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Abstract

The emergence of cryptocurrencies and decentralized finance (DeFi) applications brings unique challenges, including high
volatility, limited fundamental valuation methods, and significant informational reliance on social media. Consequently,
traditional trading algorithms and decision support systems (DSS) often fall short in effectively capturing these dynamics,
underscoring the need for tailored solutions. Recent research on sentiment analysis in cryptocurrency trading has provided
mixed evidence regarding its predictive power, highlighting limitations in generalizability and reliability due to the inherent
noise of social media content. Addressing these limitations, this study explores crowd-based trading signals, explicit buy
and sell recommendations shared by users on social media platforms including X (formerly Twitter), Reddit, Stocktwits, and
Telegram. We apply an event study methodology to analyze over 28,000 trading signals extracted using natural language pro-
cessing (NLP) techniques based on large language models (LLMs). Our findings demonstrate that these explicit crowd-based
signals significantly predict short-term cryptocurrency price movements, particularly for assets with lower market capital-
ization and recent negative returns. An out-of-sample trading strategy using these signals achieves superior risk-adjusted
returns, outperforming both a standard cryptocurrency index (CCI30) and the S&P 500. Additionally, we uncover the role of
automated accounts (signal bots) actively disseminating trading recommendations. This research advances literature by intro-
ducing a precise alternative to sentiment analysis, contributing to the understanding of social media as a distributed financial
information environment, and raising theoretical considerations about algorithmic agency and trust. Practical implications
span investors, social media platforms, and regulators.

Keywords Social media signals - Cryptocurrencies - Collective intelligence - Trading signals - Predictive power -
Wisdom of crowds
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Introduction

The emergence of blockchain-based cryptocurrencies and
decentralized finance (DeFi) applications has fundamentally
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transformed digital financial markets. Technologies such
as cryptographic tokens, smart contracts, and distributed
ledgers have introduced new paradigms for value creation,
exchange, and governance (Altet al., 2024; Beck et al., 2018;
Schwiderowski et al., 2024). DeFi innovations have further
challenged traditional financial intermediation, introducing
novel business models and reducing reliance on centralized
institutions (Beinke et al., 2024). Once considered niche
innovations, cryptocurrencies have matured into a dynamic
asset class, attracting significant interest from both retail and
institutional investors (Garcia & Schweitzer, 2015; Garcia-
Corral et al., 2022; Phillip et al., 2018). Today, thousands
of digital assets are actively traded across centralized and
decentralized exchanges, offering features such as decentral-
ized infrastructure, programmable assets, and low transaction
costs (Jalal et al., 2021; Li & Whinston, 2020). The approval
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of cryptocurrency exchange-traded funds (ETFs) by the US
Securities and Exchange Commission (SEC) marks a key
milestone toward institutional adoption (Gary, 2024). Yet,
the crypto ecosystem continues to face significant challenges,
including fragmentation between centralized and decentral-
ized platforms (Hagele, 2024) and regulatory and security
concerns (Pocher et al., 2023; Zeilet al., 2024). Despite
growing attention, public understanding remains limited, and
market behavior is increasingly shaped by the interplay of
social and technical forces (Zavolokina et al., 2024).
Cryptocurrency markets differ from traditional asset
classes in several aspects: they exhibit high volatility, lim-
ited fundamental valuation anchors, and asset values are
dominated by influences from social media (Kraaijeveld &
De Smedt, 2020; Mai et al., 2018; Pifieiro-Chousa et al.,
2023; Tiwari et al., 2025). In this context, sentiment—the
aggregated mood, opinions, or emotional tone expressed
by users on digital platforms—has emerged as a particu-
larly powerful force, with patterns on platforms such as X
(formerly Twitter), Reddit, Telegram, and Stocktwits show-
ing significant correlations with digital asset prices. These
platforms are increasingly used for both the dissemination
and consumption of financial information (Buz & De Melo,
2024), often shaping perceptions and driving behavior in real-
time. Retail investors, particularly younger demographics,
are especially active in this space. A recent Forbes Advi-
sor survey reports that 80% of young adults have received
financial advice via social media, with a substantial por-
tion of content focused on cryptocurrencies (Egan, 2023).
Importantly, institutional investors are also responding to the
informational dynamics of social media. Hedge funds, in par-
ticular, are not only gaining exposure to digital assets—47%
of traditional hedge funds now incorporate cryptocurrencies
(pwc & AIMA, 2024)—but are also adapting their trading
strategies to the sentiment-driven nature of these markets.
Many funds are now incorporating social media sentiment
data into algorithmic models and trading systems to scrape
platforms like Reddit and Twitter for indicators of senti-
ment and early signals of price movement (Wilson & Jessop,
2019). In these highly volatile environments, social media
sentiment has become a critical input for decision-making.
However, current approaches to extract and use social
media sentiment in trading systems face several limita-
tions. Most systems rely on aggregated sentiment indicators
derived from large volumes of posts, assuming that aver-
aging will surface dominant market signals (Bari & Agah,
2020). This often introduces substantial noise and weak-
ens predictive power (Subramanian et al., 2023). A major
challenge is linguistic and structural noise, stemming from
the informal and inconsistent nature of social media content.
Posts are typically short, ungrammatical, and filled with emo-
jis, tags, and hyperlinks, requiring extensive pre-processing
(Kraaijeveld & De Smedt, 2020). Many lack the clarity or
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structure needed for traditional natural language processing
(NLP) models, leading researchers to employ neural network
architectures such as LSTMs or transformers. Yet, accurately
capturing sentiment in such unstructured content remains an
open challenge (Dong et al., 2024; Subramanian et al., 2023).
Equally challenging is contextual and topical irrelevance:
not every asset mention provides value-relevant information,
and many posts reflect background chatter, speculation, or
outdated views (Xie et al., 2020). Even on finance-focused
platforms like Stocktwits, sentiment can be distorted by var-
ied user intentions and brief, unfocused messages (Deng et
al., 2018). While methods like keyword clustering or event
co-occurrence have been proposed to improve relevance
(Bari & Agah, 2020), the distinction between sentiment and
actionable advice remains blurred. A user expressing enthusi-
asm for an asset may boost positive sentiment scores without
offering a clear recommendation to buy, leading to weak
signal-to-noise ratios (Subramanian et al., 2023). In short,
existing sentiment analysis methods often fail to capture
the precision and context required for reliable short-term
decision-making in crypto markets, pointing to the need for
more targeted alternatives.

To overcome the limitations of sentiment-based approa-
ches, this study focuses on a more direct input: explicit
crowd-based trading signals. These are time-stamped buy
and sell recommendations shared publicly on platforms like
X, Reddit, Stocktwits, and Telegram. Unlike aggregated sen-
timent, which often reflects general mood or background
chatter, these signals represent concrete trading advice and
may better capture collective market expectations in real-
time. In this study, we examine whether such signals can
predict short-term abnormal returns in cryptocurrency mar-
kets. Thus, we investigate the following research questions:

e RQI: Can crowd-based trading signals inform short-
term trading decisions for cryptocurrencies and predict
abnormal returns?

e RQ2: For which cryptocurrencies do crowd-based trad-
ing signals most effectively inform trading decisions and
predict abnormal returns?

To explore these questions, we extract and analyze 28,700
trading signals from multiple social media platforms using
a zero-shot classification approach utilizing large language
models (LLMs). We apply an event study methodology to
evaluate the predictive power of these signals across 287
cryptocurrencies. Our findings show that crowd-based sig-
nals can effectively predict short-term price movements, with
the effect size varying based on cryptocurrency-specific char-
acteristics. Our study proposes an exemplary trading strategy
based on an out-of-sample dataset and achieves positive risk-
adjusted returns compared to several benchmark indices. We
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also uncover the presence of automated signal bots that sys-
tematically post trading advice.

Theoretically, this study advances the literature on algo-
rithmic trading, financial text mining, and social media’s
role in cryptocurrency markets in several ways. First, we
move beyond traditional sentiment analysis by introducing
explicit crowd-based trading signals as an alternative that
captures concrete trading intent. Second, we extend the con-
ceptualization of social media from a sentiment proxy to a
decentralized financial information infrastructure, where het-
erogeneous actors generate and diffuse time-sensitive trading
advice. Finally, our identification of signal bots raises theo-
retical questions about algorithmic agency and trust.

Practically, our findings have implications for investors,
social media platforms, and regulators. For institutional
investors, we show that short-term predictive insights can
be extracted from public trading signals utilizing LLMs,
supporting their integration as an alternative data source
for algorithmic strategies, especially in high-frequency con-
texts. For retail investors, however, the short time frame
in which these signals are predictive may limit their util-
ity and could even be misleading under volatile conditions.
For social media platforms, the emergence of trading signals
suggests a need for structured mechanisms—such as tagging,
filtering, or moderation—to enhance transparency and user
experience. Such structuring may also increase the accessi-
bility of these signals for retail users. Lastly, for regulators
and policymakers, the rise of automated accounts posting
trading advice highlights the need for adapted regulatory
frameworks, including disclosure standards, bot detection
mechanisms, and social media monitoring tools capable of
addressing the unique dynamics of cryptocurrency markets.

The remainder of this paper is structured as follows:
the “Related work” section summarizes related research;
the “Theoretical background and hypotheses development”
section outlines the theoretical background and hypothe-
ses; the “Data collection” and “Research method” sections
present our data and event study methodology; the “Results”
section reports the empirical results; and the “Discussion”
section concludes with implications and directions for future
research.

