) (205.85) (165.08) (4,450.35) (0.01) (0.90) (4.14) (27.69)
Day volume -0.33%%* .04 63 ¥** -58.09%** 23.48 0.01%** -1 36%** -0.37 49.25%**
(0.05) (15.25) (10.12) (109.51) (0.00) (0.19) (0.23) (6.12)
Day volatility 0.00%** 0.00%** -0.00%** -0.00 0.00 0.00%** 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age -4 7T7F** 533 68%** -1,898.51%**  .20,413.83*** -0.23%%* 7 ATH** 64.07*** 228.9] *¥**
(1.55) (126.91) (120.02) (3,328.18) (0.01) (0.79) (6.84) (28.57)
Age? 0.05%** 5.33%*%* 11.08%** 234.773%** 0.00%** -, 03*** -0.12%** -1.04%**
(0.01) (0.69) (0.64) (21.99) (0.00) (0.00) (0.03) (0.17)
HHI 0.09%** -1.42 -17.29%%* 370.40%** -0.00%**  (0.06%** 0.02 -4.58%**
(0.03) (2.28) (2.21) (55.38) (0.00) (0.01) (0.11) (0.33)
g&lézcg%ré ots No No No No No No No No
FDiitg d Effects No No No No No No No No
Adjusted R? 0.01 0.02 0.03 0.04 0.021 0.078 0.027 0.079
Observations 21,251 21,251 21,251 21,251 21,251 21,251 21,251 21,251

This table displays the estimates of Equation (5), in which the dependent variable is one of the four liquidity proxies’ measure for collection i on day d.
Panel A uses a dataset including wash-trades, while Panel B uses a dataset excluding wash-trades. Within each of them, the homogeneous collection
columns calculate the liquidity proxies at the collection level by assuming all NFTs within a collection are identical, whereas the heterogeneous
collection columns calculate individual NFTs’ liquidity proxies and averages them by collection-day. All proxy values are multiplied by 1,000,000 and
close price, day volume and day volatility are divided by 1,000 to improve readability. Panel A’s sample consists of 21,565 collection-day observations
and Panel B’s sample consists of 21,151 observations between 23 May 2021 and 21 Aug 2021. Standard errors are shown in parentheses. ***, ** and *
represent statistical significance at the 1%, 5% and 10% levels respectively.
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Appendix C

Bear market NFT collection liquidity OLS regressions.

Panel A: Including wash-trades

Homogenous collections

Heterogenous collections

Parameter Amihud Lesmond Goyenko Roll Amihud Lesmond Goyenko Roll
Intercept 135.22 706,686.96%** 548 172.34%**  T43 543 91%** D (5¥** 998,832.63***  216,329.30 310.80
(89.11) (10,432.71) (10,575.47) (164,044.00) (193.95) (479,170.20) (871.59) (871.59)
Close price -2.53%%% 767 .25%%* 819.47%** -0,949.55%** -0.00%*** 3.17%** 16,652.09%** -10.81***
(0.36) (96.05) (101.12) (1,668.21) (0.62) (2,095.33) (4.19) (4.19)
Day volume -0.05%*  -0.05%* -61.77*%* -55.39%** 0.01 -1.09%** 107.29 0.73
(0.02) (26.54) (20.20) (55.86) (0.37) (87.36) (0.46) (0.46)
Day volatility 62.31 62.31 -14,852.55%* -11,903.59%** 373,335.11%% 2. 7]*** 8.68 51,777.13*
(57.02) (5,979.05) (4,655.82) (145,165.80) (5.35) (31,292.34) (54.29) (54.29)
Age 1.54 -3,139.57%** -4,031.66*** 22,315.32%* -0.05 20.08*** -142,790.14*** 99 23*
(4.55) (487.15) (477.38) (9643.97) (6.57) (21642.35) (55.60) (55.60)
Age? 0.09%* 17.52%*%* 26.22%** 179.26 -0.17* 1418.49%** -0.22 -0.22
(0.05) (4.86) (4.66) (113.60) (0.05) (204.11) (0.62) (0.62)
HHI 0.03 9.97*** 6.47** -101.15%* -0.03 -157.26 -0.08 -0.08
(0.02) (2.63) (2.60) (52.01) (0.03) (126.64) (0.32) (0.32)
l(slio;ézc]tiltgg ots No No No No No No No No
FDiitg d Effects No No No No No No No No
Adjusted R? 0.017 0.02 0.03 0.03 0.05 0.04 0.03 0.01
Observations 5,456 5,456 5,456 5,456 5,456 5,456 5,456 5,456
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Appendix C continued

