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In recent years, with the rapid development of blockchain technology, the
emergence of Non-Fungible Tokens (NFTs) has become a disruptive and
innovative application that has attracted widespread attention and triggered
frenzy. This study examines the momentous but may be easily neglected price
factor in the NFT market. Using hand-collected daily data on the number of
followers of 150 NFTs on Discord from April 18 to 15 October 2022, empirical
results find that the fan economy on social media platforms has a positive impact
on NFT pricing. Furthermore, this impact has a certain time-lagged effect. To
ensure the robustness of the research, this paper also collects Twitter followers as
an alternative indicator to measure the fan economy, and all the empirical results
of the Twitter platform are significant. The findings of this paper are of great
significance for studying the factors affecting the price of NFTs and provide
certain assistance for the decision-making of NFT issuers and investors.
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1 Introduction

In recent years, with the rapid development of blockchain technology, after the digital
cryptocurrencies represented by Bitcoin (Lin et al., 2019) and Ether, the emergence of Non-
Fungible Tokens (NFTs) has brought a profound change to blockchain. NFTs are essentially
non-replicable digital certificate of authenticity stored on a blockchain or distributed ledger
(Popescu, 2021). Compared to other fungible and homogenous assets, NFTs have many
advantages. First, NFTs are derived from the Ethereum ERC-721 and ERC-1155 standards
on the Ethereum blockchain, so they have the corresponding characteristics of the
blockchain, such as verifiability, transparent execution, tamper-resistance in ownership
records, etc. (Wang et al., 2021) and decentralization (John et al., 2022). Second, because
NFTs have distinct identifiers and metadata (Umar et al., 2022), each token of NFTs is
unique (Zhang et al., 2022), which ensures that NFTs are non-fungible. These advantages
have enabled NFTs to revolutionize the way digital assets are traded in just a few years
(Wilson et al., 2022), so NFTs have become a disruptive and innovative application
(Braioni, 2022).

There are many types of NFTs. A picture, a tweet, an audio clip, or even a prop in a game
can be NFTs. Various forms in a way open new blockchain markets. The landmark event
that NFTs have attracted widespread attention in society was on 11 March 2021, when
digital artist Beeple sold his work Everydays: The First 5000 Days for $69.346 million, which
took 14 years to create. Subsequently, on 2 December 2021, renowned NFT artist Pak
attracted more than 28,000 buyers to participate in the auction of the art project Merge and
finally set a new NFT record with a total sale of $91.8 million. Meanwhile, after the publicity
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of major news reports and the hype of social media, the explosive
growth of NFTs prompted the influx of capital into the market,
triggering a frenzy in the NFT trading market. As illustrated in
Figure 1, the total volume of the global NFT market has soared from
$0.575 billion in 2020 to $52.6 billion in October 2022. For a frenzied
NFT market, studying the influencing factors of this market price
pattern would help us to better understand this new financial
phenomenon and its economic effects.1,2

Previous studies on NFTs have mainly focused on the
characteristics (Ali and Bagui, 2021; Baals et al., 2022),
technology (Murray, 2022; Das et al., 2021), benefits (Truby
et al., 2022; Dos Santos et al., 2021) or other aspects of the NFT
market. In the financial field of NFTs, research has mainly focused
on the connection between the NFT market and other asset classes
(Pinto-Gutiérrez et al., 2022; Apostu et al., 2022) or on a single NFT
category or collection (Schaar and Kampakis, 2022; Yencha, 2022).
However, there are no studies investigating the relationship between
the fan economy and NFT pricing. Therefore, this paper contributes
to the debate on the influencing factors of NFT pricing from the
perspective of the fan economy.

Although the fan economy has been widely explored in fields
like marketing and cultural studies, its financial implications,
particularly in asset pricing—remain under-investigated. Much of
the existing research has focused on consumer identity formation,
engagement strategies, or community behavior, with limited
attention to how fan activity might influence market valuation.

This study builds on that foundation by asking whether fan
engagement—captured through follower counts on Discord and
Twitter—correlates with NFT price dynamics in emerging digital
asset markets. By treating social visibility as a quantifiable input, we
aim to bridge the gap between behavioral attention metrics and
financial performance in speculative environments.

The fan economy has attracted growing scholarly attention for
its complex role in shaping both market value and investor behavior.
In marketing research, social media–driven fan engagement is often
linked to increased product visibility, stronger consumer
participation, and heightened brand loyalty (Braga and Guillén,
2012; De Vries et al., 2012). More recently, financial studies have
extended this view, suggesting that fan tokens and social
followership can serve as early indicators of demand and help
stimulate short-term market momentum (Foglia et al., 2024).

Yet this enthusiasm is not without risks. Several researchers
caution that excessive reliance on fan-driven attention may distort
price signals and magnify volatility. For instance, Foglia et al. (2024)
reports persistent spillover effects between fan token ecosystems and
traditional markets, implying that speculative enthusiasm may
introduce broader financial instability. Similarly, Westland (2024)
observes that NFT valuations often exhibit socially driven
fluctuations that are disconnected from economic fundamentals.

These findings highlight an unresolved dilemma: fan
engagement may be instrumental in mobilizing digital asset
demand, but it can also intensify behavioral distortions and
complicate the interpretation of price dynamics. Understanding
this dual role is essential to any serious analysis of value
formation in decentralized, hype-sensitive markets.

