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ABSTRACT

This study examines the informational value of stock recommendations issued by social media analysts through
the lens of Self-Determination Theory (SDT). Using comprehensive data from Seeking Alpha, we demonstrate that
these recommendations significantly predict abnormal stock returns over a two-month horizon, with no subsequent
reversal, suggesting that they convey incremental information not captured by sell-side analysts or textual sentiment.
Guided by SDT, we further show that predictive accuracy varies systematically with analysts’ motivational contexts.
Recommendations are more informative when issued by analysts identified as traders, whose direct financial stakes
deepen the internalization of extrinsic incentives, and by analysts with high comment-section engagement, where
interactive feedback supports needs for competence and relatedness. Conversely, predictive ability declines with
longer platform tenure, consistent with motivational saturation as psychological needs become satisfied, and with
higher posting frequency, where cognitive overload undermines need satisfaction. Finally, we find that both editorial
selection and user-driven engagement effectively identify recommendations with greater ex-post informativeness. In
an era of information abundance in online investment communities, our SDT-grounded analysis offers investors
guidance for signal extraction and provides platform designers with principled insights for fostering higher-quality
content ecosystems.

Keywords: Online investment communities; Social media analysts; Recommendations; Self-determination theory;
Information value

1. Introduction

Information intermediaries are individuals and entities that interpret complex signals and disseminate value-
relevant insights to investors in capital markets (Bushee et al., 2010). Traditional intermediaries primarily include
professional sell-side analysts and financial media. Sell-side analysts, typically employed by brokerage firms, are
credentialed experts who produce scheduled research reports for institutional and retail clients (Li & You, 2015).
Financial media outlets such as The Wall Street Journal and Financial Times play a pivotal role in rapidly distributing
corporate news to broad audiences (Griffin et al., 2011). For decades, investors have relied on these channels to access
material information, and both have been shown to reduce information asymmetry and improve price discovery
(Bushee et al., 2010; Lawrence et al., 2017; Piotroski & Roulstone, 2004). Despite their importance, however, these
intermediaries face well-documented constraints, including limited firm coverage and structural conflicts of interest
stemming from brokerage relationships and advertising-based revenue models (Barber et al., 2001; Howe et al., 2009;
Loh & Stulz, 2011).
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The emergence of online investment communities (OICs) has fundamentally reshape this informational landscape.
By enabling individuals to share research and opinions with a large investor audience, OICs democratize the
production and diffusion of stock-related information (Drake et al., 2017; Li et al., 2025). Within these platforms, a
distinct class of contributors, social media analysts, has gained prominence. Unlike typical users, these analysts
produce structured, in-depth analyses that closely resemble sell-side research reports (Chen et al., 2014; Dim, 2025).
In contrast to traditional sell-side analysts, however, social media analysts are not affiliated with brokerage firms and
exhibit substantial heterogeneity in their professional backgrounds and expertise, ranging from traders to economists,
academics, financial advisors, fund managers, and industry specialists. Their analyses attract considerable readership,
are widely shared within OICs, and even influence mainstream financial discourse (Chen & Hwang, 2022). As a result,
social media analysts have become an important, though decentralized, information intermediary (Drake et al., 2017;
Gomez et al., 2024). Their rise expands the diversity of perspectives available to investors but simultaneously raises
fundamental questions regarding information quality, credibility, and underlying incentives (Clarke et al., 2020; Dyer
& Kim, 2021; Lehkonen et al., 2025).

Prior research provides early evidence that social media analyst outputs contain value-relevant information, for
example, textual sentiment (Chen et al., 2014), earnings forecasts (Jame et al., 2016), and target prices (Breitmayer et
al., 2019). Yet a critical component of their output remains largely unexamined: the explicit, standardized five-level
stock recommendation ratings (e.g., “Very Bullish” to “Very Bearish”) that accompany their analyses. These ratings
are not a mere byproduct but a central, highly salient feature designed to directly guide investment decisions
(Lawrence et al., 2017). However, three core questions remain unanswered: (1) Do these recommendation ratings
contain genuine predictive content for future stock returns? (2) What explains the substantial heterogeneity in accuracy
across different analysts? (3) Can platform-based curation mechanisms (editorial selection and user engagement)
effectively identify higher-quality signals?

Addressing these questions is both theoretically and practically important. Theoretically, prevailing models of
sell-side analysts, which emphasize institutional incentives, reputational mechanisms, and credentialed expertise
(Barber et al., 2001; Howe et al., 2009; Loh & Stulz, 2011), are ill-equipped to explain the motivational structures and
performance heterogeneity among decentralized, non-affiliated contributors such as social media analysts. Existing
frameworks for social media analysts’ contribution have largely focused on how explicit monetary incentives influence
their output (Chen et al., 2019; Li et al., 2025), but they offer limited insight into how intrinsic motivation and the
internalization of extrinsic goals jointly shape the quality of sophisticated, cognitively demanding analysis. This
creates a clear theoretical gap regarding the psychological and motivational underpinnings of high-quality
contributions on OICs.

Practically, insights into the determinants of recommendation quality can inform multiple stakeholders. For OIC
platform designers, understanding these drivers can help craft interventions that support users’ self-determined
motivation, thereby fostering a more engaged and higher-quality contributor community (Campbell et al., 2019; Chen
et al.,, 2019; Da & Huang, 2019). For investors, identifying which analysts tend to produce more reliable
recommendations is essential for filtering signal from noise and navigating information overload. Furthermore,
evaluating whether platform-driven curation mechanisms, such as editorial selection and user engagement, effectively
surface more informative content sheds light on the role of digital platforms in reducing information asymmetry and
enhancing market efficiency.

Guided by these motivations, we examine three research questions: (1) Do recommendation ratings issued by
social media analysts predict future stock returns? (2) Which observable analyst characteristics are associated with
recommendations of higher predictive accuracy? (3) Do platform curation mechanisms (editorial selection and user
engagement) help identify more informative recommendations?

We develop a novel theoretical perspective based on Self-Determination Theory (SDT) (Deci & Ryan, 2000; Ryan
& Deci, 1985), proposing that social media analysts’ recommendation informativeness is driven by both intrinsic
motivation and the degree to which extrinsic incentives are internalized through the satisfaction of basic psychological
needs (autonomy, competence, relatedness). This framework is well suited for explaining effort and quality in the
voluntary, cognitively demanding environment of OICs.

Using a comprehensive dataset of recommendation ratings from Seeking Alpha (SA), we uncover several findings
consistent with this theoretical lens. First, we compare the distribution of recommendations issued by sell-side analysts
and social media analysts and examine their key differences. The results indicate that social media analysts not only
provide broader coverage, including firms that receive limited attention from Wall Street, but also update their
recommendations more frequently. These patterns highlight how financial information production is evolving from a
centralized, institution-driven model toward a more decentralized and socially mediated system. Second, social media
analysts’ recommendation ratings significantly predict abnormal stock returns over a two-month horizon, with no
evidence of subsequent return reversals. The predictive power remains robust after controlling for textual sentiment
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and concurrent sell-side recommendations, indicating that these ratings convey incremental, value-relevant
information. Third, the predictive power varies systematically with analysts’ motivational contexts. Recommendations
are more informative when issued by traders whose financial stakes heighten the internalization of extrinsic incentives,
and by analysts with high comment-section engagement, where active dialogue fulfills needs for competence and
relatedness. Predictive accuracy weakens for analysts with longer platform tenure, suggesting motivational saturation,
and for those with high posting frequency, where cognitive overload undermines need satisfaction. Finally, we show
that both editorial selection and investor engagement help surface recommendations with greater ex-post
informativeness, suggesting that platform-based curation mechanisms can contribute to the efficiency of market
information aggregation.

This study makes three key contributions. First, it introduces and systematically examines the emerging
phenomenon of standardized five-level recommendation ratings issuance by social media analysts on OICs, a central
yet understudied component of their output. We further delineate key differences from traditional sell-side analysts,
notably in coverage patterns and recommendation revision behavior (Howe et al., 2009). Second, it extends the
growing literature on the informational value of social media analyst outputs by demonstrating that their
recommendation ratings, like their earnings forecasts (Jame et al., 2016), target prices (Breitmayer et al., 2019), and
sentiment (Chen et al., 2014; Farrell et al., 2022), convey predictive signals about future stock performance. Third,
and most critically, by drawing on SDT, we move beyond merely documenting performance heterogeneity to providing
a theoretically-grounded explanation for it. Our framework explicitly links observable analyst characteristics to their
underlying motivational mechanisms, offering novel insights into what drives high-quality content contribution within
OICs (Chen et al., 2019; Li et al., 2025).

The remainder of the paper is structured as follows: Section 2 reviews related literature. Section 3 develops our
theoretical framework and hypotheses. Section 4 describes the data and empirical strategy. Sections 5 and 6 present
baseline results, robustness checks and further analyses. Section 7 concludes with implications for research and
practice.

2. Literature Review
2.1. Sell-side Analysts and Social Media Analysts

For decades, investors have relied on sell-side analysts as key information intermediaries who synthesize complex
financial data and provide value-relevant insights (Lawrence et al., 2017). Extensive research documents the
informativeness of their outputs, including stock recommendations (Barber et al., 2006; Jegadeesh et al., 2004;
Womack, 1996), earnings forecasts (Francis & Soffer, 1997; Frankel et al., 2006), target prices (Bradshaw et al., 2013;
Brav & Lehavy, 2003), and full research reports (Asquith et al., 2005; Huang et al., 2014). However, these analysts
often face incentive misalignments arising from commission-based compensation (Cowen et al., 2006; Jackson, 2005),
underwriting relationships (Lin & McNichols, 1998; Michaely & Womack, 1999), and the need to maintain access to
management (Ke & Yu, 2006), all of which introduce biases into their research outputs (Barber et al., 2001; Howe et
al., 2009; Loh & Stulz, 2011).

Concurrently, the proliferation of social media has transformed the production and dissemination of financial
information. Peer-generated opinions now play an important role in shaping investor beliefs and market outcomes
(Bartov et al., 2018; Gu & Kurov, 2020). Compared with traditional media, social media content exhibits a stronger
association with stock performance (Yu et al., 2013), though the magnitude of influence varies across platforms (Drake
et al., 2017; Yu et al., 2013). OICs, as finance-specific social media platforms, have democratized access to financial
analysis by enabling users to publish detailed investment opinions and discuss market developments at unprecedented
scale (Drake et al., 2017; Li et al., 2025).

A specialized group of participants, commonly termed social media analysts, has risen to prominence within these
communities. Distinct from casual users, these individuals conduct thorough research and disseminate structured
investment analyses that mirror the format of traditional sell-side reports (Drake et al., 2023; Jame et al., 2016). Unlike
their credentialed sell-side counterparts, they generally maintain independence from brokerage firms and voluntarily
share their insights on platforms such as SA and Estimize. As a result, their outputs are less susceptible to distortions
stemming from investment banking ties or transaction-based incentives (Jame et al., 2022). Although not formally
credentialed, these analysts garner significant audience engagement, and their research frequently permeates both
digital and conventional media channels (Chen & Hwang, 2022). Prior studies show that their content contains value-
relevant information, influences retail trading decisions, and is progressively functioning as alternatives to traditional
sell-side analysts (Gomez et al., 2024). The rise and ongoing activity of these analysts are situated within the broader
ecosystem of OICs, whose aggregate effects on financial markets merit focused review.

2.2. The Effects of OICs in the Stock Market
Against the backdrop of this democratized information production, an initial stream of literature on OICs
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examines whether user-generated content can predict market movements. Early evidence indicates that stock-message
postings on platforms such as Yahoo! Finance and Raging Bull were predictive of market volatility (Antweiler &
Frank, 2004). Subsequent research documents that investor sentiment expressed on OICs forecasts individual stock
returns (Cookson et al., 2024), stock index returns (Deng et al., 2018; Renault, 2017), post-earnings drift (Liew et al.,
2016), and trading activity (Al-Nasseri & Ali, 2018). Beyond stock market metrics, OIC sentiment has been shown to
anticipate corporate outcomes, such as the likelihood of a potential acquirer withdrawing from a merger (Ang et al.,
2021; Cookson et al., 2026).

As OIC content diversified, researchers began to study specific forms of investment information beyond aggregate
sentiment. For instance, user-generated stock picks have been found to predict future stock performance (Avery et al.,
2016) and, in some cases, outperform market benchmarks such as the S&P 500 (Hill & Ready-Campbell, 2011).
Consensus rankings of stocks on Forcerank have been shown to negatively predict returns in the subsequent week (Da
et al., 2021). Investment recommendations posted on Reddit predict both returns and cash flow news (Bradleya et al.,
2024), and consensus portfolios on Robinhood can generate significant alpha (Welch, 2022).

In addition to their predictive value, a separate line of research has examined how OICs influence broader
financial market outcomes. Studies find that the dissemination of stock coverage and related discussions within these
communities contributes to price formation (Drake et al., 2017), enhance price informativeness (Grennan & Michaely,
2021), facilitate trading activity (Ammann & Schaub, 2021; Miinster et al., 2024), enhance financial transparency (Li
et al., 2023), increase firm productivity (Zhang et al., 2021), and even promote corporate misconduct (Li et al., 2022).
Furthermore, OICs appear to serve as substitutes for traditional information channels, fundamentally reshaping how
investors access and process financial information (Grennan & Michaely, 2021). They also affect the performance of
traditional analysts: OIC activity improves the informativeness of sell-side analysts’ short-term forecasts while
potentially reducing the accuracy of their long-term projections (Dessaint et al., 2024).

Collectively, this literature demonstrates that OICs meaningfully influence market expectations, trading behavior,
and corporate outcomes, positioning them as a critical component of contemporary financial information ecosystem.
To fully understand this ecosystem, however, it is essential to move from the platform-level effects to the specific
actors who generate the influential content, namely, the social media analysts.