Panel B: Excluding wash-trades

Homogenous collections

Heterogenous collections

Parameter Amihud Lesmond Goyenko Roll Amihud Lesmond Goyenko Roll
Intercept 167.53*  699,438.13***  548,000.16***  748,653.87*** 2 ]5%** 999,783.06***  955,491.32***  553.59
(88.36) (10,579.41) (10,726.35) (163,184.20) (0.48) (41.29) (606.45) (662.94)
Close price -2.50%**  828.90%** 848.11%** -7,101.06%** -0.08%** 1.30%** 2.71 -9.67**
(0.37) (110.77) (109.63) (1,678.39) (0.00) (0.36) (6.88) (4.14)
Day volume -0.06* -95.91** -73.34%* 88.80 0.00 -0.75%** -1.27%%* 1.31
(0.04) (47.25) (36.16) (95.79) (0.00) (0.24) (0.46) (0.85)
Day volatility 54.67 -14,794.25%**  -11,991.28*** 339,964 15%**  232%** -5.66%* 62.42 -68.84
(47.99) (5,536.80) (4,351.84) (116,751.30) (0.65) (2.32) (40.69) (46.29)
Age 0.88 -2,951.21%** -3,977.03%** 21,803.10** -0.05* 2.13 38.73 72.40
(4.60) (493.54) (4,84.86) (9,817.99) (0.02) (1.94) (25.55) (51.09)
Age? 0.09%* 16.71%** 25.77*** 184.65 0.00%* -0.03* -0.17 0.10
(0.05) (4.91) (4.71) (115.22) (0.00) (0.01) (0.24) (0.57)
HHI 0.01 7.91%** 5.20%* -77.18%* -0.00* 0.01** 0.11 -0.30
(0.02) (2.15) (2.11) (42.66) (0.00) (0.01) (0.10) (0.20)
g&lézcggfré ots No No No No No No No No
FDiitg d Effects No No No No No No No No
Adjusted R? 0.02 0.033 0.034 0.044 0.049 0.052 0.003 0.005
Observations 5,369 5,369 5,369 5,369 5,369 5,369 5,369 5,369

This table displays the estimates of Equation (5), in which the dependent variable is one of the four liquidity proxies’ measure for collection 7 on day d.
Panel A uses a dataset including wash-trades, while Panel B uses a dataset excluding wash-trades. Within each of them, the homogeneous collection
columns calculate the liquidity proxies at the collection level by assuming all NFTs within a collection are identical, whereas the heterogeneous
collection columns calculate individual NFTs’ liquidity proxies and averages them by collection-day. All proxy values are multiplied by 1,000,000 and
close price, day volume and day volatility are divided by 1,000 to improve readability. Panel A’s sample consists of 5,456 collection-day observations
and Panel B’s sample consists of 5,369 observations between 24 Mar 2021 and 22 May 2021. Standard errors are shown in parentheses. ***, ** and *
represent statistical significance at the 1%, 5% and 10% levels respectively.
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Appendix D

Bear market NFT collection liquidity regressions using collection and date fixed effects.

