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Abstract

Our study introduces the concept of WallStreetBets (WSB) submission intensity
bursts (IB), offering a novel perspective by distinguishing varying levels of social media
activity. Using a Difference-in-Differences approach, we establish a causal link between
IBs and key market outcomes, including trading turnover, daily and overnight abnormal
returns. We further find that IBs during regular trading hours (RTH) have a stronger
and more lasting impact on stock returns compared to those outside RTH, with swift
reversals observed on a half-day basis. Additionally, stocks targeted by WSB users
typically exhibit a decrease in short interest ratios following an IB, suggesting the
WSB users may anticipate short squeeze opportunities, adding strategic nuance to
social media’s market influence.
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1 Introduction

The interplay between social media and financial markets has gained considerable attention,
underscored by the GameStop (GME) saga in early 2021. GameStop’s stock price surged
from $43.03 to $483 within a week, driven by retail investors rather than any fundamental
news. This dramatic rise led to a record trading volume of 24 billion shares in one day and
prompted a congressional inquiry1. Key figures, including retail investor Keith Gill (known
as Roaring Kitty) and two hedge fund CEOs, testified before the U.S. House Committee on
Financial Services on February 18, 2021. Gill affirmed his bullish stance on GameStop2 and
later disclosed on WallStreetBets that he had bought more shares3, sparking over 12,615
comments, mostly expressing a positive sentiment decorated with emojis of rockets, moons,
gorillas, and diamonds. This incident coined the term "meme stock," highlighting the power
of collective retail investor actions on social media and their significant impact on financial
markets, including hedge funds and regulatory bodies.

The link between social media and stock market dynamics was investigated in numerous
studies (Chen et al. 2014, Renault 2017, Gu & Kurov 2020, Cookson & Niessner 2020, Hu
et al. 2021, etc.). The GameStop saga exemplifies the significant, and often disruptive,
impact that collective online retail investor activities can have on financial markets. The
rapid price spikes and crashes, along with extreme volatility, present clear challenges, and
costs to the broader investment community.

Building upon this body of research, our study contributes to the emerging field of Social
Economics and Finance (Hirshleifer 2020), which is driving new directions in economic and
finance research. The new discipline examines the social processes that influence economic
thinking and behaviour, as well as the behaviours that arise from social interactions. As
it deals with phenomena deeply intertwined with human nature, presenting challenges for
scientific inquiry. Nonetheless, quantitative analysis in these areas can provide critical in-
sights into socially emergent behaviours and the dynamics of narrative dissemination. In
this study, we specifically examine the case of WallStreetBets (WSB), an online community
that played a central role in the GameStop episode, to provide a nuanced understanding
of how intense activity by WSB bloggers correlates with stock market behaviour. By fo-
cusing on this unique context, our research offers novel insights into the interplay between
social behaviours and market outcomes, thereby advancing the broader disciplines of Social
Economics and Finance.

1See https://www.thetradenews.com/the-reddit-revolt-gamestop-and-the-impact-of-social-media-on-
institutional-investors/

2See recording of the virtual hearing around 1h33m5s
3See DFV’s post on WallStreetBets on 19th February, the next day of the hearing.
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Our research addresses several critical gaps in the literature. First, our study addresses
the scarcity of causal analysis in the literature, particularly that of Difference-in-Difference
(DiD) applications, in examining the impact of social media activity on financial markets.
To fill this gap, we begin our analysis by adopting the concept of "intensity burst" (Chris-
tensen & Kolokolov 2024) in WSB submissions4. An "intensity burst" refers to a sudden and
significant increase in the volume of posts regarding a specific stock on the Reddit forum
WallStreetBets. These upsurges may be triggered by various factors, such as engagement
from high-profile individuals like Keith Gill or major news events. Intensity bursts are not
merely moderate increases in activity; they are explosive phenomena that uniquely charac-
terise WSB and are conjectured to have a substantial impact on the market. This conjecture
is supported by observations of past events, such as the GameStop episode, where intensity
bursts led to significant market movements. To the best or our knowledge, this paper is the
first to identify and compare the differences between the company stocks that experience
intense discussion and the stocks that are regularly discussed on WSB. We also contribute
to a modified version of “intensity burst” test statistics that are more suitable for capturing
daily discussion dynamics on financial social media platforms. By categorising firms that
exhibit significant results in the intensity burst test as treated firms, we further analyse
these firms using a DiD approach combined with Propensity Score Matching (PSM). This
methodology allows us to investigate the relationships between intensity bursts and market
outcomes. Our findings show that such bursts lead to significant increases in trading turnover
and stock returns, aligning with and expanding upon previous research (Chen et al. 2014,
Rakowski et al. 2021, Hu et al. 2021, Pedersen 2022, Bradley et al. 2024, etc.). Our results
also suggest that the intensity bursts in WSB discussions have a unique effect compared to
regular discussions, as we ensured that the control companies were also discussed in the ten
days before the IB events.

Second, recognising the limited research on how social media posts affect subsequent
trading sessions, we explore the temporal aspects of WSB discussions.5 By conducting
dynamic DiD tests on open-to-close and close-to-open returns, we differentiate between the
effects of social media activity outside regular trading hours (RTH) and during RTH on stock
returns. Our analysis shows that discussions inside RTH, when the market is open, have a
more pronounced and lasting impact on market movements compared to discussions outside
RTH. These findings underscore the critical importance of considering the timing of social
media activity in understanding its influence on financial markets.

4We modify the original intensity burst test to better fit our data characteristics.
5Renault (2017) and Gu & Kurov (2020) explore the impact of sentiment in StockTwits and Twitter,

respectively, on the market. However, they do not provide a distinct analysis of how sentiment generated
outside regular trading hours (i.e., after-market or pre-market) influences subsequent market sessions.
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Third, our study examines the relationship between WSB discussions and short selling
activities. While the relationship between WSB and short squeezes, and therefore the link
between WSB and short selling, are often claimed, there is no strong empirical evidence
provided in the literature. We show that the treated company stocks are more likely to
have higher short selling before an IB event, and the short selling activities of a stock are
expected to decrease when the stock gets unusually popular on WallStreetBets. This finding
suggests that short sellers may anticipate the market movements driven by WSB discussions
and adjust their strategies accordingly. This nuanced understanding of the short selling
strategies adds depth to the existing literature like Hu et al. (2021).

The remainder of this paper is structured as follows. Section 2 reviews the relevant lit-
erature and theoretical framework underpinning our study. Section 3 shows the research
questions. Section 4 and Section 5 describe the data and methodology used to conduct our
analysis. Section 6 presents the empirical results and discusses the implications of our find-
ings. Finally, Section 7 concludes the paper, summarising our contributions and suggesting
avenues for future research.

