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1 Introduction

Households face complex financial decisions, and a growing body of research doc-

uments that past experiences play an essential role in shaping individual beliefs,

risk-taking, and economic decision-making. Much of the literature focuses on ex-

periences of macroeconomic shocks and shows long-lasting effects on stock mar-

ket participation, inflation expectation, and home ownership (Malmendier and

Nagel, 2011, 2016; Malmendier and Wellsjo, 2023). Another strand of work docu-

ments howpersonal experiences of investment returns impact decisions on saving

and stock market trading (Kaustia and Knüpfer, 2008; Choi et al., 2009; Anagol et

al., 2021). The existing literature on personal experience effects primarily centers

around investment decisions in the stock market, with limited evidence for other

asset classes. Furthermore, the applications of household finance highlight the

potential for a better understanding of personal experiences (Malmendier, 2021).

This paper studies the impact of personal experiences in the emerging non-

fungible token (NFT) and cryptocurrencymarket. The key challenge in identifying

experience effects on financial decision-making using observational data is that

prior experience is an endogenous outcome. I overcome this challenge by utiliz-

ing the randomized allocation of NFTs among investors who purchase within the

same collection during the initial sale. I compare the behaviors of investors who

randomly receivedmuchmore valuable NFTs to thosewho did not. Leveraging the

transparent transaction activities on the blockchain, I document that personal ex-

periences of exogenous gains in theNFTmarket substantially impact the investor’s

future investment behaviors in the NFT as well as the cryptocurrency markets.

I develop themainhypotheses fromamodel-free reinforcement learning frame-

work in Barberis and Jin (2023). A notable characteristic of this model is its inde-
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pendence from the underlying asset return structure. Themodel setupfits theNFT

market well because the asset class is new to investors, and its non-fungible nature

and lack of cash flow information can make it difficult for investors to determine

the return structure. Therefore, investors may rely more heavily on a model-free

approach for decision-making in the NFT market. The model predicts that after

experiencing a good outcome of an asset, the investor will likely choose the asset

again and other assets similar to it in the future. In addition, such effects will di-

minish as the investor gains long enough good experiences. The reinforcement

of past actions generates extrapolative demand for the asset, characterized by in-

vestors basing their demand on past returns. The heightened demand, in turn,

will exert upward pressure on prices, which can create asset bubbles (Barberis et

al., 2018). I derive three sets of hypotheses according to themodel. First, investors

who obtain rare NFTs in the primary market will purchase more NFTs in the fu-

ture, both in the primary and secondary markets. They will also purchase more

assets with similar characteristics, such as lottery-like cryptocurrencies. Second,

the investors will react less to the random experiences of getting rare NFTs as they

accumulate more good experiences. Lastly, investors who obtain rare NFTs in the

primary market are more likely to contribute to the formation of NFT bubbles as

their demand for the assets increases. I find compelling empirical evidence con-

sistent with these hypotheses.

To ensure the quasi-experimental setting of random NFT allocation, I obtain

all the NFT collections created on the Ethereumblockchain by 2022 and systemati-

cally review the detailedmetadata underlying eachNFT item. I construct a sample

of 4,846 NFT collections, which randomly distributed individual items to buyers

during the initial primary market sale (also called NFTminting). Next, I construct

a comprehensive dataset of over 1million investors who participate inminting and
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track all their investment activities on the blockchain. Tomy knowledge, this is the

first comprehensive study of NFT investor behavior in combination with their in-

vestment in cryptocurrencies.

In addition to exploiting plausibly exogenous personal experience in the NFT

market, the empirical results are meaningful and interesting as in recent years,

it has become more important to understand investor behaviors in digital assets

poweredby the blockchain technology. Thepopularity ofNFT and crypto investing

has rapidly grown among investors. As of July 2023, theNFTmarket reached a total

trading volume of over $78 billion, and cryptocurrencies had a global market capi-

talization of over $1 trillion.1 I observe sizable investments for individual investors

in the sample, with an averagemonthly trading volume of $7,000 and $17,000 in the

NFT and cryptocurrency markets, respectively. These investments collectively ac-

count for approximately 10% of the median household portfolio size of $228,000

for wealthy retail investors in the U.S. as documented in Giglio et al. (2021).

NFTs are illiquid assets, and no theoretical framework exists that models the

fundamental value of NFTs. To deal with the lack of price information, I use the

measure of rarity to proxy for ex-ante NFT value within the same collection and

focus on the relative value of individual items in the same collection. The litera-

ture on art and collectibles documents that the scarcity factor plays a fundamental

role in price appreciation (Burton and Jacobsen, 1999; Mandel, 2009; Pénasse et

al., 2021). Existing studies of NFTs also show empirically that rarer NFTs are gen-

erally sold at higher prices (Mekacher et al., 2022; Lee, 2022). I followMekacher et

al. (2022) to calculate the rarity score, which is also commonly used in the NFT in-

dustry for investors. I employ the rarity measure to determine the relative value of

NFTs within collections and infer the positiveness of investor experience from the
1Sources: IntoTheBlock and CoinMarketCap.
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random allocation of NFTs with different levels of rarity. I define that an investor

has a positive experience in the NFT primarymarket if he randomly obtains a rare

NFT, a much more valuable asset than common NFTs in the same collection. I ex-

ploit the exogenous variation of experiences to empirically study the causal impact

of personal experiences on subsequent investment decisions and show consistent

evidence with the model-free learning predictions.

I start by examining the experience effect on future NFT primary market par-

ticipation. I find that investors who mint rare NFTs are more likely to participate

in futureminting and spendmoremoney comparedwith investors whomint com-

mon NFTs in the same collection during the samemonth. These results align with

personal experience effects in the IPO market where investors with positive IPO

experiences are more likely to apply for future IPOs (Kaustia and Knüpfer, 2008;

Chiang et al., 2011; Anagol et al., 2021).

Next, I show that minting rare NFTs also causes investors to purchase more

NFTs in the secondary market. I find a significant but smaller effect on subse-

quent decisions on NFT sales after minting rare NFTs. To account for the possible

disposition effect that investors might tend to sell rare NFTs at a profit, I exclude

the NFT item that the investor minted. I also compare the trading profits between

investors who mint rare and common NFTs and find no significant differences. It

suggests that investors who obtain more valuable NFTs from random minting do

not possess superior skills in trading NFTs.

I then seek to understand whether such experience effects of minting rare

NFTs could spill over to investing in the crypto market. Existing research docu-

ments that experience effects are domain-specific: experiences in one market do

not necessarily influence behaviors in another market even when the two asset
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classes are correlated (Malmendier, 2021). By utilizing the blockchain as a trans-

parent ledger of all on-chain transactions, I am able to observe all the transactions

made by the same investor wallet and examine their crypto trading behaviors af-

ter prior randomized experiences in the NFT market. I first examine the overall

crypto trading and find that NFT investors who mint rare NFTs do not trade more

cryptos subsequently, which is consistent with the domain-specificity of experi-

ence effects in the prior literature. I then examine whether there exists spillover

to cryptos that aremore or less similar to NFTs. I find that investors whomint rare

NFTs trade more cryptos with lottery-like characteristics. The evidence supports

the generalized version of model-free learning that investors rely on their past ex-

periences to invest in assets that are similar to their previous investments. Estab-

lishing the causal link between personal experience effects and investor behaviors

in different markets is nontrivial, as various confounding factors can jointly deter-

mine investors’ decision-making outcomes. The NFT collection minting process

contributes to the causal interpretation of experience effects as the random allo-

cation of experience outcome is orthogonal to any unobservable investor or time

heterogeneity.

Overall, I document strong personal experience effects on subsequent invest-

ment decisions onNFTs andcryptocurrencies that are similar toNFTs. The spillover

effect to the crypto market suggests that further theoretical guidance is needed on

the “domain” of experience. Malmendier and Nagel (2011) document that macro-

level exposure to the stock and bond market only impacts investor beliefs and be-

haviors within the same market but not across each other. I show that investors

might view decision-making in the NFT and crypto markets as more related when

the assets aremore similar in some aspects. It would be helpful to understand bet-

ter how investors rely on past experiences in a different but related market when
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making investment choices. Further theoretical foundation of “similar” invest-

ments will further facilitate our understanding of the domain-specific experience

effects.

I also investigate how the effects of experiences vary based on the level of prior

minting experiences. I divide the sample of investors into different groups based

on how many times they have minted a rare NFT in a collection before. As in-

vestors gain a few good minting experiences from none, their responses to the

randomevent ofminting rareNFTs diminish, andmost effects become statistically

insignificant from zero. The magnitude of the effects diminishes even further as

investors accumulate more good experiences.

After documenting the causal impact of personal experiences on investor trad-

ing behaviors, I further examine possible implications on market dynamics. I re-

late investors’ trading behaviors to the NFT boom and bust during the sample pe-

riod. I construct a price index for each NFT collection using the repeat sales re-

gression method and identify bubble-like NFTs following Greenwood et al. (2019).

I then look atwho seeds theNFTbubble by purchasingmoreNFTs at higher prices.

Consistent with extrapolative theories of speculative bubbles, I find that investors

who mint rare NFTs are net buyers during the initiation of bubble-like NFTs and

purchase them at higher prices. Using auction data, I show that investors who

mint rare NFTs bid 25% higher for NFTs from the same collection, implying that

investors’ positive experiences in the NFT primary market lead them to overvalue

NFTs in the secondary market and contribute to the emergence of bubbles. I also

find that new wallets respondmore to the prior experiences of minting rare NFTs,

which is consistent with the attenuation of effects with more prior experiences.

The time series of new investor entry also aligns with the trend in NFT prices,

suggesting that the absence of new investors at the later stage of the bubble is a
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potential reason for the eventual bubble collapse.

Lastly, I discuss several alternative mechanisms that can potentially explain

the empirical results. First, the experience effects cannot be entirely driven by

the wealth effects or house money effects of getting rare NFTs, as I show that the

effects are stronger for the subsample of investors holding their newly minted

NFTs. It suggests that the results are not due to liquidity constraints of investors

that mint rare NFTs. Moreover, I show the effects are stronger for investors with

larger wealth in their cryptowallet. Since the relative change of wealth is larger for

smaller wallets, we should expect stronger reactions from them if the experienced

gains change their risk-taking preference. The opposite results show that the ex-

perience effects are not driven by the pure wealth story. The house money effect

suggests that the experience effects would be larger if investors realized the gains

from NFT minting, which is not supported in the data. Although I cannot entirely

rule out the presence of the housemoney effect, as it can still exist with unrealized

gains, the contradictive evidence still suggests that it is unlikely to be the sole driver

of all the empirical findings. Second, Anagol et al. (2021) presents a learning-from-

noise model that explains how people mistakenly attribute the random allocation

of positive return IPOs to their ability. It is possible that investors who mint rare

NFTs mistakenly learn about their ability to invest not only NFTs but also cryptos,

but further assumptions are needed to explain why investors only purchase more

lottery-like cryptos while their overall crypto trading remains at the same level.

