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Abstracts

In recent years, CryptoArt prices have surged to levels typically associated with renowned
artists' works, a phenomenon both puzzling and understudied. The rst chapter investigates
how trading networks and platform connections in uence prices in the digital art marketplace
hosted on the Foundation platform. We nd that larger seller trading networks lead to higher
auction prices for lower priced digital art, while platform connections play a critical role,
especially for the most expensive pieces. Our research underscores that in decentralized
online markets, the power to set prices rests with trading networks and platform connections,
with di erential impact across the distribution of prices.

In the second chapter, we examine the dynamics of repeated NFT auctions on the Founda-
tion platform, focusing on how buyer and seller reputation and experience measured by the
number of followers and Katz centrality impact resale prices. Our ndings reveal that the
popularity of sellers in primary sales who is also the creator of digital art positively in uences
both resale prices and the likelihood of resale. The trading experience of buyers raises relative
prices but negatively a ects the likelihood of trade in matched samples. Extensive trading
networks among buyers show varied e ects on resale dynamics, demonstrating cautious
consideration of opportunities to buy but aggressive bidding behavior when they do. This
study provides valuable insights into the evolving digital art market, highlighting factors that

drive resale likelihood and prices, and contributing to a deeper understanding of digital asset

X



markets and their parallels with the traditional art market.

In the third chapter, We investigate the route network decisions made by airline carriers
in the United States, considering both direct and indirect ights and the interdependencies of
the markets. Our modeling approach allows us to analyze airlines' decisions regarding their
entire route networks, rather than focusing solely on individual market choices. We estimate
the likelihood of selecting a route network based on the past network, competitors' networks,
and route characteristics. We nd that routes facilitating greater opportunities for indirect
ights are more likely to be served by airlines, and competition increases the likelihood of

serving a route.
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Chapter 1

Networks, Platforms, and Auction
Pricing: Evidence from the NFT Art
Market

Non-Fungible Tokens (NFTs) have surged in popularity in recent years, commanding prices
that sometimes reach millions of dollars (Kireyev and Evans, 2021). In the domain of NFTs,
one prominent category is CryptoArt, enabling artists to bypass traditional intermediaries
typically found in conventional art auctions. Transactions take place on an online platform
where users can access information, engage in auctions, or o er their artwork for sale. These
platforms also serve as information hubs, facilitating users in accessing details about artworks,
artists, and supplementary sources of information such as social media accounts. This
capability enables bidders to collect information about past transactions and the popularity
of rivals and sellers, information not typically available in traditional auctions.

Platform rules foster the development of a decentralized network whose impact on
information di usion can be fundamentally distinct from that of traditional art markets
where dealers, as market makers, play a central role in shaping market outcomes. De Silva
et al. (2022a) studied trading networks in a traditional art market using a historical dataset

of auctions taking place in London in a span of a century and a half. By examining the



development of networks of art dealers and their subsequent in uence on artwork prices, they
considered factors such as network size and depth of interactions among participants. Their
ndings suggest that a larger and more interconnected dealer network intensi es informational
imbalances among buyers to the bene t of informed dealers.

In the context of the decentralized market for digital art NFTs, platform connections
characterized by follower and following interactions, take on a new dimension of importance
beyond trading networks. The survey paper by Grover et al. (2022) on the evolution of
social media in uence underscores the limited exploration in the literature of topics such
as information di usion, and competitive in uence in a market context. Etter et al. (2019)
and Rapp et al. (2013) established that social media facilitates individuals in building public
perception to increase their reputation in the market. Within these digital connections, users
amass social capital, which can be e ectively leveraged for the purposes of disseminating
information and exerting in uence over others. The distinctive features of NFT platforms,
their reliance on digital connections, and the interdependence among auction participants
0 er an opportunity to examine how information di usion and competitive in uence a ect
market outcomes.

Our investigation reveals that in the market for digital art NFTs, information di usion
through various network connections plays a pivotal role in shaping prices. The theoretical
model representing this auction environment was initially developed by Milgrom and Weber
(1982) and further generalized by Hong and Shum (2003) to an asymmetric framework.
Theory suggests that information leads to aggressive bidding, resulting in higher auction
prices. What the theory does not predict de nitively is how bidder asymmetries (e.g., in
trading experience or popularity) will manifest across the distribution of prices, with the

exception of Maskin and Riley (2000) and De Silva et al. (2003) who o er insights when



distributions exhibit stochastic dominance. Our basic empirical modeling structure allows us
to explore the di erential impact of trading networks and platform connections across the
winning bid distribution.

The NFT market has witnessed signi cant uctuations in the valuation of digital art,
experiencing both rapid growth and subsequent decline. The market we analyze is charac-
terized by a widespread price distribution, with values ranging from an average of $51 (10
least expensive NFTs) to $1.15 million (10 most expensive NFTs). While it is possible to use
standard regression to investigate the e ects of networks on prices (as in, e.g., Vasan et al.
2022), the approach is not informative to study how networks impact the most expensive
NFTs. We employ instead semiparametric methods that allow us to obtain point estimates at
di erent price points or quantiles of the distribution (Chernozhukov et al., 2024; Lamarche
and Parker, 2023). Furthermore, our approach enables us to account for latent dependencies,
which is another prevalent feature of the NFT market, as participants often transition between
the roles of buyers and sellers.

We incorporate two types of network measures in our empirical setting: (i) the network
of past transactions, which gauges the trading experience and the information it brings
to the auction about market value and reputation; and (ii) platform-based connections,
measuring popularity. Our analysis indicates that while the trading network of sellers is
critically important across the auction price distribution, its impact appears to decline as
prices increase. Platform followers are less essential for buyers but serve as a conduit for
the popularity of sellers, particularly impacting the most expensive NFTs. Even within
decentralized markets, our ndings highlight the signi cant in uence of trading networks and
platform followers, especially for sellers of the most expensive NFTs.