2 Literature Review

Numerous studies have explored the connections between social media and financial markets.
Various indicators, including trading volume and stock returns, have been investigated to
assess the influence of financial social media.

Trading volume, or turnover, is a frequently studied variable in financial social media
literature. Cookson & Niessner (2020) leverage user profile information from StockTwits
to tackle investor opinion disagreement. They find that disagreements within and among
different investor groups on StockTwits are positively correlated with abnormal stock vol-
ume. Disagreement within the same (among different) group correlates more (less) strongly
with trading volume, suggesting that informational disparities play a more crucial role in
trading than differences in investment approaches. Cookson et al. (2023) finds that users
of StockTwits tend to follow and interact with others who share similar views about spe-
cific stocks. This leads to clusters of like-minded individuals discussing and reinforcing
each other’s opinions, which can significantly influence trading behaviour and stock market
dynamics. Specifically, the study shows that such behaviour is positively associated with
abnormal stock turnover, indicating that when users are exposed to a concentrated set of
similar opinions, it can drive trading activity significantly. Rakowski et al. (2021) focus on
Twitter, observing that reduced Twitter activity correlates with reduced trading among less
visible securities.
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Many recent works study the relation between Reddit’s WallStreetBets (WSB) and trad-
ing volume. Pedersen (2022) shows theoretically that increased participation by naive and
fanatic agents in social networks leads to higher trading volumes. The model also helps
explain social network spillovers, the influence exerted by thought leaders, bubbles, bursts of
high volume, price momentum, fundamental momentum, and reversals in financial markets.
Building on this work, Hu et al. (2021) report that when a company has a high level of dis-
cussion and commentary on WSB, the sentiment expressed in those posts is more likely to
impact retail trading activity the following day. Long et al. (2023) focus specifically on GME
stock. Using the VADER sentiment analysis tool in Python, they suggest that discussions
on the Reddit forum during downward market movements have only a weak correlation with
the trading volume of GME stock.

The impact of social media platforms, such as SeekingAlpha, StockTwits, WallStreet-
Bets (WSB), and Twitter, on stock returns at various time frequencies has been extensively
documented. Chen et al. (2014) demonstrate that an increase in the proportion of negative
words in SeekingAlpha reports correlates with a decline in abnormal stock returns over the
subsequent two months. Similarly, Farrell et al. (2022) find that reports on SeekingAlpha
influence retail order imbalances, subsequently affecting the market-adjusted return over the
following week. Bartov et al. (2018) argue that aggregated opinions from individual tweets
can successfully forecast a firm’s forthcoming quarterly earnings surprises and the associated
announcement returns. Cookson et al. (2023) suggest that bullish (bearish) declarations on
StockTwits typically lead to lower (higher) abnormal returns over the next 5 to 10 trading
days, implying a reverse relation. Bradley et al. (2024) find that due diligence (DD) re-
ports on WSB are significant predictors of future 1-week-ahead and 1-month-ahead returns,
though the 1-month return predictability is fully eliminated in the post-GME period. For
daily-frequency stock returns, Gu & Kurov (2020) find that Twitter sentiment positively
predicts next-day abnormal stock returns. Hu et al. (2021) find the tone and traffic from
fanatic and naive agents on WSB are positively associated with next-day returns. Renault
(2017) explores higher-frequency data and finds that the last half-hour stock market return
is affected by the first half-hour change in novice trader sentiment on StockTwits. Long et al.
(2023) demonstrate that sentiment on WSB has a significant and rapid effect on GME stock
returns, influencing prices within very short time intervals of 5, 10, and 30 minutes.

Short selling has been widely researched (Desai et al. 2002, Asquith et al. 2005, Boehmer
et al. 2008, 2010, Engelberg et al. 2012, 2018). However, although the connection between
WSB and short squeezes, as well as the link between WSB and short selling, is frequently
asserted, empirical evidence supporting these claims is scarce in the literature.6

6Hu et al. (2021) analyses a set of meme stocks, reporting weak link between the WSB discussion and
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Conversely, there is evidence of sustained reactive behaviour of the social media commu-
nity to financial events (Chen et al. 2014, Cookson & Niessner 2020, Bradley et al. 2024).
Specifically, Cookson & Niessner (2020) find a significant uptick in social media postings,
approximately 0.5 standard deviations above the norm, on earnings announcement days,
which persists for one week afterward.

Our study closely aligns with prior research; however, it uniquely explores the impact
of financial social media platforms, such as Reddit’s WallStreetBets, on the dynamics of
stock turnover and stock returns, including overnight returns. Unlike previous studies that
have examined the volume of discussions indiscriminately, this paper statistically tests for
upsurges in WSB activity and investigates the interactions between these unusual phenomena
and stock market dynamics.

3 Research Questions

We examine how intense activity on social media, particularly on Reddit’s WSB, correlates
with stock market behaviour. Through this analysis, we offer novel insights into the interplay
between social behaviours and market outcomes, advancing our understanding of the social
processes influencing financial market dynamics (Hirshleifer 2020). Specifically, we address
the following three research questions.

Research Question 1: How do intensity bursts (IB) in WSB submissions influence stock
trading turnover and returns?

Previous research, such as Chen et al. (2014), Renault (2017), Rakowski et al. (2021)
have explored the impact of investor sentiment on market activities. Our research focuses
the specific context of WSB, providing insights into how upsurges of discussions on this
platform can lead to significant increases in trading turnover and stock returns. We define
intensity burst (IB) as a sudden spike in posts about a specific stock on WSB, often trig-
gered by high-profile figures or major news events. These bursts are explosive, and have
been linked to significant market impacts, as seen in events like the GameStop episode. We
hypothesise that such intense discussions on WSB generate heightened market reactions due
to the concentrated attention of retail investors and the rapid spread of information and
sentiment contagion.

Research Question 2: What is the temporal effect of WSB discussions on stock returns,
specifically comparing outside regular trading hours (RTH) and inside RTH periods?

short selling.
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This question aims to dissect the timing of market reactions to WSB activity. While prior
studies, such as those by Barclay & Hendershott (2003) and Li et al. (2015), have examined
the informativeness of after-hours trading activities, focusing on analyst recommendations
and institutional trading, studies address the distinct influence of social media sentiment
generated during these periods are scarce. To fill this gap, we conduct dynamic Difference-
in-Differences (DiD) tests on open-to-close and close-to-open returns, differentiating between
the effects of social media activity outside regular trading hours (RTH) and during RTH on
stock returns. We posit that intraday discussions might lead to more significant market
movements as they allow more information to percolate.