This paper contributes to several strands of literature. First, it connects with

the literature on experience effects, which shows that past experiences exhibit sig-

nificant influences in different economic domains (Malmendier and Nagel, 2011,

2016; Malmendier et al., 2021; Malmendier andWellsjo, 2023). More specifically, it

adds to the studies of personal experience effects on individual financial decision-
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making. For the decision on saving, Choi et al. (2009) document that investors

who experience positive outcomes from their 401(k) accounts increase their sav-

ings rate. For stock market investment, Kaustia and Knüpfer (2008) show that IPO

returns personally experienced by investors positively impact future IPO subscrip-

tions. Using the random IPO allocation setting in India and China, Anagol et al.

(2021) and Gao et al. (2021) show that investors who win the IPOs increase their

trading volume subsequently. Andersen et al. (2019) show that negative personal

experiences in bank stocks make people shy away from risks. Huang (2019) pro-

vides evidence that individuals are more likely to invest in stocks of a specific in-

dustry after experiencing positive returns in that industry. I extend the evidence of

personal experience effects to the emerging markets of NFT and cryptocurrency

as well as further establish the spillover effects between different markets for the

first time.

I also contribute to the literature that examines household investment behav-

iors using account-level data. Barber and Odean (2001, 2000) document that in-

vestors trade excessively andunderperform themarket using thebrokerdata. Grin-

blatt andKeloharju (2009) show that overconfident and sensation-seeking investors

trade more. I leverage the rich and transparent blockchain data to understand

investor behaviors in the fast-growing Decentralized Finance (DeFi) space. Al-

though I do not observe the demographic information and investments outside the

blockchain, the quasi-experiment setting of theNFTminting experience alleviates

this concern to some extent, as the random distribution of rare NFTs in the same

collection is orthogonal to unobservable investor characteristics.

In addition, the paper is related to the literature on investor behaviors during

asset bubbles. Pearson et al. (2021) show that investors engaged in positive feed-

back trading during the Chinese warrant bubble. Under the same setting, Li et al.
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(2021) show that only a small fraction of skilled investors earn profit during the

bubble. Greenwood and Nagel (2009) find that inexperienced mutual fund man-

agers invest more heavily in technology stocks during the dot-com bubble. Bar-

bon and Ranaldo (2023) examine asset bubbles in the NFT market and show that

sophisticated investors outperform others. Using a different dataset, Huang and

Goetzmann (2023) highlight the selection-neglect during the NFT bubble. I con-

tribute to the literature by studying the effect of personal experience on bubble

formation in a quasi-experimental setting and establishing causal evidence that

extrapolative investors seed the NFT bubble by purchasing more NFTs at higher

prices.

Finally, this paper adds to the growing literature on NFT and crypto investing.

Using a comprehensive dataset of NFT collections, Oh et al. (2022) show that expe-

rienced investors tend to outperform inexperienced investors in the NFT market

systematically. Borri et al. (2022) build NFT price indices and analyze the pricing

dynamics. Otherwork seeks to understand cryptocurrency investor behaviors. Ko-

gan et al. (2022) use investor trade-level data from a brokerage platform and com-

pare the strategies when investing cryptos versus stocks or gold. Aiello et al. (2023)

use data from a financial aggregation firm to show that investors treat crypto as

part of their investment portfolio and use crypto wealth to increase spending. I

utilize the on-chain data to study investor behaviors over two markets within the

blockchain ecosystem.

The rest of the paper proceeds as follows. Section 2 provides the institutional

background of the NFT and cryptocurrency market. In section 3, I describe the

blockchain transaction data, empirical methodology, and model predictions from

the model-free learning framework. In Section 4, I document the experience ef-

fects ofminting rare NFTs on future NFT and cryptocurrency investing. In Section
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5, I examine how extrapolative investors contribute to the NFT bubble formation.

In Section 6, I explore alternative mechanisms that potentially explain the empir-

ical facts. Section 7 concludes.

2 Institutional Background

Non-fungible tokens (NFTs) have emerged as a novel approach for establishing

ownership and verifying the authenticity of digital assets, such as art, music, and

videos. NFTsoperate onblockchains,whichoffer adecentralized and securemech-

anism for recording transactions and verifying ownership. The ease of certifying

and transferring NFT ownershipmakes it possible to create markets for a wide va-

riety of goods (Kaczynski and Kominers, 2021). One distinctive aspect of NFTs is

their non-interchangeable and unique nature, whichmeans they cannot be traded

on a one-to-one basis like fungible cryptocurrencies such as Bitcoin. This prop-

erty is a crucial attribute of NFTs, driving their popularity in the realm of digital

art and collectibles. The Ethereum blockchain is currently the most widely used

blockchain for minting NFTs, generating more than $78 billion in trading volume

as of 2022.

NFTs are created and traded using smart contracts on the blockchain. Smart

contracts are computer programs that execute contractual agreements between

parties and facilitate exchanging value in anautomatedandconflict-freeway (Cong

andHe, 2019). Whencreating anNFT, thefirst step involvesminting it on ablockchain

and creating the initial record. Subsequent transactions will be recorded on the

blockchain to monitor any changes in ownership of the NFT, producing an im-

mutable and traceable record. Generally speaking, minting refers to the first-time

sale of an NFT from the creator to the investor in the primary market, and after-
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ward secondary sales or trading of that same NFT happens in the secondary mar-

ket.

NFTs are often released in the formof collections. A collection consists of a lim-

ited number, typically 5,000 to 10,000, of individual items under the same theme.

All NFTs in the same NFT collection are administrated by a single smart contract,

and each has a unique token ID as the identifier. I provide an example of an NFT

collection and its individual items in Figure A1. Moreover, each item in the col-

lection possesses a unique combination of traits that sets it apart. The rarity of an

NFT, a metric measuring the uniqueness of an NFT in comparison with the other

tokens within the collection, has become a crucial factor in how market partici-

pants assess its value. The rarity score was first introduced by Rarity Tools and be-

came popular among the NFT community. It is a statistical measure of rarity using

the frequency of NFT traits, and I discuss its methodology and intuition in detail

in Section 3.2. Generally, rarer NFTs are perceived to command higher prices in

the secondary market (Sothebys, 2021).

To ensure fair distribution of NFTs in a collection, the artwork underlying the

NFTand associated traits are not revealedbeforeminting. That is, investors cannot

specify which individual item to mint and will get a random item from the collec-

tion. TheNFTcreator typically sets up a reveal date of the entire collection after the

minting, and by that time, investors will have information about the appearance

and traits of their NFTs.2 This quasi-experiment setting provides an opportunity to

causally identify the effect of a random event on subsequent financial behaviors.

Once an investormints anNFT from the primarymarket, she can choose to sell

it to another investor in the secondarymarket. Such transactions are facilitated by
2See more at https://opensea.io/learn/what-are-nft-drops.
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NFT marketplaces such as OpenSea. Like the online retail marketplace, NFT sell-

ers can list their NFT for sale, and potential buyers can browse and purchase it via

the platform. To perform various activities on the blockchain, such asminting and

trading NFTs, investors need a crypto wallet. The wallet address is a unique iden-

tifier and is used to interact with the NFT smart contract for transaction purposes.

The crypto wallet is not only used for NFTs but also for fungible cryptocur-

rencies. To buy NFTs, investors usually need to pay with cryptocurrencies. Ether

(ETH), the native token of the Ethereum blockchain, is themost commonmedium

of exchange to trade NFTs. The smart contract on the Ethereum blockchain also

enablesDecentralized exchanges (DEXs), throughwhich investors trade cryptocur-

rencies on a peer-to-peer basis. DEXs have become an important innovation in the

rapidly growing decentralized finance (DeFi) ecosystem built on the blockchain

technology (Makarov and Schoar, 2022).

3 Data andMethodology

3.1 NFT Collection

I obtain all the NFT collection addresses complying with the ERC-721 standards

created on the Ethereum blockchain until December 31, 2022.3 Each individual

NFT in a collection has the same address and a unique token ID as the identifier.

To distinguish the value of NFTs in a collection based on their unique rarity, I focus

on collectionswith different traits for each individual NFT itemdocumented in the

metadata. Such collections are often called “generative” NFT collections, in which
3ERC-721 was launched in January 2018 and has since become themost widely used standard for

NFTs. It enables the creation and transfer of unique digital assets on the Ethereumblockchain. An-
other common NFT standard is ERC-1155, which allows multiple tokens under one smart contract.
The total trading volume of NFTs complying with ERC-721 is about 95% of all Ethereum-based NFTs
in my sample period.
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the individual items share a common theme and distinguish from each other with

unique variations (Oh et al., 2022). I only choose NFT collections with at least 100

items to apply the criterion of defining rare NFTs at the 90 percentile of the rarity

score. I also download all the asset URLs embedded in the smart contracts of NFTs

and remove collections that contain duplicate URLs to ensure that each NFT item

in the collection is unique and has distinctive attributes of rarity.

After selecting the sample of NFT collections, I extract all theminting and sale

events of these NFTs on the blockchain, with information about the buyer, seller,

transaction price, gas fees, and timestamp for each transaction. For the price paid

in ETH, I use the daily price from CoinMarketCap to convert the unit to USD. For

less than 1%of transactions that use other cryptocurrencies for price, I use the end-

of-day token price computed using the Ethereum DEX data. The resulting prices

are winsorized at the 1st and 99th percentile level. The NFT transaction data al-

lowme to track individual-level investment behavior and performance in the NFT

market.

Table 1 presents summary statistics at the NFT collection level. The average

collection contains 2,802 items, with a total minting revenue of $300 thousand and

a total trading volume of $6 million. The average price to mint an NFT is $81, and

the average price is more than $887 for the most expensive collections. Similarly,

the average trading price for an item in the average collection is $691, and the price

varies substantially across different collections. Noticeably, about 700 NFT collec-

tions in the sample are never traded sinceminting, implying that the sample selec-

tion process is not biased toward popular collections only. The key element of the

empirical design is that the minting process of each NFT collection should be ran-

dom. That is, no investors have information regarding the appearance and traits

of the underlying artwork before theymint. To alleviate the concerns that the NFT
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creators use their private information and mint the rare items themselves, I only

include the NFT collections whose creators neverminted any NFT item in that col-

lection. The final sample contains 4,846 NFT collections and 7.9 million individual

tokens. To further test whether there might exist investors who select to mint rare

NFTs in front of others during the minting process, I plot the time of mint to the

rarity score percentile in Figure 1. The y-axis is the number of hours between the

NFT minting time and when minting starts, assuming the time of the first NFT

minted marks the minting start. As shown in the scatterplot, the minting time

distribution is almost uniform across all NFT rarity levels in the collection. It in-

dicates that no investors with private information about the NFT rarity appear to

front-run the other participants and get the rarest items first.