Our contribution to the empirical literature on networks and decision making lies in our



study of factors that in uence price formation. We focus on NFTs for digital art, extending

the foundations laid by previous studies, to go beyond the investigation of data patterns using
aggregate statistics, hedonic regressions, visualization, and machine learning techniques (e.g.,
Nadini et al. 2021, Vasan et al. 2022 and Alizadeh et al. 2023). Our work threads together
two strands of literature on traditional art auctions (e.g., Ashenfelter and Graddy 2003,
Beggs and Graddy 2009, Botelho and Gertsberg 2022, De Silva et al. 2022a and De Silva
et al. 2022b) and the in uence of platform connections on market outcomes (e.g., Etter et al.
2019 and Grover et al. 2022), by introducing a network dimension into bidding decisions and
ultimately the price determination process. Finally, our paper complements the work by Oh

et al. (2022a), which assesses investor performance in the NFT market with an emphasis on
experience. While a broad network often suggests substantial experience, our research focuses
on understanding the distinct e ects of the network structure and platform reputation across
the entire range of prices.

The remainder of the paper is organized as follows. In Section 1.1, we present information
on CryptoArt and the Foundation platform. In Section 1.2, we explore theoretical predictions.
Section 1.3 describes the auction data on the Blockchain. Sections 1.4 and 1.5 present an
empirical investigation of the impact of trading networks and platform connections on auction
prices. Finally, in Section 1.6, we conclude our study, summarizing ndings and discussing

implications for the digital art market.

1.1 CryptoArt and the Foundation Platform

During the initial stages of blockchain technology, value transfer primarily relied on fungi-
ble tokens (FT), like Bitcoin and Ethereum. These tokens possess traits of homogeneity,

interchangeability, divisibility, and replaceability. Blockchain users later found new applica-
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tions for the technology to verify digital assets. Digital assets are distinct entities that are
non-interchangeable. This led to the emergence of Non-Fungible Tokens (NFT) to address
the requirement for recording singular, veri able, and non-interchangeable assets on the
blockchain.

NFTs encompass various categories, including Collectibles, Gaming, Metaverses, Utilities,
and CryptoArt. CryptoArt provides artists with an alternative avenue to sell their creations,
facilitated by specialized art platforms that support various transaction formats, including
auctions. Owning such an NFT is akin to possessing a digital certi cate of authenticity
for the associated artwork, making it valuable as a veri able and tradable good (Oh et al.,
2022a). An important distinction from traditional art is that digital art sold as an NFT is
almost exclusively sought after for its market value. Personal enjoyment of digital art can be
achieved simply by downloading it at no cost and at the same quality as enjoyed by its owner.
In other words, its consumption lacks the exclusivity of traditional art. Yet, what remains
exclusive are the ownership bragging rights and the ability to resell. Drawing on Becker's
earlier work on social in uence and pricing (Becker, 1991), consumer demand can be strongly
in uenced by social factors and perceptions of desirability within a community. Becker's
model of restaurant pricing highlights how social interactions shape consumer preferences
and behaviors, underscoring the importance of incorporating such dynamics into economic
models. Recent research by Oh et al. 2023 on NFT generative collections sheds light on
pricing patterns, revealing shifts in demand driven by market sentiment and social dynamics,
rather than solely intrinsic value?l

Although CryptoArt operates mainly on the Ethereum blockchain, its market dynamics

1This study emphasizes di erences between the primary and secondary market outcomes for generative
collections in contrast to our research which focuses on primary sales of all CryptoArt. These collections are
unique and present variations of the same object or theme.



are not solely tethered to the value of Ether (ETH) (Dowling, 2022). Figure 1.1 aggregates
information from all transactions of CryptoArt available on the Foundation platform from
February 5, 2021 to December 5, 2022 and illustrates that the transaction values are closely
correlated in both USD and ETH, with exceptions during the period of steady cryptocurrency
market decline that started at the end of 2022.

Figure 1.1: Number of NFT auctions and prices over time

Notes: The gure on the left presents the daily total number of auctions. The gure on the right shows the
daily average transaction prices in Ethereum and their corresponding value in USD. It also identi es the
timing of sales for the top ten most expensive NFTs, with additional information delegated to Table Al.1.

Several marketplaces, including SuperRare and OpenSea, o er platforms for CryptoArt.
However, Foundation distinguishes itself as a platform solely dedicated to the sales of
CryptoArt, setting it apart from others that cater to a broader spectrum of categories.
Foundation has an invitation-based model that allows any user with an invitation to join

the market, eliminating the need for evaluation by a select group. Launched in February

2In November 2022, FTX, a prominent exchange with a total value of $32 billion, declared bankruptcy
following a cryptocurrency market scenario similar to a bank run. This event had a ripple e ect across the
entire cryptocurrency market, leading to a 75% decline in the value of Bitcoin, the largest cryptocurrency,
from its 2021 peak. This incident di ered from other cryptocurrency crashes in 2022, like those of LUNA and
TerraUSD, as it signi cantly eroded market security and trust (Ya e-Bellany, 2022).
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2021, the Foundation remains a prominent platform in the CryptoArt domain. Like most
markets, it experienced an initial surge in daily auctions but later stabilized at around 100
daily auctions, as depicted in Figure 1.3.

