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Networks are increasingly central to how individuals make investment decisions, how prices

are formed, and how platforms design user experiences in the context of modern financial

technologies (FinTech). Rather than viewing market participants in isolation, this disser-

tation examines how surrounding social structures shape economic outcomes across three

FinTech applications: social trading, cryptocurrency, and non-fungible tokens (NFTs). Each

essay highlights how network position, peer behavior, and relational dynamics can influence

attention, adoption, and valuation — often in ways that rival or exceed the impact of in-

dividual intrinsic characteristics. First, rather than focusing solely on individual attributes

such as financial performance, I examine how strategy similarity among traders affects their

popularity. I construct dynamic similarity networks and use a coevolution model to analyze

how traders’ positions within these networks shape follower growth. I find that as more peers

adopt similar strategies to a focal trader, that trader tends to attract fewer followers over

time. This substitution effect is particularly strong for high-performing traders. Counterfac-

tual simulations suggest that promoting a more even distribution of followers and reducing

network density can mitigate substitution and increase overall platform engagement. This

suggests that platform design should consider not only individual performance but also the

network positioning of users to foster diversity and sustain long-term engagement. Second, I

investigate how social learning drives cryptocurrency adoption. Using a large dataset from a



social trading platform, I analyze how investment opinions and behaviors of network neigh-

bors influence an individual’s decision to trade Bitcoin. The results show that people are

more likely to adopt Bitcoin when their peers’ actions align with their stated views. Under

higher uncertainty, individuals rely more on optimistic opinions, even if behaviors are not

consistent. This suggests that social media plays a dual role — as a source of behavioral

signals and emotional reinforcement —particularly when individuals face ambiguity. It also

highlights the importance of credibility and alignment between opinion and action in peer

influence. Third, I study the role of transactional networks in shaping NFT value. Drawing

on data from a leading NFT platform, I construct monthly networks linking NFTs based on

shared traders and utilize a permutation-invariance-based method to circumvent the dimen-

sionality issue of network data. The results show that incorporating transactional network

information substantially improves NFT price prediction, beyond what image or metadata

features can explain. This chapter highlights the importance of social dynamics in digital as-

set valuation and offers implications for both pricing models and platform design. Together,

these chapters demonstrate that financial decision-making and asset valuation cannot be

fully understood without accounting for the social context in which they occur. Whether

through imitation and substitution among traders, peer-driven learning under uncertainty,

or value formation via transactional ties, networks serve not just as conduits of information

but as fundamental structures shaping market outcomes. By integrating structural model-

ing, behavioral analysis, and machine learning on large-scale digital traces, this dissertation

offers new insights into how financial technologies operate when embedded in social systems.

These findings contribute to emerging conversations at the intersection of finance, platforms,

and computational social science, and underscore the need for theories and tools that reflect

the relational nature of modern digital markets.
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Chapter 1

INTRODUCTION

In the last two decades, financial technology (FinTech) has reshaped how individuals

access, evaluate, and participate in financial markets. FinTech applications have evolved from

tool-based services, such as online banking and digital wallets, to platform-based innovations,

such as crowdfunding, peer-to-peer lending, and social trading. In the last decade, new asset

classes have emerged that are built upon decentralized blockchain technology, including

cryptocurrencies, decentralized finance (DeFi), and non-fungible tokens (NFTs). As FinTech

continues to evolve, the role of networks across these applications has become increasingly

important for understanding economic outcomes and user behavior in these contexts.

First, FinTech platforms increasingly embed social features — such as following, copy-

ing, and commenting — that foster direct and indirect interactions between users. These

peer-to-peer interactions can significantly influence individual behavior, particularly in en-

vironments characterized by high uncertainty and low institutional oversight. By observing

others’ actions, individuals may learn about market conditions, infer asset quality, or form

heuristics for decision-making. However, such social learning can also give rise to herding,

path dependence, and information cascades. Understanding the mechanisms through which

peer signals propagate and impact financial decision-making is critical for designing more

effective and equitable financial platforms.

Second, digital platforms vary widely in the type and granularity of information they dis-

close, ranging from detailed transaction histories and ranking systems to curated summaries

or social signals. The design of these information environments can systematically shape user

decisions by highlighting certain signals (e.g., price history, peer activity, or creator reputa-

tion) while obscuring others. Increased transparency may reduce uncertainty and improve
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decision quality, but it can also lead to strategic behavior, information overload, or overre-

liance on socially constructed signals. This theme examines how platform-level information

architectures influence user interpretation, behavior, and welfare outcomes.

Third, in blockchain-based markets such as NFTs or cryptocurrencies, many assets lack

clear intrinsic value or well-established pricing benchmarks. Instead, valuation often depends

on subjective interpretations of scarcity, aesthetics, provenance, and social signaling. This

ambiguity opens up a rich space to study how individuals assign value when traditional

financial metrics are unavailable or unreliable. Factors such as visual rarity, social proximity

to high-status users, historical performance, and network centrality may all contribute to

perceived value. Understanding these drivers helps illuminate the behavioral foundations of

price formation in novel digital markets.

Leveraging rich and transparent data in FinTech, this dissertation explores the role of

networks in three settings. In Chapter 3, I examine how traders’ similarity networks affect

follower dynamics, showing that greater overlap in strategies leads to substitution effects, es-

pecially for high-performing traders. In Chapter 4, I study social learning in cryptocurrency

adoption and find that individuals are more likely to adopt Bitcoin when peers’ investment

opinions align with their trading behavior, particularly under uncertainty. In Chapter 5, I an-

alyze transactional networks in the NFT market and demonstrate that network information

significantly improves price prediction beyond traditional image features. Together, these

chapters reveal how financial outcomes emerge not just from individual decisions but from

interdependencies encoded in networks, with important implications for platform design,

user experience, and market efficiency.
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Chapter 2

LITERATURE REVIEW

In this literature review, I first examine the existing research across various FinTech

applications and highlight how these applications intersect with digital platform dynamics.

Next, I discuss two key issues in network-related literature: social learning and models that

capture the dynamic evolution of networks.

2.1 FinTech Applications

2.1.1 Social Trading

One key feature distinguishing social trading from traditional brokers is its high information

transparency, as social trading platforms display every trade of traders and other information

to the public. This high level of information transparency could reduce the principal-agent

dilemma that commonly exists in the traditional financial market and thus benefit investors

(Doering et al. 2015). On the other hand, prior studies on the general context of informa-

tion transparency show that information transparency could be a double-edged sword, as

it increases competitive risks (Zhu 2004).In social trading, the scopic regime can increase

herding and intensify competition. For example, Gemayel and Preda (2018) compare the

trading behavior between traders in a social trading platform and traders in a traditional

foreign exchange broker. The level of information transparency increases herding among

traders, especially when information is scarce (Gemayel and Preda 2018). In addition, what

information and how it is disclosed affect trading behavior. For instance, Apesteguia et al.

(2020) find that in social trading, providing information on other investors’ success can lead

to excessive risk-taking behavior among investors, especially when the investors are allowed

to copy from others automatically. Whether the social trading platform displays the rank-
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ing or social features of traders may affect the disposition effect (a tendency of investors

selling too early in an upmarket while holding too long in a downmarket) of traders (Liêu

and Pelster 2020). Moreover, information transparency can lead to opportunistic free-riding

behavior of investors in social trading platforms. Therefore, the platforms face a trade-off

between the level of information transparency and revenue (Yang et al. 2022).

Our study contributes to the fast-growing literature on social trading (Ammann and

Schaub 2021, Deng et al. 2024). The high level of information transparency can affect

traders and followers on social trading platforms. Potential followers can observe the number

of followers and the total amount of money following a trader on the trader’s public profile

page. This transparency may lead to a situation where many followers start following a

trader because other followers follow the trader instead of conducting their own thorough

analysis based on the trader’s trading record. On the other hand, traders can observe other

traders’ trading records from their public profile pages. This transparency may lead to a

situation where traders start imitating the trading strategies of others and free-riding on the

information transparency. We acknowledge that two traders may adopt the same strategy

from their analysis or imitate a third party. However, the above situations all lead to a

high level of similarity among traders, which may affect a trader’s popularity. In this study,

we investigate the impact of the similarity pattern among traders’ strategies on the traders’

popularity. The side question investigates whether there is a herding effect among followers

when making their following decisions.

2.1.2 Cryptocurrency

Cryptocurrencies as a novel asset class (Gemayel and Preda 2021) have attracted the atten-

tion of many scholars in recent years. Fang et al. (2022) and Almeida and Gonçalves (2023)

provide comprehensive reviews of the recent research on investor behavior in cryptocurrency

markets. Despite sharing some characteristics with traditional assets, cryptocurrencies ex-

hibit unique features.

First, cryptocurrencies, built on the blockchain technology, operate on a decentralized
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and near-anonymous network and rely heavily on peer-to-peer exchanges with a lower level

of financial institution involvement compared to stock, bond, and mutual funds (Fang et al.

2022). This decentralization raises issues regarding the verification and security of cryptocur-

rency ownership (Catalini and Gans 2020), which may impose challenges on the scalability

of cryptocurrencies (Malik et al. 2022). Second, cryptocurrency prices are highly volatile,

facilitated by the 24-hour exchange market. The high volatility in prices is attributed to

speculative trading (Blau 2017), cryptocurrency mining (Jin et al. 2022), and network effect

(Liu and Tsyvinski 2021, Wei and Dukes 2021, Cong et al. 2021). Third, the adoption of

cryptocurrency is largely influenced by social factors (Gupta et al. 2021), such as public sen-

timent (Guégan and Renault 2021, López-Cabarcos et al. 2021). Such social characteristics

also result in a pronounced tendency towards herding among investors in cryptocurrency

trading (Bouri et al. 2019).

In this study, we focus on the social factors driving cryptocurrency adoption. We exploit

a unique combination of individual-level social media and trading data to better understand

investor behavior related to cryptocurrency with a more granular lens, while most of the

existing literature relies on aggregate market-level data (Liu and Tsyvinski 2021, Lyandres

et al. 2022). Closely related to our paper, Kogan et al. (2023) show that retail investors

are contrarian in other asset classes, but trade on momentum in cryptocurrencies. The

authors argue that investors believe that cryptocurrency returns influence the likelihood

of future adoption of other investors, which influences future returns. Han et al. (2023)

use Bitcointalk data to shed light on the role of peer sentiment on investors’ beliefs in the

Bitcoin market. The authors show that sentiment is contagious and investors update their

beliefs relative to their peers, which predicts Bitcoin volatility and trading volume. We add

to the literature by studying the interplay of neighbors’ opinions and trading behaviors on

individual investors’ cryptocurrency adoption decisions.
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2.1.3 NFT markets

The surge in non-fungible token (NFT) markets has prompted a growing body of research

examining what drives NFT prices, how users interact with these digital assets, and how

valuation mechanisms differ from those in traditional financial markets. Building on foun-

dational work in cryptocurrency and asset pricing, researchers have begun to explore the

unique dynamics of NFT markets.

A significant strand of research investigates how prior sales records influence future NFT

prices (Borri et al. 2022). Historical transaction data—such as purchase price, frequency of

trading, and wallet history—provides reference points that shape investor expectations and

contribute to anchoring effects. Similar to the art market or collectibles, NFTs often derive

value not from intrinsic features but from their market history and perceived desirability.

NFT valuation is also affected by broader developments in cryptocurrency markets (Ante

2023). Given that NFTs are typically transacted in cryptocurrencies like Ethereum, their

prices and liquidity are closely tied to fluctuations in crypto assets. Changes in gas fees,

crypto market sentiment, and token price volatility can all influence NFT trading activity.

These cross-asset spillovers highlight the interconnectedness of blockchain-based asset classes.

Investor attention plays a critical role in NFT markets (Jiang and Xia 2024). Metrics such

as page views, likes, and favoriting behavior serve as proxies for public interest and demand.

As shown in related work on cryptocurrencies and stocks, attention-driven demand shocks

can drive prices away from fundamentals. In the NFT context, such effects are even more

pronounced due to the lack of objective valuation benchmarks and the strong influence of

virality and platform visibility. Textual information—such as creator descriptions, collection

narratives, and social media engagement—further contributes to how NFTs are valued. These

unstructured signals shape the perceived authenticity, uniqueness, and community status of

a collection. As in crowdfunding and ICO markets, the language and sentiment expressed by

creators and early adopters play a crucial role in attracting investor interest and influencing

valuation.
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A more recent line of work introduces the use of machine learning to analyze NFT vi-

suals. Borri et al. (2022) demonstrate that features extracted from the image itself—such

as composition, color palette, and stylistic elements—can be strong predictors of price, even

after controlling for rarity traits and transaction history. These findings suggest that visual

appeal, beyond what is explicitly labeled in metadata, plays an integral role in how users

assign value in NFT marketplaces.

Together, these studies highlight that NFT valuation is shaped by a multifaceted blend

of historical, social, visual, and market-level information. Unlike traditional assets, NFTs

combine symbolic, aesthetic, and social value components that challenge classical valuation

models. As a result, understanding user behavior in NFT markets requires a hybrid approach

that draws from finance, behavioral science, and machine learning.

2.2 Networks

2.2.1 Social learning

Social learning1 refers to the process by which individuals learn from others when making

decisions, first proposed by Banerjee (1992), Bikhchandani et al. (1992). Social learning

significantly influences decision-making in many contexts (Huang et al. 2019, Hu et al. 2019,

Qiu et al. 2021). It plays a critical role in influencing the adoption of new products, technolo-

gies, and services with limited information, such as agriculture technology (Conley and Udry

2010), healthcare products (Dupas 2014), anime (Ameri et al. 2019), new energy systems

(Gillingham and Bollinger 2021), and microfinance (Banerjee et al. 2013).

With the increasing accessibility of data, recent literature has evolved its focus from

understanding social learning based on location-based proximity or crowd behavior, to using

1The concept of social learning is defined differently across various disciplines. In the earlier economics
literature, it is particularly associated with learning from the outcomes observed in prior adopters, in
contrast to social influence, which involves learning from others’ behaviors (Young 2009). Related concepts,
such as observational learning and herding behavior (Cai et al. 2009, Chen et al. 2011), also emphasize
learning based on others’ actions. In this context, we adopt a broad definition of social learning that
includes all forms of information acquisition, such as observing behaviors (what others do), listening to
word-of-mouth (what others say), and inferring from outcomes (what others achieve).
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social network data for a more granular understanding of the social learning process. For

example, Banerjee et al. (2013) and Miller and Mobarak (2015) study the learning from

offline social networks, while others focus on learning from online social networks (Hu et al.

2019, Ameri et al. 2019, Qiu et al. 2021). Prior literature also explores different types of

neighbors and emphasizes the strength of ties (Hu et al. 2019, Qiu et al. 2021).

We contribute to the social learning literature by examining cryptocurrency adoption

on social trading platforms. Two unique features set our research apart from the existing

literature. First, extending beyond the findings of Ammann and Schaub (2021) that users

make investment decisions based on others’ posts on social trading platforms, we capture

a critical and overlooked aspect of social trading: Users not only view others’ opinions but

also their trading actions, which can sometimes be contradictory. How the interplay between

trading actions and expressed opinions of others, especially their consistency, influences an

individual’s decision to adopt cryptocurrency remains unclear. Investigating the interplay

between opinions and actions is particularly important in our cryptocurrency adoption set-

ting, as users may have incentives to share misinformation that does not align with their

own trading actions. Çelen et al. (2010) explore this issue in a broad context through a lab

experiment designed to discern the differential effects of advice versus actions. They study

a sequential game setting, which differs significantly from the learning process on social

trading platforms. Second, unlike the extensive literature on product adoptions where the

expected value is fixed, cryptocurrency is characterized by high price volatility. While asset

volatility affects investment strategy adoption in traditional financial markets (Han et al.

2022), its moderating role in social learning has not been thoroughly explored. Specifically,

the moderating role of cryptocurrency volatility on the interplay between investors’ opinions

and actions enriches the literature.

2.2.2 Coevolution Model

The causal relationship between node characteristics and network structure is a fundamental

question in social network analysis. The characteristics (attributes) of nodes can affect the
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network structure (through forming or dissolving ties between nodes), while the network

structure can also affect the characteristics of nodes. Ignoring the identification of the in-

terplay between node characteristics and network structure can result in endogeneity. Prior

studies leverage natural experiments (Hasan and Bagde 2013, Aral and Nicolaides 2017) or

randomized controlled experiments (Aral and Walker 2011) to mitigate this potential endo-

geneity. However, network-related research with observational data poses distinct challenges.

One approach to constrain endogeneity is to employ instrumental variables derived from the

attributes of a node’s neighbors’ neighbors (Bramoullé et al. 2009). This method is valid,

assuming that the network formation process is exogenous (Bramoullé et al. 2016). In cases

where the network is endogenous and dynamic, a more effective approach to mitigate endo-

geneity is to directly model the network formation process (Jackson et al. 2017). For example,

Goldsmith-Pinkham and Imbens (2013) integrate a network formation process into a Manski

linear-in-means model (Manski 1993) within a static setting to pinpoint the peer effect. To

accommodate dynamic network changes and identify a broader framework of network effects

(e.g., degree effects, homophily effect), Snijders et al. (2017) introduce the coevolution model

— a statistical model to identify the causality between the dynamic network structure and

attributes of nodes. The coevolution model is a stochastic actor-based continuous-time model

that simultaneously allows the network structure and individual node attributes to evolve.

Snijders et al. (2017) apply the continuous-time Markov process to model the network struc-

ture and discrete values of attributes. Niezink et al. (2019) extend the coevolution model to

continuous values of attributes, where the network evolution was modeled by a continuous-

time Markov chain and the evolution of the continuous attribute value was modeled by an

SDE.

The coevolution model has been applied in longitudinal sociological studies; for example,

the relationship between the friendship network and individual behavior includes delinquent

behavior (Burk et al. 2007), alcohol consumption (Snijders et al. 2017), and individual aca-

demic performance (Lomi et al. 2011). In the social networks context, Bhattacharya et al.

(2019) apply the coevolution model to capture the relationship between the network struc-
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ture and user content creation behavior in an online network, where the attribute is modeled

to be a discrete value. In this study, we apply the coevolution model to investigate the

interplay between the trader similarity network and the trader’s popularity (a continuous

value, measured by the number of followers in our main analysis).
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Chapter 3

TRADER SIMILARITY NETWORK IN SOCIAL TRADING

3.1 Introduction

Social trading has rapidly emerged as a popular form of retail investing in recent years.

Leading social trading platforms, such as eToro and ZuluTrade, have attracted over 21

million traders across 179 countries, offering trading in stocks, options, foreign exchanges

(Forex), and cryptocurrencies (Curry 2021, Daytrading 2025). By 2021, the annual trading

volume on eToro exceeded one trillion U.S. dollars (Shome 2021). A major driver of this

explosive growth is the high level of information transparency — social trading platforms

allow traders to publicly display their trading activity, and others can automatically follow

their strategies through an auto-copy function. Once a follower follows a trader, their trades

are automatically executed in the follower’s account. In return, followers pay a following

fee, part of which is reimbursed to the trader by the platform. This creates strong financial

incentives for traders to attract followers, as the number of followers directly affects a trader’s

extra income.

More importantly, a follower follows a trader and copies all trades of the trader with real

money. That means, when a trader loses money, the follower also loses money. Therefore, it

is an important decision for potential followers to decide who to follow, and followers usually

carefully evaluate traders before deciding whom to follow. Platforms facilitate followers’

decision-making process by releasing detailed trading histories and performance metrics for

each trader. These metrics, such as win ratio (measured as the percentage of profitable

trades out of the total trades), are useful indicators and can influence a trader’s popularity

(measured by the number of followers following a trader) (Yang et al. 2022). However,

these aggregate financial measures often yield similar values across multiple traders, making
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it hard for potential followers to distinguish among them. As a result, when evaluating

traders, potential followers do not rely solely on the aggregated financial metrics displayed

on traders’ public profiles. Instead, they also analyze detailed trade histories to understand

the specific instruments traded.

One particularly notable phenomenon is that traders on social trading platforms often

demonstrate more similar trading strategies than do those in traditional financial markets,

where traders make their own trading decisions (Gemayel and Preda 2018). This similarity

could result from traders accessing similar information, whether intentionally or not. Alter-

natively, traders might deliberately adopt a strategy similar to that of many others, believing

it to be reliable due to its broad acceptance among traders. This broad acceptance can it-

self act as a reputational signal, making widely adopted strategies appear more trustworthy

to traders and potential followers. By aligning with the crowd, traders leverage collective

insights that may reflect a form of aggregated expertise. Moreover, choosing a commonly

adopted strategy offers protection for reputation: if the strategy underperforms, traders face

less blame because their decision aligns with what many others consider reasonable. This

phenomenon, known as the reputation effect, suggests that deviation from the norm carries

greater risk to one’s reputation. As a result, following a commonly recognized strategy helps

protect a trader’s reputation.

However, if many traders use similar trading strategies, they become interchangeable to

followers. This can reduce the unique value any individual trader brings, decreasing their

popularity. For the platform, such homogenization also poses a longer-term risk: if followers

realize that traders are not providing any new information, they may stop following them

and even leave the platform. This substitution effect is intuitive in competitive environments

where many users offer similar content or services; thereby, one user can be replaced or

substituted by another. However, a key distinction between our context — social trading

— and platforms like social media (Yoo et al. 2019) or crowdfunding (Wei et al. 2022) lies

in the presence of direct monetary incentives. Traders earn real money from their followers,

while followers pay fees to access strategies and bear the financial consequences of trading
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— both gains and losses — of copying a trader’s trades.

In this study, we ask one simple but fundamental question: How does the similarity

pattern among traders’ trading strategies affect the traders’ popularity in social trading?

This question is crucial, as a trader’s popularity directly affects their social utility (such

as reputation) and their extra financial gain from social trading platforms, which is based

on the number of followers the trader attracts. With a lack of financial or social incentives,

traders become inactive and even leave social trading platforms. Consequently, similar to

other two-sided markets dependent on cross-side network effects, the business model of social

trading could collapse if it fails to retain proficient traders.

To answer our research question, we first construct a similarity network among traders,

in which each node is a trader, and a tie (link) exists between two nodes if two traders adopt

similar trading strategies. Traders can view each other’s current and past trades through

their public profile pages, which display both current and historical trades. It is possible that

similarity among traders may arise either from their independent interpretation of market

signals or from observing how others have interpreted those signals (i.e., copycat behavior).

However, distinguishing between these two scenarios is inherently challenging. What remains

observable — and still highly relevant to traders, followers, and the platform — is whether

similarity patterns emerge in trading behaviors and the impact of similarity patterns on

followers’ decision-making, as well as their broader implications for traders, followers, and the

platform.1 In our analysis, we do not attempt to distinguish between these sources; instead,

we focus on the realized similarity patterns that emerge from traders’ individual strategy

1Followers on social trading platforms are usually novices who lack trading expertise and seek to simplify
their trading experience by automatically replicating expert traders’ strategies with a single click. However,
since a trader’s current and historical trades are publicly accessible on their profile pages, it is also possible
for strategic users to infer and imitate others’ trading behaviors manually (free-riding on others’ public
information or copycat behavior). For instance, instead of using the platform’s auto-copy feature officially,
a user might choose to copy another trader’s strategy by manually executing trades themselves (often
with a time delay). This form of copycat behavior is challenging to detect, confirm, or identify within
our dataset. It is equally difficult for the platform as well. However, if such strategic imitation occurs,
it manifests as a similarity in trading patterns among traders. To better understand these dynamics, we
examine similarity patterns among traders and their potential implications for followers, traders, and the
platform.
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choices on the platform. Furthermore, each trader may adjust her trading strategy over

time; thus, the similarity network dynamically changes. Given that the dynamic network

formation is determined by individual trading strategies, we shall effectively address the

potential endogeneity to answer how the similarity pattern affects the follower dynamics.

In addition, due to the high level of information transparency, herding behavior is ubiq-

uitous on many online platforms, e.g., crowdfunding (Xiao et al. 2021) and peer-to-peer

lending (Zhang and Liu 2012). Herding is the tendency for an individual to follow the

actions of preceding peers (Banerjee 1992). In social trading, potential herding behavior

among followers can directly affect the measurement of our key variable of interest — the

trader’s popularity. Therefore, another challenge in answering how the similarity pattern

in the similarity network affects the trader’s popularity is to account for potential herding

behavior among followers. This requires controlling for the autocorrelation of each trader’s

popularity, thereby adding another layer of complexity to model our research question.

To address the aforementioned potential concerns, we model the dynamic change in the

trader similarity networks and the number of followers (attribute) following a trader using

the coevolution model (Niezink et al. 2019). The coevolution model consists of two parts:

the evolution of the trader similarity network and the evolution of the trader’s number of

followers. The evolution of the network is modeled by a continuous-time Markov chain,

which captures the likelihood that each pair of traders adopts similar trading strategies.

The evolution of the trader’s number of followers is modeled by the stochastic differential

equation (SDE), which captures not only the deterministic component but also the stochastic

nature of the attribute. Network dynamics and attribute dynamics mutually influence each

other or coevolve over time. In our model, we can separate the influence of the similarity

network on traders from the traders’ decision problem on the selection of position within

the similarity network. Moreover, it incorporates the effect of network structure on both the

network and attribute evolution. Finally, the evolution process of the attribute is modeled

by SDE, incorporating the potential herding effect among followers.

Our data are from ZuluTrade.com, a leading social trading platform mainly for the foreign
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exchange (Forex) market. We first construct a dynamic similarity network based on traders’

trading strategies on the platform. After constructing the similarity network among traders,

we run the coevolution model with a trader’s number of followers as her key attribute. Our

results show that when a trader has more similar traders (peers), her number of followers

decreases over time. We further confirm the existence of herding behavior among followers

from the estimates of the coevolution model. We also conduct a heterogeneity analysis,

which reveals that the negative effect of similar peers is stronger for more successful traders.

Finally, our counterfactual simulations demonstrate that promoting a fairer distribution of

followers and reducing the density of the similarity network could help mitigate the negative

substitution effect and increase the total number of followers on the platform. Additionally,

we conduct several robustness analyses to further validate our main findings.