3.2 Rarity Score

One key measure in the quasi-experiment of the NFTminting process is the rarity

of each NFT item in a collection. When investors mint a particular NFT collec-

tion, they do not observe the underlying artwork and its traits, which determine

the ranking of rarity within a collection and the positiveness of an investor’s ex-

perience in each experiment. To measure the rarity, I download the metadata of

every individual NFT item using its smart contract address and unique token ID,

where the traits of each NFT are encoded. In Figure A2, I show an example of

NFT trait data and how the information is usually displayed to NFT investors on

the NFT trading platform. While the returns of individual NFTs are exposed to

the NFT market-level trend and other asset markets (Borri et al., 2022), I focus on

the relative performance of NFTs within a collection and employ the rarity met-

rics commonly used by the NFT industry and investors. The economic literature

has documented theoretically and empirically that rarer goods have highermarket
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value in the collectibles market, such as coins, vinyl music records, and baseball

cards (Dickie et al., 1994; Cameron and Sonnabend, 2020; Ghazi and Schneider,

2022). Similar to previous studies that use the inverse of the quantity of an item as

the proxy of rarity, I rely on the quantity distribution of traits in the NFT collection

to measure the rarity.

FollowingMekacher et al. (2022), I calculate the rarity of a NFT i in a collection

Rarityi as the sum of individual trait rarity score rj:

rj =
(m

n

)−1
(1)

Rarityi = ∑ rj (2)

The variable n is the total number of items in an NFT collection, andm is the num-

ber of NFTs having trait j in the collection.4 Intuitively, m captures the quantity

of traits supplied in the entire collection, and rj represents the relative rarity of a

trait normalized the total supply of the collection. The rarity score of an NFT item

is a composite of its trait rarity. The higher the rarity score, the rarer an NFT is in

its collection. Mekacher et al. (2022) document that the median sale price of the

10% rarest NFTs increases by 195% over the rest, and I define an NFT as “rare” if

its rarity score is above the 90 percentile in its collection. The results are robust if

using a higher threshold such as 95%.

Figure 2 shows the binned scatterplot of the secondary market NFT sale price

on rarity score percentiles. Panel A uses all historical transactions, and Panel B

uses the first sale price after the initial mint. The original transaction price is in

the ETH unit, which is the native token of the Ethereum blockchain. I convert
4This measure is first implemented by Rarity Tools, a website ranking generative NFT collec-

tions by rarity. Their methodology and rationale are described in https://raritytools.medium.com/
ranking-rarity-understanding-rarity-calculation-methods-86ceaeb9b98c.
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the price to USD using the ETH price on that day. All the plots present the same

pattern that the average price of NFTs is mostly flat up to 90% of the rarity score

and increases exponentially afterward. This suggests that common NFTs tend to

exhibit amore homogeneous price trend in themarket, and investors who are able

to obtain rare NFTs frommint can profit much more. The outcome of whether an

investor gets a rare or common NFT from a collection minting event determines

the treatment and control groups in the analysis.

3.3 Cryptocurrency Portfolio

To examine the causal effects of personal experience of NFT minting on investor

behaviors in different domains, I obtain data on individual cryptocurrency trades

to analyze how investors respond to an NFT investment experience in a differ-

ent market. I collect all the cryptocurrency trading data on the decentralized ex-

changes of the Ethereumblockchain. Thewallet address is the unique identifier of

each trader. Thus, I amable tomapall the on-chain activities ofNFTandcryptocur-

rency investing for each individual. This means that I observe the entire portfolio

of the investors on the Ethereum blockchain, which makes it possible to analyze

the individual trading behavior and portfolio choice across two asset markets. To

quantify the price and return of the cryptocurrencies and investor performance, I

compute the daily price of cryptocurrencies using the trading data. I first identify

the major numeraire tokens ranked by the total number of trades. Then, I use the

last transaction at the end of each day (GMT) to calculate the transaction price. If

a token is not traded on a particular date, I use the most recent price to proxy the

price on that day.
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3.4 Empirical Strategy

My approach to estimating the personal experience effect is similar to Anagol et al.

(2021), who exploit the random allocation of India’s initial public offerings (IPOs)

to identify the causal effect of investment experiences on future investment behav-

ior. While their experiment groups are IPO share categories in each IPO, I use each

NFT collectionminting as a separate experiment. The treatment group in each ex-

periment consists of investors who mint rare NFTs in a collection, and the control

group comprises investors who mint only common NFTs. The specification is as

follows:

yi,t+1 = β1Rarei,c,t + ρtXi,t + γj + ϵi,c,t, (3)

where yi,t+1 is the investment outcome in month t+1 for investor i who minted

NFT collection c inmonth t. 1Rarei,c,t is a dummy variable that equals to 1 if investor

i minted at least one rare item in collection c (the rarity score is above the 90%

in collection c). γj is experiment-level fixed effects at the collection, month, and

number of items the investor chooses to mint. Given that the supply of NFTs in a

collection is fixed, investors whomint the same number of items have an identical

probability of getting a rare NFT. Conditional on the fixed effects, the effects are

identified only using the variation across investors in the same minting event in

the same month with random treatment.

Another concern is that certain investor characteristics would be reflected in

the estimate of experience effect, and I include a set of the investor-level controls

Xi,t. First, I control for measures of investor experience in the NFT market, in-

cluding the wallet age in months, the total number of NFTs minted, and the total

expense spent on minting up to date. Second, Oh et al. (2022) show that NFT in-

vestors with more trading frequencies are more likely to outperform, and there-
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fore, I include the total number of NFT trades as another control. Lastly, I include

the investor’s cryptocurrency wallet balance. To handle heteroscedasticity caused

by skewed variables, the experience control variables related to NFT count and

dollar expenses are transformed using log(1 + x).

3.5 Conceptual Framework

How should investors react to random experiences in the newly developed NFT

market? For fully rational investors who understand the random nature of NFT

distribution within a collection in the primary market, there should be no differ-

ence in their future behaviors when comparing one who mints a rare NFT with

the other who does not. The random nature of NFTminting is public information,

and investors should understand the rule because they do not know the NFT they

will get or the distribution of the collection until minting ends and the underlying

artwork is revealed. Suppose that the investor has knowledge that the good expe-

rience of minting a rare NFT is created by a random draw, and it does not imply

that next time he will get a rare one again. Then a fully rational benchmark pre-

dicts that a good random experience will not impact future investment behaviors.

As I will document empirically in Section 6, this prediction is not supported by

the data. For example, I find that investors who mint rare NFTs are more likely to

participate in minting again next month.

To guidemy empirical analysiswith an alternative framework, I use themodel-

free reinforcement learning setting developed by Barberis and Jin (2023). The

theory of reinforcement learning is well-established in the psychology and neuro-

science literature. It predicts that investors tend to repeat past rewarding actions

naively. Reinforcement learning has also been applied in economics to study be-

haviors in strategic games in the experimental setting (Roth andErev, 1995; Camerer
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andHo, 1999; Charness andLevin, 2005). Existing literature also provides evidence

of reinforcement learning in household investment decision-making such as IPO

subscription, retirement saving, and stock investment (Kaustia andKnüpfer, 2008;

Choi et al., 2009; Barber et al., 2011; Huang, 2019). I provide novel causal evidence

that reinforcement learning is not restricted to the samemarket but can extend to

other markets with similar characteristics. One feature of model-free learning is

that the model uses no information about the structure of asset returns. The NFT

market setting fits themodel-free learning framework well because it is an emerg-

ingmarket, and investorsmight be unfamiliar with this new asset class. Moreover,

NFT valuation can be difficult due to its non-fungible nature and lack of cash flow

information. Therefore, model-free learning is a natural choice for studying in-

vestor behaviors in the NFT market. In addition, the unique nature of blockchain

economics enables testing additional predictions of model-free learning, such as

spillover effects across markets and heterogeneity effects by different levels of ex-

periences. It is worth noting that multiple theoretical mechanismsmay be at play,

and I discuss alternative mechanisms in Section 6.

Next, I briefly describe the model-free learning framework in Barberis and Jin

(2023) and provide testable predictions from the model. An investor in the model

decides on action a with its associated Q value. After taking action a at time t, the

model updates the Q value next period Qa(t + 1) using equation 4, where αt is the

learning rate and RPE is the reward prediction error. The reward prediction is

positive if the realized outcome is better than anticipated and negative vice versa.

Intuitively, the value of an action will increase after a good experience, and the

investor will be more likely to repeat the action in the future. In a generalized

version of the model, it also updates the Q value of similar actions with the same

reward prediction error.
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Qt+1(a) = Qt(a) + αt(RPE) (4)

Now let’s consider the NFT setting, where investors participate in the primary

market and get a randomly allocated NFT. For an investor who mints a rare NFT,

the action of minting will have a higher Q value. Themodel-free learning predicts

that this investor will be more likely to participate in future minting. In addition,

the investorwill also purchasemoreNFTs in the secondarymarket if they consider

NFTs a good investment opportunity and regardNFT trading in the secondarymar-

ket as similar actions to minting. I test the predictions of investor behaviors in the

NFT market in Section 4.1.

For investing in the cryptocurrencymarket, themodel suggests that the higher

Q value ofNFT after a good experiencewill also allow the investor to raise the value

associated with similar cryptos. To determine the “similarity” between NFTs and

cryptocurrencies, I consider twobroad categories of cryptos. First, NFTs should be

least similar to stablecoins because stablecoins are a type of cryptos whose values

are pegged to fiat currency, for example, the U.S. dollar. Second, the return of NFT

minting is highly skewed, and the average price increase from primary market

minting to secondary market sale is tenfold. Investors who mint rare NFTs might

regard cryptoswith such lottery-like payoffs as similar toNFTs. Themodel predicts

that the experience effect of minting a rare NFT will likely spill over to cryptos

similar to NFTs but not to those very different. I examine the differential effects of

spillover based on similarity in Section 4.2.

The model also suggests that there should be a diminishing sensitivity to past

experiences when the investor gains long enough good experiences. The intuition

is that the Q value keeps increasing as more good experiences are observed, and
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when it becomes very high, a bad experience will not affect subsequent decision-

making much. I show evidence consistent with this prediction in Section 4.3.

In addition to the predictions above, the model-free learning framework also

provides a micro foundation for extrapolative demand, which can be used to ex-

plain the pattern of asset bubbles (Barberis et al., 2018; Liao et al., 2022; DeFusco

et al., 2022). The extrapolative bubble explanation posits that investors’ demand

for a financial asset positively depends on the past returns of the asset. The in-

creased demand thus pushes up the asset prices even further, potentially leading

to the formation of bubbles. The NFT market surged in the summer of 2021 and

dramatically declined by the end of 2022. Existing research also documents classic

features of an asset bubble in the NFT market (Barbon and Ranaldo, 2023; Huang

and Goetzmann, 2023). Leveraging the quasi-experimental setting, I explore the

role of personal experiences in seeding the NFT bubble in Section 5.

4 Experience Effects

4.1 Experience Effects on NFTMarket Activities

I begin by looking at the experience effects on investor behaviors in the NFT mar-

ket. As illustrated in Section 3.5, the model-free learning framework predicts that

investorswho randomlyminted rareNFTswill participatemore in theNFTmarket,

including both minting in the primary market and purchasing in the secondary

market. Table 2 Panel A shows the results of NFT primarymarket participation. In

column1, I validate the randomdistributionofNFTswithin a collectionby showing

that conditional on future participation in minting, the probability of obtaining a

rare NFT nextmonth is uncorrelatedwith the outcome ofminting rare thismonth.

