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Abstract

Using large language models, we analyze trading strategies expressed in over
77 million messages on a leading investor social media platform. We find that
stocks experiencing bullish sentiment in technical analysis (TA) posts tend to
have lower future returns and a higher likelihood of buy herding on Robinhood.
In contrast, sentiment extracted from fundamental analysis (FA)-related posts
positively predicts future returns. More intense TA posting is associated with
less informative retail order flows, whereas FA posting is positively linked to
flow informativeness. We further show that social media TA sentiment tends to
contradict signals derived from a state-of-the-art Al-based technical strategy,
and the profitability of the Al strategy largely stems from exploiting the TA
sentiment. Our findings provide insights into the investment approaches of
retail investors, the role of social media, and the interactions between different
market players in the era of social media and Al-powered trading.
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1. Introduction

There has been renewed interest in the role of retail investors in financial mar-
kets. The advent of fintech brokerage platforms and social media sites like Reddit
has spurred increased stock market participation by retail investors, raising impor-
tant questions about their decision-making processes and the impacts of their trad-
ing activities.! Simultaneously, many of the fintech brokerages engage in payment
for order flow (PFOF), which channels a significant portion of retail trades to so-
phisticated Al-powered high-frequency trading firms (e.g., Ernst and Spatt, 2022).
These dynamics thus pose new regulatory challenges for policymakers concern-
ing the impact of Al on financial markets, including, for example, how Al-powered
traders interact with retail investors (Dou et al., 2024).

This paper seeks to provide insights into the behavior and impact of retail in-
vestors by analyzing the strategies they employ and their interactions with Al-
powered strategies. Characterizing retail investors’ investment strategies is chal-
lenging, as these investors represent a diverse population with heterogeneous so-
cial economic backgrounds.? A promising trend in recent literature is the use of
surveys to gain insights into investor beliefs.? We propose an alternative approach
by applying large language models (LLMs) to analyze rich, real-time investor so-
cial media data. This enables us to infer the trading strategies retail investors use,
identify the factors influencing these strategies, and explore their implications for
financial markets. We document substantial heterogeneity in retail investor strate-
gies, and their varying levels of informativeness, and provide novel evidence on how
retail investors interact with sophisticated Al-powered strategies.

Our social media dataset consists of over 77 million messages posted by nearly

1For example, while evidence shows that retail investors are noise traders vulnerable to behav-
ioral biases (see, e.g., Barber and Odean, 2000; Kumar and Lee, 2006; Barber and Odean, 2008;
Barber et al., 2022; Bryzgalova et al., 2023), another body of research suggests that retail orders
can correctly predict future returns or provide liquidity (see, e.g., Kaniel et al., 2008; Kelley and
Tetlock, 2013; Boehmer et al., 2021; Welch, 2022).

2E.g., Barber and Odean (2000) document a few dimensions of retail investor diversity.

3See, for example, 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).



800,000 users on StockTwits, a leading investor platform, from 2012 to 2022. We
leverage LLMs to decipher the trading strategies employed by investors on this
platform.

We first focus on the extent to which StockTwits users engage in technical trad-
ing strategies, which aim to predict future outcomes based on past trends, rever-
sals, cycles, and other identifiable price patterns.* We find that a considerable por-
tion of posts mention technical rules—28% of the strategy-related messages refer-
ence technical trading. As expected, the use of TA is more common among investors
who self-report using technical or momentum trading styles. However, we also ob-
serve significant time-series variation in an individual user’s use of TA. Notably,
we observe that the release of earnings announcements, analyst forecasts, and rec-
ommendations significantly reduces TA-related posts, suggesting that StockTwits
users are more likely to rely on TA when other sources of information are scarce.

The prevalence of technical strategies among retail investors is particularly rel-
evant in today’s markets, given the rise of Al-driven trading. In particular, recent
theoretical work by Dou et al. (2024) shows that the interaction between Al-powered
sophisticated traders and naive, “information insensitive” investors, who rely solely
on technical analysis, can have significant implications for price efficiency.’

Motivated by the model, we empirically investigate its implications for the in-
teractions of these two types of traders. To capture Al-powered trading by sophisti-
cated investors, we utilize the state-of-the-art Al-based technical signal from Jiang
et al. (2023). First, we confirm that a long-short strategy based on this signal yields

a significantly positive abnormal return of 10.2% per annum in our sample. More

4This strategy is deeply rooted in antiquity and human psychology and has been widely used
throughout the history of financial markets (see Lo and Hasanhodzic 2010 for a review), making it
an ideal candidate for analyzing the decision-making of retail investors.

50n September 8, 2023, Nasdaq announced SEC approval for launching the Dynamic Midpoint
Extended Life Order (M-ELO), becoming the first exchange to offer an Al-powered order type. This
move reflects a growing trend among major industry players like MetaTrader, Two Sigma, Black-
Rock, and J.P. Morgan, who are integrating Al into their trading processes. Policymakers, regula-
tors, and financial market supervisors worldwide are focusing on understanding AI’s application in
trading, its impact on markets, and any unintended consequences. See SEC (2023) and Bagattini
et al. (2023) for examples of regulatory efforts on the application of Al technologies in securities
markets.



importantly, we document a significant negative correlation between the sentiment
of the Al signal and the StockTwits TA sentiments. Given that both the Al signal
and the StockTwits TA sentiment are grounded in technical strategies, this nega-
tive relationship raises important questions about how these two types of traders
might interact.

We investigate this question by examining how the profitability of the Al signal
varies with StockTwits TA sentiment. We find that the Al signal generates partic-
ularly large profits when trading against TA sentiment, with an annualized return
of 13.40%, a 31% increase over the unconditional Al portfolio return. In sharp con-
trast, the Al signal is no longer profitable when trading in the same direction as
the TA sentiment. These findings provide empirical support for a key feature of
Dou et al. (2024): a major driver of Al profits is the exploitation of retail sentiment
associated with the misuse of technical signals.

We further investigate a potential mechanism behind this misuse. As suggested
by Stein (2009), when individual traders are unable to determine in real time how
many others are using the same strategy and taking similar positions, it creates a
coordination problem that can lead to overcrowding in the strategy and, eventually,
crashes. Additionally, Barber et al. (2022) provide empirical evidence that retail
buy herding can lead to price bubbles and subsequent crashes. Building on these
insights, we examine whether the TA sentiment on StockTwits is associated with
retail investor herding on technical strategies.

Specifically, we examine herding episodes on Robinhood, a leading zero-commission
broker whose active user base grew rapidly from half a million in 2014 to 17.3 mil-
lion in 2021. Following Barber et al. (2022), we identify retail herding episodes
based on sharp increases in the number of new Robinhood investors in a given
stock. We indeed find a strong positive relationship between StockTwits TA senti-
ment and buy-herding episodes. These results suggest that intense discussions of
TA signals on online social media platforms may have contributed to overcrowding

in the use these signals, thereby driving the observed herding episodes.



Our approach to identifying retail investment strategy usage extends beyond
technical trading rules. We also examine retail investors’ use of fundamental anal-
ysis, another key class of strategy that focuses on fundamental information such
as earnings trends and firm valuation. We similarly apply LLMs to identify Stock-
Twits messages that describe fundamental analysis (i.e., FA messages). We find
that about 35% of strategy-related messages mention fundamental analysis, with
these messages more frequently posted by self-identified fundamental investors.

Next, we assess the sentiment conveyed by the TA messages and evaluate their
informativeness by associating the sentiment with future stock returns. While the
average StockTwits sentiment correctly predicts one-week-ahead returns (Cook-
son et al., 2024b), we uncover substantial heterogeneity across different strategy
categories. Specifically, the sentiment of TA messages negatively predicts future
returns, whereas the sentiment of FA messages is a positive predictor. Strategy-
related messages that are neither TA nor FA show no significant power in predicting
future returns.

Finally, we show that StockTwits message activities and sentiments are not
just a sideshow; they are significantly correlated with the aggregate retail trad-
ing activity of the corresponding stocks. To explore this, we examine retail order
imbalances. Consistent with Boehmer et al. (2021) and Barber et al. (2023), we
confirm that retail net buys positively predict one-week-ahead returns, validating
the informativeness of retail order flows.

However, we find that the informativeness of retail order flows on a stock is vir-
tually eliminated during periods of intensive TA usage on StockTwits. In contrast,
retail informativeness exhibits higher informativeness when more discussions fo-
cus on fundamental analysis. This result suggests that the informativeness of re-
tail order flows is more nuanced than previously understood—when retail investors
heavily engage in discussions of technical patterns on social media platforms, their
order flows tend to be dominated by noise trading. Thus, our results highlight the

diversity of investment approaches employed by retail investors and their differen-



tial informativeness.

Our study contributes to several strands of literature. First, it extends the afore-
mentioned literature on retail trading and its informativeness. Recent research
has reignited interest in retail investors as zero-cost trading platforms have at-
tracted a large number of new investors to financial markets (e.g., Barber et al.,
2022; Welch, 2022; Eaton et al., 2022). However, the investment approaches and
strategies employed by these retail investors have not been well understood. Our re-
search advances this literature by directly extracting investor strategies from their
own words and linking these strategies to their trades. We provide the novel finding
that retail order flow informativeness is contingent on the types of dominant strate-
gies as reflected on popular social media platforms and that retail investors’ herding
on technical signals creates profitable opportunities for sophisticated traders.

We also contribute to the literature on technical analysis.® Building on previous
studies that use price patterns to predict future returns, an emerging set of new
studies reexamines the potential effectiveness of using price and volume patterns
to predict future returns (e.g., Han et al., 2013, 2016; Jiang et al., 2023; Murray
et al., 2024). We provide new evidence on the heterogeneity of investors’ ability
to use such analysis—while AI can exploit the analysis to a great extent, retail
investors may perform poorly.

Importantly, our documented disparity in investors’ ability to benefit from tech-
nical analysis, and social media’s potential role in amplifying this disparity, high-
lights critical concerns about the fairness and integrity of financial markets in the
era of rapid Al adoption by sophisticated players. Striking the right balance be-
tween innovation and regulation will be key to harnessing the benefits of AI while
mitigating its potential downsides (see, e.g., Dou et al. 2024). Regulators and ex-
changes must carefully consider how to address this imbalance and ensure ade-

quate protection in this new environment. Our findings, which provide new evi-

6For earlier studies, see, for example, Brown and Jennings (1989); Jegadeesh (1991); Brock et al.
(1992); Jegadeesh and Titman (1993); Blume et al. (1994); Lo et al. (2000); George and Hwang
(2004).



dence on the determinants of retail investors’ strategies and their interactions with
Al-powered strategies, can inform policy considerations regarding the regulation
of Al-powered trading, investor education, and investment social media platforms.

Another strand of recent research underscores the role of social networks in
shaping retail investors’ decisions and uses social media data as a lens to infer in-
vestor decision-making.” A closely related paper is that of Cookson et al. (2024b),
who finds that user sentiment on investor social media platforms positively predicts
one-day-ahead returns. Our key contribution is identifying significant heterogene-
ity in the informativeness of social media sentiment—while sentiment from posts
focused on fundamental analysis positively predicts future returns, sentiment from
technical analysis posts negatively predicts them, with this predictability lasting up
to a week. We also show that these sentiments are strongly associated with investor
herding episodes and the profitability of sophisticated investors, suggesting that
social media sentiments play a potentially important role in shaping equilibrium
prices and trading.