Our study suggests managerial implications for traders, followers, and social trading

platforms. First, our study highlights the value of incorporating trader similarity networks

in the operations management of social trading platforms. A similarity network provides an

overview of the interconnections among traders’ trading strategies, with richer information

than individual aggregated performance metrics. Social trading platforms can leverage this

additional information to monitor the overall risk at the platform level. Second, employing

a trading strategy similar to that of numerous other traders can adversely impact the focal

trader’s popularity and financial gain. As the additional payoff of traders declines due to the

loss of followers, traders may become less active on or even leave the social trading platform,

resulting in long-term losses for the platform. More importantly, our analysis reveals that

this negative impact of similar peers is especially pronounced for more successful traders, who

are more vulnerable to the substitution effect by similar peers. These findings underscore the

need for platforms to actively monitor the similarity network and promote diversity in trading

strategies, particularly to retain more successful traders who contribute disproportionately

to platform revenue. In addition, our counterfactual analysis shows that encouraging a less

densely connected similarity network, alongside a fairer distribution of followers, can mitigate

the adverse effects of similar peers and help build a more sustainable trading community while
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enhancing platform revenue. Third, we observe a significant herding effect among followers,

regardless of the traders’ performance. Herding behavior among followers can lead to the

“richer get richer" problem for traders, although it can also be beneficial for some popular

traders. However, herding behavior stifles diversity by concentrating attention on a small

group of popular traders on the platform, which increases the platform’s vulnerability to

market risks. To mitigate the potential herding effect, platforms could implement features

highlighting traders with profitable strategies but fewer followers.

3.2 Theoretical Background

3.2.1 Effect of Adopting Similar Trading Strategies

When a trading strategy is widely adopted by retail traders on a social trading platform, it

often reflects a collective assessment. This broad adoption serves as a manifestation of the

wisdom of the crowd, indicating that the strategy has been judged to be valuable by a large

number of traders. In such contexts, the reputation of the strategy may serve as a positive

signal to other traders. By leveraging the crowd’s aggregated insights and reputational

signals, individual traders can make more informed, data-driven investment decisions. In

particular, adopting the same strategy as the majority can be beneficial when it reflects a

well-evaluated strategy.

Another important aspect to consider is that adopting a widely acknowledged trading

strategy can be a safer approach. If the market moves against the adopted strategy, the

trader is less likely to be blamed since the strategy was broadly accepted. This phenomenon,

known as the reputation effect, suggests that poor performance poses a greater reputational

risk for traders who deviate from the norm. As a result, following a commonly recognized

strategy helps protect a trader’s reputation. Previous research (Scharfstein and Stein 1990,

Trueman 1994) document a substantial reputational loss (measured by the loss of investors)

for traders that do not conform.2 If such a reputation effect exists on social trading platforms,

2Appendix A.1 provides a detailed discussion of the mechanisms of why traders adopt similar strategies
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traders who share a similar strategy with many other traders may attract more followers.

On the other hand, when a trader shares a similar strategy with many other traders, it can

significantly increase competition, potentially hurting the focal trader due to the substitution

effect. From an economic perspective, traders who adopt similar trading strategies can be

seen as providing substitute goods — they offer similar trading strategies and target the

same customer group: followers seeking specific trading patterns. The substitution effect

has been observed on many online platforms, such as social media and crowdfunding. This

effect is intuitive in competitive environments where many users offer similar content or

services; thereby, one user can be replaced or substituted by another.

Specifically, on social trading platforms, traders receive financial compensation when

followers replicate their trading strategies and followers pay following fees to follow traders.

In contrast, users on social media platforms (e.g., X, formerly known as Twitter) do not

receive direct monetary rewards for gaining followers, nor do users pay to follow others. We

acknowledge the growing trend that access to social media content is increasingly becoming

monetized, with users now required to pay subscription fees to access certain content. Our

findings may offer relevant implications for this emerging shift in the social media landscape.3

Similarly, on crowdfunding platforms (e.g., Kickstarter), users typically do not receive direct

monetary returns from pledging to a campaign. Their motivation is often driven by personal

interest or a desire to support innovation, based on subjective judgments such as the novelty

or appeal of the campaign idea (Wei et al. 2022). In contrast, in the context of trading —

particularly on Forex — individuals are unlikely to follow a trading strategy simply because

it appears “novel". Moreover, once a crowdfunding campaign is launched, the idea and

key attributes (e.g., the fundraising target) of the campaign are almost static. In contrast,

trading strategies are dynamic, highlighting the importance of modeling changes in the trader

similarity network over time, which has not been addressed in prior literature on similarity

in traditional financial markets.
3https://www.hostafrica.com/blog/news/musk-said-twitter-x-will-charge-users-for-subscription-fees/,

last accessed on April 17, 2025.
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networks in other contexts. The fundamental difference in incentive structures sets social

trading apart and plays a critical role in shaping user behavior.

Given these two contrasting effects — reputation effect and substitution effect — a critical

empirical question emerges: is adopting a similar strategy beneficial or detrimental for traders

on social trading platforms? Understanding this dynamic tension provides pivotal insights

for strategic decision-making among traders in the social trading ecosystem. In addition, it

has important implications for platform operations, as the aggregate dynamics of individual

traders influence the overall revenue of social trading platforms.

3.2.2 Herding Behavior of Followers

Herding is defined as the tendency for an individual to follow the actions of preceding peers

(Banerjee 1992). A classic example of herding behavior is when potential consumers, faced

with limited knowledge about the quality of restaurants, tend to choose the one with more

customers. Herding has been studied in the fields of economics, marketing, and operations

management. For example, Cai et al. (2009) examine the herding effect on dinner dish

choices in a restaurant setting and find that when dinners are presented with information

about popular dishes ordered by others, the demand for these dishes increases. In marketing,

Zhang (2010) identifies one of the behavioral mechanisms behind herding, which describes

situations in which people draw inferences from mere observations of others’ actions and

yields a set of marketing implications. In operations management, previous research focus

on the herding in queue selection (Veeraraghavan and Debo 2011, 2009) and how herding

affects inventory management (Hu et al. 2016).

Recently, herding has become particularly relevant on online platforms, as the Internet

has vastly improved the observability of others’ actions. For example, emerging peer-to-peer

(P2P) lending platforms facilitate direct interactions between borrowers and lenders without

intermediaries. In such cases, if a lender attracts a considerable number of borrowers, they

are likely to attract additional funds, showcasing a clear manifestation of herding behavior

(Brass 2015, Zhang and Liu 2012). Similarly, on crowdfunding platforms, herding behavior
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plays a significant role (Wei et al. 2021, Xiao et al. 2021, Burtch et al. 2021, Zhang et al.

2023, Kim and Viswanathan 2019, Jiang et al. 2022). Backers of a campaign often make

their funding decisions based on the actions of previous backers. When a campaign receives

initial backing, it signals potential success to other users, enticing them to contribute. As

more backers contribute, the campaign gains more visibility, further reinforcing herding.

In addition, Da and Huang (2020) study the herding problem in a crowd-based corporate

earning forecast platform and find that herding leads to a worse consensus.

On social trading platforms, a follower can observe each trader’s existing followers. Based

on herding theory, they might herd with others’ choices by following traders with many

followers. Our research provides empirical evidence on whether herding among followers

exists.

3.3 Data

Our data are from ZuluTrade.com, a leading social trading platform mainly for the Forex

market operating worldwide.4 The platform has two types of accounts: trader accounts and

follower accounts. The social trading platform enables follower accounts to follow trader

accounts. After a follower decides to follow a trader, the trader’s investment decisions (i.e.,

trades) are automatically executed or replicated in the follower’s account. The trader earns

a following fee determined by the number of followers or the amount of money following.

Consequently, the number of followers or the amount of money following the trader represents

the additional benefit (extra payoff) a trader receives besides the direct profits from their

trades.

Each trader account has a public profile page that displays the trader’s trading history

(at the granular level of trade), financial indicators measured from the trader’s trades, the

number of followers following the trader, etc. Potential followers can rely on the complete

4Our data includes a reasonable proportion of traders from the United States, along with a well-diversified
mix of users from various countries. This geographic diversity supports the generalizability of our results
across different countries, and our empirical findings are also applicable to the United States. Please refer
to Appendix A.2 for more details.
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information displayed on the trader’s public profile to evaluate the trader and decide whether

to follow the trader. A typical trader’s profile contains three pieces of information: 1) his-

torical trade-level information; 2) aggregated financial measures calculated from the trader’s

trading history; and 3) social measures including the number of followers following the trader,

the amount of money following the trader, and the number of views that the trader’s profile

has received.

We obtain the complete trading history and the corresponding financial and social mea-

sures of 3,332 traders from May to July 2017. We consider the time when the trader opened

her first trade as the time of joining the platform (as a basis to calculate the trader’s trading

experience). We consider each month as a period. The information of each trade from the

trading history includes the currency (e.g., USD/EUR), type (buy or sell), open time (the

timestamp when opening the trade), open price (the spot price at the time when the trade

was opened), close time (the timestamp when closing the trade), close price (the spot price

at the time the trade was closed), and lot size (a common unit in Forex; a standard lot size

is 100,000 units of the base currency). From the trading history, we calculate the win ratio

(WinRatioi,t) of each trader i at period t to measure her financial performance. The win

ratio is the number of winning trades divided by the total number of trades of trader i at

period t. The win ratio is a key metric to evaluate the performance of an investment strat-

egy, and a consistently high win ratio indicates a higher probability of generating positive

returns over time. From the trading history, for each trader i at period t, we also calculate

the number of trades (Tradei,t) to capture how active the trader is, the number of months

since trader i joined the platform (Experiencei,t) at time t to capture trading experience,

and the average lot size of trades (V olumei,t) to assess the risk exposure of trader. Traders

who consistently trade larger lot sizes may expose themselves to higher levels of risk. In

addition, for each trader i at period t, we have the number of views their profile has received

(V iewi,t). The number of views reflects the amount of attention the trader has received

from potential followers. The platform periodically ranks traders, and this rank is publicly

displayed on each trader’s profile under the label “ZuluRank," which reflects their standing
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among all traders on the platform. While the exact algorithm used to generate these rankings

is not publicly disclosed, the platform does indicate that its proprietary ZuluRank system

considers multiple parameters, such as trading performance and other relevant metrics.5 For

better interpretation, we standardize the rank values (Ranki,t) to range from 0 to 1, with

higher values indicating better rankings.

The number of followers following trader i (Followeri,t) is the key attribute of a trader

(Zi,t), as the number of followers measures the popularity of a trader and acts as social proof

of a trader’s expertise. When potential followers see that a trader has a large number of

followers, it may give them confidence in the trader’s abilities and increase the likelihood of

following that trader. Lastly, traders can earn additional income based on the number of

followers they have. Therefore, the number of followers impacts a trader’s potential payoff on

the platform. In the robustness check, we consider the amount of money following a trader

(Amounti,t) as an alternative key attribute of a trader.

Table 3.1 presents summary statistics of these variables. We observe considerable varia-

tion in all the variables, suggesting a diverse sample of traders. On average, a trader makes

approximately 31 trades per month, with a standard deviation of approximately 109, indi-

cating a wide spread of trading frequency. The gap between the number of views and the

number of followers is also noteworthy. On average, a trader attracts over 26,000 views, and

the conversion from viewing to following is relatively low. More than half of the traders

do not have any followers, and the average number of followers is approximately 7. This

discrepancy suggests that a high number of views does not necessarily translate into a high

number of followers. The average win ratio is approximately 0.69, suggesting that many

traders on the social trading platform have a good winning record. We present a correlation

matrix in Table 3.2. We observe a high correlation between the number of followers and the

amount of money following a trader. Apart from this relationship, the correlation between

our variables remains moderate. Hence, possible multicollinearity is not a concern in our

5https://fxcmglobal.zulutrade.com/zuluranking, last accessed on April 17, 2025.



22

analysis.

Table 3.1: Summary Statistics of Variables

Variable Mean Std. Dev. Min. Median Max.

Followeri,t 6.5734 49.0386 0 0 1553

Amounti,t 10049.1053 89986.6121 0 0 2858457

Tradei,t 30.7491 108.8633 0 0 1754

V iewi,t 26029.9274 78168.9648 133.2500 4944 1323505

WinRatioi,t 0.6868 0.2378 0 0.7250 1

V olumei,t 275624.6261 4188453.7064 0 0 100000000

Experiencei,t 22.3648 17.9591 6 15 110

Ranki,t 0.6275 0.3157 0 0.6487 1

Note: We apply a log transformation to Tradei,t, V olumei,t, V iewi,t, Followeri,t,

and Amounti,t in our analysis due to the skewness of the distribution.

Table 3.2: Correlation Matrix of Variables

Followeri,t Amounti,t Tradei,t V iewi,t WinRatioi,t V olumei,t Experiencei,t Ranki,t

Followeri,t 1 0.8760 0.0731 0.3062 0.0583 -0.0023 0.0851 0.0946

Amounti,t 0.8760 1 0.1307 0.0757 0.0745 0.0017 0.0089 0.1141

Tradei,t 0.0731 0.1307 1 0.0463 0.0540 0.0059 0.0065 0.0673

V iewi,t 0.3062 0.0757 0.0463 1 0.0143 0.0055 0.5980 0.0051

WinRatioi,t 0.0583 0.0745 0.0540 0.0143 1 0.0008 -0.0657 0.4885

V olumei,t -0.0023 0.0017 0.0059 0.0055 0.0008 1 0.0184 0.0093

Experiencei,t 0.0851 0.0089 0.0065 0.5980 -0.0657 0.0184 1 -0.0306

Ranki,t 0.0946 0.1141 0.0673 0.0051 0.4885 0.0093 -0.0306 1
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Whether the financial market is bullish or bearish can significantly influence investors’

trading strategies, which might, in turn, affect the generalizability of our results. However,

our dataset includes only Forex trading, as the platform primarily focused on Forex trading

during the time covered by our data. Unlike the stock market, the Forex market offers

investors opportunities in both bull and bear markets. This is because Forex trading is

always in pairs; when the price of one currency is falling (a bear market), the other is rising

(a bull market). This allows investors to take advantage of both rising and falling markets, as

they can choose to go long (buy) or short (sell) on a currency pair, for example, USD/EUR.

We observe a diverse mix of bullish, bearish, and mixed market conditions in our dataset,

which supports the generalizability of our findings across different market environments.

Please refer to Appendix A.2 for more details.

3.4 Similarity Network

In this section, we first describe how we construct the similarity network among traders. In

our dataset, the primary financial instruments traded on the platform are currency pairs in

the Forex market during the observed periods. To construct a similarity network of trading

strategies, we consider various factors, including the currency pair, trade type (buy or sell;

open or close), opening and closing times, trade size, and trading frequency. These elements

allow us to develop a comprehensive measure for comparing traders’ strategies.6 To better

understand the network, we visualize its structure and present descriptive statistics.

6While it might be too complex for potential followers to apply our academically comprehensive approach
in identifying traders with similar trading strategies, they can still identify similar strategies through
intuitive evaluations based solely on currency pairs. Even when using only the currency pair as a basis for
similarity, the identified network is significantly positively correlated with the similarity network derived
from our algorithm. The correlation coefficient of the similarity score is 0.401, with a p-value less than
0.001. A comprehensive algorithm for identifying traders with similar trading strategies is practical and
vital from the platform’s perspective, as it can help regulate and maintain the platform’s ecosystem.
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3.4.1 Network Construction

In our constructed network, each node represents a trader. For each pair of traders, we

compute a similarity score, denoted as Sijt, based on trader i and j’s trading activities in

period (month) t. We next elaborate on how we calculate the value of Sijt and construct the

similarity network step by step.

In Step 1, we first create a vector representation, or “embedding," for each trader,

denoted as Uit for trader i at period t, where Uit ∈ Rd and d is the dimension of the

vector embedding. Each element in the vector embedding, denoted by Uikt where k ∈

{1, 2, 3, . . . , d}, presents a combination of a Forex (for example, EUR/USD) and a trade

type (buy or sell; open or close). For instance, open a buy position in EUR/USD, open a sell

position in EUR/USD, close a buy position in USD/EUR, close a sell position in USD/EUR,

etc. Therefore, the dimension of the vector is the total number of unique combinations of

financial instruments and trade types, with a value of 380 (that is calculated by 95 (unique

currencies) × 2 (sell or buy) × 2 (open or close)). The value of an element is set to 1 if

there is at least one such trade (for example, opening a buy position in EUR/USD) and

to 0 otherwise. The vector enables us to capture the distinctive combination of financial

instruments and trade types a trader may engage with. For example, we can tell whether

traders have a diversified trading strategy in their instrument choices or focus on a few

selected ones.7

In Step 2, based on the vector in the first step, we use cosine similarity (Salton et al.

1975) to calculate a score for each pair of traders. Cosine similarity is a widely applied metric

of similarity in various contexts, such as identifying similar users (Provost et al. 2015), similar

7We acknowledge that portfolio holding information is valuable and widely utilized, as evidenced by
mutual funds, which typically disclose their portfolio holdings rather than individual trading transactions.
In mutual fund disclosures, detailed transaction-level data, such as the exact timing of trade openings
and closings at the second level, is generally not publicly available. In contrast, our research focuses on
trading transactions, which provide a more detailed and granular view than holdings data. An important
characteristic of our dataset is the relatively short duration of asset holdings. Specifically, the median
holding time is approximately 7 hours, 10 minutes, and 18 seconds, and even the 90th percentile of holding
time remains under one week. Therefore, constructing a similarity network based on trading transactions
will likely be more informative.
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photos (Zeng and Wei 2013), and similar mutual funds (Koch 2017). It enables us to measure

similarity based on the relative distribution of a trader’s trading activities across different

types of financial instruments. Mathematically,∑
k UiktUjkt√∑

k U2
ikt

∑
k U2

jkt

. (3.1)

The above similarity captures how similar trader i and trader j are in terms of financial

instrument and trade type (buy or sell; open or close).

In Step 3, in addition to financial instrument and trade type, to account for other

trading patterns and behaviors, we adjust the cosine similarity using trading frequency,

average transaction price, and trading volume. The additional measures account for crucial

dimensions of trading: when and how frequently and at what volume trades are made. The

adjustments enable us to capture more nuanced aspects of trading behavior that a pure

instrument-type-based approach might overlook.

Specifically, we first consider the frequency of trades, denoted as Nikt, which is the number

of trades for the k-th combination of financial instrument and trade type from trader i at

period t. This measurement captures how active a trader is. Two traders may engage in

similar trades, but their overall trading patterns may diverge substantially if one trader is

much more active than the other. To account for this, we compute the relative difference in

trading frequencies, denoted as FreqSIMijkt. Mathematically,

FreqSIMijkt = 1 − |Nikt − Njkt|
max(Nikt, Njkt)

. (3.2)

This adjustment ensures that traders engaging in similar trades with similar frequencies have

higher similarity scores, thus presenting a more comprehensive view of similarity.

Next, we consider the average transaction price, represented as AvgPriceikt, which is

the average price of transactions for the k-th combination of financial instrument and trade

type from trader i at period t. The average transaction price captures the timing of trades,

a critical aspect given the fluctuating nature of financial instruments’ prices. While two

traders may trade the same type of instrument, the timing of these trades (reflected in
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different prices) may reveal differing trading strategies and skills. To capture these nuances,

we adjust for the average transaction price, denoted as PriceSIMijkt. Mathematically,

PriceSIMijkt = 1 − |AvgPriceikt − AvgPricejkt|
max(AvgPriceikt, AvgPricejkt)

. (3.3)

This adjustment enables us to account for the similarities in market timing behaviors among

traders.

Additionally, we consider the average transaction lot size, represented as AvgV olumeikt,

which is the average lot size of transactions for the k-th combination of financial instrument

and trade type from trader i at period t. This measure captures variations in trading

quantity, which is a crucial element of trading strategy. Although two traders might engage

in similar trades with comparable frequency and timing, their investment volumes could vary

significantly. To account for this difference, we compute the relative difference in average lot

size, denoted as volumeSIMijkt. Mathematically,

V olumeSIMijkt = 1 − |AvgV olumeikt − AvgV olumejkt|
max(AvgV olumeikt, AvgV olumejkt)

. (3.4)

Next, we compute the final similarity score as follows:

Sijt =
∑

k UiktUjktFreqSIMijktPriceSIMijktV olumeSIMijkt√∑
k U2

ikt

∑
k U2

jkt

. (3.5)

The similarity score, Sijt, captures the instrument, type, frequency, timing, and volume

of the trades — these key components that together define a trader’s strategy. These ad-

justments are distance-based. Consequently, it enables the identification of similar traders

who employ similar trading strategies and behaviors.

We use a binary vector combined with distance-based adjustments, rather than directly

encoding trading frequency, prices, or volume into the vector representation Uit (a weighted

vector approach), since cosine similarity primarily captures the directional alignment between

vectors, rather than similarities in their magnitude. As a result, a weighted vector approach

does not effectively reflect differences in trading frequency, prices, or volume between traders.
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We provide a detailed example illustrating how our similarity score is calculated and why

the weighted-vector approach does not work in Appendix A.3.

In Step 4, we choose a threshold value of 0.7.8 If the similarity score between two

traders on a social trading platform is high, it suggests that they are adopting similar trading

strategies. That is, if the similarity score Sijt is greater than the threshold value, we set an

undirected link between trader (node) i and trader (node) j. We repeat the process for

all the pairs of traders and construct the similarity network among all the traders on the

platform. We summarize the network construction process in the following pseudo-code.

Algorithm 1 Trader Similarity Network Construction
Require: A list of traders’ transactions

Ensure: A similarity network

1: for each trader i at period t do

2: create a binary vector representation Uit

3: end for

4: for each pair of traders (i, j) at period t do

5: compute similarity score Sijt based on Equation (3.5)

6: if Sijt > 0.7 then

7: link trader i and trader j at period t

8: end if

9: end for

10: return similarity network among all traders

To validate the effectiveness of our algorithm, we randomly select a subsample of 3,183

trader pair observations of 1,941 traders from our full dataset. We recruited six college

students with finance backgrounds to manually compare the transaction histories of pairs

of traders and label them as similar or dissimilar. We compare the results of our algorithm

8We try alternative values in the robustness check.
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with those obtained from the human evaluation. We find a high consistency between the two,

with an accuracy of 97.37%. This indicates that our algorithm can effectively capture the

similarities in traders’ trading strategies and that the construction of our similarity network

is reliable.

The use of human labels as ground truth in training or validating machine learning models

is well established in the literature, particularly in design science and empirical studies in

OM. As summarized in Bastani et al. (2022), human-labeled data is a common approach

in supervised machine learning, and has been used in recent studies (Te’eni et al. 2023,

Dong et al. 2024). We acknowledge the potential subjectivity relying on human judgment

to establish the ground truth. To address this concern, our final labels are not based on a

single individual’s assessment; rather, they are the result of aggregating judgments from six

human participants. Additionally, we provided them with detailed labeling instructions to

ensure consistency throughout the process (see Appendix A.4 for details).

3.4.2 Network Description

Following our proposed detection algorithm, we identify 789 pairs of similar traders over

three months. To gain an initial understanding of the network’s structure, we visualize the

network of each month, as illustrated in Figure 3.1. First, we notice a couple of dominant

clusters composed of many traders. These traders engage in similar financial instruments,

employ similar trade types, and display similar trading frequency, volumes, and timing pat-

terns. This cluster formation likely indicates a couple of popular trading strategies broadly

adopted among a considerable portion of traders on the platform. Second, our network

features numerous small clusters, indicating the presence of various trading strategies on

the platform. Though small, these clusters represent groups of traders who closely mirror

each other’s trading behaviors. Third, our visualization does not include isolated traders.

These traders, exhibiting unique trading patterns not closely matched with other traders,

constitute a considerable 89.6% of the platform’s traders. These isolated traders signify a

wide array of unique trading strategies. We report the network statistics in Table A.5 in
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Appendix A.5.

(a) Period 1 (b) Period 2 (c) Period 3

Figure 3.1: Illustrations of Trader Similarity Networks

3.5 Model and Results

In this section, we first describe how we set up the coevolution model to investigate the

interplay between the evolution of a similarity network of traders adopting similar trading

strategies (hereafter, trader similarity network) and the continuous trader attribute, namely

a trader’s number of followers. We then present the estimation results of the main model

and heterogeneity analysis.

3.5.1 Coevolution Model

The main aim of the coevolution model is to disentangle the dynamics between the forma-

tion of the trader similarity network and the trader attribute, as mentioned in Section 2.2.2.

Network dynamics and attribute dynamics mutually influence each other or coevolve over

time. In addition, as a network analysis approach, the coevolution model incorporates the

network structure capturing the potential tie dependence among nodes. More importantly,

it incorporates the effect of network structure on attribute evolution. Finally, the evolu-
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tion process of the attribute is modeled by SDE, which captures not only the deterministic

component but also the stochastic nature of the attribute. Following Niezink et al. (2019),

we model the network evolution using a continuous-time Markov chain and the evolution of

trader attribute using SDE.

Network Evolution

The network is defined by its node (trader) set N = {1, 2, ..., n}. We redefine t ∈ R+ to

represent continuous time, as in the coevolution model, the network and attribute evolve

continuously in time. Conversely, we define m ∈ {1, 2, ...} as discrete periods, since the data

used for model estimation is recorded in discrete intervals (e.g., months 1, 2, and 3). The

binary tie (or link) variable xij,t represents an undirected relation between trader i and trader

j at time t. xij,t = 1 (xij,t = 0) indicates the presence (absence) of a tie between trader i and

trader j. The network is represented by the n × n adjacency matrix X, and the network at

time t is denoted as Xt. Xt is the state variable of network evolution, where each element

corresponds to xij,t. Note that the network is symmetric as the network is undirected.

We decompose the network evolution process into two subprocesses: (1) modeling the

speed of the network change (i.e., the rate at which each trader in the network obtains an

opportunity to change its ties) and (2) determining which particular tie is changed when the

opportunity arises. We assume that trader i’s waiting time until the next opportunity to

change a tie is exponentially distributed with a rate λi. The rate λi is period-dependent (i.e.,

λi = λm).9 Therefore, the waiting time until traders change a tie is exponentially distributed

with rate λ+ = ∑n
i=1 λi = nλm.

If trader i obtains the opportunity to make a network change, she can choose to change

a tie to one of the other traders or maintain the status quo. We use x(±ij,t) to denote the

adjacency matrix of the state x, in which xij,t is changed to 1 − xij,t, denoting that trader i

changes its tie with trader j. (We suppress period m in the network for notational simplicity.)

