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Abstract

We use rich social media data and large language models to classify retail in-
vestors’ trading strategies and link them to sentiment and market outcomes.
Investors’ strategy adoption is highly dynamic, shifting with news arrivals,
past performance, and social feedback. Sentiment from Fundamental Analysis
predicts positive future returns, while sentiment from Technical Analysis and
other speculative strategies predicts negative returns. Technical sentiment is
especially correlated with retail buying, most prominently among Robinhood
investors. These findings provide new evidence on how retail investors form
and adapt strategies, and on the conditions under which retail trading informs
or distorts markets.
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1. Introduction

The recent rise of fintech brokerage platforms and social media sites has stim-
ulated significant increases in stock market participation by retail investors.! This
dramatic expansion raises fundamental questions about how retail investors make
decisions and what their growing presence implies for financial markets. Prior
studies have shown that retail investors can act either as noise traders suscepti-
ble to behavioral biases or as informed traders whose orders predict returns and
provide liquidity.? Yet their decision-making processes remain insufficiently un-
derstood.

To address this gap, we leverage rich, real-time social media data and large
language models (LLMs) to analyze how retail investors select strategies, adjust
them over time, and what these choices imply for trading outcomes.

A key insight from our analysis is that investors have considerable flexibility in
strategy use, dynamically shifting across approaches as conditions evolve and new
information arrives. Figure 1 illustrates this behavior with screenshots from Stock-
Twits. The figure features a self-declared technical strategist, ACInvestorBlog, who
in one post discusses earnings potential and valuations, and in another relies on
technical indicators such as support and resistance levels and volume patterns.
These posts highlight that individual investors often shift between fundamental
and technical approaches rather than adhering rigidly to a single approach.

Building on this observation, we conduct a systematic analysis of when investors
adopt a particular approach, how and when they switch, and how these choices
map into trading and price outcomes. We apply LLMs to a dataset of 96 million

StockTwits messages covering roughly 7,800 stocks and 840,000 users from Jan-

1By 2021, retail trading in the U.S. accounts for almost as much volume as mutual funds and
hedge funds combined. Furthermore, at the start of 2023, U.S. retail investor daily inflows reached
a record-breaking high of $1.5 billion—more than double the pre-2019 figure of just over $600 mil-
lion. Source: K. Martin and R. Wigglesworth, Rise of the retail army: the amateur traders trans-
forming markets, Financial Times, March 9 2021; and P. Rao, Charted: U.S. Retail Investor Inflows
(2014-2023), Visual Capitalist, November 5, 2023.

2See, e.g., Barber and Odean (2000); Kumar and Lee (2006); Barber and Odean (2008); Barber
et al. (2022); Bryzgalova et al. (2023); Barber et al. (2023b) for the former view, and Kaniel et al.
(2008); Kelley and Tetlock (2013); Boehmer et al. (2021); Welch (2022) for the latter.



uary 2010 to June 2023. StockTwits, one of the largest investment social media
platforms, has become an increasingly important data source in recent studies ex-
amining retail investor attention, beliefs, and sentiments (e.g., Cookson and Niess-
ner, 2020; Cookson et al., 2023, 2024c).

Using LLMs, we classify each message into four categories based on the trad-
ing strategies reflected: technical analysis (TA), fundamental analysis (FA), other
strategies (OS, such as options trading and M&A arbitrage), and no strategy (NS).
We find that 31% of all messages explicitly reference an investment strategy. Among
these, 44% reference FA, 28% reference TA, and 28% reference 0S.?

Our classification highlights that strategy use is highly malleable, with much
of the variation unexplained by traditional measures or by observable investor and
stock characteristics. While correlated with known attributes—for example, TA is
more common among self-declared momentum or short-horizon traders, whereas
FA is more common among long-term investors—these factors explain only a lim-
ited share of the variation. Self-declared attributes account for a single-digit per-
centage of message-level variation, and even with time and investor-stock fixed
effects, the R-squared remains about 30%. The substantial within-investor-stock
variation that remains unexplained suggests that strategy use is a dynamic, context-
dependent choice rather than a fixed trait.

Motivated by this, we examine the factors influencing dynamic strategy adop-
tion and uncover three novel patterns. First, information availability matters: fol-
lowing firm news, investors rely more on FA and less on TA and OS. In particular,
they are substantially more likely to discuss FA, by 28% of the mean, following news
releases. This is consistent with the view that investors are attentive to news and
increase their use of FA when fundamental disclosures are available.

Second, performance feedback shapes behavior: poor returns from a strategy in-

duce switching, while strong returns from alternative strategies attract investors

3Messages may be classified into more than one category, but fewer than 1% mention multiple
strategies. The remaining 69% include memes, catchphrases like “to the moon,” or other content
unrelated to specific strategies.



away. This pattern is consistent with the behavior modeled in Barberis et al. (2018),
where investors weigh both price and valuation signals and shift their emphasis
between the signals over time. Our evidence suggests that such switching is en-
dogenous and responsive to investors’ own performance, pointing to opportunities
for future models to incorporate this dynamic explicitly.

Third, social interactions matter: positive feedback (likes) on posts employing a
strategy increases its continued use, while positive feedback on posts using alter-
native strategies reduces reliance on the focal strategy. These findings support the
view in Hirshleifer (2020) that social transmission biases favor folk models that are
more heavily cued in the environment. Moreover, users’ strategy choices are 85%
more responsive to “likes” than to their own past performance, underscoring the
central role of social dynamics in shaping investor behavior.

Having established these dynamics, we next examine how strategy use trans-
lates into market consequences, focusing on predictive power, retail order flows,
informativeness, and speculative behavior.

We first study performance implications. Stocks with bullish TA or OS sen-
timent earn significantly lower next-day returns, whereas stocks with bullish FA
sentiment outperform. This suggests that, on average, technical and speculative
strategies perform poorly in the short run, while fundamental analysis is informa-
tive about future performance. The economic magnitudes are sizable: contrarian
strategies that bet against TA or OS sentiment yield annualized returns of about
10%, while following FA sentiment yields about 7.5%.* Furthermore, investor so-
phistication, measured by the fraction of messages posted by users self-reporting
professional experience, modulates these relationships. Specifically, the underper-
formance of TA and OS sentiment is less pronounced when professional participa-

tion is higher, whereas the predictive power of FA remains largely unaffected.

4To achieve these returns, one must trade contrary to TA and OS sentiment, which are nega-
tively related to future returns. These estimates do not incorporate transaction costs, and the high
turnover implied by such strategies would likely erode realizable returns. Our objective is therefore
not to propose implementable trading strategies but to shed light on retail investor behavior on
social media and the market frictions it creates.



Next, we link strategy sentiment on social media to retail order flows. We begin
by testing whether sentiment expressed on StockTwits is reflected in trading activ-
ity by regressing retail order imbalance measures on strategy-specific sentiment.
We find that sentiment across all strategies is positively associated with net retail
buying, indicating that StockTwits provides a real-time window into retail trading
activity.

We then turn to the question of informativeness, one of the central issues in the
literature discussed earlier: does retail trading represent “smart money” that con-
veys valuable information, or “noise” driven by behavioral biases? Our approach
provides new insights into this debate by allowing for heterogeneity and flexibility
in retail investors’ strategies. Decomposing retail order flow imbalance into compo-
nents attributable to each strategy, we find that TA- and OS-related flows weaken
the ability of retail order imbalance to predict future returns, while FA-related flow
strengthens it.

Moreover, although much valuable order flow information is not captured by
social media discussions, a sizable share—about 24%—is revealed in FA messages.
This finding contrasts with the conventional view that informed investors remain
entirely secretive and raises new questions about how investor behavior has evolved
in the era of social media.

These results add nuance to the evidence in Boehmer et al. (2021) and Barber
et al. (2023a), showing that retail investors who rely on fundamental signals can
contribute valuable information to prices, whereas those trading on technical sig-
nals do not.5

Finally, we focus on Robinhood investors, who played a central role in specula-
tive episodes such as the “meme stock mania.” As shown in Barber et al. (2022),
these investors engage in highly attention-driven trading and exhibit intense buy-

ing episodes (“herding”) that are typically followed by sharp negative returns. Link-

5The residual component unrelated to StockTwits sentiment also exhibits significant predictive
power, suggesting that some retail investors may possess private information not directly captured
by the strategies we classify.



ing strategy use to these episodes, we find that bullish TA sentiment is most strongly
associated with Robinhood herding. This evidence suggests that crowding on tech-
nical signals, which are widely promoted on social media platforms, can be a key
driver of speculative surges. The mechanism resonates with Stein (2009): when
traders cannot observe how many others follow the same signals, coordination fail-
ures push prices away from fundamentals. Among retail investors, the effect is
magnified by the salience of technical signals and their limited ability to short,
resulting in concentrated buying pressure and subsequent reversals.

Taken together, these findings provide new insights into retail investors’ behav-
ior and its implications for asset prices. Retail order flows informed by fundamental
analysis incorporate valuable information and enhance market efficiency, whereas
crowding on technical signals amplifies inefficiencies and fuels reversals.

Our novel two-step procedure, which first uses a state-of-the-art LLM to gener-
ate labeled examples and then fine-tunes a smaller model for large-scale classifica-
tion, substantially reduces computational costs while preserving accuracy. Applied
to rich social media data, this methodology provides a broader framework for study-
ing retail investors and their role in markets, including how they interact with more
sophisticated participants and how such interactions affect efficiency and stability.
For example, Chen et al. (2025) show that the primary profits of an Al-powered
technical analysis strategy come from trading against StockTwits TA sentiment,
a result closely aligned with the theoretical settings of Dou et al. (2024). Looking
ahead, this framework opens new avenues for understanding when retail participa-
tion enhances price discovery and when it destabilizes markets, a distinction with
direct implications for platform regulation, investor protection, and the broader
debate on how social media and Al shape market stability.

Our study contributes to several strands of literature. First, it extends the grow-
ing research on retail trading and its informativeness. The rise of zero-cost trading
platforms has brought a large influx of new investors into financial markets, reignit-

ing interest in the role of retail traders (e.g., Barber et al., 2022; Welch, 2022; Eaton



et al., 2022). Yet the investment approaches these investors employ remain insuf-
ficiently understood.® Our contribution is to advance this literature by extracting
investor strategies directly from their own words. We are able to characterize how
investors’ beliefs and strategy choices evolve dynamically in response to informa-
tion arrival, performance cues, and social feedback. Our analysis further shows
that the informativeness of retail sentiment and order flow differs sharply across
strategies discussed on social media.

Second, our study contributes to the literature on how investors employ funda-
mental and technical analysis.” Prior work, relying on static, self-declared invest-
ment approaches, shows that heterogeneity in these strategies explains a signif-
icant share of investor disagreement (Cookson and Niessner, 2020). We advance
this research by showing that strategy use is not a fixed user attribute but instead
evolves dynamically. This finding of dynamic switching provides an empirical mi-
crofoundation for behavioral models, such as Barberis et al. (2018), that exoge-
nously assume investors waver between different signals over time. Our evidence
of an endogenous process thus opens the door for future research to explore the
implications of such dynamics for investor behavior and market outcomes.

Third, we contribute to the literature on social media and financial markets.
Prior studies establish that social networks shape investor beliefs and affect stock
returns and trading volume.? We build on this line of research by being the first
to apply large language models (LLMs) to systematically extract trading strate-

gies from social media data.? Our approach allows us to contribute to this liter-

6Characterizing retail investors’ beliefs and investment strategies is challenging. Recent liter-
ature uses surveys to gain insights into investor beliefs. (e.g., Choi and Robertson (2020), Giglio
et al. (2021), Chinco et al. (2022), Liu et al. (2022), Jiang et al. (2024b), and Laudenbach et al. (2024).
However, surveys are costly to conduct and cannot capture investors’ thought processes in real time,
limiting their ability to reveal how investors form beliefs and make trading decisions.

"For studies on fundamental analysis, see, for example, Porta et al. (1997) and Abarbanell and
Bushee (1997). For technical analysis, see, e.g., Brown and Jennings (1989); Jegadeesh (1991);
Brock et al. (1992); Jegadeesh and Titman (1993a); Blume et al. (1994); Lo et al. (2000); George and
Hwang (2004), and more recent evidence in (e.g., Han et al., 2013, 2016; Jiang et al., 2023; Murray
et al., 2024).

8See, for example, Antweiler and Frank (2004); Chen et al. (2014); Giannini et al. (2018, 2019);
Cookson and Niessner (2020); Hirshleifer (2020); Han et al. (2022). See Cookson et al. (2024c) for a
comprehensive review.

90ther recent applications of LLMs in economics and finance include Korinek (2023), Jiang et al.



ature in two ways. First, complementing prior evidence of confirmation bias and
“echo chamber” effect in signal reception (e.g., Cookson et al., 2023), we show that
social validation is another important determinant of investors’ strategy choices,
consistent with the social transmission bias model of Hirshleifer (2020). Second,
our approach further uncovers new nuances in the relation between social media
sentiment and returns, and in how social media sentiment moderates the informa-

tiveness of retail order flows.

2. Data

Our sample includes common stocks (CRSP share codes 10, 11, and 12) traded
on the NYSE, AMEX, and NASDAQ from January 2010 through June 2023. We
obtain investor social media data from StockTwits, stock market data from CRSP,
accounting data from Compustat, retail market order data from TAQ, Robinhood

user account data from RobinTrack, and financial news data from RavenPack.