Finally, our study adds to an increasing number of papers that use LLMs to
answer economics and finance questions (e.g., Korinek, 2023).® We show that such
tools, when applied to rich social media data, provide powerful inferences that help
us better understand investors’ decision-making. Our paper also illustrates a novel,
relatively fast, and cost-effective way of implementing LLMs—instead of purely

relying on cutting-edge LLMs, one can first generate useful examples using state-of-

"Several studies utilizing data from online social networks have shown that the posting activ-
ity and message quality of retail investors help predict stock returns and trading volume (e.g.,
Antweiler and Frank, 2004; Chen et al., 2014). These studies also highlight how investor disagree-
ment and echo chambers influence belief formation (e.g., Giannini et al., 2018, 2019; Cookson and
Niessner, 2020; Cookson et al., 2023), how the dissemination of informative content can be affected
(e.g., Chen and Hwang, 2022; Farrell et al., 2022; Bradley et al., 2024), and the role of investor
horizon differences (Cookson et al. 2024a). Furthermore, there is growing interest in the skill and
role of influencers in these networks (e.g., Coval et al., 2021; Kakhbod et al., 2023; Hirshleifer et al.,
Forthcoming). The review of social media and finance of Cookson et al. (2024¢) summarizes this
emerging line of research.

8For example, Jiang et al. (2024a) and Lopez-Lira and Tang (2023) use LLMs to predict future
returns. Li et al. (2023) extract corporate culture from analyst reports. Jha et al. (2024) extract
information related to corporate investments, and Eisfeldt et al. (2023) investigate which jobs are
more replaceable with the advent of GPTs. Huang et al. (2024) use LLMs to examine the narratives
on investor social media.



the-art (SOTA) LLMs and then use these examples to fine-tune a smaller language

model.

2. Data

Our sample consists of US common stocks (SHRCD = 10 or 11) traded on the
NYSE, AMEX, and NASDAQ for the period from 2012 to 2022. We obtain investor
social media data from StockTwits, stock data from CRSP, and other accounting

and financial statement variables from the merged CRSP-Compustat database.

2.1. StockTwits Data

StockTwits is a leading social media platform for retail investors to share their
opinions and exchange ideas about stocks, ETFs, and Cryptos. Similar to Twitter,
StockTwits users can post short messages, initially capped at 140 characters until
May 8, 2019, and later expanded to 1,000 characters. Unique to StockTwits is its
emphasis on financial markets, with users tagging their posts with “cashtags” (e.g.,
$TSLA) to indicate the ticker symbols of stocks mentioned in the message.

Using StockTwits API, we downloaded 157,674,830 messages posted by 948,867
users between 2012 and 2022.° We obtain detailed information at the message
level, such as timestamps, content, and self-labeled sentiment “bullish” or “bear-
ish.” At the user level, we obtain characteristics such as trading style (Technical,
Momentum, Fundamental, Value, Growth, and Global Macro), investment horizon
(Day Trader, Swing Trader, Position Trader, and Long-Term Investor), and the level
of trading experience (Novice, Intermediate, and Professional).

Following Cookson and Niessner (2020) and Cookson et al. (2024b), we perform
several steps to select valid messages that are specific to a public firm and are
posted by human users (as opposed to bots). Specifically, we first select messages

that explicitly mention only one company. We then exclude users who post more

9The API is available at https:/api.StockTwits.com/developers.



than 1,000 messages in a single day and exclude messages sourced from third-
party platforms, which are likely redistributions of financial news or written by al-

gorithms. Finally, we require both user identifier and username to be non-missing.

2.2. Identifying Trading Strategies From Messages

Leveraging large language models, we first decipher the strategies conveyed in
the message content. Specifically, we identify messages related to technical and
fundamental messages, two important types of investment strategies. We also at-
tempt to identify messages that use other investment strategies. We use the same
procedure to accomplish these three classification tasks. First, we leverage the
cutting-edge large language model from OpenAl, GPT-4, to identify if a message
contains an investment strategy (or TA/FA).!° As with many social media mes-
sages, those on StockTwits tend to be short, with many abbreviated and colloquial
words, and with many non-standard spelling. Thus, it is difficult to identify trading
strategies purely based on a dictionary. Moreover, given that trading strategies are
highly diverse, identifying messages containing trading strategies can be a highly
challenging task.

While we find that GPT-4 has an excellent ability to identify these strategy-
related messages, and those identifications tend to align with our own judgment,
it is infeasible to use GPT-4 to classify all the messages in our sample due to the
limited throughput and high costs. Thus, we use the examples generated by the
cutting-edge GPT-4 model to fine-tune a smaller classification model.!!

Next, we illustrate our classification procedure by identifying TA-related mes-
2

sages. We first randomly sample 20,000 messages from the sample of messages.!

We then ask the GPT-4 to determine whether the message entails technical trading

108pecifically, we use the GPT 4-Turbo model (gpt-4-0125-preview endpoint).

HThis approach, first proposed by Hinton (2015), is widely known as knowledge distillation (KD)
in the machine learning literature. See Gu et al. (2023) for a more recent review of this approach
and its applications in LLMs.

12T achieve a more balanced sample, 10,000 messages are sampled from users with a self-declared
technical investment style and the other 10, 000 are from the other groups.



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 (0=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": }.

We collect GPT’s response for the 20,000 messages. Table A.1 in the appendix
provides a sample of positive and negative responses by GPT. Then, we use these
responses to fine-tune a BERT model (henceforth TechBERT) to provide a predic-
tion of whether a message uses technical analysis. Through cross-validation, we
find that the fine-tuned TechBERT model can achieve an F1 score of 0.83, which
indicates a high level of performance. Since BERT has a drastically smaller param-
eter count, we are able to run this model locally to provide a probabilistic prediction

of whether each message contains technical trading.!?
[Insert Figure 1 and Figure 2 near here]

We visualize TechBERT’s classification results in Figures 1 and 2 across investor
types depending on their self-labeled horizons and investment approaches. We find
that TechBERT’s classification prediction exhibits some desirable properties, as
most of the messages fall either in the low probability region (i.e., < 5%) or high
probability region (i.e., > 95%). This result shows that TechBERT’s prediction is

quite unambiguous.

[Insert Figure 3 near here]

IBBERT has established itself as a state-of-the-art tool for many natural language processing
tasks, including classification (Devlin et al., 2018). Gonzalez-Carvajal and Garrido-Merchan (2020)
show that BERT achieves superior performance compared to traditional natural language process-
ing tools that do not rely on deep learning.



Figure 3 presents word cloud plots to exhibit the high-frequency unigram and
bigram in the TA messages, respectively. In the unigram plot (Panel A), there
are several striking patterns. First, technical messages often contain analyses of
charts, consistent with the finding in Jiang et al. (2023). Second, we can see many
familiar technical terms, such as resistance, support, and gap. In the bigram plot
(Panel B), besides other common terms referring to technical signals, we also find
terms related to horizons, such as short-term and next week. These terms inform
us that our research design should focus on short-term returns at the weekly hori-
zon.

As a second validation, we show that the reliance on technical signals is more
pronounced for self-declared investor characteristics that are often associated with
technical analysis. For example, as shown in Figure 1, the TechBERT model finds
a higher fraction of TA usage among the self-declared day trader and swing trader
groups compared to long-term investors. When we classify messages by the user-
declared investment approach, Figure 2 shows a higher usage of technical analysis
among self-declared technical and momentum traders compared to fundamental,
value, growth, or global macro investors.

Notably, these figures also reveal the heterogeneity in the investment styles
even within the same group of users. These results highlight the importance of
conducting analyses at the message level to more accurately identify the specific
approaches investors implement under different market conditions. The focus on
the message-level investment strategy distinguishes our study from related work
(e.g., Cookson and Niessner, 2020) and allows us to provide more granular and
time-varying measurements of investment strategies.

We follow the same approach to identify the messages that contain an invest-
ment strategy and messages containing fundamental analysis. We only need to re-
vise the prompt that we feed into GPT-4. Then, we fine-tune specialized BERT mod-

els to help identify strategy-related messages and fundamental analysis-related

10



messages.'* Overall, we find that approximately a quarter of all messages involve
discussions related to trading strategies. TA and FA messages comprise roughly

36% and 44% of the strategy-related messages, respectively.

2.3. Other Variables

We follow Cookson and Niessner (2020) to assign a sentiment score to each
StockTwits message.!® Specifically, we randomly select 10,000 messages with a
self-declared bullish or bearish label. Then, we train a sentiment classifier using
the maximum entropy method. The classifier delivers a probabilistic prediction
on whether a given message is bullish, and we apply this classifier to messages
without sentiment labeling as bullish or bearish.®

The list of other stock variables and firm characteristics, as well as their con-
struction, are listed in Table A.2.

Our final sample consists of 77,575,573 messages across 765,512 unique users
for 5,872 stocks during the period of 2012 through 2022. Our subsequent analyses
are conducted at the investor-stock-calender week level. Panel A in Table 1 reports
summary statistics in the investor-stock-week sample. We also construct a stock-
week level sample for additional tests. Panel B reports summary statistics for this

sample.

14For overall strategy, we use the following prompt: You have a deep understanding of the language
of social media and financial 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
answer 1, otherwise 0. 2) if a strategy is identified, please specify the strategy Output in JSON format:
"has_strategy”:, "strategy_type”: .

For fundamental analysis, we use the following prompt: You have a deep understanding of the lan-
guage of social media and financial markets. Please analyze the message from an investor social me-
dia platform. Please parse the message along two dimensions. 1) Presence of fundamental analysis
(O=no, 1=possibly, 2=likely). 2) If fundamental analysis is used, select one of the following 15 topics
that is most relevant: ’acquisitions-mergers’,’analyst-ratings’,’assets’,’bankruptcy’,’credit’,’credit-
ratings’,’dividends’,’earnings’, ’equity-actions’,’investor-relations’,’labor-issues’,’marketing’, ’price-
targets’,’products-services’,’revenues’. Qutput in JSON format: "fundamental_analysis”:, "funda-
mental_topic”..

15Tn StockTwits, users have the option to declare sentiment when posting a message. However,
not all messages contain the self-declared sentiment flag.

16We use the messages with a bullish/bearish flag that are not in the training sample to conduct
model validation. Our classifier achieves an F1 score of 0.9, which indicates the high accuracy of
our model.

11



[Insert Table 1 near here]

3. Technical Analysis

Recent literature has highlighted the potential of technical analysis in generat-
ing profitable trading signals (e.g., Jiang et al., 2023). Moreover, Dou et al. (2024)
argue that Al-powered algorithmic investors may exploit retail investors’ misuse of
technical rules. In this section, we analyze the tendency of retail investors to use
technical analysis and how they interact with the technical signal extracted using

state-of-the-art Al in Jiang et al. (2023).

3.1. Determinants of Retail Technical Usage

We first validate that self-reported technical and short-term investors tend to
use more technical analysis in their investment decisions. We also investigate what
market and information environments lead to higher usage of technical analysis.