Panel A: Including wash-trades

Homogeneous collections

Heterogeneous collections

Parameter Amihud Lesmond Goyenko Roll Amihud Lesmond Goyenko Roll
Intercept 320.74 996,514.83*** 913,757.23*** 3,428,996 6.08 999,620.60*** 7293924 -16,870
(2,740.12) (55,075.97) (69,374.98) (3,454,857.00) (5.51) (518.78) (6,318,449.00) (34,952.67)
Close price 2.29% 112.86 443 400.03 0.00 0.37 8253.38 -13.46
(1.19) (120.59) (93.40) (1,280.61) (0.01) (0.66) (6,176.46) (17.15)
Day volume -0.01 -3.85 -4.65 -20.25 0.00 -0.26** 80.96 -0.16
(0.02) (5.33) (4.92) (95.69) (0.00) (0.12) (63.61) (0.28)
Day volatility 28.31 407.1 98.85 3,367.04 2.69%** 212 -18081.8 -20.15
(40.77) (445.56) (546.48) (28,243.17) (0.49) (4.006) (34,676.50) (57.84)
Age -108.98 842.72 4128.02 -322,187 -0.72 90.97 -967241 2,641
(335.46) (5,975.05) (7,957.25) (337,414.00) (0.58) (55.22) (799,053.40) (4,237.86)
Age? 0.05 15.18 30.76%** 123.42 0.00 -0.04 -15.03 -0.9
(0.06) (9.50) (9.00) (244.34) (0.00) (0.06) (251.42) (0.83)
HHI 0.23 -1.86 -6.17 -185.46 0.00 -0.15 816.41** -2.34
(0.26) (4.15) (4.99) (162.43) (0.00) (0.11) (388.05) (1.93)
E%ggg ion Fixed Yes Yes Yes Yes Yes Yes Yes Yes
Date Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Adjusted R? 0.13 0.86 0.84 0.83 0.06 0.79 0.73 0.13
Observations 5,456 5,456 5,456 5,456 5,456 5,456 5,456 5,456
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Appendix D continued

Panel B: Excluding wash-trades

Homogeneous collections Heterogeneous collections
Parameter Amihud Lesmond Goyenko Roll Amihud Lesmond Goyenko Roll
Intercept 232.02 999,499.78***  921,898.23*** 3393714 6.31 999,604.56***  959,197.89*** -15,124.00
(2,727.17) (54,244.52) (68,902.79) (3,469,906.00) (5.48) (454.68) (11,504.26) (34,349.67)
Close price 2.25% 116.26 43.01 429.97 -0.01 0.70 11.50 -16.63
(1.17) (121.72) (94.12) (1,301.30) (0.01) (0.55) (13.07) (16.65)
Day volume -0.03 3.67 2.37 -49.58 0.00 -0.43%** 0.06 -0.48
(0.02) (6.48) (6.38) (164.57) (0.00) (0.15) (0.15) (0.55)
Day volatility 26.77 678.7 292.29 4,762.77 2.18*** 547 37.63 -73.11
(36.14) (573.27) (625.86) (23,495.36) (0.62) (6.47) (41.00) (62.65)
Age -97.35 394.11 3,052.62 -316,471 -0.73 81.24* -2,696.88** 2,442
(333.55) (5,869.77) (7,894.36) (338,217.00) (0.57) (48.00) (1,329.67) (4,153.74)
Age? 0.06 12.85 29.00%** 125.59 0.00 -0.01 0.19 -0.43
(0.06) (9.55) (9.10) (246.05) (0.00) (0.04) (0.34) (0.73)
HHI 0.23 -1.43 -5.59 -191.07 0.00 -0.11 0.18 -2.34
(0.26) (4.10) (4.95) (164.65) (0.00) (0.08) (0.96) (1.90)
E%ggg ton Fixed Yes Yes Yes Yes Yes Yes Yes Yes
Date Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Adjusted R? 0.13 0.86 0.84 0.82 0.02 0.20 0.17 0.06
Observations 5,369 5,369 5,369 5,369 5,369 5,369 5,369 5,369

This table displays the estimates of Equation (5), including collection level fixed effects and clustering standard errors by collection, in which the
dependent variable is one of the four liquidity proxies’ measure for collection i on day d. Panel A uses a dataset including wash-trades, while Panel B
uses a dataset excluding wash-trades. Within each of them, the homogeneous collection columns calculate the liquidity proxies at the collection level
by assuming all NFTs within a collection are identical, whereas the heterogeneous collection columns calculate individual NFTs’ liquidity proxies and
averages them by collection-day. All proxy values are multiplied by 1,000,000 and close price, day volume and day volatility are divided by 1,000 to
improve readability. The sample consists of 5,369 collection-day observations between the bear market period of 24 Mar 2021 and 23 May 2021.
Robust standard errors are clustered to the collection level to account for within-collection cross-sectional correlations in regression residuals and are
shown in parentheses. ***, ** and * represent statistical significance at the 1%, 5% and 10% levels respectively.
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Appendix E

Logged NFT collection liquidity using simple OLS regression.