Related work

Predictive power of social media sentiment in
financial markets

Investor sentiment, driven by behavioral and psychological
factors, has long been recognized as a key influence in finan-
cial markets (Kaplanski & Levy, 2010). Negative mood and
anxiety, for example, have been shown to affect investment
decisions and lead to temporary mispricing. Studies of exoge-

nous shocks, such as aviation disasters, demonstrate that
markets can react sharply to sentiment-driven perceptions
of risk, with disproportionate short-term losses, even in the
absence of fundamental changes. These findings underscore
the broader role of sentiment in asset pricing, particularly in
environments of uncertainty or limited information (Baker
& Wurgler, 2007; Peterson, 2016).

As digital communication platforms became more promi-
nent, social media emerged as a powerful and observable
channel through which investor sentiment is expressed. Early
work by Dewally (2003) found that internet-based stock
recommendations had a modest impact on market returns,
suggesting that the informational value of online forums was
still developing. However, subsequent research provided a
more refined understanding. Antweiler and Frank (2004),
for instance, showed that messages on stock message boards
significantly correlated with both returns and volatility, high-
lighting that even low-frequency social media activity could
contain meaningful signals for market behavior. Bollen et al.
(2011) applied Twitter sentiment analysis to forecast move-
ments in the Dow Jones Industrial Average. Building on
these earlier studies, subsequent studies have explored not
only the sources of sentiment but also how it should be
weighted for predictive purposes. For instance, Chen et al.
(2014) found that both news articles and accompanying user
comments could predict stock returns and earnings surprises.
Similarly, Lachana and Schroder (2025) found that senti-
ment from social media consistently outperforms traditional
media in return prediction. Nofer and Hinz (2015) high-
lighted that sentiment weighted by follower count improved
predictive performance for stocks. The study of Deng et al.
(2018) discusses the endogenous relationship between senti-
ment and financial markets, emphasizing that sentiment not
only reflects market conditions but can also actively influence
them. The rise of meme stocks serves as a prominent exam-
ple of how coordinated retail sentiment, amplified through
social media, can meaningfully influence market dynamics
(Aloosh et al., 2022; Kim et al., 2023). Beyond aggregate
sentiment levels, researchers have explored more nuanced
dimensions of sentiment derived from social media. See-
To and Yang (2017) introduced the concept of sentiment
dispersion—variation in opinion—as a driver of increased
volatility. Similarly, Li et al. (2018) found that disagreement
among posts could predict very short-term price movements.

Following research on social media’s influence in stock
markets, scholars have increasingly turned to cryptocur-
rency markets to explore similar dynamics. Given the unique
properties of these assets, cryptocurrencies present a unique
environment for sentiment-driven trading. Pifieiro-Chousa
et al. (2023) found that tweet volume impacts volatility
more than returns, suggesting that social media metrics
affect perceived risk rather than price levels directly. Xie
(2022) analyzed discussions on Bitcointalk.org and noted

@ Springer



64 Page4of23

Electronic Markets (2025) 35:64

that sentiment largely reflected past performance with only
limited value-relevant information. Other studies identified
more value-relevant information in sentiment: Kraaijeveld
and De Smedt (2020) demonstrated the predictive value of
Twitter sentiment for major cryptocurrencies, while also
noting the distorting influence of bots and noise. Mai et
al. (2018) revealed that sentiment from less active users
(the silent majority) has a stronger correlation with Bitcoin
price, highlighting the subtlety of crowd dynamics. Method-
ological advancements have further refined sentiment-based
modeling. Subramanian et al. (2023) incorporated several
sentiment dimensions such as emotional tone, factual fram-
ing, and informal language into a trading system, resulting
in improved prediction accuracy. Meyer et al. (2024) inves-
tigated influencers on platforms like YouTube and their
association with Bitcoin prices, discussing the aspect of
source credibility. Garcia and Schweitzer (2015) observed
that shifts in Twitter opinion polarization precede Bitcoin
price movements.

To contextualize our contribution within this evolving
literature, Table 1 summarizes key studies across cryptocur-
rency sentiment research, outlining differences in platform
focus, analytical methods, and temporal resolution. While
most prior work relies on aggregated sentiment indicators,
we take a different approach by extracting explicit buy
and sell signals from multiple platforms using a zero-shot

LLM framework. We then apply an hourly event study
methodology to a broad set of cryptocurrencies, enabling
a high-resolution analysis of short-term market responses to
public trading signals. Our choice of hourly data is motivated
by the need to accurately capture high-frequency intraday
dynamics in cryptocurrency markets. Prior studies using
daily data are limited in this aspect to reflect price fluctua-
tions that can occur within a single day (Xie, 2022). We also
extend the analysis to multiple cryptocurrencies, given that
prior empirical findings highlight substantial heterogeneity
across cryptocurrencies in their associations with financial
markets (Kraaijeveld & De Smedt, 2020).

Noise in social media sentiment of financial markets

Common practice in utilizing social media data is to aggre-
gate sentiment scores from large numbers of social media
posts, with the goal of extracting actionable insights (Bari &
Agah, 2020). This approach assumes that averaging will filter
out irrelevant or misleading content, allowing the dominant
signal to surface. However, this method often fails to capture
fine-grained or context-specific sentiment shifts and instead
incorporates significant noise, weakening its usefulness in
trading strategies (Subramanian et al., 2023).

One major issue is linguistic and structural noise, stem-
ming from the informal, unstructured nature of social media

Table 1 Comparison of related work on social media and cryptocurrency markets

Study Time Res. Assets Social media Signal type Method/model
source
Pifeiro-Chousa et al. (2023) Weekly 51 DeFi prod- Twitter Tweet metrics Panel regression
ucts
Xie (2022) Hourly Bitcoin Bitcointalk.org Discussion VARX regression
sentiment
Kraaijeveld and De Smedt (2020) Hourly, Daily 9 cryptocur- Twitter Discussion Granger causality
rencies sentiment
Mai et al. (2018) Daily Bitcoin Forum, Twit- User sub- VECM regression
ter group
sentiment
Subramanian et al. (2023) Weekly Bitcoin News, social Sentiment LSTM neural network
media (Mar- indices
ketPsych)
Meyer et al. (2024) Hourly Bitcoin YouTube Influencer Event study
sentiment
Xie et al. (2020) Daily Bitcoin Bitcointalk.org Weighted sen- Panel regression
timent
Garcia and Schweitzer (2015) Daily Bitcoin Twitter Emotional VAR regression
valence &
opinion polar-
ization
This study Hourly 287 cryp- X, Reddit, Direct trad- Event study
tocurrencies Stocktwits, ing signals
Telegram,
Discord
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posts—especially within financial subcommunities, where
domain-specific slang and abbreviations further complicate
interpretation (Agrawal et al., 2022). As shown by Kraai-
jeveld and De Smedt (2020), extensive pre-processing is
required to clean this data, and many posts are excluded
entirely due to the lack of useful content. While hashtags can
provide some semantic cues, they often require additional
interpretation to be meaningful. This type of noise is partic-
ularly problematic for NLP models that attempt to extract
sentiment without accounting for the quality or coherence of
the language used. Subramanian et al. (2023) emphasize that
traditional sentiment extraction techniques struggle with this
issue, and propose neural filtering—such as LSTM-based
models—as a way to differentiate signal from syntactic or
linguistic noise. Likewise, Dong et al. (2024) show that low-
quality posts significantly hinder prediction accuracy unless
filtered through more advanced systems designed to assess
textual quality. Yet, even these advanced methods continue
to face challenges in effectively handling the noise present
in financial social media data.

The second key challenge is contextual and topical irrel-
evance. Not every post that mentions an asset contributes
meaningful or timely information. Many are speculative,
repetitive, or disconnected from actual market developments.
Even platforms like Stocktwits, which focus more explic-
itly on financial discourse and use cashtags to map posts to
specific assets, are still subject to noise from varying user
intentions and the brevity of messages (Deng et al., 2018).
In many cases, aggregated sentiment reflects background
chatter rather than focused, event-driven discourse. Xie et
al. (2020) argue that the structure and cohesion of discus-
sion networks are critical: sentiment signals from loosely
connected conversations are less predictive and can even
introduce spurious relationships. Bari and Agah (2020) pro-
pose that clustering tweets by keyword similarity and event
co-occurrence—rather than relying on raw volume can bet-
ter capture relevance and filter out extraneous content. This
suggests that identifying value-relevant signals requires not
only textual filtering but also structural and topical alignment
across messages.

To address these challenges, our approach focuses on fil-
tering and analyzing explicit trading signals. This approach
helps mitigate both linguistic noise and contextual irrele-
vance, offering a more actionable foundation for short-term
trading analysis and incorporation into trading systems.

Previous research on crowd-based trading signals

Several research streams explore crowd-based trading sig-
nals, as understood in our study, but in different contexts.
One stream has investigated how crowd-based trading sig-
nals are used on social media platforms to coordinate illegal
pump-and-dump activities. These schemes, characterized by

coordinated efforts to artificially increase the price of a cryp-
tocurrency before selling it, pose significant challenges to
market integrity (Kamps & Kleinberg, 2018; La Morgiaetal.,
2023). In these schemes, fraudsters publish buy and sell sig-
nals on social media to manipulate asset prices. La Morgia et
al. (2023) conducted a comprehensive analysis of pump-and-
dump schemes based on signals, particularly those organized
by online communities on Telegram and Discord. In addi-
tion, researchers investigated target-based pump signals that
publish buy recommendations together with target prices on
social media (Hamrick et al., 2021). It was found that half
of these target-based pump signals succeeded in driving the
cryptocurrency’s price to the specified target post-release.
Another study proposed a neural network based approach to
predict the target cryptocurrency of a pump scheme before
its signal release, leveraging market and social media data
(Nghiem et al., 2021). Moreover, a related stream of research
has examined the impact of influential figures such as Don-
ald Trump (Gjerstad et al., 2021), Elon Musk (Ante, 2023),
or social media influencers (Meyer et al., 2024; Haase et al.,
2025).