To that end, we estimate the following regression at the stock-investor-week level:

Retail TA Usage, ; .,
=p1Technical Investor;, + p,Short-term Investor;, + psProfessional Investor;, (1)

+psEarnings News;, + fsAnalyst News;, + yXi: + FEs + €; j 141.

where the dependent variable is the TA usage by investor j on stock i in week ¢ + 1,
measured as the percentage of investor j’s messages classified as TA-related by our
classification LLM (TechBERT).

We consider two factors potentially affecting retail TA usage: trader types and
news releases. StockTwits users self-report their types for their investment ap-
proach, holding horizon, and experience. Technical Investor;; is a dummy vari-
able equal to one if investor j’s self-reported approach is “Technical” or “Momen-

tum”. Short-term Investor;; is a dummy variable equal to one if investor j’s self-

12



reported horizon is “Day Trader”, “Swing Trader”, or “Position Trader”. Profes-
sional Investor;, is a dummy variable equal to one if investor j’s self-reported expe-
rience is “Professional”. Earnings News;,; is an indicator of the release of earnings-
related news on stock i in week ¢. Analyst News;,; is an indicator of the release of
analyst forecasts and recommendations on stock i in week t. X;; represents a vector
of stock characteristics available at the beginning of week ¢, including (log) market
capitalization, (log) book-to-market, asset growth, gross profits-to-asset, (log) num-
ber of analysts, (log) institutional ownership, the maximum daily return in the
prior month, and abnormal turnover. Standard errors are clustered by investor

and calendar week.
[Insert Table 2 near here]

The regression results are reported in Table 2. Column (1) shows that users
with a self-declared technical investment approach and a short-term investment
horizon tend to use technical analysis more frequently. Specifically, self-declared
technical investors post 9.7% more TA messages on a stock in a given week than
investors using other approaches, and short-term investors post 2.1% more than
long-term investors. These results validate our LLM-based classification method
and confirm the specialization of investment approaches among retail investors,
as we would expect users with a self-declared technical approach and short hori-
zon to use technical analysis more intensely, echoing the findings in Cookson et al.
(2024a).17 We also find that self-reported professional investors have a higher ten-
dency to post messages with technical analysis. This is likely due to professional
investors having a better knowledge of the technical approach. These patterns are
also consistent with the graphical evidence presented in Figures 1 and 2.

Column (2) considers the release of firm-level news, including earnings news
and analyst recommendations from financial media outlets such as the Wall Street

Journal, CNBC, or Reuters. These variables capture the arrival of fundamental

1"They show that short-horizon predictions on Motley Fool’s CAPS forum tend to contain more
technical vocabulary.

13



or value-relevant information flows. We find that StockTwits investors tend to use
more technical analysis when there is less news, suggesting that technical analysis
substitutes for fundamental analysis and other approaches when there is a lack
of fundamental news. In column (3), we add investor fixed effects and remove the
self-reported investment approach and holding horizon indicators, as both are very
persistent at the investor level. The coefficients for fundamental and analyst news
releases remain qualitatively similar to those observed in columns (1) and (2).

In summary, our analyses highlight significant heterogeneity in users’ tendency
to discuss technical signals on social media. We find substantial variation among
investors, with self-declared technical-style investors, short-term investors, and
professional investors driving most of the usage. Furthermore, the availability of
news coverage, especially related to firm fundamentals, tends to reduce investors’

need for technical analysis.

3.2. Retail Investor vs. Al in Technical Analysis

Technical signals have been widely adopted in algorithmic trading over the past
30 years. The popularity of technical analysis in quantitative hedge funds indi-
cates the profitability of exploiting past price patterns. Since the seminal work
of Jegadeesh and Titman (1993), the discovery of technical signals and their im-
plications for market efficiency and economic theories has been a crucial topic in
financial economics. The advances in Al and big data in the past decade have fu-
eled more academic finance studies in this regard. For example, Jiang et al. (2023)
recently proposed a powerful technical trading signal using machine learning tech-
niques to analyze price and volume charts. The evidence suggests that skillful
technical analysis generates excellent returns.

However, it remains questionable whether retail investors can apply technical
analysis skillfully. We address this question by examining whether retail investors’
technical analyses reach conclusions similar to those offered by Al and whether

retail technical analysis strategies lead to profitable trades.

14



3.2.1. Do Retail Investors Agree with Al in Technical Analyses?

We first investigate whether retail investors using technical analysis tend to
reach conclusions similar to those obtained by Al. Specifically, we estimate the fol-

lowing panel regression at the stock-investor-week level:

. t .
Sentiment*’’ =p,Al Signal;, + p:Return}?_| + psReturn;y., + psReturn!T",
1 1 .
+psReturn,]_, + psReturn; | + p;Earnings News;,_, (2)

+fsAnalyst News;, | +yXi:+ 6 +n;+€j;, type=TA NonTA,

where the dependent variable is the sentiment of investor j on stock i in week ¢,
measured by the number of investor j’s bullish and bearish messages. Specifically,

Byllish_NB?arish
sentiment is defined as Sentiment;;; = —2mm—iemr (see Cookson and Niessner,

NBullish.y NBearish
2020). We consider two measures of senti?nent Jlf;ased on the messages classified
into technical analysis (TA) and non-TA categories. We then calculate the TA and
non-TA sentiment of investor j on stock i in week t, using j’s technical and non-
technical messages, respectively.
The key independent variable, Al Signal;,, is the stock-level estimate for the
probability of a positive return in the subsequent week t + 1, developed in Jiang

et al. (2023) from training a convolutional neural network (CNN) on image data

representing the price pattern over the preceding five days.!®
[Insert Table 3 near here]

Table 3 reports the results of this regression analysis, with columns (1) and
(2) corresponding to TA sentiment, and columns (3) and (4) corresponding to non-
TA sentiment, respectively. In columns (2) and (4), the regressions include the
cumulative returns over the past day, one week, one month, six months, and twelve
months. All specifications include the control variables from Table 2, as well as

investor and calendar week fixed effects.

18The signal is denoted as CNN5d5p in Jiang et al. (2023) and is available until 2019. The authors
thank Dacheng Xiu for generously providing the data.

15



We find that retail investors’ sentiment is negatively associated with the Al re-
turn forecast, and this negative relationship is substantially stronger for TA sen-
timent. These results suggest that retail investors on StockTwits tend to disagree
with Al predictions, especially those investors who rely on technical analysis.
Given that the Al signal is also based on past price movements, the sharp disagree-

ment between StockTwits retail investors and Al highlights striking heterogeneity

in investors’ ability to interpret technical patterns.

3.2.2. Returns to Retail and Al Technical Strategies

In this subsection, we use retail investors on StockTwits as a lens to infer retail
strategies and trading behaviors, and to investigate the extent to which sophisti-
cated technical investors employing quantitative methods and Al technologies in-
teract with retail investors.

Our analysis uses the Al signal from Jiang et al. (2023) as a proxy for sophisti-
cated technical trading and the various StockTwits sentiment measures as proxies
for retail technical trading strategies. We examine the profitability of retail TA
sentiment and the Al signal, as well as their interactions, by forming univariate
and double-sorted portfolios, respectively. We focus on weekly return predictabil-
ity, motivated by the word cloud plot in Figure 3, which prominently highlights the
phrase "next week." Additionally, content analyses of TA-related posts suggest that
StockTwits users tend to focus on short-term horizons. Table 4 reports the results

from univariate and double sorts.

[Insert Table 4 near here]

Panel A presents the benchmark results of univariate portfolios sorted by the

TA sentiment and the Al signal, respectively. "Retail TA Bull" denotes the portfolio

19Beyond establishing this contemporaneous negative relationship between the TA sentiment and
Al signal, Table A.3 in the appendix shows that TA sentiment is also significantly and negatively
related to the lagged Al signal. In addition, as a robustness check, we measure investors’ sentiment
in Table A.4 based solely on their self-reported bullish and bearish labels in messages, yielding
similar results.
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of stocks with retail TA sentiment greater than the cross-sectional median. "Retail
TA Bear" and "Bull-Bear" are defined similarly. "AI Buy" represents the portfolio
of stocks with the Al signal greater than 0.5. Additionally, we create portfolios for
"Al Sell" and "Buy-Sell". The portfolio returns are based on the average DGTW-
adjusted returns of equal-weighted portfolios.

Column (3) shows that a long-short portfolio based on retail TA sentiment yields
an abnormal return of -6.48% per annum. In contrast, column (6) indicates that a
long-short portfolio based on the sentiment of non-TA messages generates a positive

and significant return of 5.33% per annum.
[Insert Table 4 near here]

These results are confirmed in Figure 4, which shows that a one-dollar initial
investment at the start of our sample period would grow to $1.30 by investing in
bearish retail TA stocks, while the same one-dollar would decline to less than $0.60
if invested in bullish retail TA sentiment stocks. A long-short strategy of buying
bearish retail TA stocks and shorting bullish retail TA stocks would turn a one-
dollar investment into $2 by the end of the sample period. These findings suggest
that StockTwits users have not been able to generate profitable signals using tech-
nical analysis. A skillful investor, therefore, could benefit by paying attention to
StockTwits TA signals and trading contrary to them.

Column (9) in Panel A of Table 4 shows that a portfolio formed by the Al signal
produces a positive and significant return of 10.20% per annum, consistent with
the main findings in Jiang et al. (2023).

We next explore the asset pricing implications of the interaction between retail
investors’ TA usage and Al-powered trading strategy. To this end, we form two-
way sorted portfolios based on the retail sentiment and the Al signal. In Panel B
of Table 4, columns (1)—(4) present the average DGTW-adjusted returns of the four
individual portfolios. The top portion of this panel focuses on the two-way portfolios
sorted by the retail TA sentiment and Al signal.

Column (1) corresponds to a portfolio of stocks associated with bullish views
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from both the retail TA sentiment and the Al signal, which yields an abnormal
return of -1.21% per year. Column (2) refers to stocks that are associated with
bullish sentiment according to retail TA messages but are expected to have negative
subsequent returns according to the Al signal, showing an annualized return of -
8.17%. Stocks in column (3) are associated with bearish sentiment according to
retail TA posts but are recommended by the Al as buying opportunities, with this
portfolio generating an annualized return of 5.22%. Finally, column (4) refers to
a portfolio with bearish views from both retail TA sentiment and the Al signal,
yielding a return of 2.44% per year.

Columns (5) and (6) present the returns to long-short strategies trading on the
interactions between the retail TA sentiment and the Al signal. Column (5) refers
to a strategy that only follows the Al signal when it aligns with retail TA sentiment
(i.e., Buy/Bull-Sell/Bear). Column (6) corresponds to a strategy that follows the Al
signal only when it disagrees with retail TA sentiment (i.e., Buy/Bear—Sell/Bull).
As indicated in column (6), the Al signal generates substantially higher profits
when it disagrees with retail TA sentiment. The magnitude is significant, with an
annualized return of 13.4%. In contrast, when the Al and TA sentiment agree, as
shown in column (5), the strategy yields an insignificant negative return of -3.66%
per year.20

We also perform a similar two-way sorted portfolio analysis based on the Al
signal and the non-TA sentiments, with the results presented in the bottom portion
of Panel B. Column (5) shows that a long-short portfolio that follows the Al signal
only when it aligns with the non-TA sentiment yields the highest return among all
the long-short portfolios, at 16.03% per year. In contrast, column (6) shows that a
portfolio following the Al signal only when it disagrees with the non-TA sentiment
yields an insignificant return of 4.7% per year.