Panel A: Including wash-trades

Homogeneous collections

Heterogeneous collections

Parameter Ln(Amihud) Ln(Lesmond) Ln(Goyenko) Ln(Roll) Ln(Amihud) Ln(Lesmond) Ln(Goyenko) Ln(Roll)
Intercept 613.44%** 465,536.10%**  405,593.32%*** 422 263.00%**  [3.87*** 692,536.16%** 654,429.06*** 6,344.32%**
-(44.70) -(2,436.34) -(2,409.17) -(9,516.20) (0.55) (26.53) (2,051.27) (549.39)
Close price -2 35k 346.08%** 312.28%** -1,024.03** -0.03#** 1.82%** 103.33%*:* -11.79
-(0.83) -(124.78) -(110.45) -(450.99) (0.01) (0.36) (27.10) (13.70)
Day volume -0.25%** -66.15%** -47.45%%* -17.07 0.0 %** -0.73%%* -38.46%** 26.5]%**
-(0.04) -(11.71) -(7.81) -(10.91) (0.00) (0.10) (10.27) (5.08)
Day volatility 0.00 -0.00%** -0.00%*** 0.00 0.00 0.00%** 0.00%** -0.00%**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age -0.34 -1,030.86***  -1,931.79***  2,504.27%** -0.17%** 5.57H** =224 83%** 145.81%**
-(1.32) -(71.57) -(72.16) -(315.74) (0.01) (0.67) (68.73) (19.14)
Age? 0.03#** 6.31%%* 11.00%** -1.15 0.01%*** -0.02°%** 1.39%#** -0.52%#*
-(0.01) -(0.40) -(0.40) -(1.98) (0.00) (0.00) (0.37) (0.12)
HHI 0.03** 1.39 -8.08%** 14.02%#* -0.0*** 0.04*** 3.08%** S YAk
-(0.01) -(0.87) -(0.89) -(3.36) (0.00) (0.01) (0.52) (0.16)
g&léffg?fré ots No No No No No No No No
FDi?(t: d Effects No No No No No No No No
Adjusted R? 0.01 0.02 0.03 0.03 0.01 0.02 0.01 0.05
Observations 30,780 30,780 30,780 30,780 30,780 30,780 30,780 30,780
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Appendix E continued

Panel B: Excluding Wash-trades

Homogeneous collections Heterogeneous collections

Parameter Ln(Amihud) Ln(Lesmond) Ln(Goyenko) Ln(Roll) Ln(Amihud) Ln(Lesmond) Ln(Goyenko) Ln(Roll)
Intercept 637.85%** 462,237.23%**  40,4471.09*** 424 268.14***  [3.55%** 692,824.16%**  668,760.28*** 5,599.30%**
(44.03) (2,451.13) (2,417.90) (9,514.43) (0.53) (11.54) (99.59) (531.19)
Close price -2 277HHE 369.50%** 317.45%** -1,032.16** -0.03#** 1.26%** -0.77 -17.45
(0.82) (128.50) (110.77) (452.87) (0.01) (0.26) (1.39) (13.06)
Day volume -0.27%** =75.22%** -51.52%** -16.68 0.01%** -0.63%** -0.47%%* 28.90%#**
(0.05) (11.98) (8.44) (12.33) (0.00) (0.09) (0.10) (5.02)
Day volatility 0.00 -0.00%** -0.00%** 0.00 0.00 0.00%** 0.00%* -0.00%**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age -0.68 -1,030.25%**  -1,925.43*** 2 502 34%** -0, 1 7%** 2.59%** 27.74%** 149.61%***
(1.32) (72.14) (72.56) (318.67) (0.01) (0.31) (2.93) (18.25)
Age? 0.03%** 6.42%** 10.97%%** -1.78 0.0]*** -0.01%#** -0.07%** -0.56%**
(0.01) (0.40) (0.40) (1.99) (0.00) (0.00) (0.02) (0.12)
HHI 0.02* 1.76** -6.72%** 13.65%** -0.07#** 0.04%** 0.20%** -2.20%%*®
(0.01) (0.82) (0.84) (3.13) (0.00) (0.00) (0.03) (0.14)
g&lézcggfré ots No No No No No No No No
FDiitg d Effects No No No No No No No No
Adjusted R? 0.01 0.03 0.03 0.03 0.02 0.08 0.01 0.06
Observations 30,350 30,350 30,350 30,350 30,350 30,350 30,350 30,350