2.1. StockTwits Data

StockTwits is a leading social media platform dedicated to retail investors, al-
lowing users to share opinions and exchange ideas about stocks, ETF's, and cryp-
tocurrencies. Similar to Twitter, StockTwits users post short messages, initially
limited to 140 characters until May 8, 2019, when the limit expanded to 1,000 char-
acters. A distinguishing feature of StockTwits is its focus on financial markets,
with users employing “cashtags” (e.g., $TSLA) to indicate specific ticker symbols
mentioned in their posts.

We collect comprehensive message-level data using the StockTwits API, cov-
ering 169,509,106 posts from 978,071 users related to 15,232 tickers (including
stocks, ETF's, and closed-end funds) between January 2010 and June 2023.1° At

(2024a), Lopez-Lira and Tang (2023), and Huang et al. (2024).
0The StockTwits API documentation is available at https://firestream-portal.
stocktwits.com/documentation/stream.



https://firestream-portal.stocktwits.com/documentation/stream
https://firestream-portal.stocktwits.com/documentation/stream

the message level, our data include timestamps, textual content, and user-provided
sentiment labels (“bullish” or “bearish”) when available. Additionally, we obtain
user-level biographical characteristics self-reported by StockTwits users, includ-
ing investment approach (Technical, Momentum, Fundamental, Value, Growth, or
Global Macro), investment horizon (Day Trader, Swing Trader, Position Trader,
or Long-Term Investor), and trading experience (Novice, Intermediate, or Profes-
sional).

Following Cookson and Niessner (2020) and Cookson et al. (2024b), we apply
several filters to ensure message validity and to focus explicitly on content gener-
ated by human users discussing publicly traded companies. Specifically, we first re-
tain only messages explicitly referencing exactly one ticker symbol. Second, we ex-
clude users posting more than 1,000 messages on a single day and remove messages
sourced from third-party platforms, as these typically redistribute financial news
or involve algorithmically generated content. Finally, we require both the user iden-
tifier and username fields to be non-missing. After merging with the CRSP stock
universe, our final dataset comprises 96,095,345 messages from 840,846 unique

users for 7,834 stocks from January 2010 to June 2023.

2.2. Extracting Information from StockTwits Texts

In this section, we extract two key textual variables from StockTwits messages.
We first show how large language models are used to identify the trading strategies
referenced in individual posts. We then explain how sentiment scores are assigned

to messages and aggregated into stock-level, strategy-specific sentiment measures.

2.2.1. Identifying Trading Strategies From Messages

Identifying investment strategies from social media posts is a highly challenging
task. StockTwits messages, like much social media content, are short, filled with
abbreviations and colloquial expressions, and often contain non-standard spellings

or variations. These features make it difficult to identify trading strategies using



dictionary-based approaches alone.

We address this challenge with a two-step classification approach that enables
us to capture the likelihood that a message reflects a given strategy even when the
language is noisy or indirect. In the first step, we apply the GPT-4 Turbo model to
a small random sample of messages and generate a probability score for whether
each message references a given trading strategy. In the second step, we use these
outputs to fine-tune a smaller, more efficient BERT model on the full dataset. This
approach, first proposed by Hinton (2015), is widely known as knowledge distilla-
tion (KD) in the machine learning literature.!!

This methodology offers several advantages. GPT-4 Turbo classifications align
closely with human judgment—for example, in a benchmark of 500 messages man-
ually coded by a PhD research assistant, GPT-4 Turbo achieves a 90% correlation
with the human labels. At the same time, applying GPT-4 Turbo to the entire
dataset is highly costly, whereas BERT provides a much more efficient solution
once fine-tuned.'? Moreover, the two-step procedure outperforms natural alterna-
tives such as a pure dictionary-based approach or an alternative two-step proce-
dure that first uses user-declared investment approaches to train BERT. Appendix
Section A.1 provides further details of these comparisons.

For each message, the two-step procedure evaluates whether it refers to one
of four investment strategy categories: technical analysis, fundamental analysis,
other strategies, or no strategy. Specifically, the model outputs a probability score
for each strategy, and we classify the message as strategy-related if the score ex-

ceeds 95%.

HSee Gu et al. (2023) for a recent review of KD and its applications in LLMs. We use the bert-
base-uncased model, which has 110 million parameters. While large, this is modest compared to
GPT-4 Turbo, rumored to have 1.7 trillion parameters. BERT has established itself as an effi-
cient and capable tool for natural language processing tasks, including classification (Devlin et al.,
2018). Gonzalez-Carvajal and Garrido-Merchan (2020) show that BERT consistently outperforms
traditional NLP tools that do not rely on deep learning.

20Qur back-of-the-envelope calculation indicates that the total cost could exceed $500,000 to clas-
sify all messages.




Technical Analysis Strategy Classification Next, we illustrate our classifica-
tion procedure by identifying messages that refer to technical analysis. We begin
by randomly sampling 20,000 messages from the full dataset, drawing 10,000 from
users with a self-declared technical investment approach and 10,000 from other self-
declared approaches. We then prompt GPT-4 Turbo to determine whether each

message reflects technical trading using the following prompt:

You have a deep understanding of the language of social media and fi-
nancial markets. Please analyze the message from an investor social
media platform. Please parse the message along two dimensions. 1)
Presence of technical analysis (0O=no, 1=possibly, 2=likely). 2) If techni-
cal analysis is used, what is the technical indicator? (output the indica-
tor or "" if you cannot locate it. If multiple signals exist, please separate
by a comma) Output in JSON format: {'technical_analysis":, "techni-

cal indicator": }.

Appendix Table A.1 provides examples of responses.!> We then use GPT’s out-
puts to fine-tune a BERT model (henceforth TechBERT) to predict whether a mes-
sage uses technical analysis. Cross-validation indicates that TechBERT achieves
an F1 score of 0.83, which indicates a high level of performance. Because BERT
has a drastically smaller parameter count than GPT-4 Turbo, TechBERT can be
run locally to generate probabilistic predictions of TA usage.

We next visualize TechBERT’s predictions. Figure 2 and Figure 3 plot the dis-
tribution of predicted TA probabilities (“Technical Analysis Intensity”) across in-
vestor groups, segmented by self-declared investment approaches and by invest-
ment horizons, respectively. A desirable property of TechBERT’s predictions is

that most messages fall in either the very low-probability region (< 5%) or very

13As a benchmark, we implement a bag-of-words (BoW) approach. Specifically, we obtain a TA-
related keyword list from Cookson and Niessner (2020) and compute relevance scores using TF-IDF
on the same 20,000 messages. The correlation between the TF-IDF scores and GPT’s classifications
is only 28%. To further assess accuracy, we randomly select 500 messages where the two approaches
diverge and task a PhD research assistant with manual classifications. The research assistant is
instructed to classify the messages based on their knowledge of technical analysis strategies. The
assistant’s classification aligns with GPT’s classifications 90% of the time.

10



high-probability region (> 95%), suggesting that its classifications are typically
unambiguous.

Moreover, TechBERT’s TA classifications are positively correlated with investors’
self-declared approaches and horizons. For instance, Figure 2 shows that users
identifying as technical or momentum traders rely more heavily on technical anal-
ysis than those identifying as fundamental, value, growth, or global macro in-
vestors. However, the correlation is far from perfect: many self-declared funda-
mental, value/growth, or global macro investors also post TA-related messages,
underscoring the malleability of strategy use—a pattern we formally analyze in
Section 3.

Finally, Figure 4 presents word clouds of the most frequent unigrams and bi-
grams in messages classified as TA-related. Panel A shows that technical messages
frequently reference charts, consistent with the findings of Jiang et al. (2023), and

»

include canonical TA terms such as “resistance,” “support,” and “gap.” Panel B
highlights bigrams that capture trading horizons, including “short-term” and “next

week,” alongside other familiar TA expressions.

Classifying Other Trading Strategies We follow the same two-step approach
to identify the messages that reference an investment strategy and, in particular,
those containing fundamental analysis (FA). The only change required is revising
the prompt provided to GPT-4 Turbo. We then fine-tune specialized BERT models

to identify FA-related messages. For FA, we use the following prompt:!

You have a deep understanding of the language of social media and fi-
nancial markets. Please analyze the message from an investor social me-
dia platform. Please parse the message along two dimensions. 1) Pres-
ence of fundamental analysis (O=no, 1=possibly, 2=likely). 2) If funda-
mental analysis is used, select one of the following 15 topics that is most

relevant: "acquisitions-mergers","analyst-ratings","assets","bankruptcy",

“Qur fundamental specific topics are formed based on the topic classifications of financial news
articles provided by Ravenpack.

11



nn

"credit","credit-ratings","dividends","earnings","equity-actions","investor-
relations","labor-issues", " marketing","price-targets", "products-services",
"revenues". Output in JSON format: {"fundamental_analysis":, "funda-

mental_topic":}.

As with TA, we visualize BERT’s classifications in Figure 5 and Figure 6, grouped
by self-declared investment approaches and horizons, respectively. As in TA, we
observe that TechBERT’s FA classification is aligned with the self-declared invest-
ment approaches. For example, Figure 2 shows that investors who self-report using
fundamental, value, and growth rely more heavily on fundamental analysis (FA) in
their StockTwits messages. We also present word cloud plots in Figure 7 showing
the high-frequency unigrams and bigrams in FA messages.

For the overall strategy identification, we use the following prompt:

You have a deep understanding of the language of social media and fi-
nancial markets. Please analyze the message from an investor social
media platform. Please parse the message along two dimensions. 1)
Presence of investment strategy (e.g., technical analysis, fundamental
analysis, event-driven strategy, arbitrage strategy). If true, please an-
swer 1, otherwise 0. 2) If a strategy is identified, please specify the strat-
egy Output in JSON format: {"has_strategy":, "strategy_type": }.

We classify a message as Other Strategy (OS) if it refers to an investment strategy
but not to either TA or FA.

Overall, about 31% of all StockTwits messages involve explicit references to
trading strategies. Within this subset, 44% relate to FA, 28% to TA, and 28% to
OS.

2.2.2. Message Sentiment

For each message, we obtain sentiment from the user-declared sentiment flag

(available for approximately 7% of the messages). For the remaining messages

12



without a self-declared label, we impute sentiment using a supervised learning
approach. Specifically, we randomly select 100,000 messages with a user-provided
bullish or bearish label and fine-tune a BERT model on this sample. The classifier
outputs a probabilistic prediction of whether a given message is bullish.!®

To validate the model, we apply the classifier to messages with a sentiment flag
that were not included in the training sample. The classifier achieves an F1 score
of 0.9, indicating high accuracy.

Our choice of BERT for sentiment classification ensures consistency across both
strategy and sentiment tasks. As a robustness check, we also implement the max-
imum entropy approach of Cookson and Niessner (2020) to impute missing senti-
ment at the message level. The results, reported in Appendix Table A.6, show that
our main findings remain both quantitatively and qualitatively unchanged.

We then aggregate sentiments at the firm-strategy level. Following Cookson
et al. (2024b), sentiment is defined as the normalized difference between bullish
and bearish messages:

Bullish Bearish
N, it — N, it

Bullish Bearish *
Ni,t + Ni,t

Sentiment;; =

Panel B of Table 1 reports the summary statistics of these sentiment measures,
and Panel C report pairwise correlations. We find that the standard deviations
are comparable across all four strategies (TA, FA, OS, and NS). The correlations
across these sentiment measures are positive but modest in magnitude, ranging
from 0.084 to 0.123, suggesting that different investment approaches often yield

divergent assessments of the same stock.

15We do not employ GPT models for sentiment classification, as their training on vast corpora that
may include future financial content could introduce significant look-ahead bias (see, e.g., Sarkar
and Vafa, 2024). Instead, we use the BERT model, which is pretrained on a combination of book
texts and English Wikipedia. Because neither financial news nor social media content is included in
this pretraining, BERT is unlikely to introduce look-ahead bias in our setting (Google BERT team,
2018).

13



2.3. Other Variables

Our analysis also utilizes a set of firm-specific indicators. Trading activity is
captured through OIB (Order Imbalance), a measure reflecting the retail mar-
ketable volume imbalance for a stock in a given week, following established method-
ologies from Boehmer et al. (2021) (BJZZ) and Barber et al. (2023a) (BHJOS). To
further identify aggressive retail share purchase behavior, RH Herding is an indi-
cator variable for stocks experiencing the top 1% of positive Robinhood user change
ratio in a week, provided they had at least 100 users at the end of the prior week
(Barber et al., 2022).

Our key control variables include MAX, the maximum one-day return in the pre-
ceding month to capture lottery-like return patterns (e.g., Bali et al., 2011). Abnor-
mal Turnover quantifies unusual trading volume as the log difference between cur-
rent turnover and the average of the prior four periods (log(1+ Turnover; ;) —log(1+
3 S Turnover;,_,)), and Abnormal News, which captures unexpected change in
the volume of news articles reported by Ravenpack, calculated using the same log-
difference approach relative to recent historical averages (log(#News; ;) — log(1 +
3 S _  #News;, 1)). Finally, we consider firm characteristics. These include Mar-
ket Capitalization (calculated as price times shares outstanding), Book-to-Market,
Asset Growth, and Gross Profits-to-Asset. The information environment and in-
stitutional ownership are captured by Analyst Coverage, representing the number
of IBES equity analysts, and Institutional Ownership, calculated as the fraction
of shares held by 13F institutional investors. Following Cookson et al. (2024b),
we also create the Attention measure, which is the number of messages on a firm
scaled by the total number of messages on that day.

Table A.2 details the variable construction procedure. Panel B in Table 1 reports
summary statistics in the firm-day sample. Notably, the median firm capitalization
is 1.2 billion, which is comparable with Giannini et al. (2018). This number indi-
cates that our sample tilts toward larger firms, which suggests the relevance of our

results is not limited to small firms with limited liquidity.
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3. Retail Trading Strategy Choices

In this section, we examine the user and stock attributes linked to strategy use
in individual messages. We find that while strategy choices correlate with self-
declared approaches, horizons, and stock characteristics, much variation remains
even after controlling for stock—investor fixed effects. We then turn to the drivers
of this flexibility, focusing on the roles of the information environment, past perfor-

mance, and social interactions.