Upon joining the marketplace, users can mint new NFTs, enabling them to sell their
creations directly to interested buyers. Artists upload their work along with a name and
description to the platform, where it is registered on the blockchain via a smart contract
linked to their wallet.® The ERC-721 standard on Ethereum outlines the separation of NFT
object data and proof of ownership. Each wallet is equipped with a public address, which is
accessible to anyone, and a private key that remains exclusive to the wallet's owner. The
key is necessary for executing cryptocurrency transactions. The minting process involves
choosing a marketplace, creating a crypto wallet, inputting metadata, and listing the NFT
for sale, rendering it a decentralized process devoid of intermediaries. Ownership is recorded
on the blockchain's distributed ledger but does not grant copyright or intellectual property
rights to the underlying content. Whenever the NFT changes hands within the platform, the
seller pays a percentage of subsequent sales (royalties) to the original creator.

An NFT can be listed for sale when the owner speci es a Buy Now value for immediate
purchase or sets a reserve price for auction. The auction starts when a bidder submits a bid

at the reservation price and concludes 24 hours subsequent to the initial idThe owner

SDespite market uctuations a ecting all categories of NFTs, the art and collectible segment experienced
the least impact, according to the February 2024 report from NonFungible.com. Activity within this segment
has remained relatively stable over the past year, with monthly transactions averaging around 1 million USD.

4 A smart contract is simply a program that runs on the Ethereum blockchain. It's a collection of code (its
functions) and data (its state) that resides at a speci ¢ address on the Ethereum blockchain. See Ethereum
Development Documentation for more details.

SFoundation currently supports wallets provided by MetaMask, Coinbase, and those compatible with
WalletConnect. While various types of crypto wallets can store both ETH and NFTs with limited owner
information, exchanging them requires the use of a crypto exchange like Coinbase. Using Coinbase necessitates
providing personal information such as social security number. Fraud detection mechanisms include algorithms
that monitor IPs, accounts, transactions, and user reports to ag transaction that are not done according to
policy and help minimize the possibility of wash trades and fraud.

6At any given time, an auction can be in one of four possible states. An open auction refers to an ongoing
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of the NFT holds the authority to modify the reservation price only before the rst bid is
submitted. Upon the conclusion of the auction, the highest bidders, who becomes the auction
winner, transfers a sum matching their bid to the seller's wallet and the NFT is transferred.

A listed NFT cannot be transferred to a di erent account or burned®

The Foundation also functions as a social network, permitting users to follow pro les of
their choice. Over time, creators can build reputation through the sale of art pieces that
appreciate in value, while collectors can form networks based on their prior acquisitions. As
the user base and artwork sales increase, the network's structure changes.

As a new market, Foundation underwent signi cant transformations. During its rise, which
stretched from February 2021 to September 2021, the market saw rapid growth characterized
by numerous daily auctions and high volatility, as shown in Figure 1.1. However, from
September 2021 to April 2022, the increase in the number of auctions plateaued, indicating
the end of rapid growth in numbers and the attainment of maturity. This phase coincided
with the peak of Ethereum exchange rates. Subsequently, from April 2022 to December
2022, a period that aligned with the cryptocurrency market crash, the number of auctions
experienced a decline and eventually stabilized with reduced volatiliy.

As implied by the right panel of Figure 1.1, the price of some NFTs reached into millions

of dollars. This is more precisely documented in Table Al.1, which presents prices of the

auction that has not been canceled or nalized yet. Such an auction may be either active and still accepting
bids or pending nalization. On the other hand, a canceled auction indicates that it was terminated before
reaching the reserve price. An invalidated auction is one that has been rendered invalid due to another action,
such as a Buy Now option being exercised. Finally, a nalized auction signi es that the auction process has
been completed, and the NFT has been successfully transferred to the winning bidder.

"Over time, Foundation has introduced various alternative methods for selling NFTs. In addition to
auctions, these methods include Buy Now, O ers, Drops, Editions, Worlds, and Batch Listing. For more
detailed information on these alternative selling methods, please refer to the Foundation Help Center.

8Burning is the irreversible destruction of an NFT by sending it to a designated burn address. This action
renders the NFT unusable and is commonly used to decrease the total number of tokens available.

9The price of Ethereum surged to $4,644 in mid-November 2021, reached its lowest value at $993 in
mid-June 2022, and has been steadily recovering since then, reaching $2,920 today (on February 21, 2024).



ten most expensive NFTs in the sample. Leading this list is Stay Free, which sold for $5.1
million, surpassing the sale prices of notable artworks like Claude Monet's Vernon Soleil ,
which sold for $4.7 million at Sotheby's in June of this year, and Paysage, environs du
Havre , which fetched $402 thousand in March 2021, around the time of the NFT's sale.
Stay Free sold for nearly ve times the price of Pablo Picasso's Téte de femme , which
recently sold at the same auction house. Despite the digital nature of cryptoart, which
is widely accessible to anyone with internet access, their prices often reach levels typically

associated with works by the most renowned painters.

1.2 Conceptual Framework

This section o ers a conceptual framework that sets the stage for the expectations concerning
the subsequent empirical analysis. In any time perio n individuals are actively participating

in an NFT auction. The expected value of the NFTi for a buyera depends on various factors,
including a privately observed signal, NFT characteristics, the seller's identity and reputation,
the network of buyera at time t 1 and the number of followers and users followed on the
Foundation platform. Let the vector of variablesw it include all those characteristics with the
NFT value estimate for biddera represented byZ,i = f (Wait). Let 2 be the information
that is revealed during the auction process through the dropout prices of other participants
at the beginning of the last round of bids. The auction format employed by the Foundation
is an asymmetric variant of the auction framework described by Milgrom and Weber (1982).
The asymmetric version was introduced by Wilson (1998) and subsequently generalized by
Hong and Shum (2003) to encompass both common and private value frameworks. Assuming
that the expected value of an NFT is strictly increasing in the value estimates of individual

bidders (a typical assumption in the literature) then the theory predicts that equilibrium
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prices will also experience an increase as a direct consequence of the bidders' estimates.