However, none of them empirically examine how observable fan
metrics—such as social media follower counts—relate to the market
valuation of blockchain-based assets like NFTs. Addressing this gap,
our study investigates whether fan engagement, operationalized
through community followership data, can meaningfully explain
NFT pricing patterns.

First, this study manually tracks the daily changes in the relevant
data of 150 NFTs and the number of fans on Discord platforms and
finds that the fan economy will affect the fluctuation of NFT pricing.
Second, the empirical results also conclude that the fan economy has
a time-lagged effect on NFT pricing. The results of this paper
provide entirely new insights for NFT issuers and investors and
hopefully provide some direction for research on the NFT market.

The remainder of this paper is structured as follows: Section 2
provides the literature review, Section 3 presents the theoretical
analysis and hypothesis development, Section 4 describes the data

FIGURE 1
The daily trading volume from January 2020 to October 2022, with data from the Dune website.

1 The data on the total volume of the NFT market is obtained from the Dune

website (https://dune.com/home), and the sum of the volume is

calculated based on daily movements.

2 Data source: https://dune.com/home
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and methodology, Section 5 shows the empirical results and
robustness tests, and Section 6 concludes the paper.

2 Literature review

2.1 NFT pricing

NFTs do appear to be a distinct (and exciting) new asset class
(Dowling, 2021). There are various factors that affect the price of
NFTs. Empirical results from NFTsAI (non-fungible tokens
attention index) show that the NFT market is dominated by
multiple markets, including cryptocurrency, DeFi, equity, bond,
commodity, F.X and gold markets Wang (2022). In these
dominant markets, the most closely related is the cryptocurrency
market because the purchase and transaction of NFTs requires
cryptocurrencies as a payment medium. Therefore, most of the
current NFT literature focuses on studying the impact of such cross-
trading. According to Osivand and Abolhasani (2021), the smaller
NFTmarket is driven by the cryptocurrency market. Dowling (2022)
used wavelet coherence analysis to demonstrate that there is a co-
movement between the cryptocurrency market and the NFTmarket.
Ante (2022) also verified that the pricing of cryptocurrencies such as
BTC and ETH pricing would affect the NFT market.

In addition to cryptocurrencies, few papers have studied the
feature factors that may influence the price of NFTs. For example,
different skin tones of artworks will affect NFT pricing due to racial
discrimination (Nguyen, 2022). Nadini et al. (2021) found that sales
history and visual features are good predictors of NFT prices using
simple machine learning algorithms. Chohan and Paschen (2023)
showed that differences in appearance, utility, and many other
properties affect the valuation of NFTs. In addition, factors such
as the scarcity of NFTs (Mekacher et al., 2022) and the aesthetic
preferences of investors (Kong and Lin, 2021) also affect the
price of NFTs.

2.2 Fan economy

The original “Fan Economy” refers to the value and revenue
generated by interactions among individual fans, fan communities,
and artists/stars (Liang and Shen, 2016). However, with the
development of social media platforms, the meaning of the fan
economy has gradually expanded, evolving into a new business
model. For instance, the research in Demir et al. (2022) mentioned
that in the football field of the cryptocurrency market, in addition to
fan identity, fans are given the privilege of participating in club
decisions through fan tokens, such as interactive voting on the
choice of team uniforms. Moreover, increasingly more companies
are beginning to pay attention to publicity and marketing on social
media platforms, hoping to turn consumers into fans of their brands
(Braga and Guillén, 2012). One of the specific ways is to create brand
fan pages on social networking sites (De Vries et al., 2012). Today,
consumers are not just passive acceptance of passively receiving
marketing campaigns, either by posting comments, sharing
information, participating in discussions (Geng et al., 2018) and
engaging in a series of consumer engagement behaviors (CEB) that
can positively affect sales (Oh et al., 2017). Saboo et al. (2016)

defined such brand consumers on social media platforms as social
followers (SFANS). It can be said that the development of social
media platforms has led to the rise of the fan economy (Liao, 2021).

This paper argues that in the absence of entities in the NFT
market, the behavioral willingness of NFT consumers will be
affected by the fan economy on social media platforms. White
et al. (2022) noted that traditional media has the educational
function of facilitating transactions by, for example, providing a
tutorial for purchases, shortening the learning curve for new
participants and reducing start-up costs. With the popularization
of the Internet, apart from succeeding in the features of traditional
media, social media has also been proven to have an impact on price
volatility (Jiao et al., 2020; Ortu et al., 2022; Liu et al., 2022).
Similarly, this paper believes that the NFT market is still in the
early stages of emerging and rapid development (Nobanee and Ellili,
2022), and many people are not as familiar with NFTs. Currently,
social media plays an important role as a platform for NFT issuers to
promote, hold events and communicate with their fans. NFT issuers
provide various related information to buyers or bystanders through
social media platforms, helping more people to know more about
NFTs. At the same time, it will greatly increase the attraction of
NFTs to new participants, enhance public interest and increase their
desire to buy. When these consumers gather into fan groups, the fan
economy is born.