Together, the evidence suggests that a key source of the profitability of the Al

signal from Jiang et al. (2023) lies in its ability to capitalize on retail investors who

20Table A.5 in the appendix reports value-weighted portfolio returns, and our findings are quali-
tatively similar.
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misinterpret technical signals.

3.3. Retail Investors’ Herding and Technical Analysis

In the previous subsection, we document the poor performance of StockTwits
users’ technical analysis. To understand the potential reasons behind this phe-
nomenon, we next consider herding—an important behavior of retail investors that
has been documented in the literature (see, e.g., Wermers, 1999). A recent paper
by Barber et al. (2022) finds that retail investors on the Robinhood platform tend
to engage in attention-induced trading, with their buy herding often leading to
significant reversals in the following period.

Following their study, we create an indicator for Robinhood buy herding events,
RH Herding;,, as the top 10 stocks with the highest Robinhood user change ratio
in week ¢, with a minimum of 100 users at the end of week ¢ — 1.21 We then esti-
mate the following stock-week panel regression, where the dependent variable is

the indicator for Robinhood buy herding:

RH Herding;, =pSentiment! + p,Sentiment """ + psAttention,,
’ ’ ’ 3)

+fsEarnings News;, + fsAnalyst News;, + yXi: + &; + nj + €.

Our sample period for this regression analysis spans from May 2018 to August
2020, during which data on Robinhood user accounts is available.?? Our key ex-

planatory variables are the StockTwits users’ sentiments on stock i in week ¢, as in-
Nf?tullish_thearish

dicated by the number of bullish and bearish messages: Sentiment;; = Ny bearih
it it

We measure sentiment using technical analysis (TA)-related messages and non-TA

messages separately. Attention;; is a measure of StockTwits users’ attention on

stock i in week ¢, defined as the number of messages on stock i divided by the total

#Messages;

W (ln percentage

number of messages across all stocks, i.e., Attention;; =

21Barber et al. (2022) create the indicator for Robinhood buy herding events based on daily
changes in the number of Robinhood users. However, we focus on weekly Robinhood user changes
because our empirical analysis is conducted on a weekly basis.

22The authors thank Xing Huang for generously providing the data of Robinhood user accounts.
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points) (see, Cookson et al., 2024b). Earnings News;; is an indicator of the release
of earnings-related news articles on financial media outlets in week ¢. Analyst
News;; is an indicator of the release of analyst forecasts and recommendations in
week t. X;; represents a vector of stock characteristics available at the beginning
of week ¢, including (log) market capitalization, (log) book-to-market, asset growth,
gross profits-to-asset, (log) number of analysts, (log) institutional ownership, the
maximum daily return in the prior month, abnormal turnover, and lagged returns
over five horizons: one day, one week, one month, one quarter, and one year. All
specifications include calendar week fixed effects. Standard errors are clustered by

calendar week.
[Insert Table 5 near here]

Table 5 presents the results from this regression analysis. We find that retail
TA sentiment is significantly and positively related to contemporaneous Robinhood
buy herding. In contrast, retail non-TA sentiment is negatively, but insignificantly,
associated with herding events.

Overall, our results indicate that the sentiment of StockTwits users employ-
ing technical analysis is strongly related to retail investors’ herding behavior on
the Robinhood platform. Given that Robinhood buy herding leads to contempo-
raneous price overreaction and subsequent negative returns, and that StockTwits
bullish TA sentiment also predicts lower future returns, our evidence suggests that
crowded trading on technical signals likely contributes to the herding behavior we
observe. This is consistent with Stein (2009), who argue that investors’ reliance on

common, unanchored strategies can result in the crowding of a strategy.

4. Fundamental Analysis and Other Strategies

In this section, we extend our LLM-based method to identify messages related
to fundamental analysis and other strategies (see Section 2.2 for details). Unlike

technical analysis, which focuses on price and volume patterns, fundamental anal-
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ysis emphasizes understanding firms’ underlying performance and valuation. By
contrasting these approaches with technical analysis, we offer new insights into
the return predictability of retail investors’ sentiment and the informativeness of

retail order imbalances.

4.1. Distribution of Use of Various Strategies

We first conduct a descriptive analysis to examine the frequencies of retail in-
vestors’ messages related to technical analysis (TA), fundamental analysis (FA),

other strategies (OS), and those unrelated to any trading strategy (NS).
[Insert Table 6 near here]

Table 6, Panel A, includes messages by all users and reports the fraction of mes-
sages that belong to fundamental and non-fundamental categories, respectively.
Under our classification, we find that 31% of all messages contain trading strate-
gies. Within these messages, 62.9% (=19.5%/31%) are either fundamental or tech-
nical messages. Zooming in on FA/TA messages, a few interesting patterns emerge.
We find that only a very small fraction of messages (roughly 0.4%) have been classi-
fied as both fundamental and technical analysis. This is intuitive because a typical
StockTwits message is usually short, so retail investors are unlikely to discuss both
technical and fundamental content in a single message.

In Panels B and C, we examine the messages posted by self-declared techni-
cal and fundamental investors, respectively. Although self-declared technical in-
vestors tend to use more technical analysis (17.5% of total messages), they also use
a substantial amount of fundamental analysis, with 10% of their messages are FA
related. Similarly, we note that self-declared fundamental investors also utilize
technical analysis significantly, with 7.5% of their messages falling into the techni-
cal category.

We also extend the regression analysis from Table 2 to study the determinants

of retail usage of fundamental analysis and other strategies. Table A.6 in the ap-
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pendix shows that both strategies are used more frequently by self-declared profes-
sional investors compared to those with novice or intermediate investment experi-
ence, with usage 8.1% higher for fundamental analysis and 2.1% higher for other
strategies. In contrast to technical analysis, self-declared technical and short-term
investors tend to use fundamental analysis less frequently in their investment de-
cisions. Specifically, self-declared technical investors post 4.6% fewer FA messages
on a stock in a given week than investors using other approaches, and short-term
investors post 1.9% fewer FA messages than long-term investors, consistent with
the graphical patterns presented in appendix Figures 6 and 5.

Overall, these results highlight that investors often employ a diverse invest-
ment approach and are not strictly confined to methods associated with their self-

declared investment approach.

4.2. Return Predictability with Sentiment of Various Strategies

In our previous analysis, we have shown that trades based on retail investors’
technical analysis tend to generate negative returns. In contrast, nontechnical sen-
timent exhibits a positive relationship with future returns. Next, we examine the
informativeness of sentiments of other types of retail investment strategies as re-
flected in StockTwits posts. Specifically, we estimate the following panel regres-

sions at the stock-week level:

. t
Return; ;.. =p:Sentiment’**

+ prAttention;; + psEarnings News;,
’ 4)
+fiAnalyst News;,; + yXi; + 6; + 11j + €141,

where the dependent variable is stock return in the next week. Our key explana-
tory variables, Sentiment'VP¢, where type = TA, FA, OS, NS, represent the sentiments
of the four message types: technical analysis (TA), fundamental analysis (FA), other
strategies (OS), and non-strategy (NS). The other explanatory and control variables
are the same as those in Table 5, and all specifications include calendar week fixed

effects.
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[Insert Table 7 near here]

The regression results are reported in Table 7. In column (1), we find that the
sentiment of all messages on StockTwits positively predicts the next-week return,
confirming the findings of Cookson et al. (2024b). In contrast, consistent with our
portfolio sort results in Table 4, column (2) shows that TA sentiment negatively
predicts returns in the following week, suggesting that retail investors’ technical
analysis generates negative returns. Furthermore, column (3) shows that FA sen-
timent positively predicts future returns, indicating that retail investors may be
informed about certain aspects of firms’ fundamentals. Column (4) examines the
sentiment of other retail trading strategies (OS) and shows that OS sentiment is
negatively associated with future returns, although this predictability is not signif-
icant. Finally, column (5) demonstrates that the sentiment of non-strategy-related
messages is not informative about future returns, suggesting that these messages
mainly reflect retail investors’ emotions or "noisy" beliefs.??

Together, the evidence suggests substantial heterogeneity in the informative-
ness of the different strategies discussed on StockTwits, with fundamental analy-
sis being highly informative, while technical analysis leads to significant losses for

investors who follow such strategies.

4.3. StockTwits Sentiments and Retail Order Flow

Our results thus far show that StockTwits TA sentiments negatively predict
future returns, while FA sentiments positively predict future returns. One might
argue that investors may "talk the talk" but not "walk the talk," meaning that social
media discussions among retail investors may not reflect their actual trading behav-

iors. Since StockTwits does not disclose its users’ real trades from their brokerage

23Cookson et al. (2024a) show that retail investors’ analyses exhibit large variations in predictive
horizons. Thus, we also examine the predictive power of StockTwits message sentiments corre-
sponding to various retail investment strategies for returns in weeks ¢ + 2, t + 3, and ¢ + 4. Table A.7
in the appendix shows that the negative return predictability of TA sentiment is primarily concen-
trated within one week. In contrast, FA sentiment can positively and significantly predict returns
for up to two subsequent weeks, consistent with the intuition that fundamental information is typ-
ically more persistent and lasts longer.
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accounts, we cannot directly examine whether an investor’s trades align with the
messages they share on StockTwits. However, we can infer the representativeness
of StockTwits sentiments in understanding retail investor beliefs by investigating
whether these sentiments are directly related to the contemporaneous aggregate
retail order imbalances.

We identify retail market orders and consider two alternative measures of re-
tail market order imbalance (OIB): OIBf t] “Z  constructed following the algorithm
in Boehmer et al. (2021), and OIBfo 95 pased on the modified method in Barber
et al. (2022). Our retail OIB data is available from 2012 to 2021. We estimate the

following panel regression at the stock-week level:

OIB,, =p,Sentiment;’’* + p,Attention;, + fsEarnings News;
’ (5)
+fsAnalyst News;, +yXi: + 6, +1j + €.

Panels A and B present regression results focusing on each of these two alternative

OIB measures as the dependent variable.
[Insert Table 8 near here]

Panel A shows a positive and significant relationship between all four types
of StockTwits sentiments and the Boehmer et al. (2021) OIB measure. Panel B
demonstrates that this finding is even more significant for the modified retail OIB
measure proposed by Barber et al. (2023), with the relationship being particularly
strong for TA sentiment. These results indicate that retail investors tend to be net
buyers of a stock when StockTwits sentiments are bullish. The evidence suggests
that StockTwits users’ sentiments, especially those revealed by TA messages, are
representative of retail investor beliefs and are closely aligned with their trading

decisions.
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4.4. Retail Strategies and Retail Order Flow Informativeness

As shown in Boehmer et al. (2021), the aggregate retail order imbalance is in-
formative and positively predicts future stock returns. Given that StockTwits sen-
timents can serve as a proxy for retail investor beliefs and the trading strategies
they are likely employing, we next explore how these strategies influence the infor-
mativeness of retail order flows.