Research Question 3: How do WSB discussions impact short selling activities?
Our study investigates the relationship between WSB discussions and short selling activ-

ities, addressing a gap in the literature where the connection between WSB-induced short
squeezes and short selling behaviour has been widely speculated but lacks strong empirical
evidence. We show a higher average short interest ratio preceding IB events. This may
indicate that WSB users pay high attention to the short-sell pressure in the market and
position themselves accordingly. This nuanced understanding of short selling strategies in
the context of WSB adds depth to the existing literature (e.g., Hu et al. 2021) and highlights
the complex dynamics between social media influence and market behaviour.

In summary, our study offers a comprehensive analysis of the influence of WSB discus-
sions on stock market behaviour, highlighting the importance of social media in modern
financial markets. These insights are crucial for investors, regulators, and researchers aiming
to navigate and understand the complex interactions between retail investor sentiment and
stock market behaviour. As platforms like WSB continue to grow in influence, recognising
the timing, nature, and impact of these discussions becomes essential for predicting and
managing their effects on financial markets.

4 Data

4.1 Reddit Sample

"r/wallstreetbets" is a subreddit discussion board on Reddit, serving as a representative
sample for addressing the research questions outlined in Section 3. While there are no
restrictions on the types of financial instruments discussed, most WSB topics revolve around
US stocks. Typically, users, known as Redditors, express their opinions on specific (meme)
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stocks. The infamous GameStop episode highlighted the significant impact of Redditors’
collective actions on stock price dynamics, demonstrating that even Wall Street mega funds
could be affected.

We downloaded all submissions and comments from r/wallstreetbets for the period from 1
January 2019, 00:00:00, to 31 July 2021, 23:59:59, utilising the third-party API, “Pushshift.io”.
This dataset comprises 1,656,135 submissions and 46,105,879 comments. We used regular
expressions to extract stock tickers, prefixed by a $ sign (e.g., $AAPL, $GME), from the
submission titles. These tickers were then cross-referenced with stock lists from CRSP (using
PERMNO) and CompuStat (using GVKEY), resulting in a sample of 3,851 US stock tickers.

Due to the casual and informal nature of social media conversations, stocks may be men-
tioned in various formats. For instance, “$GME” may also appear as “GME” or “Gamestop”.
To tag the r/wallstreetbets submissions with stock tickers, we manually checked the use of
each format (i.e., “$Ticker”, “Ticker”, and company names). After removing duplicate refer-
ences to the same stock, the initial list of 3,851 tickers was reduced to 3,195. Of these, 2,626
stocks were mentioned using all possible formats, 99 were referenced using both “$Ticker”
and “Ticker”, 410 with “$Ticker” and the company name, and 60 with only “$Ticker”. After
removing bot-generated comments, indicated by phrases like "I am a bot," and excluding
data from the initial and final days, the revised dataset spans from 16:00:00 on January 1,
2019, to 15:59:59 on July 31, 2021. Finally, to avoid confounding effects, we removed all
submissions tagged with multiple tickers and manually reviewed the company’s history from
both CRSP and Compustat. The final sample comprises 461,343 submissions and 14,387,195
comments associated with 2,885 tickers and 2,609 PERMNOs. Figure 1 illustrates the num-
ber of submissions by WSB flair, subcategorised by the number of comments per submission
(i.e., 30-50 comments, 50-100 comments, and over 100 comments). It is apparent that the
majority of submissions fall into the categories of DD, YOLO, and Discussion, with the
number of comments per submission being roughly evenly distributed.

[Figure 1 about here.]

4.2 Stock Related Data

We retrieved daily stock data, including the open/last price, trading volume, daily return,
number of shares outstanding, market return from CRSP; book value of stockholders’ equity,
balance sheet deferred taxes, investment tax credit, book value of preferred stock, market
value and short interest from Compustat; news count and sentiment from Bloomberg. Earn-
ings announcement dates were obtained from I/B/E/S, and short sale reports were sourced
from the CBOE short website. Due to the strict quota on Bloomberg services, we downloaded
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news count and news sentiment data only for the treated and controlled samples of stocks
included in the Propensity Score Matching and Difference-in-Difference (DiD) analysis.

Stock price, volume, number of shares outstanding and short interest are adjusted for
stock splits. Book value is derived from the book value of stockholders’ equity, balance sheet
deferred taxes, investment tax credit, book value of preferred stock. Short sale proportion
is calculated as the ratio of CBOE short volume to CBOE total volume. The CBOE daily
volume is aggregated from four stock exchanges: the BZX Exchange, BYX Exchange, EDGA
Exchange, and EDGX Exchange.

From these datasets, we produced the following variables: daily abnormal return, daily
abnormal overnight return (from 16:00 to 9:30 the next day), daily abnormal intraday return
(from 9:30 to 16:00), five-day volatility, book-to-market ratio, daily return, one-week cumu-
lative return, one-month cumulative return, total market capitalization, turnover (volume
divided by number of shares outstanding), short proportion, short interest ratio (days to
cover), earnings announcement dummy, number of pieces of news, and news sentiment. All
continuous variables are winsorised at 1st and 99th percentiles. Details of all the variables
used are in the appendix.

5 Methodologies

5.1 Statistical Test for WSB Submission Bursts

Rather than modelling daily WSB discussions, our analysis concentrates on identifying days
and tickers with upsurges in WSB submission volume, which we refer to as submission
intensity bursts. To achieve this, we begin by calculating the daily number of submissions,
denoted as Nt for day t. Here, Nt =

∑
1ti<t, where ti represents random times of each

submission, and 1 is an indicator function that counts each arrival event (i.e., a submission).
Define submission intensity as a non-parametric (backward-looking) measure calculated

as the moving average mean of passed ℓn count increments:

λ̂t =
1

ℓn

∑
i∈Dn

t−

∆iN
n, (1)

where ∆iN
n = Nn(i∆n) −Nn((i − 1)∆n) denotes the increment of Nn

t over the short time
interval ∆n = n−1, and Dn

t− is the set of indices defined as:

Dn
t− = {tn − ℓn + 1, tn− ℓn + 2, ..., tn}. (2)
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and ∆n is set equal to 1 and 0.5 representing one day and half a day respectively, and ℓn is
an integer hyperparameter for calculating the mean value of λ̂t.

Figure 2 displays λ̂t, representing the intensity of WSB submissions about GME, which
peaked during the GameStop episode. There is a discernible connection between the intensity
of WSB submissions for GME and the fluctuations in GME stock prices during this period.

[Figure 2 about here.]