2.3 Herd behavior

The fan economy is inseparable from herd behavior. In 1992,
Banerjee (1992) explained herd behavior as people choosing to
follow the herd when making their own decisions, even if the
behavior of the herd is inconsistent with the information they
have received. According to the adaptive market hypothesis,
when NFT consumers are uncertain about the returns and risks
of investments or unfamiliar with the NFT market, they are more
likely to follow the “herd”. Ting (2022) noted that in social identity
theory, individuals have natural trust in groups, which is the logic of
the behavior of most current fan communities. Therefore, NFT
consumers will tend to choose NFT collections that are more
popular with fan groups to avoid the risks derived from
investment uncertainty.

In speculative markets, prices may deviate from their
“fundamental” values due to information frictions and the
associated speculative activity and may result in price booms or
busts (Singleton, 2014). Furthermore, in the research by White et al.
(2022), it was argued that the NFT space is characterized by three
major features: extreme growth, high skew, and uncertain returns. In
other words, NFTs are typically speculative markets. Thus, in a
highly speculative NFT market, it is not surprising that the fan
economy might be accompanied by herd behavior. In fact, the
existence of herding in NFT markets has been empirically
examined in research by Bao et al. (2022). At the same time,
Mattke et al. (2020) also concluded that there is herd behavior in
social media through a qualitative comparative analysis (QCA).

Emerging literature increasingly points to the complex and, at
times, destabilizing role that fan engagement can play in asset
valuation. For example, Principe et al. (2024), in their review of
fan tokens within the sports industry, observed that while these

Frontiers in Blockchain frontiersin.org03

Zhang et al. 10.3389/fbloc.2025.1588837

https://www.frontiersin.org/journals/blockchain
https://www.frontiersin.org
https://doi.org/10.3389/fbloc.2025.1588837


tokens often boost engagement levels, they are also prone to sharp
price swings, unresolved regulatory challenges, and ethical
dilemmas—factors that may erode investor confidence and
undermine long-term market stability.

Westland (2024) adds to this perspective by showing that NFT
pricing tends to follow erratic, fan-driven cycles rather than
conventional financial trends. These bursts of activity are often
unpredictable and only loosely tied to the assets’ intrinsic value,
making them difficult to incorporate into traditional
valuation models.

In a broader view of digital markets, He et al. (2023) noted the
speculative and illiquid nature of NFTs, where valuations frequently
appear to be inflated by hype rather than grounded in fundamentals.
Here, fans-enthusiasm—especially when amplified through social
media, can act as both a catalyst and a destabilizer, fueling
momentum that may not be sustainable.

Additionally, Ouvrein (2024) explored the evolving nature of
relationships within fan ecosystems, revealing how influence can
shift into more toxic dynamics, such as anti-fan backlash. These
shifts not only dilute commercial impact but may also pose
reputational risks for creators and affiliated brands.

Therefore, this paper argues that under such herding behavior,
as social media has the function of sharing and disseminating
information (Wu et al., 2022), NFT consumers would more
easily intensify the effect of the fan economy on social media
platforms. As Bouri et al. (2019) pointed out in their study, when
the participants are mostly young and inexperienced individual
investors, they are more easily persuaded by the herd and rely
more on social media and online chat forums. In addition, Nadini
et al. (2021) also noted that with the current widespread access to
social media, herding behavior might be stronger than ever.

3 Theoretical analysis and hypothesis
development

Scholars have long focused on the number of followers on social
media platforms in various fields. They generally believe that the
more followers someone gets on social media platforms, the greater
their social influence, aggregation power (Jin and Phua, 2014), social
attractiveness (Utz, 2010), trustworthiness and credibility (Tong
et al., 2008), and bridging social capital (Petty et al., 1983).

In the real economy, numerous studies have proven that the fan
economy on social media plays an extremely important role. One is
funding. Many followers on the founder’s social media were proven
to help start-ups raise more funds in the early stages (Yang and
Berger, 2017) and is positively correlated with the amount of money
raised each year thereafter (Banerji and Reimer, 2019). The second is
reputation. Having many followers is an effective advertising tool for
social media accounts (Janssen et al., 2022), with more chances to
transform the potential customer to customer (Agam, 2017). At the
same time, more followers may lead to higher popularity to elicit
stronger brand effects (De Veirman et al., 2017). In addition, this fan
economy has been shown to have a positive impact on television
ratings (Oh et al., 2015), team ticket sales performance (Kim, 2020),
and to have a predictive effect on the performance of movies (Roy
and Zeng, 2014).

In financial markets and cryptocurrencies, the fan economy on
social media has also been used as an indicator in various studies. Sul
et al. (2014) argued that Twitter users with many followers had a
market impact like traditional news media and had a stronger
immediate same-day impact on stock returns. Nofer and Hinz
(2015) used the number of followers as the social character of
mood states, demonstrating that increased positive follower-
weighted social mood levels derived from Twitter lead to higher
stock market returns while also predicting stock returns. In addition
to the stock market, the fan economy has also been widely used in
research on cryptocurrencies. For example, Trigka et al. (2022)
proposed that the number of Twitter followers is an important
component of measuring user influence and can be used to predict
the popularity of cryptocurrencies. In the field of NFTs, Kapoor et al.
(2022) also concluded that the number of user member lists is an
important predictor of NFT value growth and virality.