In particular, given the substantial differences between TA, FA, and other sen-
timents and their differential predictive power of future returns that we have doc-
umented, we investigate whether the informativeness of retail order flows also de-
pends on the strategies that representative retail traders rely on. Specifically, we
regress future returns on retail order imbalances, conditioning on the intensity of

retail investors’ discussions about TA, FA, OS, and NS, respectively, on StockTwits:

Return;. =p1OIB;, + p,High Retail " + p;0IB;; x High Retail,’’*
+piAttention;; + psEarnings News;, + fsAnalyst News; , (6)

+yXip + 8 +1j + €441,

where High Retailfzp ‘,type = TA,FA,OS,NS is a dummy variable equal to 1 if the

percentage of messages related to an investment approach on stock i in week t

#TA messages

Fmessages for technical analysis) is above the median in the cross-section of

(e.g.,
stocks. We hypothesize that the intensive use of technical analysis by retail in-
vestors likely reduces the informativeness of retail OIB. In contrast, when retail
investors heavily discuss fundamental analysis on StockTwits, their trading flows

are more informed, leading to a stronger positive relationship between retail OIB

and future returns. Table 9 presents the results.
[Insert Table 9 near here]

In Panel A, we report the results based on the Boehmer et al. (2021) retail OIB.
While column (1) confirms that retail OIB tends to be informative, consistent with

Boehmer et al. (2021), column (2) shows that its informativeness is greatly de-
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creased when StockTwits users heavily discuss technical analysis. Economically,
the intense discussion of technical analysis strategies is associated with a reduction
of more than 25% in the return predictability of retail OIB. When retail technical
usage is low, the retail OIB exhibits stronger predictive power. These results sug-
gest that retail orders are not always informative and that retail investors’ heavy
reliance on technical analysis strategies often leads to money-losing trades.

In contrast, column (3) shows that more intense discussions of fundamental
analysis significantly improve the return predictability of retail OIB. When retail
usage of fundamental analysis is low, the retail OIB nearly loses its predictive
power. This stands in sharp contrast to the effect of retail technical analysis.?*

Columns (4) and (5) show that messages not involving TA or FA, as well as those
unrelated to trading strategies, do not significantly interact with order flow infor-
mativeness. In Panel B, we repeat our tests using the Barber et al. (2023) OIB
measure and find consistent results.

Taken together, our evidence suggests that the strategies discussed on Stock-
Twits and the sentiments conveyed by these social media platforms are closely
linked to aggregate retail trading activities. Furthermore, retail investors tend
to apply fundamental strategies skillfully, and the prevalence of such strategies
may be one reason for the informativeness of aggregate retail order flows observed
in previous studies. In contrast, the crowded use of technical trading strategies
reduces the informativeness of aggregate retail order flow, creating profitable op-

portunities for sophisticated traders.

5. Conclusion

By applying large language models to analyze over 77 million messages posted
on a popular social media platform for investors, we infer retail investors’ beliefs

and the trading strategies that they employ. We find that the sentiment expressed

24Tn a related paper, Farrell et al. (2022) show that the ability of retail order imbalances to predict
stock returns increases with the publication of articles in Seeking Alpha.

26



in technical analysis-related messages incorrectly predicts future returns, while
sentiment in fundamental analysis-related messages tends to be more informative.
Moreover, periods of heightened discussion around technical analysis on the plat-
form are associated with less informative retail order flows and a greater likelihood
of herding behavior among Robinhood users.

This dichotomy highlights the heterogeneity in retail investors’ investment ap-
proaches and their varying degrees of sophistication. Our findings suggest that the
informativeness of social media sentiment and retail order flows is more nuanced
than previously documented: both sentiment and order flows lose their predictive
power when retail investors heavily rely on technical trading strategies, potentially
leading to overcrowding.

Importantly, our study offers new insight into the interaction between retail
investors and sophisticated traders who utilize powerful Al-based strategies. We
find that a state-of-the-art, highly profitable Al-based technical analysis strategy
derives much of its profit by trading against StockTwits technical sentiment. This
direct supports the theory of Dou et al. (2024). The evidence also suggests that
investors’ differential ability to effectively utilize technical signals play a crucial
role in determining winners and losers in financial markets.

Given that investor beliefs and strategies are often unobservable, alternative
information from social media platforms can provide useful insights into investor
decision making. For instance, our findings on the interaction between retail in-
vestors and Al-powered trading reveal a clear informational imbalance between
retail investors and sophisticated Al-driven traders. As Al continues to reshape
the investment landscape, and with social media potentially exacerbating this im-
balance, concerns about market fairness and integrity become more pressing. Our
results contribute to policy discussions on regulating Al in financial markets and

overseeing investment-related social media platforms.
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Fig. 1. Distribution of Messages across Technical Analysis Intensity, by Self-
declared Investment Horizon

We apply a fine-tuned BERT model specializing in identifying messages pertaining
to technical analysis on StockTwits messages. The model outputs a probabilistic score
for each message (i.e., Technical Analysis Intensity). We then plot histograms of message
frequency by technical analysis intensity within each self-declared horizon subgroup.
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Fig. 2. Distribution of Messages across Technical Analysis Intensity, by Self-
declared Investment Approach

We apply a fine-tuned BERT model specializing in identifying messages pertaining
to technical analysis on StockTwits messages. The model outputs a probabilistic score
for each message (i.e., Technical Analysis Intensity). We then plot histograms of message
frequency by technical analysis intensity within each self-declared investment approach
subgroup.
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Fig. 3. Word Cloud of Technical Messages

We classify all messages with a technical analysis intensity of 0.95 or higher as technical
messages. Panel A shows the word cloud for unigram terms in technical messages, and
Panel B shows the word cloud for bigram phrases in technical messages.
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Panel A. Cumulative DGTW-adjusted Returns of Portfolios Formed by Retail TA Sentiment
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Fig. 4. Performance of Portfolios Sorted by Retail TA Sentiment

Panel A plots the cumulative DGTW-adjusted returns of equal-weighted portfolios
sorted by retail TA sentiment. Retail TA Bullish denotes the portfolio of stocks with retail
TA sentiment greater than its cross-sectional median. Retail TA Bearish portfolio is
defined similarly. Panel B plots the cumulative DGTW-adjusted returns of the long-short
strategy that goes long on the TA Bearish portfolio and short on the TA Bullish portfolio.
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Fig. 5. Distribution of Messages across Fundamental Analysis Intensity, by

Self-declared Investment Approach

We apply a fine-tuned BERT model specializing in identifying messages pertaining
to fundamental analysis on StockTwits messages. The model outputs a probabilistic
score for each message (i.e., Fundamental Analysis Intensity). We then plot histograms of
message frequency by fundamental analysis intensity within each self-declared investment
approach subgroup.
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Fig. 6. Distribution of messages across Fundamental Analysis Intensity, by

Self-declared Investment Horizon

We apply a fine-tuned BERT model specializing in identifying messages pertaining
to fundamental analysis on StockTwits messages. The model outputs a probabilistic
score for each message (i.e., Fundamental Analysis Intensity). We then plot histograms of
message frequency by fundamental analysis intensity within each self-declared investment
horizon subgroup.
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Table 1: Summary Statistics

Panel A reports the summary statistics for variables in the investor-stock-week sam-
ple and panel B reports summary statistics for the stock-week sample. The sample period
is from 2012 to 2022. See Table A.2 in the appendix for detailed variable definitions.

N Mean Median StdDev 10th 25th 75th 90th
Retail TA Usage; ;, 16,994,396 0.11 0.00 0.28 0.00 0.00 0.00 0.50
Sentiment,; ;, 16,994,396 0.42 1.00 0.80 -1.00 0.00 1.00 1.00
Sentiment{ft 3,234,251 0.50 1.00 0.81 -1.00 0.00 1.00 1.00
Sentiment%‘ffTA 15,744,015 0.42 1.00 0.80 -1.00 0.00 1.00 1.00
Technical Investor;, 16,994,396 0.22 0.00 0.42 0.00 0.00 0.00 1.00
Short-term Investor;, 16,994,396 0.30 0.00 0.46 0.00 0.00 1.00 1.00
Earnings News;, 16,994,396 0.23 0.00 0.42 0.00 0.00 0.00 1.00
Analyst News;, 16,994,396 0.28 0.00 0.45 0.00 0.00 1.00 1.00
Log(Market Cap; ;) 16,994,396 7.54 7.55 2.94 3.48 5.16 10.37 11.50
Log(Book-to-Market; ;) 16,994,396 -1.62 -1.57 1.39 -3.46 -2.66 -0.65 0.16
Asset Growth;, 16,994,396 0.73 0.15 2.04 -0.21 -0.03 0.62 1.95
Gross Profit-to-Asset;, 16,994,396 0.14 0.16 0.35 -0.30 0.00 0.35 0.56
Log(1+#Analysts; ;) 16,994,396 2.05 2.08 1.16 0.00 1.10 3.09 3.50
Log(Inst. Own;,) 16,994,396 -1.06 -0.59 1.08 -2.65 -1.59 -0.29 -0.10
MAX;, 16,994,396 0.12 0.08 0.13 0.03 0.04 0.15 0.28
Abnormal Turnover;; 16,994,396 0.04 -0.02 0.65 -0.64 -0.33 0.32 0.75
Return},‘f 16,994,396 0.01 0.00 0.11 -0.05 -0.02 0.02 0.06
Return}}“ 16,994,396 0.04 0.00 0.30 -0.13 -0.05 0.06 0.18
Return},'," 16,994,396 1.11 1.01 0.78 0.74 0.88 1.14 1.43
Return}j 16,994,396 1.28 1.00 1.75 0.54 0.77 1.25 1.87
Returnil;’ 16,994,396 1.94 1.05 4.80 0.23 0.54 1.74 3.34
AT Signal;,; 6,854,262 0.51 0.50 0.04 0.46 0.48 0.53 0.56
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N Mean  Median  StdDev 10th 25th 75th 90th
Sentiment; , 627,514  0.56 0.61 0.43 0.00 033 1.00  1.00
Sentiment!?! 627,514  0.40 0.33 0.56 0.00 000 100  1.00
SentimentYo"T4 627,514  0.54 0.62 0.46 0.00 033 1.00  1.00
Sentiment! 627,514  0.43 0.50 0.55 0.00  0.00 1.00  1.00
SentimentOS 627514  0.30 0.00 0.56 0.00 0.00 1.00  1.00
Sentiment’’ 627,514  0.47 0.57 0.53 0.00 0.00 100  1.00
Earnings News;, 627,514  0.17 0.00 0.38 0.00 000  0.00  1.00
Analyst News; , 627,514  0.18 0.00 0.38 0.00  0.00  0.00  1.00
Log(Market Cap;,) 627,514  7.14 7.22 2.46 3.75 529  9.02 1053
Log(Book-to-Market;;) ~ 627,514  -1.11 -1.05 115 -261 -1.81 -0.3¢  0.27
Asset Growth;, 627,514  0.39 0.07 1.34 -0.18 -0.03 0.30  1.00
Gross Profit-to-Asset;, ~ 627,514  0.21 0.21 0.33 -0.13  0.04 038 059
Log(1+#Analysts; ) 627514  2.00 2.08 0.98 069 139 283 318
Log(Inst. Own,,) 627,514  -0.68 -0.28 0.96 -210  -0.84 -0.09  0.00
MAX;, 627,514  0.08 0.05 0.08 0.02 003 0.09 0.16
Abnormal Turnover;; 627,514 -0.04 -0.08 0.60 -0.68 -0.37 0.24 0.61
Return!? 627,514  0.00 0.00 0.05 -0.04 -0.01 002  0.04
Return! 627,514  0.00 0.00 0.10 -0.09 -0.04 0.04  0.09
Return!™ 627,514  1.01 1.00 0.21 081 092 1.08 120
Return; 627,514  1.03 1.01 0.41 065 084 116 137
Return;? 627,514 117 1.04 111 0.36 0.67 139 193
Al Signal,, 371,382  0.50 0.50 0.04 046 048 053  0.56
OIBY/#* 456,086  -0.01 -0.00 0.15 -0.18 008 0.07 0.6
OIBPH/0S 435,328  -0.01 0.00 0.15 -0.17 007 0.07  0.14
RH Herding;, 52,072  0.01 0.00 0.12 0.00  0.00  0.00  0.00
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Table 2: Determinants of Retail Investors’ Technical Analysis Usage

This table examines the determinants of retail investors’ usage of technical analysis
(TA), revealed by their TA-related messages posted on StockTwits from 2012 to 2022. We
estimate the following panel regression at the stock-investor-week level:

Retail TA Usage

=p1Technical Investor;, + p,Short-term Investor;, + p;Professional Investor;,

i,j,t+1
+psEarnings News; , + fsAnalyst News; , + yXi; + FES + €; j 141.