3.1. Strategy Choice Across Investor and Stock Characteristics

As shown in Figures 2-6, TechBERT’s strategy classifications broadly corre-
spond to investors’ self-declared approaches and horizons, but they also reveal sub-
stantial flexibility. For instance, investors who identify as technical traders some-
times post messages referencing fundamental signals, and vice versa. This flexi-
bility is further illustrated in Figure 1.

We formally assess the extent to which investor and stock attributes explain
strategy use in individual messages by estimating a series of panel regressions at
the message level, focusing on messages from users with available biographical
information.!®

Our regression is specified as follows:

Usage;ls, = BiX;"" + By 205500 + FEs + € jun, (1

i,4,t,m i,,t,m

type
1,5,t,m

where Usage is an indicator variable set to one if message n, posted by investor
j about stock i on day ¢, is classified by our BERT models as referring to one of the
strategy categories: technical analysis (TA), fundamental analysis (FA), or Other
Strategy (OS).

The vector X;"***" includes indicators for investors’ self-reported biographical

16This requirement reduces the size of our message-level sample (see Panel A of Table 1 in the
appendix).
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characteristics: investment approaches (e.g., Technical Investor equals one if the
investor identifies with the technical or momentum approach), investment horizons

(e.g., Long-Term Investor), and experience levels (e.g., Novice or Professional).

message
Zijim

Message-specific attributes are represented by vector , including mes-
sage length and the frequency of technical or fundamental terminology based on
the keywords from Cookson and Niessner (2020). We apply a TF-IDF weighting
scheme to emphasize terms distinctive to certain messages and down-weight com-
mon terms.

Finally, we include an extensive set of fixed effects (FEs), including investor,
stock, date, and their interactions, to account for unobserved heterogeneity. These
fixed effects also allow us to quantify the share of variations in strategy usage at-
tributable to factors beyond observable attributes.

The regression results are reported in Table 2. Panel A presents estimates for
TA usage (Usage”). In column 1, our primary explanatory variables are investors’
self-reported approaches. The results indicate that self-reported investment ap-
proaches are significantly associated with message-level strategy usage. For in-
stance, self-declared technical investors (“Technical” or “Momentum”) are 10.3 per-
centage points more likely to use TA in their messages relative to those identifying
as other approaches (“Fundamental,” “Value,” and “Growth”), representing a 73.5%
increase compared to the mean. However, the R-squared is just 2.2%, indicating
substantial heterogeneity not explained by self-reported profiles, either because of
misreported investment approach, incorrect BERT classification of message-level
strategy, or genuine within-investor variation in strategy adoption.

Column 2 augments the specification with investment horizons and experience.
We find that short-term investors (day or swing traders) are significantly more
likely to use TA relative to position traders, while long-term investors are less likely
to do so. Moreover, self-reported professionals are 4.7 percentage points (33.6%
relative to the sample mean) more likely to use TA than the benchmark group (in-

termediates), whereas novices are significantly less likely. These results suggest
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that experience and familiarity with technical investment approaches drive sys-
tematic differences, with seasoned investors more explicit in articulating technical
reasoning.

Column 3 further controls for message-level attributes and includes date and
stock fixed effects. These controls account for heterogeneity in TA adoption across
stocks and time. For example, investors might rely more heavily on technical anal-
ysis when analyzing small-cap growth stocks with limited information, such as
emerging technology firms lacking positive earnings or dividends. The prevalence
of TA adoption may also reflect platform-level changes such as StockTwits’ expan-
sion of message-length limits in 2019 (Cookson et al., 2024b).

Incorporating these fixed effects only moderately raises the R-squared from 3.0%
in column 2 to 8.4%, suggesting that unobserved stock- and time-specific factors are
not the primary determinants driving the adoption of TA. We also add BoW TF-IDF
scores for technical and fundamental terminology, using the dictionary from Cook-
son and Niessner (2020). We observe that higher scores based on technical vocab-
ulary are strongly associated with TA usage, while scores based on fundamental
vocabulary are negatively associated, consistent with the positive correlation be-
tween our classification and the BoW approach.

Finally, column 4 includes stock xinvestor fixed effects, capturing heterogeneity
in how investors tailor strategy usage across stocks. This specification increases the
R-squared to 28.7%. Nevertheless, more than 70% of the variation remains unex-
plained, highlighting the substantial within-pair malleability in strategy adoption.

In Panel B, we repeat our analyses using FA usage (Usage’) as the depen-
dent variable. We find that investors who self-report technical or momentum styles
are less likely to adopt fundamental analysis, whereas investors identifying with
fundamental-related approaches exhibit significantly higher FA usage. Long-term
investors also demonstrate a greater propensity to post FA-related messages. In
addition, professional investors are more inclined to incorporate fundamental anal-

ysis in their posts, suggesting a positive association between experience and the
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likelihood of employing a fundamental approach.

As with TA usage, the inclusion of investor fixed effects substantially increases
the regression R-squared by about 10%, suggesting that investor-specific prefer-
ences largely drive the variation in investors’ FA usage, beyond their self-reported
characteristics, investment approach, horizon, and experience.

In Panel C, we examine the usage of other strategies (Usage®®), which represent
investment approaches unrelated to TA or FA as identified by our BERT models.
The patterns for OS exhibit similarities to those of TA: OS usage is more preva-
lent among self-declared technical, short-term, and professional investors. Fur-
thermore, OS-related messages are more likely to include technical terms and less
likely to feature fundamental terms.

In summary, these results indicate that the message-level strategy classifica-
tions are broadly consistent with investors’ self-declared approaches. Equally im-
portantly, they reveal that investors adapt their strategy usage fluidly across time

and stocks, underscoring the dynamic nature of retail decision-making.

3.2. Strategy Malleability

Having established the variability and the dynamic nature of investors’ strategy
choices, we next analyze the factors driving investors’ adoption decisions and their
switches across strategies. We address three key questions.

First, how does the firm-specific information environment shape investors’ ap-
proach? For example, when there is greater news coverage of fundamentals—such
as earnings releases, analyst reports, or other value-relevant disclosures—do in-
vestors shift toward fundamental analysis and away from technical or other strate-
gies?

Second, how do investors respond to their own past performance? For exam-
ple, prior work shows that investors learn from experience and often overweight
personal outcomes (Kaustia and Kniipfer, 2008; Seru et al., 2010). They also tend

to extrapolate recent returns (see, e.g., Greenwood and Shleifer 2014), engage in
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positive feedback trading (DeLong et al., 1990), or become more confident when
outcomes are favorable (Daniel et al., 1998). Hence it remains an open question
whether retail investors adjust their strategy use in response to the performance
of their own strategies.

Third, to what extent does peer feedback influence strategy adoption? Posi-
tive social feedback (e.g., likes) could reinforce continued use of a strategy, while
strong validation of alternative strategies might draw investors away. As concep-
tualized in Hirshleifer (2020); Akcay and Hirshleifer (2021), folk models that gen-
erate greater excitement (“buzz”) are more likely to spread, leading more agents to
adhere to them.!”

To address these questions, we extend the earlier analyses by incorporating
three sets of variables: firms’ information environment, the past performance of
investor strategies, and the social feedback investors receive on the platform.

Focusing on users who have adopted at least one strategy in the past year, we
estimate the following panel regression model:

t t . t
iitn = BilNews Coverage, , + (Investor Performance /", + (B3Social Feedback' ",

Usage

+ B4Xi,j,t,n + FEs+ €ij,tn

We proxy for news coverage using three indicator variables that equal one if a
specific type of news has been released in the past three months. These include
earnings announcements, analyst news (e.g., recommendations, price targets), and
business news (e.g., mergers, credit ratings, labor issues).

Investor Performance captures investor-specific strategy performance over the
past three months for a given investor. To construct this measure, we calculate
performance metrics using a five-day window (i.e., day ¢ + 1 to ¢ + 5 relative to the
message’s posting date). We then adjust the returns using the DGTW benchmark.

Strategy returns are then aggregated by averaging returns across all messages

"Emerging evidence indicates that social feedback encourages greater content production on so-
cial media (Srinivasan, 2023), but little is known about whether it also alters the types of investment
strategies investors employ.
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within a strategy type for investor j. To mitigate look-ahead bias, this three-month
period for calculating performance ends seven days before the current message
date. Finally, this investment performance is classified into high or low groups
based on the 75th and 25th percentile cutoffs of their DGTW excess returns.

Similarly, Social Feedback is measured by the total number of likes received
for each strategy type within a given quarter, with high and low classifications
determined using the same percentile thresholds. The control vector X includes
the frequency of strategy usage in the past three months for each strategy type.
We also include investor, stock, and time fixed effects.

We report our findings in Table 3. Panel A focuses on the relationship between
news variables and strategy usage. We find that all three news indicators are pos-
itively associated with fundamental analysis (FA) usage but negatively associated
with technical analysis (TA) and other strategies (OS). For example, the arrival of
earnings news decreases TA usage by 2.5 percentage points (17.8% of the sample
mean) and OS usage by 1.1 percentage points (10% of the sample mean), while in-
creasing FA usage by 4.8 percentage points (roughly 28.2% of the sample mean).
These results support our hypothesis that firm-specific news facilitates informa-
tion processing related to fundamentals, leading to an increase in FA usage and a
decline in TA and OS usage.

Panel B incorporates determinants based on an investor’s past performance for
each strategy type. In column (1), we analyze the determinants of TA usage. We
find that investors experiencing poor TA performance in the prior quarter reduce
their TA usage by 0.7 percentage points in the subsequent quarter. Conversely,
TA usage increases by 0.5 percentage points when investors experience poor FA
performance or high OS performance.

In column (2), we examine FA usage. Similar to TA, FA usage decreases follow-
ing poor FA performance but increases after high TA performance. Unexpectedly,
high OS performance is positively related to FA usage, contrary to our expectation

that it would reduce FA usage. In column (3), we analyze OS usage and observe
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that poor FA performance is positively associated with increased OS usage. Over-
all, these findings suggest that investors dynamically adjust their strategy choices
based on their past performance, generally moving away from underperforming
strategies and adopting alternatives with relatively better outcomes.

Panel C examines the role of social feedback on strategy usage. We introduce
the total number of likes received for each strategy type as a measure of social
feedback, alongside controls for past strategy usage, performance determinants,
and other variables. In column (1), where the dependent variable is TA usage,
we find that positive social feedback for TA messages increases future TA usage
by 1.2 percentage points, whereas negative social feedback decreases TA usage by
1.4 percentage points. Furthermore, TA usage increases when investors receive
negative feedback for FA or OS-related messages and decreases when the social
feedback from FA or OS messages is positive.

Columns (2) and (3) explore the effects of social feedback on FA and OS usage,
respectively, revealing a similar pattern: investors increase strategy usage in re-
sponse to positive feedback on that strategy and reduce usage when other strategies
receive favorable feedback.

Importantly, the coefficients for social feedback are generally larger and more
significant than those for past performance. For example, investors who used TA
in the previous quarter but performed poorly are 0.7 percentage points less likely
to use TA in the following quarter. By contrast, conditional on performance, those
who posted TA-related messages but received few likes are 1.3 percentage points
less likely to continue using TA—an effect that is 85% larger than the response to
their own performance.

These findings are consistent with experimental evidence showing that social
feedback motivates greater content production on social media Srinivasan (2023)
and underscore the importance of incorporating social dimensions into the study
of investment behavior (e.g., Hirshleifer, 2020; Han et al., 2022; Cookson et al.,
2024c).
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In summary, our results demonstrate that while investors may initially self-
identify with a given investment strategy, they adjust their approach based on
firm-specific news, their own past performance, the past performance of alternative
strategies, and social feedback from peers. These findings provide novel insights
into how both personal performance attributes and social cues shape investor learn-

ing and belief formation on social networks.

4. Performances of Retail Investment Strategies

Alarge literature has examined retail investor behavior (e.g., Barber and Odean,
2013; Boehmer et al., 2021; Barber et al., 2023a), focusing either on aggregate mar-
ket order flows or on individual trading accounts. Much less is known, however,
about the heterogeneity in the strategies retail investors employ. In particular, we
lack systematic evidence on how investors adopt specific approaches and how these
choices map into investment performance. In this section, we address this gap by
evaluating the performance of distinct retail investment strategies, as identified

through our LLM-based classification of StockTwits messages.

4.1. Daily Return Predictability

We first examine whether strategy-specific sentiment on StockTwits predicts
next-day stock returns. Specifically, we follow Cookson et al. (2024b) to estimate

the following panel regression at the stock-day level:
Return; ;1 = ﬁlSentimentf%p “ + BAttention;; + v Xt + 0 + €441, (2)

where the dependent variable, Return;,,, denotes the stock return for stock i on
the next trading day (¢ + 1).
The key explanatory variables, Sentimentf%”e (with type € {TA, FA, OS, NS}),

capture the sentiment embedded within messages categorized into four strategy
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categories: technical analysis (TA), fundamental analysis (FA), other strategies
(OS), and non-strategy-related messages (NS). Attention,,, investor attention to
stock ¢ on day ¢ is the percentage share of StockTwits messages about the stock rel-
ative to the total number of messages posted across all stocks on the same day. The
vector of control variables (X;.) includes log market capitalization, log book-to-
market ratio, asset growth, gross profitability, analyst coverage, log institutional
ownership, the maximum daily return (MAX) in the previous month, abnormal
turnover, abnormal news volume, and lagged returns over the previous five trad-
ing days. All regressions include trading-day fixed effects, and standard errors are
clustered by trading day.