2.3. The Role of Social Media Analysts

Building on the understanding of OICs’ market-wide impact, research has increasingly focused on the specific
contributions of social media analysts who populate these platforms. They contribute content that closely mirrors sell-
side research, including stock recommendations, earnings forecasts, target prices, detailed analyses, and position
disclosures. A growing body of work evaluates the value of these outputs. For instance, Chen et al. (2014) investigate
the informativeness of stock analyses published on SA and find that the sentiment embedded in these analyses can
predict both future stock returns and earnings surprises. Leveraging earnings forecasts from Estimize, Jame et al.
(2016) demonstrate that these forecasts are incrementally useful in predicting earnings and assessing market
expectations. Similarly, target price predictions provided by social media analysts have been shown to be positively
associated with subsequent stock returns (Breitmayer et al., 2019). Even disclosures of their own stock positions have
been found to significantly impact short-window stock performance (Campbell et al., 2019). Moreover, these analysts
have also been proven valuable in forecasting adverse events, such as identifying corporate fraud (Dong et al., 2018)
and assisting banks in navigating impending crises (Chau et al., 2020).

Beyond forecasting relevance, social media analysts contribute to overall market quality. Their analyses have
been shown to facilitate the incorporation of firm-specific information into stock prices (Ding et al., 2020), reduce
investor underreaction to earnings surprises (Ding et al., 2022), help retail investors become better informed (Farrell
et al., 2022), process earnings announcement news (Gomez et al., 2024), and influence corporate innovation (He et
al., 2025). As a new class of information intermediary, they often disseminate information earlier than traditional
counterparts such as sell-side analysts (Drake et al., 2023) and even enhance the quality of sell-side research (Jame et
al., 2022). Additional evidence suggests that they help investors identify biases in earnings news (Schafhiutle &
Veenman, 2024).

Although prior studies demonstrate that sentiment, forecasts, and target prices provided by social media analysts
contain substantial investment value, little is known about the informativeness of their recommendation ratings,
arguably the most salient and actionable element of their outputs. Given that recommendations offer explicit guidance
on whether investors should buy, hold, or sell a stock (Lawrence et al., 2017), understanding their predictive value is
crucial.

Emerging evidence suggests heterogeneity in analysts’ abilities. Contributors with domain-specific expertise
generate more informative predictions (Dim, 2025), and those who disclose financial positions exhibit superior
accuracy, as personal stakes incentivize more diligent research (Campbell et al., 2019). Moreover, analysts’ profile
characteristics and behavioral patterns offer additional signals about their motivations and potential forecasting ability.
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To move beyond documenting these heterogeneous outcomes and toward explaining their drivers, a theoretical lens is
needed to understand why certain contributors produce more valuable information. SDT offers such a framework,
positing that the quality of voluntary contributions is fundamentally shaped by the motivational forces behind them.
Therefore, building on the observed performance differences and the unique incentive structure of OICs, we apply
SDT to theorize the determinants of recommendation quality.

3. Theory and Hypothesis Development
3.1. Theory

Self-Determination Theory (SDT) provides a foundational framework for explaining how individuals initiate,
sustain and regulate behavior (Deci & Ryan, 2000; Ryan & Deci, 1985). A core tenet of SDT is the distinction between
intrinsic motivation and extrinsic motivation. The former arises from inherent interest and the satisfaction of the basic
psychological needs for autonomy, competence, and relatedness, and the latter is driven by separable outcomes such
as financial rewards, reputation, or career advancement (Ryan & Deci, 2000a). Autonomy reflects volition and self-
initiation; competence captures the need to feel effective; and relatedness refers to the need to feel socially connected
(Deci & Ryan, 2000; Ryan & Deci, 2000a).

While extrinsic motivation originates from external contingencies, SDT posits that these motives can be gradually
internalized when external incentives support rather than undermine these basic needs (Roberts et al., 2006; Ryan &
Deci, 2000b). When extrinsic incentives affirm individuals’ autonomy, competence, and relatedness, they become
more self-determined, yielding outcomes such as more engagement, effort, and greater persistence (Cerasoli et al.,
2014; Ferrer-Caja & Weiss, 2000; Ho et al., 2023). Research in online contexts confirms that contributors are often
driven by a blend of intrinsic interest and internalized extrinsic incentives (Burtch et al., 2021; Roberts et al., 2006;
Tang etal., 2012; Wang & Li, 2014; Zhao et al., 2016). The findings highlight the joint influence of several motivations
in shaping contribution behaviors in digital information environments.

We apply SDT to the context of OICs. These platforms create a motivational ecosystem where social media
analysts can satisfy their psychological needs for competence, autonomy, and relatedness through the production of
stock analyses. Autonomy is exercised through independent choices regarding stock selection, analytical methodology,
and narrative framing. Competence is nurtured when analyses align with subsequent market outcomes or receive
affirming peer feedback. Relatedness develops via interactions with followers, commenters, and other community
members, fostering a sense of connection. The satisfaction of these needs enhances intrinsic motivation and self-
determination, paralleling patterns observed in other forms of online content contribution (Khern-am-nuai et al., 2018;
Toubia & Stephen, 2013).

Empirical evidence from SA platforms survey indicates that social media analysts are motivated by a combination
of factors®: (1) building momentum around an investment thesis to attract recognition of perceived mispricing; (2)
pursuing business or career opportunities; (3) expanding professional networks; (4) stress-testing ideas via peer review;
and (5) earning monetary compensation. According to SDT, the fourth reason aligns closely with intrinsic motivation,
stemming from the enjoyment of intellectual refinement. The remaining motivations are extrinsic, but they may
become increasingly self-determined through internalization when participation in the community satisfies analysts’
needs for autonomy, competence, and relatedness. For instance, career-oriented goals can motivate analysts to
strengthen analytical rigor and demonstrate expertise, thereby enhancing their sense of competence. Efforts to build
momentum around an investment thesis allow analysts to exercise discretion over idea selection and presentation,
supporting autonomy. Meanwhile, interactions with potential employers, industry clients, and like-minded investors
foster meaningful social connections, strengthening relatedness. Through this internalization process, externally
oriented motives may gradually become more self-endorsed, motivating sustained and high-effort contributions
(Burtch et al., 2021; Burtch et al., 2018; Zhao et al., 2016).

In summary, SDT offers a robust theoretical lens to explain why social media analysts invest significant cognitive
resources in producing stock analyses. It suggests that both intrinsic motivation and well-internalized extrinsic
incentives are key drivers behind the cognitive engagement reflected in their informational outputs.

3.2. Hypothesis Development

SDT posits that intrinsic motivation and internalized extrinsic incentives promote greater effort and sustained task
engagement (Cerasoli et al., 2014; Ferrer-Caja & Weiss, 2000; Wu et al., 2021). Through enhanced cognitive
engagement and persistence, such self-determined motivation translates into superior performance outcomes (Burtch
et al., 2021; Chen et al., 2026; Deci & Ryan, 2000; Simons et al., 2004), particularly for quality-oriented tasks
characterized by high cognitive complexity, substantial domain-specific knowledge requirements, and significant

2 https:/seekingalpha.com/article/2134803-how-much-does-seeking-alpha-pay-its-contributors, accessed July 9, 2025. Some of
reasons are also discussed in previous research (Booker et al., 2025; Chen et al., 2019).
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personal investment (Cerasoli et al., 2014).

Producing investment recommendations on OICs exemplifies such quality-oriented tasks. Generating credible
recommendations requires social media analysts to process extensive financial information, interpret corporate
disclosures and market developments, integrate quantitative and qualitative signals, and synthesize these inputs into
coherent investment analyses, including earnings forecasts, valuation assessments, and risk evaluations. Based on this
analytical foundation, analysts issue a recommendation rating that summarizes their investment judgment (Bradshaw,
2009; Schipper, 1991). These activities require substantial expertise, analytical rigor, and time commitment,
distinguishing them from routine or low-effort online contributions.

Because social media analysts are intrinsically motivated and have internalized the incentives associated with
platform participation, they are more likely to engage deeply in the analytical process and sustain cognitive effort
when producing recommendations. From an SDT perspective, such self-determined engagement enhances the rigor
of the underlying analysis and the informativeness of the resulting recommendation ratings.

More informative recommendations are more likely to reveal mispricing or previously underappreciated
information. As investors incorporate such signals into their trading decisions, stock prices adjust as markets
incorporate the newly revealed information (Chen et al., 2014; Dyer & Kim, 2021). Consequently, to the extent that
self-determined motivation improves the analytical rigor and informativeness of social media analysts’
recommendations, these recommendations should contain information about future stock price movements.
Accordingly, we hypothesize:

Hypothesis 1: Recommendations from social media analysts predict future stock returns.

Although SDT predicts a positive relationship between self-determined engagement and recommendation
informativeness, the strength of this mechanism depends on the social media analyst’s motivational context, which
may be reflected in observable characteristics. We develop four hypotheses regarding specific moderating factors.

Trader Identity. Ryan and Deci (2000b) describe a continuum of internalization, along which extrinsic
motivations vary in their degree of autonomy, ranging from external regulation (behavior contingent on external
rewards or punishments), to introjected regulation (behavior driven by internal pressures such as guilt or ego), to
identified regulation (behavior reflecting conscious acceptance of a goal as personally valuable), and finally to
integrated regulation, the most autonomous form in which externally derived goals are fully aligned with an
individual’s self-concept and professional identity. The depth of internalization enhances the effectiveness of self-
determined motivation, sustaining persistent and autonomous effort.

Participants identified as traders—who invest personal capital or manage external funds—are more likely to
perceive investment outcomes as central to their professional and financial identity. For these analysts, producing
accurate analyses and informative recommendations represents a self-endorsed activity aligned with integrated
regulation. In contrast, non-trader participants may value accuracy and recognition, but these goals are less deeply
integrated into their self-concept and correspond primarily to identified regulation. Because integrated regulation
strengthens the SDT mechanism linking motivation to cognitive effort, traders are expected to allocate greater
analytical effort, maintain higher engagement, and produce higher-quality recommendations. As a result, their
recommendations should be more informative and exhibit stronger predictive power for future stock returns. This
leads to the following hypothesis:

Hypothesis 2: Recommendations from traders exhibit greater predictive power for future stock returns.

Platform Tenure. The intensity of self-determined engagement depends on the salience of unmet psychological
needs for competence, relatedness, and autonomy. When these needs remain salient, the internalization of extrinsic
motives is facilitated, thereby strengthening autonomous regulation and amplifying the translation of motivation into
analytical effort.

New social media analysts typically possess limited reputational capital and relatively small follower networks.
Consequently, their needs to demonstrate competence and establish relatedness within the community are particularly
salient. Because recommendation ratings are concise and verifiable through subsequent market outcomes, issuing
accurate recommendations provides a visible and performance-contingent signal of analytical ability, satisfying
competence needs. Accurate recommendations also attract attention and followers, enhancing social embeddedness
and fulfilling relatedness needs (Breuer et al., 2025; Lawrence et al., 2017). Under these conditions, new analysts may
exert greater cognitive effort and produce recommendations with greater predictive power.

In contrast, long-tenured analysts have accumulated reputational capital, established follower networks, and stable
community relationships. As competence and relatedness needs become progressively satisfied, the marginal
motivational returns to producing highly accurate recommendations diminish. From an SDT perspective, this
motivational attenuation weakens the linkage between self-determined motivation and analytical effort, thereby
reducing the informativeness of subsequent recommendations. Therefore, we propose the following hypothesis:

Hypothesis 3: Social media analysts’ platform tenure negatively moderates the predictive power of their
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recommendations on future stock returns.

Comment-Section Engagement. Active participation in comment sections represents an important motivational
context for social media analysts. Interactions in comment threads provide real-time feedback, peer validation, and
opportunities for intellectual exchange, which can satisfy core psychological needs identified by SDT—competence
and relatedness.

From an SDT perspective, analysts may engage in comment discussions for two main reasons. First, some analysts
enjoy the intellectual challenge of refining reasoning, verifying assumptions, and defending forecasts. This type of
engagement reflects intrinsic motivation, as the activity itself is inherently satisfying. Second, analysts may also
participate to demonstrate competence, signal ability to potential employers or clients, or expand professional
networks. These motivations are extrinsic, but when analysts internalize their importance—recognizing that effective
participation aligns with their professional identity—they become self-determined through identified or integrated
regulation.

Both intrinsic enjoyment and internalized extrinsic motives increase self-determined motivation, leading analysts
to allocate greater cognitive effort to producing accurate, defensible, and high-quality recommendations. Consequently,
analysts with higher levels of comment-section engagement are expected to produce recommendations with greater
informativeness, enhancing their predictive power for future stock returns. This reasoning leads to the following
hypothesis:

Hypothesis 4: Social media analysts’ comment-section engagement positively moderates the predictive power of
their recommendations on future stock returns.

Analyst Busyness. According to SDT, such discretionary effort is sustained when individuals’ basic
psychological needs for autonomy (perceived volition in task engagement), competence (mastery and effectance), and
relatedness (meaningful connection with others) are adequately supported (Deci & Ryan, 2000). When these needs
are fulfilled, social media analysts are more likely to translate motivation into sustained cognitive engagement, thereby
enhancing the quality of analytical outputs.

High levels of busyness, however, may systematically undermine the conditions necessary for such need
satisfaction. First, when analysts issue multiple recommendations within compressed time windows, they have limited
discretion over task pacing and sequencing. Their behavior becomes increasingly driven by situational demands rather
than volitional choice, reducing perceived autonomy. Second, busyness constrains the time available for thorough
information processing, cross-validation, and reflective evaluation. As analysts are unable to fully develop and refine
their reasoning, their sense of mastery weakens, undermining competence satisfaction. Third, rapid recommendation
production reduces opportunities for meaningful interaction with peers and community discussions, limiting the
fulfillment of relatedness needs.

When autonomy, competence, and relatedness are simultaneously constrained, motivational regulation is likely
to shift from autonomous toward more controlled forms (e.g., external or introjected regulation). Although analysts
may continue issuing recommendations, the quality of their motivation and depth of cognitive engagement decline.
As a result, the translation of motivation into discretionary analytical effort becomes less effective, reducing the
informativeness of recommendations. Accordingly, we propose the following hypothesis:

Hypothesis 5: Social media analysts’ busyness negatively moderates the predictive power of their
recommendations on future stock returns.