The dependent variable is the TA usage by investor j on stock i in week ¢ + 1, measured
as the fraction of investor j’s messages classified as TA-related by our classification LLM
(TechBERT). We consider factors potentially affecting retail TA usage, including 1) investor
types and 2) news releases. StockTwits users self-report their types for their investment
approach, holding horizon, and experience. Technical Investor;; is a dummy variable equal
to one if investor j’s self-reported approach is “Technical” or “Momentum”. Short-term
Investor;; is a dummy variable equal to one if investor ;s self-reported horizon is “Day
Trader”, “Swing Trader”, or “Position Trader”. Professional Investor;; is a dummy variable
equal to one if investor j’s self-reported experience is “Professional”. Earnings News;; is
an indicator of the release of earnings-related news on stock i in week ¢. Analyst News;,
is an indicator of the release of analyst forecasts and recommendations on stock i in week
t. X;: represents a vector of stock characteristics available at the beginning of week ¢,
including (log) market capitalization, (log) book-to-market, asset growth, gross profits-to-
asset, (log) number of analysts, (log) institutional ownership, the maximum daily return
in the prior month, and abnormal turnover. Specifications in columns (1) and (2) include
calendar week fixed effects and column (3) includes both calendar week and investor fixed
effects. Standard errors are clustered by investor and calendar week, and associated ¢-
statistics are reported in brackets, where *, ** and *** denote significance at levels 10%,
5%, and 1%.

Retail TA Usage; j ;1+1

(1) (2) 3)
Technical Investor;, 0.097* 0.097*
[19.92] [19.92]
Short-term Investor;, 0.021* 0.021*
[5.62] [5.62]
Professional Investor; , 0.051* 0.050*"*
[7.26] [7.25]
Earnings News;; -0.010** -0.005***
[-12.28] [-10.86]
Analyst News; ; -0.007** -0.003***
[-6.58] [-7.08]
Stock Characteristics Yes Yes Yes
Time FEs Yes Yes Yes
Investor FEs No No Yes
Observations 16,994,396 16,994,396 16,818,446
R-squared 0.063 0.064 0.295
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Table 3: Do Retail Investors Agree with Al in Technical Analysis?

This table examines how retail investors’ sentiment revealed by their StockTwits
messages is related to the technical trading signal generated by machine-learning models.
Specifically, we estimate the following panel regression at the stock-investor-week level:

. ¢ . 1
Sentiment, "’ =p,Al Signal,, + p,Return}{_, + psReturn]}’ , + p;Return)7" | + psReturn;?_|

1y

+/36Returnl,t_l

+ p7Earnings News;, , + fsAnalyst News;, ,
+yXit+ 6 +1n;+€ij, type=TA NonTA

where the dependent variable is the sentiment of investor j on stock i in Wegliltzm%asu{ed by
NBullish _ NBearis
Cookson and Niessner, 2020). In columns (1) and (2), the sentiment is measured based on
technical analysis (TA)-related messages, while columns (3) and (4) focus on the sentiment
of non-TA messages. The key explanatory variable, Al Signal;,, is the stock-level estimate
for the probability of a positive return in the subsequent week ¢ +1, developed in Jiang et al.
(2023) from training a convolutional neural network (CNN) on image data representing
the price pattern over the preceding five days (denoted by CNN5d5p in Jiang et al. (2023)).
The data of this Al signal are available from 2012 to 2019. In columns (2) and (4), the
regression specifications include the (cumulative) returns over the past one day, one week,
one month, one quarter, and one year. See Table 2 for definitions of other explanatory and
control variables. All specifications include both calendar week and investor fixed effects.
Standard errors are clustered by investor and calendar week, and associated ¢-statistics
are reported in brackets, where *, ** and *** denote significance at levels 10%, 5%, and
1%.

the number of investor j’s bullish and bearish messages, Sentiment; ;; = (see,

Sentimentl?:ft Sentiment%‘ft”“
(1) (2) 3) 4)
Al Signal;; -0.489** -0.483*** -0.255*** -0.250***
[-9.40] [-9.41] [-3.89] [-3.81]
Return})‘f_1 0.055** 0.024
[2.40] [0.83]
Returnl{}“_1 -0.013 -0.012
[-1.03] [-0.66]
Return},’t"_1 0.012 0.008
[1.55] [0.89]
Return;?_| 0.017* 0.031***
[3.26] [6.43]
Return,?_| -0.024** -0.021**
[-10.55] [-7.07]
Earnings News;;_, -0.046** -0.045** -0.054*** -0.053***
[-8.78] [-8.80] [-7.88] [-7.80]
Analyst News; ;_; -0.066*** -0.064** -0.078** -0.076**
[-13.02] [-13.11] [-10.98] [-10.90]
Stock Characteristics Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes
Investor FEs Yes Yes Yes Yes
Observations 1,531,977 1,531,977 6,108,652 6,108,652
R-squared 0.194 0.195 0.165 0.166
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Table 4: Performance of Retail TA and Al Strategies

Panel A presents the average DGTW-adjusted returns of equal-weighted portfolios
formed on retail TA sentiment and Al Signal. Retail TA Bull (Bear) denotes the portfolio
of stocks with retail TA sentiment greater (less) than its cross-sectional median. Retail
Bull-Bear indicates the return difference of the Retail Bull and Bear portfolios. We also
form portfolios based on retail non-TA sentiment. Al Buy (Sell) is the portfolio of stocks
with AI Signal greater (less) than 0.5. AI Buy—Sell indicates the return difference between
the AI Buy and Sell portfolios. Panel B presents the average DGTW-adjusted returns of
the two-way sorted portfolios in columns (1)-(4). Columns (5) and (6) focus on the two
long-short strategies, one in which retail investors agree with Al (Buy/Bull-Sell/Bear),
and the other in which retail investors disagree with Al (Buy/Bear—Sell/Bull). The average
DGTW-adjusted returns are annualized in percentage and associated t-statistics are
reported in brackets, where *, ** and *** denote significance at levels 10%, 5%, and 1%.

Panel A. Univariate Sorted Portfolios
1) 2) 3) 4 (5) (6) 7 8) 9)

Retail TA Retail Non-TA AT Signal
Bull Bear Bull-Bear  Bull Bear  Bull-Bear  Buy Sell Buy—Sell
pPCTW=adj 4,04 2.44 -6.48 0.58 -4.75 5.33 2.48 -7.72 10.20

[-2.04] [1.35] [-3.50] [0.36] [-2.51] [3.73] [1.34] [-4.02] [5.64]

Panel B. Two-way Sorted Portfolios
68 (2) 3 (4) (%) (6)

Retail TA

Bull Bear Buy/Bull Buy/Bear

Al Signal Buy Sell Buy Sell — Sell/Bear — Sell/Bull
pPCTW-adj -1.21 -8.17 5.22 2.44 -3.66 13.40
[-0.53] [-3.53] [2.44] [0.35] [-0.52] [5.01]

Retail Non-TA

Bull Bear Buy/Bull Buy/Bear

Al Signal Buy Sell Buy Sell — Sell/Bear — Sell/Bull
pPOTW -adj 511 -4.72 -0.02 -10.92 16.03 4.70
[2.39] [-2.03] [-0.01] [-4.83] [6.88] [1.78]
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Table 5: Retail Herding and Technical Analysis

This table shows that retail herding is positively correlated with the contemporane-
ous sentiment of technical analysis (TA) related messages on StockTwits. We estimate the
following panel regression at the stock-week level:

RH Herding;, =[318entimentZtA + ﬁgSentimentfi""M + BsAttention;;

+fsEarnings News;, + fsAnalyst News;, + yX;: + 6, + 1 + €y,

where the dependent variable is an indicator of Robinhood herding events, identified as
the top 10 stocks with the highest Robinhood user change ratio in week ¢ and a minimum
of 100 users at the end of week t — 1 (see, Barber et al., 2022). The data on Robinhood
user accounts is available from May 2018 to August 2020. Our key explanatory vari-

ables are the StockTwits users’ sentiments on stock i in week t revealed by the number
NBullish _NBearish
it it

of bullish and bearish messages, Sentiment;, = where we measure senti-

NiBtu”iSh+NiBteuri5h ’
ments using technical analysis (TA) related messages and non-TA messages separately.
Attention;, is a measure of StockTwits users’ attention on stock i in week ¢, defined as the
number of messages on stock i divided by the total number of messages across all stocks,
i.e., Attention;, = % (in percentage points) (see, Cookson et al., 2024b). Earnings
News;; is an indicator of the release of earnings-related news in week t. Analyst News;,
is an indicator of the release of analyst forecasts and recommendations in week t. X;;
represents a vector of stock characteristics available at the beginning of week ¢, including
(log) market capitalization, (log) book-to-market, asset growth, gross profits-to-asset, (log)
number of analysts, (log) institutional ownership, the maximum daily return in the prior
month, abnormal turnover, and lagged returns over five horizons: one day, one week, one
month, one quarter, and one year. All specifications include calendar week fixed effects.
Standard errors are clustered by calendar week and associated ¢-statistics are reported in
brackets, where *, ** and *** denote significance at levels 10%, 5%, and 1%.