The results, reported in Table 4, show striking heterogeneity across strategy
types. Columns 1 through 4 examine each sentiment measure separately. TA-
sentiment significantly and negatively predicts returns, consistent with stocks’ bullish
technical messages foreshadowing underperformance. Stocks with the most bear-
ish TA sentiment (Sentiment™ = —1) outperform those with the most bullish sen-
timent (Sentiment”™ = 1) by roughly 3.2 bps (1.6 x 2) the next day.

In sharp contrast, FA sentiment significantly and positively predicts returns:
stocks with the most bullish FA sentiment outperform those with the most bearish
by 2.6 bps (1.3x2).

Sentiment associated with other strategies (OS) also negatively predicts re-
turns, similar to TA. In contrast, non-strategy (NS) sentiment is uninformative.
Column (5) presents a horse-race regression including all four sentiment measures
simultaneously. The coefficients remain stable, reflecting their low correlations and
confirming the robustness of these findings.!®

To quantify the economic magnitude of the return predictability of strategy sen-
timent, we construct long-short (L/S) portfolios separately for TA, FA, and OS sen-

timents. Following Jensen et al. (2023), each L/S portfolio takes positions across

18 Appendix Table A.7 shows that the results are stable before and after the GME short-squeeze
episode.
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the entire cross-section of stocks with valid sentiment measures.

To mitigate
confounding factors, we residualize sentiment using the Nagel (2005) procedure,
controlling for investor attention, market capitalization, abnormal turnover, and
lagged returns. For ease of interpretation, TA and OS sentiment scores are multi-
plied by —1, reflecting their negative relation to returns.

Table 6 reports the average daily returns and annualized Sharpe ratios. Con-
sistent with the predictive regression in Table 4, the strategy betting against retail
TA sentiment (long stocks with low TA sentiment, short stocks with high TA sen-
timent) is profitable, generating an average daily return of 0.04% (approximately
10% annually, t-statistic = 2.91), with a Sharpe ratio of 0.86. In contrast, the FA-
strategy yields a significant positive daily return of 0.03% (¢-statistic = 2.04), or
roughly 7.5% annually, with an annualized Sharpe ratio of 0.58.

These results highlight that the economic value of retail sentiment depends
critically on the underlying strategy: contrarian signals extracted from TA and
OS sentiment deliver sizable abnormal returns, while FA sentiment aligns with
informed trading and produces positive returns. While such strategies may not be
implementable in practice due to high turnover and transaction costs, these returns
quantify the importance of retail sentiment in shaping return dynamics and market
frictions.

Together, these results provide direct evidence of heterogeneity in retail strate-
gies’ informativeness. The negative predictive power of TA and OS sentiment is
consistent with the view that retail investors often engage in attention-driven or
speculative trading that generates short-term mispricing and subsequent reversals
(e.g., Barber and Odean 2000; Kumar and Lee 2006; Barber et al. 2022; Bryzgalova

et al. 2023). In contrast, the positive predictive content of FA sentiment suggests

YSpecifically, portfolio weights are determined proportionally to each stock’s deviation from the
cross-sectional average sentiment, calculated as:

(877 = S,

ptupe,L/S
o 1 N Stype — Stype
2 Zj:l | J |

] )

N
., where S'P¢ = %Z S¥Pe, type € {TA,FA,0S}.
j=1
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that some retail investors incorporate valuable fundamental information into their
analyses, consistent with the “informed retail trader” perspective (e.g., Kaniel et al.
2008; Kelley and Tetlock 2013; Boehmer et al. 2021; Welch 2022). Together, these
findings reconcile prior literature and highlight that retail trading cannot be char-
acterized as uniformly “noise” or “smart money,” but instead depends critically on

the type of strategy investors emphasize.

4.2. Return Predictability at Longer Horizons

We next extend our analysis to examine the predictive power of sentiment mea-
sures over longer horizons, motivated by evidence suggesting that investors us-
ing different strategies may operate on distinct investment horizons (e.g., Cookson
et al., 2024a). To test whether our findings hold beyond the very short run, we
re-estimate regression (2) using cumulative stock returns over three extended pre-
diction windows: dayst+ 1tot+5,t+6tot+ 10, and ¢t + 11 to ¢t + 15. The results
are reported in Table 5.

Panel A shows that the return predictability documented in Table 4 is strongest
in the one-week window (¢ + 1 to ¢t +5) for all three strategy-related sentiments (TA,
FA, and OS). Importantly, TA sentiment also significantly predicts returns in the
intermediate horizon (¢4 6 to ¢+ 10), while OS sentiment’s predictive power persists
even further, extending to the longest horizon (¢ + 11 to ¢ + 15). By contrast, FA sen-
timent significantly predicts positive one-week-ahead returns but loses significance
at longer horizons, with no evidence of subsequent reversal.?’

Taken together, these findings reinforce our one-day evidence and underscore
stark differences in informativeness across strategies. FA sentiment reliably pre-
dicts near-term positive returns, consistent with the timely incorporation of fun-

damentals. By contrast, TA and OS sentiment exhibit persistent negative pre-

20We conduct a series of robustness checks. Appendix Table A.3 estimates predictive regression
using the Fama-MacBeth approach. Appendix Table A.4 repeats the analysis with the DGTW-
adjusted returns. Appendix Table A.5 imposes a minimum of 10 messages per firm-day. Appendix
Table A.6 uses sentiment inferred via the algorithm of Cookson and Niessner (2020) instead of
BERT. All tests yield qualitatively similar results.
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dictability, extending beyond the very short run and suggesting that these signals
capture optimistic biases rather than value-relevant information. Investors who
follow such sentiment are thus more likely to incur losses, while those focusing on

fundamentals extract genuine informational advantages.

4.3. Return Predictability and Investor Sophistication

Investment performance may vary significantly with investor sophistication.
For instance, while our evidence shows that StockTwits technical sentiment is gen-
erally on the wrong side of the market, prior work documents technical indicators
that consistently generate abnormal returns (e.g., Jegadeesh and Titman, 1993b;
Han et al., 2013, 2016; Jiang et al., 2023; Murray et al., 2024). This contrast sug-
gests that more sophisticated investors on StockTwits may be able to better discern
valuable technical signals, making sentiment more informative on days when they
are more active.

To investigate this possibility, we measure message sophistication (FracProMsg)
as the fraction of messages contributed by self-reported professional investors for
each stock-day. We interact our strategy sentiment measures with FracProMsg
and modify Equation 2 by including both the interaction term and the standalone
FracProMsg. The corresponding stock-day panel regression results are reported in
Table 7.

We find that the coefficient on FracProMsg is positive and significant in pre-
dicting one-week-ahead returns, with no evidence of reversal over the following
two weeks. This result suggests that the mere presence of sophisticated users in
StockTwits discussions—regardless of whether their sentiment is bullish or bear-
ish—predicts higher future returns. A possible interpretation is that informed
traders are more likely to post when they observe bullish private or technical sig-
nals.

More importantly, the interaction between FracProMsg and TA or OS sentiment

is positive and significant, attenuating the otherwise negative return predictability
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of these sentiment measures.

By contrast, the predictive power of FA sentiment remains unaffected by the
presence of professional users, consistent with the idea that fundamental signals
are informative even when discussions are dominated by novice traders.

Taken together, these findings indicate that greater participation from profes-
sional users dampens the irrational sentiment embedded in technical and specu-
lative discussions, whereas fundamental analysis sentiment remains robust, sug-
gesting that novice traders are more likely to learn from sophisticated users than

the reverse.

5. Retail Strategies, Trading, and Price Informa-
tiveness

Our analysis demonstrates that StockTwits sentiments associated with differ-
ent investment approaches yield substantially different investment outcomes. A
natural question, however, is whether investors “talk the talk” without actually
“walking the walk.” In other words, do social media discussions reflect real trading
behavior, or are they just cheap talk? Since StockTwits does not provide brokerage-
level trading data, we cannot directly observe whether investors’ trades align with
their posts. Instead, we assess whether StockTwits sentiment is representative of
retail investor behavior by examining its relationship with aggregate retail order
flows, the informativeness of such flows, as well as the activities of those trading

on Robinhood.

5.1. Aggregate Retail Order Imbalance

We follow Boehmer et al. (2021) and Barber et al. (2022) to identify retail market
orders and to construct two alternative measures of retail order imbalance (OIB):

OIBftJZ Z and OIBftH 705 We then estimate the following stock-day panel regres-
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sions:

OIB,;, = Z [P 6Sentiment;‘?f{tp “ + BoAttention;; + v Xt + O + €. (3)
type
To align closely with market orders, we compute sentiment measures using only
messages posted during regular trading hours (9:30-16:00).

The regression results are presented in Panel A of Table 8. Column 1 shows
that intraday sentiments across all four strategy categories are positively associ-
ated with OIB®’##. A one-standard deviation increase in TA (FA) sentiment cor-
responds to a 0.386 (0.415) percentage point increase in retail order imbalance.

Column 2 confirms the results using OIB?#79%

, again finding strong and positive
contemporaneous relationships. Overall, these results demonstrate that intraday
StockTwits sentiment closely tracks retail trading during market hours, providing

credible information about investors’ actual trades.

5.2. Retail Order Flow Informativeness

Boehmer et al. (2021) show that aggregate retail market order imbalances are
informative and positively predict future stock returns. Building on this, we de-
compose retail order flows into strategy-specific components to assess how different
strategy types contribute to, or detract from, informativeness.

We first regress OIB on strategy-specific sentiments using the regression spec-
ification in Equation (3). The fitted values, OIBZtA, OIBftA, OIB%S, and OIBZ{V;S,
defined as Br° x Sentimentf’tpe, represent the component of OIB attributable to
each sentiment type. The residual from this regression, O/ Bf»f“d, captures the
portion of retail order flow unexplained by StockTwits sentiment. This component
may reflect either retail investors’ private information withheld from social media

or pure noise. Additionally, consistent with Cookson et al. (2024b), we find that

Attention is significantly and negatively related to the next-day return.
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We then regress next-day stock returns on the decomposed components:

Return;, = ,0IB;* + B,0IB; " + B;0IBy; + B,OIB.,° + B50IB ™" + v X, 1 + 0, + € p1.

(4)
Results are reported in Panel B of Table 8. Column 1 focuses on the decomposition
based on the OIB?/%% measure, while column 2 employs the alternative OIBZ#/05
measure.

Several findings stand out. First, TA- and OS-related order flows negatively
predict future stock returns, indicating that these strategies reduce the informa-
tiveness of retail orders. Second, FA-related order flows positively predict returns,
enhancing informativeness. Third, NS-related order flows exhibit little predictive
power. Finally, the residual component positively and significantly predicts stock
returns, suggesting that retail order flow includes valuable private information be-
yond what is shared on StockTwits.?!

Regarding economic magnitudes, a one-standard-deviation increase in FA-linked
OIB leads to a 1.1 basis-point increase in next-day returns. By comparison, a sim-
ilar increase in the residual component of OIB is associated with a 4.6 basis-point
increase. This implies that although many informed retail investors, as expected,
refrain from disclosing their information on social media and instead trade directly
on it, the portion that is revealed—about 24% of that withheld—is economically
meaningful.?? This result contrasts with the conventional view that informed in-
vestors remain entirely secretive and raises new questions about how investor be-
havior has evolved in the era of social media.

These findings shed light on a central debate over whether retail investors are
informed traders or primarily driven by behavioral biases, as discussed earlier. By

decomposing order flows into strategy-specific components, our approach highlights

21In Appendix Table A.8 reports the results using longer-term returns as dependent variables
(i.e.,returnsindayst+1tot+5,t+6tot+ 10, and ¢t + 11 to ¢ + 15. Appendix Table A.10 presents
the result based on rolling-window regression with OIB as dependent variables and StockTwits
sentiments as independent variables. In both specifications, we find no significant reversals in the
predictability results.

22Standard deviations of the OIB measures are reported in Appendix Table A.10.
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important heterogeneity: retail investors who rely on fundamental signals con-
tribute positively to price discovery, while those following technical or other specu-

lative signals generate order flows that predict returns in the wrong direction.

5.3. Intense Buying by Robinhood Investors

We next turn to a prominent subset of retail investors, those trading on the lead-
ing zero-commission platform Robinhood. Many Robinhood users are first-time
investors,?® and, as documented by Barber et al. (2022), they are particularly sus-
ceptible to attention-driven factors and speculative trading. These investors often
engage in intense buying episodes (“herding”), which are typically followed by sharp
price reversals. Extending this idea, we hypothesize that Robinhood investors are
also more responsive to social media discussions. This subsection, therefore, inves-
tigates the extent to which StockTwits sentiment helps explain Robinhood herding
behavior.

We employ RobinTrack data from May 2018 to August 2020. Following Barber
et al. (2022) and Welch (2022), we define episodes of intense buying—“buy herd-
ing”—as days on which stock i ranks among the top 10 stocks by the daily percent-
age increase in Robinhood users, conditional on at least 100 users holding the stock
on day ¢ — 1.