Another stream of literature analyzed crowd-based trad-
ing signals from copy trading platforms. These platforms
are specifically designed to enable participants to access
information about the successes of other traders and repli-
cate their trading strategies (Apesteguia et al., 2020). Several
researchers have investigated signals from copy trading plat-
forms for their predictive power. For example, Breitmayer et
al. (2019) focused on the social investment platform Share-
wise, finding that collective stock assessments could predict
stock performance, yielding a monthly excess return of 3.3%.
Likewise, research on eToro, an exchange copy trading plat-
form, highlighted the influence of social networks in trading
decisions (Pan et al., 2012). Trades influenced by social con-
nections typically outperformed individual trades, although
the social reputation of the top traders was not correlated with
their performance.

Our investigation closely relates to the study conducted
by Buz and De Melo (2024), investigating signals posted on
Reddit’s Wallstreetbets (WSB) for stocks. The findings indi-
cate that these signals outperform leading investment banks
at detecting top-performing stocks. Their research shows that
WSBs buy signals for S&P 500 stocks achieve about 70%
accuracy over three months, comparable to top investment
banks, with a notable price increase of 7% when utilizing
specific filtering criteria of signals. These results demon-
strate the potential predictive value of crowd-sourced trading
signals in the stock market. Complementing these equity-
market insights, recent work in decentralized finance shows
that follower count on a DeFi portfolio-sharing platform is
positively associated with subsequent portfolio returns (Celig
et al., 2024).
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Building on these research streams, our study examines
crowd-based trading signals derived from general-purpose
social media platforms. Our study moves beyond pump-and-
dump schemes, influencer-driven effects, and copy trading
platforms by analyzing diverse, user-generated signals across
multiple platforms. Unlike Buz and De Melo (2024), who
focus on long-term stock predictions on Reddit, our study
investigates post-level, short-term effects in cryptocurrency
markets.

Theoretical background and hypotheses
development

This section outlines the theoretical foundations and ratio-
nale guiding our study. We begin by introducing signaling
theory as a lens to understand the interaction between actors
issuing cryptocurrency trading signals and those interpreting
them. We then discuss the wisdom of the crowd theory, which
underpins the collective predictive power attributed to aggre-
gated social media signals. Drawing on these perspectives,
we develop our hypotheses.

Signaling theory and the signaling crowd

We conceptualize the emergence of signals and the signal-
ing crowd in cryptocurrency markets through the lens of
signaling theory. In our context, signals refer to explicit trad-
ing recommendations disseminated on social media, urging
immediate buy or sell actions for specific cryptocurrencies.
These signals differ from general news, discussions, enter-
tainment content, or long-term investment advice commonly
found on social platforms (Buz & De Melo, 2024). The
emphasis on “immediate” reflects the urgency conveyed by
directives such as “buy now” or “sell now.” The signal-
ing crowd encompasses a wide range of actors producing
these actionable signals, including automated trading bots,
financial influencers (finfluencers), copy trading commu-
nities, professional analysts, legitimate trading platforms,
market manipulators involved in pump-and-dump schemes,
and individual investors.

Signaling theory (Connelly et al., 2011; Spence, 2002)
provides a useful framework for analyzing the interac-
tion between signalers, those who issue trading signals,
and receivers (investors and traders) interpreting them.
Unlike traditional market insiders with privileged informa-
tion (Yasar et al., 2020), social media signalers vary widely in
credibility, motivation, and access to information. These sig-
nals are publicly observable and widely accessible, and the
costs of signaling are often reputational rather than finan-
cial (Talmor, 1981). For receivers, the challenge might not
be a lack of information, but rather an overabundance of it,
given the volume of signals and discussions across platforms.

@ Springer

This highlights the importance of algorithmic consideration
of such signals for decision-making. In what follows, we
apply this signaling-theoretic lens to characterize the phe-
nomenon of trading signals and their role in shaping behavior
within cryptocurrency markets.

Wisdom of the crowd

The wisdom of the crowd theory suggests that aggregated
judgments from a diverse group often outperform those of
individual experts in terms of accuracy and decision qual-
ity (Surowiecki, 2005), making it a valuable foundation for
analyzing crowd-based predictive signals. Empirical evi-
dence from various domains supports this idea, showing
that collective judgments can match or exceed expert eval-
uations (Wagner & Vinaimont, 2010). Financial markets
offer a particularly relevant context. For example, Nofer
and Hinz (2014) found that stock predictions from online
communities outperformed those of professional analysts,
highlighting the value of aggregated crowd recommenda-
tions. Similarly, Gottschlich and Hinz (2014) showed that
stock votes from online investment communities could be
transformed into effective investment strategies using deci-
sion support systems, outperforming market benchmarks.
Chen et al. (2019) emphasized the role of monetary incen-
tives in shaping the quality of crowd-sourced stock opinions
on social media, illustrating how incentive structures affect
collective decision-making. More recent advances, such as
artificial prediction markets proposed by Dong et al. (2024),
offer mechanisms to dynamically distill the wisdom of the
crowds from noisy financial online discussions. However, the
effectiveness of crowd wisdom depends on specific condi-
tions: diversity, independence, and decentralized aggregation
of opinions (Larrick et al., 2012). We posit that these con-
ditions are likely met in broad social media environments,
where a wide range of actors independently share trading
signals.

Hypotheses development

Drawing on signaling theory and the wisdom of crowds lens,
we theorize that individual trading signals shared on social
media can serve as meaningful reflections of market expec-
tations. When such signals are issued across a large and
diverse group of users, their aggregation can produce what
prior research has described as collective intelligence: the
idea that crowds, under the right conditions, can outperform
individuals or experts in making predictions (Surowiecki,
2005; Nofer & Hinz, 2014; Gottschlich & Hinz, 2014). How-
ever, the accuracy of this collective judgment depends on
the ability to identify and isolate high-quality signals. Prior
approaches, such as sentiment aggregation, often struggle
with this due to the noisy nature of social media content.
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Our approach addresses this by focusing on direct trading
signals. Such signals are more likely to reflect intentional,
decision-relevant information. Based on this reasoning, we
hypothesize the following:

Hla: Buy signals predict significant positive returns in
cryptocurrencies.
H1b: Sell signals predict significant negative returns in
cryptocurrencies.

Prior research shows that the strength of the relationship
between social media sentiment and financial markets varies
across cryptocurrency assets (Kraaijeveld & De Smedt,
2020). Building on this insight, we hypothesize that specific
attributes of a cryptocurrency influence also how strongly
buy or sell signals are associated with short-term price
movements. This perspective informs our further hypothesis
development by motivating the inclusion of these asset-
specific attributes.

Effect of cryptocurrency market capitalization

The EMH posits that asset prices in efficient markets fully
reflect all available information (Fama, 1965). However,
in cryptocurrency markets, efficiency varies considerably
across assets and is often linked to characteristics such as
market capitalization. Prior research offers mixed evidence
on this relationship. Sigaki et al. (2019) report widespread
inefficiencies without a consistent connection to market
capitalization, implying that both small and large cryptocur-
rencies can exhibit informational inefficiencies. In contrast,
Kang et al. (2022) find that cryptocurrencies with a higher
market capitalization tend to be more efficient, suggesting
lower information asymmetry and more accurate price dis-
covery.

These findings align with established results from tradi-
tional financial markets. Larger firms are generally asso-
ciated with greater market efficiency, while smaller firms
are more prone to inefficiencies and behavioral anomalies
(Yang & Pangastuti, 2016). Chung and Hrazdil (2010) fur-
ther show that liquidity—which often correlates with market
capitalization—enhances efficiency.

Building on these mechanisms, we propose that cryp-
tocurrencies with smaller market capitalization—due to their
lower efficiency—are more likely to exhibit predictable
short-term price patterns in response to crowd-based trad-
ing signals. Therefore, we hypothesize:

H2a: Buy signals are more predictive of positive returns
for low market capitalization cryptocurrencies.
H2b: Sell signals are more predictive of negative returns
for low market capitalization cryptocurrencies.

Effect of cryptocurrency performance

Cryptocurrency performance, commonly measured by aver-
age returns, reflects recent financial success or decline in an
asset. Variations in performance have been linked to factors
such as market attention, innovation potential, and specula-
tive interest (Wang & Vergne, 2017). Prior studies show that
markets tend to be more efficient during periods of strong
performance, and more prone to inefficiencies during down-
turns (Zhang et al., 2020). Levich et al. (2019) find that
excess return predictability—an indicator of inefficiency—is
particularly pronounced during unstable or underperforming
market conditions. Similarly, Yaya et al. (2021) report that
inefficiencies and volatility persistence in cryptocurrency
markets intensify during periods of distress or weak perfor-
mance, suggesting that signal predictability may depend on
broader market conditions.

We argue that during periods of poor performance, cryp-
tocurrencies are more susceptible to behavioral trading, and
pricing inefficiencies. These are conditions under which
crowd-based trading signals may be especially effective.
Based on this reasoning, we propose:

H3a: Buy signals are more predictive of positive returns
for cryptocurrencies in times of low performance.
H3b: Sell signals are more predictive of negative returns
for cryptocurrencies in times of low performance.