9Period m (m = 1, 2, ...) refers to the time between tm and tm+1.
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The utility of trader i choosing to change a tie with trader j, denoted as fi,t(xij,t, zt, c⃗t), takes

into account the potential new network state xij,t, the key attribute of traders zt = {zi,t}i∈N ,

and a vector of control variables c⃗t = {c⃗i,t}i∈N . The probability that trader i selects to

change the tie with trader j is modeled using a multinomial logit model as

p(x(±ij,t)) = expfi,t(xij,t,zt ,⃗ct)∑n
h=1 expfi,t(xih,t,zt ,⃗ct) , (3.6)

where x(±ij,t) denotes the adjacency matrix and fi,t(xij,t, zt, c⃗t) is the utility of trader i choos-

ing to change a tie to trader j.

The utility of trader i is defined as a weighted sum of various network effects that affect

network formation. Mathematically,

fi,t(xij,t, zt, c⃗t) =
∑

l

βlsil, (3.7)

where sil refers to the l-th network effect and βl represents the corresponding coefficient. We

control the following network effects in the utility.

• Degree effect: ∑
j

xij,t,

which measures the general tendency of trader i to form ties with other traders.

• Alter effect of the key attribute: ∑
j

xij,tzj,t,

which measures the tendency of trader i to form ties with other traders with attribute

value zj. We include the alter effect of followers to account for the possible tendency

whether traders tend to form ties with traders with a higher number of followers.

• Homophily effect of the key attribute and control variables:

∑
j

xij,t

(
1 − |zj,t − zi,t|

Range(z)

)
,
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∑
j

xij,t

(
1 − |cj,t − ci,t|

Range(c)

)
,

where Range(z) and Range(c) denote the ranges of the key attribute and each con-

trol variable, respectively. The homophily effect measures the tendency of trader i

to form ties with trader j when they are similar in terms of the key attribute (the

number of followers, Followeri,t) or control variable. Specifically, for control variables,

we include the homophily effect of all control variables, including trading frequency

(Tradesi,t), trading performance (WinRatioi,t), social attention (V iewsi,t), trading

experience (Experiencei,t), and rank (Ranki,t).

We provide a numerical illustration on how each variable is calculated in Appendix A.6.

We summarize all the network effects in the utility of a specific network change of ij of trader

i in Equation (3.8).

fi,t(xij,t, zt, c⃗t) =β1Degreei,t + β2FollowerAlteri,t + β3FollowerHomophilyi,t

+ β4WinRatioHomophilyi,t + β5TradesHomophilyi,t + β6V iewsHomophilyi,t

+ β7V olumeHomophilyi,t + β8ExperienceHomophilyi,t + β9RankHomophilyi,t.

(3.8)

Attribute Evolution

We use a SDE to model the evolution of the key attribute of the trader — the number of

followers. The change in the number of followers in a small time interval from time t to time

t + dt (dZi,t) is modeled as

dZi,t =τm(aZi,t + b0 + b1SimilarPeersi,t + c1WinRatioi,t + c2Tradesi,t

+ c3V iewsi,t + c4V olumei,t + c5Experiencei,t + c6Ranki,t)dt + √
τmdWi,t,

(3.9)

where Zi,t denotes the number of followers of trader i at time t, dWi,t is the increment of a

Wiener process following a normal distribution with mean zero and variance dt, SimilarPeersi,t

denotes the degree (the number of similar peers) of trader i in the similarity network at time
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t. a is the feedback parameter, b0 is the intercept, and b1 is the effect of similar peers on

the number of followers. τm is the period-specific coefficient comparable to λm and accounts

for the speed of key attribute evolution. We also include WinRatioi,t, Tradesi,t, V olumei,t,

Experiencei,t, V iewi,t and Ranki,t to control for time-varying factors that may affect the

number of followers. We highlight that a captures the herding effect as it measures the effect

of the existing number of followers on the incremental number of followers in the next period.

Moreover, the coefficient b1 captures the effect of the number of similar peers of trader i on

her number of followers, which is the main effect to be investigated in our study. We provide

a summary and description of all parameters and variables in Appendix A.7.

Coevolution of Network and Attribute

From Equations (3.8) and (3.9), the key attribute Zi,t is incorporated into the network

evolution, and the network structure is considered in attribute evolution. This is how we

model the interplay between two dependent variables — the trader similarity network and

the trader’s number of followers. Therefore, the network and attribute coevolve over time. To

summarize, in our coevolution model, we have two models (equations), thus two dependent

variables and two sets of independent variables.

In the network evolution model, the dependent variable is x(±ij,t), a binary variable indi-

cating whether a link between two traders (trader i and trader j) changes at time t in the

trader similarity network; and the independent variables include degree, follower alter effect,

and homophily effects among a series of characteristics of a trader. The key independent

variable in the network evolution model is FollowerAlteri,t, which measures how the number

of followers of a trader affects the network change xij,t, thus capturing how the evolution

of followers affects the evolution of the trader similarity network. Degreei,t and a series of

homophily effects are control variables, capturing the standard degree-based (preferential)

attachment effect (Barabási and Albert 1999) and homophily effect (McPherson et al. 2001).

In the attribute evolution model, the dependent variable is the number of followers of a

trader i at time t, Zi,t. Since we model the evolution of the dependent variable using a SDE,
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we capture how dZi,t (the infinitesimal change of Zi,t in a small time interval dt) is affected by

the independent variables, including two key independent variables: the current number of

followers Zi,t, capturing the herding effect (the tendency for popular traders to attract more

followers over time); and the number of similar peers SimilarPeersi,t, capturing whether the

number of similar peers benefit (reputation effect) or hurt (substitution effect) the number

of followers of a trader.

We use the R package RSiena to estimate the model parameters (Ripley et al. 2021).

The estimation uses the simulated methods of moments, with Monte Carlo simulation and

the Robbins Monro algorithm (Robbins and Monro 1951) adopted. Details can be found

in Appendix A.8. We further explain our choice of the coevolution model over a regression

approach and report the corresponding goodness-of-fit statistics in Appendix A.9.

3.5.2 Results

Our data includes 3,332 traders over three periods. As a large number of nodes can cause

computational intractability issues, especially for the coevolution model, we sample a smaller

set of nodes to run the coevolution model.10 Specifically, we employ a snowball sampling

approach, a widely used method for identifying subsets within large networks (Goodman

1961, Zeng and Wei 2013), to construct the sub-sample. Our main analysis on the coevolution

model is based on a sample of 387 traders. The strength of snowball sampling lies in its

ability to capture non-isolated traders while incorporating a fraction of isolated traders.

Consequently, this enhances the extent to which our sample represents the broader dynamics

of the trading network. We detail our sampling strategy and the representation of our sample

in Appendix A.5. To mitigate the concern of the representation of our sample, we re-run our

model with another random draw of samples as a robustness check.

10It is a common practice to sample a smaller set of nodes to achieve computational feasibility when
estimating network analysis models (Yan et al. 2015, Lee et al. 2016). For example, Lee et al. (2016) study
strategic network formation in a location-based social network. Their network analyses are conducted on
three city-level subsamples consisting of 336, 129, and 146 users. Moreover, Yan et al. (2015) examine
the driving forces behind patients’ social network formation and evolution using a subsample consisting of
1,322 individuals.
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The estimation results are shown in Table 3.3. For network dynamics, we first find that a

trader with more similar traders (Degree) has a lower tendency to form new ties with other

traders (negative degree effect). Second, homophily effects in terms of followers, trades,

views, volume, and experience are significantly positive in the likelihood of forming ties in

the trader similarity network. The results suggest that traders tend to adopt similar trading

strategies with others similar to them in terms of trading frequency (Trades Homophily),

trading volume (V olume Homophily), trading experience (Experience Homophily), social

attention (V iews Homophily), as well as popularity (Follower Homophily). By contrast,

the homophily effects regarding the win ratio and rank are insignificant. Third, we find a

significant positive effect of the neighbors’ total number of followers (Follower Alter) on the

likelihood of forming ties in the trader similarity network. Thus, traders also adopt trading

strategies based on the number of followers of a trader. The alter effect of the number of

followers, defined as the total number of followers of a trader’s similar peers, also capture

whether the observed similarity in trading strategies emerges from imitation of more popular

peers (that is, with more followers) or less popular ones (that is, with less followers). Our

results indicate that similarity in trading strategies stems from imitating more popular peers.

This further validates the necessity of modeling the network formation and follower dynamics

as a coevolution process. We provide a detailed interpretation of the magnitude of coefficient

estimates in the network evolution model in Appendix A.10.

For the attribute dynamics, the key coefficient (b1) is significantly negative, implying that

when a trader has more similar peers, her number of followers will decrease over time. In other

words, the number of similar peer traders hurts the focal trader in terms of her popularity

and extra financial gain. The feedback coefficient (a) is also significant. Using Equation

(3.9), we can calculate the magnitude of the herding effect among followers. Holding all

other variables constant, the effect of the number of existing followers on the subsequent

number of followers (herding effect among followers) is calculated as (1 + aτm) · Zi,t. Thus,

our estimations reveal a significant herding effect among followers with an average coefficient

of 0.981. In addition, all control variables are insignificant, suggesting that the number of
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followers is driven mainly by the herding effect and the trader similarity network structure.

This emphasizes the critical role of the trader similarity network in the context of social

trading. Finally, we report the estimated rate parameters, which are all significant.

To further interpret the economic meaning of the estimated coefficients, we substitute the

estimated coefficients (using the average values across all periods when statistically signifi-

cant) into the attribute evolution equation and then rearrange the equation. The expected

number of followers of trader i at time t + 1 given the number of followers of trader i at time

t is presented as:

E (Zi,t+1 | Zi,t) = −0.3 + 0.98 · Zi,t − 0.16 · SimilarPeersi,t. (3.10)

Increasing one follower for a trader at time t results in an average 0.98 unit increase in

the number of followers in the subsequent period (t + 1). In contrast, increasing one similar

peer (trader) for a trader at time t results in an average 0.16 unit decrease in the number of

followers in the subsequent period (t + 1).

3.5.3 Heterogeneity analysis

We further conduct a heterogeneity analysis by introducing a new variable, Successi,t, a

binary indicator equal to 1 if the number of followers or win ratio of trader i at time t is

above the 90th percentile of each respective variable. To be more specific, we have added an

interaction term between Successi,t and SimilarPeersi,t in the attribute evolution equation,

as specified in Equation (3.11). The network evolution equation remains the same as in the

main model. The estimation results are reported in Table 3.4.

dZi,t =τm(aZi,t + b0 + b1SimilarPeersi,t + b2SimilarPeersi,t × Successi,t

+ c1WinRatioi,t + c2Tradesi,t + c3V iewsi,t + c4V olumei,t + c5Experiencei,t

+ c6Ranki,t + c7Successi,t)dt + √
τmdWi,t

(3.11)

Our results reveal a significant heterogeneity effect between more successful and less

successful traders. Specifically, the negative impact of SimilarPeers is stronger for more
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Table 3.3: Estimation Results of the Coevolution Model

Estimate Standard Error

Network Dynamics

β1 Degree -16.8189*** 5.0293

β2 Follower Alter 1.1724*** 0.1413

β3 Follower Homophily 4.6951*** 1.1274

β4 WinRatio Homophily 31.8085 23.3513

β5 Trades Homophily 4.6837*** 1.5012

β6 Views Homophily 8.0207*** 1.8159

β7 Volume Homophily 6.709*** 1.4252

β8 Experience Homophily 11.891*** 2.5577

β9 Rank Homophily -0.4062 0.3544

Attribute Dynamics

a Feedback -0.2977** 0.1517

b0 Intercept -0.302* 0.1604

b1 SimilarPeers -0.1579** 0.0802

c1 WinRatio 0.5773 0.7998

c2 Trades 0.1073 0.1389

c3 Views -0.2341 0.2349

c4 Volume -0.0037 0.0463

c5 Experience 0.0202 0.0169

c6 Rank 0.2493 0.5083

Rate Parameters

λ1 Network evolution (Period 1 to 2) 4.9247*** 0.531

λ2 Network evolution (Period 2 to 3) 0.5979*** 0.1422

τ1 Followers evolution (Period 1 to 2) 0.0839*** 0.0057

τ2 Followers evolution (Period 2 to 3) 0.0441*** 0.0027

Note: * p < 0.1, ** p < 0.05, *** p < 0.01.
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successful traders than for less successful ones. The focal trader’s number of followers declines

more sharply with a larger number of similar peers for more successful traders compared to

less successful ones.

3.6 Counterfactual Analyses

Our model enables us to estimate the influence of various factors on an individual trader’s

number of followers and their evolution over time. Similar to traditional econometric mod-

els, the estimated coefficients from our coevolution model can be interpreted to capture

individual-level effects, conditional on other factors. Beyond that, our model also enables

counterfactual analyses at the platform level, offering insights into system-wide implications.

One key advantage of our coevolution model is its ability to conduct counterfactual anal-

ysis by capturing the dynamic interplay between a trader’s number of followers and their

position within the similarity network of all traders. In our framework, a trader’s choice

of trading strategy and the number of followers they attract are mutually interdependent.

This structure enables us to simulate counterfactual scenarios to examine how some changes

influence a central outcome variable — the total number of followers across all traders. This

metric is particularly interesting to platform owners, as it directly relates to their revenue;

a higher total number of followers leads to increased following fees collected by the plat-

form. Specifically, we conduct two counterfactual analyses from the platform’s perspective

to illustrate how the total number of followers across all traders might evolve. Our first

counterfactual simulation examines how the initial distribution of followers across the plat-

form influences the subsequent evolution of the number of followers over time. Our second

counterfactual simulation investigates how the structure of the similarity network among

traders’ trading strategies impacts the subsequent evolution of the number of followers over

time.
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Table 3.4: Estimation Results of Heterogeneity Analysis

Estimate Standard Error

Network Dynamics

β1 Degree -16.8690*** 3.9387

β2 Follower Alter 1.1795*** 0.1342

β3 Follower Homophily 4.7077*** 1.1312

β4 WinRatio Homophily 31.8472 17.7731

β5 Trades Homophily 4.7246*** 1.3305

β6 Views Homophily 8.0407*** 1.8907

β7 Volume Homophily 6.7698*** 1.4744

β8 Experience Homophily 11.9370*** 2.4198

β9 Rank Homophily -0.3756 0.3195

Attribute Dynamics

a Feedback -0.3593** 0.2032

b0 Intercept -0.2365* 0.1639

b1 SimilarPeers -0.2885** 0.1124

b2 Success × SimilarPeers -0.8197** 0.4144

c1 WinRatio 0.2292 0.9203

c2 Trades 0.1146 0.1429

c3 Views -0.1807 0.2329

c4 Volume 0.0002 0.0462

c5 Experience 0.0152 0.0165

c6 Rank 0.1370 0.5149

c7 Success 1.0765** 0.5886

Rate Parameters

λ1 Network evolution (Period 1 to 2) 4.9360*** 0.5742

λ2 Network evolution (Period 2 to 3) 0.5909*** 0.1237

τ1 Followers evolution (Period 1 to 2) 0.0839*** 0.0054

τ2 Followers evolution (Period 2 to 3) 0.0436*** 0.0027

Note: * p < 0.1, ** p < 0.05, *** p < 0.01.



40

3.6.1 A fair distribution of the number of followers

From our data, we observe that the distribution of the number of followers among all the

traders on the platform is highly skewed, with more than 75% of traders having zero followers.

Such extreme concentration is not unique to our setting — it reflects a broader “long tail"

(Brynjolfsson et al. 2003) phenomenon observed across various online platforms, for example,

social media (Bakshy et al. 2011), where a small fraction of users — often referred to as the

“head" — attracts the vast majority of engagement. In contrast, the remaining many users

in the “tail" receive minimal attention.

At first glance, this may not appear problematic for the social trading platform, given

that its revenue is generally proportional to the total number of followers across all traders —

regardless of how followers are distributed among individual traders. However, as our results

demonstrate, a trader’s follower dynamics are influenced not only by their own characteristics

and performance but also by their position within the similarity network of all traders on the

platform. Moreover, the number of followers a trader has can, in turn, shape the similarity

network itself. This mutual dependency highlights a coevolutionary process among traders,

suggesting that the distribution of followers across traders can, over time, influence the

platform-wide total number of followers and thus impact overall platform revenue.

In our counterfactual, we keep the total number of followers across all traders constant but

redistribute them to reduce the initial imbalance in the distribution of followers. Specifically,

we assign five followers to each trader who initially has zero followers in our data, and decrease

the number of followers for the top 5% of traders with the highest number of followers in

our data. On average, each of the top 5% of traders loses 20.3% of their original followers

in our data. This rebalancing procedure reallocates followers from highly followed traders to

those with no followers, leading to a more equitable or fair distribution of followers across

the platform. We then apply our coevolution model to simulate the follower dynamics for all

traders with the counterfactual initial distribution of followers. We aggregate the simulation

results on how each trader’s number of followers evolves and summarize the overall patterns.
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Our results are shown as Counterfactual A in Table 3.5. Under the fair distribution of

followers across all traders, we observe an average 2.08% increase in the total number of

followers per period, compared to the baseline scenario with the highly skewed distribution

of the number of followers in our original data. These counterfactual results suggest that

reducing the imbalance in follower distribution can increase overall platform engagement,

leading to a higher total number of followers in subsequent periods.

Table 3.5: Counterfactual Results on the Total Number of Followers at the Platform Level

Period 1 to 2 Period 2 to 3 Average

Counterfactual A: Fair distribution of followers +2.72% +1.43% +2.08%

Counterfactual B: Denser similarity network -4.60% -0.69% -2.65%

Notes: This table reports the percentage difference in the total number of followers at the platform

level between each counterfactual scenario and the current (baseline) setting. For each period tran-

sition (e.g., Period 1 to 2), we compute the growth rate in the number of followers under both the

counterfactual and current scenarios, and report the difference between the two growth rates. Specifi-

cally, for a given period, the reported value is
(

F cf
t −F cf

t−1
F cf

t−1

)
−
(

F baseline
t −F baseline

t−1
F baseline

t−1

)
, where F cf

t denotes the

total number of followers on the platform at time t under the counterfactual scenario, and F baseline
t

denotes the total number of followers at time t under the baseline. The final column reports the aver-

age percentage difference across the periods. The magnitude difference between two period transitions

is due to the differences in the rate parameters (λm and τm) across the two periods. All results are

based on 1000 random draws of simulations.

3.6.2 A denser similarity network

The results of our main model estimations show that a larger number of similar peers has a

negative impact on the number of followers an individual trader attracts. While this finding

focuses on the trader-level dynamics, it prompts the question of how such effects manifest at

the platform level. Through counterfactual simulations, we address the following questions:
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How does the overall similarity in trading strategies among traders affect the total number of

followers, which is closely tied to platform revenue? Over time, does low diversity in trading

strategies diminish the total number of followers — and if so, to what extent? Diversity is

defined based on the density of the similarity network among all traders on the platform,

where lower diversity corresponds to a denser similarity network.

In this counterfactual, we explore how the density of the similarity network among all

the traders influences the total number of followers from all the traders, which relates to the

platform’s revenue. To simulate a denser network, we assign five random links to each isolated

node (trader) in our data — where “random" refers to randomly selecting five connections

(links) between the focal trader and other traders on the platform — thereby increasing the

overall network density.

Our results are shown in Counterfactual B in Table 3.5. With the denser similarity

network, we observe an average 2.65% decrease in the total number of followers per period,

compared to the baseline scenario with a sparser similarity network in our original data.

This counterfactual analysis demonstrates that reduced diversity in trading strategies across

the platform negatively impacts the platform’s total follower count, ultimately diminishing

its revenue. This adverse effect is observed not only at the individual trader level but also

at the platform level.

3.7 Robustness Check

In this section, we conduct a series of robustness checks to validate our analysis. First,

one concern of our study is that we choose a specific threshold value when constructing the

similarity network. It is possible that our main results would be different if we use other

threshold values. If the threshold value is tighter than that chosen in our main analysis, the

network would be denser, and each individual would have more similar peers. We use the

same sample as in the main model and only change the threshold value for constructing the

network. Thus, we consider a tighter threshold (0.75) to label similar traders and rerun the

coevolution model. We rerun the coevolution model with the results shown in Column (1)
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in Table 3.6. The results in terms of network dynamics and the key attribute dynamics are

consistent with those in the main analysis.

Second, following the same logic as in the previous robustness check, it is also possible

that the threshold value chosen in our main model is tighter than the actual value. Therefore,

we consider a looser threshold (0.65) to label similar traders and rerun the coevolution model.

We rerun the coevolution model with the results shown in Column (2) in Table 3.6. Again,

the results in terms of the network dynamics and the key attribute dynamics are consistent

with those in the main analysis.

Third, to enhance the robustness of our findings, we conduct an additional analysis using

an alternative measure of the popularity of a trader. Instead of using the number of followers,

we utilize the total amount of money following a trader. We present our results in Column

(3) in Table 3.6. The coefficient b1 remains significantly negative. This finding illustrates

that the presence of similar peers has a negative impact on the amount of money following

the trader. This finding further corroborates our primary conclusions.

Fourth, due to computational constraints, we use a sub-sample of the complete dataset

to estimate the co-evolution model. In our main model, we have 387 traders. To mitigate

the potential bias from sampling, we re-run our model using an alternative sub-sample of

384 nodes. The estimation results are shown in Column (4) in Table 3.6. Our main results

remain qualitatively consistent.

3.8 Managerial Implications and Conclusion

Despite the emergence of social trading platforms, there is little research in this field. Al-

though one prior study empirically found a high level of similarity of trades among traders

on social trading platforms (Gemayel and Preda 2018), little is known about the impact of

similarity patterns on traders. From the platform’s perspective, understanding the effect of

similarity patterns among traders’ trading strategies can help manage the overall risk and

increase revenue. The utility of traders gaining from trading is vital to the platform, as

maintaining a pool of competent traders is key to the platform’s success. By gaining insights



44

Table 3.6: Estimation Results of Robustness Checks

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

Tighter Looser Alternative Alternative

Threshold Threshold Dependent Var. Sample

Network Dynamics

β1 Degree -16.5085*** -16.9872*** -17.3768*** -13.8409***

(4.7504) (4.9272) (7.6585) (7.0193)

β2 Follower Alter 1.0772*** 0.9812*** 0.4769*** 0.6015***

(0.1355) (0.1094) (0.0483) (0.0559)

β3 Follower Homophily 4.3988*** 4.0437*** 3.1796*** 2.6478***

(1.1743) (0.9590) (0.7338) (0.7018)

β4 WinRatio Homophily 31.6368 35.5071 32.7660 32.4507

(22.4647) (21.9549) (34.8748) (29.9932)

β5 Trades Homophily 6.0828*** 4.1054** 5.5469** -1.0204***

(1.9357) (1.1169) (1.3754) (0.4278)

β6 Views Homophily 5.7942*** 7.2703*** 8.2716*** 1.4452***

(1.8383) (1.5745) (1.8235) (0.6785)

β7 Volume Homophily 4.8772*** 7.0010*** 6.2307*** 7.2856***

(1.6265) (1.3173) (1.5340) (0.7750)

β8 Experience Homophily 7.1734*** 10.8187*** 11.0341*** 7.5829***

(2.0445) (2.1208) (2.3363) (1.0720)

β9 Rank Homophily -1.0768** 0.3208 -0.2716 0.4129

(0.4463) (0.2952) (0.3168) (0.3834)

Attribute Dynamics

a Feedback -0.3045** -0.2957** -0.0592** -0.4205***

(0.1544) (0.1517) (0.0088) (0.1606)

b0 Intercept -0.3184** -0.2878 -0.0138 -0.2512

(0.1529) (0.1540) (0.0278) (0.1869)

b1 SimilarPeers -0.1846* -0.1608** -0.0249* -0.2600***

(0.1066) (0.0710) (0.0133) (0.0919)

c1 WinRatio 0.6389 0.5744 0.0310 0.4854

(0.8005) (0.7983) (0.1615) (0.7748)

c2 Trades 0.1010 0.1177 0.0239 -0.3903***

(0.1450) (0.1398) (0.0257) (0.1159)

c3 Views -0.2406 -0.2313 0.0702* -0.0161

(0.2217) (0.2290) (0.0366) (0.2187)

c4 Volume -0.0050 -0.0130 0.0031 0.1029***

(0.0468) (0.0466) (0.0083) (0.0421)

c5 Experience 0.0204 0.0198 -0.0026 0.0115

(0.0163) (0.0164) (0.0029) (0.0160)

c6 Rank 0.1501 0.2471** 0.2195** 0.1270

(0.5080) (0.5251) (0.1024) (0.5849)

Rate Parameters

λ1 Network evolution (Period 1 to 2) 2.9906*** 4.4167*** 4.9016*** 5.3125***

(0.4349) (0.5341) (0.6174) (0.5380)

λ2 Network evolution (Period 2 to 3) 2.4984*** 1.1713*** 0.6878*** 3.9001***

(0.6406) (0.2540) (0.1572) (1.0108)

τ1 Followers evolution (Period 1 to 2) 0.0846*** 0.0843*** 2.4186*** 0.0932***

(0.0152) (0.0032) (0.2647) (0.0047)

τ2 Followers evolution (Period 2 to 3) 0.0441*** 0.0439*** 1.4853*** 0.0658***

(0.0026) (0.0032) (0.0978) (0.0072)

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors are reported in parentheses.
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into the role of trader similarity networks, platforms can make operational decisions regard-

ing fine-tuning the similarity network — nudging traders’ decisions on trading strategies and

followers’ following decisions.

By leveraging a coevolution model, we capture the interplay between the evolution of

the trader similarity network and follower dynamics. We find that when a trader has more

similar peers, her number of followers will decrease over time. Our results show that the

negative substitution effect of adopting a similar strategy dominates the positive reputation

effect, and the overall effect of the similarity pattern on the trader’s popularity is negative.

We also find that the negative effect is more pronounced for more successful traders. In ad-

dition, we confirm a significant herding effect among followers. Moreover, our counterfactual

simulations reveal that promoting a fairer distribution of followers and reducing the density

of the similarity network can help enhance the total number of followers on the platform.

The contribution of our study is on the findings of modeling the dynamic similarity

networks on the trader’s popularity in emerging social trading platforms as well as provid-

ing implications through counterfactual analyses/simulations. A simple econometrics model

is neither able to address the identification issue when analyzing the impact of dynamic

similarity networks on the trader’s popularity, nor can it illuminate implications through

counterfactual analyses to answer “what-if" questions.