4. Data and Methodology
4.1. Research Context

Our empirical analysis utilizes stock recommendations issued by social media analysts on SA, a leading and
highly influential OIC. The platform is designed to empower investors by facilitating access to independent, crowd-
sourced equity research. On SA, social media analysts publish detailed investment articles, each of which is required
to include an explicit five-level recommendation for the covered stock, selecting from the standardized tags: “Very
Bullish,” “Bullish,” “Neutral,” “Bearish,” or “Very Bearish”.3

Upon submission, all articles undergo editorial review. SA editors evaluate submissions for clarity, coherence,
and adherence to platform guidelines, without substantively altering the analyst’s investment thesis. Articles deemed
to be of particularly high quality, insight, or potential impact are featured in the “Editors’ Picks” section, thereby
granting them greater visibility.

As of June 2025, SA hosts over 18,000 social media analysts and attracts a substantial investor audience, with

3 SA updated its recommendation tags in 2022, changing them from “Very Bullish,” “Bullish,” “Neutral,” “Bearish,” and “Very
Bearish” to “Strong Buy,” “Buy,” “Hold,” “Sell,” and “Strong Sell”. Since this change occurred after our study period, we use the
original set of recommendation tags throughout our analysis.
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approximately 20 million monthly site visits. While accessing detailed analyses requires a paid subscription (priced
around USD 299 annually in 2025), investors actively engage with content by liking articles and posting comments
to provide feedback or share perspectives. Official platform statistics indicate more than 200,000 comments are posted
monthly, highlighting a high degree of interaction between analysts and investors.*

Each stock covered on SA has a dedicated webpage displaying key financial data and the ten most recent articles
in reverse chronological order. Clicking on an article title navigates to a separate page containing the analyst’s profile,
the full article text, the stock recommendation, and the comment section. The recommendation is prominently
displayed on both the stock overview and the article pages, ensuring these investment opinions are highly visible and
easily accessible to investors. This structure reinforces SA’s role as a significant information intermediary in modern
capital markets.

4.2. Data

Our sample period commenced on March 6, 2019, the date on which SA formally introduced its mandatory five-
level recommendation tagging system. From this date forward, all published articles must assign one of five
standardized tags (“Very Bullish”, “Bullish”, “Neutral”, “Bearish”, or “Very Bearish”) to the covered stock. To ensure
consistency and simplify the construction of control variables, we restrict our sample to articles that analyze a single
common stock.

The final dataset comprises 19,994 articles and their corresponding recommendations, published between March
6, 2019, and May 5, 2020. For each article, we collect comprehensive information, including article ID, publication
date, analyst ID, stock ticker, recommendation rating, full text content, and an indicator for whether it was selected as
an “Editors’ Pick”. We also obtain user engagement metrics (likes and comments), which capture investor reactions
and analyst-investor interaction. Furthermore, we compile profile information and historical contribution data for each
analyst, enabling us to capture cross-sectional heterogeneity along dimensions such as professional background,
platform tenure, and activity level (“busyness”).

To facilitate empirical analysis, we convert the categorical recommendation tags into a numerical scale ranging
from 1 to 5, where 1 corresponds to “Very Bearish” and 5 to “Very Bullish.” Higher values thus indicate more
optimistic sentiment.

We supplement this core dataset with financial market data from the Center for Research in Security Prices (CRSP)
and sell-side analyst recommendation data from the Institutional Brokers’ Estimate System (I/B/E/S). I/B/E/S codes
recommendations on a 1 (“Strong Buy”) to 5 (“Strong Sell”) scale. To ensure consistency in interpretation across our
analyses, we reverse-code the I/B/E/S scale so that higher values uniformly represent more bullish opinions, aligning
with our coding of social media recommendations and allowing for direct comparison between these two information
channels.

4.3. Empirical Models and Variables

To assess the informational value of stock recommendations issued by social media analysts on SA, we estimate
panel regressions of future abnormal returns on recommendation levels. We first employ a Hausman test to determine
the appropriate specification between fixed-effects (FE) and random-effects (RE) models. The test yields a statistic of
54.96 with 19 degrees of freedom (p-value < 0.00), leading us to reject the null hypothesis of no systematic difference
between the estimators. Consequently, we adopt a firm and time (year-month) fixed-effects specification to control
for time-invariant unobserved heterogeneity across firms and common temporal shocks.

Our baseline model is specified as follows:

ARet; [, 1) = 0o + @ Recommendation;, + a,ARet; .| + azARet; ., {
+ agdRet; 160431 T s Volatililym + agStock; + ayYearMonth, + &;, M
In this model, the dependent variable ARet; [+ is the cumulative abnormal returns for stock i from trading day ¢
to t+h, calculated as the difference between the stock’s raw returns and value-weighted market returns. The key
independent variable, Recommendation;, is the average recommendation level for stock 7 on day ¢, based on all articles
published that day. The scale ranges from 1 (Very Bearish) to 5 (Very Bullish).
We examine multiple forward-looking windows (2 =1, 2, 5, 10, 20, 40, 60 trading days). Short windows (A<5)

capture immediate market reactions, while longer windows (4 = 20) help assess whether the information is

incorporated gradually and persists over time. This multi-horizon approach also serves as a robustness check against
transient noise and helps differentiate between short-term sentiment effects and longer-term fundamental insights.
Following Chen et al. (2014), we control for recent return momentum and volatility. ARet; .| and ARet; ., are the

4 See https://about.seekingalpha.com/#source=footer, accessed July 9, 2025.
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one- and two-day lagged abnormal returns, respectively. ARet [0, 3] is the cumulative abnormal return over the 58
trading days prior to #-2. Volatility;, is the standard deviation of daily returns over the 20 trading days preceding day
t. All standard errors are clustered at the stock level.

To test whether social media recommendations provide information incremental to that of professional analysts,
we augment Model (1) by including sell-side recommendation changes from I/B/E/S:

ARet; 15y = Bo + By Recommendation;, + ,SS Upgradei’ T B3SSDowngradei’ ,
+ ByARet; . + BsARet; ., + PeARet; 60,31 T B7 Volatilityi’ T BsStock; 2)
+ BoYearMonth, + ¢;,
Here, SSUpgrade;, and SSDowngrade;, denote the number of sell-side analyst recommendation upgrades and
downgrades, respectively, for stock i on day z.
To further isolate the unique predictive content of the explicit recommendation from the surrounding textual
sentiment, we incorporate article sentiment as an additional control:

ARet; ;11 = Yo + Y1 Recommendation;, + y,Sentiment;, + y3SSUpgrade,,
+ vaSSDowngrade, , + v ARet; .1+ ysARet; ) + y74ARet,
+ygVolatility, + yoStock; + yioYearMonth, + &;,
Sentiment;, is the average tone of all articles for stock 7 on trading day ¢, measured using the Linguistic Inquiry
and Word Count (LIWC) software (Pennebaker et al., 2015), a widely used text analysis tool. LIWC generates a
composite score where values above 50 indicate a positive tone and values below 50 indicate a negative tone.
Finally, to examine the heterogeneity in predictive ability across analysts (H2—HS5), we estimate interaction
models. We introduce a moderator variable Moderator;, that represents one of four analyst characteristics along with
its interaction with the recommendation variable:

[1-60,1-3] 3)

ARet; 1y = 89 + 8 Recommendation;, + 6,Recommendation;,* Moderator;
+ &;Moderator;, + 84Sentiment; , + 55SSUpgradel., .
+ 56SSD0wngradei’ , T 874Ret; .+ 6gARet;; + &;AReti’[ 160,43 )
+ 619 Volatilityi‘ﬁr 811Stock; + 6., YearMonth, + ¢;,

The four moderator variables are defined as follows: Tenure;, is the natural logarithm of the average number of
months that social media analysts covering stock i on day ¢ have been active on SA. AnalystComments;, is the natural
logarithm of the average number of comments received on the articles containing the recommendations for stock i on
day ¢. Busyness;, is the natural logarithm of the average number of articles published in the preceding 30 days by the
analysts issuing recommendations for stock i on day ¢. Trader;, is the natural logarithm of the average number of
analysts identified as traders among those covering stock i on day ¢. Trader identification is primarily based on the
self-reported profiles.

Detailed definitions for all key variables are provided in Table 1.

5. Empirical Results
5.1. A Comparative Overview: Sell-side Analysts versus Social Media Analysts

Although sell-side analysts and social media analysts perform similar functions and both produce structured equity
research culminating in explicit stock recommendations, their outputs differ in several important respects. First, sell-
side analysts’ coverage is heavily concentrated on large, institutionally followed firms, often leaving smaller or less
visible companies under-covered. In contrast, social media analysts, drawn from diverse professional backgrounds,
frequently provide broader and more heterogeneous coverage, thereby addressing informational gaps in the market.

Second, the dissemination modes differ fundamentally. Sell-side recommendations are typically embedded in
scheduled, periodic reports, whereas social media analysts can issue and update recommendations in real-time on
digital platforms. This immediacy may allow market-relevant information to be incorporated more rapidly.

Third, the underlying incentive structures diverge. Sell-side research is influenced by institutional factors such as
investment banking relationships and corporate access, which may introduce conflicts of interest. Social media
analysts, operating with greater independence and fewer institutional constraints, represent a distinct incentive
environment that likely shapes the informational properties of their output.

Finally, the interactive nature of social media platforms introduces a novel, bottom-up engagement dynamic.
Investors can publicly question, debate, or amplify an analyst’s view in real-time, creating feedback loops absent from
the traditional, hierarchical dissemination of sell-side research. This environment may foster idea refinement and
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accelerate information diffusion.

Given these structural differences, a direct comparison of their recommendations illuminates how financial
information production is shifting from a centralized, institution-driven model toward a decentralized, socially
mediated system. It also offers insights for investors evaluating new information sources and for regulators considering
the implications of this democratization.

We begin by presenting the distribution of recommendations from both sources in Table 2 and analyzing their key
differences. Panel A reports descriptive statistics for social media recommendations. Our dataset comprises 19,994
recommendations covering 2,501 common stocks (listed on NYSE, NASDAQ, or AMEX), issued by 1,456 social
media analysts between March 6, 2019, and May 5, 2020. On average, each stock receives attention from 4.84 social
media analysts, with a mean (median) of 7.99 (4.00) recommendations per stock. This indicates that a subset of stocks
attracts disproportionately high coverage. Similarly, while the average analyst covers 8.32 stocks, the median is only
2, suggesting most analysts focus on a narrow set of firms, with a minority pursuing a broader coverage strategy. The
mean number of recommendations issued per analyst is 13.73, compared to a median of 3.00, highlighting that a small
group of highly active analysts accounts for a substantial share of total output.

Panel B presents the distribution of sell-side analyst recommendations over the same period. Sell-side analysts
cover 2,150 stocks with 16,140 recommendations, leaving 351 stocks in our universe without any professional
coverage. This pattern underscores a persistent limitation of traditional research: its concentration on larger, more
visible firms at the expense of smaller or less-covered equities. On average, each sell-side analyst follows 5.75 stocks
and issues 7.38 recommendations—figures significantly lower than those for their social media counterparts.

Taken together, these results suggest that social media analysts provide not only broader coverage, including firms
that receive limited attention from Wall Street, but also more frequent recommendation updates.

Following Howe et al. (2009), we categorize the 19,994 recommendations into first-time and revised
recommendations. A first-time recommendation is defined as an initial coverage initiation or a recommendation issued
after a lapse of at least one year without coverage by the same analyst. A revised recommendation, in contrast, refers
to a new recommendation issued on a stock for which the same analyst has provided at least one recommendation
within the preceding year.

Table 1: Descriptions of the Key Variables

Variables Description Source
Dependent Variable
ARet;fpm The cumulative abnormal returns of stock i from trading day ¢ to trading day 4 (A CRSP

=1,2,5,10, 20,40, 60), calculated as the difference between raw returns and value-
weighted market returns.

Independent Variable

Recommendation;; The average recommendation of stock i on trading day 7 on SA. SA
Moderators

Tenure;, The average number of months social media analysts covering stock i on day ¢ have SA

been active on SA, measured as its natural logarithm.
AnalystComments;; The average number of comments posted by social media analysts for their SA
recommendations on stock i on day ¢, measured as its natural logarithm.

Busyness;, The average number of articles published in the last month by social media analysts SA
issuing recommendations for stock i on day ¢, measured as its natural logarithm.
Trader;, The average number of traders among social media analysts issuing SA

recommendations for stock i on day ¢, measured as its natural logarithm.

Control Variables

Sentiment;; The average tone of SA articles for stock 7 on day ¢. SA
SSUpgradei, The number of recommendation upgrades for stock i on day . I/B/E/S
SSDowngrade;, The number of recommendation downgrades for stock 7 on day . I/B/E/S
ARet; 1 Value-weighted market-adjusted returns of stock i on the day #-1. CRSP
ARet; 2 Value-weighted market-adjusted returns of stock i on the day #-2. CRSP
AReti[r-60, 1-3] Cumulative value-weighted market-adjusted returns of stock 7 over the 58 trading CRSP
days prior to day #-2.
Volatility;, The standard deviation of daily returns of stock i over 20 trading days prior to day CRSP

1.
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Table 2: Descriptive Statistics for Recommendations
Panel A: Recommendations from social media analysts

N Mean Median

No. of stocks 2,501 - -
No. of social media analysts 1,456 - -
No. of social media analysts per stock - 4.842  3.000
No. of recommendations per stock - 7.994  4.000
No. of stocks per social media analyst - 8318  2.000
No. of recommendations per social media analyst - 13.732  3.000

Panel B: Recommendations from sell-side analysts

N Mean Median

No. of stocks 2,150 - -
No. of sell-side analysts 2,188 - -
No. of sell-side analysts per stock - 5.848  4.000
No. of recommendations per stock - 7.507  6.000
No. of stocks per sell-side analyst - 5.747  4.000
No. of recommendations per sell-side analyst - 7.377 5.000

Notes: Panel A reports the distribution and summary statistics of social media recommendations in our sample. The sample includes
19,994 recommendations covering 2,501 listed firms issued by 1,456 social media analysts during the period from March 6, 2019,
to May 5, 2020. Panel B reports the distribution and summary statistics of sell-side recommendations over the same period. This
sample includes 16,140 recommendations for 2,150 listed firms issued by 2,188 sell-side analysts.