Effect of cryptocurrency age

The age of a cryptocurrency affects its credibility, investor
trust, and market efficiency. Established cryptocurrencies
such as Bitcoin or Ethereum generally exhibit higher lig-
uidity, greater visibility, and more stable trading behavior.
These factors contribute to more efficient markets where
prices rapidly incorporate available information (Kang et al.,
2022; Wei, 2018). In contrast, newer and less-established
cryptocurrencies tend to have lower liquidity and visibility,
and exhibit greater price volatility and inefficiencies (Weli,
2018).

This efficiency gap is central from the perspective of
signaling theory, which emphasizes that signals are partic-
ularly valuable in settings with high informational asym-
metries (Spence, 1973). In efficient markets—typically seen
with older cryptocurrencies—informational asymmetries are
reduced, limiting the incremental value of crowd-based
signals. However, in less efficient markets, such as those
of newer cryptocurrencies, persistent asymmetries create
greater potential for signals to convey information not yet
reflected in prices.

Based on this theoretical foundation and prior empir-
ical findings, we expect crowd-based signals to be more
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informative for newer cryptocurrencies. Accordingly, we
hypothesize the following:

H4a: Buy signals are more predictive of positive returns
for non-established cryptocurrencies.
H4b: Sell signals are more predictive of negative returns
for non-established cryptocurrencies.

Data collection

For our research, we collected two datasets (i) crowd-based
trading signals for several cryptocurrencies and (ii) their
corresponding market prices and metadata such as market
capitalization. As the generation of the crowd-based trading
signal dataset is seminal to our study, we detail the data-
collection methodology behind this dataset in the following
subsection.

Crowd-based trading signals

In our research, we compiled a dataset of crowd-based trad-
ing signals by collaborating with Stockpulse, a provider with
extensive history of financial social media data. The database
of Stockpulse granted us access to a wide range of finan-
cial social media data from major platforms including X,
Stocktwits, Telegram, Reddit, and more. This comprehensive
coverage allowed us to collect content, such as posts or com-
ments, from various platforms. We utilized a programmatic
search interface to extract data for individual cryptocurren-
cies based on keyword searches. For this study, we selected
a time frame from January 1, 2022, to June 30, 2023, to
encompass a diversity of market periods and market events
(such as the FTX exchange collapse (Bouri et al., 2023))
across the cryptocurrencies. We queried data for the 9000
cryptocurrencies listed on CoinMarketCap.' To generate a
substantial volume of potential crowd-based trading signals,
we conducted the following steps:

1. Search for signals: Our approach to extract crowd-based
trading signals begins with identifying social media posts
that reference individual cryptocurrencies and contain
potential trading advice. Specifically, we selected posts
that (i) include exactly one cashtag (e.g., $BTC for Bit-
coin), allowing unambiguous association with a single
cryptocurrency, and (ii) contain the keyword signal, which
we used as a minimal criterion to identify posts likely
related to trading advice. The list of valid cashtags was
based on the approximately 9000 cryptocurrencies listed
on CoinMarketCap during our study period. For each

! https://coinmarketcap.com.

@ Springer

post, we combined the title (if available) and body into a
single input text, removed entries with missing or exces-
sively long content, and filtered for cashtags of assets.
This process yielded a dataset of approximately 480,610
candidate posts covering 2496 different cryptocurrencies.
These posts formed the input for the subsequent classifi-
cation step.

. Zero-shot classification of buy and sell recommenda-

tions: To automatically categorize the extracted posts into
actionable trading signals, we applied a zero-shot classifi-
cation approach using the facebook/bart-large-
mnli LLM (Lewis et al., 2020; Williams et al., 2018;
Yin et al., 2019). Zero-shot classification is a technique
that allows a model to assign labels to input text without
having seen labeled examples for the specific task dur-
ing training. Instead, the model evaluates the semantic
similarity between a given text and a set of candidate
labels expressed in natural language. This method is
a form of transfer learning, enabling general-purpose
language models to perform downstream classification
tasks with minimal task-specific engineering (Yin et al.,
2019). Zero-shot, single-shot, and few-shot classifications
are considered emergent capabilities of LLMs, typically
becoming effective at large model sizes. The BART-large
model, with over 400 million parameters, is well-suited
for this task. In our context, zero-shot classification allows
us to assign directional trading labels at scale without
relying on a large annotated dataset, providing a practical
alternative to rigid keyword-based methods.

Each candidate social media post was assessed against
five candidate labels: Immediate buy advice, Immediate
sell advice, Neutral advice, Long-term trading advice,
and No trading advice. The label with the highest con-
fidence score was assigned to the post. The first three
categories—buy, sell, and neutral—are inspired by Ger-
ritsen et al. (2022), who proposed a bearish/neutral/bullish
scale to differentiate cryptocurrency analysts’ sentiment.
We added the label Long-term trading advice to explicitly
capture investment-oriented content that is inconsistent
with our focus on short-term effects. Finally, the label No
trading advice was included to exclude posts unrelated to
trading or financial advice. The distribution of classified
posts was as follows: 53.4% were labeled as Immediate
buy advice, 27.0% as Immediate sell advice, 11.6% as
Neutral advice, 6.9% as Long-term trading advice, and
1.1% as No trading advice.

To ensure the quality of the automatically extracted sig-
nals, we conducted a manual validation study. A random
sample of 200 classified posts (100 buy and 100 sell) was
independently reviewed by three human annotators and
checked whether it correctly contained immediate trading
advice. The accuracy of the zero-shot classification was
80% for buy signals and 82% for sell signals. To mea-
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sure inter-rater agreement, we computed Gwet’s Gamma
(Gwet, 2014), which is particularly robust in the presence
of class imbalance, given the high accuracy. Agreement
scores were substantial for both categories, with Gwet’s
Gamma of 0.7239 for buy signals and 0.7179 for sell sig-
nals. We concluded that our signal extraction approach has
sufficient quality and we retained only the posts classified
as either Immediate buy advice or Immediate sell advice
for further analysis, resulting in a dataset of 256,650 buy
signals and 129,649 sell signals.

3. Balancing dataset: In the resulting dataset, we noted
an imbalance in the number of signals associated with
each cryptocurrency. A significant number of the signals
were from the cryptocurrencies Bitcoin and Ethereum.
To address this imbalance and ensure a more uniform
dataset, we established a criterion for inclusion based on
the number of signals per cryptocurrency. Specifically, we
included only those cryptocurrencies that had a minimum
of 100 signals (either buy or sell) during our study period.
This threshold was chosen based on the median number
of signals per cryptocurrency and preliminary analyses
that indicated that this threshold provides a substantial
volume of signals for statistical analysis. For cryptocur-
rencies that exceeded this threshold, due to an abundance
of signals, we randomly selected 100 signals to maintain
uniformity across our dataset. The balancing serves two
purposes. First, it prevents our analysis from being biased
by a few cryptocurrencies with many signals. Second, we
can effectively analyze the effects of various cryptocur-
rency properties and make the signals comparable across
different cryptocurrencies. This process resulted in a final
dataset including 287 cryptocurrencies (see Appendix A),
each with 100 signals. Our final dataset contains 100 x
287=28,700 signals.

Table 2 displays the total number of signals listed for each
source. We observed that most of the signals were extracted
from the social media platform X, followed by Reddit, Stock-

Table2 Number of collected signals by source. The majority of signals
are collected from X, highlighting that a significant portion of the signals
are published on this platform

Source Buy signals Sell signals
X 17472 10071
Reddit 355 114
Stocktwits 263 126
Telegram 115 82
CoinMarketCap 38 13

Discord 20 31

twits, and Telegram. Figure 1 offers an hourly aggregation of
the count of crowd-posted signals. Table 3 provides signal
examples. Given the prevalence of pump-and-dump schemes
in cryptocurrencies, we compared our set of cryptocurren-
cies with one of the largest public datasets of such schemes
(La Morgia et al., 2023). We found that approximately 10%
of the cryptocurrencies in our dataset have been historically
targeted by pump-and-dump schemes, however, no known
pump-and-dump attempt is matched to a signal in our dataset.
Although we therefore cannot completely rule out the possi-
bility that our dataset contains pump-and-dump attempts, we
included signals from these cryptocurrencies in our analysis
as we consider them as part of the overall signal phenomenon.

Cryptocurrency data

The price data for the 287 cryptocurrencies in scope of this
study was retrieved from CoinMarketCap, which has been
used in prior research (e.g., Momtaz (2021)). CoinMarket-
Cap provides aggregated pricing data from reputable and
leading exchanges such as Coinbase, Kraken, and others and
covers the majority of cryptocurrencies. The price data was
fetched in hourly resolution for the whole time frame of Jan-
uary 1, 2022, to June 30, 2023. We selected hourly end data
as aggregation for each hour. Additionally, we collected data
about the market capitalization and ages of cryptocurrencies
on CoinMarketCap.