I then show a positive and significant relationship between past experiences and
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future minting activities. In column 2, the independent variable of interest is an

indicator equal to 1 if the investor participates in NFT minting next month. I find

that investors are more likely to participate in minting next month if they mint

rare NFTs this month compared with those who do not mint any rare NFTs in the

same collection. The increase in the likelihood of participation is 0.21 percent-

age points, corresponding to a 1% increase relative to the mean of the dependent

variable. Next, I look at investor minting expenses next month, which include the

amount paid to the NFT creator and the fees to proceed with transactions on the

Ethereumblockchain. Column 3 suggests that themoney investors spend onmint-

ing is 1.6% more for investors minting rare NFTs.

Similarly, I find strong and significant experience effects on NFT trading in the

secondary market in Table 2 Panel B. Columns 1 and 2 are the log volume of NFT

purchases and sales plus one excluding theNFTminted by the investor. The results

show that following a positive experience of minting a rare NFT in the collection,

the investor will purchase 2.3% more NFTs in the secondary market. I also find a

statistically significant but smaller effect on NFT sales, with an increase of 1.3%.

Although themodel does not directly speak to investor selling behaviors, the result

suggests certain flipping behaviors in the secondary market. In column 3, the out-

come variable is an indicator variable that equals to 1 if the investor earns positive

trading profit. It suggests that investors who mint rare NFTs do not make positive

profits solely from peer-to-peer trading without the sale profit from minting. It

suggests that NFT investors who randomly get rare NFTs do not seem to possess

superior trading skills in the secondary market.
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4.2 Experience Effects on Cryptocurrency Investment

I then examine whether the experience effects in the NFT market spill over to the

fungible cryptocurrency market. With the transparency of blockchain data that

record all transactions made by each wallet, I can directly test the personal expe-

rience effects across two asset markets. Identifying the effect of personal experi-

ences in onemarket on another can be challenging because potential investor- and

time-varying omitted variables can jointly determine the investment decisions. Us-

ing the quasi-experimental setting of NFT minting, I argue that the variation of

NFTminting outcome is exogenous to other confounding factors after controlling

the probability of winning. Thus, I can causally interpret the effect of NFTminting

experiences on investing in cryptos.

I present the results in Table 3 using the outcomes of investor cryptocurrency

trading. Column1 examineswhether there exists spillover to the overall cryptocur-

rency trading. I show that NFT investors who mint a rare NFT do not trade more

cryptos than those whomint commonNFTs. According to themodel-free learning

framework, the investor ismore likely to choose an asset that is similar to the prior

investment that resulted in a good experience. I broadly define two categories of

cryptocurrencies to consider the similarity between NFTs and cryptos. First, I use

themaximumdaily return in the previousmonth as a proxy for a cryptocurrency’s

ex-ante lottery-like characteristic and classify a cryptocurrency as lottery-like if

its maximum daily return is above 90 percentile (Bali et al., 2011). Since the aver-

age return from NFT minting is tenfold, investors might regard cryptos with such

lottery-like payoffs as similar to NFTs. I examine this hypothesis in columns 2 and

3 of Table 3. I find that the NFT minting experience effect increases the purchase

of lottery-like cryptos by 0.5%, and there is no significant effect on sales.
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In addition to cryptos that are similar to NFTs, I also use stablecoins as the type

of cryptos that are the most different. Stablecoins are designed to peg their prices

with fiat currencies, thereby serving as a secure asset that remains insulated from

the overall crypto market (Makarov and Schoar, 2022). I examine the trading of

stablecoins in columns 4 and 5 and show that investors tend to sell more stable-

coins after experiencing a rare NFTminting. These results are consistent with the

model-free learning prediction that the investor is more likely to purchase cryptos

that are similar to NFTs. Moreover, they seem to substitute assets that are differ-

ent from NFTs by selling more. This result sheds light on how prior experience

in one asset market changes the portfolio choice in another market. An investor

might overweight their idiosyncratic personal experience of minting a rare NFT

and assess the probability of tail events differently when they invest in cryptos.

Experimental studies in psychology provide support for this hypothesis. For ex-

ample, Cohen et al. (2020) show that decision-makers may not only consider the

payoff distribution of the current event but also select the strategy that led to the

most favorable outcome in a small set of similar past experiences. This is also re-

lated to extant evidence in finance that people overweight tail events when they

make decisions based on experience (Barberis, 2013).

Taken together, these results suggest spillover from the NFT market to the

cryptocurrencymarket for cryptos that are similar to NFTs. The existing literature

documents the domain specificity of experience effects, that is, experiences in one

asset market do not necessarily affect decision-making in other risky assets, even

if they are correlated (Malmendier, 2021). For example, Malmendier and Nagel

(2011) demonstrate that there is no significant cross-over effect of experiences in

the stock market experiences and bond market experiences on investment deci-

sions, and the evidence is based on exposure to macro-finance realizations. In
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contrast, I rely on personal experiences in theNFTmarket rather thanmacro-level

heterogeneity and document the spillover effect to the cryptocurrency market. It

invites more theoretical frameworks built on neuroscience foundations to guide

the “domain” and “context” that impact individual decision-making (Bordalo et al.,

2020; Wachter and Kahana, 2022).

4.3 Heterogeneous Effects

In this section, I estimate the experience effects across the number ofNFTsminted

by investors previously. The model predicts an attenuation effect as investors ac-

cumulate long enough good experiences. I compute how many times an investor

ever minted rare NFTs prior to the current minting event and group the sample

into investors who have zero experience, one to five experiences, and greater than

five experiences. I plot the coefficient estimates and confidence intervals for the

main outcome variables in Figure 3 and show the detailed estimates in Table A2.

Panel A of Figure 3 shows the heterogeneous effects of NFT primary market

participation. I find that once investors start to have a few minting experiences,

they appear to respond less to a successful experience of minting NFTs, and the

likelihood of future minting participation diminishes as investors gain more good

experiences. The same attenuation applies to totalminting expenses. I then exam-

ine the NFT trading activities in the secondary market in Panel B. The model pre-

diction directly relates to NFT purchases, and I show a clear negative relationship

between prior minting experiences and investors’ responses to the next experi-

ence of minting a rare NFT. The prediction of NFT sales is more loosely connected

to the model. I find that investors with more than five good minting experiences

no longer respond to another good experience by selling more NFTs. Turning to

cryptocurrency investing in Panel C, I showmonotonically decreasing coefficients
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for future purchases of lottery-like cryptocurrencies as investors gain more good

NFTminting experiences, consistent with the model prediction of reinforcing the

investment decision on assets similar to NFTs. I also find that investors respond

less to future experiences and sell fewer stablecoins, suggesting that the substi-

tution effect of lottery-like cryptos and stablecoins also diminishes after investors

accumulate a series of positive minting experiences.

4.4 Robustness Check

4.4.1 First-time Experience

One concern about the causality interpretation is that the treatment group of in-

vestors select to participate more in the NFT and cryptocurrency market, and the

effects are biased by their prior experiences. To alleviate this self-selection con-

cern, I replicate the main results using NFT investors’ first-time minting experi-

ence and show the results in Appendix B.1. The results are robust and consistent

with the baseline results.

4.4.2 MultipleWallets

To handle the possible measurement errors resulting from cases in which an in-

vestor has more than one wallet, I use the wallet clustering algorithm in the com-

puter science literature to test the robustness of the results. Specifically, I follow

the deposit address reuse heuristic in Victor (2020) to identify wallets that possi-

bly belong to the same entity. I find that only 1,073 out of the 1 million wallets do

not belong to a unique investor. I describe the algorithm in detail and show robust

results in Appendix B.2.
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5 NFT Boom and Bust

The previous sections show the effect of personal experience on future investment

behaviors in the NFT and cryptocurrency market. A natural question is whether

such investor behaviors have further implications onmarket dynamics. Theboom-

bust cycle of the NFT market during the sample period provides a natural labora-

tory to further examine possible speculative behaviors during the NFT “bubble”.

5.1 NFT Price Index and Bubble-like NFTs

To examine the NFT boom and bust, I first construct a price index at the daily

level using the repeat sale regression methodology in Bailey et al. (1963).5 Figure

4 shows the estimated price index constructed using all the NFTs in the sample.

TheNFT price increases extensively in September 2021 and falls substantially after

July 2022. Therefore, the current sample period covers a full boom-bust cycle of

the NFT market. Next, I apply the repeat sale regression to each NFT collection

and construct individual NFT collection price indices to identify collections that

exhibit bubble episodes.

I use the approach inGreenwood et al. (2019) and Barbon andRanaldo (2023) to

identify bubble-like NFTs. Specifically, I check if the price index of an NFT collec-

tion has increased by more than 100% in the past month and decreased by more

than 40% during the subsequent month. If so, I define the NFT as a bubble-like

NFT. The results are robust if I use different time windows to detect the bubble

episodes. I identify 2,036 NFT collections that experienced such boom-bust cycles

during the sample period. Figure 5 plots the total trading volume of bubble-like

and non-bubble NFTs collections eachmonth. The high trading volume of bubble-
5Borri et al. (2022) discuss the advantage of using repeat sale regression to construct price in-

dices over other methods, such as hedonic regression.
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like NFTs shares the same characteristics as other financial market bubbles.

5.2 Who Contributes to NFT Bubble Formation?

The exogenous experiences during NFT minting provide a unique opportunity to

understand who seeds the NFT bubble at the origination. Using the sample of

bubble-like NFTs, I test whether investors who mint more valuable NFTs play a

more important role in NFT bubble formation. I employ equation 3 and compare

the subsequent NFT purchase behaviors in the same NFT collection. The results

are reported inTable 4. In thefirst three columns, I use theNFTcollections that are

ex-post bubble-like. Column 1 uses the log number of NFT purchases as the depen-

dent variable and shows that investors whomint rare NFTs subsequently purchase

more NFTs in the same bubble-like NFT collection. Next, I check whether these

investors with good minting experiences are also more likely to become the net

buyers of the NFT collection. The outcome variable in column 2 is an indicator

variable that equals to one if the total purchase value minus the total sale value of

NFTs in the collection is greater than zero. The result indeed supports the hypoth-

esis. Lastly, I examine whether these investors inflate the bubble by purchasing

NFTs at a higher price. I use the log median purchase price in column 3 and show

consistent evidence.

Besides using NFT trading records to understand the investors’ purchasing be-

haviors, I also test whether these investors exhibit extrapolative beliefs by using

the bid data to infer their beliefs. The bids are not recorded on the Ethereum

blockchain. I obtained the bid data from Reservoir API starting from February

2022, the earliest data is available. Ideally, bids on the same NFT item will allow a

direct comparison of investors’ valuations. Due to insufficient data on bids on the

same NFT, I compare the bid prices for investors who bid on the same collection
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next month. Since rare NFTs are bid higher than non-rare NFTs, I add the fixed

effect of rarity dummy to only compare the bid price among the same rarity di-

mension. The results in Table 5 show that the median bid price for investors with

good experiences of minting is 25% higher for the bubble-like NFT collections. It

provides additional evidence that investors extrapolate from past experiences and

overvalue the asset during the bubble formation.