Our findings provide important managerial and operational implications for traders, fol-

lowers, and social trading platforms. First, our study underscores the importance of incor-

porating similarity networks in the operations management of social trading platforms. A

similarity network provides a bird’s eye view of the interconnections among traders based

on their trading strategies, carrying richer information than individual performance met-

rics. The proliferation of similar trading strategies among many traders poses challenges for

platforms. For example, if a particular strategy proves unsuccessful, many traders and their

corresponding followers adopting it could suffer simultaneous losses. Social trading platforms

should encourage diversification and empower traders to explore different trading strategies

to promote a healthy and sustainable trading environment. In addition, the similarity net-
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work can be a valuable tool for monitoring risk at the platform level. For instance, if a

high-risk trading strategy becomes overly popular and widely adopted, as revealed through

the similarity network, it could pose a systemic risk to the platform. Therefore, implement-

ing risk control measures and identifying such risks in advance would allow platforms to take

preventative measures to mitigate the associated risks.

Second, using a strategy that is similar to that of many other traders can hurt the focal

trader in terms of the number of followers, which directly affects the social and financial

utility derived from engaging in social trading platforms. The success of a social trading

platform, similar to a two-sided market, depends heavily on having a substantial number

of traders whom potential followers consider worthy of following. As the utility of traders

declines due to the loss of followers, traders may become less active on or even leave the

social trading platform, resulting in long-term losses for the platform. More importantly,

our heterogeneity analysis shows that the negative effects of similar peers are particularly

pronounced for more successful traders, who are particularly valuable to the platform. To

counter the potential risk arising from traders adopting similar strategies, social trading

platforms should encourage diversity in trading strategies. For example, the social trading

platform could use our proposed algorithm to calculate a similarity score for each pair of

traders on the platform. If a trader’s score exceeds some designated threshold value, the

platform can nudge the trader to diversify their trading strategy by sending automated

reminders or notifications. Furthermore, in addition to encouraging more diversified trading

strategies, platforms can also promote a fairer distribution of followers to help mitigate these

adverse effects, as demonstrated by our counterfactual analysis.

Third, our findings reveal a strong herding effect when followers decide whom to follow,

regardless of the traders’ performance. While seemingly beneficial for some popular traders,

herding among followers can lead to the “richer get richer” problem for traders, which has ad-

verse implications for social trading platforms, followers, and traders. At the platform level,

such herding behavior stifles diversity, as it concentrates attention on a small group of pop-

ular traders. This narrow focus on a few popular strategies increases the vulnerability of the
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entire platform to market risks and decreases overall resilience. For followers, the herding ef-

fect could lead to suboptimal investment decisions. By blindly imitating (following) popular

traders, followers may overlook traders with few followers but superior strategies or unique

market insights, potentially leading to missed opportunities for better financial returns. For

traders, the herding effect can lead to the “richer get richer” problem, which can breed a

sense of unfairness and discourage participation from those traders with superior strategies

but few followers. As a result, those traders who possess valuable trading skills but receive

less attention might leave the social trading platform, which in turn diminishes the follower

base over time. The chain reaction mirrors that of a two-sided market. The long-term im-

pact of a reduced follower base can extend even to popular traders. Therefore, addressing

these issues is crucial to enhance revenue, foster diversity, and promote fairness among var-

ious stakeholders in social trading platforms. To address these challenges, platforms could

implement features that highlight traders with profitable strategies but fewer followers, thus

mitigating the herding effect. For instance, on a follower’s page, platforms can recommend

skilled traders who have demonstrated good performance but have received less attention. In

practice, certain social trading platforms offer rankings for all traders, which can be consid-

ered a form of platform recommendation. To mitigate herding, platforms can incorporate the

trader’s popularity information (e.g., by assigning a negative weight to traders who receive

excessive attention relative to their performance) into their ranking algorithm. Finally, to

mitigate the herding effect, platforms can opt to disclose a range of follower numbers rather

than the exact count for each trader.

Our study is not without limitations. First, the coevolution model suffers from “the

curse of dimensionality" as the number of nodes increases; thus, our estimation is based

on a medium-sized sample instead of the full sample. Second, we consider only the linear

effect of similar peers on the attribute. There might be a nonlinear effect of similar peers

on the number of followers. Third, in our current specification, we take similarity as a

binary decision — i.e., we model whether a trader adopts a similar trading strategy as

another trader, rather than modeling the intensity of similarity, which would correspond to
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a weighted network. Fourth, we acknowledge the potential subjectivity relying on human

judgment to establish the ground truth, which may introduce bias despite our efforts to

ensure consistency and reliability.
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Chapter 4

SOCIAL LEARNING IN EARLY CRYPTOCURRENCY
ADOPTION DYNAMICS

4.1 Introduction

Social trading platforms have gained increasing popularity in recent years. These platforms

integrate the interactive elements of social media and social networks with brokerage services

(Pelster and Hofmann 2018). Investors can trade financial instruments, and all transactions

and social interactions are shared in a highly transparent environment, appearing as part of

a news feed to investors’ peers. In such a setting, individual investors can access the opinions

shared by their peers to make their investment decisions (Ammann and Schaub 2021)—while

transparently observing their trading behavior. Little prior research has examined how this

interplay between expressed opinions and observable trading behaviors affects individual

investors’ investment decisions. In this study, we aim to fill this research gap.

We focus on cryptocurrency adoption because cryptocurrency is a novel asset built on

the disruptive blockchain technology. Cryptocurrency has gained global attention since the

advent of Bitcoin in 2009 (Nakamoto 2008). Understanding the diffusion of cryptocurrency

adoption provides important insights for promoting similar new technologies. Cryptocur-

rency challenges conventional financial systems and offers a new avenue for investment.

What once seemed like a niche concept for tech-savvy enthusiasts has now captured the

mainstream audience’s attention. In 2023, the U.S. Securities and Exchange Commission

(SEC) allowed Bitcoin ETFs for the first time.1 At the end of 2023, the cryptocurrency

market comprised 8,848 active cryptocurrencies and approximately 420 million users. In the

1https://apnews.com/article/bitcoin-exchange-traded-funds-etf-sec-59a5bb81ab891af57a1
bd1765024144f, last accessed on June 26, 2024.

https://apnews.com/article/bitcoin-exchange-traded-funds-etf-sec-59a5bb81ab891af57a1bd1765024144f
https://apnews.com/article/bitcoin-exchange-traded-funds-etf-sec-59a5bb81ab891af57a1bd1765024144f
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United States, about 8% of the population engages in cryptocurrency trading.2 In January

2024, the global cryptocurrency market capitalization stood at $1.62 trillion.3

Yet, cryptocurrency is characterized by its extreme price volatility and risk. Cryptocur-

rency markets are among the largest unregulated markets in the world (Foley et al. 2019).

Unlike stocks or bonds, cryptocurrency lacks regular financial reports or analyst assessments.

Weber et al. (2023) report that many non-adopters know little about cryptocurrencies. Such

disparities introduce complexities in leveraging theories in traditional financial assets to

understand cryptocurrency adoption behaviors. The lack of authoritative sources of infor-

mation (Catalini and Gans 2020) necessitates that investors seek alternative channels for

evaluating the potential and risks of these digital assets. Social media, which has become an

important medium for information sharing and decision-making among investors (Chen et al.

2014, Wang et al. 2024), fills this void. Twitter, Reddit, and forums specifically for cryp-

tocurrencies (e.g., Bitcointalk) have become information centers for conversations, news,

and investment guidance—also for cryptocurrencies (Han et al. 2023). Unlike traditional

information sources, the nature of information distribution on social media hinges on social

networks rather than (professional) expertise or authoritative sources. Consequently, the

reliability and accuracy of such information are highly variable.

In contrast to traditional assets, where the value is determined by discounting cash flows

in standard valuation models, the value of cryptocurrency is based mainly on transactional

demand (Cong et al. 2021, Biais et al. 2023), embedding its social nature within the trad-

ing process. At the same time, the cryptocurrency market, due to its regulatory void, is

susceptible to price manipulations such as the “pump-and-dump” schemes (Li et al. 2021).

Investors may spread misinformation in favor of their investments. Such potentially ma-

nipulative behaviors make obtaining credible information via social networks a challenge.

Consequently, it is very important to understand how individuals learn and act upon the

information obtained from their social networks. When both the information on trading be-

2https://explodingtopics.com/blog/number-of-cryptocurrencies, last accessed on June 26, 2024.
3https://www.coingecko.com/, last accessed on June 26, 2024.

https://explodingtopics.com/blog/number-of-cryptocurrencies
https://www.coingecko.com/
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havior and opinions are available, do users (investors) weigh trading behavior more heavily,

or do they predominantly base their investment decisions on the opinions of others—which

could be cheap talk? How do users assimilate information from others when faced with align-

ment or discrepancy between trading actions (behavior) and expressed opinions? Answers

to these questions allow us to gain a deeper understanding of the decision-making dynamics

that influence cryptocurrency adoption.

We also explore how product uncertainty moderates the interplay of expressed opinions

and actions in social learning. The literature on social learning for various product adop-

tions (Banerjee et al. 2013, Miller and Mobarak 2015, Gillingham and Bollinger 2021, etc.)

typically assumes a fixed expected value for the product; yet, many new products come with

uncertainty about their true value. In addition, we investigate heterogeneous effects of user

characteristics on social learning. Younger investors, particularly millennials and Genera-

tion Z, are typically more receptive to social media and new technologies, which may result

in different social learning patterns compared to older investors. Understanding how social

learning influences cryptocurrency adoption among younger investors is crucial, as nearly $70

trillion of wealth is expected to transfer from baby boomers to these rising demographics

over the next 25 years, making it only a matter of time until they drive the market.4

We focus on the early Bitcoin adoption during 2016 because Bitcoin was the first cryp-

tocurrency and still accounts for a significant portion of the total market capitalization of

all cryptocurrencies.5 Early adoption helps to diffuse the product among the masses and

influences the success or failure of a new product (technology). The implication of Bitcoin’s

early adoption can offer valuable guidance for other novel technologies.

We use data from one of the leading social trading platforms and explore how the interplay

of opinions and behaviors within social networks influences an individual’s decision to adopt

Bitcoin. We utilize all social activities of the platform to construct a social network that

4https://apexfintechsolutions.com/news-resources/blog/millennial-and-genz-investing-h
abits/, last accessed on June 26, 2024.

5In January 2024, Bitcoin (BTC) boasts a market cap of $782 billion, accounting for almost 50% of the
cryptocurrency market; see https://www.coingecko.com/, last accessed on June 26, 2024.

https://apexfintechsolutions.com/news-resources/blog/millennial-and-genz-investing-habits/
https://apexfintechsolutions.com/news-resources/blog/millennial-and-genz-investing-habits/
https://www.coingecko.com/
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captures how the information is transmitted. We identify the neighbors’ adoption status,

posting behavior, and trading behavior for each focal user. We apply a two-stage least

squares linear probability model with user and time-fixed effects to quantify the impact of

social learning on Bitcoin adoption. Using an instrumental variables approach, we address

the endogeneity concern of the effect of neighbors on the focal user’s adoption, which might

be merely a correlation instead of a causal social learning effect. We further study the

moderating effect of product uncertainty on social learning and analyze the heterogeneous

effects of user characteristics on social learning.

We find that the likelihood of Bitcoin adoption increases when neighbors who have

adopted Bitcoin share positive posts about it. Conversely, positive posts from neighbors

who have not adopted Bitcoin decrease the likelihood of adoption. Our result highlights the

consistency between expressed opinions and trading actions in influencing a user’s decision

to adopt Bitcoin. We also observe a significant moderating effect of product uncertainty

(measured using the asset’s volatility) on social learning. High volatility significantly in-

creases a focal user’s likelihood of adopting Bitcoin. Positive posts from adopters increase

the probability of adoption, enhancing the overall effect. Additionally, even though positive

posts from non-adopters during times of high volatility still decrease the probability of adop-

tion, the negative effect typically associated with non-adopters is mitigated. In addition, we

observe some heterogeneous effects of user characteristics on social learning. Notably, we find

that high-income and older users are more susceptible to opinions from their neighbors, with

an increased positive influence from adopters’ positive sentiments and a decreased negative

impact from non-adopters’ positive sentiments. Surprisingly, younger users exhibit more

conservative behaviors interpreting positive sentiments from neighbors, despite typically be-

ing associated with a receptiveness to social media and new technologies, and a higher risk

tolerance (Grable 2000).

To understand the underlying mechanisms of our main results, we scrutinize the tex-

tual differences between the posts of adopters and non-adopters. We find that adopters

write longer, more informative posts with a higher likelihood of including external valida-
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tions in their positive Bitcoin posts. Interestingly, non-adopters show a higher likelihood of

including forward-looking statements in their positive Bitcoin posts. The trading duration

analysis shows that users who make positive Bitcoin-related posts during their holding pe-

riod hold Bitcoin positions longer compared to the scenarios involving no post, or posts with

non-positive sentiments. Our results indicate that users, on average, post in line with their

trading activities. Users’ posts closely correlate with their actual trading actions. The con-

sistency between user’s expressed opinions and trading actions enhances credibility of social

communication on the social trading platform. Finally, we explore two possible alternative

explanations (awareness and profitability of neighbors) and rigorously test the robustness of

our main results.

Our findings have various practical implications. First, our study highlights the role of

social learning in the early adoption of cryptocurrency. Aligning expressed opinions with ac-

tual trading behaviors provides an effective strategy for promoting cryptocurrency adoption.

Utilizing social influencers who trade cryptocurrency can enhance credibility and trustwor-

thiness of their expressed opinions. Disclosing the adoption status of influencers can further

reinforce the reliability of the information and positively impact adoption. One analogy is

the common practice in e-commerce of revealing reviewer purchase information to enhance

credibility and boost the influence of customer reviews. Amazon, for instance, labels reviews

from customers who have purchased the products as “Verified Purchase." Second, our find-

ings indicate that social learning is particularly relevant when product uncertainty is high.

Our results on cryptocurrency highlight that during times of high volatility, users are more

susceptible to positive posts, irrespective of whether they come from adopters or not. Third,

our findings show that high-income and older investors are more susceptible to opinions from

their neighbors. Cryptocurrency developers and marketers can utilize this insight to generate

interest and potentially boost adoption. Finally, our study also emphasizes the critical role

of transparency and public disclosure of trading activities in social trading platforms. Social

trading platforms may serve as a natural fit for promoting cryptocurrency due to their social

features and high level of transparency. Developers and marketers of cryptocurrencies can
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leverage social trading platforms to amplify positive sentiment around their digital assets.

The remainder of the paper is structured as follows. We review the relevant literature in

Section 2.2. We describe our data, the network construction, and our variables in Section

4.2. Section 4.3 describes model specifications and presents the main results. We explore

mechanisms in Section 4.4 and provide several robustness checks in Section 4.5. Section 4.6

concludes the paper.

4.2 Data

Our data is from a large global social trading platform that offers its services in multiple

countries. In line with typical brokerage services, the platform allows its users (investors) to

trade various financial instruments such as stocks, contracts for differences (CFDs), foreign

exchange, commodities, and cryptocurrencies. The platform first introduced Bitcoin trading

in 2013 and later added other cryptocurrencies to its trading universe.

A distinctive feature of social trading platforms is that all investors’ trading activities

are public. Investors on social trading platforms can automatically replicate the trading

strategies of other investors. Signal providers, i.e., investors who have their trading activities

replicated by other investors can earn extra fees based on their performance, the number of

copiers, and/or their assets under management (AUM). As such, social trading platforms

offer investment opportunities that are similar to mutual fund investments (Doering et al.

2015). While mutual funds offer a traditional, professionally managed investment option

with more regulation, social trading platforms provide a more interactive and transparent

way for retail investors to trade (Doering et al. 2015).

In addition to trading opportunities, the social trading platform allows its users to interact

with each other in a social environment. The social interactions on the trading platforms are

similar to those on typical social media platforms such as Twitter/X. Users can post messages

and comment and like posts. Importantly, the platform does not allow for any private

communication among users. Consequently, all communication on the platform is public

and transparent, accessible to every user. Gemayel and Preda (2018) label this transparent
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environment a “scopic regime.”

4.2.1 Data

We obtained all users’ trading activities and social interactions on the platform. We focus

on the early adoption period of Bitcoin throughout the year 2016. Thus, our sample period

ends before Bitcoin became a mainstream investment opportunity. This mitigates concerns

about the impact of confounding information sources. For example, after the first Bitcoin

bubble in December 2017 and January 2018, Bitcoin permeated mainstream discussions and

became a popular topic in investment discussions. Following this first bubble, investors are

more likely to learn about Bitcoin from multiple sources, making it almost impossible to rule

out alternative factors that influence adoption decisions. Additionally, focusing on the early

adoption period of Bitcoin offers relevant insights for promoting other cryptocurrencies in the

early stages, especially considering that thousands of new cryptocurrencies are created each

year.6 Figure 4.1 illustrates the search volume for Bitcoin during our observation period and

one year after from Google Trends.7 The search volume stayed relatively stable throughout

2016, but 2017 saw several significant increases.

For each user, we obtain the following information: 1) the user’s demographic informa-

tion including their gender, age, investment experience, and self-reported risk preferences

provided by the user at the time of registration; 2) the user’s full trading history, includ-

ing the open time, close time, the instrument, and the profit of all trades executed on the

platform during our sample period; 3) the user’s social interactions, including their posts,

comments, and likes, together with the corresponding timestamps and contents;8 4) the

leader-copier relationships that are based on the auto-copy function, which allows users to

6https://www.statista.com/statistics/863917/number-crypto-coins-tokens/, last accessed on
June 26, 2024.

7We use “Bitcoin” as the search term to retrieve the Google Trends data. The index also considers
spelling variations, including “bitcoin” and “BITCOIN”.

8We translate non-English content to English using the Google translate API. On the platform, users
have the convenient option to click “translate” for easy translation into English.

https://www.statista.com/statistics/863917/number-crypto-coins-tokens/
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Figure 4.1: Google Trends of Bitcoin from 2016 to 2017

Note: This figure shows the search volume for Bitcoin from Google Trends during 2016 and

2017. The search volume refers to the number of times a specific search query is entered

into Google over a given period of time. It is a metric used to gauge the popularity or

frequency of the searched query.
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automatically duplicate the trading strategies of others.

We define executing a trade (open or close), a social interaction (post, comment, or

like), or copying another trader as an activity and a user that executes any activity as an

active user. Our data contain all active users (181,351) on the platform during our sample

period (from January 2016 to December 2016). We aggregate our data at the weekly level

by calculating averages, resulting in a user-week panel data with 2,504,679 observations. In

our sample, 24% of users copy trades from at least one other user, and 53% engage in social

interactions with others at least once. In our main analysis, we consider all active users.

In addition, we conduct a robustness test using a more focused sample consisting of more

actively engaged users (see Section 4.5).

4.2.2 Network construction

Given the large number of users and volume of information on the platform, it is not feasible

for each user to access and process all available information due to cognitive limitations.

Hence, we construct a network in an effort to efficiently capture potential information trans-

mission among users.

We construct our network from the leader-copier relationships and all the users’ social

interactions, i.e., their posts, comments, and likes. The leader-copier relationship reflects the

information transmission in a directed network as copiers receive all activities of the leaders

they copy in their news feed. Therefore, the leader is the information sender, while the

copier is the information receiver. Since we observe the exact timestamps of formation and

dissolution for every leader-copier relationship pair, we can formulate a dynamic network.

Turning to social interactions, we only have access to the timestamps of each interaction

(post, comment, or like), rather than data on viewing or browsing activities. It is probable

that a user pays attention to a focal user for some periods before engaging with their posts

through commenting or liking. Similarly, even if a user does not comment or like subsequent

posts of the focal user, it is likely that they continue to pay attention to the focal user

after their initial engagement. Therefore, we assume that the network derived from social
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interactions changes periodically every four weeks. That is, we model a link between two users

who interact within a four-week period. We define the user who posts as the (information)

sender and the user who comments or likes as the (information) receiver. The directed link

runs from a sender to a receiver, representing the direction of information transmission in

the network.

We denote the network inferred from the leader-copier relationship in period t as CopyNett

and the social interactions in period t as SocNett. We pool these two networks into a com-

bined network, denoted as Nett. We report summary statistics of the networks in Table B.1

of Appendix B.1. We use Nett to calculate neighbor-related variables in Section 4.2.3.

4.2.3 Variables

Our dependent variable, Adopti,t, is a dummy variable that takes a value of 1 if user i trades

(buy or sell) or holds Bitcoin at period t, and 0 otherwise.9 We conduct a robustness test

(see Section 4.5) that considers only the first adoption of Bitcoin. We use three groups of

explanatory variables to investigate the determinants of the adoption decision.

First, we include various neighbor-related variables derived from the network and users’

attributes to capture the social learning process. We denote the network as Ni,j,t, where

Ni,j,t = 1 if user j (information receiver) receives information sent by i (information sender)

at period t. Note that the network is directed; hence, Ni,j,t = 1 does not necessarily im-

ply Nj,i,t = 1. We examine three channels of social learning: neighbors’ adoption status,

neighbors’ opinions, and neighbors’ trading performance. To measure the neighbors’ adop-

tion status, we calculate the ratio of Bitcoin adopters among the focal user i’s neighbors at

period t (NeighborAdopti,t). The total number of neighbors for the focal user i at period

t is denoted by Neighbor_Ni,t. We next construct the variables capturing the neighbors’

opinions, inferred from their posts. We compute the average number of posts made by

user i’s neighbors at period t (Post_Ni,t). Since we aim to capture the interplay between

9To emphasize social learning, we consider only users who adopt Bitcoin through self-executed trading,
excluding those who trade Bitcoin through auto-copy.
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opinions and actions (whether adopt or not), we calculate the percentage of neighbors who

post positively about Bitcoin among all adopters (AdoptBTCPositivei,t) and non-adopters

(NonAdoptBTCPositivei,t) in the neighborhood, respectively. We utilize lexicon-based sen-

timent analysis (Loughran and McDonald 2011) to extract the sentiment of each post (see also

Deng et al. 2024). Specifically, a post is labelled as positive if the number of positive words

is greater than the total number of negative and uncertain words. Similar to posting-related

variables, to capture the neighbors’ trading performance, we construct the average profit of

neighbors at period t for adopters (AdoptReturni,t) and non-adopters (NonAdoptReturni,t)

respectively.

Second, we proxy for individuals’ trading behavior. We calculate the average profit of

user i by period t (AccReturni,t) and the standard deviations of user i’s profit by period

t (AccSDi,t) to measure the return and risk of a user’s trading performance. We count

the number of weeks user i has been active on the platform by period t since January 1,

2016 (Tenurei,t), and the number of trades user i has executed on the platform by period

t (AccTradei,t). We also measure temporal trading intensity using the number of trades a

user executes in period t (NTradei,t). We include the total number of unique instruments

of user i by period t (Diversificationi,t) as a measure for trading diversification.

Third, we take a look at individual-level demographic characteristics. Malei takes a value

of 1 if user i identifies as male, and 0 otherwise; Incomei denotes the annual income of user i

(categorical variable); AgeRangei denotes the age range of user i (categorical variable); and

Experiencei denotes the trading experience (categorical variable) of user i, before joining the

platform. RiskLeveli denotes user i’s stated risk preferences (categorical variable). These

variables are reported by the user at the time of registration.

Table B.2 in Appendix B.2 summarizes the definitions of our variables. We provide

summary statistics for numerical variables in Table 4.1 and for categorical variables in Table

B.3 of Appendix B.2. We log-transform Neighbor_Ni,t, Tenurei,t, AccTradei,t, NTradei,t,

and Diversificationi,t to correct the skewness in our regression analyses. Table B.4 and

Table B.5 in Appendix B.3 show the correlation matrix and the variance inflation factor
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(VIF) scores of variables used in our main model, respectively.

Table 4.1: Summary statistics of numerical variables

Variable Mean Std. Dev. Min P25 Median P75 Max

Adopti,t 0.098 0.294 0 0 0 0 1

NeighborAdopti,t 0.035 0.154 0 0 0 0 1

Neighbor_Ni,t 1.255 4.967 0 0 0 1 604

Post_Ni,t 6.050 52.923 0 0 0 1 3,321

AdoptBTCPostivei,t 0.004 0.059 0 0 0 0 1

NonAdoptBTCPostivei,t 0.003 0.043 0 0 0 0 1

AdoptReturni,t -0.011 2.393 0 0 0 0 1

NonAdoptReturni,t 0.791 8.156 0 0 0 0 1

AccReturni,t -1.585 17.421 -3,668.986 -3.513 0.000 1.2043 2,940

AccSDi,t 11.931 17.767 0 0.450 7.029 16.989 1,848.794

Tenurei,t 17.007 13.815 1 1 14 27 52

AccTradei,t 193.271 540.588 0 4 42 169 5 3,587

NTradei,t 19.829 62.4382 0 0 2 15 6,870

Diversificationi,t 5.609 3.740 0 0.276 1.273 3.438 148

Note. The table shows summary statistics of all numerical variables. P25 represents the

25th percentile, and P75 represents the 75th percentile. Variable definitions can be found

in Table B.2 of Appendix B.2.

4.3 Model and Results

4.3.1 Main model and identification

We begin by studying the impact of various factors on an individual’s Bitcoin adoption.

We are particularly interested in the impact of neighbors’ Bitcoin adoption and neighbors’
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opinions on the focal user’s Bitcoin adoption. We aim to estimate Equation (4.1).

Adopti,t =β1NeighborAdopti,t−1 + β2AdoptBTCPositivei,t−1

+ β3NonAdoptBTCPositivei,t−1 + Controli,t−1 + γi + δt + ϵi,t

(4.1)

The main challenge is to address the endogeneity concern of the effect of neighbors on the

focal user’s adoption, which might be merely a correlation instead of a causal social learning

effect. Specifically, endogeneity could arise from endogenous network formation, correlated

unobservables, or simultaneity (Moffitt 2001, Bramoullé et al. 2016).

First, endogenous network formation means that a user may choose to form links with

others (neighbors) when they have similar trading preferences. For example, a user may

prefer a high-risk trading strategy, thus choosing a neighbor employing a high-risk trading

strategy. In this case, the observed correlation could arise from omitted variables that

represent the individual’s hidden preferences. We include the user-level fixed effect (γi)

to account for any user-level unobserved characteristics that affect the formation of the

network.10 It also captures other inherent preferences toward adopting Bitcoin. As a result

of including the user-level fixed effects, we cannot estimate coefficients for time-invariant

covariates such as age, trading experience, risk level, or income in Equation (4.1).