This table displays the estimates of Equation (5), in which the dependent variable is the natural log of one of the four liquidity proxies’ measure for
collection i on day d. Panel A uses a dataset including wash-trades, while Panel B uses a dataset excluding wash-trades. Within each of them, the
homogeneous collection columns calculate the liquidity proxies at the collection level by assuming all NFTs within a collection are identical, whereas
the heterogeneous collection columns calculate individual NFTs’ liquidity proxies and averages them by collection-day. All proxy values are
normalised by adding 1 to each of them prior to taking the natural log. They are then multiplied by 1,000,000 and close price, day volume and day
volatility are divided by 1,000 to improve readability. Panel A’s sample consists of 30,780 collection-day observations and Panel B’s sample consists of
30,350 observations between 1 Feb 2021 and 21 Aug 2021. Standard errors are shown in parentheses. ***, ** and * represent statistical significance at
the 1%, 5% and 10% levels respectively.

86



Appendix F

Logged Liquidity Proxies NFT collection liquidity regressions using collection and date fixed effects

Parameter Ln(Amihud) Ln(Lesmond) Ln(Goyenko) Ln(Roll)
Intercept 13.55%%%* 692,824.16%*** 668,760.28*** 5,599.30%**
(0.53) (11.54) (99.59) (531.19)
Close price -0.03%*** 1.26%** -0.77 -17.45
(0.01) (0.26) (1.39) (13.06)
Day volume 0.01*** -0.63%** -0.47%%* 28.90%**
(0.00) (0.09) (0.10) (5.02)
Day volatility 0.00 0.00%** 0.00%* -0.00%**
(0.00) (0.00) (0.00) (0.00)
Age -0.17%** 2.59%** 27.74%** 149.61%**
(0.01) (0.31) (2.93) (18.25)
Age? 0.01*** -0.01%** -0.07%** -0.56%**
(0.00) (0.00) (0.02) (0.12)
HHI -0.01*** 0.04*** 0.20%** -2.20%%*
(0.00) (0.00) (0.03) (0.14)
Collection Fixed Effects Yes Yes Yes Yes
Date Fixed Effects Yes Yes Yes Yes
Adjusted R? 0.02 0.08 0.01 0.06
Observations 30,350 30,350 30,350 30,350

This table displays the estimates of Equation (5), including both collection level and date fixed effects, in which the dependent variable is the natural
log of one of the four liquidity proxies’ measure for collection 7 on day d. This table shows the estimates for the homogeneous assumption,
heterogeneous assumption, prewash trading exclusion and post-wash trading exclusion datasets, which are identical. All proxy values are normalised
by adding 1 to each of them prior to taking the natural log. They are then multiplied by 1,000,000 and close price, day volume and day volatility are
divided by 1,000 to improve readability. The sample consists of 30,530 collection-day observations between 1 Feb 2021 and 21 Aug 2021. Robust
standard errors are clustered to the collection level to account for within-collection cross-sectional correlations in regression residuals and are shown in
parentheses. ***, ** and * represent statistical significance at the 1%, 5% and 10% levels respectively.
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