Let (n 1) denote the(n 1)-th order statistic of all bids excluding that of buyera. The
price P paid by buyer a in a Bayesian Nash Equilibrium of the asymmetric English auction
is:

Pa= E(VitjZait; a(Zait)= (n 1)) n 2);

which is increasing in the value estimates. This follows from Proposition 1 in Hong and Shum
(2003). Note that, the relationship between the value estimates and the vector encompassing
observables for biddema outside of the auction process, namelf i = f (Wait), implies that
those characteristics can potentially in uence prices asymmetrically across the distribution.
In our case, connections through networks and platforms may lead to asymmetric information
among bidders. A few inferences can be made based on existing works in the auction literature:
1) Access to more information drives aggressive bidding behavior. According to
Theorem 12 in Milgrom and Weber (1982), bidders with greater access to information, face
less uncertainty about the market value of the item under auction and tend to bid more
aggressively° We view trading networks as conduits for information transmission about the
market value of NFTs. The presence of a bidder with a signi cant trading network signals
higher market value. Likewise, the presence of a seller with signi cant network is a signal
of solid reputation adding value to the artwork on sale. If trading networks or platform
connections carry information to bidders, we would expect to see a positive impact on the
price. 2) Large platform following in uences bidding behavior. Bidders with large
following wield disproportionate in uence that a ects the perception of market value; their

presence may lead to systematic shift in the perceived distribution of values of followers

10Note that Hong and Shum (2003) provide an example of a parametric family of distributions where
the equilibrium bidding functions have closed-form solutions. In this example, bidder valuations follow a
log-normal distribution, and more information leads to di erential information rents in a common value
context.

10



inducing more aggressive bidding behavior (see Proposition 3.3 in Maskin and Riley (2000)

and De Silva et al. (2003) on the implications of those asymmetries).

Figure 1.2: Network structures with interdependence

Notes: The network structure of a representative auction participant, denoted as |, over our sample period,
featuring a walk of length 2. Nodes shaded in green depict users who engaged both in buying and selling
activities. Red nodes represent sellers, while blue nodes represent buyers. In the gure to the right, the
size of each node is proportional to its Katz centrality and in the gure to the left it is proportional to the
number of followers on the platform.

While the theory underscores the critical impact of asymmetries on market outcomes, a
practical question arises regarding the prevalence of networked bidders who can in uence
bidding behavior in NFT auctions. Figure 1.2 sheds light on this issue by showing a snapshot
of the trading network structure for a representative auction participant from our sample,
labeledl. In this gure, red nodes represent sellers, blue nodes represent buyers, and green
nodes represent auction participants who engaged both in buying and selling. The size of
the node is proportional to the number of trading connections (left panel) or the number of

followers on the platform (right panel).
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Judging by the size of each node, the gure reveals that while participant may not be a
well connected or popular trader, she is facing some competitors with denser trading networks
or larger number of followers who in turn are competing against other well-connected platform
participants. Moreover, the evidence brings out an additional layer of complexity. Individuals
involved in transactions, particularly those transitioning from buyers to sellers and vice versa,
can create interdependence across networks. For instance, a popular buyer could sell an NFT
whose high price might not be determined by her trading network but instead her popularity
as a buyer. This naturally a ects bidding behavior and could potentially introduce estimation

biases if these latent dependencies are not controlled for.

1.3 Auction Data on the Blockchain

Our primary data source consists of the auctions conducted on the Foundation platform from

February 5, 2021, to December 5, 2022. Foundation utilizes Ethereum as its native currency,
and all transactions are recorded using smart contracts on the Ethereum blockchain. An

important feature of this dataset is that due to the comprehensive ledger maintained on

the blockchain, we can access not only the details of an auction and its corresponding NFT
but also the past activities of all participants. This includes other sales by the sellers and

purchases by the buyers. Additionally, the unique identi cation of users through distinct

addresses allows us to trace their social interactions within the Foundation platform.

1.3.1 Descriptive Statistics

To obtain the relevant data, we accessed the subgraph hosted by the Foundation platform

on thegraph.com; thegraph.com is a decentralized protocol speci cally designed for indexing

12



and querying blockchain data. We selected the nalized auctions, to focus on completed
transactions. The auction information includes the time that the auction is created, the
reservation price, the history of reservation price changes if applicable, and information about
bidders and the amount of their bid. After eliminating auctions involving participants banned
or suspended from the platform due to terms of service violations, the remaining count totals
89,385 auctions-! We also excluded resales, a category distinct from auctions initiated by
creators and currently less prevalent on the Foundation platform, resulting in a nal count of
86,989 auctions.

Panel A of Table 1.1 provides auction summary statistics for the period of analysis. The
average winning bid in auctions stands at 0.70 ETH, with a median of 0.30 ETH. The average
duration between listing and nal sale is roughly 28 days; however, half of the NFTs in
our data set found a buyer within just four days of their initial listing. This listing-to-sale
duration provides a more realistic assessment of the time it took for the seller to successfully
organize a sale of an NFT compared to the 24-hour auction duration, particularly in cases of

pre-sale auctions or auctions where the owner changed the reservation pfice.