RH Herding;,
(1) (2) 3)

Sentimentf;“ 0.003*** 0.003***
[2.97] [3.08]
Sentiment "4 -0.001 -0.001
[-1.29] [-1.62]
Attention;, 0.020** 0.020** 0.020"
[5.97] [5.96] [5.96]
Earnings News; ; 0.008*** 0.008*** 0.008*
[4.78] [4.76] [4.78]
Analyst News;; -0.003***  -0.003***  -0.003**
[-2.69] [-2.71] [-2.73]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FEs Yes Yes Yes
Observations 52,072 52,072 52,072
R-squared 0.011 0.011 0.011
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Table 6: Distribution of Messages by Retail Investment Strategies

This table presents the distribution of messages by StockTwits users’ investment
strategies classified by our LLM approach. Specifically, a message can be related to
technical analysis (TA), fundamental analysis (FA), other strategy (neither TA nor FA),
and non-strategy. Numbers represent the fraction of total messages. Panel A includes the
messages posted by all users in our StockTwits sample, while Panel B and C focus on the
messages of self-reported technical and fundamental investors, respectively.

Panel A. All Investors
Strategy  Non-strategy = Sum

0.310 0.690 1
TA or FA 0.195
Other Strategy 0.115
TA Non-TA Sum
FA 0.004 0.107 0.111
Non-FA 0.084 0.804 0.888
Sum 0.088 0.911

Panel B. Self-reported Technical Investors

Strategy Non-strategy = Sum

0.408 0.592 1
TA or FA 0.268
Other Strategy 0.140
TA Non-TA Sum
FA 0.007 0.093 0.100
Non-FA 0.168 0.731 0.899
Sum 0.175 0.824

Panel C. Self-reported Fundamental Investors

Strategy  Non-strategy =~ Sum

0.341 0.659 1
TA or FA 0.220
Other Strategy 0.121
TA Non-TA Sum
FA 0.005 0.145 0.150
Non-FA 0.070 0.780 0.850
Sum 0.075 0.925
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Table 7: Predicting Return with Retail Sentiments by Various Strategies

This table examines the weekly stock return predictability with sentiments of vari-
ous retail trading strategies. We estimate the panel regressions at the stock-week level,

. t . .
Return; :ﬁ1Sentzmenti,¥p ° + BoAttention;; + psEarnings News;

+PuAnalyst News; , + yXi ¢ + 6 + 1j + €i 141,

where Sentiment'VP¢ type = TA, FA,OS, NS, represent the sentiments of the four message
types: technical analysis (TA), fundamental analysis (FA), other strategies (OS), and non-
strategy (NS). See Table 5 for definitions of other explanatory and control variables. All
specifications include calendar week fixed effects. Standard errors are clustered by calen-
dar week and associated t-statistics are reported in brackets, where *, ** and *** denote
significance at levels 10%, 5%, and 1%.

Return;;; (%)

(1) (2) 3) (C)) (5) (6)
Sentiment,; ; 0.056*
[1.79]
Sentiment; ;! -0.067** -0.069**
[-2.36] [-2.54]
Sentiment/! 0.050* 0.059**
[1.94] [2.33]
Sentiment{? -0.036 -0.033
[-1.34] [-1.28]
Sentiment))’ -0.000 0.006
[-0.00] [0.28]
Attention;, -0.111*+  -0.115** -0.113** -0.115** -0.114** -0.115**
[-3.05] [-3.17] [-3.12] [-3.15] [-3.14] [-3.14]
Earnings News; ; 0.089* 0.088* 0.088* 0.089* 0.089* 0.087
[1.68] [1.66] [1.66] [1.67] [1.68] [1.64]
Analyst News; ; -0.042 -0.043 -0.042 -0.043 -0.043 -0.042
[-1.11] [-1.15] [-1.12] [-1.14] [-1.14] [-1.12]
Stock Characteristics Yes Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes Yes Yes
Observations 627,060 627,060 627,060 627,060 627,060 627,060
R-squared 0.125 0.125 0.125 0.125 0.125 0.125
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Table 8: Retail Order Flows and Sentiments by Various Strategies

This table examines the contemporaneous relation between the trading activity of
retail investors and sentiments regarding technical analysis (TA), fundamental analysis
(FA), other strategies (OS), and non-strategy (NS). We estimate the following panel
regression at the stock-week level:

OIB;, :ﬁﬁentimentfft’p ‘ + BAttention;, + psEarnings News,,

+psAnalyst News;, + yXi;+6; + 1+ €, type =TA FA OS,NS.

The dependent variable is the retail order imbalance (OIB). We consider two alternative
measures: OIBZJZZ , constructed following the algorithm in Boehmer et al. (2021), and

OIBf f{] 95 based on the modified method in Barber et al. (2022). Panels A and B present
results focusing on each of these two alternative OIB measures as the dependent variable.
Our OIB data is available from 2012 to 2020. See Table 5 for definitions of other explana-
tory and control variables. All specifications include calendar week fixed effects. Standard
errors are clustered by calendar week and associated t-statistics are reported in brackets,
where *, ¥* and *** denote significance at levels 10%, 5%, and 1%.

OIB}/%% (%)
1) 2) (3) 4) (5)

Sentiment ;! 0.355*"* 0.282%*
[8.42] [6.63]
Sentiment{;“ 0.232% 0.163***
[5.20] [3.58]
Sentiment? 0.387** 0.322%**
[10.36] [8.47]
Sentiment})’ 0.310**  0.236"**
[6.93] [5.22]
Attention;, 0.449**  0.446**  0.449"*  0.455"* 0.466"**
[16.16] [16.09] [16.14] [16.35] [16.67]
Earnings News;; -0.140*  -0.148*  -0.140"* -0.144 -0.139*
[-2.31] [-2.45] [-2.31] [-2.37] [-2.29]
Analyst News; ; 0.102* 0.104* 0.102* 0.102* 0.105*
[1.86] [1.90] [1.86] [1.86] [1.92]
Stock Characteristics Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes Yes
Observations 456,086 456,086 456,086 456,086 456,086
R-squared 0.010 0.009 0.010 0.009 0.010
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OIB}7® (%)

(1D (2) (3) 4) (5)
Sentiment/ /! 0.798*** 0.670**
[18.51] [15.47]
Sentiment] ;! 0.443** 0.307**
[10.21] [7.01]
Sentimentgts 0.644"** 0.505*
[17.43] [13.69]
Sentiment’ 0.609**  0.469"**
[13.82] [10.50]
Attention;, 0.614**  0.604™*  0.608**  0.621**  0.647**
[17.07] [16.89] [16.94] [17.18] [17.68]
Earnings News;, -0.018 -0.033 -0.020 -0.025 -0.017
[-0.26] [-0.50] [-0.30] [-0.38] [-0.25]
Analyst News;; 0.088* 0.091* 0.088* 0.088* 0.094"
[1.78] [1.83] [1.76] [1.76] [1.88]
Stock Characteristics Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes Yes
Observations 435,328 435,328 435,328 435,328 435,328
R-squared 0.018 0.017 0.018 0.017 0.019
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Table 9: Retail Strategies and Retail Order Flow Informativeness

This table shows that the return predictive power of retail order imbalance is weaker
(stronger) when StockTwits users heavily post messages about technical (fundamental)
analysis. We estimate the following panel regression at the stock-week level:

Return;;.; =p,0IB;; + B,High Retail:ft’p °+ BOIB;,; x High Retail:’?p ‘ + B,Attention;,

+psEarnings News; , + fsAnalyst News; , + y X + 5 +1j + € r41.

Panels A and B report results from the regressions in which OIB;; is measured based
on the procedure in Boehmer et al. (2021) and Barber et al. (2023), respectively.
High Retailiﬁp ‘ type = TA,FA,OS,NS, is a dummy variable equal to 1 if the percentage of
messages related to an investment approach on stock i in week ¢ is above the median in the
cross section of stocks. See Table 5 for definitions of other explanatory and control vari-
ables. All specifications include calendar week fixed effects. Standard errors are clustered
by calendar week and associated t-statistics are reported in brackets, where *, ** and ***
denote significance at levels 10%, 5%, and 1%.

Return; ;11 (%)

(1) (2 (3) 4) (5)
OIB}/** 0.485"*  0.647* 0192  0.447"*  0.566""
[5.10] [4.95] [1.41] [3.90] [4.96]
High Retail ;! 0.010
[0.27]
OIB}/*” x High Retail!# -0.401**
’ [-2.07]
High Retail ;! 0.112**
[3.02]
OIB}/?” x High Retail 0.603"
[3.20]
High Retail 0’ -0.036
[-1.12]
OIB}/* x High Retail%’ 0.100
[0.51]
High Retail}® -0.095"**
[-2.76]
OIB}/*” x High Retail’ -0.166
[-0.86]
Attention; -0.121%*  -0.121%*  -0.121**  -0.120"*  -0.114**
[-4.26]  [-4.24]  [-4.24]  [422]  [-4.05]
Earnings News;, 0.121*  0.121*  0.116*  0.121*  0.121*
[2.20] [2.20] [2.12] [2.20] [2.19]
Analyst News; -0.025  -0.024  -0.022  -0.023  -0.021
[-0.62]  [-0.62]  [-057]  [-0.59]  [-0.54]
Stock Characteristics Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes Yes
Observations 455,729 455,729 455,729 455,729 455,729
R-squared 0.120 0.120 0.120 0.120 0.120
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Returni,t_‘_l (%)

(1) (2) 3) (4) (5)
OIB}//9° 0.451"*  0.553"*  0.183  0.391**  0.619***
[3.92] [3.85] [1.26] [3.01] [4.74]
High Retail 7! 0.021
[0.58]
OIBP/9% x High Retail 4 -0.254
’ ’ [-1.38]
High Retail 0.099**
[2.77]
OIB};”/°° x High Retail 0.548"
[3.06]
High Retail?;} -0.047
[-1.54]
OIB///°° x High Retail 0.164
[0.90]
High Retail;® -0.085™
[-2.55]
OIB}[/® x High Retail® -0.346*
[-1.92]
Attention;, -0.099%*  -0.098**  -0.098"*  -0.097*  -0.092***
[-3.99] [-3.95] [-3.98] [-3.93] [-3.77]
Earnings News;, 0.095* 0.096* 0.091* 0.095* 0.095*
[1.83] [1.83] [1.76] [1.83] [1.83]
Analyst News; -0.023 -0.023 -0.021 -0.021 -0.020
[-0.65] [-0.64] [-0.60] [-0.61] [-0.56]
Stock Characteristics Yes Yes Yes Yes Yes
Lagged Returns Yes Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes Yes
Observations 435,107 435,107 435107 435,107 435,107
R-squared 0.135 0.135 0.135 0.135 0.135
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6. Appendix A

20 Panel A. Number of Messages

20

10 I I I

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Panel B. Number of Active Users

Million

400

300

. I I I I I

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Panel C. Number of Stocks

Thousand
[y}
S

(=]

4000

3000
2000
1000

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

(=]

Fig. A.1. StockTwits Coverage

This figure plots the number of messages, active users, and stocks on StockTwits
from 2012 to 2022.