Taken together, the results suggest that the effects of personal experiences on

investor behaviors might have an aggregate impact on the market dynamics. Dur-

ing the NFT bubble episode, investors with positive minting experiences tend to

seed the bubble by purchasingmore NFTs at higher prices. Existing theoretical lit-

erature suggests that extrapolators can be key drivers of historical bubbles (Shiller,

2014; Barberis et al., 2018). Using the Chinese warrant bubble episode, Pearson

et al. (2021) empirically show that investors engaged in positive feedback trading

in which their trading depends on past realized returns. Huang and Goetzmann

(2023) present evidence that the lead-lag relationship of volume and price during

theNFTbubble is consistentwith extrapolative explanations. TheNFT experimen-

tal setting provides further causal evidence of extrapolative bubbles in which the

investors extrapolate from past good experiences and purchase on the price way

up.

5.3 The Role of New Investors

In Section 4.3, I provide evidence that the experience effects attenuate as investors

gain more NFT minting experiences. I further explore whether the inflow of new

investors can explain theNFTboomandbust. Kindleberger andAliber (2008) char-

acterize the bubble formation with the entrance of new investors. Greenwood and

Nagel (2009) study the role of inexperienced investors in forming the technology
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bubble. Using investor-level data, I first test whether new investors play a more

important role in bubble formation. I use the same specification as in Table 4 and

interact themint rare dummyvariablewith an indicator of newwallets. The results

show that new wallets are more sensitive to the experience effects and purchase

more NFTs at higher prices. Next, I explore whether the NFT bubble collapsed

due to a lack of new investors. I show suggestive evidence in Figure 6 by plotting

the number of newwallets participating inminting during the sample period. The

trend of new investor inflow aligns with the NFT price index pattern. It is notice-

able that the number of new wallets dropped by more than 50% after July 2022,

which is the same period as the NFT bubbles collapsed.

6 Alternative Explanations

I observe an increase in NFT minting and trading activities for NFT investors who

mint rare NFTs, and such effects spill over to lottery-like crypto purchases. These

results align well with the predictions of the model-free learning framework. This

section explores several alternative mechanisms that can potentially explain my

empirical findings.

6.1 Wealth Effect

I argue that the experience effect is not purely driven by the wealth gains from

minting rare NFTs. There are two dimensions that wealth effects might be at play.

First, if some investors are budget-constrained and profit from selling a rare NFT

at a much higher price than what they pay for minting, the increase of liquidity

could increase their trading in both NFT and cryptocurrency markets. Second,

wealth gains fromminting rare NFTs might increase investors’ risk tolerance, and
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therefore, they will invest more actively in NFTs and lottery-like cryptos.

I test the two hypotheses by dividing the investors into different groups. First,

I test whether the experience effects are stronger when investors obtain liquidity

from selling their NFTs. I show in the first two columns of Table 7 that the ef-

fects are stronger when investors hold their newlyminted NFTs, which is opposite

to the liquidity constraint story. Furthermore, I test whether the experience ef-

fects exist for larger cryptocurrency wallets in columns 3 and 4 in Table 7. Since

the relative wealth change after minting a rare NFT is larger for smaller wallets,

we should expect that the effects are stronger for them if the experienced gains

change their risk-taking preferences. However, the results appear much stronger

for larger wallets and verify that wealth effects are not the primary cause of the

observed experience effects.

6.2 House Money Effect

Anotherplausible explanation is thehousemoneyeffect (Thaler and Johnson, 1990).

Investors might put the gains from NFT minting in a mental account and use the

gains to perform future trading activities. The mental accounting story implies

that the effects would be larger for wallets that realize the gain from NFT minting

due to the additional cash in the mental account (Anagol et al., 2021). As I already

show in Table 7, the experience effects are actually stronger for the investors who

hold their newly minted NFTs rather than sell them. It implies that the effects on

subsequent investment activities are not from the new cash generated from prior

NFT mints. Therefore, the house money effect is unlikely to be the key driver of

the findings.
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6.3 Learning about Ability fromNoise

Next, I explore the learning-about-own-ability model illustrated in Anagol et al.

(2021). The idea is that investors mistakenly attribute random successful events

to their own ability measured by signal precision. This model can explain the in-

creased trading of NFTs, assuming that agents believe NFT return signals they re-

ceive in the future are more precise after a successful NFT minting experience.

However, if investors do learn about their own ability, they should also increase

their overall trading of cryptocurrencies. The data do not support this hypothesis

because no significant differences exist in the total crypto trading volume between

investors who mint rare NFTs and those who do not.

The learning about ability explanation is also related to a leading explanationof

household excessive trading, overconfidence (e.g., Gervais and Odean, 2001; Bar-

ber andOdean, 2001; Grinblatt andKeloharju, 2009). The literature documents that

overconfident investors have a higher portfolio turnover ratio and worse invest-

ment performance. To test the overconfidence channel, I calculate log monthly

investor returns in the cryptomarket by aggregating their daily log returns. I com-

pute the daily simple return as the weighted average of crypto daily returns using

the portfolio weight as of the day before. Following Barber andOdean (2001), I also

calculate the monthly investor portfolio turnover as the average of monthly sales

turnover and monthly purchase turnover:

Turnoveri,t =
1
2
(

Ni,t−1

∑
j=1

pi,j,t−1 min

(
1,

Si,j,t

Hi,j,t−1

)
+

Ni,t

∑
j=1

pi,j,t min

(
1,

Bi,j,t

Hi,j,t

)
) (5)

Si,j,t and Bi,j,t are the number of token j sold and purchased by investor i during

month respectively, pi,j,t−1 is the portfolio weight of token j at the end of month

t−1.
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I use themonthly crypto portfolio turnover and return as the outcome variable

and run the baseline specification. The results are presented in Table A3. I do not

find statistically significant effects on an increasing turnover and a decreasing in-

vestment return. This contradicts the overconfidence interpretation and suggests

that the experience effects are not likely to be driven by overconfidence.

7 Conclusion

This paper exploits the quasi-experimental setting of NFT minting and provides

new evidence of personal experience effects on investment decisions. I find that

exogenous exposure to the success of minting a rare NFT item significantly in-

creases investors’ future involvement in the NFT market. This leads them to mint

more NFTs, incur higher expenses in the primary market, and trade more NFTs

in the secondary market. More importantly, such experience effects spill over to

the cryptocurrency market and make investors purchase more lottery-like cryp-

tos. The experience effects tend to attenuate as investors gain more NFT minting

experiences. The NFT market also provides an opportunity to explore experience

effects during a boom-bust cycle. I identify bubble-like NFTs and show that new

walletswith exogenously determined good experiences in theNFTprimarymarket

contribute more to the NFT price booms.

The results indicate that when investors make investment decisions in one as-

setmarket, theymay also rely on past experiences in another related assetmarket.

This paper contributes to the literature on experience effects by providing a causal

identification of the spillover effects from one market to another. While prior re-

search suggests that experience effects are domain-specific, I leverage the unique

blockchain setting that captures not only NFT-related transactions but also all the
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on-chain investment activities, including cryptocurrency trading at the individual

level. I show that the experience effect is not necessarily confined to the same

market but can extend to other markets with similar characteristics. These novel

findings in the emerging digital asset markets invite further theoretical guidance

on under what circumstances investors tend to draw inferences from past experi-

ences in different markets to inform their decision-making.

I also show how investors’ past random experiences can play a pivotal role in

explaining the boom-bust episodes observed in the NFT market over the past two

years. Positive experiences of randomly getting a rare NFT in the primary mar-

ket can cause investors to overvalue NFTs in the secondary market, thereby con-

tributing to the formation of speculative bubbles. It highlights the potential conse-

quences of the gamified distribution of randomassets in the emerging blockchain-

based economy. Such gamification design may inadvertently cater to investors’

behavioral biases, resulting in undesirable market dynamics. It highlights the im-

portance of future regulation and oversight tomitigate these potential risks for the

long-term stability of the NFTmarket and the broader blockchain-based economy.

34



References
Aiello, Darren, Tetyana Balyuk, Marco Di Maggio, Mark J. Johnson, Scott R. Baker,
and Jason D. Kotter, 2023, “The Effects of Cryptocurrency Wealth on Household
Consumption and Investment,” working paper.

Anagol, Santosh, Vimal Balasubramaniam, and Tarun Ramadorai, 2021, “Learning
fromNoise: Evidence from India’s IPO Lotteries,” Journal of Financial Economics,
140 (3), 965–986.

Andersen, Steffen, Tobin Hanspal, and Kasper Meisner Nielsen, 2019, “Once Bit-
ten, Twice Shy: The Power of Personal Experiences in Risk Taking,” Journal of
Financial Economics, 132 (3), 97–117.

Bailey,Martin J., RichardF.Muth, andHughO.Nourse, 1963, “ARegressionMethod
for Real Estate Price Index Construction,” Journal of the American Statistical As-
sociation, 58 (304), 933–942.

Bali, Turan G., Nusret Cakici, and Robert F. Whitelaw, 2011, “Maxing out: Stocks
as Lotteries and the Cross-Section of Expected Returns,” Journal of Financial Eco-
nomics, 99 (2), 427–446.

Barber, BradM. and Terrance Odean, 2000, “Trading Is Hazardous to YourWealth:
The Common Stock Investment Performance of Individual Investors,” The Jour-
nal of Finance, 55 (2), 773–806.

and , 2001, “Boys Will Be Boys: Gender, Overconfidence, and Common Stock
Investment*,” The Quarterly Journal of Economics, 116 (1), 261–292.

, , and Michal Ann Strahilevitz, 2011, “Once Burned, Twice Shy: How Naive
Learning, Counterfactuals, and Regret Affect the Repurchase of Stocks Previ-
ously Sold,” Journal of Marketing Research, 48 (SPL), S102–S120.

Barberis, Nicholas, 2013, “The Psychology of Tail Events: Progress and Chal-
lenges,” American Economic Review: Papers & Proceedings, 103 (3), 611–616.

and Lawrence J. Jin, 2023, “Model-Free and Model-based Learning as Joint
Drivers of Investor Behavior,” working paper.

and Ming Huang, 2008, “Stocks as Lotteries: The Implications of Probability
Weighting for Security Prices,” American Economic Review, 98 (5), 2066–2100.

, Robin Greenwood, Lawrence Jin, and Andrei Shleifer, 2018, “Extrapolation and
Bubbles,” Journal of Financial Economics, 129 (2), 203–227.

Barbon, Andrea and Angelo Ranaldo, 2023, “NFT Bubbles,” working paper.

Bordalo, Pedro, Nicola Gennaioli, and Andrei Shleifer, 2020, “Memory, Attention,
and Choice,” The Quarterly Journal of Economics, 135 (3), 1399–1442.

35



Borri, Nicola, Yukun Liu, and Aleh Tsyvinski, 2022, “The Economics of Non-
Fungible Tokens,” working paper.

Burton, Benjamin J. and Joyce P. Jacobsen, 1999, “Measuring Returns on Invest-
ments in Collectibles,” Journal of Economic Perspectives, 13 (4), 193–212.

Camerer, Colin and Teck-HuaHo, 1999, “Experience-Weighted Attraction Learning
in Normal Form Games,” Econometrica, 67 (4), 827–874.