One attribute shared by participants in the Foundation's auctions with those in online
marketplaces and the stock exchange, is their capacity to assume multiple roles. In contrast,
traditional art auctions mostly involve a one-directional ow of primary sales, where artists
create pieces subsequently sold by auction houses and acquired by collectors, often by art
dealers (De Silva et al., 2022a), with very limited overlap between the groups of buyers and

sellers. This one-way transactional feature is also shared by government procurement auctions

U penalties for any form of misrepresentation on the platform include account termination and referral to
law enforcement.

2pre-sale auctions are relatively infrequent. SomeFixed Pricing Drops may have a pre-sale phase,
exclusively accessible to chosen collectors as designated by the seller. For more information, please refer to
the Foundation Help Center.
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Table 1.1: Descriptive Statistics

Deviation Number of
Variable Mean Standard Min Max Observations
A. Auction Characteristics
Winning Bid Amount 0.703 8.618 0.050 2224.000 86989
Listing-to-Sale duration (Hours) 675.797 1359.979 23.013 14226.608 86989
Reservation Price Change 0.220 0.414 0.000 1.000 86989
B. Participants Type in Auctions
No. of Bidders Never Won 0.125 0.633 0.000 24.000 86989
No. of Artist and Seller 1.048 1.104 0.000 15.000 86989
No. of Artist and Collector 1.665 1.921 0.000 39.000 86989
No. of Collector 2.566 2.216 0.000 34.000 86989
Seller is DAO 0.003 0.057 0.000 1.000 86989
Buyer is DAO 0.004 0.065 0.000 1.000 86989
C. NFT characteristics
Length of NFT's Description 232.975 228.232 0.000 1000.000 86988
Still Image 0.653 0.476 0.000 1.000 86989
Animated 0.340 0.474 0.000 1.000 86989
3D Format 0.007 0.082 0.000 1.000 86989
D. Network and Social Media
Centrality Seller 0.012 0.055 0.000 1.000 85579
Centrality Buyer 0.077 0.214 0.000 1.000 82101
Centrality 2nd Highest Bidder 0.042 0.129 0.000 1.000 20540
Number of Followers Seller 704.268 1024.362 0.000 14100.000 86987
Number of Following Seller 375.387 2283.088 0.000 161000.000 86987
Number of Followers Buyer 1818.031 2657.301 0.000 14000.000 86979
Number of Following Buyer 233.959 815.123 0.000 101100.000 86979
Seller Has Twitter 0.957 0.202 0.000 1.000 86987
Seller Has Instagram 0.746 0.435 0.000 1.000 86987
Buyer Has Twitter 0.672 0.470 0.000 1.000 86979
Buyer Has Instagram 0.303 0.460 0.000 1.000 86979

Notes: DAO stands for Decentralized Autonomous Organization, and the computation of Katz centrality
follows the method outlined in Section 1.3.2. The participant types in Panel B are determined based on the

categories illustrated in Figure 1.3.
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(Hortagsu and Perrigne, 2021). However, due to the decentralized nature of NFT markets,
the accessibility of information, simpli ed transactions, and the absence of intermediaries
like art dealers, creators have ample opportunities to participate in auctions as bidders.

Therefore, we categorize users into four groups based on their past activities within the
platform. A seller refers to a user who has successfully sold an NFT, while a collector denotes
a user who was the winner in an auction. An artist represents a creator who has minted an
NFT, and a bidder is a user who has participated in auctions by placing bids, regardless of
winning.

Our sample is restricted to primary auction sales on the Foundation platform excluding
resale opportunities, that resulted in 46,195 unique users. It is important to note that a user
can assume multiple roles on the platform. For instance, approximately 28 percent of the
NFT creators within our sample engaged as bidders in auctions, and roughly 19 percent of
collectors have minted and sold their own NFTs. About 10% of all unique users have had
experiences in all listed categories, while all but three artists sold their own work directly
in the market. These categories and their sizes are visually illustrated in Figure 1.3 and
summary statistics detailing the participant types in auctions are presented in Panel B of
Table 1.113

We also obtained information for each NFT, including the creator's unique identi er
on the blockchain, the mint date, and the IPFS path which allows us to locate the NFT's

metadatal* Subsequently, using the previously acquired addresses, we retrieved the metadata

131n addition, we identi ed Decentralized Autonomous Organizations (DAO) in our data. DAOs are
blockchain-based entities that operate without centralized control or management. They are designed to
be autonomous and self-governing, relying on smart contracts and code to execute decisions and manage
resources. DAOs can curate and manage collections of digital art and have the ability to pool funds from
members to collectively purchase high-value NFTs, enabling broader ownership or shared access. Overall, we
observed 48 DAOs in our data with participation in 381 auctions, which represents less than 1 percent of the
total number of NFT auctions.

4 |nterPlanetary File System (IPFS) is a decentralized le storage protocol employed for storing NFT-related
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Figure 1.3: Type of participants in Auctions

Note: This Venn type diagram shows the number of participants in the auctions by type. An artist is a
participant who creates NFTs. Sellers are de ned as participants who sell NFTs. Bidders are participants
who placed bids in an auction, and collectors (or buyers) are the participants who won at least one auction.
for each individual NFT from ipfs.tech. This metadata contains information on the NFTs
such as name, description, and the link to the stored le. We utilized the link to extract both
the le name and its corresponding extension, which in turn allows us to identify the specic
le type.

To categorize the le types, we classi ed them into three distinct groups. Files with
extensions .jpg, .png, and .svg are classied as static, indicating non-animated or
still images. Files with extensions .gif, .mov, and .mp4 are categorized as animated.
Additionally, 3D images are identi ed by le formats such as .glb or .gltf. Creators can
also add more details to NFTs by writing descriptions, which consist of around 229 characters
on average. More speci ¢ characteristics of the NFTs are listed in Panel C of Table 1.1.