The fan economy is an important market phenomenon on
today’s social media platforms, which provides strong support for
the exposure and influence of NFTs. When fans actively promote
and publicize NFTs through social media platforms, the recognition
and popularity of NFTs are improved, enhancing the attractiveness
and competitiveness of NFTs in the market. As an increasing
number of people enter the NFT market, more funds flow into
the market, and the change in supply and demand inevitably leads to
an increase in NFT pricing. In addition, the influence of the fan
economy can also help to promote the market liquidity and
transaction volume of NFTs, which would make NFTS more
easily accepted by buyers and sellers, thereby pushing up the
price of NFTs to some extent.

The core question underlying this hypothesis is whether, in a
highly speculative and information-asymmetric market like NFTs,
observable fan engagement can function as a proxy for perceived
asset value. Drawing on insights from behavioral finance and studies
on digital communities (e.g., Sul et al., 2014; Nofer and Hinz, 2015),
we suggest that social signals—such as the number of
followers—may shape investor expectations and influence
asset demand.

While existing studies suggest that followers may exert a positive
influence on NFT prices, this relationship is not always
straightforward—or stable over time. For instance, the
phenomenon of follower inflation on social media platforms,
where accounts artificially inflate their numbers through
program-controlled accounts or paid services, raises concerns
about the authenticity of fan engagement (White et al., 2022).
When such inflated metrics dominate, the assumed price-
supporting effect of the fan economy may be significantly diluted.

At the same time, periods of heightened market sentiment can
lead to sharp increases in NFT valuations fueled by collective
enthusiasm from fan communities. These surges often resemble
speculative bubbles, lacking fundamental value support and
exposing investors to greater risk (Bao et al., 2022).

Moreover, from a behavioral economics standpoint, the effect of
growing fan bases may not be linear. Beyond a certain point,
additional followers tend to offer diminishing returns in terms of
price impact—suggesting that the influence of social signals may
taper off as saturation sets in. Taken together, these dynamics
highlight the importance of not only recognizing the potential
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value of fan engagement but also remaining attentive to its
limitations and unintended market distortions.

While recent studies have pointed to the volatility, sentiment
cycles, and reputational risks associated with fan-driven markets
(e.g., Principe et al., 2024; Westland, 2024; Ouvrein, 2024), they tend
to emphasize the unpredictability of these effects rather than deny
their existence. In fact, such behavioral complexity may be precisely
what makes fan engagement an important, if unstable, factor in
asset pricing.

Our aim is not to model price stability per se, but rather to
explore whether fan attention—operationalized through observable
metrics like follower counts—tracks with NFT price movement over
time. In markets characterized by speculation and limited
information transparency, social visibility often becomes a de
facto signal of value, particularly in the absence of conventional
fundamentals.

Behavioral finance offers a useful lens here. As shown by
Banerjee (1992) and Shiller (2003), perceptions of popularity and
collective behavior can drive asset demand in ways that deviate from
rational pricing logic. Likewise, signaling theory suggests that in
uncertain environments, publicly visible indicators—such as large
social followings—can serve as heuristics for credibility or
momentum (Spence, 1973).

By capturing daily follower data at the project level across both
Discord and Twitter, our dataset allows for a more granular and
timely investigation than prior studies relying on sentiment proxies
or static measures. This design provides a unique opportunity to
examine whether increased fan exposure corresponds with upward
pricing pressure.

Given these theoretical considerations and empirical
advantages, we anticipate a positive directional association
between fan engagement and NFT prices, while acknowledging
that the relationship is likely mediated by complex and context-
specific mechanisms.

Based on the previous discussion, this paper suggests the first
hypothesis as follows:

Hypothesis 1: There is a positive correlation between the number
of fans and NFT pricing.

4 Data and methodology

4.1 Data

4.1.1 Explanatory variable
In the NFT fan community, Discord (https://discord.com/) has

become the preferred social media platform for real-time
communication due to its advantages of conciseness, ease of use,
and rich functions. Most NFT issuers choose to establish their own
communities on the Discord platform to publish various
community rules, introductions, events, etc. As a gathering place
for NFT information, fans send text, pictures, video and audio
through Discord’s chat channel for real-time interaction and
discussion to keep abreast of NFT market dynamics and trends.
The Discord community has enabled NFT issuers to establish a
closer relationship with fans, which also means that the number of
members on the Discord platform reflects the popularity andmarket

participation of NFTs to a certain extent. Therefore, this paper
chooses the daily movement of Discord members to quantify the fan
economy and examine the impact of the number of fans on the
Discord platform on the NFT pricing indicators.

4.1.2 Explained variable and control variable
OpenSea (https://opensea.io/) is the world’s first online market

for NFTs and crypto collectibles, which can be used to browse,
create, buy, sell and auction NFTs. As illustrated in Figure 2,
OpenSea occupies the largest NFT market share, and as the
required dataset has not been collected in previous studies, this
paper uses a hand-collected method to gather a total of 150 NFTs on
the OpenSea website as research objects. The daily average price
(ETH) change of these 150 NFTs is the explanatory variable, and
Items, Owners, and Floor price are the control variables.3

The time span of the panel data sample in this paper is from
April 18 to 15 October 2022. The research start date of April 18 was
used as the beginning date of the dataset, and the website update date
of October 15 was used as the ending date because the calculation
method of the new dataset after the website update was no longer
consistent with the previous one. Furthermore, according to the
research of Paniagua and Sapena (2014), social media platforms
have a significant impact on the stock prices of publicly traded
companies, but this impact only occurs in companies with a critical
mass of followers. Additionally, the moderating mediation analysis
of Jin and Youn (2022) also revealed that peer users’ conversion
exerts a positive impact on the outcome variables through cognitive
and affective appraisals when the number of followers is high but not
when it is low. Therefore, this paper believes that herd behavior is
more likely to appear on NFTs with higher rankings.
Correspondingly, the dataset of these 150 NFTs was ranked in
descending order by the total trading volume on 18 April 2022.