Cameron, Samuel and Hendrik Sonnabend, 2020, “Pricing the Groove: Hedonic
Equation Estimates for Rare Vinyl Records,” Applied Economics, 52 (50), 5516–
5530.

Charness, Gary and Dan Levin, 2005, “When Optimal Choices FeelWrong: A Labo-
ratory Study of Bayesian Updating, Complexity, and Affect,” American Economic
Review, 95 (4), 1300–1309.

Chiang, Yao-Min, David Hirshleifer, Yiming Qian, and Ann E. Sherman, 2011, “Do
Investors Learn from Experience? Evidence from Frequent IPO Investors,” Re-
view of Financial Studies, 24 (5), 1560–1589.

Choi, James J., David Laibson, Brigitte C.Madrian, and AndrewMetrick, 2009, “Re-
inforcement Learning and Savings Behavior,” The Journal of Finance, 64 (6), 2515–
2534.

Cohen, Doron, Ori Plonsky, and Ido Erev, 2020, “On the Impact of Experience on
Probability Weighting in Decisions under Risk.,” Decision, 7 (2), 153–162.

Cong, Lin William and Zhiguo He, 2019, “Blockchain Disruption and Smart Con-
tracts,” The Review of Financial Studies, 32 (5), 1754–1797.

DeFusco, Anthony A., Charles G. Nathanson, and Eric Zwick, 2022, “Speculative
Dynamics of Prices and Volume,” Journal of Financial Economics, 146 (1), 205–229.

Dickie, Mark, Charles D. Delorme, and Jeffrey M. Humphreys, 1994, “Price Deter-
mination for aCollectibleGood: TheCase of RareU. S. Coins,” Southern Economic
Journal, 61 (1), 40.

Gao, Huasheng, Donghui Shi, and Bin Zhao, 2021, “Does Good Luck Make People
Overconfident? Evidence from a Natural Experiment in the Stock Market,” Jour-
nal of Corporate Finance, 68, 101933.

Gervais, Simon and Terrance Odean, 2001, “Learning to Be Overconfident,” Review
of Financial Studies, 14 (1), 1–27.

Ghazi, Soroush and Mark Schneider, 2022, “Market Value of Rarity: A Theory of
Fair Value and Evidence from Rare Baseball Cards,” working paper.

36



Giglio, Stefano, Matteo Maggiori, Johannes Stroebel, and Stephen Utkus, 2021,
“Five Facts about Beliefs and Portfolios,”American Economic Review, 111 (5), 1481–
1522.

Greenwood, Robin and StefanNagel, 2009, “Inexperienced Investors and Bubbles,”
Journal of Financial Economics.

, Andrei Shleifer, and Yang You, 2019, “Bubbles for Fama,” Journal of Financial
Economics, 131 (1), 20–43.

Grinblatt, Mark and Matti Keloharju, 2009, “Sensation Seeking, Overconfidence,
and Trading Activity,” The Journal of Finance, 64 (2), 549–578.

Huang, Dong andWilliamN. Goetzmann, 2023, “Selection-Neglect in theNFTBub-
ble,” working paper.

Huang, Xing, 2019, “Mark Twain’s Cat: Investment Experience, Categorical Think-
ing, and Stock Selection,” Journal of Financial Economics, 131 (2), 404–432.

Kaczynski, Steve and Scott Duke Kominers, 2021, “How NFTs Create Value,” Har-
vard Business Review.

Kahneman, Daniel and Amos Tversky, 1979, “Prospect Theory: An Analysis of De-
cision under Risk,” Econometrica, 47 (2), 263.

Kaustia, Markku and Samuli Knüpfer, 2008, “Do Investors Overweight Personal
Experience? Evidence from IPO Subscriptions,” The Journal of Finance, 63 (6),
2679–2702.

Kindleberger, Charles P and Robert Z Aliber, A History of Financial Crises 2008.

Kogan, Shimon, IgorMakarov, Marina Niessner, and Antoinette Schoar, 2022, “Are
Cryptos Different? Evidence from Retail Trading,” working paper.

Kumar, Alok, 2009, “Who Gambles in the Stock Market?,” The Journal of Finance, 64
(4), 1889–1933.

Lee, Yeonjoon, 2022, “Measuring the Impact ofRarity onPrice: Evidence fromNBA
Top Shot,”Marketing Letters, 33 (3), 485–498.

Li, Xindan, Avanidhar Subrahmanyam, and Xuewei Yang, 2021, “Winners, Losers,
and Regulators in a Derivatives Market Bubble,” The Review of Financial Studies,
34 (1), 313–350.

Liao, Jingchi, Cameron Peng, and Ning Zhu, 2022, “Extrapolative Bubbles and
Trading Volume,” The Review of Financial Studies, 35 (4), 1682–1722.

Makarov, Igor and Antoinette Schoar, 2022, “Cryptocurrencies and Decentralized
Finance (DeFi),” working paper.

37



Malmendier, Ulrike, 2021, “Experience Effects in Finance: Foundations, Applica-
tions, and Future Directions,” Review of Finance, 25 (5), 1339–1363.

and Alexandra Steiny Wellsjo, 2023, “Rent or Buy? Inflation Experiences and
Homeownership within and across Countries,” The Journal of Finance, forthcom-
ing.

and Stefan Nagel, 2011, “Depression Babies: Do Macroeconomic Experiences
Affect Risk Taking?,” The Quarterly Journal of Economics, 126 (1), 373–416.

and , 2016, “Learning from Inflation Experiences,” The Quarterly Journal of
Economics, 131 (1), 53–87.

, , and Zhen Yan, 2021, “TheMaking of Hawks and Doves,” Journal of Monetary
Economics, 117, 19–42.

Mandel, Benjamin R., 2009, “Art as an Investment and Conspicuous Consumption
Good,” American Economic Review, 99 (4), 1653–1663.

Mekacher, Amin, Alberto Bracci, MatthieuNadini, MauroMartino, Laura Alessan-
dretti, Luca Maria Aiello, and Andrea Baronchelli, 2022, “Heterogeneous Rar-
ity Patterns Drive Price Dynamics in NFT Collections,” Scientific Reports, 12 (1),
13890.

Mitton, Todd and Keith Vorkink, 2007, “Equilibrium Underdiversification and the
Preference for Skewness,” Review of Financial Studies, 20 (4), 1255–1288.

Oh, Sebeom, Samuel Rosen, and Anthony Lee Zhang, 2022, “Investor Experience
Matters: Evidence from Generative Art Collections on the Blockchain,” working
paper.

Pearson, Neil D, Zhishu Yang, and Qi Zhang, 2021, “The Chinese Warrants Bubble:
Evidence from Brokerage Account Records,” The Review of Financial Studies, 34
(1), 264–312.

Pénasse, Julien, Luc Renneboog, and José A Scheinkman, 2021, “When a Master
Dies: Speculation and Asset Float,” The Review of Financial Studies, 34 (8), 3840–
3879.

Roth, Alvin E. and Ido Erev, 1995, “Learning in Extensive-Form Games: Experi-
mental Data and Simple Dynamic Models in the Intermediate Term,” Games and
Economic Behavior, 8 (1), 164–212.

Shiller, Robert J., 2014, “Speculative Asset Prices,” American Economic Review, 104
(6), 1486–1517.

Sothebys, 2021, “NFTs: Redefining Digital Ownership and Scarcity,”
https://www.sothebys.com/en/articles/nfts-redefining-digital-ownership-and-
scarcity.

38



Thaler, RichardH. and Eric J. Johnson, 1990, “Gamblingwith theHouseMoney and
Trying to Break Even: The Effects of Prior Outcomes on Risky Choice,”Manage-
ment Science, 36 (6), 643–660.

Victor, Friedhelm, “Address Clustering Heuristics for Ethereum,” in “Financial
Cryptography and Data Security: 24th International Conference, FC 2020 , Kota
Kinabalu, Malaysia, February 10–14, 2020 Revised Selected Papers” Springer-
Verlag Berlin, Heidelberg 2020, pp. 617–633.

Wachter, Jessica A. and Michael Jacob Kahana, 2022, “A Retrieved-Context Theory
Of Financial Decisions,” working paper.

39



FIGURE 1. Minting Time and Rarity

This figure provides a binscatter plot of NFT minting time on rarity score percentile. y-axis is cal-
culated as the number of hours between the individual NFT minting time and when the collection
minting starts. NFT collection fixed effects are included.
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FIGURE 2. Secondary Market Sale Price and Rarity

This figure shows binscatter plots of NFT secondary market sale price on rarity score percentile.
Panel A uses all historical transactions, and Panel B uses the first sale price after the initial mint.
The prices are measured in both ETH and USD. I control for collection and date fixed effects.

Panel A: All sales

(a) Price in ETH (b) Price in USD

Panel B: First Sale after Initial Mint

(c) Price in ETH (d) Price in USD
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FIGURE 3. Experience Effect by Level of Prior Experiences

This figure shows the coefficient estimates of experience effects by different levels of priorminting
experiences.

Panel A: Primary Market Effects

Panel B: Secondary Market Effects

42



FIGURE 3 continued

Panel C: Cryptocurrency Market Effects
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FIGURE 4. NFT Price Index

This figure provides the time series of the NFT price index using the repeat sale regressionmethod
during the sample period.

44



FIGURE 5. NFT Trading Volume

This figure compares the total trading volume of bubble-like and non-bubble NFT collections dur-
ing the sample period. The y-axis is in million USD.
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FIGURE 6. Inflow of New Investors

This figure plots the number of new wallets participating in NFTminting monthly over the sample
period.
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TABLE 1. Summary Statistics

This table presents summary statistics, including mean, standard deviation, and per-
centiles of NFT collections in the sample. Panel A shows NFT minting in the primary
market, and Panel B shows trading in the secondary market.

Mean Median Std. Dev. 1% 99% Count

Primary Market Mint
Number of Items Minted 2,802.095 1,271.500 3,170.646 100.000 10,001.000 4,846
Value Minted ETH 104.638 1.427 707.023 0.000 1,602.600 4,846
Value Minted USD (k) 300.502 2.571 2,124.860 0.000 4,663.527 4,846
Average Mint Price ETH 0.029 0.001 0.102 0.000 0.315 4,846
Average Mint Price USD 81.231 2.163 302.396 0.000 887.027 4,846
Average Gas Fee ETH 0.006 0.002 0.016 0.000 0.043 4,846
Average Gas Fee USD 17.298 2.852 57.125 0.067 151.133 4,846

Secondary Market Trade
Number of Items Traded 1,711.578 125.500 4,188.247 1.000 20,666.000 4,138
Trading Volumn ETH 2,186.660 2.380 60,981.126 0.002 13,835.477 4,138
Trading Volumn USD (k) 5,894.497 4.823 166,049.027 0.003 42,613.945 4,138
Average Trade Price ETH 0.271 0.022 3.773 0.001 2.052 4,138
Average Trade Price USD 691.493 43.724 9,670.568 1.086 5,339.539 4,138
Average Gas Fee ETH 0.008 0.005 0.007 0.001 0.028 4,138
Average Gas Fee USD 21.774 8.485 25.478 1.363 99.906 4,138
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TABLE 2. Experience Effect on Future NFT Investment

This table reports the impact of personal experience of minting a rare NFT on future NFT invest-
ment decisions. Panel A and B study the primary and secondary market behaviors, respectively.
The sample period is from January 2021 to December 2022. The variableMint Rare is an indicator
variable that equals to one if an investormints a rare NFT in a collection in a givenmonth, and zero
otherwise. Future Participation is an indicator variable that equals to one if an investor participates
in NFT minting next month. Total Minting Expense is the logarithmic value of the total expenses
the investor pays to the NFT creator and blockchain transaction fees for minting next month plus
one. NFT Purchases and NFT Sales are the log of one plus the total value of NFTs that the investor
purchase and sell in the secondary market next month, respectively. Positive Trading Profit is an
indicator variable equal to one if the investor’s net trading profit is positive next month. The sec-
ondary market trading outcome variables in Panel B do not include the NFT the investor minted
this month. Standard errors are clustered by collection and year-month and are reported in paren-
theses. Asterisks denote significance levels ***p < 0.01, **p < 0.05, *p < 0.1.