We then estimate the following stock-day panel regression:

RH _Herd,;, = Z Bivp eSentimentﬂp “ + BAttention;; + v Xt + 0 + 1 + €. (D)
type

Table 9 presents the regression results. Columns 1 through 4 separately ana-

lyze the predictive relationship between Robinhood herding and StockTwits sen-

timent for each investment strategy category (TA, FA, OS, NS). We find that all

sentiment categories are positively associated with buy herding, but the economic

magnitude is substantially larger for TA sentiment. Column 5 includes all senti-

23For example, see https:/newsroom.aboutrobinhood.com/robinhood-raises-280-million-in-series-
f-funding-led-by-sequoia/..
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ment categories, and the results remain consistent: each sentiment type predicts
herding, with TA sentiment showing the strongest relationship. A one—standard
deviation increase in TA sentiment raises the probability of herding by 0.062 per-
centage points, compared to 0.038 for FA sentiment and 0.033 for OS sentiment.
Taken together, these findings highlight a strong link between StockTwits senti-
ment and Robinhood herding. Among the different strategy types, technical analy-
sis sentiment displays the most pronounced association with crowded buying episodes,
consistent with the relatively poor performance of TA-based strategies. This pat-
tern resonates with the “crowded-trade” effect described by Stein (2009). In Stein’s
framework, quantitative strategies can underperform when traders, even if fully ra-
tional, cannot observe in real time how many others are following the same model.
This coordination failure amplifies price movements away from fundamentals.
Extending this logic to retail investors, the effect may be even more pronounced.
Technical signals are both salient and easy to grasp, making them especially ap-
pealing to inexperienced traders. However, retail investors often neglect the pos-
sibility that many others may be acting on the same signals in a similarly naive
fashion. Their limited use of shorting further tilts trades toward the buy side, gen-
erating crowded buying and sharp reversals. This provides a unifying explanation
for our earlier findings: TA sentiment not only predicts retail herding but also fore-

shadows the subsequent underperformance of TA-based strategies.

6. Conclusion

This study demonstrates the potential of integrating rich social media data with
LLMs to better understand investor trading strategies, sentiment, and trading be-
havior. By extracting trading strategies from social media posts, we show that retail
investors dynamically adjust their strategies in response to firm-specific news, past
performance, and peer feedback. Technical analysis (TA) becomes more prevalent

when firm-specific news is scarce, while fundamental analysis (FA) gains traction
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as news flow intensifies. Strategy adoption is also reinforced by prior success with
the strategy and by social validation, such as likes on messages.

Our empirical analysis reveals sharp differences in strategy effectiveness. TA-
and OS-based sentiment signals negatively predict returns, especially when social
media discussions are dominated by less sophisticated users, whereas FA-based
sentiment positively predicts returns. All sentiment categories are strongly asso-
ciated with retail buying, but TA sentiment stands out: FA-linked order flows are
informative about future returns, while TA- and OS-driven flows predict returns in
the wrong direction. TA sentiment also exhibits the strongest connection to intense
buying episodes on Robinhood, underscoring its role in crowded trading and sharp
reversals.

Taken together, the results illustrate how combining social media data with
LLMs provides a powerful new lens on retail trading—revealing how strategies
shaped by social interaction can both inform markets and destabilize them. Look-
ing ahead, this approach offers new opportunities for academic research, such as
examining how retail behavior interacts with institutional trading or influences
broader market dynamics. It also provides useful perspective for policy discussions
by helping identify conditions under which retail participation supports price dis-

covery versus when it may amplify vulnerabilities in financial markets.
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Fig. 1. Strategy Malleability: An Illustration

This figure presents anecdotal evidence of the malleability of investor strategies. The screenshots, sourced from the StockTwits platform, feature
a user, ACInvestorBlog, who self-identifies as a “Technical” strategist (as indicated in the user profile in Panel A). In Panel B, the user discusses
fundamental indicators in a post from August 20, 2025, stating “If Vivos executes its growth plan and achieves @4 2025 cash flow positivity, the report
could be seen as a turning point, definitely a double digits stock.” In contrast, Panel C shows the user discussing technical signals in a post from August
6, stating “6GNS measured move of breakout is 2.5 which nearly aligns with the June 2024 support (now resistance) The volume is perfect. Lets see how it
closes.” The red rectangular boxes have been added for emphasis and are not part of the original screenshots.
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Fig. 2. TA Adoption Probability Across Self-Declared Approaches

This figure plots the distribution of Technical Analysis Probability scores for StockTwits messages,
grouped by users’ self-declared investment approaches. Each message receives a probabilistic score
from the TechBERT model, where higher values indicate a greater likelihood that the message
employs technical analysis. For each investment approach subgroup, the histograms report the
frequency of messages across probability levels.
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Fig. 3. TA Adoption Probability Across Self-Declared Investment Horizons

This figure plots the distribution of Technical Analysis Probability scores for StockTwits messages,
grouped by users’ self-declared investment horizons. Each message receives a probabilistic score
from our fine-tuned TechBERT model, where higher values indicate a greater likelihood that the
message employs technical analysis. For each investment horizon subgroup, the histograms report
the frequency of messages across probability levels.
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Fig. 4. Word Clouds of Technical Analysis Messages

This figure presents word clouds derived from StockTwits messages classified as technical
messages (Technical Analysis Intensity > 0.95). Panel A displays the word cloud for the most
frequent unigram (single-word) terms, and Panel B shows the word cloud for the most frequent
bigram (two-word) phrases.
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Fig. 5. FA Adoption Probability Across Self-Declared Approaches

This figure shows the distribution of Fundamental Analysis Intensity scores for messages
posted on StockTwits, grouped by users’ self-declared investment approaches. Each message is
assigned a probabilistic score, generated by our fine-tuned BERT model, where higher values
indicate a greater likelihood that the message employs fundamental analysis. For each investment
approach subgroup, the histograms show how often messages appear at different probability levels.
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Fig. 6. FA Adoption Probability Across Self-Declared Horizons

This figure presents the distribution of Fundamental Analysis Intensity scores for messages
posted on StockTwits, grouped by users’ self-declared investment horizons. Each message is as-
signed a probabilistic score, generated by our fine-tuned BERT model with higher values indicating
a greater likelihood that the message employs fundamental analysis. For each investment horizon
subgroup, the histograms show how often messages appear at different probability levels.
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Fig. 7. Word Clouds of Fundamental Analysis Messages

This figure presents word clouds derived from StockTwits messages classified as fundamen-
tal messages (Fundamental Analysis Intensity > 0.95). Panel A displays the word cloud for the
most frequent unigram (single-word) terms, and Panel B shows the word cloud for the most
frequent bigram (two-word) phrases.
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Table 1: Summary Statistics

Panel A reports summary statistics for the message-level sample, restricted to messages from
users with available self-reported biographical data. The reported variables include the frequency of
identified trading strategies (Technical Analysis (TA), Fundamental Analysis (FA), Other Strategies (OS)),
self-reported investor profiles (Technical Investor, Long-Term Investor, Swing/Day Trader, Professional,
and Novice), message length (number of words), and TF-IDF weighted keyword scores for technical and
fundamental analysis based on word lists from Cookson and Niessner (2020). Panel B presents summary
statistics for variables in the stock-day level sample, including sentiment scores derived from StockTwits
messages categorized by strategy types: TA, FA, OS, and NS (Non-Strategy). We also report investor
attention, retail order imbalance (OIB) based on methodologies from Boehmer et al. (2021) and Barber
et al. (2023a), as well as firm characteristics including market capitalization, book-to-market, asset
growth, gross profitability, analyst coverage, institutional ownership, maximum daily return in the prior
month (MAX), abnormal turnover, and abnormal news article volume. Panel C reports correlations of
sentiment scores across strategy types. The sample period spans January 2010 to June 2023. Detailed
variable definitions are provided in Appendix Table A.2.

Panel A: Message-Level Sample with Self-reported User Information

N Mean Median StdDev  10th  25th 75th 90th
Usage™™ 21,641,362 0.14 0.00 0.35 0.00 0.00 0.00 1.00
Usage!™4 21,641,362 0.17 0.00 0.37 0.00 0.00 0.00 1.00
Usage©® 21,641,362 0.11 0.00 0.31 0.00 0.00 0.00 1.00
Technical Investor 21,641,362 0.57 1.00 0.50 0.00 0.00 1.00 1.00
Long-Term Investor 21,641,362 0.22 0.00 0.42 0.00 0.00 0.00 1.00
Swing or Day Trader 21,641,362 0.59 1.00 0.49 0.00 0.00 1.00 1.00
Professional 21,641,362 0.32 0.00 0.46 0.00 0.00 1.00 1.00
Novice 21,641,362 0.14 0.00 0.35 0.00 0.00 0.00 1.00
Number of Words 21,641,362  14.70 10.00 17.19 3.00 5.00 18.00 27.00
Technical7¥—1PF 21,641,362 0.02 0.00 0.06 0.00 0.00 0.01 0.05
Fundamental”#—!P¥ 21 641,362 0.01 0.00 0.03 0.00 0.00 0.00 0.02

Panel B: Stock-Level Sample

N Mean Median StdDev 10th  25th 75th 90th
Sentiment!4 2,974,934  0.23 0.00 0.53 0.00 0.00 1.00 1.00
Sentiment/4 2974934 0.29 0.00 0.57 0.00 0.00 1.00 1.00
Sentiment©° 2974934 0.16 0.00 0.50 0.00 0.00 0.25 1.00
Sentiment™® 2,974,934  0.26 0.00 0.62 -1.00 0.00 1.00 1.00
Attention 2,974,934  0.09 0.01 0.62 0.00 0.00 0.04 0.15
OIBB7%Z 2,974,934 -0.01 -0.00 0.27 -0.33 -0.14 0.12 0.29
OIBBHJOS 2974934 -0.01 0.00 0.25 -0.28 -0.11 0.11 0.25
Log(Market Cap) 2,974,934 7.12 7.14 2.52 3.68 525 8.95 10.53
Book-to-Market 2974934 0.63 0.39 0.82 0.09 0.19 0.77 1.33
Asset Growth 2,974,934 1.07 1.00 0.54 0.89 0.96 1.05 1.17
Gross Profit-to-Asset 2,974,934  0.05 0.05 0.09 -0.04 0.01 0.09 0.15
Analyst Coverage 2,974,934 9.74 7.00 8.98 1.00 3.00 15.00 23.00
Institutional Ownwership 2,974,934 0.60 0.69 0.32 0.09 0.33 0.86 0.96
MAX 2,974,934  0.08 0.06 0.09 0.02 0.03 0.10 0.16
Abnormal Turnover 2,974,934 -0.11 -0.11 0.63 -0.81 -0.44 0.22 0.61
Abnormal News 2,974,934 -0.50 -0.53 0.98 -1.71  -115  0.00 0.65

Panel C: Correlations Between Sentiments across Strategy Types
Sentiment”®  Sentiment”4  Sentiment®®  Sentiment™*°

Sentiment”4 1.000

Sentimentf'4 0.128 1.000

Sentiment©® 0.127 0.097 1.000

SentimentV° 0.090 0.084 0.102 1.000
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Table 2: LLM-Classified Strategies and Investor/Stock Attributes

This table reports panel regressions relating LLM-classified trading strategies in StockTwits
messages to three sets of covariates: (i) self-declared investor attributes, (ii) message-specific
attributes, and (iii) user and stock characteristics. Panels A, B, and C correspond to a message’s use
of Technical Analysis (TA), Fundamental Analysis (FA), and Other Strategies (OS), respectively.
The regression is estimated at the individual message level, following the specification:

type i st message
Usage Yyp — /61X;‘”v€q or + 622' g + FES + Ei,j,t,na

4,4,t,m Jritm

where Usageﬁ%{’z ,, 1s an indicator variable equal to one if message n, posted by investor j about stock

i on day t, is classified into strategy type TA, FA, or OS by LLMs. Investor-level characteristics
(X ;””esmr) include self-reported indicators such as Technical Investor, Long-Term Investor, and
Professional Investor. Message-specific attributes (Z';;}'?°) include the TF-IDF weighted scores for
technical and fundamental keywords and the log of the number of words. We consider combinations
of fixed effects, including date, stock, investor, and stock xinvestor fixed effects. Standard errors
are clustered by investor, stock, and date, with ¢-statistics reported in brackets. *** ** and *

denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A. Technical Analysis Usage

Usage!'4

1,7,t,n
(1) (2) 3) 4)
Technical Investor; 0.103*** 0.075*** 0.068***
[19.74] [17.50] [17.39]
Swing or Day Trader; 0.020*** 0.022***
[3.39] [4.17]
Long-Term Investor; -0.028*** -0.023**
[-6.10] [-5.63]
Professional ; 0.047*** 0.033***
[6.45] [5.28]
Novice; -0.022*** -0.014***
[-7.46] [-5.32]
Technical; |, """ 0.799*** 0.654***
’ [40.24] [39.56]
Fundamental! |, '”* -0.632""* -0.498"**
[-26.71] [-28.51]
Log(Number of Words; ; ; ») 0.049*** 0.043***
[18.93] [26.78]
Date FEs No No Yes Yes
Stock FEs No No Yes No
Investor FEs No No No No
Stock x Investor FEs No No No Yes
N 21,641,362 21,641,362 21,641,218 20,630,883
R? 0.022 0.030 0.084 0.287
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Panel B. Fundamental Analysis Usage

Usagefft’n
(1) (2) 3) (4)
Technical Investor, -0.073*** -0.052*** -0.042%**
[-12.02] [-11.12] [-11.11]
Swing or Day Trader; -0.026*** -0.015***
[-5.16] [-3.58]
Long-Term Investor; 0.038*** 0.032***
[4.80] [4.78]
Professional,; 0.034*** 0.018***
[4.06] [3.05]
Novice; -0.031** -0.016***
[-8.80] [-5.90]
Technical! |, /°" -0.319"* -0.234"+*
[-22.32] [-23.59]
Fundamental! /""" 0.761** 0.567***
[16.87] [17.11]
Log(Number of Words; ; ; ») 0.137** 0.125***
[47.15] [68.24]
Date FEs No No Yes Yes
Stock FEs No No Yes No
Investor FEs No No No No
Stock x Investor FEs No No No Yes
N 21,641,362 21,641,362 21,641,218 20,630,883
R? 0.009 0.016 0.161 0.325
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Panel C. Other Strategy Usage