Research method

The event study method provides a framework for analyzing
the immediate predictive power of signals on cryptocurrency
returns. It is a widely recognized method in financial and
IS research. This method has been used in other contexts for
analyzing the relation between events and the cryptocurrency
markets (e.g., Shanaev et al. (2019) and Yue et al. (2021)).
Henderson (1990) highlights the versatility and effectiveness
of event studies, even under suboptimal conditions, making
them a suitable tool for the dynamic market of cryptocurren-
cies. An in-depth description of the method described below
can be found in various research (Dos Santos et al., 1993;
Im et al., 2001; Bose & Pal, 2012). We conducted our event
study in hourly resolution to investigate short-term effects of
signals. However, event studies do not necessarily indicate
whether signals will be profitable in an actual trading strat-
egy. Therefore, we additionally conducted an analysis of a
hypothetical trading strategy to determine if these signals
could be used profitably. While it is not advised to purely
build a trading strategy based on these signals alone, we aim
to isolate and examine their predictive power. It is impor-
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Fig.1 Hourly number of signals

tant to note that it is not the core contribution of the paper
to design a profitable trading strategy. Rather, it serves as an
auxiliary analysis to complement our event study findings.

Event study

For the computation of abnormal returns, Fama and French
(2004) capital asset pricing model (CAPM) was used as
shown in Formula 1:

Rit = i + Bi Rt + €ir (1)
where R;; represents the rate of return for signal i in hour ¢,

while R,,; denotes the rate of return for the cryptocurrency
market index m, as detailed in the “Cryptocurrency market

index” section, in hour ¢. The y-intercept o and the slope S
reflect the sensitivity to R;. € is the error term. We utilize
240h of data before each signal for fitting the regression
model. Additionally, a 24-h gap is maintained between the
estimation window and the event window, to mitigate the
event’s influence on the estimation model. We conducted a
robustness check using a market-adjusted model and discuss
the selection of CAPM in a later section. The formula to
determine the abnormal return (AR) for signal i on hour ¢ is
outlined in 2:

ARy = Rj; — (a; +b; Ryyy) ()

where R;; represents the rate of return, and R,,; denotes the
cryptocurrency market index, while a; is the intercept and

Table 3 Sample of collected Datetime Text

Ticker Signal Source

signals

2023-03-18 16:05:00

2022-07-12 14:30:00

2023-05-08 20:00:00

2022-01-06 17:00:00

2023-06-12 09:45:00

2023-02-17 20:00:00

2023-01-27 11:15:00

2023-03-15 12:00:00

#BUY $AVAX! +2.315% in
10 seconds Current price:
18.374$! Follow for more
signals!

$NNT flashing a clean
MACD buy signal right
now. Worth watching. [...]
$MINA is now printing a
buy signal on the daily chart.
Potential break out inbound.
This aged incredibly well
$MANA Buy signals on the
30 min and 1 hour

[...] New short signal
detected for $SHIB. [...]
$FIL got a signal - strong sell
now!

#SELL  signal triggered
for SMATIC! -1.785% in
15min. Monitor closely. [...]

Big short coming soon! Sell
now signal SMASK

$AVAX

SNNT

SMINA

SMANA

$SHIB

$FIL

SMATIC

$MASK

BUY

BUY

BUY

BUY

SELL

SELL

SELL

SELL

X

Telegram

Reddit

Stocktwits

X

CoinMarketCap

Reddit

Telegram
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b; is the slope of the regression model corresponding to the
signal i. The calculation of the abnormal return (AR) is sub-
sequently derived based on Formula 3:

YL AR,
N

AR = 3)
where N describes the total number of signals. To perform
statistical significance tests, the abnormal returns (A R;;) are
converted into the standardized abnormal return (SAR;;), as
shown in Formula 4:

AR,'[

SAR;y = ———t
" /Var (AR;)

“

In this formula, Var (AR;;) is defined as si2 [l + ﬁ-i—

(Rt —Run)’

2 1y (Ruj=Rn)?
residual returns from the regression model for signal i. D;
denotes the count of hours used in the regression for signal i,
extending from 77 to 7> hours before the signal’s event hour.
R, stands for the average return on the cryptocurrency mar-
ket index over the estimation span of D;. The standardized
abnormal return (SAR) for all signals is then calculated as
per Formula 5:

, where sl.2 represents the variance of

1 N SAR;;
SAR = — ; 7 5)

To evaluate the statistical significance of the abnormal
returns, we applied two non-parametric testing procedures
(Anh & Wolf, 2023; Kolari & Pynnonen, 2011). These
methods were chosen because they are more robust than
parametric alternatives to violations of normality and the
presence of outliers, features that are common in cryptocur-
rency return data. The first approach is a generalized rank
test, which compares the distribution of event-window ranks
to those observed in the estimation window. Let R; be the
sum of ranks for the event sample of size ny, and let nj
be the number of observations in the estimation sample.
The expected rank sum and its standard deviation are com-
puted under the null hypothesis as E(R;) = W and

o(Ry) = \/@ . The corresponding test statistic is

defined as:

_ R — E(R))
Zyank = W (6)

and the associated two-tailed p-value is derived from the
standard normal distribution.

Additionally, we run a permutation test to assess the
significance of the observed AR. This approach generates

a null distribution by randomly sampling values from the
estimation period, thereby avoiding assumptions about the
underlying distribution. Let Sops be the observed average AR
during the event window, and S, denote the AR of the b-th
random sample drawn from the estimation set. Repeating this
process B times yields the following test statistic:

B
1
Pperm = E};Hum > | Sobs|) (7

where I is the indicator function. We set B = 100.
Cryptocurrency market index

We develop a capitalization-weighted index due to the lack
of an established cryptocurrency market index in hourly res-
olution. We follow the index construction described by Stotz
et al. (2010). The index was calculated with an hourly res-
olution, including all 287 cryptocurrencies in scope of this
study. This index is crucial for calculating the rate of return,
R,; as defined by the CAPM model. Given the large market
capitalization of Bitcoin and Ethereum, there is a noticeable
correlation of the index with these cryptocurrencies. The for-
mula for the capitalization-weighted index is presented as
follows:

ZZ=1 (Pcl : Mct)
> et Mer

In this formula, P, is the price of a given cryptocurrency c at
hour 7, M., represents the market capitalization of that cryp-
tocurrency at a given hour and n signifies the total number
of cryptocurrencies included in the index. Figure 2 illustrates
the index price. To calculate the rate of return R,,; for the
market index at hour 7, we use the following formula:

I = ®)

I, —I,_
Ry = 7 -l 9)
I

Subsample analysis

To test hypotheses H2-H4, we used both non-parametric
tests for significance. First, we created subsamples of sig-
nals based on each hypothesis’s criteria and calculated
their abnormal returns. We then compared these returns
across different subsamples of signals. For subsampling,
cryptocurrencies were categorized based on factors rele-
vant to hypotheses H2-H4. Specifically, cryptocurrencies
were ranked by market capitalization as of June 30, 2023,
and divided at the median into two groups: one compris-
ing those with lower market capitalization and the other
with higher capitalization, resulting in two equal-sized signal
subsamples. For the performance analysis, cryptocurrencies
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were classified according to their average returns during the
study period, with the median used to separate high-return
from low-return cryptocurrencies. Lastly, for analyzing cryp-
tocurrency age, the median age of the 189 cryptocurrencies
included in the study, as recorded on CoinMarketCap as of
June 30, 2023, was used to divide them into older and newer
groups. Table 4 details the properties defining these subsam-
ples.

Finally, we performed a Pearson correlation analysis
between all factors used in subsampling, reported in Table 5.
Each cryptocurrency was assigned a binary value (0 or 1)
corresponding to its subsampling factor. For instance, cryp-
tocurrencies with high market capitalization were assigned a
value of 1, while those with small market capitalization were

Table 4 Determination of subsamples

Panel A: Cryptocurrency market capitalization

Statistic Market capitalization in USD
Mean 116,371,682
Standard deviation 5,768,235,776
25% 55,690,677
50% 184,942,035
75% 569,739,324
Panel B: Cryptocurrency performance

Statistic Average return
Mean —0.000102
Standard deviation 0.000225

25% —0.000131

50% —0.000085
75% —0.000048
Panel C: Cryptocurrency age

Statistic Coin age
Minimum 2010-07-13
Maximum 2022-01-31
Median 2019-10-25

Oct Jan Apr
2023
Time

assigned 0. We then computed pairwise correlations between
the three subsampling factors. The correlations ranged from
—0.302 to 0.129, indicating only weak relationships among
these factors. This suggests that each factor can be analyzed
independently in subsequent hypothesis testing.

Results
Event study

Tables 6 and 7 report abnormal returns (AR) around cryp-
tocurrency buy and sell signals, analyzed hourly from 8h
before to 8h after signal release. Similar hourly time spans
were investigated for example by Xie (2022). Specifically,
we examined AR up to 8 h before the signal hour to detect
any potential leakage, at the signal hour (i.e., 0 h) to assess
immediate predictive power, and up to 8 h post signals to
evaluate delayed effects.