Panel A: NFT Primary Market Participation

Future Minting Rare Future Participation Total Minting Expense

(1) (2) (3)

Mint Rare 0.0009 0.0021∗∗ 0.0158∗∗∗
(0.0027) (0.0009) (0.0052)

Individual Level Controls Yes Yes Yes

Experiment FE Yes Yes Yes

Observations 291,097 1,375,426 1,375,426
Adjusted R-squared 0.0478 0.1488 0.1563

Panel B: NFT Secondary Market Trading

NFT Purchases NFT Sales Positive Trading Profit

(1) (2) (3)

Mint Rare 0.0229∗∗∗ 0.0130∗∗ 0.0006
(0.0064) (0.0056) (0.0006)

Individual Level Controls Yes Yes Yes

Experiment FE Yes Yes Yes

Observations 1,375,426 1,375,426 1,375,426
Adjusted R-squared 0.1883 0.1841 0.0894
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TABLE 3. Spillover to Cryptocurrency Trading

This table reports the impact of personal experience of minting a rare NFT on future
trading activities in the cryptocurrency market. The sample period is from January 2021
to December 2022. The variableMint Rare is an indicator variable that equals to one if an
investor mints a rare NFT in a collection in a given month, and zero otherwise. Trading
Volume is the logarithmic value of total crypto trading volume by the investor next month
plus one. Lottery-like Purchases and Lottery-like Sales are the logarithmic values of the total
purchase and sell volume of lottery-like cryptos nextmonth plus one. Stablecoin Purchases
and Stablecoin Sales are the logarithmic values of the total purchase and sell volume of
stablecoins next month plus one. Standard errors are clustered by collection and year-
month and are reported in parentheses. Asterisks denote significance levels ***p < 0.01,
**p < 0.05, *p < 0.1.

Trading
Volume

Lottery-like
Purchases

Lottery-like
Sales

Stablecoin
Purchases

Stablecoin
Sales

(1) (2) (3) (4) (5)

Mint Rare 0.0066 0.0047∗∗ 0.0032 0.0019 0.0066∗
(0.0065) (0.0019) (0.0020) (0.0041) (0.0036)

Individual Level Controls Yes Yes Yes Yes Yes

Experiment FE Yes Yes Yes Yes Yes

Observations 1,375,426 1,375,426 1,375,426 1,375,426 1,375,426
Adjusted R-squared 0.3019 0.0481 0.0528 0.1275 0.1136
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TABLE 5. NFT Bidding

This table reports the impact of personal experience on investor bids. The number on the top
of each cell shows the coefficients of Mint Rare, and the number in the bracket below shows the
robust standard error. Standard errors are double-clustered by collection and year-month and are
reported in parentheses. Asterisks denote significance levels ***p < 0.01, **p < 0.05, *p < 0.1.

Median Bid Price

(1) (2)
Bubble-like NFTs Non-bubble NFTs

Mint Rare 0.2502∗∗∗ -0.0955
(0.0579) (0.1176)

Individual Level Controls Yes Yes

Experiment FE Yes Yes

Rarity FE Yes Yes

Observations 2,262 676
Adjusted R-squared 0.8168 0.7441
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TABLE 6. NewWallets and Bubble Formation

This table reports the impact of new wallets on bubble formation. The number on the top of each
cell shows the coefficients of Mint Rare, and the number in the bracket below shows the robust
standard error. Standard errors aredouble-clusteredby collection andyear-monthandare reported
in parentheses. Asterisks denote significance levels ***p < 0.01, **p < 0.05, *p < 0.1.

NFT Purchases Net Capital Flows Median Price

(1) (2) (3)

Mint Rare X NewWallet 0.0012∗∗ 0.0006∗∗ 0.0049∗∗
(0.0006) (0.0003) (0.0024)

Mint Rare 0.0007∗∗ 0.0002 0.0044∗∗∗
(0.0003) (0.0002) (0.0013)

NewWallet -0.0085∗∗∗ -0.0046∗∗∗ -0.0391∗∗∗
(0.0006) (0.0003) (0.0030)

Individual Level Controls Yes Yes Yes

Experiment FE Yes Yes Yes

Observations 2,615,215 2,615,215 2,615,215
Adjusted R-squared 0.0859 0.0552 0.0635
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TABLE 7. Experience Effect by Selling Decision and Wealth

This table reports the impact of personal experience based on different selling decisions aftermint-
ing and cryptocurrency wallet wealth. Each row corresponds to a main outcome presented in pre-
vious tables. The number on the top of each cell shows the coefficients ofMint Rare, and the num-
ber in the bracket below shows the robust standard error. Standard errors are double-clustered by
collection and year-month and are reported in parentheses. Asterisks denote significance levels
***p < 0.01, **p < 0.05, *p < 0.1.

Action after Minting NFTs Crypto Wallet Balance

(1) (2) (3) (4)
Sell Hold Below Median Above Median

Future Minting Participation -0.0006 0.0020∗∗ 0.0014 0.0024∗
(0.0021) (0.0010) (0.0014) (0.0012)

Minting Expense Including Fees -0.0027 0.0165∗∗∗ 0.0107∗ 0.0179∗∗
(0.0119) (0.0054) (0.0063) (0.0075)

NFT Purchases 0.0270∗ 0.0168∗∗∗ 0.0169∗∗∗ 0.0259∗∗∗
(0.0151) (0.0065) (0.0057) (0.0096)

NFT Sales 0.0050 0.0066 0.0121∗∗ 0.0129
(0.0141) (0.0055) (0.0052) (0.0083)

Positive Trading Profit 0.0008 -0.0002 0.0001 0.0008
(0.0017) (0.0006) (0.0007) (0.0009)

Crypto Trading Volume -0.0002 0.0077 0.0061 0.0014
(0.0133) (0.0074) (0.0044) (0.0098)

Lottery-like Crypto Purchases -0.0022 0.0061∗∗∗ -0.0006 0.0079∗∗
(0.0045) (0.0021) (0.0009) (0.0031)

Lottery-like Crypto Sales -0.0002 0.0034∗ -0.0011 0.0057∗
(0.0048) (0.0021) (0.0009) (0.0031)

Stablecoin Purchases -0.0031 0.0036 0.0023 -0.0008
(0.0088) (0.0046) (0.0022) (0.0064)

Stablecoin Sales 0.0016 0.0082∗∗ 0.0016 0.0087
(0.0085) (0.0039) (0.0020) (0.0055)

Individual Level Controls Yes Yes Yes Yes
Experiment FE Yes Yes Yes Yes

Observations 297,350 1,071,830 557,498 808,454
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Appendix

A Appendix Figures and Tables

FIGURE A1. NFT Collection Example: Shiboshis

This figure shows an example of an NFT collection, Shiboshis, and six items from the entire 10,000
in the collection. Each image represents the digital art associated with the individual NFT, which
is uniquely identified by the Token ID. The screenshot is accessed from Etherscan.
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FIGURE A2. NFT Trait Example

This figure takes Token ID 1650 of the Shiboshis NFT collection from Figure A1 as an example and
presents its traits. Figure (a) shows the raw trait data downloaded from the NFT metadata, and (b)
shows how the trait data are displayed to NFT investors at the NFT trading platform OpenSea.

(a) Metadata for Token ID 1650

(b) Trait data displayed at Opensea
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TABLE A1. Summary Statistics

This table presents summary statistics, including mean, standard deviation, and per-
centiles of investors in the sample.

Mean Median Std. Dev. 1% 99%

Wallet Age 2.336 1.000 3.053 0.000 13.000
Crypto Wallet Balance (k $) 132.852 0.815 2,850.358 0.000 1,398.977
Number of NFTs Mints 26.821 5.000 74.348 1.000 302.000
Minting Expense ($) 1,163.010 164.444 5,752.769 1.171 17,067.107
Number of NFTs Purchases 2.429 0.000 13.626 0.000 37.000
Number of NFTs Sales 7.428 1.000 23.652 0.000 88.000
NFT Trading Profit (k $) 1.375 0.014 13.370 -12.457 34.646
Crypto Portfolio Turnover 0.058 0.000 0.186 0.000 1.000
Crypto Portfolio Return 0.001 0.000 0.737 -0.616 0.577
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TABLE A2. Experience Effect by Level of Prior Experiences

This table reports the impact of personal experience based on subgroups of investors’ prior mint-
ing experiences. Each row corresponds to amain outcome presented in previous tables. The num-
ber on the top of each cell shows the coefficients ofMint Rare, and the number in the bracket be-
low shows the robust standard error. Standard errors are double-clustered by collection and year-
month and are reported in parentheses. Asterisks denote significance levels ***p < 0.01, **p < 0.05,
*p < 0.1.

Past NFT Minting Experience Level

(1) (2) (3)
None Low Medium

Future Minting Participation 0.0035∗∗∗ -0.0028 -0.0041
(0.0010) (0.0027) (0.0112)

Minting Expense Including Fees 0.0204∗∗∗ 0.0062 -0.0258
(0.0055) (0.0144) (0.0562)

NFT Purchases 0.0274∗∗∗ 0.0084 -0.0117
(0.0064) (0.0183) (0.0730)

NFT Sales 0.0125∗∗ 0.0215 -0.0261
(0.0057) (0.0166) (0.0664)

Positive Trading Profit 0.0004 0.0014 0.0020
(0.0006) (0.0019) (0.0088)

Crypto Trading Volume 0.0066 0.0078 -0.1042
(0.0070) (0.0193) (0.0757)

Lottery-like Crypto Purchases 0.0041∗∗ 0.0017 -0.0143
(0.0019) (0.0067) (0.0276)

Lottery-like Crypto Sales 0.0030∗ 0.0025 -0.0210
(0.0018) (0.0069) (0.0297)

Stablecoin Purchases -0.0008 0.0240∗ -0.0462
(0.0039) (0.0137) (0.0695)

Stablecoin Sales 0.0086∗∗ 0.0040 -0.0791
(0.0034) (0.0124) (0.0642)

Individual Level Controls Yes Yes Yes
groupfe Yes Yes Yes

Observations 1,131,362 216,429 14,800
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TABLE A3. Overconfidence

This table reports the impact of personal experience of minting a rare NFT on crypto
portfolio turnover and monthly log return. Standard errors are clustered by collection
and year-month and are reported in parentheses. Asterisks denote significance levels
***p < 0.01, **p < 0.05, *p < 0.1.