Table 3 presents the distribution of these two categories. First-time recommendations account for 12,136
observations, or 60.7% of the sample. This high proportion is attributable to two factors. First, our sample period
begins with the introduction of SA’s mandatory tagging feature, which naturally prompted a wave of initial coverage.
Second, the 14-month observation window provided limited opportunity for analysts who initiated coverage later in
the period to issue subsequent revisions before the window closed.

The table further presents a transition matrix for the 7,858 revised recommendations. Each cell indicates the count
of recommendations transitioning from the prior rating (row) to the new rating (column). Within revised
recommendations, we identify 1,255 upgrades®, 1,127 downgrades®, and 5,476 reiterations.” The fact that the majority
of observations lie on the matrix diagonal indicates a strong tendency among social media analysts to reiterate their
prior views rather than revise them. This pattern contrasts with prior findings on sell-side analysts, who exhibit a
greater propensity to issue upgrades, a tendency often attributed to optimism bias or relationship-based incentives
(Barber et al., 2001; Howe et al., 2009; Loh & Stulz, 2011). Given that upgrades and downgrades constitute a relatively
small subset of revised recommendations, our subsequent empirical analyses focus primarily on the levels of
recommendations rather than discrete revision events.

Table 3: Transition Matrix of Revised Recommendations

To recommendation
From recommendation Very Bearish Bearish Neutral Bullish Very Bullish  Total

Very Bearish 170 66 11 7 27 281

Bearish 63 665 179 51 10 968

Neutral 12 222 1,575 569 41 2,419
Bullish 6 60 468 2,266 294 3,094
Very Bullish 17 15 28 236 800 1,096
Subtotal 268 1,028 2,261 3,129 1,172 7,858
First recommendation 405 1,355 3,734 5,119 1,523 12,136
Total 673 2,383 5,995 8,248 2,695 19,994

Notes: This table presents the transition matrix of revised recommendations issued by 1,456 social media analysts. The full sample
comprises 19,994 recommendations for 2,501 listed firms covering the period from March 6, 2019, to May 5, 2020. Each cell in
the matrix indicates the number of recommendations that transitioned from the row category to the column category. The diagonal
entries represent the number of recommendations that were reiterated by social media analysts.

3 66+11+7+27+179+51+10+569+41+294
6 63+12+222+6+60+468+17+15+28+2367
7 170+665+1575+2266+800
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5.2. Summary Statistics

This section presents the univariate statistics and correlation matrix for the key variables used in our analysis.
Table 4 reports the descriptive statistics. The mean values of Recommendation;, and Sentiment;, indicate that, on
average, social media analysts issue bullish recommendations and convey a positive tone in their stock analyses.

Table 5 presents the pairwise correlations among the main variables. A notable pattern emerges: the variable
Recommendation;, shows significantly positive correlations with future abnormal returns ARet; [+ across multiple
investment horizons (specifically, # =1, 2, 5, 10, 20 days). This provides preliminary, univariate evidence consistent
with H1, suggesting a positive association between optimistic recommendations and subsequent stock performance.
In contrast, the correlation between Sentiment;, and future abnormal returns is primarily observed over shorter horizons
(h=1,2,5, 10) with associations being more pronounced for the 5- and 10-day windows. This pattern hints that the
predictive content of textual sentiment may be more immediate or transient compared to the explicit recommendation
signal.

Table 4: Univariate Statistics

Variable Observations Mean Std. Dev. Min Median Max
ARet;[1+1] 17,877 -0.000 0.063 -0.704 -0.001 1.359
ARet;[1+2] 17,877 -0.001 0.073 -0.749 -0.001 1.264
ARet; 1151 17,828 -0.001 0.097 -0.885 -0.002 1959
ARet;[ii10) 17,807 -0.002 0.126 -0.879 -0.004 3.432
ARet;[11120) 17,783 -0.001 0.177 -0.928 -0.007  3.665
ARet; 111401 17,718 0.004 0.271 -0.996 -0.012 11.832
ARet; 111601 17,631 0.003 0.328 -1.023  -0.021 7.072
Recommendation;, 18,017 3.502 0.948 1.000  4.000 5.000
Tenure;, 18,017 3.641 1.113 -0.034  3.968 5.132
AnalystComments; 18,017 0.949 1.081 0.000 0.693 5.981
Busyness; 18,017 2.207 1.084 0.000 2.398 4.635
Trader;, 18,017 0.066 0.240 0.000  0.000 1.000
Sentiment,; 18,017 0.593 0.187 0.010  0.602 0.990
SSUpgrade;, 18,017 0.013 0.120 0.000  0.000 2.000
SSDowngrade;, 18,017 0.019 0.169 0.000  0.000 8.000
ARet; s 17,857 0.001 0.064 -0.707 -0.000 3.683
ARet; 2 17,838 0.001 0.064 -0.870 -0.000 3.683
ARet; 160, 1-3] 17,698 -0.001 0.367 -1.056 -0.022 11.921
Volatility;, 17,770 0.035 0.039 0.001 0.025 1.161

Notes: This table presents the descriptive statistics for all variables used in the multivariate analyses examining the relationship
between social media analysts’ recommendations and abnormal returns, as well as the moderating effects. All variables are defined
in Table 1. The unit of observation is at the stock-day level. The sample period spans from March 6, 2019, to May 5, 2020.
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Table 5: Correlation Coefficient Matrix

@ 2 3) “) 3 (6 )] ®) ® 10 anp a2 a3 a4 a5 o de d7n (18
(l)ARet,-mAH 1000
(2) ARet,'ﬁ[uq] 086 1 - 1 000
(3) ARetijpes, 0.598™" 0.695"  1.000
(4) ARetijp101 0.468™ 0.530”* 0.706™  1.000
(5) ARet;j1p:201 0.353™ 0.400"" 0.530" 0.721""  1.000
(6) ARet; jyea0n 0253 0.286™" 0.383™ 0.520™ 0.699"  1.000
(7) ARetijy-601 0.205™ 0.238"" 0.320" 0442 0.583" 0.795""  1.000
(8) Recommendation;, 0.089"" 0.093™ 0.077"" 0.066™ 0.034™ 0.009 -0.008  1.000
(9) Tenure;, -0.015™ -0.015 -0.013" -0.005 -0.010 -0.000 -0.000 -0.032""" 1.000
(10) AnalystComments;, 0.011 0.008  0.007  0.007 0.013" 0.022"" 0.042"" 0.025™ 0.083"" 1.000
(11) Busyness;; -0.033™" -0.032"" -0.025"" -0.025™" -0.026""" -0.026""" -0.028™"" -0.080"" 0.255""" -0.188""  1.000
(12) Trader;, -0.025™" -0.020"™" -0.015 -0.009  0.002  0.005 0.018™ -0.027" 0.107"* 0.004 0.103"" 1.000
(13) Sentiment;, 0.037"" 0.034™ 0.013" 0.014" -0.002 -0.028"" -0.025"" 0.240™" 0.003 -0.064"" -0.008 0.012" 1.000
(14) SSUpgrade;, 0.039™" 0.036™ 0.033"" 0.024™ 0.018™ 0.009 0.016™ 0.010 0.012" 0.009 0.013" -0.002 -0.010 1.000
(15) SSDowngrade;, -0.123™" -0.106™" -0.072" -0.052""" -0.041""" -0.025"" -0.017" -0.027" 0.020"" 0.024™" 0.030™" 0.028™ -0.038"" 0.002  1.000
(16) ARet; ;. 0.021"™ 0.020™ -0.017 0.007 -0.014" -0.008 -0.015"" 0.041™ 0.003 0.007 -0.012" -0.014" 0.040"™" 0.019™ -0.024™" 1.000
(17) ARet; ;. -0.001 -0.025™" -0.051"" -0.031""" -0.020"" -0.007  0.004  -0.003 0.009 -0.005 -0.021"" -0.005 0.023" 0.002 -0.001 0.004 1.000
(18) ARet;f1.60, 131 -0.036™" -0.039" -0.046™" -0.009 -0.021"" -0.011 0.005 -0.006 0.019" 0.009 -0.012 0.026™ 0.053"" 0.004 -0.007 0.010 -0.026"" 1.000
(19) Volatility;, 0.007 0.011  0.024™ 0.060™" 0.107™ 0.161™" 0.132"™" -0.071""" 0.013" 0.055"" -0.043"" -0.002 -0.085"" 0.007 0.018™ 0.116™" 0.156™" 0.169""

Notes: This table reports the correlation coefficient matrix of all variables used in the multivariate analyses examining the relationship between social media analysts’
recommendations and abnormal returns, as well as the moderating effects. All variables are defined in Table 1. The unit of observation is at the stock-day level. The sample period
spans from March 6, 2019, to May 5, 2020. ***, **, * denote two-tailed statistical significance at the 1%, 5%, and 10% levels, respectively.
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5.3. Main Results

Table 6 presents the baseline regression results examining the relationship between social media analysts’
recommendations and subsequent stock returns, as specified in Equation (1). The coefficients on Recommendation;,
are positive and statistically significant across multiple return windows (specifically for 2 =1, 2, 5, 10, 20, 40 trading
days), indicating a robust predictive association. These results suggest that social media analysts’ recommendations,
driven by self-determined motivation, contain information that investors incorporate into trading decisions, producing
measurable short- to medium-term stock price reactions.

In column (7), corresponding to the 60-trading-day horizon, the coefficient becomes statistically insignificant. This
pattern is consistent with a gradual process of market information incorporation. While recommendations contain
valuable insights into mispricing or underappreciated signals, the market appears to fully absorb this information over
approximately two months, attenuating abnormal returns at longer horizons.

Several plausible explanations may account for the lack of statistical significance at the 60-day window. First,
market efficiency over medium-term horizons may limit exploitable opportunities, as prices eventually adjust to reflect
the information contained in the recommendations (Fama, 1998). Second, subsequent corporate disclosures,
macroeconomic shocks, or competing analyst recommendations may dilute the predictive power of an individual
recommendation. Third, social media analysts’ recommendations may primarily influence short- to medium-term
investor attention, rather than long-term fundamental valuation.

From a theoretical perspective, these findings complement SDT. While self-determined motivation enhances
analytical rigor and the informativeness of recommendations, the market’s progressive absorption of information
naturally bounds their long-term impact.

Table 6: Regression Results of Stock Returns on SA Recommendations

(1 (2) (3) (4) (5) (6) (7
ARetifiy  ARetifyin)  ARetipiis)  ARetiinio)  ARetipino]  ARetipiiaol  ARetifisieo
Recommendation;; 0.006™" 0.007*" 0.009™"* 0.010"™ 0.009™ 0.006™ 0.005
0.001)  (0.001)  (0.001)  (0.001)  (0.002)  (0.003)  (0.004)
ARet; 1 0.008 0.005 -0.063™ -0.043 -0.137" -0.267 -0.373"
0.031)  (0.036)  (0.031)  (0.047)  (0.050)  (0.056)  (0.070)
ARet; 0.004 -0.031 -0.110™" -0.101™" -0.198™" -0.259™* -0.280™"
(0.023) (0.025) (0.036) (0.036) (0.047) (0.056) (0.071)
ARet;[-60,-3] -0.012" -0.018™ -0.030™ -0.046™ -0.092"* -0.150" -0.222*
(0.004) (0.005) (0.007) (0.017) (0.017) (0.032) (0.041)
Volatility;, 0.070 0.145™ 0.229** 0.634™* 1.153™ 2.128™ 1.749™"
(0.054) (0.057) (0.097) (0.196) (0.385) (0.338) (0.251)
Constant -0.023™ -0.030™" -0.040™" -0.052" -0.061™ -0.094™ -0.108™"
0.003)  (0.004)  (0.006)  (0.008)  (0.014)  (0.018)  (0.025)
Stock FE YES YES YES YES YES YES YES
YearMonth FE YES YES YES YES YES YES YES
Observations 17,697 17,697 17,697 17,691 17,686 17,666 17,628
Adj. R? 0.012 0.018 0.030 0.045 0.072 0.118 0.108

Notes: This table reports the regression results examining the relationship between social media analysts’ recommendations and
abnormal returns. All variables are defined in Table 1. The unit of observation is at the stock-day level. The sample period spans
from March 6, 2019, to May 5, 2020. All regressions include stock and year-month fixed effects. Robust standard errors, clustered

at the stock level, are reported in parentheses. ~, =, " represent statistical significance at the 1%, 5%, and 10% levels, respectively
(two-tailed tests).

Table 7 presents the results of Equation (2), which controls for concurrent sell-side analyst recommendation
changes. Even after accounting for sell-side signals, the coefficient on social media Recommendation;, remains
significantly positive across most horizons (Columns 1-6). This finding suggests that social media recommendations
contain incremental informational value not fully captured by traditional analysts.
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Table 7. Regression Results of Stock Returns on SA and I/B/E/S Recommendations

(1) (2) 3) “) (%) (6) (7
ARet;f41] ARet;f1 2] ARetifi 5] ARetifiir1i0]  ARetifia0]  ARetifiao]  ARetifiive0]
Recommendation;, 0.005™" 0.007™" 0.009™" 0.010™" 0.008™" 0.006™ 0.005
(0.001) (0.001) (0.001) (0.001) (0.002) (0.003) (0.004)
SSUpgrade;, 0.019"*" 0.021"* 0.025™" 0.021* 0.018™ -0.002 0.010

(0.004) (0.005) (0.007) (0.007) (0.009) (0.011) (0.015)
SSDowngrade;, ~ -0.044"™"  -0.044™  -0.041""  -0.040""  -0.047""  -0.053""  -0.048""
(0.005) (0.006) (0.006) (0.007) (0.007) (0.009) (0.011)

ARet; 1) 0.004 0.000 -0.067" 0.047  -0.1427 0272 0377
(0.031) (0.036) (0.031) (0.046) (0.050) (0.056) (0.069)
ARet; 0.003 20.032  -0.110""  -0.101™"  -0.200""  -0.260"*  -0.281""
(0.023) (0.025) (0.036) (0.035) (0.047) (0.056) (0.071)
ARet; 160,431 00137 -0.018™  -0.030"™  -0.046™"  -0.092""  -0.150"" = -0.222""
(0.004) (0.005) (0.007) (0.017) (0.017) (0.032) (0.041)
Volatility:, 0.083 0.158™  0.241™  0.646™ 1168 2148  1.766™
(0.055) (0.058) (0.098) (0.195) (0.384) (0.338) (0.251)
Constant 0.022°  -0.029°  -0.039""  -0.051""  -0.060""  -0.093""  -0.107"
(0.003) (0.004) (0.006) (0.008) (0.014) (0.018) (0.025)
Stock FE YES YES YES YES YES YES YES
YearMonth FE YES YES YES YES YES YES YES
Observations 17,697 17,697 17,697 17,691 17,686 17,666 17,628
Adj. R? 0.030 0.031 0.037 0.049 0.075 0.119 0.109

Notes: This table reports the regression results examining the relationship between social media analysts’ recommendations and
abnormal returns, controlling for sell-side recommendations. All variables are defined in Table 1. The unit of observation is at the
stock-day level. The sample period spans from March 6, 2019, to May 5, 2020. All regressions include stock and year-month fixed

effects. Robust standard errors clustered at the stock level are reported in parentheses. ™, **, * represent statistical significance at
the 1%, 5%, and 10% levels (two-tailed), respectively.