Unobserved exogenous events that influence the adoption decision of the focal user and

others at the same time pose a second concern that may explain correlations in Equation

(4.1) beyond social learning. For example, an increase in the Bitcoin price may lead to

a higher likelihood of adoption. Bitcoin may also become more attractive when it receives

more public attention. Such factors change over time and we control them using weekly-level

fixed effects (δt). We further alleviate this concern using an instrumental variables approach,

following the practice in literature (Patacchini and Zenou 2008, Bifulco et al. 2011). We

use neighbors’ characteristics, that is, gender, age, income, risk level, and trading experience

as instrument variables for the neighbors’ adoption status and posts (NeighborAdopti,t−1,

10We acknowledge the user’s preference on network formation is assumed to be fixed over time, following
the practice in literature (Nair et al. 2010, Ameri et al. 2019).
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AdoptBTCPositivei,t−1, and NonAdoptBTCPositivei,t−1).11 The rationale behind our in-

strumental variables is that the neighbors’ characteristics do not directly influence the focal

user’s adoption decision, as these characteristics are collected by the platform but are not

explicitly displayed to the public, thereby satisfying the exclusion condition. Furthermore,

given our dynamic networks, even though these neighbors’ characteristics are time-invariant,

the instrumental variables capture the time-variant changes of neighbors, providing sufficient

variations.

Third, the simultaneity means that the focal user’s adoption and the neighbors’ behaviors

may happen concurrently. To mitigate this concern, in our regression model, the dependent

variable is measured at time t, and the independent variables are measured at time t − 1.

Past trading activities can influence an investor’s future trading decisions. For example,

biased self-attribution of past returns can increase investors’ overconfidence and lead to

higher trading intensity (Odean 1998, Barber and Odean 2000). This may also influence the

investor’s perceived knowledge (Merkle 2017) on Bitcoin and influence the adoption decision.

Therefore, we control user i’s trading performance (AccReturn and AccSD), proxies for user

i’s trading strategy (AccTrade, Diversification, and NTrade), and the length of time user

i has been trading on the platform (Tenure). We also control the total number of user

i’s neighbors (Neighbor_N) and the average number of posts made by user i’s neighbors

(Post_N) in Equation (4.1).

In panel data, the coefficient estimates using traditional probit or logit with fixed-effects

may be biased due to the incidental parameter problem (Neyman and Scott 1948). Conse-

quently, we apply a linear probability model (LPM) with individual-level (γi) and week-level

(δt) fixed effects. Since we have a large number of individuals and periods, the linear proba-

bility model with fixed effects should yield unbiased estimates (Horrace and Oaxaca 2006).

11To aggregate the characteristics of neighbors, we take the average values of the characteristics. For
categorical characteristics, we use the fraction of male neighbors to aggregate for gender. For age, trading
experience, risk level, and income, we first convert each categorical value into a numerical number and then
take the average among the neighbors. For instance, for the categorical age range 18-24, we approximate
and convert it into a numerical value of 21.



63

4.3.2 Main results

We estimate the model using a two-stage least squares (2SLS) regression approach. In

the first stage, we regress neighbor-related variables on instrumental variables representing

neighbors’ characteristics. In the second stage, we regress the user’s Bitcoin adoption decision

on the fitted values obtained from the first stage to identify the social learning effects from

other confounding factors. We summarize the results in Table 4.2. Columns (1) - (3) show

the results of first-stage regressions and Column (4) shows the result of the second-stage

regression. We conduct various tests for underidentification and weak identification of the

endogenous regressors, with the statistics reported in Table 4.2. All statistical tests support

the validity of our instrumental variables.12

Table 4.2 shows a positive coefficient on NeighborAdopt, indicating that a user with

more neighbors who have adopted Bitcoin is more likely to adopt Bitcoin. We also find that

adopters who post positively about Bitcoin significantly increase the likelihood of adoption

of the focal user (indicated by the positive coefficient of AdoptBTCPositive), while non-

adopters who post positively about Bitcoin significantly decrease the likelihood of adoption

of the focal user (indicated by the negative coefficient of NonAdoptBTCPositive). This

indicates that users who consider the opinions of others (neighbors) also pay attention to

their actual trading actions. Users prefer to learn from those whose opinions and actions are

consistent. When actions and voiced opinions are inconsistent, this actually has a detrimental

effect on the adoption decision.

The coefficient of Neighbor_N is significantly negative, indicating that individuals with

a larger number of neighbors are less likely to adopt Bitcoin. One possible explanation is that

exposure to a variety of information sources might lead to encountering conflicting opinions

12We report the Sanderson-Windmeijer (SW) first-stage F statistics and Chi-squared statistics (Sanderson
and Windmeijer 2016) for each endogeneous regressor. These statistics provide evidence against underiden-
tification and weak identification of these endogenous regressors, respectively. We also conduct additional
tests for the joint identifiability of these endogenous regressors. The weak identification test, Cragg–Donald
Wald F statistics (Cragg and Donald 1993), is 131.73; the Kleibergen-Paap Wald rk F statistic (Kleibergen
and Paap 2006) is 32.54; the underidentification test, Kleibergen–Paap rk LM statistic (Kleibergen and
Paap 2006), is 161.12.
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Table 4.2: Main model estimation results

First Stage Second Stage

NeighborAdopt AdoptBTCPositive NonAdoptBTCPositive Adopt

(1) (2) (3) (4)
̂NeighborAdopt 0.237***

(0.040)
̂AdoptBTCPositive 4.698***

(0.538)
̂NonAdoptBTCPositive -2.688***

(0.347)

Neighbor_N 0.011*** 0.013*** -0.001*** -0.044***

(0.001) (0.000) (0.000) (0.007)

Post_N -0.00003*** 0.000001*** 0.00001*** 0.00003***

(0.000) (0.000) (0.000) (0.000)

AccTrade -0.002*** -0.001*** -0.002*** -0.014***

(0.000) (0.000) (0.000) (0.001)

Tenure -0.002 0.001*** 0.001*** 0.022***

(0.001) (0.000) (0.000) (0.002)

NTrade -0.001*** 0.0001*** 0.001*** 0.004***

(0.000) (0.000) (0.000) (0.000)

Diversification 0.003** 0.001** 0.004*** 0.138***

(0.001) (0.000) (0.000) (0.004)

AccReturn 0.00003*** 0.00001*** -0.00001 -0.0002***

(0.000) (0.000) (0.000) (0.000)

AccSD 0.00006*** 0.00002*** -0.00005*** -0.0004***

(0.000) (0.000) (0.000) (0.000)

NeighborGender -0.049*** -0.004*** -0.007***

(0.003) (0.001) (0.000)

NeighborAge -0.001*** -0.0003*** -0.001***

(0.000) (0.000) (0.000)

NeighborRisk -0.00000967 0.00004** 0.0001***

(0.000) (0.000) (0.000)

NeighborExperience -0.020*** 0.002*** 0.008***

(0.002) (0.000) (0.000)

NeighborIncome 0.016*** 0.000*** 0.001***

(0.001) (0.000) (0.000)

Constant 0.004** 0.000 -0.000

(0.001) (0.000) (0.000)

User-level FE Yes Yes Yes Yes

Week-level FE Yes Yes Yes Yes

Observations 2,316,559 2,316,559 2,316,559 2,316,559

SW F Statistics 88.81*** 58.70*** 57.04*** -

Note: Standard errors clustered at the user level are in parentheses. * p < 0.1, ** p < 0.05, ***

p < 0.01.
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about Bitcoin trading, thereby decreasing the likelihood of adoption.13 We also find that

a user with more frequent trading, longer trading experience on the platform, a preference

for a diversified investment portfolios, and a history of poorer trading performance is more

likely to adopt Bitcoin.

4.3.3 The moderating effect of product uncertainty

Cryptocurrency adoption differs from other products primarily due to its high product un-

certainty. Since cryptocurrency has limited intrinsic value, its value is difficult to identify

and based on investors’ own valuation. The moderating effect of such high product uncer-

tainty on social learning remains under-explored in the literature. We address this gap by

analyzing how uncertainty about the value of cryptocurrency moderates social learning.

We quantify the product uncertainty using the volatility of Bitcoin prices. We define

the volatility as the standard deviation of daily log-returns of Bitcoin over the past 90 days

(following Kumar 2009, etc.). We create a dummy variable V olatility_Hight that takes a

value of 1 if the observed volatility in period t is above the median volatility in our data

sample, and 0 otherwise. We formulate the model with the moderator in Equation (4.2).

Adopti,t =β1NeighborAdopti,t−1

+ β2AdoptBTCPositivei,t−1 + β′
2V olatility_Hight−1 × AdoptBTCPositivei,t−1

+ β3NonAdoptBTCPositivei,t−1 + β′
3V olatility_Hight−1 × NonAdoptBTCPositivei,t−1

+ Controli,t−1 + γi + δt + ϵi,t

(4.2)

We present our estimation results in Column (1) of Table 4.4. Again, our major esti-

mates are consistent with the results from the main model reported in Column (4) in Table

4.2. Notably, we observe a significant moderating role related to volatility. High volatility

significantly increases a focal user’s adoption of Bitcoin. Positive posts of adopters increase

the probability to adopt, thereby increasing the overall effect. Even though positive posts of

13We perform additional analysis and validate this argument in Appendix B.4.
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non-adopters in times of high volatility still decrease the probability of adopting, the negative

effect of non-adopters is mitigated.

Prior research has shown a substantial presence of speculative investors in the Bitcoin

market (Wei and Dukes 2021). These investors thrive on volatility, aiming to capitalize on

rapid price changes and make quick profits. When volatility is high, speculative opportunities

tend to increase. Our results suggest that when the volatility is high, users are more likely

to be influenced by positive Bitcoin sentiments from credible neighbors whose actions and

opinions are consistent, reinforcing their speculative belief in adopting Bitcoin. As a result,

they tend to adopt Bitcoin during periods of higher volatility. Even the impact of less credible

neighbors, whose opinions and actions are inconsistent, diminishes, as the focal user’s strong

desire to speculate and adopt Bitcoin becomes dominant.

4.3.4 Heterogeneous effects on user characteristics

Social learning may differ across users depending on their demographic characteristics and

socio-economic backgrounds. To understand how social learning varies across different seg-

ments of users, we analyze heterogeneous effects based on various demographic characteris-

tics. Specifically, we focus on the user’s age, income, self-reported risk preferences (levels),

and trading experience.14 We create a set of dummy variables that split our sample at the

median, with respect to each characteristic. Table 4.3 summarizes the construction of our

dummy variables. We formulate our heterogeneous effect model in Equation (4.3).

Adopti,t =β1NeighborAdopti,t−1 + β2AdoptBTCPositivei,t−1 + β′
2Characi × AdoptBTCPositivei,t−1

+ β3NonAdoptBTCPositivei,t−1 + β′
3Characi × NonAdoptBTCPositivei,t−1

+ Controli,t−1 + γi + δt + ϵi,t

(4.3)

where Characi represents each characteristic of user i defined in Table 4.3.

14We do not study heterogeneous effects of gender, because our data is highly skewed toward male investors
and has 9% of female investors.
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Table 4.3: Binary categorization of demographic characteristics

Variable Definition

Age_Y oung 1, if a user’s age is less than 45 years old, and 0 otherwise

Income_High 1, if a user’s annual income is greater than 50,000 U.S. dollars, and 0 otherwise.

Risk_High 1, if a user’s risk preference is above medium, and 0 otherwise.

Experience_Long 1, if a user’s trading experience is more than 1 year, and 0 otherwise.

We present our estimation results in Table 4.4. Columns (1) - (4) show the estimation

results from heterogeneous effects on the user’s age, income, risk preference, and trading ex-

perience. Our main estimates are consistent with the results from the main model reported in

Column (4) in Table 4.2. Interestingly, the learning effect from adopters is more pronounced

among older and high-income users. The interaction with Age_Y oung (see Column (2)

from Table 4.4, with a coefficient of -2.330) is significantly negative and about 1/3 of the

magnitude of the main effect. Conversely, the (negative) learning from non-adopters is more

substantial among younger and low-income users. Here, the interaction with Age_Y oung

(Column (2) from Table 4.4, with a coefficient of -1.112) is also significantly negative and

about 2/3 of the magnitude of the main effect. We do not find any significant heterogeneous

effects concerning a user’s risk preference or trading experience.

Our results indicate that high-income and older users are more susceptible to opinions

from their neighbors, with an increased positive influence from adopters’ positive senti-

ments and a decreased negative impact from non-adopters’ positive sentiments. Surpris-

ingly, younger users exhibit more conservative behaviors interpreting positive sentiments

from neighbors, despite typically being associated with a higher risk tolerance (Grable 2000).

This can be attributed to a higher peer influence observed in older age groups (Steinberg

and Monahan 2007) and is also consistent with the observation of Cheng et al. (2013) who

show that older investors trade with lower discipline.
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Table 4.4: Results of moderating and heterogeneous effects

Volatility Age Income Risk Experience

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

NeighborAdopt 0.262*** 0.211*** 0.242*** 0.237*** 0.237***

(0.041) (0.0377) (0.0405) (0.0389) (0.0398)

AdoptBTCPositive 4.268*** 6.071*** 4.197*** 4.394*** 4.270***

(0.572) (0.894) (0.530) (0.590) (0.569)

× V olatility_High 0.888***

(0.306)

× Age_Y oung -2.330***

(0.778)

× Income_High 1.645***

(0.633)

× Risk_High 0.241

(0.491)

× Experience_Long 0.714

(0.490)

NonAdoptBTCPositive -5.321*** -1.646*** -2.952*** -3.013*** -2.529***

(0.802) (0.505) (0.420) (0.538) (0.418)

× V olatility_High 3.111***

(0.632)

× Age_Y oung -1.112*

(0.621)

× Income_High 1.152*

(0.612)

× Risk_High 0.748

(0.617)

× Experience_Long -0.246

(0.606)

Neighbor_N -0.045*** -0.037*** -0.043*** -0.042*** -0.044***

(0.007) (0.007) (0.007) (0.007) (0.007)

Post_N 0.0001*** 0.00003*** 0.00003*** 0.00003*** 0.00003***

(0.00001) (0.000) (0.000) (0.000) (0.000)

AccTrade -0.012*** -0.013*** -0.013*** -0.014*** -0.014***

(0.001) (0.00139) (0.00145) (0.00144) (0.00146)

Tenure 0.022*** 0.021*** 0.022*** 0.022*** 0.022***

(0.002) (0.002) (0.002) (0.002) (0.002)

NTrade 0.003*** 0.004*** 0.004*** 0.004*** 0.004***

(0.0004) (0.000) (0.000) (0.000) (0.000)

Diversification 0.134*** 0.135*** 0.137*** 0.137*** 0.138***

(0.004) (0.004) (0.004) (0.004) (0.004)

AccReturn -0.0002*** -0.0002*** -0.0002*** -0.0002*** -0.0002***

(0.00004) (0.000) (0.000) (0.000) (0.000)

AccSD -0.0004*** -0.0003*** -0.0004*** -0.0004*** -0.0004***

(0.0001) (0.000) (0.000) (0.000) (0.000)

User-level FE Yes Yes Yes Yes Yes

Week-level FE Yes Yes Yes Yes Yes

Observations 2,316,559 2,316,559 2,316,559 2,316,559 2,316,559

Note. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The dependent

variable is Adopti,t. The definitions of demographic variables are in Table 4.3.
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4.4 Mechanisms

In this section, we aim to uncover the mechanisms that may explain our main finding. First,

we delve into textual analysis and trading duration analysis to gain deeper insights into the

users’ opinions. Additionally, we explore two possible alternative explanations for our main

findings: awareness and the profitability of neighbors.

4.4.1 Textual analysis

We find that positive Bitcoin posts from neighboring adopters prompt the focal user to

adopt Bitcoin, while positive Bitcoin posts from neighboring non-adopters deter the focal

user from adopting Bitcoin. We further explore potential textual differences between the

posts of adopters and non-adopters. Specifically, we focus on the following aspects that

could influence the effectiveness of post content and are potentially associated with users’

learning:

• The length of posts. Longer sentences may boost the learning effect because they

usually offer a more thorough and convincing argument. After removing the stop

words and punctuations, we count the number of words for each post. We analyze the

length of posts to examine whether a longer post is associated with a greater learning

effect.

• External validation. By citing external resources, people can bolster their arguments.

Users may learn more from posts that include links to external sources because these

provide additional credibility. We observe that users’ posts frequently include URLs

directing to external resources like policy guides or news articles (e.g., from coin-

desk.com). Thus, we examine whether incorporating these external resources is as-

sociated with a larger learning effect.

• The informativeness of posts. To measure the informativeness of each post, we apply
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the Flesch-Kincaid readability tests (Kincaid et al. 1975).15 A higher score presents

higher informativeness. We explore whether the level of informativeness in posts is

associated with the learning effect.

• Forward-looking statements. For listed companies, managers often use forward-looking

statements to inform market participants about future prospects, though there is ongo-

ing debate (e.g., Hassanein and Hussainey 2015, Wang and Hussainey 2013) regarding

how they impact firm valuation. It is unknown how investors perceive forward-looking

statements from others, particularly for cryptocurrencies where there is a lack of regula-

tion and limited fundamental values. To examine whether a post with forward-looking

statements is associated with a greater/lower influence, we utilize a FinBERT-based

(Araci 2019) model to label whether a post contains forward-looking statements.16

Table 4.5 summarizes the textual measures based on different categorizations of posts.

Panel (a) in Table 4.5 shows that Bitcoin-related posts are longer, are more likely to in-

clude external URLs, contain more forward-looking statements, and are less informative,

compared to non-Bitcoin posts. From Panel (b) and (c) in Table 4.5, both adopters and

non-adopters write longer posts, are more likely to include external URLs, and exhibit more

forward-looking tendencies in Bitcoin-related posts than non-Bitcoin-related posts. A no-

table difference is that adopters’ Bitcoin-related posts are more informative than their non-

Bitcoin-related posts, while the opposite is true for non-adopters. From Panel (c) and (d)

in Table 4.5, adopters write longer, more informative posts with a higher likelihood of in-

cluding external validations in their positive Bitcoin posts, compared to their negative or

15We use the Python package textstat to calculate the score of each post. The score calculated by the
package ranges from 0 to 100, and a higher score means lower informativeness. We derive our informa-
tiveness score by subtracting the score calculated from the package from 100. To provide a benchmark
for the informativeness score, we report the relevance scores of some major media outlets. According to
Flesch (1979), the New York Daily News scores 40, The Times scores 48, the Wall Street Journal scores
57, the New York Times scores 61, and the Harvard Law Review scores 68.
16The model is fine-tuned to detect forward-looking statements on 3,500 manually annotated sentences

from Management Discussion and Analysis section of annual reports of Russell 3000 firms.
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Table 4.5: Summary statistics of textual measures

(a) All Posts (b) All Posts

Bitcoin Non-Bitcoin Adopter Non-Adopter

Avg. length of posts 52.48 31.74 26.28 36.12

% Posts w/ URL 22.54% 14.20% 13.03% 15.36%

Avg. informativeness 18.69 19.40 15.99 21.37

% Posts w/ forward-looking statements 9.34% 5.96% 7.95% 4.98%

(c) Bitcoin Posts (d) Positive Bitcoin Posts

Adopter Non-Adopter Adopter Non-Adopter

Avg. length of posts 48.08 79.20 95.81 75.26

% Posts w/ URL 20.99% 31.93% 39.38% 17.15%

Avg. informativeness 18.35 20.76 29.74 25.86

% Posts w/ forward-looking statements 9.25% 9.85% 9.35% 13.19%

Note. (a) All posts related to Bitcoin versus non-Bitcoin; (b) All posts from adopters

versus non-adopters; (c) Bitcoin-related posts from adopters versus non-adopters; (d)

Positive Bitcoin-related posts from adopters versus non-adopters.

neutral Bitcoin posts. Conversely, non-adopters write shorter posts with a lower likelihood

of including external validations in their positive posts, compared to their negative or neu-

tral Bitcoin posts. Additionally, we observe that non-adopters have a higher likelihood of

including forward-looking statements in positive Bitcoin posts, compared to their neutral or

negative Bitcoin-related posts, while adopters have a similar likelihood between positive and

neutral or negative Bitcoin-related posts.

To summarize, we first observe that users put more effort into their posts (e.g., writ-

ing longer posts, including more external URLs, or providing more information) when the

sentiment of the Bitcoin-related posts aligns with their adoption status (i.e., adopters write
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Bitcoin-related posts with positive sentiments, while non-adopters write Bitcoin-related posts

with non-positive sentiments). This suggests that users whose opinions and actions align tend

to put extra effort into their posts to support their actions. Our main results suggest that

only when users’ opinions align with their actions, the likelihood of focal user’s adoption

increases. Hence, these additional efforts by users, whose opinions and actions align, are

associated with greater learning opportunities for others. Second, we observe that Bitcoin-

related posts are more likely to contain forward-looking statements. Unlike financial reports

where executives use forward-looking statements for future forecasts, the forward-looking

statements in Bitcoin-related posts on social trading platforms lack credible information

sources due to the absence of central regulation and a fundamental value associated with

Bitcoin. More importantly, non-adopters tend to include more forward-looking statements

in their positive Bitcoin posts. Our main results suggest that positive sentiment from neigh-

boring non-adopters decreases the likelihood of adoption. Therefore, the higher prevalence of

forward-looking statements in neighboring non-adopters’ positive Bitcoin posts is associated

with a decreased likelihood of focal users adopting Bitcoin.

We conduct a more integrated analysis to further test these conjectures. We estimate a

linear regression model with user-level and week-level fixed effects to control for unobserved

individual characteristics and time-specific influences. The dependent variables are the length

of post, whether the post contains a URL, the informativeness of the post, and whether

the post contains forward-looking statements, respectively. The explanatory variables are

the user’s adoption status (Adopt, takes a value of 1 when the user adopts Bitcoin, and 0

otherwise.), the relevance to Bitcoin (IS_BTC, takes a value of 1 when the post is relevant

to Bitcoin, and 0 otherwise), and post sentiment (Positive, takes a value of 1 when the post

has a positive sentiment, and 0 otherwise). To obtain richer insights, we also incorporate the

interaction terms. We summarize estimation results in Table 4.6.

Table 4.6 indicates that Bitcoin posts are characterized by forward-looking, higher in-

formativeness, greater length, and a higher likelihood of including URLs. This observation

supports the notion that social media-type information is particularly important for cryp-
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Table 4.6: Results of textual analysis

Dependent Variable Length URL Informativeness Forward-looking

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

Adopt 0.437 0.124*** 2.831*** 0.046***

(0.298) (0.003) (0.321) (0.002)

IS_BTC 39.790*** 0.219*** 1.833*** 0.022***

(2.001) (0.012) (0.630) (0.008)

Positive 9.294*** 0.004** 4.856*** 0.003**

(0.249) (0.002) (0.154) (0.002)

IS_BTC × Adopt -34.240*** -0.208*** -1.911** -0.015*

(2.066) (0.013) (0.769) (0.009)

IS_BTC × Positive -8.447** -0.192*** -0.251 0.016

(4.011) (0.018) (1.164) (0.019)

Adopt × Positive 2.375*** -0.040*** 0.268 0.005*

(0.401) (0.003) (0.279) (0.003)

IS_BTC × Adopt × Positive 37.330*** 0.286*** 1.610 -0.053**

(4.259) (0.020) (1.325) (0.021)

Intercept 29.480*** 0.100*** 17.100*** 0.043***

(0.137) (0.001) (0.123) (0.001)

User-level FE Yes Yes Yes Yes

Week-level FE Yes Yes Yes Yes

Observations 411,144 411,144 411,144 411,144

Note. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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tocurrencies. We also find that posts from adopters are typically more likely to include URLs

and forward-looking statements, and are more informative compared to posts from non-

adopters. Adopters who share negative sentiments related to Bitcoin tend to deviate from

their typical posting pattern of less forward-looking, higher informativeness and inclusion of

URLs, as indicated by the coefficients of Positive, Positive × Adopt, Positive × IS_BTC

and IS_BTC×Adopt×Positive jointly. These posts are more forward-looking, less informa-

tive, shorter, and less likely to include URLs compared to neutral or negative Bitcoin-related

posts. In contrast, adopters who express positive sentiments about Bitcoin write longer posts

and are more likely to include URLs. Thus, adopters who express positive opinions about

Bitcoin use less forward-looking statements and put more effort into their posts. Similarly,

non-adopters who share positive posts about Bitcoin are more forward-looking and less likely

to include URLs compared to their negative posts as indicated by the coefficients of Positive

and Positive × IS_BTC jointly.

4.4.2 Trading duration analysis

Although social media is not always reliable and people may express strategic opinions on

investments,17 our textual analysis suggests that users on social trading platforms exert more

effort when they share opinions that are consistent with their Bitcoin trading actions. We

provide additional evidence that users indeed share credible opinions related to Bitcoin by

examining the consistency between the opinions expressed in users’ posts and their corre-

sponding trading actions.

To this end, we examine the relationship between the duration of each trade and the user’s

expressed sentiment in their posts. The duration (holding time) of each trade is quantified

by the time interval in hours between the opening and closing time of the trade. The trade

duration reflects the user’s actual trading actions of Bitcoin. Our hypothesis is that if users

truly express a positive sentiment towards Bitcoin, they are likely to maintain their Bitcoin

17https://www.flyingvgroup.com/socialmediastrategy/social-media-financial-services/, last
accessed on June 26, 2024.

https://www.flyingvgroup.com/socialmediastrategy/social-media-financial-services/
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positions for a longer duration.

We analyze all Bitcoin trades, categorizing them into three distinct groups based on the

sentiment and timing of posts.

1. Trades during which the focal user posts positive sentiments about Bitcoin between

the opening and closing times of the trade.

2. Trades during which the focal user posts negative or neutral sentiments about Bitcoin

between the opening and closing times of the trade.

3. Trades during which the focal user does not make any post about Bitcoin between the

opening and closing times of the trade.

We plot the cumulative distribution of trade duration in each group in Figure 4.2.18

Figure 4.2 suggests a tendency for users to retain Bitcoin for a longer duration when they

share positive sentiments about Bitcoin. The trade duration of those from Group I clearly

dominates the cumulative probability distribution compared to the other groups. These

findings provide further evidence that users, on average, put their money where their mouth

is.