Crypto Turnover Ratio Crypto Protfolio Return

(1) (2)

Mint Rare 0.0003 -0.0006
(0.0004) (0.0004)

Individual Level Controls Yes Yes

Experiment FE Yes Yes

Observations 1,375,426 1,375,426
Adjusted R-squared 0.1924 0.1014
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B Robustness Tests

B.1 First-time NFTMinting Experience

TABLE B1. Experience Effect on Future NFT Investment

This table reports the impact of personal experience of minting a rare NFT on future NFT invest-
ment decisions. Panel A and B study the primary and secondary market behaviors, respectively.
The sample period is from January 2021 to December 2022. The variableMint Rare is an indicator
variable that equals to one if an investormints a rare NFT in a collection in a givenmonth, and zero
otherwise. Future Participation is an indicator variable that equals to one if an investor participates
in NFT minting next month. Total Minting Expense is the logarithmic value of the total expenses
the investor pays to the NFT creator and blockchain transaction fees for minting next month plus
one. NFT Purchases and NFT Sales are the log of one plus the total value of NFTs that the investor
purchase and sell in the secondary market next month, respectively. Positive Trading Profit is an
indicator variable equal to one if the investor’s net trading profit is positive next month. The sec-
ondary market trading outcome variables in Panel B do not include the NFT the investor minted
this month. Standard errors are clustered by collection and year-month and are reported in paren-
theses. Asterisks denote significance levels ***p < 0.01, **p < 0.05, *p < 0.1.

Panel A: NFT Primary Market Participation

Future Minting Rare Future Participation Total Minting Expense

(1) (2) (3)

Mint Rare 0.0009 0.0033∗∗∗ 0.0193∗∗∗
(0.0027) (0.0011) (0.0062)

Individual Level Controls Yes Yes Yes

Experiment FE Yes Yes Yes

Observations 291,097 840,335 840,335
Adjusted R-squared 0.0478 0.1500 0.1399

Panel B: NFT Secondary Market Trading

NFT Purchases NFT Sales Positive Trading Profit

(1) (2) (3)

Mint Rare 0.0304∗∗∗ 0.0170∗∗∗ 0.0008
(0.0075) (0.0061) (0.0006)

Individual Level Controls Yes Yes Yes

Experiment FE Yes Yes Yes

Observations 840,335 840,335 840,335
Adjusted R-squared 0.1542 0.1258 0.0626
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TABLE B2. Spillover to Cryptocurrency Trading

This table reports the impact of personal experience of minting a rare NFT on future
trading activities in the cryptocurrency market. The sample period is from January 2021
to December 2022. The variableMint Rare is an indicator variable that equals to one if an
investor mints a rare NFT in a collection in a given month, and zero otherwise. Trading
Volume is the logarithmic value of total crypto trading volume by the investor next month
plus one. Lottery-like Purchases and Lottery-like Sales are the logarithmic values of the total
purchase and sell volume of lottery-like cryptos nextmonth plus one. Stablecoin Purchases
and Stablecoin Sales are the logarithmic values of the total purchase and sell volume of
stablecoins next month plus one. Standard errors are clustered by collection and year-
month and are reported in parentheses. Asterisks denote significance levels ***p < 0.01,
**p < 0.05, *p < 0.1.

Trading
Volume

Lottery-like
Purchases

Lottery-like
Sales

Stablecoin
Purchases

Stablecoin
Sales

(1) (2) (3) (4) (5)

Mint Rare 0.0125 0.0046∗∗ 0.0029 0.0033 0.0096∗∗∗
(0.0077) (0.0021) (0.0019) (0.0043) (0.0037)

Individual Level Controls Yes Yes Yes Yes Yes

Experiment FE Yes Yes Yes Yes Yes

Observations 840,335 840,335 840,335 840,335 840,335
Adjusted R-squared 0.2742 0.0531 0.0531 0.1332 0.1159
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B.2 MultipleWallets

The idea of the wallet clustering algorithm is that wallets belonging to the same in-

vestor on theEthereumblockchainwill be linkedby the samedeposit address from

the centralized exchange. To transfer the cryptocurrencies from the blockchain

and exchange them for money, the investor needs to have a centralized exchange

account.6 In order to allocate funds to the appropriate centralized exchange ac-

counts, the centralized exchanges commonly generate deposit addresses for each

customer. These deposit addresses are responsible for redirecting incoming funds

from investors’ on-chain wallets to the main addresses of centralized exchanges.

Each deposit address is unique to individual investors, which quickly forward to

the centralized exchange wallet. These on-chain wallets are probably under the

control of the same investor.

I follow Victor (2020) to identify the deposit addresses first. To do this, I filter

all the historical transfers of Ethereum from one wallet to another as of Decem-

ber 31, 2022. I identify forwarding transactions of deposit wallets by restricting

two parameters. First, the maximum difference between the amount of receiving

and sending. A deposit address should forward the exact amount of funds received

from the on-chain wallet minus a small amount of transaction fee. In addition, I

require that the timebetween receiving and sending the funds fallswithin a thresh-

old. I use the same parameter value as in Victor (2020), where the amount differ-

ence is set to 0.01 Ether and themaximum time is set to 3,200 blocks. I also exclude

addresses involved in mining activities to avoid misidentifying transfer events in

mining pools.

6In contrast, decentralized exchanges only facilitate transactions on the blockchain.
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TABLE B3. Experience Effect on Future NFT Investment

This table reports the impact of personal experience of minting a rare NFT on future NFT invest-
ment decisions. Panel A and B study the primary and secondary market behaviors, respectively.
The sample period is from January 2021 to December 2022. The variableMint Rare is an indicator
variable that equals to one if an investormints a rare NFT in a collection in a givenmonth, and zero
otherwise. Future Participation is an indicator variable that equals to one if an investor participates
in NFT minting next month. Total Minting Expense is the logarithmic value of the total expenses
the investor pays to the NFT creator and blockchain transaction fees for minting next month plus
one. NFT Purchases and NFT Sales are the log of one plus the total value of NFTs that the investor
purchase and sell in the secondary market next month, respectively. Positive Trading Profit is an
indicator variable equal to one if the investor’s net trading profit is positive next month. The sec-
ondary market trading outcome variables in Panel B do not include the NFT the investor minted
this month. Standard errors are clustered by collection and year-month and are reported in paren-
theses. Asterisks denote significance levels ***p < 0.01, **p < 0.05, *p < 0.1.

Panel A: NFT Primary Market Participation

Future Minting Rare Future Participation Total Minting Expense

(1) (2) (3)

Mint Rare 0.0009 0.0021∗∗ 0.0158∗∗∗
(0.0027) (0.0009) (0.0052)

Individual Level Controls Yes Yes Yes

Experiment FE Yes Yes Yes

Observations 290,843 1,374,457 1,374,457
Adjusted R-squared 0.0479 0.1488 0.1563

Panel B: NFT Secondary Market Trading

NFT Purchases NFT Sales Positive Trading Profit

(1) (2) (3)

Mint Rare 0.0231∗∗∗ 0.0132∗∗ 0.0005
(0.0064) (0.0056) (0.0006)

Individual Level Controls Yes Yes Yes

Experiment FE Yes Yes Yes

Observations 1,374,457 1,374,457 1,374,457
Adjusted R-squared 0.1883 0.1841 0.0894
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TABLE B4. Spillover to Cryptocurrency Trading

This table reports the impact of personal experience of minting a rare NFT on future
trading activities in the cryptocurrency market. The sample period is from January 2021
to December 2022. The variableMint Rare is an indicator variable that equals to one if an
investor mints a rare NFT in a collection in a given month, and zero otherwise. Trading
Volume is the logarithmic value of total crypto trading volume by the investor next month
plus one. Lottery-like Purchases and Lottery-like Sales are the logarithmic values of the total
purchase and sell volume of lottery-like cryptos nextmonth plus one. Stablecoin Purchases
and Stablecoin Sales are the logarithmic values of the total purchase and sell volume of
stablecoins next month plus one. Standard errors are clustered by collection and year-
month and are reported in parentheses. Asterisks denote significance levels ***p < 0.01,
**p < 0.05, *p < 0.1.

Trading
Volume

Lottery-like
Purchases

Lottery-like
Sales

Stablecoin
Purchases

Stablecoin
Sales

(1) (2) (3) (4) (5)

Mint Rare 0.0066 0.0048∗∗ 0.0032 0.0020 0.0066∗
(0.0065) (0.0019) (0.0020) (0.0041) (0.0036)

Individual Level Controls Yes Yes Yes Yes Yes

Experiment FE Yes Yes Yes Yes Yes

Observations 1,374,457 1,374,457 1,374,457 1,374,457 1,374,457
Adjusted R-squared 0.3016 0.0483 0.0529 0.1274 0.1136
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FIGURE B1. Experience Effect by Level of Prior Experiences

This figure shows the coefficient estimates of experience effects by different levels of priorminting
experiences.

Panel A: Primary Market Effects

Panel B: Secondary Market Effects
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FIGURE B1 continued

Panel C: Cryptocurrency Market Effects
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TABLE B5. Experience Effect by Level of Prior Experiences

This table reports the impact of personal experience based on subgroups of investors’ prior mint-
ing experiences. Each row corresponds to amain outcome presented in previous tables. The num-
ber on the top of each cell shows the coefficients ofMint Rare, and the number in the bracket be-
low shows the robust standard error. Standard errors are double-clustered by collection and year-
month and are reported in parentheses. Asterisks denote significance levels ***p < 0.01, **p < 0.05,
*p < 0.1.

Past NFT Minting Experience Level

(1) (2) (3)
None Low High

Future Minting Participation 0.0035∗∗∗ -0.0028 -0.0034
(0.0010) (0.0027) (0.0112)

Minting Expense Including Fees 0.0204∗∗∗ 0.0060 -0.0210
(0.0055) (0.0144) (0.0563)

NFT Purchases 0.0276∗∗∗ 0.0086 -0.0110
(0.0064) (0.0183) (0.0733)

NFT Sales 0.0126∗∗ 0.0219 -0.0187
(0.0057) (0.0166) (0.0660)

Positive Trading Profit 0.0004 0.0013 0.0018
(0.0006) (0.0019) (0.0088)

Crypto Trading Volume 0.0066 0.0084 -0.1030
(0.0070) (0.0193) (0.0754)

Lottery-like Crypto Purchases 0.0041∗∗ 0.0019 -0.0150
(0.0019) (0.0067) (0.0277)

Lottery-like Crypto Sales 0.0029 0.0027 -0.0186
(0.0018) (0.0069) (0.0295)

Stablecoin Purchases -0.0008 0.0246∗ -0.0448
(0.0039) (0.0138) (0.0694)

Stablecoin Sales 0.0085∗∗ 0.0049 -0.0816
(0.0034) (0.0125) (0.0640)

Individual Level Controls Yes Yes Yes
groupfe Yes Yes Yes

Observations 1,130,663 216,191 14,770
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