Several features of social media analysts may explain this incremental predictive power. First, they often utilize
alternative data sources, such as real-time sentiment, online discussions, and nontraditional datasets, that are less
systematically integrated into conventional sell-side research. Second, their incentive structures differ: operating
independently and without the institutional pressures or potential conflicts of interest faced by sell-side analysts, they
may provide more candid or contrarian views. Third, the interactive and attention-driven nature of digital platforms
allows their recommendations to reflect evolving investor sentiment and behavioral dynamics that are typically absent
from formal sell-side reports. Finally, social media analysts frequently cover smaller or less-followed firms that receive
limited attention from Wall Street, thereby expanding the informational ecosystem. These characteristics indicate that
social media recommendations capture distinct informational channels and sentiment-driven signals, which
complement rather than merely replicate the content of sell-side research.

Our findings also resonate with prior literature on sell-side analysts. Studies show that recommendations issued
by underwriter-affiliated analysts exhibit an optimistic bias, reflecting potential conflicts of interest (Lin & McNichols,
1998; Michaely & Womack, 1999). Moreover, bearish recommendations and downgrades from sell-side analysts have
been found to be more informative than bullish signals, partly due to the skewed distribution of ratings toward
optimism (Beneish, 1991; Womack, 1996). Consistent with this prior work, our results indicate that sell-side
downgrades (SSDowngrade,) exhibit a significant negative relationship with returns over longer horizons (up to 60
trading days), whereas upgrades (SSUpgrade,) show a positive association primarily over shorter windows (up to 20
days). This contrast suggests that sell-side analysts may place greater emphasis on longer-term fundamental
deterioration when issuing downgrades, whereas social media recommendations appear to provide more timely,
shorter-horizon signals.

To evaluate whether the explicit recommendation tags convey information beyond the textual sentiment of the
articles, we incorporate article sentiment into our model (Equation (3)). This test is motivated by evidence that less
sophisticated investors on SA often rely on simplified signals, such as recommendation tags, rather than engaging with
detailed textual analysis (Umar, 2022). If the full article text contains material insights not fully captured by the
recommendations, investors who focus solely on the tags may overlook profitable information.

The regression results, presented in Table 8, indicate that the coefficients on Recommendation;; remain positive
and statistically significant across most horizons (Columns 1-6). In contrast, the coefficients on Sentiment;, are only
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significantly positive in Columns (1) and (2). This pattern suggests that the explicit recommendation rating possesses
stronger and more persistent predictive power for future abnormal returns than the general sentiment expressed in the
article text. The findings imply that investors’ attention to recommendation tags is warranted, as these distilled ratings
appear to encapsulate the most actionable informational content from social media analysts’ research.

Table 8: Regression Results of Stock Returns on SA Recommendations and Sentiment

(1) (2) 3) “4) (5) (6) (7
ARetifivy ARetiii)  ARetipns)y ARetifirio)  ARetipioo)  ARetifiaoy  ARetifise0]
Recommendation;;  0.005™" 0.007"* 0.009™" 0.009"" 0.008™" 0.006™ 0.005
(0.001) (0.001) (0.001) (0.002) (0.002) (0.003) (0.004)
Sentiment;; 0.007"" 0.008™ 0.005 0.009 0.008 -0.007 0.003
(0.003) (0.004) (0.005) (0.006) (0.008) (0.011) (0.013)
SSUpgrade;, 0.019*" 0.021"*" 0.026™" 0.021"*" 0.018™ -0.003 0.010

(0.004) (0.005) (0.007) (0.007) (0.009) (0.011) (0.015)
SSDowngradei, ~ -0.044"  -0.044™  -0.041"  -0.040"*  -0.047""  -0.053""  -0.048""
(0.005) (0.006) (0.006) (0.007) (0.007) (0.009) (0.011)

ARet; 0.003 -0.001 -0.068" -0.048 0143 02717 -0.378""
(0.031) (0.036) (0.031) (0.046) (0.050) (0.056) (0.069)
ARet; 0.002 -0.033 00117 01027 202007 0259 .0.282""
(0.023) (0.025) (0.036) (0.035) (0.047) (0.056) (0.071)
ARetir60.3) 20.013™ 0018 -0.030™"  -0.046™"  -0.093""  -0.150""  -0.223""
(0.004) (0.005) (0.008) (0.017) (0.017) (0.032) (0.041)
Volatility:, 0.085 0.160""* 0.242* 0.648"" 1170 2.146™ 1.767°
(0.055) (0.058) (0.098) (0.195) (0.384) (0.339) (0.251)
Constant 20.025" 0033 -0.041""  -0.055"  -0.064™  -0.089"*  -0.108""
(0.004) (0.004) (0.006) (0.009) (0.015) (0.019) (0.027)
Stock FE YES YES YES YES YES YES YES
YearMonth FE YES YES YES YES YES YES YES
Observations 17,697 17,697 17,697 17,691 17,686 17,666 17,628
Adj. R? 0.030 0.031 0.037 0.049 0.075 0.119 0.109

Notes: This table reports the regression results examining the relationship between social media analysts’ recommendations and
abnormal returns, controlling for both sell-side recommendations and social media analysts’ sentiment. All variables are defined in
Table 1. The unit of observation is at the stock-day level. The sample period spans from March 6, 2019, to May 5, 2020. All
regressions include stock and year-month fixed effects. Robust standard errors clustered at the stock level are reported in

solok ko ok

parentheses. =, *, " represent statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.

5.4. Heterogeneity in Predictive Ability

Our analysis indicates that several observable analyst characteristics significantly moderate the predictive power
of social media recommendations, as presented in Table 9. First, recommendations issued by traders exhibit a stronger
association with subsequent stock returns than those issued by non-traders, supporting Hypothesis 2. Second, an
analyst’s platform tenure negatively moderates this relationship, suggesting that longer experience on the platform is
not systematically associated with more informative recommendations, consistent with Hypothesis 3. Third, higher
levels of engagement in the comment section enhance recommendation informativeness, confirming Hypothesis 4.
Finally, greater analyst busyness attenuates the predictive power of recommendations, as reflected by a significant
negative interaction, in line with Hypothesis 5. These moderating effects, which are consistent with the motivational
framework of SDT, are visually summarized in the interaction plots presented in Figure 1. Collectively, these findings
underscore that the value of social media analysts’ recommendations is heterogeneous and meaningfully shaped by
analysts’ attributes and engagement behaviors.

Table 9: Moderating Effects

ARetif a0 ARetijiva0)  ARetifiira0) ARt pra0)

Q)] (2) (3) (4)
Recommendation;,; 0.005 0.020™" -0.000 0.024™"
(0.003) (0.007)  (0.004)  (0.006)
Recommendation; *Trader;, 0.017*
(0.008)
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Recommendation, * Tenure;, -0.004™
(0.002)
Recommendation; * AnalystComments;, 0.006™"
(0.002)
Recommendation; * Busynessi, -0.009™
(0.002)
Tenure;, 0.014™
(0.007)
AnalystComments;, -0.019™
(0.008)
Busyness;, 0.029™"
(0.009)
Traderiz -0.064™
(0.028)
Sentiment;; -0.006 -0.007 -0.006 -0.005
(0.011) ©011)  (0011)  (0.011)
SSUpgrade, 20.003 20.002 20.002 20.001
(0.011) ©011)  (0011)  (0.011)
SSDowngrade; -0.052"" -0.053™" -0.053™" -0.053™"
(0.008) 0.009)  (0.009)  (0.009)
ARet; .1 -0.272™" -0.270™" -0.272™" -0.269™"
(0.056) 0.056)  (0.056)  (0.056)
ARet; -0.260™" -0.260™" -0.257™" -0.257™"
(0.056) 0.056)  (0.056)  (0.055)
AReti 50131 00507 -0.149° 0150 -0.148"
(0.032) 0.032)  (0.032)  (0.032)
Volatility:, 2144 2150 2148 2.148""
(0.339) 0339)  (0338) (0338
Constant -0.085™" -0.142™" -0.068™" -0.150™"
(0.019) 0.035)  (0.020)  (0.028)
Stock FE YES YES YES YES
YearMonth FE YES YES YES YES
Observations 17,666 17,666 17,666 17,666
Adj. R? 0.120 0.120 0.120 0.121

Notes: This table reports the regression results examining the moderating effects, including trader identity, platform tenure,
comment section engagement, and analyst busyness. All variables are defined in Table 1. The unit of observation is at the stock-
day level. The sample period spans from March 6, 2019, to May 5, 2020. All regressions include stock and year-month fixed effects.

Robust standard errors clustered at the stock level are reported in parentheses. ", =, " represent statistical significance at the 1%,
5%, and 10% levels (two-tailed), respectively.

While our theoretical account is grounded in SDT, which emphasizes the diminishing motivational returns as
psychological needs become progressively satisfied, alternative mechanisms may also contribute to the observed
moderating effect of platform tenure (Hypothesis 3). In particular, selection processes may shape the composition of
long-tenured analysts. For example, adverse selection may occur if analysts with stronger analytical skills or higher
opportunity costs gradually migrate to professional investment roles or other platforms where they can better monetize
their expertise, leaving a relatively less skilled subset among long-tenured analysts. Under this mechanism, the
declining predictive power associated with greater tenure may reflect changes in contributor composition rather than
solely a motivational attenuation effect.

Although our study primarily emphasizes the motivational perspective highlighted by SDT, distinguishing between
motivational attenuation and potential selection effects represents an important avenue for future research. Future
studies could, for instance, track analyst career trajectories across platforms or examine whether high-performing
analysts are disproportionately likely to exit the platform over time. Such investigations would help clarify whether
the tenure effect primarily reflects changes in intrinsic motivation, contributor composition, or the interaction between
the two, thereby providing deeper insights into the mechanisms underlying heterogeneity in the predictive ability of
social media analysts.
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Figure 1: Average Marginal Effects of Social Media Recommendations with 95% Cls

5.5. Robustness Checks

To ensure the robustness of our findings, we conduct a series of supplementary tests. First, we directly compare
the predictive content of article sentiment and recommendation ratings. Table 10 reports regressions of future returns
on sentiment alone (excluding the recommendation variable). The results indicate that Sentiment;, exhibits a
significant positive association with returns primarily over shorter horizons (e.g., 2 = 1, 2, 5, 10, 20 days). The
predictive effect of Sentiment;, persists over a shorter horizon than that of Recommendation;, (see Table 7), reinforcing
our conclusion that the distilled recommendation tag carries more persistent informational value.

Second, we re-calculate abnormal returns using equal-weighted (instead of value-weighted) market returns as the
benchmark. The results, presented in Table 11, remain qualitatively consistent with our main findings, indicating that
our conclusions are not sensitive to the choice of market index construction.

Third, to address potential confounding effects of the COVID-19 pandemic, a period during which the
informational environment was substantially disrupted, we exclude all recommendations issued on or after March 11,
2020 (the date on which the WHO declared COVID-19 a pandemic). As shown in Table 12, our core results are robust
to this sample restriction.

Fourth, we examine the moderating effects using alternative variable constructions. We replace the time-based
Tenure;; measure with a contribution-based metric (CumdArticles;,, the log of cumulative articles published). We also
redefine Busyness;, using a one-week (instead of one-month) activity window (Busyness7;;). The results based on
these alternative measures, reported in Table 13, are qualitatively unchanged from those in Table 9.
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(1) (2) 3) “) (%) (6) (7
ARetifiir1)  ARetifiio)  ARetifiins)  ARetifio]  ARetifiioo)  ARetifirao]  ARetifiieo]
Sentiment;, 0.012"*" 0.014™" 0.014™" 0.019™ 0.017* -0.000 0.008
0.003)  (0.004)  (0.005)  (0.006) (0.008) (0.011) (0.013)
SSUpgrade;, 0.020"*" 0.021"*" 0.026™" 0.022* 0.019™ -0.002 0.011
0.004)  (0.005)  (0.007) (0.006) (0.009) (0.011) (0.015)
SSDowngrade;; -0.044™" -0.045™ -0.041™ -0.040™ -0.048™ -0.053™" -0.048™
(0.005)  (0.006)  (0.006) (0.007) (0.007) (0.009) (0.011)
ARet; 1 0.004 0.001 -0.065™ -0.045 -0.140™ -0.269™ -0.376™
0.031)  (0.036)  (0.031) (0.047) (0.050) (0.056) (0.069)
ARet; 0.002 -0.033 -0.110™ -0.102™ -0.200™ -0.259™ -0.282™
0.023)  (0.025)  (0.036)  (0.036) (0.047) (0.056) (0.071)
ARet; 160,31 -0.013*"  -0.018™"  -0.030"™" -0.047* -0.093* -0.150™" -0.223*"
0.004)  (0.005)  (0.008)  (0.017) (0.017) (0.032) (0.041)
Volatility;, 0.079 0.153"" 0.233* 0.640™" 1.164™" 2.141™ 1.764™
0.056)  (0.059)  (0.098)  (0.195) (0.385) (0.340) (0.251)
Constant -0.010™  -0.014™  -0.015™" -0.028™" -0.040™" -0.072™ -0.094™
0.003)  (0.003)  (0.005) (0.008) (0.015) (0.018) (0.023)
Stock FE YES YES YES YES YES YES YES
YearMonth FE YES YES YES YES YES YES YES
Observations 17,697 17,697 17,697 17,691 17,686 17,666 17,628
Adj. R? 0.026 0.026 0.031 0.045 0.074 0.119 0.109

Notes: This table the regression results examining the relationship between social media analysts’ sentiment and abnormal returns.
All variables are defined in Table 1. The unit of observation is at the stock-day level. The sample period spans from March 6, 2019,
to May 5, 2020. All regressions include stock and year-month fixed effects. Robust standard errors clustered at the stock level are

reported in parentheses. ™™, **, * represent statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.