We employed users' unique blockchain identi cation to access their pro les on the Foun-

data. For further information, please visit ipfs.tech.
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dation website. User-related information for all participants in auctions was directly obtained
from the Foundation.app website. On this platform, users can follow other accounts of
interest, allowing us to observe the number of followers and accounts they follow. Buyers tend
to have more followers and follow fewer users compared to sellers. On average, buyers have
around 1,818 followers, which is 2.6 times higher than sellers. They also follow approximately
234 accounts, which is 0.62 times the number followed by sellers.

Users have the option to customize their accounts by linking external websites and
integrating social media platforms, with the Foundation website design prominently featuring
Twitter and Instagram accounts. The majority of creators (95 percent) have linked their
Twitter accounts to the platform, while a substantial portion (74 percent) have linked their
Instagram accounts. In contrast, fewer buyers have linked their Twitter accounts (68 percent),
and even fewer have connected their Instagram accounts (30 percent). The speci cs of user
social media activities are provided in Panel D of Table 1.1.

Users create the network through their prior transactions. Using the methodology detailed
in section 1.3.2, we calculated Katz centrality for all users, providing a measure of the relative
importance of each user trading in past auctions. Summary statistics for these values in our
auction data can be found in Panel D of Table 1.1.

Lastly, we obtained the exchange rate of Ethereum (ETH) to USD from etherscan.io,
a widely-used source for tracking the Ethereum-to-US-dollar exchange rate. Before we
introduce the empirical evidence based on the variables described above, we detail below the

construction of the network measures.
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1.3.2 Network Measures

We construct the network based on past transactions where nodes in the network represent
users involved in NFT sales or purchases (Kranton and Minehart, 2001). An edge in the
network represents a connection from the seller to the buyer and is weighted by the winning
bid. The weight of each edge corresponds to the value of transactions in ETH. We use Katz

centrality to measure the centrality of each nodé at time t using the following formula:

kot (Nt) = * lA{;k;j ; (1.1)
(I

where N; represents the network of sellers and buyers spanning transactions from the last
30 days, but excluding those at, with A representing its corresponding adjacency matrix.
A non-zero value ofAy; indicates the presence of an edge between nddendj during
the time frame beforet, while a zero value ofA; signi es the absence of such an edge
within the same time frame. The index denotes the length of walks emanating from node
k and represents the discount factor. Following standard practice (Bloch et al., 2023),
the discount factor is determined by establishing an upper bound based on the maximum
eigenvalue of matrixA;.1° Katz centrality allows us to assess the importance of nodes within
a trading network. It extends the concept of eigenvector centrality and takes into account
not only a node's direct connections but also its indirect connections through other nodes in
the network.

Figure 1.4 provides a way to visualize trading networks of sellers and buyers of digital

art NFTs. It illustrates the 300 highest-value transactions per period, during three distinct

15To ensure convergence, for alt, need to satisfy < 1 where . is the largest eigenvalue ofN;. We
computed the largest eigenvalue for each, with the maximum of these values being2;280 We selected
corresponding to a larger eigenvalue of approximately 2,500. We later employed min-max normalization to
ensure comparability across di erent days, accounting for the growing number of network nodes over time.
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Figure 1.4: The top 300 highest-value transactions

Rise Maturity Decline

Notes: The Rise period spans from February 5, 2021, to September 1, 2021, while the Maturity phase
extends from September 1, 2021, to April 1, 2022. The Decline period is from April 1, 2022, to December 5,
2022. The thickness of edges denotes the transaction value in ETH. In the top row, node size corresponds to
Katz centrality, while in the bottom row, node size indicates the number of followers. Connected components
are highlighted.

19



phases of the market: the rise, maturity, and decline. This sample represents approximately
1% of the transactions per period, a size large enough to provide a clear visualization of the
network structure but not too large to obstruct visual clarity. In these network graphs, the
nodes represent participants identi ed as sellers or buyers, and the edges are links whose
thickness varies by the value of user transactions. In the top row, node size signi es Katz
centrality for the speci ed period as in equation(1.1), capturing the relative importance of
nodes within the NFT trading network. In the bottom row, node size re ects the number of
followers. Connected components are highlighted, showing the auction participants who are
linked through some transaction.

In the rst phase, the top 300 highest-value transactions were primarily concentrated
within a large connected component featuring a small number of highly central nodes.
However, dominant nodes and transactions gradually lost their prominence as the market
transitioned from the phase of maturity to the decline. In the right panels, we see that
participants involved in the most expensive transactions are not all interconnected, while
their transactions become less central to the network's structure. The gure also reveals
that for the most expensive NFTs, follower connections are more prominent than the trading
network. Conversely, the relative importance of the trading network increases for the lowest

priced NFTs.16

16These gures are available by the authors upon request.
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1.4 Networks and Platforms In uence on NFT Prices

This section presents a series of basic regressions aimed at exploring the impact of trading and

social networks, as a conduit of information, on prices. We estimate the following equation:

Yiast = N igst 1t Figst 2t Wigst +f4(Dit)+ fe(Et)+ a+ s+ t+ Uiast; (1.2)

whereyiast denotes the logarithm of the winning bid in an NFT auctioni bought by buyer a,
and sold by sellers at time t. The vector N j3st denotes network variables andrizs; includes
the number of accounts in the Foundation following buyers and sellers, and the number of
accounts the buyer or the seller follows. The variablé/ iast = (S2¢;B ;X 3%are control
variables. The vectorSjss; includes indicators for social media presence (i.e, the buyer has a
Twitter or Instagram account connected to the Foundation platform),B j; are auction-related
controls, including bidder type and an indicator denoting changes in the reservation price,
Xj are NFT related controls including the type of NFTs auctioned o and the length of their
description, 5 is a buyer e ect, s is a seller e ect, ; are time dummies anduias; iS an
error term. The model also includes two unknown functions in terms of the listing-to-sale
duration of the auction Diy and the exchange rateE;.1” A detailed description of all the
variables used in our analysis is provided in Table A1.2 in the appendix.