Following Christensen & Kolokolov (2024), the variation in λ̂t can be modelled by sepa-
rating it into two components: a baseline activity, µt, governed by the Hawkes Process, and
a surge activity, βt, governed by an inhomogeneous Poisson process as shown below:

λt = µt + βt, (3)

where µt the normal drift rate, represents the arrival rate of Reddit posts during ‘normal
market’ conditions, and βt, the ‘bursts’ in drift, indicates the occurrence of ‘bursts’.

Mykland & Zhang (2017) posit that under H0 of no drift burst, the test statistic ϕib
t

below converges asymptotically to a standard normal distribution:

ϕib
t =

∇λ̂t

ŝtdKn

(
∇λ̂t

) (4)

∇λ̂t = λ̂t(ℓn) − λ̂t−δn(ℓn), (5)

where δn = ℓn×∆n is a bandwidth parameter, and Kn is the number of ∇λ̂t included in the
standard deviation calculation. When H0 is rejected, λt explodes under H1.

The intensity burst test statistic in Christensen & Kolokolov (2024) is designed for high-
frequency data analysis, where trading intensity remains persistent over numerous high-
frequency intervals, such as every 5 minutes. In contrast, WSB submissions here are observed
over daily and half-daily intervals, with considerably shorter persistence compared to high-
frequency trading intensity data. Consequently, we adjust the intensity in equation (5) as
follows:

∇λ̂t = λ̂t(1) − λ̂t−1(ℓn) (6)

where the time t intensity, λ̂t(1), is measured over one interval (i.e., one day or half a day),
while the time t− 1 intensity, λ̂t−1(ℓn), is calculated as the moving average over the previous
ℓn intervals. This revised approach is more sensitive to sudden increases in daily WSB
submissions. By replacing λ̂t(ℓn) with λ̂t(1), we mitigate the risk of abrupt increases in daily
WSB submissions being diluted by lower values in the long ℓn window, thereby reducing bias
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and enhancing the detection of intensity bursts.
To assess the robustness of our revised intensity burst test statistic, we simulate 1,000

paths for daily submissions using equation (3). Details of the simulation are provided in
Appendix C. Based on the size and power results documented there, we select ℓn = 10,
Kn = 100 and a confidence level of 99% for the remainder of this paper.

5.2 Propensity Score Matching and Difference-in-Difference

The Difference-in-Difference (DiD) method is a cornerstone of policy analysis used to assess
the impact of interventions. It enables a comparison of outcome changes between a treated
group and a control group selected based on propensity score matching (PSM). Central
to this method is the assumption that, in the absence of treatment, both groups would
have experienced similar trends over time. By employing DiD analysis, we can confidently
attribute any observed differences to the treatment itself, thus avoiding spurious outcomes.

In our study, we designate companies experiencing a significant surge in WSB submissions
as the treated group. Specifically, a treated company is defined as one that shows a significant
intensity burst (IB) test statistic on market trading day t, marking it as the first day of an
IB period, which signifies the onset of increased social media activity.7

An intensity burst period is defined as one or more consecutive days during which the
daily IB test statistic is significant.8 The first day of this period is particularly crucial for
our analyses. To ensure robustness, we exclude any IB periods that occur within 10 market
trading days of a preceding IB. This approach mitigates potential confounding effects from
the lingering impact of prior bursts on subsequent IB. Additionally, we require that the first
day of an intensity burst period have at least 10 submissions.

Figure 3 presents the number of treated samples per month over our sample period
identified based on the procedures outlined above. Due to the setting of Kn = 100, no IB
events are tested within the first 100 days of the sample period. Apart from January 2021
and June 2021, the data for other months remain relatively stable. Nonetheless, there is a
clear upward trend over time, highlighting the increasing popularity of the WallStreetBets
forum.

[Figure 3 about here.]
7Note that the IB test is initially conducted on calendar days. If an IB occurs over the weekend, it is

assumed to take place on the next business day. All weekend data are then aggregated and incorporated
into the data for the subsequent business day.

8If both day t− 1 and t+ 1 are tested as significant in the IB test, then day t will be included in the IB
period whether or not day t returns a significant IB test statistic.
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According to Baker et al. (2022), the Two-Way Fixed Effects (TWFE) Difference-in-
Difference (DiD) method has challenges in handling heterogeneity of times and firm effects.
It can produce biased estimates when treatment effects vary across firms and over time, as
it averages out these effects, failing to capture their true variability. Additionally, staggered
treatment adoption can lead to mis-attribution of changes to the treatment rather than
to concurrent events or trends. These biases can result in false positives and negatives,
undermining the reliability of the analysis. To address this issue, Imai & Kim (2021) and
Imai et al. (2023) recommend, instead of comparing all companies regardless of their unique
characteristics and timing, one should match treated companies with control companies that
have experienced similar patterns in the past. This matching process reduces the potential for
misleading results caused by differences in company characteristics and treatment timings,
and helps to ensure that any differences observed can be more confidently attributed to the
treatment rather than other factors.

Hence, in this paper, control companies are selected based on their intensity burst (IB)
history in the preceding 21, 63, or 126 market trading days (i.e., 1, 3, and 6 months). For
instance, if a treated firm i has undergone five9 IB days in the preceding 63 market trading
days, the control companies must also have experienced five IB days in the same time-frame
but must not exhibit a significant IB on day t. Additionally, control companies should not
experience any IB in the 10 days before or after day t (i.e., t − 10 to t + 10) and must
be the subject of at least one WSB submission in the 10 days preceding t (i.e., t − 10 to
t−1). Varying the length of the historical matching period results in the selection of different
control companies. In our subsequent analysis, we focus on the 63-day matching history. The
findings for the 21- and 126-day matching periods are comparable, and any differences will
be discussed after presenting the results based on the 63-day history.

To conduct the matching, we first perform a logistic regression to estimate propensity
scores, aiming to identify control companies that closely resemble the treated ones. This
logistic regression can also highlight key factors influencing intensity bursts (IB) within
WallStreetBets (WSB) submissions. As emphasised by Caliendo & Kopeinig (2008), only
variables unaffected by the treatment should be used in the propensity score matching. In-
cluding variables influenced by the treatment may introduce post-treatment bias. Therefore,
it is essential to use only variables that exist prior to and are independent of the treatment
allocation. This approach ensures an unbiased matching process, enabling accurate estima-
tion of the causal effect of the treatment. Consequently, we include all variables that exist
before the IB at day t on the right-hand side (RHS) of equation (7). The logistic regression

9This number is derived from the IB test without applying the 10-submission threshold, or converting
significance between two significant days.
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we estimated is shown below:

Treatedi,t =
1

1 + exp[−(β0 + UβU + ϵi,t)]
(7)

where Treatedi,t equals to 1 for ticker i that experienced an IB on day t, and zero oth-
erwise. U is a vector of various variables intended to predict the likelihood of receiving
treatment, which include: Returni,t−1, CumReturni,t−5,t−2, CumReturni,t−20,t−6, BMi,t−1,
MarketCapi,t−1, Turnoveri,t−1, V olatilityi,t−1, EarningsAnnouncei,t−1, ShortPropi,t−1,
ShortRatioi,t−1, NewsCounti,t−1, and NewsSenti,t−1. The definitions of the variables are
in the appendix. All continuous variables are winsorised at 1st and 99th percentiles.