4.2 Methodology

This study designed our data collection and modeling process
with reproducibility in mind. The dataset comprises 150 NFT
projects manually selected from OpenSea, based on total
transaction volume rankings as of 18 April 2022. For each
project, we tracked daily follower counts from their official
Discord and Twitter communities between April 18 and
15 October 2022. In addition, key pricing and control
variables—such as the number of items, owner counts, and floor
prices—were retrieved directly from OpenSea listings. The research
applied a High-Dimensional Fixed Effects (HDFE) regression model
with robust standard errors to examine how changes in follower
counts relate to NFT prices over time. Lagged variables were
constructed from t–1 through t–36, and all estimations were
conducted using Stata 17.0. To reduce the influence of extreme
values, all continuous variables were winsorized at the 1% level.

Based on the above theory and data basis, to verify the
hypotheses, this paper establishes the following empirical models:

3 Data source: https://dune.com/home

Frontiers in Blockchain frontiersin.org05

Zhang et al. 10.3389/fbloc.2025.1588837

https://discord.com/
https://opensea.io/
https://dune.com/home
https://www.frontiersin.org/journals/blockchain
https://www.frontiersin.org
https://doi.org/10.3389/fbloc.2025.1588837


Avgpricei,t � β0 + β1Discordmembersi,t−1 + β2Itemsi,t−1

+ β3Ownersi,t−1 + β4Floorpricei,t−1 + β5Collection
+ β6Date + εi,t

(1)
where i represent the ith NFT, t represents the tth day, and Avgprice
represents the daily average price (Ether) of each NFT. Discord
members represent the number of fans on the Discord platform.
Items represent the number of each NFT projects, and Owners
represents the number of each NFT owner. Floorprice is the lowest
price (Ether) of each NFT, and ε is the random disturbance term. To
better explain the impact of the fan economy on NFT pricing and
address endogeneity issues, a lagged one-period treatment is
performed on Avgprice. In addition, Collection and Date
represent the control variables of NFT individual effect and time
effect respectively. Definitions of variables are shown in Table 1.

5 Empirical results

5.1 Descriptive statistics

To further analyze the characteristics of NFTs, descriptive
statistics are made on all the research variables of all samples in
this paper, and the results are shown in Table 2. Before regression,
this paper winsorizes each variable at the 1% level to reduce the
influences of outliers. After deleting missing values, a total of
17,619 samples were obtained between 18 April 2022, and

15 October 2022. The panel data show that the maximum value
of NFT pricing is 87.484 ETH, the minimum value is 0 ETH, and the
average is 3.071 ETH, with 1 ETH being approximately 1200 USD,
indicating a wide variation in NFT selling prices. The maximum
number of Discord members is 479,960, the minimum value is 3510,
indicating a significant range in fan size across Discord platforms.
This suggests that measuring the fan economy through Discord
members could be a reasonable metric for further research on the
relationship between fan economy and NFT pricing.

5.2 Correlation

To conduct better comparison and analysis, this paper visualizes
the data of Discord members and NFT pricing. The data trend chart
of the number of Discord members on t-1 day and NFT pricing on
t day is shown in Figure 3. It can be preliminarily seen from the high
degree of overlap of the two trend lines that there is indeed a
significant positive correlation between fan economy and prices.

The correlation coefficient matrix results show that the
correlation between Discord members and Avgprice reaches
0.142, which is significant at the 1% level.

5.3 Regression results

To address the issues of fixed effects and multicollinearity in the
panel data, correct the existence of heteroscedasticity and

FIGURE 2
The market share of NFTs from October 2021 to October 2022, with data from the Dune website.

TABLE 1 Definitions of variables.

Type Variable name Symbol Definition

Explained variable Average price Avgprice Daily average sells price (ETH) per NFT.

Explanatory variable Discord members Discordmembers Daily Discord members (10K) of each NFT on day t

Control variable Items Items The natural logarithm of the total number of items per NFT.

Owners Owners The natural logarithm of the total number of addresses held per NFT.

Floor price Floorprice The real-time lowest listing price (ETH) of each NFT.
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autocorrelation, and ensure that the results are more accurate and
robust, this paper uses the High-Dimensional Fixed Effects
(HDFE) model based on the Robust Standard Errors method
and the Gauss-Seidel Iteration method for regression analysis.
After controlling for subject and date, the regression results are
shown in Table 3, and the p-value of the model is less than 0.00,
indicating that the model is highly significant overall.
Additionally, the coefficient of Discord members is positive
and statistically significant at the 1% level, suggesting that
Discord members have a positive impact on the price of
NFTs. This result further verifies Hypothesis 1 that NFT
pricing is positively correlated with the number of fans on
social media platforms, the higher the number of Discord
members, the higher the NFT pricing. At the same time, the
adjusted R-value of the model is 0.953, reflecting that the model
can better fit the sample data in this paper to some extent.