Usage??, ,
(1) (2) (3) (4)
Technical Investor; 0.032*** 0.017*** 0.014**
[14.43] [8.53] [7.73]
Swing or Day Trader; 0.011*** 0.012***
[5.01] [5.27]
Long-Term Investor; -0.016**~ -0.013***
[-6.94] [-5.91]
Professional 0.022*** 0.015%**
[7.44] [5.71]
Novice; -0.015*** -0.011***
[-9.78] [-7.41]
Technical |, '"* 0.220** 0.185"**
[15.53] [15.10]
Fundamental! /, 1PF -0.275% -0.211%
[-23.04] [-20.94]
Log(Number of Words; ; ; ») 0.029*** 0.032***
[23.86] [47.78]
Date FEs No No Yes Yes
Stock FEs No No Yes No
Investor FEs No No No No
Stock x Investor FEs No No No Yes
N 21,641,362 21,641,362 21,641,218 20,630,883
R? 0.003 0.005 0.021 0.145




Table 3: Retail Strategy Malleability

This table presents panel regression results examining the malleability of retail investors’
trading strategies. The regressions examine how news coverage, investor performance, and social
feedback influence strategy usage. The regressions are estimated at the individual message level,
following the specification:

type

type
7,7,t,n +

=p1News Coverage; , + BoInvestor Performance; ;"™

BsSocial Feedbacktype1 + BaXijtn + FEs+ € jtn,

Usage

where Usageff’ﬁ’ fn is an indicator equal to one if message n, posted by investor j about stock i on day
t, is classified as strategy type TA, FA, or OS. News Coverage, , includes firm-day-level indicators
for earnings news, analyst news (e.g., recommendations, price targets) or other business news (e.g.,
mergers, credit ratings, labor issues) on day ¢. Investor Performance it | captures strategy-specific
past performance over the prior three months, with High (Low) Performance indicating top
(bottom) quartile performance. Social Feedback?’tp ¢, reflects the total number of likes received for
strategy-specific messages in the prior three months with High (Low) Likes representing the top
(bottom) quartile. X ;. , is a vector of additional controls varying across panels. Panel A includes
controls for strategy usage over the past three months. Panel B adds public news controls. Panel
C further controls for past strategy performance. All regressions include investor, stock, and date
fixed effects. Standard errors are clustered by investor, stock, and date, with ¢-statistics reported in
brackets. *** ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A. Public News

Usage#, | Usage/?, , Usage??, ,
(D (2) 3)
I(Earnings News); ; -0.025%** 0.048*** -0.011***
[-15.68] [20.32] [-13.14]
I(Analyst News), ; -0.019*** 0.014*** -0.005***
[-19.20] [8.79] [-9.08]
I(Business News); ; -0.023*** 0.014*** -0.007***
[-20.52] [10.14] [-12.71]
Past-Strategy Usage Yes Yes Yes
Investor FEs Yes Yes Yes
Stock FEs Yes Yes Yes
Time FEs Yes Yes Yes
N 15,925,616 15,925,616 15,925,616
R? 0.204 0.209 0.073
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Panel B. Strategy Performance

UsageZﬁm Usage/ ﬁt,n Usagegfm
(1) (2) (3)
High Performance’;! -0.001 -0.000 -0.000
[-0.63] [-0.05] [-0.16]
Low Performance%{‘ -0.007* 0.008*** -0.002
[-2.51] [2.59] [-0.83]
High Performance!/* 0.003 -0.002 0.001
[1.63] [-1.18] [0.56]
Low Performancef{‘ 0.005*** -0.005*** 0.003***
[3.08] [-2.88] [2.95]
High Performance?; -0.005** 0.007** -0.001
[-2.22] [2.23] [-0.67]
Low Performance?’? -0.002 0.002 -0.001
[-1.10] [0.71] [-0.52]
Past-Strategy Usage Yes Yes Yes
Public News Yes Yes Yes
Investor FEs Yes Yes Yes
Stock FEs Yes Yes Yes
Time FEs Yes Yes Yes
N 3,542,296 3,542,296 3,542,296
R? 0.106 0.091 0.039
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Panel C. Social Feedback

Usage;fﬁm Usage/ f}m Usage%?m
(1 (2) 3)
High Likeszg4 0.013*** -0.002 -0.003*
[4.62] [-0.69] [-1.85]
Low Likesf;4 -0.013*** 0.007*** 0.001
[-6.38] [3.35] [0.67]
High Likesfth -0.008*** 0.015*** -0.005***
[-3.24] [4.59] [-2.90]
Low LikesftA 0.011%** -0.017*** 0.008***
[4.90] [-8.15] [4.14]
High Likesgf -0.009*** -0.005** -0.000
[-3.33] [-2.44] [-0.24]
Low Likesfts 0.006*** 0.005** -0.001
[2.94] [2.20] [-0.98]
Past-Strategy Usage Yes Yes Yes
Past-Strategy Performance Yes Yes Yes
Public News Yes Yes Yes
Investor FEs Yes Yes Yes
Stock FEs Yes Yes Yes
Time FEs Yes Yes Yes
N 3,542,296 3,542,296 3,542,296
R? 0.106 0.091 0.039
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Table 4: Strategy-Specific Sentiment and Next-Day Stock Returns

This table reports panel regression results examining the daily stock return predictability of
retail investor sentiments by different strategy types. StockTwits messages are classified into four
investment strategy categories using our BERT models: Technical Analysis (TA), Fundamental
Analysis (FA), Other Strategies (OS), and Non-Strategy messages (NS). We estimate predictive
regressions at the stock-day level as follows:

Return; ;1 = 518entiment§f’tpe + BoAttention; ; + v Xt + 01 + €i 141,

where Sentimentfzp “ denotes investor sentiment toward stock i on day ¢, separately measured for
each strategy type (TA, FA, OS, or NS). Following Cookson et al. (2024b), sentiment is computed
as the difference between bullish and bearish messages normalized by their sum:

Bullish Bearish
Nz’,t - Nz’,t

Bullish Bearish *
N + N5

Sentiment; ; =

Attention; ; captures retail investor attention to stock i on day ¢, defined as the percentage of total

StockTwits messages that reference stock i on that day, % x 100. The vector X, .

includes control variables: log market capitalization, log book-to-market ratio, asset growth, gross
profitability, log analyst coverage, log institutional ownership, maximum daily return (MAX) in the
prior month, abnormal turnover, abnormal news article volume, and lagged returns over the prior
five trading days. All regressions include trading day fixed effects. Standard errors are clustered
by trading day, with ¢-statistics reported in brackets. *** ** and * denote statistical significance
at the 1%, 5%, and 10% levels, respectively.

Return; ;11 (%)

(1) (2) (3) 4) (5)
Sentiment/* -0.016** -0.015**
[-2.19] [-2.25]
Sentiment/;* 0.014* 0.017**
[2.17] [2.88]
Sentiment -0.027** -0.026***
[-3.57] [-3.73]
Sentiment/", -0.003 -0.002
[-0.56] [-0.30]
Attention, ; -0.056*** -0.056*** -0.056*** -0.056*** -0.056***
[-5.47] [-5.50] [-5.46] [-5.48] [-5.47]
Stock Characteristics Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
N 2,974,304 2,974,304 2,974,304 2,974,304 2,974,304
R? 0.089 0.089 0.089 0.089 0.089
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Table 5: Predicting Stock Returns at Longer Horizons

This table extends the analysis of daily return predictability from Table 4 to longer forecast-
ing horizons (up to 15 days ahead). Specifically, we estimate the following panel regressions at the
stock-day level:

Return; ;. = BlSentimentEf’tpe + BoAttention; ; + v Xt + 0 + € 14h,

where h denotes the return horizon: days¢+1tot+5,t+ 6 tot+ 10, or ¢t + 11 to ¢ + 15. Sentiments
(Sentiment}’’°) are based on messages classified by our BERT models into Technical Analysis
(TA), Fundamental Analysis (FA), Other Strategies (OS), and Non-Strategy (NS). All regressions
include trading day fixed effects. Standard errors are clustered by trading day, with corresponding
t-statistics in brackets. *** ** and * indicate statistical significance at the 1%, 5%, and 10% levels,
respectively.

Return; ;1115 (%) Return; ;s 6-5¢410 (%) Return; ;1 11-¢415 (%)

(@) (2) (3)
Sentiment* -0.060*** -0.056*** -0.016
[-3.65] [-3.65] [-1.09]
Sentimentfj{‘ 0.052*** -0.002 -0.001
[3.88] [-0.12] [-0.08]
Sentiment?ts -0.091*** -0.046*** -0.036**
[-5.30] [-2.73] [-2.28]
Sentiment” -0.027** -0.001 0.007
[-2.37] [-0.12] [0.64]
Attention; ; -0.164*** -0.083*** -0.065***
[-8.91] [-6.05] [-5.34]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 2,972,286 2,970,213 2,968,174
R? 0.105 0.108 0.112
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Table 6: Strategy Sentiment and Long-Short Portfolio Returns

This table reports the performance of long-short (L/S) trading strategies formed using retail
investor sentiments categorized by investment strategy types: Technical Analysis (TA), Fun-
damental Analysis (FA), and Other Strategies (OS). Following the signal-based strategy con-
struction proposed by Jensen et al. (2023), each L/S portfolio takes positions across the entire
cross-section of stocks with valid sentiment measures. The daily return of each L/S portfolio
is calculated based on the deviation of each stock’s sentiment from the cross-sectional average

N type N
Y S'yp _ Stype 7 1
wpesfs _ 2= ) =, where §"P¢ = — " S type € {TA,FA 08},

1 N t
2 Zj:l |SjypE - Stype| N j=1

r

We employ the approach of Nagel (2005) to mitigate potential confounding effects on the return
predictability of investor sentiments. Specifically, we estimate daily cross-sectional regressions of
sentiment measures on investor attention, market capitalization, abnormal turnover, and lagged
returns, and then use the residual sentiments to form the trading strategies. The table summa-
rizes the average daily returns and annualized Sharpe ratios of these sentiment-based strategies.
Panel A considers daily raw returns, and Panel B focuses on daily DGTW excess returns. For intu-
itive interpretation, TA and OS sentiment scores are multiplied by —1 when forming the respective
portfolios.

Average Daily Return (%) t-statistic SR (Annual)

Panel A. Raw Return

TA 0.04 2.91 0.86
FA 0.03 2.04 0.58
0S 0.04 2.92 0.83
Panel B. DGTW Excess Return

TA 0.04 3.21 1.00
FA 0.03 2.53 0.75
oS 0.03 2.55 0.75
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Table 7: Strategy Sentiment and Future Returns, by Investor Sophistication

This table reports regression results examining whether investor experience affects the predictive power of retail investor sentiment on stock re-
turns. Sentiment measures, categorized by trading strategy types (TA, FA, OS, and NS), are interacted with investor experience (FracProMsg).
FracProMsg is the fraction of messages posted by users self-identified as professional investors. All regressions include trading-day fixed effects.
Standard errors are clustered by trading day, and ¢-statistics are reported in brackets. *** ** and * denote statistical significance at the 1%, 5%, and
10% levels, respectively.

Return; ;1445 (%) Return; 16¢+10 (%) Return; ;4114415 (%)
1) (2) (3)
Sentiment!* -0.087** -0.089*** -0.032
[-4.00] [-4.37] [-1.60]
Sentiment//* 0.047*** 0.007 0.001
[2.77] [0.40] [0.04]
Sentimentf’),;g -0.116*** -0.063*** -0.055***
[-5.13] [-2.89] [-2.64]
Sentiment%s -0.031** -0.007 0.016
[-2.31] [-0.47] [1.20]
Sentiment!7* x FracProMsg; ; 0.107** 0.128*** 0.063*
' [3.03] [3.78] [1.95]
Sentimentf / x FracProMsg; ; 0.027 -0.026 -0.004
[0.75] [-0.77] [-0.11]
Sentiment?? x FracProMsg; 0.118"** 0.084** 0.085**
[2.90] [2.15] [2.24]
Sentiment® x FracProMsg; 0.035 0.032 -0.039
[1.26] [1.15] [-1.45]
FracProMsg; ¢ 0.054** 0.017 0.027
[2.27] [0.71] [1.21]
Attention; , -0.161*** -0.081*** -0.064***
[-8.78] [-5.94] [-5.25]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 2,972,286 2,970,213 2,968,174
R? 0.105 0.108 0.112




Table 8: Strategy Sentiment, Retail Trading, and Informativeness

This table reports regression results examining the contemporaneous relationship between
retail investor sentiment and aggregate retail order imbalances, as well as the informativeness of
sentiment-driven order imbalances for next-day stock returns. Panel A examines the contempora-
neous relationship between retail investor sentiment, as categorized by investment strategy type:
Technical Analysis (TA), Fundamental Analysis (FA), Other Strategies (OS), and Non-Strategy
(NS) and aggregate retail market order imbalances (OIB). To align closely with market orders,
we compute sentiment measures only using messages posted during regular trading hours (.e.,
9:30-16:00). We then estimate the following panel regression at the stock-day level:

OIB;; = Z ,B’t“’eSentimentﬁ;”t”e + BsAttention;; + Xt + 01 + €+, type € {TA,FA OS,NS}.
type