Tables 1, 2, and 3 present the summary statistics for the variables used in the logistic
regressions for the 21-, 63-, and 126-day matching histories, respectively. Despite being based
on different historical periods, the distributions of the variables appear similar.

[Table 1 about here.]

[Table 2 about here.]

[Table 3 about here.]

Intensity burst (IB) events in the treated sample are infrequent, leading to a considerable
imbalance between the number of treated companies (ones) and untreated control companies
(zeros) in the logistic regression. Consequently, the number of potential matched pairs varies
depending on the length of the matching history. A longer matching history reduces the
number of available matched pairs, resulting in fewer treated and control cases. Specifically,
for the 21-, 63-, and 126-day matching histories, there are 244 (136), 237 (135), and 213
(119) treated cases (number of treated firms), respectively, with 10,402 (960), 3,288 (846),
and 2,036 (709) potential matching control cases (number of control firms), with some firms
appearing in multiple cases.

As noted by King & Zeng (2001), Van der Paal (2014), and others, the occurrence of rare
events can introduce biases into logistic regression estimates in equation (7). When there is a
significant imbalance between the number of events (ones) and non-events (zeros), there is not
enough information to accurately estimate the likelihood of the rare events, leading to skewed
estimates. Following the methodologies of Firth (1993), Heinze & Schemper (2001, 2002)
and Puhr et al. (2017), we implement a modified Firth correction within the loss function
of the Maximum Likelihood Estimation. Firth (1993) introduces a penalty term, known as
a “Jeffery’s prior,” to the likelihood function, effectively shrinking the parameter estimates
towards zero and thereby reducing bias. This approach is particularly advantageous in small
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sample sizes and cases with rare events, making it highly effective for logistic regression in
such contexts. The details of the correction mechanism are provided in the appendix.

Next, we calculate propensity scores using equation (7) and select a control (untreated)
company for each intensity burst (IB) case with the closest propensity score to the treated
company. Following Stuart & Rubin (2008), we apply a caliper to define the maximum
allowable difference in propensity scores for matched pairs, where a smaller caliper ensures a
tighter match. As suggested by Stuart & Rubin (2008), Austin (2011), and Lunt (2014), an
optimal caliper range is between 0.2 and 0.25 standard deviations of the propensity scores.
In this study, we use a caliper of 0.25 standard deviations. If no suitable control company
is identified within this range, the treated case is excluded from the subsequent Difference-
in-Differences (DiD) regression analyses. Consequently, the number of valid treated cases is
reduced to 180, 128, and 105 for the 21-, 63-, and 126-day matching histories, respectively.

5.3 Difference-in-Difference (DiD) Event Study

In order to answer our first research question in Section 3, we run the Difference-in-Difference
(DiD) Event Study regression tests, focusing on how the intensity burst (IB) events are
associated with daily turnover, abnormal return, abnormal market-adjusted overnight return
as follows:

Turnoveri,t = α + µi + λt +
5∑

τ=−5

θτDi,τ + βXi,t−1 + ϵi,t, (8)

AbReturni,t = α + µi + λt +
5∑

τ=−5

θτDi,τ + βXi,t−1 + ϵi,t, (9)

AbONReturni,t = α + µi + λt +
5∑

τ=−5

θτDi,τ + βXi,t−1 + ϵi,t, (10)

where the regressors Xi,t−1 include all variables used in the propensity score estimation in
equation (7), observed at time t− 1. Turnoveri,t represents the trading volume divided by
the number of shares outstanding on day t for stock i. AbReturni,t denotes the abnormal
return on day t for stock i, calculated using a market-adjusted model. AbONReturni,t is the
market-adjusted abnormal overnight return on day t for stock i, measured using the closing
price from day t− 1 and the opening price on day t.

The coefficients µi and λt represent firm and year-week fixed effects, respectively. Di,τ is
a dummy variable that is always equal to zero for control firms. For treated firms, Di,τ = 1

if day t is τ days away from the IB start date. Here, negative τ denotes days before the IB
start date, positive τ denotes days after the IB start date, and τ = 0 when day t coincides
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with the IB start date. As previously mentioned, since τ can take positive values up to +5,
we exclude the last 5 days from the possible range of t.

Table 4, 5, 6 provide summary statistics for the three matching history cases. As shown,
variables such as the number of comments, market capitalisation, short interest ratio, and
news count exhibit relatively high standard deviations.

[Table 4 about here.]

[Table 5 about here.]

[Table 6 about here.]

5.4 Half-day Test for Return

In the previous section, the dynamic DiD tests examined overnight returns (from the previous
16:00 to the current 9:30) and daily returns (from the previous 16:00 to the current 16:00).
The daily IB test used the same measurement period as the daily returns. To improve
robustness and ensure more precise testing, we divided the measurement periods into two
non-overlapping half-day segments: the overnight period (from the previous 16:00 to the
current 9:30) and the intraday period (from 9:30 to 16:00 on the same day). This division
applies to both return measurements and IB tests. We denote these half-day time intervals
using t′, as illustrated below:

AbHalfReturni,t′ = α + µi + λt′ +
10∑

τ=−10

θτDi,τ + AbHalfReturni,t′−1 + ϵi,t′ . (11)

where AbHalfReturni,t′ represents the abnormal half-day return calculated using a market-
adjusted model. As previously, µi and λt′ denote firm and year-week fixed effects, respec-
tively, while Di,τ = 0 for control firms. For treated firms, Di,τ = 1 if t′ is τ half-days away
from the IB start date, for up to 10 half-days (or 5 trading days) either before (τ < 0) or
after (τ > 0) the IB start date. When τ = 0, t′ corresponds to the IB half-day interval.

Since each day t includes two half-day intervals, t′, the overnight IB and intraday IB
(measured from 16:00 to 9:30, and from 9:30 to 16:00, respectively) are matched using the
same set of PSM control firms with daily PSM variables (measured from the previous 16:00
to the current 16:00), as described in Section 5.2. Standard errors are not clustered, given
the limited number of clusters available in this context.