This result is consistent with existing findings in adjacent
domains. For instance, Sul et al. (2014) and Nofer and Hinz
(2015) found that social media mood and influencer presence
significantly impacted stock returns. Similarly, Kapoor et al.
(2022) showed that social signals on Twitter can predict NFT
virality. However, unlike these studies that focus on sentiment
or posting frequency, we directly examine quantitative fan
engagement (follower count), which presents a more
structural proxy for attention. These findings align with the
hypothesis that visibility and community scale act as indirect
demand drivers.

5.4 Further test

In general, there is time-lagged information dissemination on
social media platforms. NFT issuers are willing to publish relevant
news, activities, announcements and other content on social media
platforms. These, however, often tend to spread over time. As the
diffused contents become more widely known, people who are
interested usually choose to follow the NFT collection, join the
social media community and become a fan of the NFTs to learn
more about detail for future purchase decisions. Moreover,
consumer behavior can be affected by the psychology of
consumers. There is a consideration period between the desire to
purchase and the fulfillment of the purchase decision. For instance,
some consumers choose to buy immediately due to impulsive
consumption, while others need to observe for a period before
making a purchase.

Therefore, to verify the existence of the time-lagged effect
between the price of NFTs and the number of fans on social
media platforms, this paper uses the Discord members variable
for multiple lags and obtains Discord members with different
periods of lag as the new explanatory variables. Where t-n refers
to n days before day t, such as t-1 means 1 day before day t, t-2 means
2 days before day t, and so on. According to the analysis of the lag
regression results in Table 4, there is a significant positive correlation
between Discord members and Avgprice, which lasts until the 35th
day. Meanwhile, as time goes by, the coefficient of the 36th day is no
longer significant. These phenomena indicate that changes in the

TABLE 2 Descriptive statistics.

Variable Observations Mean P50 Sd Min Max

Avgprice 17,619 3.071 0.481 10.963 0.000 87.484

Discordmembers 17,619 6.785 3.531 8.645 0.351 47.996

Items 17,619 8.918 9.210 1.704 1.099 12.707

Owners 17,619 8.234 8.343 0.923 5.549 10.820

Floorprice 17,619 2.318 0.374 8.189 0.000 73.000

Notes: Table 2 presents descriptive statistics, including summary statistics of the main variables for 150 NFTs, and social media platforms.

FIGURE 3
Trend chart of fan economy and NFT pricing.
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number of fans have a persistent lagging effect on NFT pricing, and
this effect gradually weakens over time.

5.5 Robustness test

5.5.1 Group regression
To better test whether the fan economy on social media platforms

is indeed significantly positively correlated with the price of NFTs, this
paper sums up the number of Discord members for each NFT subject
during the research period and divides the 150 NFTs into two groups
based on ranking for regression analysis. The robust test results are
shown in Table 5. After grouping, the regression coefficient between
Discord members and Avgprice changed from positive to negative,
and the adjusted R2 dropped from 95.9% to 79.7%. Additionally, the
regression of the second group is no longer significant. This suggests
that the influence of the number of fans on social media platforms on
NFT pricing would indeed weaken with the gradual attenuation of the
fan economy effect. This result verifies the robustness of Hypothesis 1.

5.5.2 Substituting the core explanatory variable
In the robustness test, this paper refers to the relevant literature

of predecessors and chooses the number of fans on the official
Twitter (https://twitter.com/) account set up by NFTs as an
alternative indicator of the fan economy. Kalampokis et al.
(2013) summarized the research on the predictive power of social
media data for various domains. However, depending on the
popularity of social media, most researchers choose the Twitter
platform as the data source. As Shen et al. (2019) argued, compared
with other platforms, using the number of tweets on Twitter to

measure investor attention would be a better measure. In addition
to the number of tweets, researchers have also studied the impact of
tweet sentiment. Zhang and Zhang (2022) proposed that investorsmay
interpret the sentiment of each new tweet posted by a cryptocurrency
issuer as a new signal of its recent performance and may lead to price
changes and a surge in trading volume. Bollen et al. (2011) also
predicted the price of stocks by analysing the user sentiment of
tweets on Twitter. In the latest study, Kapoor et al. (2022) also
used Twitter as a proxy for social media and showed how Twitter
features affect NFT valuation through multiple machine learning and
deep learning models. These all showed that Twitter is a powerful
platform for studying consumer behaviours (Hutchins, 2011).

Therefore, in this paper, according to the popularity of social
platforms in the NFT market, the Twitter platform is chosen to test
the robustness of the model and the validity of the hypotheses again,
with the core explanatory variable replaced by the number of
followers on the Twitter platform. The HDFE regression results
show that replacing the core explanatory variable does not change
the results, and there is still a positive and significant relationship at
the 1% level.

The robustness test establishes the following
econometric models.

Avgpricei,t � β0 + β1Twitterfollowersi,t + β2Itemsi,t + β3Ownersi,t
+ β4Floorpricei,t + β5Collection + β6Date + εi,t

(2)
where Avgprice represents the last 7-day average price (Ether) of
NFTs. Twitterfollowers represents the number of followers on the
Twitter platform. Twitterfollowers is the core explanatory variable,
and Items, Owners, and Floorprice are the control variables.