Auction participants can access information regarding the NFT's value in two distinct
ways. First, they can utilize past connectionsN ), quanti ed by the Katz centrality of the
seller, the buyer and the second highest bidder. This metric allows us to gauge experience
that conveys information about the market value; a higher centrality score for the seller

indicates extensive trading experience and a strong reputation through associations with

"The functions fe and f 4 are estimated using cubic B-spline functions with ve knots
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important users. Similarly, a high centrality score for a buyer suggests robust trading network
connections that can reduce uncertainty in the value of a trad€ Second, participants can
assess the popularity of sellers and buyers by examining the number of followers and pro les
they follow within the Foundation platform (F ). We transform the variables and consider
the logarithm of the number of followers and number of pro les followed. Foundation allows
for asymmetric relationships, where a user can follow a pro le without requiring con rmation
from the pro le being followed. In such relationships, a buyer's decision, for example, to
follow another pro le typically signi es an interest in obtaining information about that

pro le's activities which can lead to more informed decisions and lower pricé$.The number

of followers serves as a measure of in uence on the platform, indicating that others seek
information from those they follow. Users with a higher number of followers on platforms are
generally considered more popular, as more users express interest in obtaining information
by following their accounts, a concept well-documented in the literature (Grover et al., 2022;

Kane et al., 2014)?°

The rst column of Table 1.2 presents Ordinary Least Squares (OLS) results. Columns
(2), (3) and (4) present results obtained from estimating di erent variations of equation
(1.2). Lastly, Column (5) shows results obtained by estimating the conditional mean model
corresponding to equation(1.2). As expected, the results in the rst column show that the

network connections of the seller positively impact the winning bid. The in uence of the

18 pAlizadeh et al. (2023) employ NFT data from the Moralis platform and presents an analysis of networks,
shedding light on their structural characteristics, evolution, and interactions. The study reveals that a select
group of buyers and sellers frequently engage in NFT sales and purchases, while the majority participate in a
more limited number of transactions.

19 According to Engelbrecht-Wiggans et al. (1983) and Hendricks and Porter (1988), bidders with superior
information tend to achieve higher prot margins while paying lower prices compared to others.

20participants can also gather information from external social media platforms, including Twitter and
Instagram. In contrast to the Foundation platform, we lack direct data on the number of followers and
accounts followed on Twitter and Instagram. We view these platforms as supplementary sources of information
for participants.
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Table 1.2: Regressions for the logarithm of winning bid

1) (2) 3) 4) (5)
Centrality Seller 0:675 0:964 1:.061 0:558 0:598
(0:071) (0:071) (0:092) (0:078) (0:108)
Centrality Buyer 0:329 0:377 0:120 0:428 0:175
(0:042) (0:041) (0:059) (0:037) (0:058)
Centrality 2nd Highest Bidder 0:511 0:590 0:570 0:405 0:366
(0:043) (0:043) (0:047) (0:039) (0:048)
Number of Followers Seller 0:316 0:288 0:295 0:384 0:372
(0:006) (0:006) (0:008) (0:051) (0:068)
Number of Following Seller 0:170 0:142 0:124 0:111 0:152
(0:004) (0:004) (0:005) (0:045) (0:059)
Number of Followers Buyer 0:210 0:194 0:122 0:102 0:001
(0:005) (0:005) (0:062) (0:005) (0:068)
Number of Following Buyer 0:102 0:097 0:102 0:052 0:020
(0:004) (0:004) (0:054) (0:004) (0:056)
Auction Controls Yes Yes Yes Yes Yes
NFT Controls Yes Yes Yes Yes Yes
Social Media Variables Yes Yes Yes Yes Yes
Semiparametric Functions Yes Yes Yes Yes Yes
Month and Year Dummies No Yes Yes Yes Yes
Buyer E ects No No Yes No Yes
Seller E ects No No No Yes Yes
Observations 18,103 18,103 18,103 18,103 18,103

Notes: The dependent variable is the logarithm of the winning bid in Ethereum for an NFT auction (i) sold
by seller (s) and won by buyer (a) at time (t). Number of followers and following are logged. All models
include a constant. Statistical signi cance levels are denoted as follows: *** indicates signi cance at the 1%
level, ** at the 5% level, and * at the 10% level. Standard errors are enclosed in parentheses.
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second highest bid, as a measure of competitive pressures, is also positive and signi cant, as
expected. Moreover, it is interesting to see that while a higher number of followers positively
in uences the winning bid, a greater number of accounts followed has a negative impact.
Previous work by Vasan et al. (2022) in the NFT-driven CryptoArt marketplace reveals
that artists' success is in uenced by perceived reputation and a follower base, leading to
the formation of clusters driven by homophily that a ect individual artists' achievements.
Successful artists tend to attract repeated investments from a select group of collectors,
highlighting the signi cance of artist-collector relationships in the digital art space.

The estimated e ects of the centrality measure are attenuated in column (5), although they
are still positive and signi cant at standard levels. Moreover, a higher number of followers for
the seller continues to have a positive impact on the winning bid, while a higher number of
accounts followed has a negative e ect on the winning bid. In the case of buyers, the results
in the last column suggest that the platform connections do not seem to di erentially a ect
the average auction price paid by buyers.