Again, we provide a more integrated analysis of potentially manipulative trading behavior

among traders. We estimate a linear regression model on the holding time of each Bitcoin

trade with user-level and week-level fixed effects (the week when the trade was opened).

Explanatory variables are whether the user makes a Bitcoin-related post during the holding

time of the trade (NoPost, takes a value of 1 when the user does not make a Bitcoin-related

post during the holding interval, and 0 otherwise), the sentiment of Bitcoin-related posts

(Positive, takes a value of 1 when the post has a positive sentiment, and 0 otherwise), and

the profit of the trade (Profit). The binary variables NoPost and Positive capture whether

the user posts during the holding interval, and in the case of posting, the sentiment expressed

in the post. We summarize the estimation results in Table 4.7.

18We take the logarithm of the trade duration due to its high skewness.
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Figure 4.2: Cumulative distribution of trade duration by different groups

Table 4.7: Results of trading duration analysis

Dependent Variable Holding time

(1)

NoPost -1.453***

(0.056)

Positive 0.556***

(0.096)

Profit 0.001***

(0.000)

Intercept 4.952***

(0.056)

User-level FE Yes

Week-level FE Yes

Observations 105,417

Note. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 4.7 indicates that users who make positive Bitcoin-related posts during the holding

interval also hold Bitcoin positions longer compared to the other two scenarios. Interestingly,

investors who do not post about Bitcoin hold positions, on average, shorter than investors

who post neutrally or negatively about Bitcoin. We also find that higher profits correlate

with longer holding durations of trades. Our results indicate that users on the platform, on

average, post in line with their trading activities. The consistency between user’s expressed

opinions and trading actions enhances the credibility of social communication on the social

trading platform.

4.4.3 Awareness

Rather than obtaining informative insights from their neighbors, users may simply become

aware of Bitcoin. Thus, it may be the case that social learning is restricted to knowing

about the digital assets. Users might initially be unaware of Bitcoin, and their adoption

decision could be driven by their first awareness of Bitcoin. To disentangle whether users

simply become aware of Bitcoin or whether they may obtain informative insights from their

neighbors, we estimate a variation of our main model using a sub-sample composed of users

who were already aware of Bitcoin prior. Specifically, we use those users with prior Bitcoin

trading or posting activity, as these clearly are already aware of Bitcoin. The sub-sample

accounts for approximately 18% of the full data sample. As users were already aware of

Bitcoin prior to the adoption decision, the decision to adopt can no longer be explained by

the awareness alone.

We summarize the estimation results in Column (1) of Table 4.8. We observe a signifi-

cantly positive coefficient on NeighborAdopt, highlighting the importance of social learning

in the adoption of Bitcoin trading that goes beyond awareness. More importantly, we find

that adopters who post positively about Bitcoin significantly increase the likelihood of adop-

tion of the focal user, while non-adopter who post positively about Bitcoin significantly

decrease the likelihood of adoption of the focal user. These results are consistent with our

main estimation results.
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Table 4.8: Alternative mechanisms: awareness and profitability of neighbors

Awareness Profitability of Neighbors

Traded/posted Bitcoin Full sample Sub-sample

(1) (2) (3)

NeighborAdopt 0.103** 0.236*** 0.170***

(0.045) (0.042) (0.041)

AdoptBTCPositive 3.793*** 4.703*** 3.107***

(0.895) (0.541) (0.315)

NonAdoptBTCPositive -1.990*** -2.698*** -1.210***

(0.569) (0.349) (0.174)

AdoptReturn – -0.003*** 0.003***

– (0.0006) (0.001)

NonAdoptReturn – 0.00004 0.000

– (0.00003) (0.000)

Neighbor_N -0.023 -0.045*** -0.020***

(0.014) (0.008) (0.004)

Post_N -0.00002 0.00003*** 0.00003

(0.00002) (0.00001) (0.000)

AccTrade -0.114*** -0.014*** -0.011***

(0.007) (0.001) (0.001)

Tenure -0.131*** 0.022*** 0.015***

(0.012) (0.002) (0.002)

NTrade 0.029*** 0.004*** 0.003***

(0.001) (0.0004) (0.000)

Diversification 0.123*** 0.122***

(0.015) (0.004) (0.003)

AccReturn 0.0003 -0.0002*** -0.0001***

(0.0003) (0.00004) (0.000)

AccSD -0.002*** -0.0004*** -0.0002***

(0.000) (0.0004) (0.00005)

User-level FE Yes Yes Yes

Week-level FE Yes Yes Yes

Observations 459,105 2,316,559 2,078,139

Note. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The table

summarizes estimation results studying alternative mechanisms. The dependent variable is

Adopti,t.
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4.4.4 Profitability of neighbors

Another explanation for our main finding could be that the focal user’s decisions are in-

fluenced by their neighbors’ profitability, rather than the sentiments expressed in Bitcoin-

related posts. Thus, users could be driven by a fear of missing out and try to keep up with

the Joneses (see, e.g., Klocke et al. 2022, among others), rather than obtaining informative

insights from their neighbors. To address this concern, we control for neighbors returns.

Specifically, we control for the average profit of adopters (AdoptReturn) and non-adopters

(NonAdoptReturn). The idea is to differentiate the effects of sentiments expressed in posts

from the financial performance of neighbors. We re-estimate our main model and present

the estimation results in Column (2) of Table 4.8. We find that the results are consistent

with the results from the main model.

We further investigate the impact of neighbors’ trading performance and compare the

average profit of adopters and non-adopters from the focal user’s neighbors. To ensure a

fair comparison, we compare adopters and non-adopters who participate in trading activities

during the same time period. The mean profit for adopters is -0.0617, while the mean profit

for non-adopters is 1.0191. The average profit for non-adopters is significantly (p < 0.01)

greater than that of adopters. In line with this observation, in 60.8% of users’ neighborhood,

non-adopters perform better than adopters, on average. In the remaining 39.2% of users’

neighborhood, adopters are more profitable than non-adopters, on average. We further

exclude those users from our analysis. Specifically, we exclude observations where users’

adopted neighbors perform better than non-adopters and re-estimate our main model. We

summarize the result in Column (3) of Table 4.8, and the results remain consistent. This

further mitigates the concern that “keeping with the Joneses" explains our findings.

4.5 Robustness Checks

In this section, we present a series of robustness checks to further test our main results. First,

our main model is based on the full data sample from the social trading platform. We conduct
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a robustness test using a focused subsample comprising more active users. Specifically, we

select those users who have been active for over one month on the platform and have executed

at least five trades during our observation period. This criterion ensures that our analysis

accurately represents the behaviors of traders who consistently engage on the platform, as

opposed to those who participate occasionally or only once. We estimate the model based

on this subsample and present the estimation results in Column (1) of Table 4.9. The results

align with the major findings from the main model.

Second, it is possible that different sentiment dictionaries generate different sentiment

scores, which might affect the estimated effects of sentiment-related variables. In our main

model, we implement a sentiment approach commonly used in financial text analysis. Con-

sidering the unique combination of financial and social media dynamics inherent in social

trading platforms, we now apply an alternative sentiment analysis approach. Specifically,

we implement the Valence Aware Dictionary and sEntiment Reasoner (VADER) (Hutto and

Gilbert 2014), a lexicon and rule-based tool that is particularly adept at deciphering sen-

timents expressed on social media. Then, we estimate the model based on the alternative

measurement of sentiment and summarize the estimation results in Column (2) of Table 4.9.

We find that the results from this alternative measurement of sentiment are consistent with

our main results.

Third, our main analysis includes users who may have adopted Bitcoin at some point

in the past, discontinued trading the cryptocurrency, and re-adopt Bitcoin. One may argue

that these users do not provide the cleanest identification because of potentially confounding

effects of the first adoption. We now address this concern and explicitly focus on a subsample

of users who adopt Bitcoin for the very first time. This rules out any potential effects from

a prior Bitcoin adoption experience in our data. We summarize the estimation results in

Column (3) of Table 4.9. The results are consistent with our main results.

Fourth, in our main model, we include the user-level fixed effects to account for the

unobserved heterogeneity of users. However, including user-level fixed effects may introduce

information from the future into the model. This may happen during the demeaning of
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Table 4.9: Results from robustness tests

Sub-sample w Alternative Measurement Sub-sample w/o Model w/o

more active users of sentiment repetitive adoption User-level FE

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

NeighborAdopt 0.228*** 0.060* 0.195*** 0.121***

(0.040) (0.028) (0.035) (0.035)

AdoptBTCPositive 4.862*** 3.756*** 3.490*** 6.070***

(0.533) (0.481) (0.498) (0.329)

NonAdoptBTCPositive -2.275*** -3.741*** -1.835*** -3.206***

(0.297) (0.468) (0.313) (0.270)

Neighbor_N -0.042*** -0.002 -0.040*** -0.055***

(0.007) (0.004) (0.007) (0.004)

Post_N 0.00001 0.00002** 0.00002** 0.0001***

(0.00001) (0.000008) (0.000) (0.000)

AccTrade -0.021*** -0.010*** 0.018*** -0.035***

(0.002) (0.001) (0.001) (0.001)

Tenure 0.036*** 0.015*** 0.031*** 0.056***

(0.003) (0.002) (0.002) (0.002)

NTrade 0.004*** 0.003*** -0.004*** 0.004***

(0.0004) (0.0004) (0.000) (0.001)

Diversification 0.151*** 0.122*** 0.061*** 0.187***

(0.004) (0.003) (0.004) (0.003)

AccReturn -0.0003*** -0.0001*** -0.0001*** -0.001***

(0.00004) (0.00004) (0.000) (0.000)

AccSD -0.0003*** -0.0002*** -0.0001*** -0.001***

(0.00005) (0.00004) (0.000) (0.000)

User-level FE Yes Yes Yes No

Week-level FE Yes Yes Yes Yes

Observations 1,988,142 2,316,559 2,074,482 2,323,329

Note. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The table

summarizes four robustness checks. The dependent variable is Adopti,t.
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variables when the mean considers the future behavior of users and thereby potentially

contaminates the analysis with information not available at the time of decision-making. To

address this concern, we re-run our main model without the user-level fixed effects. The

result remains consistent (see Column (4) of Table 4.9).

Fifth, in our main model, the two key variables AdoptBTCPositive and NonAdoptBTCPositive

are defined as the percentage of adopters and non-adopters who make positive Bitcoin-

related posts. To further validate the robustness of our findings, we employ two alternative

measures for these two key variables. The first alternative measure computes the percent-

age of positive Bitcoin-related posts relative to the total number of posts from adopters

(AdoptBTCPositive) and non-adopters (NonAdoptBTCPositive) in a user’s neighborhood,

respectively. We calculate the percentage aggregating all posts from users at a collective

post-level, while in the main model, we calculate the percentage at the user level. A second

alternative measure simply counts the number of positive Bitcoin-related posts by adopters

(AdoptBTCPositive) and non-adopters (NonAdoptBTCPositive) in the neighborhood, re-

spectively. Thus, this measure relies on the absolute number rather than the percentage of

positive Bitcoin-related posts. We re-estimate our model using these alternative measures

and present the estimation results in Column (1) and (2) of Table 4.10, respectively. We find

that the estimation results are consistent with our main results.

4.6 Conclusion

Social trading platforms have attracted increasing interest in recent years. Unlike traditional

brokerage services, social trading platforms allow investors to view both the trading actions

and opinions of other investors. Although prior literature has studied the impact of others’

opinions on investment decisions, little is known about how the interplay between trading

actions and opinions influences investment decisions. Our study fills this research gap by

exploring the social learning in cryptocurrency adoption on a social trading platform. Cryp-

tocurrency is distinct from traditional financial instruments. Investors rely heavily on social

media to inform their investment decisions. Additionally, the volatile nature of cryptocur-
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Table 4.10: Results from alternative measures of AdoptBTCPositive and NonAdoptBTC-

Positive

By Percentage at post level By Count

(1) (2)

NeighborAdopt 0.170*** 0.264***

(0.034) (0.031)

AdoptBTCPositive - % Post 17.290***

(1.911)

NonAdoptBTCPositive - % Post -7.062***

(1.005)

AdoptBTCPositive - # of Posts 1.645***

(0.155)

NonAdoptBTCPositive - # of Posts -0.963***

(0.168)

Neighbor_N -0.031*** -0.026***

(0.006) (0.004)

Post_N 0.00001

(0.000007)

AccTrade -0.009*** -0.013***

(0.001) (0.001)

Tenure 0.021*** 0.016***

(0.003) (0.002)

NTrade 0.002*** 0.004***

(0.0004) (0.0004)

Diversification 0.124*** 0.129***

(0.004) (0.003)

AccReturn -0.00009** -0.0001***

(0.00004) (0.00004)

AccSD -0.0002*** -0.0003***

(0.00005) (0.00005)

User-level FE Yes Yes

Week-level FE Yes Yes

Observations 2,316,559 2,316,559

Note. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The table

shows the estimation results with alternative measures of AdoptBTCPositive and

NonAdoptBTCPositive.
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rency sets it apart from previous literature on product adoption, where the expected value

of product is typically fixed.

Our paper expands the literature on social learning by exploring the novel context of

cryptocurrency adoption and makes several theoretical contributions. First, we enrich the

social learning literature by examining how the interplay between actions and opinions in-

fluences cryptocurrency adoption. This is crucial because users may express opinions that

contradict their actual trading actions. This phenomenon is particularly prevalent in the

cryptocurrency market, which has less regulation and where users might have incentives to

spread misinformation. Second, we contribute to the literature on social learning by consid-

ering product uncertainty, where the value of the adopted product changes frequently. This

offers a more nuanced understanding of social learning processes in highly volatile contexts.

Our findings provide practical implications on the who, when, and where of fostering

social learning for cryptocurrency promotion (adoption). We first observe a notable learning

effect when trading behavior aligns with expressed opinions, highlighting the importance

of disclosing trading behavior in promoting cryptocurrency, especially in the early stages.

Our findings suggest that engaging actively trading cryptocurrency investors could be more

effective in promoting cryptocurrency than relying solely on opinion leaders. Moreover, our

results show that high-income and older investors are more susceptible to opinions from

their neighbors. Our results also indicate that positive opinions during periods of higher

volatility are more effective in promoting cryptocurrency. Finally, our study highlights the

essential role of transparency, particularly the public disclosure of trading activities, on social

trading platforms in influencing investment decisions. Developers and marketers can leverage

inherent social features and information transparency of social trading platforms to foster

cryptocurrency adoption.

Our study is not without limitations. First, we focus specifically on Bitcoin. While

other cryptocurrencies may exhibit different mechanisms due to their unique characteristics,

many insights derived from Bitcoin can still be extended to other cryptocurrencies. Second,

we focus on social learning in the early stage of cryptocurrency adoption. The process of
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product diffusion may differ between the early and later stages. Future research can inves-

tigate whether the effects of social learning remain relevant in the later stage and how their

magnitudes change. Finally, our study is limited to examining the factors influencing the bi-

nary decision of cryptocurrency trading. Future research can provide a more comprehensive

understanding by exploring the intensity or extent of cryptocurrency trading.
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Chapter 5

TRANSACTIONAL NETWORKS IN NFT MARKETS

5.1 Introduction

The Non-Fungible Token (NFT) market has experienced explosive growth in recent years.

Annual NFT sales jumped from roughly US$ 82 million in 2020 to an estimated US$ 17.7

billion in 2021, a 215× surge that outpaced the early growth of cryptocurrencies themselves.1

NFT marketplaces such as OpenSea and Foundation lower minting costs while embedding

social features, including social media badge, user profile, as well as live bidding to motivate

participation. Yet the same period revealed fragility: average resale profits shrank, liquid-

ity concentrated in a handful of “blue-chip” collections, and by mid-2022 exuberance had

faded amid broader crypto turmoil.2 These boom-and-bust dynamics make NFTs a natural

laboratory for studying digital asset valuation.

An NFT is a unique, indivisible token recorded on a public ledger that confers verifi-

able ownership of a digital object. Three design choices set NFTs apart from conventional

securities or even cryptocurrencies:

1. Non-interchangeability. Each token carries a distinct on-chain identifier, precluding

fungibility.

2. Collection membership. Most tokens reside in branded series (e.g., Bored Ape

Yacht Club, CryptoPunks), creating club-good externalities in which value depends on

who else belongs.

1https://www.axios.com/2022/03/10/nft-sales-17b-2021-report
2https://www.wired.com/story/the-year-the-nft-died-and-came-back-to-life

https://www.axios.com/2022/03/10/nft-sales-17b-2021-report
https://www.wired.com/story/the-year-the-nft-died-and-came-back-to-life
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3. Social price discovery. Community sentiment, creator reputation, and influencer

endorsements often move markets more than intrinsic traits (Dowling 2022, Ante 2023).

These features generate large, rapid swings in valuation that standard asset-pricing mod-

els struggle to reconcile. Early research tackles the puzzle by extracting visual attributes,

including image embeddings, trait rarity, or textual metadata, to forecast sale prices (e.g.,

Borri et al. 2022). However, attribute-centric approaches cannot explain why two almost

indistinguishable Bored Apes can sell for vastly different prices. We argue that the value

of NFTs is socially constructed through transactional history rather than encoded in pixels.

To test this hypothesis, we construct a transactional network in which two NFTs are linked

if they were traded by the same wallet during a time period and then investigate how the

transactional network is associated with NFT pricing.

Utilizing network-structured data imposes some methodological challenges. First, the

dimensionality issue is a major hurdle as the size of networks increases, leading to compu-

tationally expensive estimation processes. This problem is not merely technical but impacts

the feasibility of applying sophisticated models in real-world scenarios where timely data

processing is crucial. Second, network models frequently depend on strong parametric as-

sumptions to characterize network effects. For instance, in studies examining peer influence,

the effect of the network is commonly approximated by averaging the behaviors of neighbors.

This approach, while simplifying the analysis, may overlook the more complex dynamics of

how such influences actually manifest. Indeed, the real interactions and influences within

networks can be far more varied and intricate than what such simplified models capture.

These assumptions can overly constrain the model, hindering its ability to capture the com-

plexities of network dynamics accurately. Third, the issue of limited sample sizes is prevalent;

typically, only a few networks are available for study, or in some cases, just a single network.

This restriction is problematic in the context of large models, which require substantial data

to train effectively and avoid overfitting.

We address these methodological obstacles with a permutation-invariant, set-based ar-
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chitecture inspired by Deep Sets (Zaheer et al. 2017). The local network of each NFT is

considered as an element of a large set, while a set represents the full network structure of a

market. We first demonstrate the validness of this method through simulation studies, next

adapt this method into the real empirical data of the NFT markets.

We construct a comprehensive dataset from OpenSea, the largest decentralized NFT

marketplace on the Ethereum blockchain. Our dataset combines three layers of information:

(i) collection-level metadata such as creator fees, categories, and social media presence; (ii)

item-level attributes including image files and visual traits that drive rarity; and (iii) full

transaction histories capturing wallet addresses, timestamps, and sale prices. To focus on

the formative phase of the NFT economy, prior to the speculative surge of 2021, we restrict

our sample to trades completed on or before January 1, 2021, resulting in 48,192 transactions

across 19,670 distinct tokens. We aggregate NFT prices at the monthly level to construct

return, and build a transactional network in which two items are linked if they were traded

by the same wallet in the same month. Our empirical results show that incorporating

network-based features significantly improves the predictive performance of NFT pricing

models, compared to using only image-based or metadata features. This finding highlights

the critical role of market participants in shaping NFT value.

Our findings offer several important implications for platform design, digital asset pric-

ing, and market monitoring. First, our results suggest that standard hedonic pricing models,

which focus narrowly on token traits, may miss economically meaningful variation driven by

network position. Incorporating transactional network structures can yield more accurate

value assessments, particularly in volatile or thinly traded markets. Second, NFT market-

places may enhance liquidity and price discovery by surfacing transactional provenance—for

example, by displaying badges such as “Previously held by Top 1% trader”, to signal em-

beddedness and trust. Third, this study contributes to a growing body of work that views

digital ownership not as a purely technological innovation, but as a socially embedded process

shaped by interaction histories.
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5.2 Data

We construct our dataset from OpenSea, the largest decentralized marketplace for non-

fungible tokens (NFTs). Because OpenSea accounts for the majority of NFT trading volume

and user activity on the Ethereum blockchain, it provides a natural laboratory for studying

the economic forces that shape NFT value.

Our raw data contain three components:

1. Collection–level metadata. For each collection, we observe its total item count,

creator fee, category (e.g., Art, Gaming), verification badge, social media channels

(official website, Discord, Twitter, Medium, Instagram), launch date, and a free-text

description.

2. Item–level attributes. For every NFT we capture the image file and the plat-

form–supplied visual traits (e.g., color palette, accessory type, background style).

3. Transaction histories. Each on-chain event records the transaction type (sale or

transfer), block-time stamp, sender and recipient wallet addresses, and the price

paid (when a sale occurs).

We scraped all transactions for the top-200 collections listed on OpenSea’s ranking pages.

To analyze price formation during the market’s formative period—and to avoid the extraor-

dinary volatility that began with the 2021 boom—we restrict the sample to trades executed

on or before 1 January 2021. This screening leaves 48,192 transactions. Although the head-

line count of collections is large, trading activity is highly concentrated: 99% of the early

transactions occur in just nine collections (see Table 5.1). Within those nine collections we

retain only NFTs that were actually traded, because our objective is to model the returns of

transacted items. The resulting analysis set contains 19,670 distinct NFTs, of which 3,422

changed hands at least twice.
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Collection Share of Early Transactions

Voxels (formerly Cryptovoxels) 35.03%

CryptoSkulls 29.46%

CryptoPunks 14.20%

Decentraland Wearables 8.52%

MLB Champions 3.18%

BCCG 3.09%

Autoglyphs 3.01%

CryptoSpells 2.89%

Meme Ltd. 0.62%

Table 5.1: Distribution of Pre-2021 Transaction Volume by Collection

We aggregate the item transactions in month, and use the month end price to repre-

sent the price of the month and the change in the month end price as the return for each

NFT; consider the first month of an NFT as the first observation and the last month it has

transaction as the last observation.

We further construct a transactional network among all items, specifically, we consider

two items are linked undirectionally if they have overlap in the user wallet who traded them.

Figure 5.1 illustrates a network from a month. It is worth noting that there is a largest

component in the transactional network with many small components in the network. This

suggests, a portion of NFT items are traded by very similar set of users.
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Figure 5.1: Illustrations of An NFT Network

5.3 Model and Simulation Results

5.3.1 Model

In this section, we provide a general characterization of network-based models. Consider a

scenario where there are N individuals distributed across M distinct networks. Each network

is denoted as Gm and is composed of nodes and edges, represented by Nm and Em respectively.

Here, Nm refers to the set of nodes and Em to the set of edges within network m. Within

each network, nodes are characterized by feature vectors. Specifically, for network m, each

node j has an associated feature vector Xmj, which encapsulates various attributes relevant

to the node’s role and function within the network. These feature vectors represent critical

data points for analysis, as they contain information pertinent to each individual node.

To systematically analyze these networks, we define Xm as the set containing all feature

vectors Xmj for the nodes in network m. Additionally, Gm is defined as the set that includes

both the nodes Nm and the edges Em, collectively outlining the full structure of the network

m. Furthermore, we introduce Emj, a binary vector for each node j within network Gm.

Each element of Emj indicates the presence or absence of an edge between node j and every

other node i in the same network. In this way, all characteristics within Gm can be written

as a set, {Emj, Xmj, εmj}j∈Nm , where εmj denote random errors.
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Network models typically focus on two types of outcomes: node-level outcomes and edge-

level outcomes. This paper specifically concentrates on node-level outcomes. Accordingly,

we observe an outcome vector Ym ∈ RNm for each network m, which records the outcomes

for each node within that particular network.

In the existing literature, the node-level outcome has been extensively studied in various

contexts, illustrating the impact of network structure on individual decisions and behaviors.

For any research question studying the effect of network structures or the interplay of network

structures and individual characteristics on some individual outcome or behavior, the central

challenge is to specify a function that captures all effects, encompassing both network and

non-network influences. Without loss of generality, all network effects or non-network effects

can be represented as a function of Xm, Gm. Therefore, the outcome of an individual could

be expressed as

Ymj = f({Emj, Xmj, εmj}j∈Nm), (5.1)

where εmj denote random errors. Notably, with defining the network functions in this way,

we essentially define a set-based input instead of a vector-based input. This allows us to use

recently developed techniques in set-based input, such as Deep Sets and Transformers.

Next, we specify a few common assumptions.

Assumption 1 (Exogeneity). The unobserved error term εmj is independent and identically

distributed (i.i.d.) across all individuals. This can be expressed as follows:

P(εmj | Xm,Gm) = P(εmj)

Addressing the central issue of endogeneity in network models, prior research has devel-

oped three primary methodologies: first, conducting randomized experiments to eliminate

concerns about endogeneity; second, employing an instrumental variable approach; and third,

incorporating a model of network formation within a structural model framework. Models

utilizing the third approach typically assume that endogeneity can be resolved through ob-

served features after specifying certain functional forms. For example, some methods model
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the network formation process explicitly to address the issue of endogenous network forma-

tion, while the network formation is also explained observed data. In our approach, we do

not make any functional assumptions on how these features affect the outcome. This flexi-

bility allows for the possibility that some characteristics may first impact network formation,

which in turn affects the outcomes.

Assumption 2 (Identity Independence). For any individual j ∈ Nm and any network Nm,

we assume the function f does not depend on the identity of the each indvidual (j ∈ Nm).

That is:

fmj({Emj, Xmj, εmj}j∈Nm) = f({Emj, Xmj, εmj}j∈Nm)

This is a very common assumption in network models where each individual has a ho-

mogeneous network effect model.

We use σj to denote a permutation on all the nodes except the focal node within a

network: Nm \ {j} → Nm \ {j}, and σ−1
j as the inverse permutation. We next make the

assumption below,

Assumption 3 (Permutation Invariance). The network function f is invariant under any

permutation σj applied to the all other nodes within the same network, such that:

ymj = fmj({Emj, Xmj, εmj}, {Emσ−1
j (k), Xmσ−1

j (k), εmσ−1
j (k)}k∈Nm\{j})

This assumption is also common within network data, particularly because the underlying

processes that govern network interactions often do not inherently depend on the specific

ordering of nodes.3 Permutation invariance implies that the behavior or properties of the

focal node j are determined by the characteristics and relationships of the other nodes,

regardless of their specific sequence within the dataset. One important trick to highlight

here is that we include each pairwise relationship among nodes, any permutation on top of

3Some networks may have a ranking for each individual. In such cases, we can consider the ranking as
an observed characteristic of an individual and incorporate into Xmj , then it can become
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it only changes the sequence of the dataset, thus it does not affect the outcome of the focal

individual.