Table 11: Robustness Check with Equal-weighted Market-adjusted Returns

) (@) 3) “4) ) (6) (7
ARetifiiv1)  ARetijin  ARetiis)  ARetifiio]  ARetifiroo)  ARetifrirao)  ARetifireo]
Recommendation;; 0.005™* 0.006™* 0.009™ 0.009™" 0.008™" 0.006™ 0.004
(0.001)  (0.001)  (0.001)  (0.001) (0.002) (0.003) (0.004)
Sentiment;; 0.008™ 0.008™ 0.006 0.010" 0.009 -0.006 0.005
0.003)  (0.004)  (0.005)  (0.006) (0.008) (0.011) (0.013)
SSUpgradei, 0.019™ 0.021* 0.024"* 0.020"*" 0.017" -0.003 0.007
0.004)  (0.005)  (0.007)  (0.007) (0.009) (0.011) (0.015)
SSDowngrade;, -0.043""  -0.043™"  -0.040™" -0.039™ -0.047* -0.052™ -0.047"*
0.005)  (0.006)  (0.006)  (0.007) (0.007) (0.009) (0.011)
ARet; -0.003 -0.006 -0.072™ -0.046 -0.141™ -0.271™* -0.380™"
(0.030)  (0.034)  (0.030)  (0.046) (0.050) (0.056) (0.069)
ARet; 2 -0.001 -0.038 -0.113™ -0.100™" -0.199™* -0.259™" -0.280™"
0.023)  (0.025)  (0.036)  (0.035) (0.047) (0.056) (0.071)
AReti[-60,-3] -0.013™  -0.018"™  -0.029"" -0.045™* -0.091™* -0.148™" -0.219™
0.004)  (0.005)  (0.007)  (0.017) (0.017) (0.032) (0.041)
Volatility;, 0.070 0.135™ 0.203* 0.585™" 1.093* 2.041* 1.615™
0.054)  (0.057)  (0.097)  (0.201) (0.391) (0.336) (0.245)
Constant -0.023*"  -0.030™"  -0.035™" -0.047* -0.047* -0.064™ -0.059™
(0.004)  (0.004)  (0.006)  (0.009) (0.015) (0.019) (0.027)
Stock FE YES YES YES YES YES YES YES
YearMonth FE YES YES YES YES YES YES YES
Observations 17,697 17,697 17,697 17,691 17,686 17,666 17,628
Adj. R? 0.028 0.027 0.030 0.035 0.052 0.070 0.064

Notes: This table reports the regression results examining the relationship between social media analysts’ sentiment and abnormal
returns. The dependent variables are calculated with equal-weighted market returns instead of value-weighted market returns. Other
variables are defined in Table 1. The unit of observation is at the stock-day level. The sample period spans from March 6, 2019, to
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May 5, 2020. All regressions include stock and year-month fixed effects. Robust standard errors clustered at the stock level are

reported in parentheses.

sk ok

Table 12: Robustness Check Excluding the Impact of the COVID-19

, " represent statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.

(1) 2) 3) “4) (%) (6) (7
ARetifiir11  ARetijnn  ARetifins)  ARetifiio]  ARetifiioo)  ARetifiao)  ARetifiireo)
Recommendation;, 0.005"*" 0.006™" 0.008™" 0.008"*" 0.006™" 0.006™ 0.005"
0.001)  (0.001)  (0.001)  (0.001)  (0.002)  (0.002)  (0.003)
Sentiment;, 0.008"*" 0.009™" 0.005 0.007 0.005 -0.006 -0.001
0.003)  (0.003)  (0.004)  (0.006) (0.008) (0.010) (0.012)
SSUpgrade; 0.021"" 0.020™" 0.021™ 0.020"" 0.018™ 0.000 0.020
(0.005)  (0.006)  (0.007)  (0.007) (0.009) (0.010) (0.015)
SSDowngrade;; -0.045™  -0.045""  -0.041™" -0.038™ -0.045™ -0.052™ -0.053"*"
0.006)  (0.006)  (0.006)  (0.007) (0.006) (0.007) (0.011)
ARet; 1 -0.036 -0.031 -0.047 0.004 -0.110™ -0.222™ -0.366™"
0.026)  (0.030)  (0.034)  (0.055)  (0.045)  (0.051)  (0.074)
ARetia 0.004 -0.009 -0.032 -0.023 -0.046 -0.056 -0.118
0.021)  (0.021)  (0.035)  (0.034)  (0.035)  (0.055)  (0.087)
ARet;[1-60,:-3] -0.010™  -0.014™"  -0.022"*" -0.026™ -0.068™" -0.116™" -0.190™*"
(0.004)  (0.005)  (0.008)  (0.012)  (0.015)  (0.035)  (0.038)
Volatilityi, 0.040 0.100 0.241 0.295™ 0.399™ 0.671" 0.896™
0.063)  (0.072)  (0.157)  (0.125) (0.175) (0.270) (0.352)
Constant -0.023™  -0.029""  -0.039"" -0.041™ -0.036™ -0.051™ -0.089"""
(0.004)  (0.004)  (0.007)  (0.007) (0.010) (0.017) (0.026)
Stock FE YES YES YES YES YES YES YES
YearMonth FE YES YES YES YES YES YES YES
Observations 15,131 15,131 15,131 15,129 15,126 15,114 15,093
Adj. R? 0.045 0.040 0.040 0.032 0.046 0.050 0.066

Notes: This table reports the regression results examining the relationship between social media analysts’ sentiment and abnormal
returns. All variables are defined in Table 1. The unit of observation is at the stock-day level. The sample period spans from March
6, 2019, to March 10, 2020. All regressions include stock and year-month fixed effects. Robust standard errors clustered at the

stock level are reported in parentheses.

respectively.
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Table 13: Robustness Check of Moderating Effects

ARet;[1+40] ARet;[1,1+40]
1) 2
Recommendation,, 0.030™" 0.017"™
(0.007) (0.005)
Recommendation; *CumArticles;, -0.005™"
(0.001)
CumArticles;, 0.017™
(0.005)
Recommendation; *BusynessT;, -0.010™
(0.003)
BusynessT;, 0.034™"
(0.012)
Sentiment;, -0.006 -0.005
0.011) 0.011)
SSUpgrade;, -0.002 -0.001
0.011) 0.011)
SSDowngrade;, -0.054™" -0.053*"
(0.009) (0.008)
ARet; -0.268™" -0.270""
(0.056) (0.056)
ARet; -0.258"™" -0.257""
(0.056) (0.055)
ARet,-,[,.6o,,,3] -0.149"** -0.149"
(0.032) (0.032)
Volatility, 2.152" 2.148"
(0.339) (0.338)
Constant -0.175™ -0.128™
(0.033) (0.025)
Stock FE YES YES
YearMonth FE YES YES
Observations 17,666 17,666
Adj. R? 0.120 0.120

Notes: This table reports the regression results examining the moderating effects, including social media analysts’ platform tenure
and analyst busyness. We replace the time-based measure of platform tenure (7enureir) with a contribution-based metric: the
cumulative number of articles contributed by social media analysts issuing recommendations for stock i on trading day t, measured
as a logarithm (CumdArticlesi:) in Column (1). We measure analyst busyness over one-week window instead of one month,
calculated as the average number of articles published in the last week by social media analysts issuing recommendations for stock
i on day ¢, taken in logarithm (Busyness7:.). Other variables are defined in Table 1. The unit of observation is at the stock-day level.
The sample period spans from March 6, 2019, to May 5, 2020. All regressions include stock and year-month fixed effects. Robust
standard errors clustered at the stock level are reported in parentheses. ™, **, * represent statistical significance at the 1%, 5%, and
10% levels (two-tailed), respectively.

Fifth, to further examine the robustness of our findings, we test whether the moderating effect of analyst busyness
exhibits a potential non-linear pattern. Our baseline hypothesis assumes a linear relationship in which increasing
busyness leads to cognitive overload and thereby weakens the informativeness of stock recommendations. However,
it is also possible that moderate levels of activity reflect greater engagement or accumulated experience, while
cognitive overload arises only after a certain threshold. In such a case, the relationship may follow an inverted U-
shaped pattern. To test this possibility, we extend the baseline model by including the squared term of busyness and
its interaction with the recommendation variable (Busyness?;; and Recommendation;; X Busyness?;;). The results,
reported in Table 14, show that the squared interaction term is statistically insignificant, suggesting that the moderating
effect of analyst busyness does not exhibit a non-linear pattern. Instead, the negative moderating effect is
predominantly linear, consistent with the cognitive overload mechanism proposed in our framework.

One possible explanation relates to the unique participation context of social media analysts. Unlike sell-side
analysts, whose workload often reflects deeper professional engagement, most social media analysts contribute stock
analyses on a voluntary and part-time basis while maintaining primary employment elsewhere. As a result, higher
levels of busyness are more likely to reflect binding time constraints rather than deeper analytical engagement. In such
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settings, increasing busyness tends to reduce the cognitive resources available for producing informative analysis,
leading to a steady decline in recommendation informativeness rather than an inverted U-shaped relationship. Overall,
this additional test suggests that our findings are not driven by a potential non-linear relationship, further strengthening
the robustness of our conclusions.

Finally, to distinguish whether predictive power derives from individual analyst skill or the wisdom of the crowd,
we replicate our analysis at the individual article level rather than aggregating at the stock-day level. The article-level
results reported in Table 15 suggest that the informativeness of recommendations appears to be largely attributable to
individual analysts’ abilities, rather than emerging from the aggregation of multiple views.

Table 14: Regreesion Results of The Inverted U-shaped Relationship

AReti 11401
(@)
Recommendation,, 0.006"
(0.004)
Recommendation; *Busynessi, -0.010™"
(0.003)
Recommendation; *Busyness’;, -0.002
(0.002)
Busyness;, -0.000
(0.002)
Busyness*;, 0.003™
(0.001)
Sentiment;, -0.004
(0.011)
SSUpgrade;, -0.001
(0.011)
SSDowngradei;, -0.053™
(0.008)
AReti -0.269°"
(0.056)
AReti -0.259""
(0.055)
ARel‘i,[[_()o,;g] -0.149*"
(0.032)
Volatility;, 2.152™
(0.338)
Constant -0.074™
(0.019)
Stock FE YES
YearMonth FE YES
Observations 17,666
Adj. R? 0.121

Notes: This table reports the regression results examining the moderating effects, including social media analysts’ platform tenure,
comment section engagement, analyst busyness, and trader identity. All variables are defined in Table 1. The unit of observation is
at the stock-day level. The sample period spans from March 6, 2019, to May 5, 2020. All regressions include stock and year-month

fixed effects. Robust standard errors clustered at the stock level are reported in parentheses. ", =, " represent statistical significance
at the 1%, 5%, and 10% levels (two-tailed), respectively.
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Table 15: Robustness Check of Regression Analysis at the Stock Analysis Level
ARetif a0 ARetifira01 ARetifira01 ARetifany  ARetifi a0

€9) (%) (2) 3) “)
Recommendation; 0.006™ 0.005 0.020"*" 0.001 0.021"*"
(0.003)  (0.003)  (0.007)  (0.003)  (0.005)
Recommendation;* Trader; 0.013*
(0.006)
Recommendation;* Tenure; -0.004™
(0.002)
Recommendation* AnalystComments; 0.004™
(0.002)
Recommendation;* Busyness; -0.008™
(0.002)
Trader; -0.050™
(0.021)
Tenure; 0.014™
(0.007)
AnalystComments; -0.013™
(0.006)
Busyness; 0.025™"
(0.008)
Sentiment; -0.003 -0.002 -0.003 -0.002 -0.002
0.010)  (0.010)  (0.010)  (0.010)  (0.010)
SSUpgrade;, -0.005 -0.005 -0.005 -0.004 -0.004
0013)  (0.012)  (0.012)  (0.013)  (0.013)
SSDowngrade;, -0.069™" -0.068""  -0.069""  -0.068""" -0.068™"
0.012)  (0.012)  (0.012)  (0.012)  (0.012)
ARet; .1 -0.243™" -0.244™"  -0.242™"  -0.244™ -0.241™"
0.057)  (0.056)  (0.057)  (0.056)  (0.056)
ARet; 0244 0245 -0246"" 0243 0243
0.056)  (0.056)  (0.056)  (0.056)  (0.055)
AReti[1-60,-3] -0.137" -0.138™* -0.137" -0.137" -0.136™
0.036)  (0.036)  (0.036)  (0.036)  (0.036)
Volatility, 2.126™ 2.125™ 2.129* 2.126™ 2.126™
(0339)  (0339)  (0.339)  (0.339)  (0.338)
Constant -0.096™" -0.092""  -0.148™"  -0.081™" -0.146™"
0.023)  (0.023)  (0.039)  (0.025  (0.027)
Stock FE YES YES YES YES YES
YearMonth FE YES YES YES YES YES
Observations 19,433 19,433 19,433 19,433 19,433
Adj. R? 0.112 0.112 0.112 0.112 0.113

Notes: This table reports the regression results examining the relationship between social media analysts’ sentiment and abnormal
returns, as well as the moderating effects, including social media analysts’ platform tenure, comment section engagement, analyst
busyness, and trader identity. All variables are defined in Table 1. The unit of observation is at the article level. The sample period
spans from March 6, 2019, to May 5, 2020. All regressions include stock and year-month fixed effects. Robust standard errors

clustered at the stock level are reported in parentheses. ™, **, * represent statistical significance at the 1%, 5%, and 10% levels
(two-tailed), respectively.