As documented in the previous sections, the most expensive NFTs reached levels associated
with artwork from celebrated artists. The results presented so far are not informative on
this puzzling and understudied fact. In the next section, we go beyond classical regression

analysis to address this issue.

1.5 Heterogeneous E ects across the Price Distribution

How do trading networks and platform connections a ect low-priced and high-priced NFTs?
In this section, we estimate the impact of these factors across the price distribution. Our
empirical analysis o ers several important ndings. While trading networks remain critically

important, their impact decreases across the distribution of NFT prices. Moreover, platform
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followers for sellers, possibly capturing popularity, help explain price di erences among the

highest NFT prices.

1.5.1 Methods

Before we present the results in the next section, it is convenient to introduce additional
notation. Let the observed data be represented bi(ysa;wd,) : (s;a) 2 Dg, wheres denotes a
seller anda denotes a buyer. The variable winning bigy2Y R is also indexed by auctiori
and time t as in equation(1.2), but we omit these indexes to simplify the notation. As above,
let the vector of variablesw include the vector of network variables, the number of accounts
in the Foundation following buyers and those following sellers and the number of accounts the
buyers or sellers follow, the indicator variables for social media presence, the auction speci c
controls, and the NFT related controls. All the models estimated below include controls for
the listing-to-sale duration of the auction and the exchange rate, as well as individual time
e ects. Finally, let P(w) denote a dictionary of transformations ofw that includes B-splines
functions for the listing-to-sale duration of the auction and the exchange rate as in equation
(1.2).

Recent work by Chernozhukov et al. (2024) allows us to control for network and group
dependencies that are latent and possibly correlated to the network variabl€sLet (vs;y)
and (va;Yy) denote seller and buyer latent heterogeneity, whekg captures private information

available to sellers. The variable v, is de ned similarly. We specify the conditional model as,

Gyea (ViWsaVs;Va) =y P(Wsa)® (V)+ (Veiy)*+ (Valy) ; (1.3)

21This approach can be valuable in addressing network e ects due to latent linkages in our data, where
buyers and sellers can assume multiple roles. For instance, the same pair of market participants, when their
roles are reversed from seller to buyer and vice versa, may exhibit interdependence.
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where y () is the logistic distribution and (y) is an unknown parameter that varies with the
winning bid y 2 Y. The parameters in equation(1.3) are estimated by Maximum Likelihood
(ML). As xed e ects in nonlinear models can lead to bias due to incidental parameters, it is
advised to implement the bias corrections as in Fernandez-Val and Weidner (2016).
Sincey is continuous, the model stated in equatior1.3) is related to conditional panel
quantile functions with individual intercepts. If we setusy = Gy, (YjWsa;Vs;Va), Where

Usa]Wsa;Vs;Va U (0;1), the -th quantile of ys5 conditional onwgj is

Qy( iWsa)= W35 ( )+ s( )+ al); (1.4)

where 2 (0;1) and Qy( jwsa) is the -th quantile of the conditional distribution of the

winning bid ysa, s is the seller e ect, and 5 denotes the buyer e ect. Let the parameter

vectorbe ()=( ()% ()% ()°2 RP*Na*ns where ()=( 1( );=5 n( )% and
()=( 1();: na( )C The following estimator is an extension of a one-way panel quantile

estimator considered by Lamarche and Parker (2023):

(yzargmin  (ya W& s @)t ik kit ok ki (L5)
2 (s;@)2D

where (u)= u( I (u< 0)) is the quantile regression loss function ankl k; denotes the 1
norm. The last two terms represent Lasso-type penalties with tuning paramete¢s1; 2) O.
Rather than using a bias correction formula to reduce the potential bias due to incidental
parameters, the penalty terms in(1.5) help reduce the noise in the estimation of individual
intercepts, and consequently, the penalized estimator can reduce the bias of the xed e ects
estimator. The idea is related to Bester and Hansen (2009) who propose an approach to

bias reduction in nonlinear models with xed e ects using a penalty function. The tuning

26



parameters and the standard error of the estimato?( ) are obtained following Lamarche

and Parker (2023).

1.5.2 Main Results

We begin reporting panel quantile regression estimates, since the model can be e ciently
estimated with a total of 13,052 seller and buyer e ects and we expect distributional regressions
and quantile regressions to deliver similar qualitative conclusions as shown in Table 1.3. In
the next steps of this analysis, we are using Figure 1.5 and Figure 1.6 to present results for
the main e ects of interest included in the winning bid equation (1.4).

Figure 1.5 presents point estimates and 95 percent point-wise con dence intervals for the
e ect of trading networks across quantiles of the conditional distribution of winning bids.
Buyers are depicted in blue, while sellers in red. The left panel shows results for the Katz
centrality of the seller, and the middle panel shows results for the same measure constructed
for the buyer. The panel on the right shows the estimated impact of the network of the
bidder with the second highest bid.

It is interesting to see that trading networks do not seem to be as impactful at the highest
trading prices. This is evident in the declining e ect of seller centrality when moving across
guantiles. While the seller's centrality is associated with higher prices at the upper tail of
the distribution, they have a higher marginal impact at the lowest conditional quantile$?
Additionally, we observe a higher e ect for the buyer's centrality in the lower tail, possibly
implying that buyers with more trading connections in the past pay relatively more for
low-priced NFTs. The e ect of competition in the auctions, which is measured by the

centrality of the second highest bidder, is positive and constant, consistent, once again, with

22ps suggested by the gure, the slope coe cient is not signi cantly di erent across quantiles.
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