Theorem 1. For any network Gm containing nodes {1, 2, . . . , Nm} with each node j having

a feature vector Xmj and a corresponding outcome Ymj, if the function f representing the

node outcomes satisfies assumptions 1, 2, and 3, then there exists suitable functions ρ, ϕ1,

and ϕ2 such that:

Ymj = ρ

ϕ1(Xmj, Emj) +
∑

k∈Nm\{j}
ϕ2(Xmk, Emk)

 ,

where Xmj represents the feature vector for node j and Xmk for the nodes k in the network,

excluding node j.

This result is a generalization of the results shown in Zaheer et al. (2017) and can be

demonstrated using similar arguments. The above result illustrates that the input space of

the network function does not scale quadratically with the number of nodes. Instead, the

input dimensions of the network function, specifically through the transformations ϕ1 and

ϕ2, increase linearly with the sum of the number of nodes and the number of features per

node. This aspect is a significant advantage of this modeling approach. This characteristic

facilitates the management of large networks without the computational overhead typically

associated with increasing the number of nodes, which is a critical advantage in network

analysis, especially in contexts involving complex and large-scale networks.

5.3.2 Simulation Performance

Data generation

As a baseline, we employ a linear-in-means model to investigate how various factors influence

an individual’s binary choice outcome within network settings in this simulation. These

factors include an individual’s own characteristics, their connectivity within the network,

and the influence of their neighbors’ attributes and behaviors.
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To simulate this, we generate M separate Erdős-Rényi networks, each denoted as Gm,

containing J nodes. In these networks, each possible link between two nodes forms indepen-

dently with a probability of 5/J , meaning the average degree is 5 in these networks. Each

node within these networks is characterized by a feature vector Xmj of K exogenous features.

These features are drawn from a standard normal distribution, reflecting the diverse range

of attributes that might influence individual behaviors and interactions within a network.

Additionally, to construct a fully exogenous case, we consider an external agent randomly

designates 5% of individuals in each network as seeds. This seeding status is represented by

a binary variable S, indicating whether a node is a seed. The influence of seeding reflects

typical interventions or initial conditions in network dynamics studies. The outcome for each

node, ymj, is modeled to be dependent on: 1) Their own feature vector Xmj, 2) Their degree

dmj, which is the number of connections they have, 3) The average feature vector of their

neighbors X̄mj, 4) The average seeding status among their neighbors S̄mj.

This dependency is captured through a logistic regression model where expected utility

umj that node j in network m derives from choosing a particular action is defined as:

umj = β0 + β1Xmj + β2dmj + β3X̄mj + β4S̄mj + εmj (5.2)

By assuming a random error that following the Type-I Extreme Value distribution, the

probability that node j in network m chooses a particular action (or exhibits a particular

behavior) is then given by:

Prob(ymj = 1) = eumj

1 + eumj
. (5.3)

Prob(ymj = 1) = eumj

1 + eumj
. (5.4)

Model Performance

In the simulation, for each component of our model (ϕ1, ϕ2, and ρ), we use a standard 3-layer

neural network, and this is implemented without further hyperparameter tuning for number
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of layers or number of neurons in each layer. Specifically, all layers for ϕ1, ϕ2 and all layers

except for the output layer of ρ consist of 64 neurons.

To evaluate the performance of our proposed method, we compare the result of our

method with a couple of other standard neural network non-parametric estimators. Specifi-

cally, we compare with

• A standard multi-layered neural network, with (J × (J + K)) × 1 input vector; the

number of layers and number of neurons in each layer, as well as the number of epochs

and learning rate is well-tuned. We apply a sigmoid activation in the final layer to

ensure output values between 0 and 1.

• A standard convolutional neural network, here we handle network data via convolu-

tional layers (specifically LeNet) and node features through fully connected layers. It

consists of two convolutional layers followed by max-pooling and three fully connected

layers, where the first two process the network and node features separately before com-

bining them. The model outputs node-level predictions, applying a sigmoid activation

in the final layer to ensure output values between 0 and 1.

In our simulation, we consider there are in total of M = 20 networks and each network

has Nm = 100 individuals and each has K = 5 features. We use 60% of generated data

as training data, 20% as validation data and 20% as test data. Note that the sample size

for both standard neural network and the standard CNN are both equal to the number of

networks (20), which is fairly small, particularly for neural network methods. In contrast,

the sample size for our proposed method is M × Nm. We random draw 20 times report the

performance in the unseen test data in Figure 5.2. Since we assume a binary outcome, we

plot the ROC curve on the performance on the unseen test data for each method. With

such small sample size, the standard neural network and CNN barely learn anything from

the data. However our proposed method achieve an AUC at 0.80.

Our model distinguishes itself from traditional neural network architectures in two sig-

nificant ways. First, the number of parameters in our proposed method scales linearly with
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(a) MLP (b) CNN (c) Deep Sets

Figure 5.2: Result comparison (Nm = 100, M = 20)

the number of nodes, rather than quadratically. While CNN-based methods can reduce the

number of parameters through the use of convolutional layers and pooling operations, the

parameter count in the fully connected layers that often follow still depends on a quadratic

function of reduced dimensions. Consequently, CNNs generally possess a higher total num-

ber of parameters. Table 5.2 exemplifies this by showing the parameter count for one draw,

demonstrating our method’s scalability.

Table 5.2: Comparison of the Number of Trainable Parameters

MLP CNN Our method

Total Trainable Parameters 342,500 1,020,836 51,073

Variant size of networks

To assess the scalability and effectiveness of our method compared to others, we vary the size

of each network while maintaining a fixed number of networks in our simulations. Specifically,

we increase the number of individuals per network to 300 and 500, respectively. Figures 5.3

and 5.4 illustrate these results, showing that our method consistently outperforms well-tuned
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MLP and CNN methods, despite the fact that our approach does not have any hyperparame-

ter tuning regarding the neural network structure. In addition, our model also demonstrates

improvement in performance when the size of the network increases. This is because the

sample size of our method is the total number of individuals thus as the size increases, the

sample size also increases.

(a) MLP (b) CNN (c) Deep Sets

Figure 5.3: Results comparison (Nm = 300, M = 20)

(a) MLP (b) CNN (c) Deep Sets

Figure 5.4: Results comparison (Nm = 500, M = 20)
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Variant number of networks

To further validate the performance of our proposed method, we vary the number of networks

in the simulated data. Our model consistently outperforms other methods. In addition, our

model shows monotonic improvement as the number of networks increases. This pattern

is not observed in the two methods used for comparison. A possible explanation for this

disparity is that, while the sample size grows with an increase in the number of networks, it

does not adequately compensate for the escalation in the number of parameters required by

these other methods. This inability to scale effectively with parameter increases highlights

a significant advantage of our approach over traditional methods.

(a) MLP (b) CNN (c) Deep Sets

Figure 5.5: Results comparison (Nm = 100, M = 50)

5.4 Empirical Results

Building on the simulation evidence, we now investigate whether transactional–network in-

formation improves price forecasts in the live market for NFTs. We compare two model

specifications:

(a) Image & Metadata Only. A 3-layer ReLU multilayer perceptron (MLP) that receives

the same visual embeddings and static collection/item covariates used in prior work (e.g.,

color histograms, , creator fee, social media presence, etc.).
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(a) MLP (b) CNN (c) Deep Sets

Figure 5.6: Results comparison (Nm = 100, M = 100)

(b) Image + Monthly Network (Deep Sets). Our permutation-invariant architecture,

which augments the baseline inputs with a set representation of each token’s monthly

network (wallet overlap links formed in the same calendar month).

We construct a rolling-origin evaluation: for every month t in 2020, we train each model

on trades up to t−1, validate on month t, and test on month t+1. The process yields

twelve non-overlapping test folds, which we concatenate to form the “future-month" hold-

out sample. Continuous features are standardized within each training fold; price targets are

ETH values at sale.

Table 5.3 reports mean absolute error (MAE) and root mean squared error (RMSE)

averaged across the twelve test folds. We find that adding monthly transactional-network

information reduces prediction error significantly.

Specification MAE RMSE

(a) Image & Metadata Only 22.39 176.36

(b) + Monthly Network 17.25 133.52

Table 5.3: Out-of-Sample NFT Price Prediction (USD)



101

5.5 Conclusion

This chapter provides empirical evidence that NFT prices are shaped not only by token-

specific traits but also by the structure of the transactional network in which the token is

embedded. While prior studies emphasize image features, rarity attributes, or textual meta-

data, our findings highlight the critical role of who trades what—not just what is traded.

Leveraging a pre-boom dataset on OpenSea, the largest NFT marketplace on Ethereum, we

show that network position of an NFT in the market is not just incidental; it is economi-

cally meaningful. Adding network information significantly reduces out-of-sample prediction

errors compared to models based on visual and metadata features alone.

These findings open up novel design levers for NFT marketplaces. Platforms may benefit

from surfacing transactional provenance as a signal of value—badges such as “Previously

held by Top-1% wallet” or “Linked to Blue-Chip Collection” could help guide users to-

ward higher-quality assets. Similarly, marketplaces could consider rewarding high-centrality

traders, either through reduced fees, exclusive drops, or curated exposure, to amplify their

positive spillover effects. As NFT markets evolve, tools that make the invisible structure of

trades visible may become as important as front-end listing and trait filters.

This study is not without limitations. First, our empirical setting focuses on the formative

phase of the Ethereum NFT market. This was a relatively low-volume and low-speculation

period, and results may not generalize to later phases marked by exponential growth, spec-

ulative bubbles, and increased retail participation. Extending the analysis to multi-chain

ecosystems such as Solana or Polygon, as well as collections with embedded utility (e.g.,

gaming assets, token-gated communities), may reveal distinct patterns of network influence.

Second, although our predictive framework demonstrates that wallet overlap carries signif-

icant information about future prices, it stops short of establishing causality. It remains

unknown whether influential wallets actually generate value through visibility and trust.
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Chapter 6

CONCLUDING REMARKS

In this dissertation, I study the role of networks in three distinctive FinTech applications:

social trading, cryptocurrency adoption, and NFT pricing.

First, rather than focusing solely on individual attributes, such as financial performance,

I examine the impact of strategy similarity patterns on the popularity of traders. I first

construct similarity networks among traders, allowing for dynamic changes. Recognizing that

being similar to peers could be a part of a trader’s strategy, we employ a coevolution model

to illustrate the interplay between the formation of traders’ similarity networks and follower

dynamics. I find that as the number of peers adopting similar strategies to a particular

trader increases, the trader’s number of followers tends to decrease over time. Moreover, this

negative effect is especially pronounced for more successful traders, who are more susceptible

to substitution by similar peers. Using counterfactual simulations, I show that promoting a

fairer distribution of followers and reducing the density of the similarity network can help

mitigate the negative substitution effect, thereby increasing the total number of followers on

the platform. I further validate our results with additional robustness checks. This study

identifies several managerial and operational implications for the social trading platforms.

Second, I exploit a unique dataset from a large social trading platform and study how

the interplay of opinions and behaviors within social networks influences an individual’s

decision to adopt cryptocurrency. I focus on cryptocurrency adoption, as cryptocurrencies

have gained increasing attention over the last few years. Due to the lack of standardized

information, social media has become a main information channel for individuals to decide

whether to trade cryptocurrencies. This reliance on social media presents a unique challenge:

The vast and unregulated nature of social media can often lead to disseminating information



103

of questionable credibility. Using investment opinions and actual trading behaviors, I find a

pronounced social learning effect in cryptocurrency adoption. Individuals are more inclined

to adopt Bitcoin when their network peers do, especially when these peers’ trading actions

are consistent with their expressed opinions. In times of high uncertainty, investors tend to

rely more on positive opinions, regardless of others’ actual trading actions. In addition, high-

income and older investors are more susceptible to opinions from their neighbors. Textual

analysis indicates that Bitcoin posts are longer and more forward-looking compared to non-

Bitcoin posts. I rule out alternative mechanisms such as awareness or “Keeping up with the

Joneses.”

Third, I investigate the role of transactional networks in shaping the value of NFTs,

proposing that value is not solely embedded in visual features or metadata but is also so-

cially constructed through trading behaviors. Using data from OpenSea, I construct monthly

transactional networks by linking NFT items that share common traders, capturing the re-

lational embeddedness among items. I develop a novel modeling approach that leverages

permutation-invariant property of networks to incorporate network information efficiently,

overcoming common challenges in network modeling such as dimensionality. Our simulation

results validate the scalability and accuracy of the proposed method, and our empirical anal-

ysis demonstrates that incorporating network information dramatically improves NFT price

prediction. These findings underscore the importance of social dynamics in NFT valuation

and suggest new avenues for asset pricing and market design in digital asset ecosystems.

Together, the three chapters of this dissertation highlight the central role that network

structures play in shaping financial behavior and outcomes across diverse FinTech contexts.

Rather than attributing attention, adoption, or pricing to intrinsic qualities alone, each study

shows how relationships, whether among traders or assets through shared ownership, serve as

key mechanisms in decision-making. These findings underscore the importance of designing

FinTech platforms with an awareness of how social signals and structural positioning can

amplify or dampen user engagement, influence perceived value, and contribute to inequality

in visibility or influence.
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Building on these insights, a promising direction is to investigate the heterogeneity in

network links—not all ties are equal, and factors such as tie strength, recency, or role (e.g.,

expert vs. novice) may differentially influence perception and behavior. Understanding such

heterogeneity is key to evaluating how information and influence diffuse across FinTech con-

texts. Moreover, as FinTech platforms increasingly shape and reshape user networks through

design interventions, an important question is how to translate these insights into algorith-

mic design—for instance, in curating content, ranking peers, or surfacing signals that foster

informed and equitable participation. Research that bridges network theory with algorith-

mic implementation could provide practical guidelines for building platforms that not only

optimize engagement but also support healthy, inclusive financial ecosystems. Finally, this

dissertation suggests a broader research agenda that links the study of financial technolo-

gies with theories of social behavior and platform governance. As FinTech systems become

increasingly complex and participatory, understanding how users interpret peer behavior,

respond to structural cues, and act under ambiguity will be crucial for designing markets

that are not only efficient but also equitable and resilient. Future studies can further investi-

gate how network features mediate trust, visibility, and value, which are core elements that

underpin the success and sustainability of digital financial ecosystems.
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Appendix A

ONLINE APPENDIX TO CHAPTER 3

A.1 A broader discussion on adopting similar trading strategies in traditional
financial markets

Traders in traditional financial markets exhibit similar trading behavior, often character-

ized by groups of investors collectively entering or exiting a specific industry or stock over

a defined period (Nofsinger and Sias 1999, Choi and Sias 2009, Koch 2017, Brown et al.

2014). This behavior is referred to as institutional herding. Interestingly, studies indicate

that sharing a similar trading strategy as others is generally not a successful strategy. There

are several explanations for the underperformance. First, when a large portion of traders

follow a similar strategy, it may lead to market inefficiencies and bubbles due to irrational

exuberance or panic selling, which could distort prices away from their fundamental values

(Nofsinger and Sias 1999, Choi and Sias 2009, Park and Sabourian 2011). When the market

eventually corrects these inefficiencies, these investors may experience significant losses. Sec-

ond, adopting similar trading strategies results in a lack of diversification, which can increase

risk. With many traders making the same investments, the impact of an adverse event affect-

ing those investments is likely to be greater (Koch 2017). Last, traders who follow common

strategies may miss out on unique opportunities that offer higher returns. By pursuing less

common strategies, traders can uncover overlooked or undervalued investment options and

achieve superior performance (Wei et al. 2015).
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A.2 Additional data description

Our data includes a well-diversified mix of users from various countries. The total number

of countries in our dataset is 108. Table A.1 presents the top 10 countries represented in our

dataset. This geographic diversity supports the generalizability of our results across different

countries, and our empirical findings are also applicable to the United States.

Table A.1: Distribution of Traders Across the Top 10 Countries

Country Percentage of Traders

Indonesia 7.65%

China 6.24%

Russia 6.12%

United States 3.84%

Germany 3.21%

France 2.40%

Egypt 2.37%

United Kingdom 2.25%

India 2.07%

Italy 1.92%

Table A.2 summarizes the top 10 most frequently traded currency pairs in our dataset.

We observe a diverse mix of bullish, bearish, and mixed market conditions in our dataset,

which supports the generalizability of our findings across different market environments.

A.3 Justification of our proposed algorithm on the trader similarity network

To illustrate how we measure similarity, consider two traders at a specific period. Their

trading activities are summarized in Table A.3.
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Table A.2: Top 10 Most Frequently Traded In-

struments with Market Trends

Currency Pair Percentage of Trades Trend

EUR/USD 21.84% Bullish

GBP/USD 12.98% Mixed

USD/JPY 8.66% Mixed

GBP/JPY 7.72% Mixed

EUR/JPY 4.60% Bullish

USD/CAD 4.23% Bearish

AUD/USD 3.64% Bullish

GBP/AUD 3.49% Bearish

EUR/GBP 2.83% Bullish

XAU/USD 2.43% Mixed

Notes: Bullish — The average monthly closing

price consistently increased over the observation

period. Bearish — The average monthly closing

price consistently decreased. Mixed — No consis-

tent trend in average monthly closing prices.
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Table A.3: Illustrative Example for Similarity Measurement

(Currency, Buy/Sell, Open/Close) Number of Trades Average Price Average Lot Size

(k) (Nikt) (AvgPriceikt) (AvgV olumeikt)

Trader A (USD/EUR, Buy, Open) 1 0.92 1

(USD/JPY, Buy, Open) 1 130 1

Trader B (USD/EUR, Buy, Open) 5 0.89 100

(USD/JPY, Buy, Open) 5 135 100

Below, we detail the calculation of our similarity score step by step.

• Step 1 (Raw binary vector): Note that these two traders have the same traded currency

and types, thus their vector representations are also the same. Moreover, since the zero-

valued element does not affect the calculation, we only consider a shortened vector with

non-zero values in the example, without loss of generalizability. Thus, both trader A

and trader B have the vector of [1, 1], where the first element indicates whether a

trader trades (USD/EUR, Buy, Open) and the second element indicates (USD/JPY,

Buy, Open). That is, Uit = Ujt = [1, 1].

• Step 2 (Adjustment for trading frequency, price differences, and volume):

– For k = (USD/EUR, Buy, Open)

FreqSIMijkt = 1 − |Nikt − Njkt|
max(Nikt, Njkt)

= 1 − |1 − 5|
max(1, 5) = 0.2

PriceSIMijkt = 1 − |AvgPriceikt − AvgPricejkt|
max(AvgPriceikt, AvgPricejkt)

== 1 − |130 − 135|
max(130, 135) ≈ 0.96

V olumeSIMijkt = 1 − |AvgV olumeikt − AvgV olumejkt|
max(AvgV olumeikt, AvgV olumejkt)

= 1 − |1 − 100|
max(1, 100) = 0.01
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– For k = (USD/JPY, Buy, Open)

FreqSIMijkt = 1 − |Nikt − Njkt|
max(Nikt, Njkt)

= 1 − |1 − 5|
max(1, 5) = 0.2

PriceSIMijkt = 1 − |AvgPriceikt − AvgPricejkt|
max(AvgPriceikt, AvgPricejkt)

== 1 − |0.89 − 0.92|
max(0.89, 0.92) ≈ 0.97

V olumeSIMijkt = 1 − |AvgV olumeikt − AvgV olumejkt|
max(AvgV olumeikt, AvgV olumejkt)

= 1 − |1 − 100|
max(1, 100) = 0.01

• Step 3 (Calculation of similarity score):

Sijt =
∑

k UiktUjktFreqSIMijktPriceSIMijktV olumeSIMijkt√∑
k U2

ikt

∑
k U2

jkt

= 1 × 0.2 × 0.96 × 0.01 + 1 × 0.2 × 0.97 × 0.01√
(1 + 1) × (1 + 1)

= 0.00193

Next, we consider a weighted-vector approach to calculate the cosine similarity. To con-

struct the weighted vector for each trader, we assign a value to each element (each combina-

tion of Currency, Buy/Sell, and Open/Close) based on Nikt × AvgPriceikt × AvgV olumeikt.

Thus, we derive a vector of [0.92, 1] for trader A and [485, 67500] for trader B. Though ex-

hibiting substantial differences in the magnitude of the vector, the cosine similarity calculated

by these two vectors is 0.99.

We also use the weighted-vector approach to compute the cosine similarity score for each

trader pair in our dataset. For comparison, we computed similarity scores using the raw

binary vector (without incorporating the trading frequency, price differences, and volume)

as the benchmark. The similarity scores derived from the weighted vector approach and the

benchmark show a high correlation coefficient of 0.98, providing additional evidence that the

weighted vector does not meaningfully capture the influence of trading frequency, price, or

volume. This finding further supports our current approach that adjusts for differences in

trading frequency, price, and volume, rather than a weighted vector approach.

A.4 Human evaluation (label) form

We present the instruction and evaluation (label) form distributed to human participants —

specifically, undergraduate students majoring in finance — who were recruited to assess the
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similarity between the trading strategies of two traders.

Instructions for Labeling Similar Trader Pairs

Background and Purpose

Social trading platforms (e.g., eToro, Zulutrade) combine trading platforms with social

features. On those platforms, all trading history of a trader is publicly disclosed. This

allows us to identify similar trading behaviors among traders and investigate the impact

of such similarities.

To begin, we need training data indicating the ground truth of whether two traders’ trades

are similar, which requires human labeling.

Input

You will receive multiple CSV files, each containing the trading records of two traders.

The format is as follows:

• Two traders’ trading records are separated by two empty rows.

• The filename format is: week_Traderid1_Traderid2.csv

Each CSV file contains the following columns:

• trader_id: A unique identifier for a trader.

• date: The date and time of the transaction.

• currency: The financial instrument being traded.

• type: Buy or Sell a trade.

• price: The instrument’s price at the transaction time.

• action: Open or Close a trade.

• volume: The lot size of a trade.
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Instructions for Labeling Similar Trader Pairs

Output

For each CSV file, you should assign a label to the two traders and indicate whether you

think the two traders are similar. Similarity is judged based on trading the same curren-

cy/type/action with comparable frequency within a similar time frame. After evaluation,

please record your label in the 4th column of Label_master.csv.

An example of a similar trader pair
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A.5 Sampling strategy

Our snowball sampling procedure is designed to include both isolated and connected traders

(non-isolated nodes). We begin by randomly selecting initial seed nodes from the complete

set of 3,332 traders. These seeds (nodes) may be either isolated or non-isolated. For each

non-isolated seed, we include all of its first-tier, second-tier, and third-tier neighbors (nodes)

in the sub-sample, thereby expanding the network coverage. In contrast, isolated seeds do

not have any connections (links), so no additional nodes are added to the sub-sample in

those cases. As a result, our sub-sample includes both isolated and non-isolated traders.

In Table A.4 and Table A.5, we report the network statistics for our sub-sample and

the complete data. Average Degree captures the average number of links each non-isolated

trader has in the network. Number of Clusters denotes the number of connected com-

ponents in the network. Density provides a global perspective of the network’s overall

interconnection level. Specifically, it calculates the ratio of the actual number of links to

the possible number of links among all non-isolated nodes. Based on these statistics, we

see some variation in the similarity network structure, reflecting the dynamic nature of the

trading activity.

By comparing the network statistics in Table A.4 and Table A.5, we observe that while

our sub-sample is in general similar to the complete dataset, it is relatively denser than the

complete dataset. This is expected due to the nature of snowball sampling, which tends to

oversample more connected nodes for sample expansion.
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Table A.4: Network Statistics of the Sub-sample

Period Number of Percentage of Number of Average Number of Number of Density

Nodes Isolated Nodes Links Degree Clusters Nodes per Cluster

1 387 89% 171 8.14 8 5.25 0.40

2 387 90% 113 5.94 10 3.80 0.32

3 386 88% 133 5.54 11 4.36 0.24

Notes: Percentage of Isolated Nodes = Number of Isolated Nodes
Total Number of Nodes ;

Average Degree = 2×Number of Links
Number of Non-isolated Nodes ;

Number of Nodes per Cluster = Number of Non-Isolated Nodes
Number of Clusters ;

Density = 2×Number of Links
Number of Non-isolated Nodes×(Number of Non-isolated Nodes−1) .

Table A.5: Network Statistics of the Complete Data

Period Number of Percentage of Number of Average Number of Number of Density

Nodes Isolated Nodes Links Degree Clusters Nodes per Cluster

1 3332 96% 321 5.06 35 3.63 0.08

2 3332 97% 152 3.42 31 2.87 0.08

3 3332 96% 316 4.75 39 3.41 0.07

Notes: Percentage of Isolated Nodes = Number of Isolated Nodes
Total Number of Nodes ;

Average Degree = 2×Number of Links
Number of Non-isolated Nodes ;

Number of Nodes per Cluster = Number of Non-Isolated Nodes
Number of Clusters ;

Density = 2×Number of Links
Number of Non-isolated Nodes×(Number of Non-isolated Nodes−1) .
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A.6 A simple numerical illustration of network evolution

We provide a detailed numerical illustration of the network evolution model. We begin by

describing a very small demo dataset, including a similarity network and the values of node-

level variables at time (period) 0. Next, we demonstrate how one network link change is

determined using our model. To make this process clear, we first calculate each variable (or

network effect), and then compare the utilities of all possible network changes.

Consider a simple similarity network consisting of four nodes (A, B, C, and D), where

only A and B are linked, while C and D are isolated, as illustrated in Figure A.1. This

means that traders A and B are similar peers. The key attribute of interest is the number

of followers. Without loss of generalizability, we include only one control variable, V olume.

The values for these variables at the initial period, along with each node’s SimilarPeers, are

presented in Table A.6.

Figure A.1: Similarity Network Illustration

Table A.6: Summary of Node Attributes in the Initial Period

A B C D

The Number of Followers 1 2 3 4

Volume 0.25 0.75 1 0.25

SimilarPeers 1 1 0 0
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Without loss of generalizability, following Section 3.5.1, we consider four effects that

influence the network changes: the Degree effect, the Follower Alter effect, the Follower

Homophily effect, and the Volume Homophily effect.