The dependent variable OIB is measured using two methods, following Boehmer et al. (2021)
(BJZZ) and Barber et al. (2022) (BJHOS). Panel B investigates the informativeness of sentiment-
driven OIB for predicting next-day stock returns. Specifically, we first decompose OIB into
strategy-specific components by regressing OIB on the sentiments of all four strategy types
simultaneously. These sentiment-driven OIB components, defined as 3t¥P¢ x Sentimentf-ipe, are
then used to predict next-day returns. The explanatory and control variables are defined as in
Table 4. All specifications include trading-day fixed effects. Standard errors are clustered by stock
and trading day in Panel A and by trading day in Panel B. Corresponding ¢-statistics are reported
in brackets. *** ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A. Retail Net Buying

OIBftJZZ (%) OIBftHJOS (%)
(@) (2)
Sentiment}j{‘ 0.728*** 0.975%**
[17.48] [24.97]
Sentiment//* 0.566*** 0.612***
[15.02] [16.33]
Sentiment?;” 0.719*** 0.792***
[19.06] [22.89]
Sentiment[",* 0.485** 0.634**
’ [13.57] [18.20]
Attention; ; 0.385*** 0.481***
[2.75] [3.38]
Stock Characteristics Yes Yes
Lagged Returns Yes Yes
Time FE Yes Yes
N 2,974,934 2,974,934
R? 0.009 0.012
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Panel B. Retail Order Informativeness
Return; ;41 (%)

1) (2)
OIB//##7T4 -3.557+
[-3.17]
OIB//##F4 5.555%**
[2.98]
OIBP/#%:0% -6.884%**
’ [-4.58]
OIBZ/#%NS -0.042
’ [-0.02]
OIBftJZZ,Resid 0173***
’ [13.62]
OIB/17o% T4 12,5247
’ [-3.15]
OIBftHJOS,FA 4.955%*
' [2.99]
OIB}/179%08 -5.428***
[-4.57]
OIB[/17O%NS -0.038
[-0.03]
OIB[/!/0% ftesid 0.243***
[18.25]
Attention; ; -0.056*** -0.056***
[-5.50] [-5.55]
Stock Characteristics Yes Yes
Lagged Returns Yes Yes
Time FE Yes Yes
N 2,974,304 2,974,304
R? 0.089 0.089
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Table 9: Strategy Sentiment and Intense Buying by Robinhood Users

This table investigates the contemporaneous relationship between retail investor herding on
Robinhood and sentiment derived from StockTwits messages, categorized by strategy type:
Technical Analysis (TA), Fundamental Analysis (FA), Other Strategies (OS), and Non-Strategy
(NS). We estimate the following panel regression at the stock-day level:

RH _Herd,; ; = ﬁlsentimentﬁpe + BoAttention;  + v Xt + 01 + €4,

where the dependent variable, RH_Herd, ;, is an indicator equal to one if stock i is among the
top 10 stocks ranked by daily percentage growth in Robinhood users holding the stock, provided
that at least 100 users held the stock at the end of day ¢ — 1, as defined in Barber et al. (2022).
Robinhood user account data span May 2018 through August 2020, sourced from RobinTrack. The
explanatory and control variables are defined as in Table 4. All regressions include trading-day
fixed effects. Standard errors are clustered by stock and trading day, and ¢-statistics are reported in
brackets. *** ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

RH_HeI‘st (%)

(1) (2) 3 4 (5)
Sentiment]* 0.137*** 0.117***
[6.40] [6.18]
Sentiment/;* 0.090*** 0.066***
[4.88] [4.09]
Sentiment 0.090*** 0.066***
[3.86] [3.13]
Sentiment/", 0.035*** 0.019
[2.76] [1.62]
Attention, ; 1.183*** 1.185*** 1.185*** 1.188*** 1.180***
[3.70] [3.70] [3.70] [3.70] [3.71]
Stock Characteristics Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
N 554,877 554,877 554,877 554,877 554,877
R? 0.013 0.013 0.013 0.013 0.013
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Appendix A.

A.1. Comparing Classification Approaches

Our main approach is to first generate message-level strategy labels using GPT-
4 Turbo and then use these labels to fine-tune a BERT model (namely, TechBERT)
for our classification task. We compare this method against two alternative ap-
proaches: fine-tuning a BERT model on users’ self-declared investment approaches
and a traditional dictionary-based method.

First, we evaluate the model trained on self-declared labels. Since some Stock-
Twits users self-declare their investment approach, we can fine-tune a BERT model
on messages from these users. To do this, we randomly sample 20,000 messages
from this group and assign a message-level label based on the user’s self-declaration.
After fine-tuning a BERT model on these labels, we apply it to classify all Stock-
Twits messages. Figure A.1 presents the predicted probability (investment ap-
proach intensity) from this model. The results show that this approach fails to
reliably classify messages. For example, the top-left panel shows the distribution
of technical analysis (TA) intensity for messages from self-declared technical in-
vestors. The predicted probability of TA intensity is relatively low, with most mes-
sages scoring below 50%. This poor performance is likely because investors use
diverse strategies and often post messages that do not align with their primary,
self-declared approach.

Next, we compare our TechBERT model against the self-declared model using
a manually-labeled dataset. Figure A.2 displays the TA intensity scores for 500
human-classified messages. The top panels show that TechBERT provides a clear
classification: most human-labeled technical messages receive a high TA intensity
score, while most non-technical messages receive a low score, creating a distinct
separation. In contrast, the bottom panels show that the BERT model trained on
self-declared approaches fails to clearly delineate between the two message types.
While the average TA intensity is higher for the human-labeled technical mes-
sages, the distribution is not bimodal, making it difficult to set a clear classification
threshold.

Finally, we assess the dictionary-based, bag-of-words (BoW) approach. Fig-
ures A.3 and A.4 present the TA and fundamental analysis (FA) intensity scores
calculated using the word lists from Cookson and Niessner (2020). Similar to the
self-declared model, the BoW approach does not produce a bimodal distribution.
For instance, messages from self-declared technical investors largely receive a BoW
TA intensity score close to 0. Likewise, messages from most fundamental investors
receive a BoW fundamental score near 0.

Taken together, our analyses highlight the power of using large language models
to generate high-quality training data and demonstrate the ability of smaller, fine-
tuned models to effectively learn from this data for specific classification tasks.

59



A.2. Additional Tables and Figures
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Fig. A.1. Strategy Classification Using Self-Declared Style + BERT
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1.0

This figure presents histograms of message-level classification probabilities from a BERT
model fine-tuned on a random sample of messages combined with users’ self-declared investment
styles. The model assigns each message a probability of belonging to one of six strategy types. For
each self-declared strategy type, a panel shows the distribution of BERT-classified probabilities
that messages are identified as relying on that same strategy.
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Panel A. Approach 1: GPT + BERT
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Fig. A.2. Evaluating Strategy-Classification Methods against Human-
Labeled Benchmark

This figure compares the performance of two alternative strategy-classification methods.
The first approach uses GPT-4 Turbo to classify a random sample of messages, and the resulting
labels are used to fine-tune a BERT model. The second approach fine-tunes a BERT model using
a random sample of messages combined with users’ self-declared investment styles. To evaluate
performance, we construct a “ground truth” benchmark consisting of two message samples
classified by research assistants: (I). Human-Labeled technical messages and (II). Human-labeled
non-technical messages. Each method is then applied to classify the benchmark messages and
produces a probability that a message relies on technical analysis. Panel A presents histograms of
technical-analysis probabilities from the first approach for Sample I (left) and Sample II (right).
Panel B presents the corresponding histograms from the second approach.
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Fig. A.3. TF-IDF Scores of TA Keywords Across Self-Declared Investment
Approaches

This figure shows technical words TF-IDF scores at the message level. The technical word
dictionary is obtained from Cookson and Niessner (2020). Each panel presents the distribution of
TA keywords TF-IDF scores for a self-declared investment approach.
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Fig. A.4. TF-IDF Scores of FA Keywords Across Self-Declared Investment
Approaches

This figure shows fundamental words TF-IDF scores at the message level. The fundamental
word dictionary is obtained from Cookson and Niessner (2020). Each panel presents the distribu-
tion of FA keywords TF-IDF scores for a self-declared investment approach.
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Table A.1: Examples of GPT Responses

Response to the TA Prompt

Message

Ticker

Score

Indicators

10

11

12

13

14

$IOVA Biotechnology Company, Phase 2, Hammer, Sup-
port Line, Oversold, JMP Securities $38, Q4: Institu-
tional Bought $77M, Sold $13M, Speculation Trade, En-
try: Above $24

$CVS if it can hold firmly above $106 will signal entry at
the close as well. Stops tight at $104

$RETA 10 wk SMA has caught up. $300 stock btw, Liv-
ermore’s finest

RT @mentholatum $AAPL the oversold compression on
AAPL will release... another $50 up day maybe....
when????.... Someday soon// Bold call

$AAPL next retracement $100.36 which is 38.2% of the
move down. should be coming within next hr

$ACOR Acorda Therapeutics (ACOR, $8.65) was this
week’s top stock market loser, declining -10%. Expect a
Downtrend reversal

$META Bout to break the big $100 level then breakdown
further.

$SAIC Science Applications International Corporation
(SAIC) has been systematically hitting all-time highs in
the last 10 days. Science Applications International Cor-
poration (SAIC) price climbed on Wednesday a 2.17%
ending at $103.10 and marking the n

$PETS new retail shorts probably got in at 35 or lower,
this will fly on short covering above $38.50ish when most
down over 10%

10:27:29 AM Makes fresh HOD $CARA $19.55 +12.2%
ON 1,400K VOL (ISW Pre-Market Watch/Scan)

$TSLA added more under $890 ... well it has been while
since last time I played with TSLA... I just love how their
earning growing and what ELON said... I still expect
volatile days but worth to start adding... GL

$MSFT Lmaooo you bears are dumb as shit. I sold all my
Bitcoin to buy shares at $275 hand over fist.

$MU I picked up some of the $25s for a punt...Company is
undervalued massively...if they deliver, this soars > 15%.
$ETSY at $13.66 - Sell Stock Market Alert sent at 10:14
AM ET #stocks

IOVA

CVS

RETA

AAPL

AAPL

ACOR

META

SAIC

PETS

CARA

TSLA

MSFT

MU

ETSY

2

Hammer,
Oversold

Support Line,

Support Level, Stop Loss
10 wk SMA

Oversold Compression

Fibonacci Retracement

Downtrend Reversal

Breakdown

All-time Highs

Short Covering

HOD, Volume
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Response to FA Prompt

Message

Ticker

Score

Indicator

10

11

12

13

14

Actually nervous to see $AAPL earnings. People expect
too much and realistic is never good enough. Still funda-
mentally one of best stocks.

ioDrive2 qualifications a negating effect for $FIO rev-
enues next quarter? BS imo. What about ioDrive which
probably takes 2-3 qrtrs??

$CHK company should just put itself up for sale....assets
are worth way more than the current stock price....no
doubt

$NTAP not liking that discussion of non-organic rev was
down 9% last yr in 1q

Piper Jaffray details 10 Apple strengths for share price
run up to $1000 - report $AAPL

$CSTR People waking up to fact $CSTR has 2 dying
businesses—DVDs and Coincashing(anyone ever hear of
debit cards and streaming)

Rising selling margin on full-price goods is a good sign
only if folks are buying more of them. Sadly not the case
for Penney $JCP

Or that it’s trading at 0.5 P/B (historically trades at 1.2-
2.0 P/B)? @Thinkb4trading $AIG- does anyone realize the
PE ratio is "3"?

$TSLA A lot of batteries will be needed in Florida.
Quasi Republican Elon, to the rescue, selling batteries
to Florida in need. Heard Generac is ready for high de-
mand for batteries.

$AMC Good news they just finished Filming Honey I
Shrunk the Kids 2 !!

$TLRY my first very small position with 850 shares
(bought last week) isn’t printing yet... time to buy
more... thisisimo one of the best plays for eoy... enough
catalysts in front of us... double digits and more... ev-
erybody buying options/shares here?

Earnings whisper says $SOFI will beat. I'm bullish on
the name for growth

in one week, may see that again, gets us to 335 level ev-
eryone is talking about $AAPL

if $AAPL dips below 435 tmrow, I'm going to jump in with
some of the wkly calls - even if they are expensive - and
write some more puts too

AAPL

FIO

CHK

NTAP

AAPL

CSTR

JCP

AIG

TSLA

AMC

TLRY

SOFI

AAPL

AAPL

2

earnings

revenues

assets

revenues
analyst-ratings

products-services

revenues

assets

products-services

products-services

products-services

earnings
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Response to the Strategy Prompt

Message

Ticker

Score

Category

10

11

12

13

14

$AAPL looks like it is being pegged to the $600 quarterly
option strike

$AAPL BTO Jan 2013 $650 Call @ $64; BTC May 2012
$750 Call @ $3.25 & May 2012 $775 @ $1.9 for approx.
20% overnight gains.

Watching $AAPL expiring 620 puts, tide could turn fast
: $1.25 x 1.39:

I think this is a pretty big negative for this stock, could
test those 80 cents-$1 lows in 2009. Really is bad news
for capital plans $GNW

Wow, any bond funds that bought the $HGSI convert
straight up in Nov must be feeling very good. Now fetch-
ing $126 after being as low as $84.

$CHK got filled on June Put Spread, got out of weekly put
from Friday.. in @ .09 out today @ .23. Now long June $17
and short June $12

RT @GOODGREED: $AAPL $610 tomorrow as shorts
panic to cover...

$DNKN- congrats to macro investors here- been pound-
ing the table on this one the last few month- $33 close
would be good

“@tunwang: $META huge earnings on mobile, way to
go. will get back to above $50.?” Where it should belong
higher. Bullish.

$META if you dumped below $50.... good. burn with the
rest pussbags

$TTWO HUGE block trades: 131355 shares traded -
$17.91 @ 3pm yesterday & 45900 shares traded -$17.91
@ 07:50:08 today.