The total number of IB events over half-day intervals matched with control firms is lower
than the equivalent number of matched IB events over the daily interval. For the 21-day
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history, there are 52 overnight IB and 75 intraday IB, amounting to 127 in total, compared to
180 daily IB events tested previously. For the 63-day history, there are 37 overnight IB and
52 intraday IB, totalling 89, compared to the 128 daily IB events. For the 126-day history,
there are 32 overnight IB and 43 intraday IB, totalling 75, compared to 105 daily IB events.
This reduction may be attributed to the similarity in the number of submissions occurring
during overnight and intraday periods. The half-day IB analysis emphasises sudden increases
in submissions within a single half-day interval, which may lead to fewer detected IB events
compared to the daily analysis.

5.5 Short Interest Ratio Study

The short interest ratio, also referred to as days to cover, is a critical metric for assessing
short-selling activity around a particular stock. It represents the number of days required for
short sellers to cover their positions, based on average daily trading volumes. This metric
is especially relevant for WSB users, who monitor it to identify potential short squeeze
opportunities and evaluate the stock’s susceptibility to rapid upward price movements if
short sellers are forced to cover their positions. However, because short interest data is
updated only twice a month, the frequency of insights is limited. As a result, the dynamic
Difference-in-Differences analysis described earlier cannot be applied.

To address this limitation, we analyse the average short interest ratio by plotting it over a
timeline spanning 30 days before and 30 days after each intensity burst. The choice of 30 days
is somewhat arbitrary but slightly exceeds one month (21 days), providing a broader view
of long-term dynamics and trends. To ensure a comprehensive 61-day observation period,
the number of valid treated cases decreased from 180, 128, and 105 (as noted in Section 5.2)
to 171, 121, and 99 for the 21-day, 63-day, and 126-day matching histories, respectively. We
also report t-tests to compare the means of the short interest ratio one day before IB events
with the values on other days.

6 Results

6.1 Behind the Upsurge of the WSB Submissions

Our IB test for detecting sudden surges in WSB submissions is closely linked to the phe-
nomenon of meme stocks. Meme stocks are equities that gain widespread popularity among
online communities and social media platforms, often resulting in a rapid and significant
price increase. These stocks attract attention not because of strong financial performance or
company fundamentals, but due to hype, trends, and discussions driven by internet users.
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Investors typically buy these stocks based on the excitement generated online, rather than
through traditional investment analysis.

Several studies have explored why online users gravitate towards certain stocks and en-
gage in intense discussions about them (Chen et al. 2014, Cookson & Niessner 2020, Bradley
et al. 2024). In particular, Cookson & Niessner (2020) documented a notable increase in
social media activity—approximately 0.5 standard deviations above the norm—on earnings
announcement days, with this heightened engagement persisting for a week. This indicates
a sustained, reactive behaviour by social media communities in response to financial events.
In this study, we introduce a novel method for statistically testing WSB submission in-
tensity bursts. By employing a Difference-in-Differences (DiD) approach with propensity
score-matched (PSM) control firms, we investigate the impact of this social media attention
on the market dynamics of affected stocks.

The results of the Propensity Score Matching (PSM) analysis in Table 7 reveal several
factors associated with a high submission rate on WSB for certain stocks.

[Table 7 about here.]

Table 7 highlights that the main factors driving increased WSB submissions include the
previous day’s stock return, book-to-market ratio, turnover, earnings announcements, and
the number of news articles. When control firms are selected using a 63-day history, the
odds of a stock experiencing a burst in WSB submissions increase by approximately 1.04
times (e0.041) for each one percentage point increase in the previous day’s return. Similarly,
a one percentage point increase in the previous day’s turnover raises the odds by about 1.07
times (e0.069).

As anticipated, earnings announcements significantly influence WSB activity, increasing
the odds of an intensity burst by 2.18 times (e0.779). This finding aligns with Cookson &
Niessner (2020), who observed higher volumes of StockTwits messages and elevated previ-
ous stock returns around impending earnings announcements. Additionally, a higher news
count on the previous market-open day is associated with greater odds of an intensity burst,
underscoring how closely WSB users monitor company news.

Conversely, the book-to-market ratio seems to have a negative relationship with the in-
tense discussion on WSB. This means that if a stock is more overvalued, the WSB community
is more likely to talk about it. A notable example is the case of GameStop in January 2021.
Despite GME’s low book-to-market ratio in late 2020, which indicated an overvalued situ-
ation, Redditors on WSB displayed scepticism toward this valuation, which contributed to
the increased attention and discussion surrounding the stock.
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6.2 PSM Matching Control Firms

In this section, we use the previously estimated propensity scores to identify control firms for
each treated firm (experiencing an intensity burst) for our Difference-in-Differences regression
tests. Each treated firm at an IB event is matched with one control firm based on the closest
PSM scores. IB events without a successful match are excluded from further analysis. As
outlined in Section 5.2, after removing the last five days of the sample period to ensure the
integrity of the Difference-in-Differences tests, we are left with 180, 128, and 105 matched
pairs for the 21-, 63-, and 126-day histories, respectively.

Following the matching process, we employ standardised mean difference (SMD) and the
variance ratio (VR), as shown below, to assess the PSM results in Table 8, 9, 10. These
metrics are essential for confirming that the matching process has successfully balanced the
key covariates between the treated and control firms.

SMD =
Mean(Vtreated)−Mean(Vcontrol)√
(SD2(Vtreated) + SD2(Vcontrol))/2

(12)

where Vg, for g ∈ {treated, control}, represents a variable used in the logistic regression
for computing the propensity score. Mean(Vg) and SD(Vg) denote the mean and standard
deviation of Vg, respectively. The variance ratio (VR) is then defined as

V R =
SD2(Vtreated)

SD2(Vcontrol)
(13)

For the SMD, values closer to 0 indicate higher matching quality, while for the VR, values
near 1 are preferred. According to Rubin (2001) and Stuart (2010), an SMD below 0.25
suggests good matching quality. Additionally, Austin (2009) recommends a VR within the
range of 0.5 to 2 as optimal.

We also conduct a paired two-sample t-test to evaluate the equality of means between
the treated and control company stocks, as presented in the following tables.

[Table 8 about here.]
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Table 8 presents the results of the matching process with a 21-day matching history. The
findings indicate that, under these criteria, most covariates are well balanced. Specifically,
the absolute values of all SMDs are below 0.18, demonstrating a strong balance between
the treated and control groups. Furthermore, the VRs, with the exception of the book-
to-market ratio, are close to 1, indicating similar variability in covariates between the two
groups. Additionally, the t-statistics support the quality of the matching, as they reveal
almost no statistically significant differences between the treated and control groups.