Table 7 presents the new regression result replacing the core
explanatory variable. The adjusted R-squared is 95.3%, which means
that the model in this paper is capable of effectively explaining the
relationship between the number of Twitter followers and the price
of NFTs. Consistent with previous regression results, there is a
significant positive correlation between the number of Twitter
followers and NFT pricing at the 1% level. This once again
proves that the number of fans on social media platforms has a
certain impact on NFT pricing. The higher the number of followers
on the social media platform, the higher the price of NFTs. This
result further confirms the robustness of Hypothesis 1.

According to the robust test results in Table 8, the lagged
regression of the number of Twitter followers on NFT volume is
still significantly positively correlated at the 1% level. In addition, the
lagged effect of the Twitter platform is not consistent with that of the
Discord platform, and the lagged effect of the Twitter platform will be
longer, reaching 53 days. This is probably because the main function
of the Discord platform is real-time communication, and past
information is easily overwritten by the latest information. Instead,
on the Twitter platform, as NFT issuers’ tweets are retweeted more
often, the spread will be wider, resulting in a longer lagged effect.

The analysis identifies a statistically significant and positive
association between NFT prices and followers counts across
Discord and Twitter. This finding lends empirical support to the
idea that visible fan engagement can serve as a form of social
signaling, shaping investor perceptions in markets where
traditional valuation metrics are limited or absent.

TABLE 3 Regression result.

Variables (1)

Avgprice

Discordmemberst-1 0.039***

(0.014)

Itemst−1 −0.260

(0.222)

Ownerst−1 −0.228***

(0.061)

Floorpricet−1 0.342***

(0.072)

Collection YES

Date YES

Constant 6.208**

(2.512)

Observations 17,619

Adj R-squared 0.953

Notes: The t statistics are in parentheses. ***, ** and * denote significance at the 1%, 5%, and

10% significance levels, respectively, and robust standard errors are in parentheses.
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Yet the influence of fan metrics likely operates through more
than just rational expectations. In speculative environments, social
media attention has been shown to amplify behavioral tendencies
such as herd dynamics and momentum-driven trading (Westland,

2024; He et al., 2023). These factors may help explain why pricing
patterns respond to shifts in follower volume, even when there is no
corresponding change in the underlying asset’s intrinsic
characteristics.

TABLE 4 Regression result.

Discordmembers (1) (2) (34) (35) (36)

Avgpricet Avgpricet Avgpricet Avgpricet Avgpricet

Discordmemberst−2 0.042***

(0.014)

Discordmemberst−3 0.045***

(0.015)

Discordmemberst−36 0.042**

(0.018)

Discordmemberst−37 0.044**

(0.018)

Discordmemberst−38 0.030

(0.019)

Controls YES YES YES YES YES

Constant 6.163** 6.110** −0.049 −0.150 −0.207

(2.496) (2.483) (1.042) (1.073) (1.135)

Observations 17,145 16,769 12,976 12,904 12,857

Adj. R-squared 0.953 0.952 0.949 0.952 0.952

Notes: The t statistics are in parentheses. ***, ** and * denote significance at the 1%, 5%, and 10% significance levels, respectively, and robust standard errors are in parentheses.

TABLE 5 Robust test results.

Variables (1) (2)

Avgpricet (1–75) Avgpricet (76–150)

Discordmemberst-1 0.0597*** −0.0231

(0.0120) (0.0198)

Itemst−1 −0.0922 −0.113*

(0.276) (0.0689)

Ownerst−1 −0.212** 0.357***

(0.0862) (0.0456)

Floorpricet−1 0.425*** 0.403***

(0.114) (0.0769)

Constant 5.249 −1.326*

(3.418) (0.717)

Collection YES YES

Date YES YES

Observations 9,733 7,886

Adj R-squared 0.9590 0.7969

Notes: The t statistics are in parentheses. ***, ** and * denote significance at the 1%, 5%, and 10% significance levels, respectively, and robust standard errors are in parentheses.
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Rather than contradicting conventional valuation theory, these
results expand it by emphasizing the role of visibility and perceived
popularity in price formation. In markets defined by information
asymmetry and emotional volatility, the presence of an active fan

base may function less as a reflection of value and more as a
generator of it. While our findings clarify the strength and direction
of this relationship, the precise mechanisms—especially those rooted
in collective behavior—deserve further exploration.

6 Conclusion and limitations

6.1 Discussion and implication

This study contributes to the emerging dialogue at the
intersection of behavioral finance, digital asset valuation, and
community-driven economics by positioning the “fan economy”
as a quantifiable factor in NFT pricing. By empirically linking social
followership—through platforms like Discord and Twitter—to asset
performance in blockchain markets, it offers new insight into how
non-financial signals influence speculative valuation. In doing so, it
extends prior literature that has largely treated social metrics as
peripheral or anecdotal.

From a practical standpoint, the findings highlight the
growing importance of community management in digital asset
ecosystems. NFT project teams may benefit from sustained
investment in user engagement and fan retention, not simply
as a marketing strategy, but as a potential driver of price behavior.
For investors, follower trends can serve as early indicators of
demand surges or sentiment shifts, particularly in illiquid or
highly volatile markets. The results may also carry implications
for regulators and platform designers, who might begin to view
fan concentration as a proxy for market sensitivity—or even a
warning sign of speculative excess.