$T What’s with the recent rise of ATT? It’s gone from
around the $34 range to $36+? Someone fill me in please
$HK WTI Crude down to $94.98 & Brent down to
$106.69. Could be impacking Halcon Resouces Corp.
$TSLA fortunately my trigger was number hit, their sys-
tem went down before .. save me $5000 bucks. I would
have stopped out regardless

AAPL

AAPL

AAPL

GNW

HGSI

CHK

AAPL

DNKN

META

META

TTWO

HK

TSLA

event-driven strategy

event-driven strategy

event-driven strategy

event-driven strategy

event-driven strategy

event-driven strategy

event-driven strategy

macro

66



Table A.2: Variable Definitions

Variable Definition
Usage%{fn Indicator variables equal to one if message n, posted by investor j about stock i on day

Technical Investor;
Swing or Day Trader;
Long-Term Investor;

Professional;
o ]TF—IDF
Technical Gitm

FundamentalziFt’,L] prE

I(News Coverage); ;

High (Low) Performance;?tpf 1

High (Low) Likes ",

Number of Words; ;;
Sentiment,; ;

Sentiment!!
Sentiment!
Sentimentgts
Sentiment?”

Attention,;

OIB;,
RH Herding;

MAX, ,
Abnormal Turnover; ;

Abnormal News; ;

Market Capitalization, ;
Book-to-Market; ;

Asset Growth, ;

Gross Profits-to-Asset; ;
Analyst Coverage; ¢
Institutional Ownership; ;

t, is classified into strategy type TA, FA, or OS by our BERT models.

Dummy variable equal to one if investor i’s self-reported approach is “Technical” or
“Momentum”.

Dummy variable equal to one if investor ¢’s self-reported holding period is “Swing
Trader” or “Day Trader”.

Dummy variable equal to one if investor ¢’s self-reported holding period is “Long-Term
Investor”.

Dummy variable equal to one if investor ’s self-reported experience is “Professional”.
The TF-IDF weighted score for technical keywords in message n.

The TF-IDF weighted score for fundamental keywords in message n.

Firm-level daily indicators such as earnings news, analyst news (e.g., recommenda-
tions and price targets), and other business news (e.g., mergers, credit ratings, labor
issues).

Measures the performance of a hypothetical trading strategy that follows an investor’s
strategy-specific sentiment over the prior three months, calculated from the subse-
quent 5-day stock returns after their messages are posted. From this measure, we de-
fine High (Low) Performance as an indicator variable for investors whose performance
falls in the top (bottom) quartile (i.e., above the 75th or below the 25th percentile) of
the cross-sectional distribution.

Reflects the social feedback to an investor for each strategy. We measure an investor’s
social feedback based on the total number of likes on strategy-specific messages posted
over the prior 3 months. High (Low) Likes indicator is defined as the groups of in-
vestors based on the 75th and 25th percentiles of their received likes.

Total number of words in a given message.

The difference in the number of bullish and bearish messages to the sum of bullish and
NBtullmshithearzsh

bearish messages on stock i posted on Stocktwits in day ¢

Cookson and Niessner (2020).

Sentiment calculated using messages related to technical analysis.

Sentiment calculated using messages related to fundamental analysis.

Sentiment calculated using messages that are not related to other strategies.
Sentiment calculated using messages that are not related to technical analysis, fun-
damental analysis, or other strategies.

A measure of StockTwits users’ attention on stock 7 in week ¢, defined as the number
of messages on stock i divided by the total number of messages across all stocks, i.e.,
Attention;; = % (Cookson et al., 2024b).

Retail marketable volume imbalance on stock i in week ¢ following Boehmer et al.
(2021) (BJZZ) or Barber et al. (2023a) (BHJOS).

Indicator for top 1% of positive Robinhood user change ratio in week ¢ and a minimum
of 100 users at the end of week ¢ — 1 following Barber et al. (2022).

Maximum one-day return in the prior month.

Measure of abnormal trading volume, log(l + Turnover;;) — log(l +
i Zi:l Turnover; ;_p).

Measure of abnormal volume of news articles reported in Ravenpack, log(#News; ;) —
log(1+ 2 Sh_ #News; ;).

Market capitalization, calculated as price times shares outstanding.

Ratio of book value to market value.

Growth rate of annual total assets.

Ratio of gross profits to total assets.

Number of IBES equity analysts covering stock 1.

Fraction of shares outstanding held by 13F institutional investors.

5t followin,
’ Nqﬁ‘?r,u”uh+NiI?tgurlSh g
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Table A.3: Predicting Returns using Fama-MacBeth Regressions

This table presents the return predictability results with strategy-specific sentiments using
Fama-MacBeth regressions.

Return; ;1415 (%) Return; ;1 6¢110 (%) Return; 14+11-¢415 (%)

(1) (2) 3
Sentiment -0.047+** -0.055*** -0.016
[-3.51] [-4.35] [-1.31]
Sentiment/ 0.042%** -0.012 -0.011
[3.36] [-1.00] [-0.93]
Sentiment -0.064*** -0.032** -0.034***
[-4.41] [-2.27] [-2.61]
Sentimentf\’f -0.026** -0.003 0.004
[-2.54] [-0.26] [0.37]
Attention; ; -0.250*** -0.120*** -0.102***
[-7.71] [-4.53] [-4.33]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
N 2,972,286 2,970,213 2,968,174
R? 0.107 0.099 0.099
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Table A.4: Predicting DGTW Excess Returns with Retail Sentiments

This table examines the predictability of strategy-specific sentiments on DGTW excess re-
turns.

DGTW; 1115145 (%) DGTW; ;1 6-¢110 (%) DGTW; ¢ 1115t 415 (%)

(D (2) 3)
Sentimentgjt“‘ -0.059*** -0.059*** -0.024*
[-4.17] [-4.37] [-1.81]
Sentiment/ 0.048*** 0.000 -0.002
[3.97] [0.04] [-0.18]
Sentiment{; -0.063*** -0.031** -0.038***
[-4.10] [-2.16] [-2.70]
Sentiment?,* -0.025"* 0.002 0.005
' [-2.43] [0.19] [0.54]
Attention; -0.097*** -0.047*** -0.023**
[-6.14] [-4.19] [-2.45]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 2,662,982 2,660,293 2,657,567
R? 0.009 0.009 0.009
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Table A.5: Return Predictability on Stock-Day with At Least 10 Messages

This table revisits the analysis of daily return predictability using the sample requiring
stock-days to have least 10 Stocktwits messages as in Cookson et al. (2024b).

Return; ;115 (%) Return; ;46-¢+10 (%) Return; 1+11-¢415 (%)
(1 (2) 3)
Sentiment?4 -0.077** -0.085** 0.047
[-2.44] [-2.58] [1.62]
Sentiment/'4 0.194*** 0.071* 0.039
[4.99] [1.93] [1.08]
Sentiment®? -0.172%** -0.028 -0.038
[-5.03] [-0.92] [-1.36]
Sentiments -0.000 0.013 -0.008
[-0.00] [0.26] [-0.19]
Attention -0.081*** -0.046*** -0.038***
[-6.56] [-4.85] [-4.48]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 638,965 638,570 638,198
R? 0.107 0.114 0.128
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Table A.6: Predicting Returns with Cookson and Niessner (2020) Senti-
ment Measures

This table revisits the daily return predictability results in Table 4 using the alternative
sentiment measures computed based on the maximum entropy method proposed in Cookson and
Niessner (2020).

Return; ;11 (%)

(1) (2) 3 4) 6))

Sentiment]* -0.024** -0.022%*
[-3.13] [-3.18]
Sentiment/! 0.010 0.016***
[1.60] [2.69]
Sentiment?; -0.032*** -0.031***
[-3.91] [-4.03]
Sentiment'; -0.006 -0.002
[-0.99] [-0.40]
Attention; ; -0.055*** -0.056*** -0.055*** -0.056*** -0.055***
[-5.44] [-5.50] [-5.42] [-5.48] [-5.41]
Stock Characteristics Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
N 2,974,304 2,974,304 2,974,304 2,974,304 2,974,304
R? 0.089 0.089 0.089 0.089 0.089
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Table A.7: Predicting Returns by Sub-periods

This table presents the baseline results on the return predictability with retail investors’
strategy-specific sentiments by subperiods.

Return; ;11 (%)

(@)) (2) 3)
Sentiment] ! 0.008 -0.018* -0.027**
[0.96] [-1.72] [-1.97]
Sentiment/* -0.005 0.028*** 0.022**
[-0.52] [3.21] [2.01]
Sentimentgts -0.005 -0.026** -0.033***
[-0.57] [-2.49] [-2.64]
Sentiment/", -0.001 -0.003 -0.002
[-0.20] [-0.30] [-0.18]
Attention, ; -0.014** -0.160*** -0.121**
[-2.12] [-4.92] [-2.36]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FEs Yes Yes Yes
Periods 2010-2015 2016-2019 2020-2023
N 721,296 930,682 1,322,326
R? 0.093 0.051 0.104
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Table A.8: Retail Order Informativeness and Strategy Sentiment, Longer

Horizons

This table examines the longer horizon return predictability of retail market order imbal-

ance (OIB) driven by strategy-specific sentiments as in Table 8.

Panel A. Decomposing BJZZ Retail Order Flow

Return; ;11445 (%)

Return; t1 61410 (%)

Return; ;111415 (%)

1 (2) 3)
OIBB/2Z.T4 -13.473** -8.357+* -3.946
[-4.88] [-3.25] [-1.63]
OIBP/#2.14 10.292** -4.616 -6.052
[2.40] [-1.13] [-1.45]
OIB[/##:0% -20.966"** -9.416*** -5.834*
[-5.77] [-2.77] [-1.74]
OIB[/##N% -17.199* -4.204 1.325
[-3.42] [-0.83] [0.27]
OIBP/#7 Resid 0.261** 0.085*** 0.030
[9.42] [3.02] [1.06]
Attention, ; -0.162* -0.082*** -0.064***
[-8.89] [-6.01] [-5.31]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 2,972,286 2,970,213 2,968,174
R? 0.105 0.108 0.112

Panel B. Decomposing BHJOS Retail Order Flow
Return; ;1415 (%)

Return; ;6_s¢+10 (%)

Return; ¢ 1115t415 (%)

o) (2) (3)
OIB}/179%T4 -9.579*** -5.949*+* -2.808
[-4.87] [-3.25] [-1.63]
OIB}/!/o% 14 7.868** -3.513 -4.622
[2.40] [-1.13] [-1.45]
OIB[[170%0% -16.554"* -7.428*** -4.608"
[-5.77] [-2.77] [-1.74]
OIBPHIOSNS -9.962%** -2.415 0.758
’ [-3.43] [-0.83] [0.27]
OIB /1705 fresid 0.426*** 0.081*** 0.051
[14.27] [2.70] [1.58]
Attention, ; -0.163** -0.082+* -0.064***
[-8.94] [-6.02] [-5.32]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 2,972,286 2,970,213 2,968,174
R? 0.105 0.108 0.112
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Table A.9: Retail Order Informativeness and Strategy Sentiment, Alterna-
tive Measures

This table investigates the return predictability of sentiment-driven retail market order
imbalances, which are estimated using an alternative 252-day rolling-window method and
decomposed into strategy-specific components by regressing OIB on intraday sentiments of all four
strategy types. These sentiment-driven OIB components, which are not estimated only using the
past information, are then used to predict next-day returns.

Panel A. Decomposing BJZZ Retail Order Flow
Return; 141445 (%) Return; ;46¢+10 (%) Return; 1+11-¢415 (%)

1) (2) (3)
OIB/##T4 -15.594 -8.691*** -5.174**
[-6.15] [-3.63] [-2.29]
OIB/##14 4.661* -5.195** -4.735*
[1.69] [-2.00] [-1.82]
OIB}/##0% -15.849"* -7.543** -5.367*"
[-6.54] [-3.36] [-2.39]
OIB//##NS -3.385 1.023 1.736
[-1.49] [0.46] [0.78]
OIB[;/## fiesid 0.260*** 0.085*** 0.030
[9.41] [3.01] [1.07]
Attention, -0.163*** -0.082+** -0.064***
[-8.90] [-6.01] [-5.29]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 2,972,286 2,970,213 2,968,174
R? 0.105 0.108 0.112

Panel B. Decomposing BHJOS Retail Order Flow
Return; ;1115 (%) Return; ; 6-5¢410 (%) Return; ;1114415 (%)

(1) (2) 3)
OIB}/1/05 T4 -8.414*** -5.232+* -1.820
[-5.54] [-3.62] [-1.33]
OIB}/1705 4 6.512*** -2.299 -2.071
[2.66] [-0.99] [-0.89]
OIB}/1/9%08 -14.375** -7.796*+* -5.787"
[-7.09] [-4.22] [-3.10]
OIB}/1/O%NS -2.834* -0.363 0.900
[-1.71] [-0.22] [0.56]
OIB[/!/0% ftesid 0.425*** 0.080*** 0.050
[14.22] [2.69] [1.57]
Attention; ; -0.164** -0.083*** -0.065***
[-8.97] [-6.03] [-5.33]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FE Yes Yes Yes
N 2,972,286 2,970,213 2,968,174
R? 0.105 0.108 0.112
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Table A.10: Standard Deviation of OIB Measures

This table presents the standard deviation of the OIB measures for TA, FA, OS, NS, and
the residual components.

Variable BJZZ (x100) BHJOS (x100)
OIBTA 0.34 0.47
OIBI'4 0.19 0.25
OIB9* 0.25 0.31
OIBNS 0.15 0.26
OIBRESID 27.40 24.68
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