For buy signals, we observe the most significant effect at
event hour 0, with a statistically significant positive abnor-
mal return of 0.003497 (permutation test p < 0.01), and
55.83% of signals resulting in positive returns. This supports
the hypothesis (H1a) that buy signals are statistically asso-
ciated with immediate positive returns. Preceding the signal,
we find evidence of potential information leakage or reac-
tive signal issuance: positive AR values at hours —6 and —2
are statistically significant with p-values below 0.05, despite
smaller magnitudes (e.g., AR = 0.000647 at hour —6). Post-

Table 5 Correlation analysis of subsamples

(D 2 3)
(1) Market capitalization 1 0.129 —0.108
(2) Performance 0.129 1 —-0.302
(3) Age —0.108 —0.302 1
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Table 6 Event study results for

buy signals using generalized Hour AR Pos. returns Generalized rank test (Zank) Permutation test (pperm)
re%nk.and permutation tests. _3 0.000457 52.60% 0.080% 0.110
Significance levels: *p < 0.1;
%) < 0.05; ¥ p < 0.01 -7 0.000243 52.03% 0.101 0.180
—6 0.000647 52.43% 0.060* 0.020%*
=5 0.000195 52.54% 0.080%* 0.220
—4 0.000292 51.50% 0.554 0.100%*
-3 0.000440 51.58% 0.128 0.090*
-2 0.000424 51.89% 0.020%* 0.030%*
-1 —0.000225 51.29% 0.964 0.090*
0 0.003497 55.83% 0.000%%** 0.0007%%*%*
1 —0.000469 50.51% 0.028%%* 0.000%%*%*
2 0.000102 51.55% 0.628 0.510
3 —0.000075 51.22% 0.881 0.530
4 —0.000135 51.31% 0.951 0.320
5 —0.000120 50.93% 0.093* 0.330
6 —0.000093 50.41% 0.069* 0.430
7 —0.000198 50.43% 0.020%* 0.170
8 —0.000029 51.35% 0.643 0.780

event, however, results become ambiguous. Hour +1 shows a
statistically significant negative AR of —0.000469, possibly
indicating price reversals or overreaction. Beyond this point,
no clear statistically significant effects are found. Overall,
these results support H1a, particularly for short-term predic-
tive power of buy signals.

For sell signals, event hour O again yields the strongest
effect, with a statistically significant negative AR of —0.0051
80 (p < 0.01), and 63.87% of signals leading to negative

returns. This confirms H1b, pointing to strong immediate pre-
dictive power of sell signals. Unlike the buy case, the largest
pre-event effect appears athour —1 (AR = 0.001693), which
is significant across both tests, suggesting a clear pattern of
signals issuance following price increases. After the signal,
the effects are less consistent. However, hour +4 receives a
significant negative AR (—0.000530, p < 0.01), and similar
significance is observed at hours 4-6 and 47, suggesting that
sell signals may have sustained predictive value. Thus, we

Table 7 Event study results for

sell signals using generalized Hour AR Neg. returns Generalized rank test (Zank) Permutation test (pperm)
rank and permutation tests. -8 ~0.000468  51.47% 0.101 00447
Significance levels: *p < 0.1;
w5 p < 0.05; ¥ p < 0.01 -7 0.000378 48.19% 0.172 0.070%*
—6 —0.000075 50.58% 0.091%* 0.770
-5 —0.000137 50.62% 0.040%* 0.380
—4 0.000079 48.84% 0.067* 0.700
-3 —0.000065 50.02% 0.147 0.710
-2 0.0004438 48.94% 0.086* 0.030%*
-1 0.001693 45.41% 0.000%** 0.0007%*
0 —0.005180 63.87% 0.0007%:3 0.0007%*
1 0.000395 49.77% 0414 0.060%*
2 0.000214 49.12% 0.701 0.280
3 —0.000171 50.74% 0.132 0.360
4 —0.000530 51.34% 0.0117%:* 0.0007%*
5 —0.000042 50.18% 0.226 0.800
6 —0.000487 50.74% 0.026%* 0.0207%*
7 —0.000562 51.49% 0.0117%:* 0.0007%*
8 —0.000144 49.59% 0.579 0.440
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can support H1b, indicating that sell signals have immedi-
ate predictive power and some short-term predictive ability
post-signal release.

Figure 3 illustrates the distribution of SARs at event hour
0. For both buy and sell signals, SARs cluster sharply around
zero, but with heavier tails and noticeable skew—positive
for buy signals and negative for sell signals. Figure 4 shows
cumulative abnormal returns (CAR), providing an aggre-
gated view from —8 to +8 hours around the event. The CAR
for buy signals steadily increases prior to the event and peaks
at hour 0, suggesting price build-up in anticipation of signal
issuance. After peaking, CAR flattens and slightly declines,
reinforcing the interpretation of limited post-event momen-
tum. For sell signals, the CAR curve exhibits a sharp decline
at the event, then flattens with mild post-event decrease.
These CAR dynamics confirm the asymmetric behavior
observed in hourly A R measures: buy signals front-run small
gains, while sell signals are more strongly associated with
sharp, immediate losses.

We proceed to investigate whether trading signals have
greater predictive power for specific types of cryptocurren-
cies, as outlined in hypotheses H2 through H4. This analysis
focuses on event hour 0, where the main effect was previ-
ously established (see Hla and H1b). To assess whether the
predictive strength of signals differs significantly across sub-
samples (e.g., low vs. high market capitalization), we employ
atwo-tailed 7-test comparing abnormal returns (A R) at event
hour 0 between groups. Table 8 presents the subsample anal-
ysis used to test H2 through H4, including statistical tests for
differences in abnormal returns between groups. Appendix B
reports the CARs over the event window for each subgroup
to visualize the aggregated price dynamics.

Panel A of Table 8 examines the subsamples for market
capitalization. For buy signals, the abnormal return (AR) is
significantly higher for low-cap cryptocurrencies (0.006732)
than for high-cap ones (0.003802), with a significant differ-
ence (p < 0.01). Both subgroups are strongly significant
individually (p < 0.01), supporting H2a. For sell signals,
a similar pattern emerges: low-cap coins exhibit more neg-
ative returns (AR = —0.007722) compared to high-cap
coins (AR = —0.005208), with a significant difference
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between them (p < 0.01). These results support H2b as
well. Overall, the findings confirm H2a and H2b, suggest-
ing that crowd-based trading signals are more predictive for
cryptocurrencies with lower market capitalization.

Panel B investigates recent cryptocurrency performance.
Buy signals yield higher abnormal returns for low-perfor-
mance cryptocurrencies (AR = 0.005778) than high-
performance ones (AR = 0.004825), with a significant
difference (p < 0.01). Both subgroups are individu-
ally significant (p < 0.01), confirming H3a. A similar
dynamic is observed for sell signals: AR is more nega-
tive for the low-performance group (-0.007066) than for
the high-performance group (-0.005514), with the differ-
ence also significant (p < 0.01). These findings support
H3b, indicating that signals tend to be more predictive for
cryptocurrencies with recently weak performance. Taken
together, the results confirm H3a and H3b, highlighting that
crowd signals are particularly effective during periods of
underperformance.

Panel C analyzes the impact of cryptocurrency age. Buy
signals show nearly identical abnormal returns for older
(AR = 0.005918) and younger (AR = 0.005895) cryp-
tocurrencies, with no meaningful difference between the
groups, despite both being highly significant individually
(p < 0.01). This leads to a rejection of H4a. For sell
signals, older cryptocurrencies exhibit slightly more neg-
ative AR(AR = —0.007204) than younger ones (AR =
—0.006923), and the difference is marginally significant
(p < 0.1), but in the opposite direction of the expected
effect. Both subgroups remain individually significant (p <
0.01), but the direction of the difference leads us to reject
H4b. Therefore, the results reject H4a and H4b, suggesting
that cryptocurrency age is not strongly associated with the
strength of abnormal returns around signals.

Exemplary trading strategy

Our event study demonstrates that social media signals, on
average, exhibit predictive power, especially within the first
hour after signal release. However, it remains an open ques-
tion whether these signals can be utilized to construct a
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Fig.3 Distribution of SAR for buy (left) and sell (right) signals in event hour 0
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Fig.4 Cumulative AR for buy (left) and sell (right) signals from —8 to +8 h around event

profitable trading strategy in practice. To explore this, we
develop and simulate a simple hypothetical trading strategy
and evaluate its performance on an out-of-sample dataset
spanning July 1, 2023, to February 15, 2024. The signal
extraction method is consistent with the “Crowd-based trad-
ing signals” section and yields a total of 747 buy signals. We
restrict the strategy to buy-only trades, reflecting the practical
reality that most cryptocurrency exchanges offer spot trad-
ing without the ability to short. Furthermore, we limit the
tradable assets to cryptocurrencies in the intersection of the
low market capitalization and low-performance categories.
As shown in our subsample analysis in Table 8, these cryp-
tocurrencies exhibit the most pronounced abnormal returns.

The trading strategy is straightforward: a position is
opened at the asset’s hourly open price at the time of the sig-
nal and closed one hour later at the close price. We assume

fixed position sizing and apply a 0.3% transaction fee per
trade. To mitigate the influence of extreme returns and poten-
tial data errors—especially common in illiquid or small-cap
cryptocurrencies—we exclude the top and bottom 3% of
trade returns based on a quantile filter. To aggregate per-
formance, we compute the average return per day across all
trades and construct an equal-weighted capital curve, avoid-
ing compounding across individual trades. This approach
assumes that capital is allocated evenly across all signals
received each day, which reflects a practical execution frame-
work under capital constraints.