TABLE 7 Robust test results.

Variable Avgpricet

Twitterfollowerst-1 0.110***

(0.0324)

Itemst−1 −0.245

(0.224)

Ownerst−1 −0.231***

(0.0637)

Floorpricet−1 0.329***

(0.0710)

Collection YES

Date YES

Constant 5.186**

(2.612)

Observations 17,264

Adj. R-squared 0.9531

Notes: The t statistics are in parentheses. ***, ** and * denote significance at the 1%, 5%, and

10% significance levels, respectively, and robust standard errors are in parentheses.

TABLE 8 Robust test results.

Twitterfollowers (1) (2) (34) (35) (36)

Avgpricet Avgpricet Avgpricet Avgpricet Avgpricet

Twitterfollowerst−2 0.114***

(0.0343)

Twitterfollowerst−3 0.127***

(0.0336)

Twitterfollowerst−34 0.269***

(0.0550)

Twitterfollowerst−35 0.276***

(0.0566)

Twitterfollowerst−36 0.287***

(0.0592)

Controls YES YES YES YES YES

Constant 5.125** 4.917* −3.071** −3.269** −3.567***

(2.601) (2.579) (1.264) (1.308) (1.383)

Observations 16,795 16,430 12,708 12,637 12,589

Adj. R-squared 0.9529 0.9526 0.9522 0.9524 0.9522

Notes: The t statistics are in parentheses. ***, ** and * denote significance at the 1%, 5%, and 10% significance levels, respectively, and robust standard errors are in parentheses.
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We believe that the fan economy provides a market signal that can
help judge the market sentiment of NFTs. If fans on social media
platforms consistently show optimistic sentiment toward a certainNFT,
it may trigger more people’s investment interest and drive up its price.
In contrast, it may trigger selling behavior and push downNFT pricing.
Therefore, for investors, these market signals can be used to predict
market trends and price changes to make more informed investment
decisions. For NFT issuers, these signals have a certain reference and
guiding significance, which can help NFT issuers better adjust pricing
and marketing strategies and enhance market confidence.

The findings are also broadly aligned with research in adjacent
areas. For example, Principe et al. (2024) and Mazur and Vega (2023)
document that assets tied to fandom—such as fan tokens or sports-
linked instruments—often experience substantial price volatility and
display weak alignment with fundamental indicators. Toufaily and
Zalan (2024) further note that NFT communities tend to act more like
speculative clusters than rational investor groups, with price
movements often driven by momentum rather than intrinsic value.

Taken together, these studies underscore how behavioral
dynamics—such as social imitation, emotional contagion, and
collective speculation—can shape asset pricing in markets where
traditional valuation anchors are absent. The relationship we
observe between follower metrics and NFT prices may therefore
reflect not only informational signaling, but also the influence of
socially coordinated market behavior.

6.2 Conclusion and limitations

In conclusion, this study confirms the influence of fan metrics on
NFT pricing while acknowledging several key limitations. The NFT
pricing is highly correlated with the fan economy of the corresponding
social media platform. The lagged effect of the Discord platform and the
Twitter platform onNFT pricingwas also verified through lagged variable
regression. Therefore, based on the above studies, we can conclude that the
more exposure anNFThas on socialmedia platforms, the higher the price
of that NFTwill be accordingly. There is also a time-lagged effect between
the increase in the number of fans on the platform and the increase in
NFTpricing. Obviously, the fan economy has an important impact on the
development of NFTs and deserves attention from all parties.

In addition, the fan economy can promote the construction and
development of the NFT community. When NFT fans gather on
social media to discuss and promote NFTs, a large NFT community is
formed. This community can provide strong support and assistance
for the promotion and development of NFTs. The fan economy can
also help NFTs better open the Internet market and promote the use
and transaction of NFTs on social networks. At the same time, it also
plays a certain role in public opinion, supervision and suggestions.

There are some limitations in our study, for example, we only
collected fan numbers and price metrics, not more detailed metrics
such as user sentiment and NFT type regressions. In addition, due to
manual collection, the relatively small number of samples available
is a more obvious limiting factor. In this study, our main goal is not
to prove that the fan economy of social media platforms can predict
the price of NFTs; instead, we take more consideration into the
impact of the fan economy of social media platforms in the NFT
market on NFT pricing, which provides an alternative focus for NFT
purchasers to make decisions. However, it is undeniable that in

subsequent studies, further learning algorithms to collect datasets on
NFTs and social media platforms over a longer period, as well as a
greater number of individual dimensions, could help predict the
price of NFTs to some extent.

One key limitation of this study is its reliance on a purely quantitative
measure of follower count, without assessing the behavioural quality or
actual engagement levels within fan communities. As a result, the
analysis does not distinguish between active and passive followership,
nor does it account for cases where the fan economy may fail to exert
meaningful influence on pricing outcomes.

Future research may benefit from a more multidimensional
approach—incorporating variables such as user activity levels,
interaction frequency, or even sentiment indicators derived from
social media content. Natural language processing techniques, for
example, could offer valuable insight into the emotional tone and
engagement dynamics of fan behaviours across platforms like
Twitter and Discord. In addition, differentiating among NFT
categories may help clarify the contexts in which social signals
support, fail to support, or even distort price discovery processes.
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