The network evolution process involves two steps: 1) selecting a node to initiate a network

change, and 2) determining which link change (either an addition or a removal) the selected

node will make. We next assume λi = λm = 1, which means any trader i’s waiting time until

the next opportunity to change a link is exponentially distributed with a rate of 1. Suppose

the randomly generated waiting times at time 0 for nodes A through D are 0.1, 0.2, 0.3,

0.4, respectively. Then, at the next time t = 0.1, node A is selected to make a network link

change.

Next, we consider all possible network changes involving node A, given the current state

of the network: removing the existing link with B (denoted as AB), or adding a new link to

C (denoted as AC) or D (denoted as AD). We omit the time subscript t since the example

considers a single period. The utility of a link change, defined in Equation (3.8), is simplified

in this example and given below,

fA(xAj, z, c⃗) = β1DegreeA+β2FollowerAlterA+β3FollowerHomophilyA+β4V olumeHomophilyA.

Note that we replace i with A as node A is selected to change the network (i.e., i = A).

Following the definitions of each effect in Section 3.5.1, we first compute the values of these

effects for each of A’s potential network changes, shown in rows 1 to 4 of Table A.7. We then

present the utility and resulting probability of each potential change in the last two rows of

Table A.7, assuming β1-4 = 1.

For the degree effect, the degree value resulting from any link addition is the current

degree of the node plus one, while for any link removal, it is the current degree minus one.

This implies that a positive coefficient (β1) indicates that nodes with higher degrees are more

likely to form new network links, regardless of whom they connect to. Conversely, a negative

coefficient suggests that nodes with higher degrees are less likely to initiate new links.

For the follower alter effect, since node D has more followers than node C, the potential
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Table A.7: Illustration of Step-by-Step Calculations

Potential network change

Formula Remove

AB

Add AC Add AD

(xAB = 0 (xAB = 1 (xAB = 1

xAC = 0 xAC = 1 xAC = 0

xAD = 0) xAD = 0) xAD = 1)

Degree ∑
j xAj 0 2 2

Follower Alter ∑
j xAjFollowerj 0 5 6

Follower Homophily ∑
j xAj

(
1 − |F ollowerj−F ollowerA|

Range(F ollower)

)
0 2

3 0

Volume Homophily ∑
j xAj

(
1 − |V olumej−V olumeA|

Range(V olume)

)
0 2

3 1

Utility fA(xAj, z, c⃗) = β1DegreeA,Aj +

β2FollowerAlterA,Aj +

β3FollowerHomophilyA,Aj +

β4V olumeHomophilyA,Aj

0 25
3 9

Probability p(x(±Aj)) = exp
fA(xAj ,z,c⃗)∑n

h=1 expfA(xAh,z,c⃗) 0 0.34 0.66
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link change “Add AD” has a higher follower alter value than “Add AC”, which contributes

to a higher utility for forming the link with D. Importantly, this higher utility is not related

to any characteristics of node A. For example, if we compare the follower alter effect of

adding link BC versus adding link BD, we observe the same pattern: “Add BD” has a higher

follower alter value due to D’s greater number of followers. Therefore, a positive (negative)

coefficient on the follower alter effect suggests that nodes with a bigger number of followers

are more (less) likely to form links — or, more precisely, are more likely to be selected as

targets of new links.

The follower and volume homophily effects capture the proximity between two nodes

regarding specific characteristics. For example, node A and node C have closer values in

the number of followers, so the link change “Add AC” has a higher value for the follower

homophily effect. In contrast, node A and node D have closer values in volume, leading to a

higher volume homophily value for “Add AD”. Therefore, a positive (negative) coefficient on

these homophily effects suggests that nodes with more similar characteristics are more (less)

likely to form a network link.

A.7 Summary of notations of parameters and variables

Table A.8, A.9, and A.10 summarize all the notations of parameters and variables in our

analysis.
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Table A.8: Summary of Parameters and Variables (Part 1)

Symbol Description

Similarity Network

Uit A vector for trader i at period t (with the dimension d)

d Number of unique combinations of financial instrument and trade type (with

the value 380)

k The index of element (combination) in the vector

Uikt k-th element of vector Uit for trader i at period t

Nikt Number of trades for the k-th combination by trader i at period t

AvgPriceikt Average transaction price for the k-th combination by trader i at period t

AvgV olumeikt Average lot size for the k-th combination by trader i at period t

FreqSIMijkt Frequency similarity adjustment between traders i and j for the k-th combi-

nation at period t

PriceSIMijkt Price similarity adjustment between traders i and j for the k-th combination

at period t

V olumeSIMijkt Volume similarity adjustment between traders i and j at period t

Sijt Similarity score between traders i and j at period t
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Table A.9: Summary of Parameters and Variables (Part 2)

Symbol Description

Network Evolution

N A set of node (trader) in the network, denoted by {1, 2, ..., n}.

Xt n × n adjacency matrix representing the similarity network at time t

zt {zi,t}i∈N , Key attribute value (i.e., number of followers) of all traders in the

similarity network at time t

c⃗t {c⃗i,t}i∈N , Control variables of all traders in the similarity network at time t

xij,t Binary link (tie) variable between traders i and j (with a value of 1 if a link

exists)

λi Network change rate of trader i

λm Network change rate in period m

x(±ij,t) Adjacency matrix after changing link xij,t to 1 − xij,t at time t

p(x(±ij,t)) Probability of trader i selecting to change link with trader j at time t

fi,t(xij,t, zt, c⃗t) Utility of trader i for changing link xij,t to 1 − xij,t at time t

sil,t The l-th network effect in the utility of trader i at time t

βl Coefficient for the l-th network effect

Degreei,t Number of links of trader i in the similarity network at time t

FollowerAlteri,t Total number of followers of traders who have a link with trader i at time t

FollowerHomophilyi,t Homophily in number of followers of trader i at time t

WinRatioHomophilyi,t Homophily in trading performance (the percentage of profitable trades out of

the total trades) of trader i at time t

T radesHomophilyi,t Homophily in trading frequency (number of trades) of trader i at time t

V iewsHomophilyi,t Homophily in social attention (number of profile clicks) of trader i at time t

V olumeHomophilyi,t Homophily in trading volume (lot size) of trader i at time t

ExperienceHomophilyi,t Homophily in trading experience (number of months) on the platform of trader

i at time t

RankHomophilyi,t Homophily in the rank of trader i at time t
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Table A.10: Summary of Parameters and Variables (Part 3)

Symbol Description

Attribute Evolution

Zi,t Number of followers of trader i at time t

dZi,t Incremental change in Zi,t from time t to t + dt

dWi,t Increment of Wiener process from time t to t + dt

τm Period-specific attribute evolution rate

a, b0-2, c1-6 Coefficients in attribute evolution equation

SimilarPeersi,t Number of links (degree) of trader i at time t

WinRatioi,t Percentage of profitable trades out of the total trades made by trader i at time

t

T radesi,t Number of trades made by trader i at time t

V iewsi,t Social attention (number of profile clicks) of trader i at time t

V olumei,t Trading volume (lot size) of trader i at time t

Experiencei,t Trading experience (number of months) on the platform of trader i at time t

Ranki,t The rank of trader i at time t by the platform
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A.8 Estimation of the coevolution model

We present how to estimate the parameters in the coevolution model. The estimation frame-

work and algorithms were proposed by Snijders et al. (2017) and Niezink et al. (2019).

The coevolution model is presented in Equations (A.1) and (A.2).

p(x(±ij,t)) = expfi,t(xij,t,zt ,⃗ct)∑n
h=1 expfi,t(xih,t,zt ,⃗ct) , (A.1)

where fi,t(xij,t, zt, c⃗t) = ∑
l βlsil.

dZi,t =τm(aZi,t + b0 + b1SimilarPeersi,t + c1WinRatioi,t

+ c2Tradesi,t + c3V iewsi,t + c4V olumei,t + c5Experiencei,t + c6Ranki,t)dt + √
τmdWi,t

(A.2)

From Equations (A.1) and (A.2), we shall estimate 1) period-specific parameters, λm

(the speed of network evolution) and τm (the speed of attribute evolution); 2) βl (parameters

in the network dynamics); 3) a, b0, b1, c1, c2, c3, c4 and c5 (parameters in the attribute

dynamics).

A.8.1 Method of moments

The likelihood function for the coevolution model cannot be computed explicitly, which

makes maximum likelihood or Bayesian estimation difficult, and hence, the method of mo-

ments (MoM) is adopted to estimate the coevolution model (Snijders 2001, Snijders et al.

2017). According to MoM (Bowman and Shenton 1985), parameter estimates are the values

for which the expected data given the parameters and the observed data are most similar.

For a general statistical model with data Y and parameters θ, the MoM estimator based

on the statistic u(Y ) is defined as the parameter value θ̂ for which the expected and observed

values of u(Y ) are the same,

Eθ̂(u(Y )) = u(y) (A.3)

where u(y) is the observed value, and θ and u(Y ) are vectors with the same dimensions.

Equation (A.3) is called the moment equation.
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In panel data, observations on the stochastic process are available at several discrete

time moments. Together with the Markov property, the adapted MoM estimator for the

coevolution model relies on the conditional expectation. Therefore, the moment equation for

the period-specific parameters is

Eθ[um (Y (tm+1), Y (tm)) |Y (tm) = y(tm)] = um (y(tm+1), y(tm)) . (A.4)

For parameters in the network dynamics and attribute dynamics that are constant across

all the time periods, the moment equation is
M−1∑
m=1

Eθ[um (Y (tm+1), Y (tm)) |Y (tm) = y(tm)] =
M−1∑
m=1

um (y(tm+1), y(tm)) , (A.5)

where M is the total number of time periods. In our data, M = 3.

A.8.2 Statistics for moment estimation

To establish moment equations, we next find the statistics u(Y ). Since a closed-form solution

does not exist, Snijders et al. (2017) propose a way to find θ̂. The intuition is to find such u(Y )

that partially increases monotonically with respect to one-dimensional parameter θh holding

other parameters constant. Therefore, we can find a unique solution of θh by simulating

different values.

Statistics of the rate parameters Here, we elaborate on how to estimate the rate of

network evolution (λm) and the speed of attribute evolution (τm). Intuitively, to estimate

λm, we use the number of changes occurring in the network during a period as in Equation

(A.6). The higher the value of λm is, the higher the number of changes.

∑
i,j

|xij,t(tm) − xij,t(tm−1)| (A.6)

The estimation of τm follows the same logic. We use the total absolute change in the

attribute as in Equation (A.7). The higher value of τm is, the higher the statistic

∑
i

|Zi(tm) − zi(tm−1)|. (A.7)
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Statistics of parameters in the network evolution In Equation (3.7), βl interacts

with only sil. Therefore, the statistic for estimating βl is
∑

i

sil(X(tm), z(tm−1)). (A.8)

Statistics of parameters in the attribute evolution The statistics to estimate the

parameters in Equation (A.2) are derived from an autoregression model (Niezink et al. 2019).

To estimate the feedback parameter a, we use
∑

i

Zi(tm)zi(tm−1). (A.9)

To estimate the parameters b0, b1, c1, c2, c3, c4, c5 and c6, we use
∑

i

Zi(tm)qi(tm−1), (A.10)

where qi denotes the corresponding variables with respect to b0, b1, and c1-6, for example,

Degreei,t, WinRatioi,t, etc.

A.8.3 Standard error

Based on the delta method and the implicit function theorem, it can be proven that the

asymptotic covariance matrix of the moment estimator is

covθ(θ̂) = D−1
θ ΣθD

′−1
θ (A.11)

where Dθ is the matrix of partial derivatives,

Dθ = ∂Eθ(u(Y ))
∂θ

, (A.12)

and Σθ is the covariance matrix of u(Y ),

Σθ = covθ(u(Y )). (A.13)

Thus, the standard errors can be obtained. Both the partial derivatives Dθ and the co-

variance matrix Σθ are estimated using the Monte Carlo method. Details can be found in

Schweinberger and Snijders (2007).
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A.8.4 Stochastic approximation

Although the conditional expectation in the moment equations (A.4) and (A.5) cannot be

calculated explicitly, the stochastic process can be easily simulated. Therefore, the stochastic

approximation method (stochastic iterative algorithms) can be used to solve the moment

equations (Robbins and Monro 1951). The basic iteration step in such algorithms is

θ̂N+1 = θ̂N − aND−1
0 (UN − u(y)), (A.14)

where aN is a sequence of positive numbers converging to 0. The optimal choice of D0 depends

on the distribution of UN , and UN is generated according to the probability distribution

defined by the parameter value θ̂N . If all eigenvalues of the matrix of partial derivatives (see

Equation (A.12)) have positive real parts and certain regularity conditions are satisfied, then

convergence at an optimal rate can be achieved when D0 is fixed, for example, the identity

matrix, with αN a sequence of positive numbers converging to 0 at the rate N−δ, where

0.5 < δ < 1 (Snijders et al. 2017). UN is defined as

UN =
M∑

m=2
um

(
y(tm−1), Y sim(tm)

)
, (A.15)

where Y sim(tm) is the simulated value for time tm starting at time tm−1 with the observed

value Y (tm−1) = y(tm−1) for parameter value θN .

The observed outcome u(y) is

u(y) =
M∑

m=2
um(y(tm−1), y(tm)). (A.16)
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A.9 Model choice

To illustrate why considering the number of similar peers by modelling the network evolu-

tion process is important, we adopt the explained variance, a metric for model comparison

proposed by Niezink et al. (2019). This metric serves a similar role as R2 in traditional

regression, capturing how much additional structure in the model helps explain variation in

the outcome (that is, a trader’s number of followers). Specifically,

R2
m = 1 −

∑n
i=1

(
zi,t − ẑm

i,t

)2

∑n
i=1

(
zi,t − ẑm0

i,t

)2 , (A.17)

where zi,t is the observed number of followers following trader i at period t, ẑm
i,t is the predicted

number of followers following trader i at period t using our coevolution model, ẑm0
i,t is the

predicted number of followers following trader i at period t using the baseline model. We

define the baseline model as a linear OLS regression without including SimilarPeersi,t as an

independent variable. This metric captures the relative improvement in predictive accuracy

when we model and endogenize SimilarPeersi,t in our coevolution model. A higher explained

variance indicates that modeling the evolution of the trader similarity network provides a

meaningful improvement in explaining the follower dynamics. The explained variance of our

model is 92.36%, indicating that incorporating the trader similarity network accounts for a

substantial portion of the variation in the number of followers.
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A.10 Interpretation of the network evolution model

Since we use the multinomial logit to model the network change, the magnitude of the

coefficient estimate should be interpreted by the difference in utility, not the absolute values

directly (Train 2009). Therefore, regarding the coefficient of Follower Alter effect, we focus

on the interpretation of log-odds of two possible network changes of trader i: (+ij: adding

a link between i and j; +iw: adding a link between i and w), and everything is the same

between j and w except for the number of followers. The log-odds can be expressed as:

log( P (x+ij|Zj,t)
P (x+iw|Zw,t)

) = β2(Zj,t − Zw,t). (A.18)

Suppose trader j with 10 followers and trader w with 5 followers, trader j will be much

more likely to attract trader i to be her similar peer than trader w (with an odds ratio

of e1.1795·(10−5) = 364.13, given β2 = 1.1795). We see that the meaningful interpretation

depends on the number of followers and the network structure, together with the estimated

coefficient value. More generally, the positive and significant coefficient of the Follower Alter

effect suggests that traders with more followers are more likely to have more similar peers.

We next interpret the coefficient of the Follower Homophily effect. Suppose everything is

the same between trader j and trader w except for their number of followers. The log-odds

can be expressed as:

log( P (x+ij|Zj,t)
P (x+iw|Zw,t)

) = β3

(
|Zw,t − Zi,t|
Range(Z) − |Zj,t − Zi,t|

Range(Z)

)
(A.19)

Suppose trader i has 15 followers, trader j has 5 followers, and trader w has 10 followers.

Therefore, we get |Zj,t − Zi,t| = |10 − 15| = 5, |Zw,t − Zi,t| = |5 − 15| = 10, and

10 − 5
Range(Z) = 5

Range(Z) > 0.

Given that β3 = 4.6951 (a positive value), this results in a positive log-odds in favor of

trader j over trader w. Therefore, trader j is more likely to be trader i’s similar peer than

trader w due to being more similar in terms of the number of followers. This demonstrates
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the presence of homophily: traders are more likely to connect with others who are similar

to themselves in terms of the number of followers. A similar interpretation also applies to

other significant homophily effects.
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Appendix B

ONLINE APPENDIX TO CHAPTER 4

B.1 Network statistics

Table B.1 shows the weekly summary statistics of three networks: the network extracted from

the social interactions (SocNett), the network extracted from the leader-copier relationship

(CopyNett), and the combined network of the two (Nett). The coverage of users denotes the

fraction of users connected with each other relative to the total number of users. The number

of receivers denotes the number of users who receive information (identified as a copier from

CopyNett or a user who comments or likes another user’s post from SocNett). The number

of senders denotes the number of users who send information (identified as a leader from

CopyNett or a user who makes a post from SocNett). The percentage of reciprocal links

denotes the percentage of reciprocal links relative to all the links. The density of a network is

calculated as the ratio of the number of existing directed links to the total number of possible

links in the network. Outdegree denotes the number of out-going links; indegree denotes the

number of in-coming links. Adoption rate denotes the percentage of Bitcoin adoption rate

among senders and receivers, respectively. We observe that the network is sparse. To ensure

that the sparsity of the network does not alter our conclusions, we obtain a denser network

by only including more active users who have been active on the platform for over one month

and have executed at least five trades during our observation period. We re-run our analysis

based on the denser network as a robustness check in Section 4.5.
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Table B.1: Summary statistics of the network data

Nett CopyNett SocNett

Overall statistics

Number of users 21,619 11,988 12,568

Coverage of users 9% 5% 5%

Number of receivers 20,181 10,872 11,368

Number of senders 5,719 1,377 4,820

Number of directed links 75,826 25,369 50,456

Percentage of reciprocal links 15.1% 0.1% 19.3%

Density 0.0002 0.0002 0.0003

Outdegree

Min 1 1 1

Median 2 2 2

Mean 13 18 10

Max 5,095 3,209 2,349

Indegree

Min 1 1 1

Median 2 1 1

Mean 4 2 4

Max 848 132 842

Adoption rate

Senders 12.7% 12.5% 12.7%

Receivers 7.0% 10.9% 4.6%
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B.2 Definition of variables and distribution of categorical variables

Table B.2 summarizes all defined variables in our empirical analysis. Table B.3 provides the

probability distribution of all categorical variables.

Table B.2: Definition of variables

Variable Description

1. Neighbor-related variables

NeighborAdopti,t Fraction of Bitcoin adopters over user i’s neighbors in period t

AdoptBTCPositivei,t Fraction of adopters who post positively about Bitcoin over all Bitcoin adopters

in user i’s neighbors in period t

NonAdoptBTCPositivei,t Fraction of non-adopters who post positively about Bitcoin over all Bitcoin non-adopters

from user i’s neighbors in period t

Neighbor_Ni,t The total number of user i’s neighbors in period t

Post_Ni,t Average number of posts made by user i’s neighbors in period t

AdoptReturni,t Average profit of adopters in user i’s neighborhood in period t

NonAdoptReturni,t Average profit of non-adopters in user i’s neighborhood in period t

2. Individuals’ trading behavior

AccReturni,t The average profit of user i by period t

AccSDi,t The standard deviations of user i’s profit by period t

AccTradei,t The total number of trades of user i by period t

NTradei,t The number of trades traded by user i in period t

Diversificationi,t The total number of unique instruments traded by user i by period t

Tenurei,t The number of weeks user i has traded on the platform by period t since January 2016

3. Individual time-invariant characteristics

Malei 1, if male, otherwise, 0

AgeRangei Age range of user i

Incomei Annual income of user i (in U.S. dollars)

Experiencei Trading experience of user i before joining the platform (in years)

RiskLeveli Self-reported risk level of user i
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Table B.3: Probability distribution of categorical variables

Panel A: Gender and Age

Gender Age range

Female Male 18-24 25-34 35-44 45-54 55-64 ≥65

Total 11,678 98,165 41,733 36,274 16,774 7,541 4,060 3,075

Panel B: Experience

< 1 year 1 year 1-3 years ≥3 years Missing

Percent 4.8% 23.4% 16.1% 11.7% 44.1%

Panel C: Risk level

Very Low Low Medium High Very High Missing

Percent 5.9% 6.6% 15.2% 14.8% 13.8% 43.6%

Panel D: Income

10K 25K 50K 100K 200K ≥500K Missing

Percent 15.0% 1.7% 25.2% 11.6% 11.7% 3.1% 40.3%

Note: Panel A reports the gender and age distributions of the users in our dataset. Panel

B, C, and D report users’ self-reported trading experience, risk level, and income upon

registering at the platform.

B.3 Multicollinearity test

To mitigate the concern of multicollinearity of independent variables, we show the correla-

tion matrix in Table B.4. From Table B.4, we do not observe variable pairs that exhibit

extremely high correlation coefficients. We further test Variance Inflation Factor (VIF), re-

ported in Table B.5. We find that no variable has a VIF score exceeding 10, indicating that

multicollinearity does not significantly distort the outcomes of our empirical analysis.
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Table B.4: Correlation matrix

Neighbor_N Post_N AccTrade Tenure NTrade Diversification AccReturn AccSD NeighborAdopt AdoptBTCPositive NonAdoptBTCPositive

Neighbor_N 1 .1001 .0959 -.1574 .3268 .2418 .0577 -.0015 .2565 .1226 .0587

Post_N .1001 1 -.0897 -.0902 -.0334 -.0593 .0087 -.0442 .0155 .0136 .0333

AccTrade .0959 -.0897 1 .5881 .6423 .7973 .0046 .3841 -.068 -.028 .0108

Tenure -.1574 -.0902 .5881 1 .0902 .1547 .0121 .0403 -.1111 -.0398 -.0342

NTrade .3268 -.0334 .6423 .0902 1 .7281 .0237 .3531 .0159 .0088 .0445

Diversification .2418 -.0593 .7973 .1547 .7281 1 -.0073 .4393 -.0093 -.0073 .0456

AccReturn .0577 .0087 .0046 .0121 .0237 -.0073 1 -.2861 .0137 .0045 .0007

AccSD -.0015 -.0442 .3841 .0403 .3531 .4393 -.2861 1 -.0378 -.013 -.0004

NeighborAdopt .2565 .0155 -.068 -.1111 .0159 -.0093 .0137 -.0378 1 .2192 .0041

AdoptBTCPositive .1226 .0136 -.028 -.0398 .0088 -.0073 .0045 -.013 .2192 1 .0081

NonAdoptBTCPositive .0587 .0333 .0108 -.0342 .0445 .0456 .0007 -.0004 .0041 .0081 1

Table B.5: Results of VIF

Variable VIF score

AccTrade 7.40

Diversification 5.24

Tenure 2.49

NTrade 2.39

AccSD 1.52

Neighbor_N 1.35

AccReturn 1.16

NeighborAdopt 1.13

AdoptBTCPositive 1.06

Post_N 1.02

NonAdoptBTCPositive 1.01

Mean VIF score 2.34
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B.4 The effect of diversity of opinions on cryptocurrency adoption

To further shed light on how the size of the neighborhood affects the focal user’s Bitcoin

adoption, we add another control variable that directly captures the diversity of opinions in

one’s neighbor. NeighborDiversity is defined by the standard deviation of the sentiment of

neighbors’ opinions. We label positive sentiment with a value of 1, and 0 otherwise, and take

the standard deviation of sentiments of all neighbors. We set NeighborDiversity to be zero

when no neighbors post about Bitcoin. A greater standard deviation denotes a higher degree

of diversity in neighbor opinions towards Bitcoin. The correlation coefficient between the

NeighborDiversity and Neighbor_N is 0.290, suggesting a significant positive relationship

between the diversity of opinion and number of neighbors. After adding the new control

variable, we re-run our model. Table B.6 shows the estimation results. Our findings indicate

that the diversity of opinions within the neighborhood has a negative impact on a user’s

decision to adopt Bitcoin.
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Table B.6: Diversity in neighboring opinions

Depedent Variable Adopt

NeighborAdopt 0.098

(0.060)

AdoptPosBTC 10.732***

(2.192)

NonAdoptPosBTC -5.423***

(1.106)

Neighbor_N -0.068***

(0.017)

NeighborDiversity -3.762***

(0.807)

Post_N 0.000***

(0.000)

AccTrade -0.018***

(0.003)

Tenure 0.034***

(0.006)

NTrade 0.004***

(0.001)

Diversification 0.156***

(0.009)

AccReturn -0.000***

(0.000)

AccSD -0.001***

(0.000)

Observations 2,316,559

Notes: Standard errors clustered at the user level are reported in parentheses. * p < 0.1, **

p < 0.05, *** p < 0.01
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Appendix C

ONLINE APPENDIX TO CHAPTER 5

C.1 Proof of Theorem 1

Proof. Sufficiency. Take any measurable triplet (ρ, ϕ1, ϕ2) and define f̃mj =

ρ
(
ϕ1(Xmj, Emj)+∑k ̸=j ϕ2(Xmk, Emk)

)
. Because the inner summation is a multiset operation,

f̃mj is automatically permutation–invariant for the non-focal nodes and does not depend on

their ordering; identity independence follows by construction. Hence any function that can

be written in this form meets Assumptions 2–3.

Necessity. Let Cbe the countable universe of possible pairs (X, E) obtained after discretising

X to rational vectors. Partition C into the set of even indices E = {2n : n ∈ N} and odd

indices O = {2n+1 : n ∈ N}. Because C is countable, there exist mappings ce : C → E and

co : C → O. Define

ϕ1(Xmj, Emj) = 4−ce(Xmj ,Emj), ϕ2(Xmk, Emk) = 4−co(Xmk,Emk).

Because even and odd codes never collide, the quantity Tmj = ϕ1(Xmj, Emj) +∑
k ̸=j ϕ2(Xmk, Emk) provides a unique representation of the focal node and the non-focal

nodes in the network. Hence a function ρ : R → R can always be found such that

fmj = ρ
(
ϕ1(Xmj, Emj) +

∑
k ̸=j

ϕ2(Xmk, Emk)
)

completing the proof.
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