Figure 5 plots the normalized capital curve of the strategy
in comparison to two benchmarks: the S&P 500 index and
the CCI30 crypto index, which tracks the 30 largest cryp-
tocurrencies by market capitalization, excluding stablecoins.
The inclusion of these benchmarks serves two purposes: the

Table 8 Subsample analysis.
Significance of differences

between subsamples (e.g., low Buy signals

vs high) based on two-sample Subsample Low

t-tests. Significance levels:

< 0.01, % p < 0.05, AR 0.006732

*p <0.1 Zrank p-value 0.000
Dperm P-value 0.000

Panel A: Cryptocurrency market capitalization

Panel B: Cryptocurrency performance

Buy signals

Subsample Low
AR 0.005778
Ziank p-value 0.000
Pperm p-value 0.000

Panel C: Cryptocurrency age
Buy signals

Subsample Old

AR 0.005918
Zrank p-value 0.000
Pperm p-value 0.000

Sell signals
High Diff. Sig Low High Diff. Sig
0.003802 ok —0.007722 —0.005208 ek
0.000 0.000 0.000
0.000 0.000 0.000

Sell signals

High Diff. Sig Low High Diff. Sig
0.004825 ek —0.007066 —0.005514 o
0.000 0.000 0.000
0.000 0.000 0.000

Sell signals
Young Diff. Sig Old Young Diff. Sig
0.005895 —0.007204 —0.006923 *
0.000 0.000 0.000
0.000 0.000 0.000
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Fig.5 Cumulative returns of

Cumulative Capital vs Benchmarks

signal-based trading strategy
and benchmarks on
out-of-sample dataset

2.2 —— Strategy

—— CCI30 (Crypto Index)
—— S&P 500
2.0

18

1.6

14

Normalized Capital

1.2

1.0

0.8

2023-07 2023-08

S&P 500 provides a traditional market reference point, while
the CCI30 index reflects the broader performance of the
crypto market over the same period. To evaluate the strategy’s
performance, we consider several key metrics, including
total return, Sharpe ratio, maximum drawdown, and win rate
(McNeil et al., 2015), summarized in Table 9. Overall, the
strategy delivers strong returns with a solid risk-adjusted pro-
file, outperforming both benchmarks in total return while
maintaining a competitive Sharpe ratio. Despite a relatively
low win rate, the strategy’s performance is driven by a few
highly profitable trades, indicating a positively skewed return
distribution. Compared to the S&P 500 and the CCI30 index,
the strategy demonstrates superior capital growth and con-
trolled drawdowns.

Itis important to emphasize that this strategy serves only as
a baseline example of how the extracted signals could be uti-
lized. In practice, one would likely incorporate more refined
signal selection criteria, dynamically adjust allocations, and
integrate additional data sources to improve robustness and
execution.

Occurrence of signal bots

Bots are known to be highly active on financial social media,
particularly on the platform X, where it is estimated that 1
to 14% of posts may originate from bot accounts (Kraai-
jeveld & De Smedt, 2020). Research has found that these
bot-generated posts can influence financial markets, includ-

Table 9 Key performance metrics of trading strategy and benchmarks

Metric Strategy CCI30 S&P 500
Total return 115.23% 67.72% 11.80%
Sharpe ratio 243 2.60 2.02
Max drawdown —14.92% —23.91% —10.28%
Win rate 27.97% 57.34% 56.64%
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ing the stock market (Fan et al., 2020). Various types of bots
have been studied in the literature, such as those engaging
in cashtag piggybacking, where low-value assets are men-
tioned alongside high-value ones (Cresci et al., 2019) or
mass-reposting bots (Tardelli et al., 2020). Given their pres-
ence in other areas of financial social media, we also expect
bots in our signal dataset. During a qualitative review of the
signals, we identified a distinct type of bot, which we term
the signal bot. This bot frequently posts signals using a set of
seemingly identical textual templates. For instance, typical
posts include phrases like “$SOL 1 minnute - Entry Signal
Time: 8/8 13:8...”” or “SGALA 1 minute - Entry Signal Time:
27/7 18:1....” Such signals appear to be automatically gener-
ated based on some automated trading strategies that trigger
posting of signals.

To detect such occurrences, we developed a heuristic
approach based on textual content analysis. Initially, we
performed pairwise comparisons of posts from each user
to identify templates. This was accomplished using the
SequenceMatcher class from Python’s di f£1ib mod-
ule, which calculates a similarity ratio based on matching
sequences of text. We set a similarity threshold of 0.7,
whereby posts with a similarity ratio above this threshold
were considered to have been generated from the same tem-
plate. For each user, if a significant proportion of their text
pairs (exceeding 0.5) surpassed this similarity threshold, the
user was classified as a bot. In addition to the signal bot detec-
tion algorithm, we applied a heuristic-based method adapted
from prior research (Kraaijeveld & De Smedt, 2020) that
classifies a post as potentially bot-generated if it meets mul-
tiple criteria, such as containing phrases like “give away” or
“giving away,” mentioning “pump” alongside “register” or
“join” (often linked to fraudulent pump-and-dump schemes),
including more than 5 hashtags, featuring more than 5 cryp-
tocurrency ticker or having a platform user name containing
the word “bot.”
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Our analysis, conducted on the unbalanced dataset of sig-
nals, suggests that around 6% of the accounts can be classified
as signal bots. These accounts likely use some trading strat-
egy and post automatically. When using the heuristic by
Kraaijeveld and De Smedt (2020), 5% of accounts are iden-
tified as bots. We therefore conclude that bots are active in
the signal domain, but their presence is not unusually high
relative to overall financial social media. We consider these
signals as part of the broader phenomenon and conclude that
they have not significantly impacted our study.

Robustness checks

As part of our zero-shot classification approach, we also iden-
tified a category of neutral signals—posts that did not advise
an explicit buy or sell recommendation. To assess the robust-
ness of our findings, we conducted the same event study
analysis using these neutral signals. This provides a robust-
ness check to assess whether the return patterns linked to buy
and sell signals are driven by their directional content, or if
similar effects also occur around non-direction signal posts.
The full results are provided in Appendix C. The CAR around
neutral signals remains flat across the event window, with no
clear movement at the event hour. The analysis of abnor-
mal returns in the individual hours further confirms this: the
abnormal return at hour 0 is small and statistically insignif-
icant (AR = —0.000324), and no meaningful or consistent
effects are found in surrounding hours. These results support
the interpretation that the observed effects are associated with
the directional nature of the signals, rather than reflecting
general market responses to any signal-related communica-
tion.

To test the robustness of our event study, we re-estimated
abnormal returns using a market-adjusted return model,
which subtracts the return of the capitalization-weighted
crypto index from the contemporaneous return of each
asset, avoiding the assumptions of regression-based models.
Our main results remained consistent with those obtained
under CAPM, confirming that our findings are not model-
dependent. While CAPM was developed for equity markets
and may not fully reflect the volatility and dynamics, or
absence of a risk-free rate in crypto markets, it offers an
advantage by adjusting for each asset’s historical sensitivity
to the market through beta. The consistency of results across
both models supports the robustness of our main conclusions.

Discussion

This study explores the predictive power of crowd-based
social media signals in the context of cryptocurrencies.
Our central finding is that directional social media sig-
nals are associated with short-term abnormal returns in the

direction of the signal. Compared to prior sentiment-based
approaches (Subramanian et al., 2023), our method provides
an alternative by directly leveraging the explicit intent of
crowd-generated trading signals rather than relying on aggre-
gated sentiment scores. However, we view this approach not
as replacement, but as a potential supplement to existing
sentiment-based or other trading strategies, particularly in
high-frequency contexts where actionable intent may pro-
vide more immediate market signals. The strongest effects
are concentrated at the moment of signal release (event hour
0). This contrasts with social media signals in stock mar-
kets, where predictive power often unfolds over longer time
horizons such as days or months (Buz & De Melo, 2024).
Additionally, some signals appear to follow, rather than lead,
market movements—suggesting partially reactive behavior
by users, consistent with findings from the Bitcoin market
(Xie, 2022). We also observe that buy signals are followed
by slightly negative returns a few hours after the event, which
may reflect short-term overreactions or potential manipula-
tion dynamics such as pump-and-dump activity.

The predictive power of these signals also varies with
cryptocurrency characteristics. We observe that buy and sell
signals are more predictive for low market capitalization
cryptocurrencies than for larger ones. This suggests that
smaller assets, which may be less efficient or more prone to
behavioral trading, are more strongly associated with crowd
signals. However, even large-cap cryptocurrencies show sta-
tistically significant effects, indicating that directional crowd
signals are predictive across the broader market.

Performance level is also associated with differences in
predictive power. Signals associated with lower-performing
cryptocurrencies show stronger effects than those linked to
higher-performing ones. This indicates that crowd signals
may be particularly useful during periods of weak market per-
formance when informational inefficiencies are more likely
to emerge. Both buy and sell signals show this pattern, rein-
forcing the idea that underperforming cryptocurrencies tend
to show greater responsiveness to crowd signals.

Finally, we find little evidence that cryptocurrency age is
strongly associated with differences in signal performance.
Buy signals yield nearly identical abnormal returns for both
older and younger cryptocurrencies, while sell signals show a
slightly stronger effect for older assets, though in the opposite
direction of the initial hypothesis. Overall, the results indicate
that the behavior of crowd signals is broadly consistent across
both established and emerging cryptocurrencies.

The results of the hypothetical trading strategy, based on
an out-of-sample dataset, demonstrate that these signals can
generate profitable returns in real-world trading scenarios.
However, it is essential to emphasize that these findings
should not be interpreted as specific trading advice. The
primary goal of the strategy was to illustrate the potential
magnitude of returns that could be achieved. Factors such
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as slippage were not accounted for in our analysis. There
are several ways to further refine and enhance this strategy.
For instance, improving the signal filtering mechanisms can
enhance practical applications. In practice, it is unlikely that
such signals would be used in isolation; rather, they can serve
as a valuable component within a more sophisticated and
comprehensive trading system.