[Table 9 about here.]

Table 9 presents the results for the 63-day matching history. Consistent with the 21-day
matching history findings, most variables exhibit strong matching metrics in both SMDs and
VRs. Although the SMD for previous-day turnover slightly exceeds the optimal threshold
at 0.291, the overall matching quality remains high. This minor discrepancy does not sig-
nificantly affect the effectiveness of the matching process, as the majority of covariates are
well balanced, supporting the robustness of the PSM process.

[Table 10 about here.]

The results in Table 10 for the 126-day matching history are similar to those observed in the
other two cases. After the matching process, nearly all covariates are well balanced, except
for news sentiment, which exhibits a slightly higher SMD of 0.267 and a higher t-statistic in
the equality of means test. Despite this single outlier, the remaining covariates are effectively
balanced, suggesting that the overall matching quality remains strong.

Overall, the PSM results indicate satisfactory matching, ensuring that control firms are
comparable to treated firms and providing a robust foundation for the subsequent dynamic
Difference-in-Differences analysis. The 5%-6% average turnover in the treated groups sug-
gests that the most popular stocks discussed on WSB are actively traded, rather than low-
liquidity stocks, with substantial daily trading volumes.

With the control firms identified, we proceed to conduct the dynamic DiD tests as spec-
ified in equations 8, 9, and 10. To avoid multicollinearity issues, we omit the t − 2 dummy
in the DiD regression.

6.3 IB Effects on Turnover

The total number of observations in each dynamic Difference-in-Differences (DiD) regression
is calculated as the product of the number of Intensity Burst (IB) events, the number of
companies (both treated and control), and the duration of the analysis period, which spans
11 days. For matching history lengths of 21, 63, and 126 days, this yields 3,960, 2,816, and
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2,310 observations, respectively. We investigate the relationship between upsurges in Wall-
StreetBets (WSB) submissions, statistically tested as intensity bursts, and stock turnover,
defined as the ratio of daily trading volume to shares outstanding. Turnover is a key met-
ric often examined in financial social media studies. Our contribution lies in focusing on
intensity bursts in WSB submissions and controlling for spurious relationships using DiD
regressions.

Table 11 shows that treated firms exhibit higher turnover around IB events compared to
the control sample. Even after accounting for other control variables, WSB IBs have signif-
icant, albeit diminishing, lag effects on stock turnover, remaining at 1% to 2%. Specifically,
in specification (4) with a 63-day matching history, treated firms experience a sharp increase
in daily turnover of approximately 8.4 percentage points on the event day, with a residual
increase of over 1 percentage point persisting over the next five days. This result underscores
the strong association between upsurges in WSB discussions and significantly higher trading
volumes for treated firms, relative to control firms.

In the 21-day setting (specifications (1) and (2)), there is evidence of a pre-trend. How-
ever, we argue that the difference between treated and control groups, though statistically
significant, is marginal at only 0.006. Moreover, the pre-trend effect is negative from five to
three days before the IB, compared to the substantial positive increase observed on the IB
day.

[Table 11 about here.]

Figure 4 illustrates the results from specification (4) in Table 11. For the 63-day matching
history, treated firms experience a sharp increase of around 8% in turnover on the day of the
intensity burst (IB) at time t. Although this surge is followed by a rapid decline, turnover
remains elevated, staying over one percentage point above baseline levels for the subsequent
several days. This indicates that the IB event is linked to a substantial increase in the volume
of shares traded on the event day—approximately 8% higher than usual—and that trading
activity continues to be heightened, with over a 1% increase in shares outstanding being
traded for the next five days. This pattern suggests a lasting impact on liquidity, with the
IB event driving sustained market engagement beyond the event day.

[Figure 4 about here.]

These results are consistent with findings from prior research, indicating a strong cor-
relation between discussions on financial social media platforms and trading volume. As
demonstrated by Pedersen (2022) and Hu et al. (2021), increased engagement by naive and
fanatical agents on social networks contributes to higher trading volumes. Although our
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study does not specifically focus on individual naive and fanatical participants, we observe
significant involvement from these groups during surges in submissions to WallStreetBets.
In summary, an upsurge increase in financial social media discussion is positively correlated
with stock turnover, potentially leading to elevated turnover in the subsequent days.

6.4 IB Effects on Daily Abnormal Return

Table 12 displays the results of the dynamic Difference-in-Differences (DiD) tests on daily
abnormal returns. The analysis indicates that treated firms experience significantly higher
daily abnormal returns around the IB events compared to the control sample. This increase
is both substantial and persistent, particularly when control variables are included. Specif-
ically, treated firms show an increase in abnormal returns ranging from approximately 4.5
to 5.6 percentage points on the IB event day, as shown in specifications (2), (4), and (6).
Furthermore, lag effects reveal that abnormal returns remain elevated by about 1 percent-
age point one day after the IB events for the 21-day and 126-day matching history cases.
These findings suggest that IB events have a positive impact on the daily abnormal returns
of treated firms relative to control firms. Additionally, the lack of a significant pre-trend in
abnormal returns, even when controlling for other effects, indicates that the observed surge
in returns is directly linked to the IB event.

Rakowski et al. (2021) found that the number of tweets and retweets on Twitter are
positively correlated with stock returns, but this association reverses to a negative correlation
over the next three days. In contrast, we documented a positive connection between upsurge
in WallStreetBets (WSB) submissions and abnormal stock returns without the reversion on
a daily basis when control variables are included. (Note that, we do find reversion later when
the tests are conduction on a half-day basis.) In addition to exploring a different social media
platform, our study specifically focuses on unusual upsurges in WSB discussions, identified as
statistically significant intensity bursts. Our study also differs from those of Renault (2017),
Gu & Kurov (2020), and Hu et al. (2021), who examine the impact on stock returns by
sentiment derived from social media posts through textual analysis. The investigations by
Chen et al. (2014), Farrell et al. (2022), Cookson et al. (2023), and Bradley et al. (2024) are
similar, but their sentiment measures are based on article-like reports, which tend to have
longer-lasting effects. In contrast, we focus exclusively on the intensity of post submissions,
without analysing the content of these posts. The impact of WSB post content is explored
in a follow-up paper.