6. Further Analyses

In this section, we explore how SA editors and investors respond to recommendations and whether they effectively
identify high-quality signals. We construct four moderator variables to capture these platform-level responses.

First, to assess editorial curation, we construct a binary variable, SAPickLabel;, indicating whether article j was
featured in the “Editors’ Picks” section. The results in Table 16 show that editorial selection significantly strengthens
the relationship between a recommendation and subsequent abnormal returns, suggesting that editors are able to
identify and highlight analyses with greater predictive content.

At the same time, the stronger predictive power may also arise from a visibility effect. The “Editors’ Picks” label
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increases an article’s exposure and attracts greater investor attention, which may accelerate information diffusion and
price incorporation, thereby strengthening the observed relation between recommendations and subsequent abnormal
returns. Because our empirical design cannot fully disentangle these mechanisms, the results should be interpreted as
consistent with both editorial screening and attention-driven amplification.

Second, we examine investor engagement through three distinct metrics: InvestorComments; (the log of total
comments), Commentinglnvestors; (the log of unique commenters), and Likes; (the log of total likes). These variables
capture the volume, breadth, and endorsement level of investor attention. Our analysis reveals that each metric
significantly strengthens the predictive power of recommendations, indicating that investors actively recognize and
engage with informative content.

Together, these findings highlight the complementary roles of editorial curation and collective investor attention
in enhancing the informational efficiency of the platform. Editors provide a top-down filter for signal quality, while
investors’ bottom-up engagement further validates and disseminates valuable recommendations.

Table 16. SA Editors and Investors’ Reactions

ARet; [11+40]
(@) 2) 3) “)
Recommendation; 0.005 -0.004 -0.003 -0.002
(0.003) (0.004) (0.004) (0.005)
Recommendationj*SAPickLabel; 0.037"""
(0.013)
Recommendation;* InvestorComments; 0.004™
(0.002)
Recommendation;* CommentinglInvestors; 0.005™
(0.002)
Recommendation;*Likes; 0.004"
(0.002)
SAPickLabel; -0.137*
(0.048)
InvestorComments; -0.016™
(0.007)
Commentinglnvestors; -0.018™
(0.008)
Likes; -0.018™
(0.009)
Sentiment; -0.003 -0.003 -0.004 -0.003
(0.010) (0.010) (0.010) (0.010)
SSUpgradei, -0.004 -0.005 -0.005 -0.005
(0.013) (0.013) (0.013) (0.013)
SSDowngrade;, -0.068™  -0.069"" -0.069™  -0.069""
(0.012) (0.012) (0.012) (0.012)
ARet; -0.242™  -0.242™ -0.242™"  -0.243™
(0.057) (0.056) (0.056) (0.057)
ARet;s2 -0.242™  -0.243™ -0.243""  -0.244™
(0.056) (0.056) (0.056) (0.056)
ARet; [1-60,+-3] -0.137""  -0.137 -0.137""  -0.138™
(0.036) (0.036) (0.036) (0.036)
Volatility;, 2.126™ 2.129™ 2131 2.129™
(0.339) (0.339) (0.339) (0.339)
Constant -0.091™  -0.061"" -0.060"™"  -0.061""
(0.023) (0.023) (0.023) (0.022)
Stock FE YES YES YES YES
YearMonth FE YES YES YES YES
Observations 19,433 19,433 19,433 19,433
Adj. R? 0.113 0.112 0.112 0.112

Notes: This table reports the regression results examining SA editors and investors’ response to social media analysts’
recommendations. The variable SAPickLabel; is a binary indicator denoting whether article j was featured in the “Editors’ Picks”
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section. InvestorComments; is calculated as the number of comments on article j, serves as a proxy for investor attention.
Commentinglnvestors; is measured with the number of unique investors commenting on article j, capturing the breadth of investor
engagement. Likes; is the number of likes received by article j, indicating the level of investor endorsement of the article’s views.
These three variables are log-transformed for normalization. Other variables are defined in Table 1. The unit of observation is at
the article level. The sample period spans from March 6, 2019, to May 5, 2020. All regressions include stock and year-month fixed

effects. Robust standard errors clustered at the stock level are reported in parentheses. , *, * represent statistical significance at
the 1%, 5%, and 10% levels (two-tailed), respectively.

7. Conclusion

The rapid proliferation of online investment communities (OICs) has fundamentally reshaped the landscape of
financial information production and dissemination. Within this digital ecosystem, social media analysts have emerged
as a distinct and influential class of information intermediaries. This study provides a comprehensive examination of
the value embedded in their stock analyses, with a specific focus on the predictive power of their explicit, five-level
recommendation ratings on SA. Our findings reveal that these recommendations significantly predict abnormal stock
returns over the subsequent two-month horizon. Crucially, this predictive power remains robust after rigorously
controlling for the concurrent signals from traditional sell-side analysts and the nuanced sentiment extracted from the
accompanying article text. This indicates that social media analysts contribute incremental information, insights not
fully captured by established intermediaries or through textual analysis alone. These results affirm that social media
analysts are not merely echo chambers of existing views but are legitimate sources of novel, value-relevant information,
effectively functioning as credible intermediaries in today’s decentralized digital markets.

Beyond the aggregate effect, we document and explain substantial heterogeneity in predictive ability across social
media analysts. Drawing on SDT, we demonstrate that this heterogeneity is systematically linked to analysts’
motivational contexts, as proxied by observable characteristics. Recommendations from analysts identified as traders
who have direct “skin in the game” exhibit stronger predictive power. Higher levels of comment-section engagement,
which fosters competence and relatedness, enhance informativeness. Conversely, longer platform tenure and higher
busyness (a proxy for cognitive overload) attenuate the quality of recommendations. These findings provide empirical
validation for SDT in a novel, high-stakes domain, showing that the satisfaction of psychological needs (autonomy,
competence, relatedness) and the internalization of extrinsic incentives are key drivers of high-quality financial
analysis in voluntary online settings.

Our study further reveals that the OIC platform itself possesses endogenous mechanisms for information curation.
SA editors, through the “Editors’ Picks” feature, successfully identify and amplify recommendations with greater ex-
post predictive value. Simultaneously, the investor community, through its engagement via comments and likes, also
gravitates toward and reinforces higher-quality signals. This highlights a synergistic, multi-layered filtering process
where both top-down editorial judgment and bottom-up collective attention contribute to market information
efficiency.

7.1. Theoretical Contributions and Practical Implications

This research makes several important contributions. First, we introduce and rigorously analyze the novel
phenomenon of standardized, user-generated stock recommendation ratings, a central yet understudied component of
social media analysts’ output. We contrast their behavioral patterns with those of sell-side analysts (Howe et al., 2009),
noting a greater propensity to reiterate and refine views over time rather than issue frequent revisions, and emphasizing
their more timely and continuous flow of information. This comparison highlights a distinct mode of information
production in online investment communities, where analytical content emerges through ongoing engagement rather
than episodic updates tied to institutional reporting cycles. By documenting these behavioral differences, our study
clarifies how decentralized analysts contribute to the information environment in ways that complement, rather than
simply replicate, the role of traditional sell-side analysts.

Second, we significantly extend the literature on the value of social media analysts’ output. While prior work has
established the predictive power of earnings forecasts (Jame et al., 2016), target price (Breitmayer et al., 2019), and
article sentiment (Chen et al., 2014; Farrell et al., 2022), we demonstrate that their explicit recommendation ratings
constitute a salient, easily interpretable, and economically significant signal for investors. This finding suggests that
the informational value of social media analysis does not arise solely from complex textual narratives but can also be
embedded in standardized evaluative signals that summarize analysts’ judgments. More broadly, our results expand
the understanding of how user-generated financial content contributes to market information efficiency, highlighting
the role of structured opinion signals in facilitating information transmission.

Third, and most centrally, by applying SDT, we move beyond documenting heterogeneity to explaining its
motivational roots (Campbell et al., 2019; Dim, 2025). We offer a theoretical framework that links observable analyst
characteristics to psychological need satisfaction and motivational quality, providing a nuanced account of why some
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analysts produce more valuable information. This perspective contributes to the broader literature on online knowledge
production by demonstrating that differences in informational output can be traced to variations in motivational
regulation rather than merely differences in ability or information access. In doing so, our study brings SDT into the
analysis of financial information production and highlights how motivational processes shape the quality of user-
generated analytical content in digital investment communities.

This framework yields actionable insights. For investors, it supplies guidance to identify higher-ability analysts by
focusing on traits such as trader status and engagement levels. Our findings also have several implications for the
design and management of online investment platforms. Drawing on SDT, platforms can encourage higher-quality
analytical contributions by supporting users’ psychological needs for competence, autonomy, and relatedness through
specific design features. First, platforms may strengthen analysts’ sense of competence by providing transparent
performance feedback systems that track the historical accuracy of analysts’ recommendations relative to subsequent
market outcomes. Such feedback mechanisms can help analysts observe the effectiveness of their analyses and
reinforce effort toward producing informative recommendations. Second, platforms can support autonomy by
allowing analysts flexibility in how they structure and present their analyses—for example, by enabling diverse
analytical formats, personalized research styles, or optional analytical tools—rather than enforcing rigid templates that
may constrain self-directed analytical effort. Third, platforms may foster relatedness by promoting constructive
interactions between analysts and investors, such as highlighting thoughtful discussions, facilitating analyst—follower
engagement, or recommending analysts to users with similar investment interests. By embedding these features into
platform governance and interface design, online investment communities may be better positioned to sustain high-
quality user-generated investment analysis. Additionally, we discuss the broader implications of the observed
synergistic, multi-layered filtering process, which combines editorial judgment with collective attention, for market
information efficiency and the evolving role of decentralized information production in capital markets.

7.2. Limitations and Future Research

Despite providing novel insights into the role of social media analysts in financial markets, our study has several
limitations. First, the sample period is limited to 14 months, during which market conditions were unusually affected
by the COVID-19 pandemic. This may constrain the generalizability of our findings to other periods or to more stable
market environments. Second, our analysis focuses on a single, leading platform (SA). While this platform is
representative of a major online investment community (OIC), differences in governance, user demographics,
incentive structures, or engagement mechanisms may influence both the informativeness and market impact of
recommendations on other platforms.

These limitations point to important boundary conditions for our findings. In particular, the predictive power of
social media recommendations may vary across market regimes (e.g., high vs. low volatility) and across platforms
with different curation policies, community structures, or moderation mechanisms.

Building on these observations, several avenues for future research emerge. First, subsequent studies could
examine how the informativeness and predictive power of social media recommendations fluctuate across different
market conditions, such as periods of heightened volatility, financial crises, or more stable trading environments.
Second, research could explore how platform-specific characteristics, including algorithmic curation, moderation
policies, and incentive designs, affect which analyst contributions gain visibility and how effectively the market
incorporates these signals. Third, future work could investigate the interplay between social media analysts and
traditional sell-side analysts in the price discovery process, assessing whether these information sources operate
competitively, complementarily, or synergistically.

Furthermore, longitudinal analyses tracking analysts over extended periods could provide insights into the
evolution of analyst credibility, platform tenure effects, and career trajectories, helping to disentangle motivational
versus compositional mechanisms behind heterogeneity in predictive ability. Finally, cross-platform comparisons—
examining multiple OICs or diverse social media environments—would help identify generalizable patterns and
boundary conditions, deepening our understanding of how social media contributes to market efficiency across
contexts.

Acknowledgment

The authors would like to thank the editors and reviewers for their constructive suggestions which helped the
authors significantly improve the quality of this work. This research was supported by the National Natural Science
Foundation of China [grant number 72301129, 72495151, W2411065, 72595843, 72342024].

REFERENCES

Al-Nasseri, A., & Ali, F. M. (2018). What does investors' online divergence of opinion tell us about stock returns and
trading volume? Journal of Business Research, 86, 166-178.

Page 45



Shi & Jin: The Value of Recommendations from Social Media Analysts

Ammann, M., & Schaub, N. (2021). Do individual investors trade on investment-related Internet postings?
Management Science, 67(9), 5301-5967.

Ang, J. S., Hsu, C,, Tang, D., & Wu, C. (2021). The role of social media in corporate governance The Accounting
Review, 96(2), 1-32.

Antweiler, W., & Frank, M. Z. (2004). Is all that talk just noise? The information content of Internet stock message
boards. Journal of Finance, 59(3), 1259-1294.

Asquith, P., Mikhail, M. B., & Au, A. S. (2005). Information content of equity analyst reports. Journal of Financial
Economics, 75(2), 245-282.

Avery, C. N., Chevalier, J. A., & Zeckhauser, R. J. (2016). The “CAPS” prediction system and stock market returns.
Review of Finance, 20(4), 1363-1381.

Barber, B., Lehavy, R., McNichols, M., & Trueman, B. (2001). Can investors profit from the prophets? Security
analyst recommendations and stock returns. Journal of Finance, 56(2), 531-563.

Barber, B. M., Lehavy, R., McNichols, M., & Trueman, B. (2006). Buys, holds, and sells: The distribution of
investment banks’ stock ratings and the implications for the profitability of analysts’ recommendations. Journal
of Accounting & Economics, 41(1-2), 87-117.

Bartov, E., Faurel, L., & Mohanram, P. S. (2018). Can Twitter help predict firm-Level earnings and stock returns?
The Accounting Review, 93(3), 25-57.

Beneish, M. D. (1991). Stock prices and the dissemination of analysts' recommendation. Journal of Business, 64(3),
393-416.

Booker, A., Curtis, A., & Ke, B. (2025). Social media as a setting for accounting research. Journal of Financial
Reporting, 10(1), 1-16.

Bradleya, D., Hanousekb, J., Jamed, R., & Xiaoe, Z. (2024). Place your bets? The value of investment research on
Reddit’s Wallstreetbets. Review of Financial Studies, 37(5), 1409-1459.

Bradshaw, M. T. (2009). Analyst information processing, financial regulation, and academic research. The Accounting
Review, 84(4), 1073-1083.

Bradshaw, M. T., Brown, L. D., & Huang, K. (2013). Do sell-side analysts exhibit differential target price forecasting
ability? Review of Accounting Studies, 18(4), 930-955.