We propose a potential explanation for our findings that
begins with significant market events, such as arapid increase
or decrease in the value of a cryptocurrency. These move-
ments could be triggered by various factors unrelated to social
media, such as influential news (or even fake news (Clarke
et al., 2021)), strategic moves by large traders, or actions by
algorithmic traders. Following these market events, social
media signals are generated and disseminated by real users
and bots. These signals appear to be reactive in nature, sug-
gesting that they are likely based on the observation of
factors unrelated to social media. Following the release of
these signals, we typically see a continuation of the ini-
tial market trend, whether an upward rally or a downward
sell-off, indicating a short-term autocorrelation of returns.
However, this trend often reverses afterward. This pattern
suggests that the market’s initial reaction preceding social
media signals is ephemeral. While these signals may not pro-
vide deep market insight or inherent predictive power, they
do reflect short-term market behavior. The immediate trend
continuation following a signal release presents a temporary
trading opportunity, prior to the market’s self-correction. The
positive abnormal return for buy signals indicates a slight
tendency to outperform following these signals, whereas the
negative abnormal return for sell signals suggests a slight
underperformance.

Theoretical contributions

This study offers three key contributions that extend and
refine existing theoretical perspectives in these domains.
First, we re-conceptualize the use of social media data in
algorithmic trading by moving beyond traditional sentiment
analysis toward the extraction of explicit crowd-sourced trad-
ing intent. Prior literature on sentiment-based trading has
primarily focused on aggregating sentiment from textual
data, often treating sentiment as a proxy for investor mood
or market direction (Bollen et al., 2011; Subramanian et al.,
2023). However, sentiment is inherently noisy and frequently
detached from concrete behavioral intent. Our findings qual-
ify the wisdom of crowds perspective (Surowiecki, 2005)
by demonstrating that actionable collective intelligence in
volatile cryptocurrency markets can be efficiently derived
from disaggregated, intent-based signals. This extends the
application of crowd wisdom to environments where not all
crowd contributions are equally valuable, demonstrating that
effective use of crowd intelligence does not require sentiment
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aggregation but can instead rely on direct analysis of individ-
ual signals. Moreover, by focusing on explicit trading signals
rather than broad sentiment aggregation, our study suggests
that collective intelligence in these noisy environments might
be more effectively captured by filtering for specific, high-
intent contributions rather than simply averaging all available
crowd inputs.

Second, we contribute to the understanding of social
media as a distributed and dynamic financial information
infrastructure, particularly within emerging digital asset mar-
kets characterized by high information asymmetry (Alfieri et
al., 2025). Unlike traditional stock markets, cryptocurrency
ecosystems lack centralized intermediaries and institutional
analysts (Joebges et al., 2025), making them particularly sus-
ceptible to decentralized forms of knowledge production and
dissemination. Our findings provide empirical support for the
notion that general-purpose social media platforms such as
X, Reddit, Stocktwits, and Telegram function as systems,
where market-relevant information emerges from collective
discourse. This phenomenon could be understood through an
extension of signaling theory. The explicit signals we identify
serve as observable indicators attempting to reduce the infor-
mation asymmetries between actors. The predictive power of
these signals confirms their effectiveness.

Third, our identification of a distinct class of signal
bots raises important theoretical questions about algorith-
mic agency and digital trust. While much of the prior work
on bots in financial contexts has emphasized manipulation
or misinformation (Tardelli et al., 2022), we observe bots
that provide content that can be perceived as useful. This
challenges existing classifications of financial bot activity as
harmful or deceptive and suggests that algorithmic entities
can play an active, even constructive, role in decentralized
financial ecosystems and contribute to the crowd wisdom.

Practical implications

Our research yields several practical implications for dif-
ferent stakeholders operating within the cryptocurrency and
financial data ecosystem. First, for institutional investors,
our findings support the integration of social media-based
trading signals as a legitimate alternative data source. We
demonstrate that, even in an unstructured and noisy envi-
ronment, meaningful short-term predictive insights can be
extracted using LLMs in a zero-shot setting with an alterna-
tive approach to sentiment analysis. This approach can enable
investors to efficiently incorporate real-time crowd intelli-
gence into their trading algorithms, risk models, or market
surveillance systems—particularly relevant for stakeholders
such as hedge funds already engaging in high-frequency
strategies based on social media data (Deng et al., 2018).
For retail investors, however, the practical utility of such sig-
nals is more limited. Given the narrow time window in which
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effects materialize, these signals may be difficult to act on in
time and could even mislead, especially in highly volatile
markets.

Second, for social media platforms that serve as hubs for
financial discussion, our study highlights an emerging con-
tent category: public trading signals. Platforms may benefit
from recognizing and structuring this content differently, for
example, by developing tagging systems, filters, or dedicated
spaces for signal sharing. These enhancements may also
increase the usefulness of such signals for retail investors
and foster more transparent discourse. However, as financial
content becomes more prominent, platforms also carry an
increasing responsibility to ensure that such activity com-
plies with legal and regulatory boundaries, especially when
trading advice is disseminated to large audiences. The need
to distinguish between personal opinions, coordinated activ-
ity, and potentially manipulative behavior places pressure on
platforms to develop both technical tools and policy mech-
anisms in line with regulatory standards. Unlike dedicated
platforms such as eToro (Pan et al., 2012), where social trad-
ing is explicitly structured, trading advice on general-purpose
platforms is less curated and often escapes formal oversight,
making governance and accountability significantly more
challenging.

Third, for regulators and policymakers, the widespread
presence of public trading signals on social media under-
scores the need for clearer guidance and frameworks suited
to this evolving informational environment. This can include
requirements for disclosure, bot identification, and content
verification. Regulators are in a position to define and enforce
standards suited to this new landscape, especially in the less
regulated cryptocurrency markets. To this end, traditional
stock market surveillance tools (Sio, 2024) must be adapted
to capture the specific dynamics of cryptocurrencies, includ-
ing the large presence of direct trading advice.

Limitations and future work

This study has some limitations that present opportunities for
future research. One limitation is the source bias in our data
collection. The majority of our signals were derived from
X, reflecting its prominence in cryptocurrency discussions.
This reliance on a single source could introduce bias, as the
predictive power of signals from other social media plat-
forms might offer different insights, as suggested by prior
research comparing cross-platform sentiment effects (Mai et
al., 2018). As a result, our findings should be interpreted
with the understanding that they, to a large extent, reflect
the dynamics of the platform X. Furthermore, our study was
constrained by data limitations, particularly the hourly res-
olution of price data. This granularity may not fully capture
the rapid fluctuations characteristic of the cryptocurrency
market and social media signals. A finer temporal resolu-

tion (e.g., minutely) could potentially reveal more nuanced
insights into the predictive power of these signals and should
be considered for practical applications (similar observations
have been made, for example, by Deng et al. (2018)). A
further limitation relates to the use of CAPM in cryptocur-
rency markets, where some assumptions of the model may
not fully hold. As a result, absolute abnormal returns should
be interpreted cautiously, as they may partly reflect limita-
tions of the model. Finally, we applied a signal threshold to
balance the dataset by retaining only cryptocurrencies with
at least 100 signals and subsampling to a fixed number per
asset. While this improves comparability between cryptocur-
rencies, it introduces a non-random sampling process that
distorts the underlying signal distribution. As a result, this
limits generalizability, particularly when applying the find-
ings to real-world settings where signal volume is heavily
skewed toward a few dominant assets.

Looking ahead, an important direction for future research
is the integration of trading signals into full trading systems
(Subramanian et al., 2023). While we focused on estab-
lishing the predictive potential of signals, operationalizing
them within real-time, high-frequency trading frameworks
remains an open challenge. This would require not only
methodological refinement in signal extraction but also adap-
tive mechanisms to evaluate and weigh signals dynamically.
In that regard, the imbalance of signals for various cryp-
tocurrencies needs to be accounted for. Future studies could
explore a more differentiated treatment of signals by consid-
ering the identity and influence of the source. For instance,
signals from high-following or verified accounts may differ
in impact from those posted by lesser-known users or signal
bots. Furthermore, our identification of signal bots points to
a particularly promising future research direction in under-
standing their various schemes and incentives. Theoretically,
future work could also examine herding effects, which have
been studied in the context of financial markets and cryp-
tocurrencies (Youssef, 2022; King & Koutmos, 2021) and
may also be at play in the signal domain, where signals could
depend on each other through mechanisms such as infor-
mation cascades. Finally, while our findings show stronger
associations between signals and returns for low market capi-
talization or poorly performing assets, this may in part reflect
underlying risk premia rather than informational inefficiency.
Future work should aim to disentangle predictive value from
compensation for elevated risk in these market segments.

Conclusion

This study explores cryptocurrency trading through the use
of crowd-based social media signals. We show that these
signals, which reflect the collective intelligence of social
media communities, have significant predictive power on
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the cryptocurrency markets. The results indicate that social
media signals are not just noise, but contain valuable insights
that can aid decision-making for cryptocurrency trading sys-
tems. Through the examination of various cryptocurrencies
and the incorporation of signals from multiple social media
platforms, we confirm the theory of the wisdom of the
crowds in the context of cryptocurrency trading. Our analysis
emphasizes the immediate predictive power of these signals,
particularly at the time of their release, highlighting their
usefulness for high-frequency trading decisions. However,
our research also acknowledges the nuances and complex-
ity of the cryptocurrency market. Although the results are
robust across various cryptocurrencies, variations in predic-
tive power are observed based on factors such as market
capitalization and performance.

Supplementary Information  The online version contains supplemen-
tary material available at https://doi.org/10.1007/s12525-025-00815-
6.
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