50



Table A.1: Examples of GPT Responses

Message

Ticker

Score

Indicators

10

11

12

13

14

$I0OVA 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, Support Line,

Oversold

Support Level, Stop Loss
10 wk SMA

Oversold Compression

Fibonacci Retracement

Downtrend Reversal

Breakdown

All-time Highs

Short Covering

HOD, Volume

51



Table A.2: Variable Definitions

Variable

Definition

Retail TA Usage; ;,

Sentiment,; ;,

Sentiment,
Sentiment]o 4
Sentiment/;'
Sentimentgts
Sentimentl{:’f

TA
ti t

Technical Investor;,
Short-term Investor; ,

Professional Investor;,
Attention;,

Al Signal;,
OIB;,;
RH Herding;,

Earnings News; ;
Analyst News; ;

Max;,

Abnormal Turnover;,
Market Capitalization;,
Book-to-Market,; ;

Asset Growth;;

Gross Profits-to-Asset;
Number of Analysts; ;

Institutional Ownership;,

Fraction of total messages posted by investor j on stock i in week ¢ that are classified
as technical related.
The difference in the number of bullish and bearish messages to the sum of bullish

Bullish Bearish
Ni,j,z ’Nz,m

» NBullish yBearish following
ij.t ij,t

and bearish messages on stock i posted by investor j in week ¢

Cookson and Niessner (2020).

Sentiment calculated using messages related to technical analysis.

Sentiment calculated using non-technical messages.

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.

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

Dummy variable equal to one if investor i’s self-reported holding period is "Day
Trader", "Swing Trader", or "Position Trader".

Dummy variable equal to one if investor i’s self-reported experience is "Professional”.
A measure of StockTwits users’ attention on stock i 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).

Jianget al. (2023) Weekfy return forecast generated by applying a convolutional neural
network (CNN) to price patterns over the past 5 days.

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

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

Indicator for the release of earnings-related news about stock i in week t.

Indicator for the release of analyst-related news about stock i in week ¢.

Maximum return in the prior month.

Measure of abnormal trading volume, log(1 + Turnover;;) — log(1+ i Zi:l Turnover;;_p).
Market capitalization.

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 i.

Fraction of shares outstanding held by 13F institutional investors.
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Table A.3: Robustness: Sentiment and Lagged Al Signal

We repeat Table 3 by regressing retail investors’ sentiments on the lagged, rather
than contemporaneous, Al Signal:

. t . 1
Sentiment;'* =p,Al Signal,, , + pReturn}$_, + psReturn}}’ | + piReturn]}", + psReturn;?_

Lj.t 1

ly

+ﬂ6Returnl, -

+ f7Earnings News; ,_, + fsAnalyst News; ,_,
+yXit+6:+1n;+€ij type=TA NonTA

See Table 3 for the definitions of the dependent and explanatory variables. All specifica-
tions include both calendar week and investor fixed effects. Standard errors are clustered
by investor and calendar week, and associated ¢-statistics are reported in brackets, where
* *% and *** denote significance at levels 10%, 5%, and 1%.

Sentiment{}i‘t Sentiment%f’t"“
(1) (2) 3) 4)
Al Signal;;_, -0.503*** -0.520*** -0.214* -0.206***
[-10.25] [-10.29] [-3.74] [-3.40]
Return!?_, 0.015 0.009
[0.65] [0.33]
Return;} | -0.027* -0.016
[-2.13] [-0.90]
Return}”t”_1 0.009 0.008
[1.20] [0.82]
Return,?_, 0.017*** 0.030**
[3.32] [6.28]
Return,?_, -0.024* -0.020"*
[-9.71] [-6.20]
Earnings News; ;_; -0.043*** -0.042%* -0.052*** -0.051**
[-8.29] [-8.38] [-7.69] [-7.64]
Analyst News;;_; -0.067* -0.065"** -0.079* -0.078*
[-13.03] [-13.20] [-11.10] [-11.03]
Stock Characteristics Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes
Investor FEs Yes Yes Yes Yes
Observations 1,532,892 1,532,892 6,118,230 6,118,230
R-squared 0.193 0.195 0.165 0.166
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Table A.4: Robustness: Self-reported Sentiment Labeling

This table focuses on investors’ sentiments that are measured only from messages
with StockTwits users’ self-reported labeling in bullish and bearish.

SelfLabel,type

. . 1
Sentiment;; ; =p,Al Signal;, + ,BzReturng"f_l + BsReturn}) | + psReturn]" | + psReturn.]_

1
ly

+ﬁ(,Returnl,t_1

+ f;Earnings News; ,_; + fsAnalyst News;,_,
+y X+ +nj+e€ij: type=TA NonTA

where the dependent variable is the sentiment of investor j on stock i in week ¢, measured

by the number of investor j’s messages with self-reported bullish and bearish labeling,
Bullish _ _B_earish

Sentiment; j; = % (see, Cookson et al., 2024b). In columns (1) and (2), the sen-
i,j,t ij,t

timent is measured based on technical analysis (TA)-related messages, while columns (3)

and (4) focus on the sentiment of non-TA messages. See Table A.3 for definitions of ex-

planatory and control variables. All specifications include both calendar week and investor

fixed effects. Standard errors are clustered by investor and calendar week, and associated

t-statistics are reported in brackets, where *, ** and *** denote significance at levels 10%,

5%, and 1%.

Sentimentf}‘,‘t Sentimentfj;‘,’t"“
(1) (2) (3) (4)
Al Signal;; -1.198**  -1.151™*  -0.643** -0.611**
[-9.45] [-9.69] [-5.75] [-5.63]
Return}"f_1 0.017 0.037
[0.46] [1.12]
Return}f_1 0.006 -0.018
[0.40] [-1.06]
Return})’t"_1 0.023** 0.021**
[2.28] [2.72]
Return;?_, 0.015" 0.000
[1.77] [0.04]
Return,?_ -0.003 0.000
[-1.06] [0.09]
Earnings News;;_; -0.027**  -0.026**  -0.017** -0.016***
[-4.09] [-4.01] [-3.21] [-3.18]
Analyst News; ;_; -0.031**  -0.031***  -0.037** -0.036***
[-4.89] [-4.83] [-6.16] [-6.11]
Stock Characteristics Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes
Investor FEs Yes Yes Yes Yes
Observations 137,501 137,501 291,528 291,528
R-squared 0.366 0.367 0.454 0.454
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Table A.5: Value-weighted Portfolios Sorted on Retail TA and Al Signal

This table presents the average DGTW-adjusted returns of the value-weighted port-
folios two-way sorted on retail TA sentiment and Al signal. Retail TA Bull (Bear) denotes
the portfolio of stocks with retail TA sentiment greater (less) than its cross-sectional
median. Retail Bull-Bear indicates the return difference of the Retail Bull and Bear
portfolios. We also form portfolios based on retail non-TA sentiment. AI Buy (Sell) is
the portfolio of stocks with AI Signal greater (less) than 0.5. AI Buy-Sell indicates the
return difference between the AI Buy and Sell portfolios. Columns (5) and (6) focus on
the two long-short strategies, one in which retail investors agree with Al in technical
analysis (Buy/Bull-Sell/Bear), and the other in which retail investors disagree with Al
(Buy/Bear—Sell/Bull). The average DGTW-adjusted returns are annualized in percentage
and associated t-statistics are reported in brackets, where *, ** and *** denote significance
at levels 10%, 5%, and 1%.

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

Retail TA
Bull Bear Buy/Bull Buy/Bear
Al Signal Buy Sell Buy Sell — Sell/Bear — Sell/Bull
pPCTW=adj 1.46 -4.36 0.68 1.19 0.26 5.05
[1.28] [-3.30] [0.51] [0.71] [0.12] [2.52]
Retail Non-TA
Bull Bear Buy/Bull Buy/Bear
Al Signal Buy Sell Buy Sell — Sell/Bear — Sell/Bull
pPCTW=adj 1.42 -2.97 1.92 -2.18 3.60 4.89
[1.27] [-1.92] [1.81] [-1.79] [1.99] [2.59]
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Table A.6: Retail Usage of Fundamental Analysis and Other Strategies

We repeat Table 2 to examine the usage of fundamental analysis (FA) and other
strategies (OS) revealed by their posts on StockTwits. We estimate the following panel
regression at the stock-investor-week level:

Strategy Usage, ;. =p1Technical Investor;, + p,Short-term Investor;, + psProfessional Investor;,

+fsEarnings News;, + fsAnalyst News;, + yX;; + FEs + €; j 141

In columns (1)—(2), the dependent variable is the FA usage by investor j on stock i in week
t+1, measured as the percentage of investor j’s messages classified as FA-related by our clas-
sification LLM (TechBERT). Similarly, the dependent variable is investor j’s use of other
strategies in columns (3)—(4). See Table 2 for details on explanatory and control variables
in the regressions. Columns (1) and (3) include calendar week fixed effects and columns (2)
and (4) include both calendar week and investor fixed effects. Standard errors are clustered
by investor and calendar week, and associated t-statistics are reported in brackets, where
* % and *** denote significance at levels 10%, 5%, and 1%.

Retail FA Usage; j ;+1 Retail OS Usage; j ;+1
(1D (2) 3) 4)

Technical Investor;, -0.046" 0.004
[-7.91] [0.83]
Short-term Investor;, -0.019*** 0.022**
[-3.23] [5.86]
Professional Investor; ; 0.081** 0.021**
[5.76] [3.82]
Earnings News; ; 0.016** 0.014* -0.003*** -0.003***
[9.25] [13.15] [-5.55] [-6.20]
Analyst News; ; -0.014*** -0.004*** 0.001 0.001
[-7.43] [-4.77] [1.12] [1.49]
Stock Characteristics Yes Yes Yes Yes
Time FEs Yes Yes Yes Yes
Investor FEs No Yes No Yes
Observations 16,994,396 16,818,446 16,994,396 16,818,446
R-squared 0.026 0.276 0.006 0.114
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Table A.7: Longer Horizon Return Predictability

This table examines the longer horizon return predictability of sentiments of Stock-
Twits messages corresponding to various retail investment strategies. We estimate the
panel regressions at the stock-week level,

. t . .
Return; ;s =[3189ntlmenti’¥1’ ° + BoAttention;, + psEarnings News, ,

+piAnalyst News; , + y X+ 0; +1j +€ir1, k=2,3,4

where Sentiment'¥P¢ type = TA,FA,OS, NS, represent the sentiments of the four message
types: technical analysis (TA), fundamental analysis (FA), other strategies (OS), and non-
strategy (NS). See Table 5 for definitions of other explanatory and control variables. All
specifications include calendar week fixed effects. Standard errors are clustered by calen-
dar week and associated t-statistics are reported in brackets, where *, ** and *** denote
significance at levels 10%, 5%, and 1%.

Return; i, (%) Return;;.; (%) Return; ;s (%)

(D (2) 3)
Sentiment/ /! -0.045 -0.030 -0.070*
[-1.48] [-0.94] [-1.88]
Sentiment] ;! 0.064** -0.032 0.050
[2.15] [-0.87] [1.30]
Sentiment{’ -0.043 -0.022 0.006
[-1.54] [-0.78] [0.18]
Sentiment.’ 0.023 0.019 0.060*
[0.90] [0.60] [1.66]
Attention; -0.040 -0.016 -0.015
[-1.26] [-0.41] [-0.43]
Earnings News;; -0.071 -0.049 -0.062
[-1.08] [-0.74] [-0.85]
Analyst News;; 0.036 -0.005 0.027
[0.78] [-0.10] [0.52]
Stock Characteristics Yes Yes Yes
Lagged Returns Yes Yes Yes
Time FEs Yes Yes Yes
Observations 476,506 409,121 369,086
R-squared 0.125 0.126 0.127
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