Brav, A., & Lehavy, R. (2003). An empirical analysis of analysts' target prices: Short-term informativeness and long-
term dynamics. Journal of Finance, 58(5), 1933-1967.

Breitmayer, B., Massari, F., & Pelster, M. (2019). Swarm intelligence? Stock opinions of the crowd and stock returns.
International Review of Economics & Finance, 64(1), 443-464.

Breuer, W., Knetsch, A., & Sachsenhausen, E. (2025). Influence and predictive value of Seeking Alpha articles.
Financial Analysts Journal, 81(1), 102-128.

Burtch, G., He, Q., Hong, Y., & Lee, D. (2021). How do peer awards motivate creative content? Experimental
evidence from Reddit. Management Science, 68(5), 3488-3506.

Burtch, G., Hong, Y., Bapna, R., & Griskevicius, V. (2018). Stimulating online reviews by combining financial
incentives and social norms. Management Science, 64(5), 2065-2082.

Bushee, B. J., Core, J. E., Guay, W., & Hamm, S. J. (2010). The role of the business press as an information
intermediary. Journal of Accounting Research, 48(1), 1-19.

Campbell, J. L., DeAngelis, M. D., & Moon, J. (2019). Skin in the game: Personal stock holdings and investors’
response to stock analysis on social media. Review of Accounting Studies, 24(3), 731-779.

Cerasoli, C. P., Nicklin, J. M., & Ford, M. T. (2014). Intrinsic motivation and extrinsic incentives jointly predict
performance: A 40-year meta-analysis. Psychological bulletin, 140(4), 980.

Chau, M., Lin, C.-Y., & Lin, T.-C. (2020). Wisdom of crowds before the 20072009 global financial crisis. Journal
of Financial Stability, 48, 100741.

Chen, H., De, P., Hu, Y. J., & Hwang, B.-H. (2014). Wisdom of crowds: The value of stock opinions transmitted
through social media. Review of Financial Studies, 27(5), 1367-1403.

Chen, H., Hu, Y. J., & Huang, S. (2019). Monetary incentive and stock opinions on social media. Journal of
Management Information Systems, 36(2), 391-417.

Chen, H., & Hwang, B.-H. (2022). Listening in on investors’ thoughts and conversations. Journal of Financial
Economics, 145(2), 426-444.

Chen, M.-C., Hsu, C.-L., & Huang, Y.-C. (2026). Impact of gamification-driven motivational affordances in green
logistics on reusable packaging behavior. Journal of Electronic Commerce Research, 27(1), 78-79.

Clarke, J., Chen, H., Du, D., & Hu, Y. J. (2020). Fake news, investor attention, and market reaction. Information
Systems Research, 32(1), 35-52.

Page 46



Journal of Electronic Commerce Research, VOL 28, NO 1, 2027

Cookson, J. A., Lu, R., Mullins, W., & Niessner, M. (2024). The social signal. Journal of Financial Economics, 158,
103870.

Cookson, J. A., Niessner, M., & Schiller, C. (2026). Can social media inform corporate decisions? Evidence from
merger withdrawals. Journal of Finance, 81(1), 91-142.

Cowen, A., Groysberg, B., & Healy, P. (2006). Which types of analyst firms are more optimistic? Journal of
Accounting & Economics, 41(1-2), 119-146.

Da, Z., & Huang, X. (2019). Harnessing the wisdom of crowds. Management Science, 66(5), 1847-1867.

Da, Z., Huang, X., & Jin, L. J. (2021). Extrapolative beliefs in the cross-section: What can we learn from the crowds?
Journal of Financial Economics, 140(1), 175-196.

Deci, E. L., & Ryan, R. M. (2000). The "what" and "why" of goal pursuits: Human needs and the self-determination
of behavior. Psychological Inquiry, 11(4), 227-268.

Deng, S., Huang, Z. J., Sinha, A. P., & Zhao, H. (2018). The interaction between microblog sentiment and stock return:
An empirical examination. MIS quarterly, 42(3), 895-918.

Dessaint, O., Foucault, T., & Frésard, L. (2024). Does alternative data improve financial forecasting? The horizon
effect. Journal of Finance, 79(3), 2237-2287.

Dim, C. (2025). Social media analysts' skills: Insights from text-implied beliefs. Journal of Financial and Quantitative
Analysis, 60(7), 3081-3115.

Ding, R., Shi, Y., & Zhou, H. (2022). Social media coverage and post-earnings announcement drift: Evidence from
Seeking Alpha. The European Journal of Finance, 29(2), 207-227.

Ding, R., Zhou, H., & Li, Y. (2020). Social media, financial reporting opacity, and return comovement: Evidence from
Seeking Alpha. Journal of Financial Markets, 50, 100511.

Dong, W., Liao, S. Y., & Zhang, Z. J. (2018). Leveraging financial social media data for corporate fraud detection.
Journal of Management Information Systems, 35(2), 461-487.

Drake, M. S., Moon, J., Twedt, B. J., & Warren, J. (2023). Social media analysts and sell-side analyst research. Review
of Accounting Studies, 28, 385-420.

Drake, M. S., Thornock, J. R., & Twedt, B. J. (2017). The internet as an information intermediary. Review of
Accounting Studies, 22, 543-576.

Dyer, T., & Kim, E. (2021). Anonymous equity research. Journal of Accounting Research, 59(2), 575-611.

Fama, E. F. (1998). Market efficiency, long-term returns, and behavioral finance. Journal of Financial Economics,
49(3), 283-306.

Farrell, M., Green, T. C., Jame, R., & Markov, S. (2022). The democratization of investment research and the
informativeness of retail investor trading. Journal of Financial Economics, 145(2), 616-641.

Ferrer-Caja, E., & Weiss, M. R. (2000). Predictors of intrinsic motivation among adolescent students in physical
education. Research quarterly for exercise and sport, 71(3), 267-279.

Francis, J., & Soffer, L. (1997). The relative informativeness of analysts' stock recommendations and earnings forecast
revisions. Journal of Accounting Research, 35(2), 193-211.

Frankel, R., Kothari, S. P., & Weber, J. (2006). Determinants of the informativeness of analyst research. Journal of
Accounting & Economics, 41(1-2), 29-54.

Gomez, E., Heflin, F., Moon, J., & Warren, J. (2024). Financial analysis on social media and disclosure processing
costs: Evidence from Seeking Alpha The Accounting Review, 99(5), 223-246.

Grennan, J., & Michaely, R. (2021). Fintechs and the market for financial analysis. Journal of Financial and
Quantitative Analysis, 56(6), 1877-1907.

Griffin, J. M., Hirschey, N. H., & Kelly, P. J. (2011). How important is the financial media in global markets? Review
of Financial Studies, 24(12), 3941-3992.

Gu, C., & Kurov, A. (2020). Informational role of social media: Evidence from Twitter sentiment. Journal of Banking
& Finance, 121, 105969.

He, Q., Leung, H., Qiu, B., & Zhou, Z. (2025). The effect of social media on corporate innovation: Evidence from
Seeking Alpha coverage. Management Science, 71(7), 5441-5476.

Hill, S., & Ready-Campbell, N. (2011). Expert stock picker: The wisdom of (experts in) crowds. International Journal
of Electronic Commerce, 15(3), 73-102.

Ho, Y.-J,, Liu, S., & Wang, L. (2023). Fun shopping: A randomized field experiment on gamification. Information
Systems Research, 34(2), 766-785.

Howe, J. S., Unlu, E., & Yan, X. (2009). The predictive content of aggregate analyst recommendations. Journal of
Accounting Research, 47(3), 799-821.

Huang, A. H., Zang, A. Y., & Zheng, R. (2014). Evidence on the information content of text in analyst reports. The
Accounting Review, 8§9(6), 2151-2180.

Page 47



Shi & Jin: The Value of Recommendations from Social Media Analysts

Jackson, A. R. (2005). Trade generation, reputation, and sell-side analysts. Journal of Finance, 60(2), 673-717.

Jame, R., Johnston, R., Markov, S., & Wolfe, M. C. (2016). The value of crowdsourced earnings forecasts. Journal
of Accounting Research, 54(4), 1077-1110.

Jame, R., Markov, S., & Wolfe, M. (2022). Can FinTech competition improve sell-side research quality? The
Accounting Review, 97(4), 287-316.

Jegadeesh, N., Kim, J., Krische, S. D., & Lee, C. M. C. (2004). Analyzing the analysts: When do recommendations
add value? Journal of Finance, 59(3), 1083-1124.

Ke,B., & Yu, Y. (20006). The effect of issuing biased earnings forecasts on analysts' access to management and survival.
Journal of Accounting Research, 44(5), 965-999.

Khern-am-nuai, W., Kannan, K., & Ghasemkhani, H. (2018). Extrinsic versus intrinsic rewards for contributing
reviews in an online platform. Information Systems Research, 29(4), 871-892.

Lawrence, A., Ryans, J. P., & Sun, E. Y. (2017). Investor demand for sell-side research. The Accounting Review, 92(2),
123-149.

Lehkonen, H., Heimonen, K., & Pukthuanthong, K. (2025). Media tone is a priced risk factor in currency markets.
Journal of Banking & Finance, 180, 107542.

Li, D., Goh, K.-Y., & Heng, C.-S. (2025). Strategic content generation and monetization in financial social media.
Information Systems Research, 36(1), 61-83.

Li, J., Yu, L., Mei, X., & Feng, X. (2022). Do social media constrain or promote company violations? Accounting &
Finance, 62(1), 31-70.

Li, K. K., & You, H. (2015). What is the value of sell-side analysts? Evidence from coverage initiations and
terminations. Journal of Accounting & Economics, 60(2-3), 141-160.

Li, Y., Zhang, W., Urquhart, A., & Wang, P. (2023). The unintended consequence of social media criticisms: An
earnings management perspective. The European Journal of Finance, 29(1), 33-57.

Liew, J. K.-S., Guo, S., & Zhang, T. (2016). Tweet sentiments and crowd-sourced earnings estimates as valuable
sources of information around earnings releases. Journal of Alternative Investments, 19(3), 7-26.

Lin, H.-w., & McNichols, M. F. (1998). Underwriting relationships, analysts' earnings forecasts and investment
recommendations. Journal of Accounting & Economics, 25(1), 101-127.

Loh, R. K., & Stulz, R. M. (2011). When are analyst recommendation changes influential? Review of Financial Studies,
24(2), 593-627.

Michaely, R., & Womack, K. L. (1999). Conflict of interest and the credibility of underwriter analyst
recommendations. Review of Financial Studies, 12(4), 653-686.

Miinster, M., Reichenbach, F., & Walther, M. (2024). Robinhood, Reddit, and the news: The impact of traditional and
social media on retail investor trading. Journal of Financial Markets, 71, 100929.

Pennebaker, J. W., Boyd, R. L., Jordan, K., & Blackburn, K. (2015). The development and psychometric properties
of LIWC2015

Piotroski, J. D., & Roulstone, D. T. (2004). The influence of analysts, institutional investors, and insiders on the
incorporation of market, industry, and firm-specific information into stock prices. The Accounting Review, 79(4),
1119-1151.

Renault, T. (2017). Intraday online investor sentiment and return patterns in the US stock market. Journal of Banking
& Finance, 84, 25-40.

Roberts, J. A., Hann, I.-H., & Slaughter, S. A. (2006). Understanding the motivations, participation, and performance
of open source software developers: A longitudinal study of the Apache projects. Management Science, 52(7),
984-999.

Ryan, R. M., & Deci, E. L. (1985). Intrinsic motivation and self-determination in human behavior. Springer US, New
York.

Ryan, R. M., & Deci, E. L. (2000a). Intrinsic and extrinsic motivations: Classic definitions and new directions.
Contemporary educational psychology, 25(1), 54-67.

Ryan, R. M., & Deci, E. L. (2000b). Self-determination theory and the facilitation of intrinsic motivation, social
development, and well-being. American Psychologist, 55(1), 68.

Schafthiutle, S., & Veenman, D. (2024). Crowdsourced forecasts and the market reaction to earnings announcement
news. The Accounting Review, 99(2), 421-456.

Schipper, K. (1991). Comment on analysts’ forecasts. Accounting Horizons, 5(4), 105-121.

Simons, J., Dewitte, S., & Lens, W. (2004). The role of different types of instrumentality in motivation, study strategies,
and performance: Know why you learn, so you'll know what you learn! British Journal of Educational
Psychology, 74(3), 343-360.

Page 48



Journal of Electronic Commerce Research, VOL 28, NO 1, 2027

Tang, Q., Gu, B., & Whinston, A. B. J. J. 0. M. 1. S. (2012). Content contribution for revenue sharing and reputation
in social media: A dynamic structural model. Journal of Management Information Systems, 29(2), 41-76.

Toubia, O., & Stephen, A. T. (2013). Intrinsic vs. image-related utility in social media: Why do people contribute
content to twitter? Marketing Science, 32(3), 368-392.

Umar, T. (2022). Complexity aversion when Seeking Alpha. Journal of Accounting & Economics, 73(2-3), 101477.

Wang, X., & Li, Y. (2014). Trust, psychological need, and motivation to produce user-generated content: A self-
determination perspective. Journal of Electronic Commerce Research, 15(3), 241-253.

Welch, 1. (2022). The wisdom of the Robinhood crowd. Journal of Finance, 77(3), 1489-1527.

Womack, K. L. (1996). Do brokerage analysts' recommendations have investment value? Journal of Finance, 51(1),
137-167.

Wu, J.-H., Robinson, S., Li, Q., Huang, T.-Y., & Chen, Y.-C. (2021). Online gaming: The mediating role of situational
engagement in facilitating player value. Journal of Electronic Commerce Research, 22(4), 328-402.

Yu, Y., Duan, W., & Cao, Q. (2013). The impact of social and conventional media on firm equity value: A sentiment
analysis approach. Decision support systems, 55(4), 919-926.

Zhang, W., Wang, P., & Li, Y. (2021). Do messages on online stock forums spur firm productivity? Pacific-Basin
Finance Journal, 68, 101609.

Zhao, L., Detlor, B., & Connelly, C. E. (2016). Sharing knowledge in social Q&A sites: The unintended consequences
of extrinsic motivation. Journal of Management Information Systems, 33(1), 70-100.

Page 49