[Table 12 about here.]
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Specification (4) from Table 12 is plotted in Figure 5. The impact of IB events on daily
abnormal returns, as shown in Figure 5, is similar to that on daily turnover in Figure 4, but
with less pronounced lagged effects. On the IB event day (t), the difference in abnormal
returns between the treated companies and the control companies peaks at 4.5 percentage
points. This effect diminishes immediately to 0, suggesting that investors targeting abnormal
returns based solely on WSB information have a limited window of opportunity. However,
the lagged effects in specifications (2) and (6) suggest that in some cases, intensity bursts
in WallStreetBets discussions not only are associated with the sudden increase of the stock
price but also have a positive impact on future stock returns.

[Figure 5 about here.]

6.5 IB Effects on Abnormal Overnight Return

Overnight return is a crucial attribute to examine as famous Redditors as DFV often post
submissions after the market has closed. Some researchers recognise the importance of text
data from the overnight period (Cookson & Niessner 2020, Farrell et al. 2022), yet limited
financial social media related literatures consider overnight return as a primary focus.

Here, we repeat the analysis from the previous section, focusing on the dynamics of
overnight returns to determine the impact of social media on stock returns after the market
has closed. The analysis of abnormal overnight returns reveals a significant connection be-
tween an upsurge in WallStreetBets (WSB) posts and stock performance during the overnight
period. The dynamic DiD test results in Table 13 indicate that firms experiencing an upsurge
in WSB posts show higher abnormal overnight returns, ranging from 2.0% to 2.2% before in-
cluding control variables, and persisting with a marginal reduction after controls are applied.
No significant pre-trends are observed between treated and control firms, indicating a clear
treatment effect attributable to the upsurge in WSB posts. When other exogenous effects
are controlled, as seen in Specifications (2), (4), and (6), the effects from IB events remain
strong. Specifically, the abnormal overnight return continues to show a significant increase of
over one percentage point on the day following the IB event. This persistent effect suggests
that, even after accounting for external factors, the influence of WallStreetBets submissions
intensity bursts on overnight stock returns is robust and maintains a positive impact beyond
the event day. This further highlights the lasting effect that WSB discussions can have on
stock price performance in the short term.

Comparatively, the impact of the upsurge in WSB posts on abnormal overnight returns
is almost halved to the impact on daily abnormal returns observed in the previous section,
which showed a reduction from approximately 5% to 2%. The overnight returns analysis
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shows a clearer absence of pre-trends, suggesting our results are convincing. Overall, the
findings demonstrate that the upsurge in WSB submissions has a significant and persistent
impact on stock returns, both during market-close hours and market-open hours.

[Table 13 about here.]

Figure 6 illustrates the results for specification (4) in Table 13. When using a control
group with a similar IB history over the past 63 days, treated firms exhibit about 2.0%
increase in the overnight market-adjusted abnormal return. This increase persists regardless
of control variables, suggesting a strong positive association between the abnormal upsurge
in WallStreetBets submissions and abnormal overnight returns. While there is an immediate
decline in the following day, the overnight return still remains approximately 0.010 (1%)
higher compared to the pre-treatment period. We argue that this sustained increase is likely
attributable solely to the IB event.

[Figure 6 about here.]

6.6 Half-day Test on Returns

Several previous studies have highlighted the importance of the overnight period. For in-
stance, Gu & Kurov (2020) focused exclusively on open-to-open returns because the Twitter
sentiment data they used were updated before the market opened. Similarly, Renault (2017)
examined returns measured from the previous day’s close to the current day’s open, as well
as sentiment changes within these intervals. However, both analyses lacked a direct compar-
ison between social media discussions outside regular trading hours (RTH) and those during
RTH. To better understand the lead-lag relationship between stock market dynamics and
WSB submissions, we conduct DiD tests on half-day returns. We divide each day, t, into two
segments: overnight (outside RTH), from 16:00 on t − 1 to 9:30 on t, and intraday (inside
RTH), from 9:30 to 16:00 on t. Figures 7 and 8 present the results using a 63-day match
history.

[Figure 7 about here.]

Figure 7 presents the Difference-in-Differences (DiD) results when an intensity burst (IB)
occurs during the overnight (outside RTH) period, from 16:00 on the previous day to 9:30
on day t. Detailed results are provided in columns (1), (2), and (3) of Table 14 for the
21-day, 63-day, and 126-day matching histories, respectively. When IB events occur after
market close, treated firms experience an increase in abnormal returns ranging from 1.8 to
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2.1 percentage points. Notably, this effect dissipates once the market opens, suggesting that
overnight WSB submissions and the new information that it conveyed are swiftly absorbed
by the market. A lagged effect reappears one day later, with a magnitude similar to the initial
IB impact, indicating that upsurge in WSB submissions during the market close significantly
influence market returns the following day.

[Figure 8 about here.]

Figure 8 presents the DiD results for intensity bursts (IB) occurring during the
regular trading hours (RTH), from 9:30 to 16:00 on day t. Detailed results are provided
in columns (4), (5), and (6) of Table 14 for the 21-, 63-, and 126-days matching histories,
respectively. Unlike the overnight findings, when IB events occur during RTH, abnormal
half-day returns begin to rise in the preceding overnight period and continue through the
next day’s market opening, with a reversal observed on the subsequent trading day. The
overall impact of a daytime IB event is substantial, with an increase of about 4% per half-day,
significantly higher than the effects seen when IB events occur outside RTH.

These findings are somewhat consistent with those of Rakowski et al. (2021), who also
observed a reversal pattern, although their study focused on Twitter and daily data. In our
study, the reversal occurs approximately one day after the IB across all three specifications
when the IB occurs during RTH. This suggests that an upsurge in WSB submissions generates
temporary buying pressure that pushes prices upward, but the effect is short-lived.

Furthermore, the positive coefficients for the previous half-day dummy variable, ranging
from 2.6 to 3.3 percentage points, indicate that the upsurge in WSB submissions during RTH
is primarily driven by new information released during the prior market close. Based on the
results across all six specifications in Table 14, we conclude that the timing of upsurges
in WSB submissions is critical. Greater attention should be given to WSB activity during
RTH, as these submissions have a stronger impact on stock returns and exhibit a pronounced
reversal dynamic compared to IB events occurring outside RTH.

[Table 14 about here.]

6.7 IB Effects on Short Selling

In order to analyse the IB effects on short selling. We plot the average short interest ratio
30 days before and 30 days after the IB, and compare the dynamics between the treated and
control pairs. The impact of the intensity burst (IB) on the short selling differs markedly
from the findings related to turnover and abnormal returns discussed in previous sections.
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[Figure 9 about here.]

From Figure 9, we observe a significant difference between the treated company stocks
and the control company stocks. Treated companies exhibit a unique pattern where compar-
atively high short interest ratios can be observed more than a month with around 2.5 days
to cover before the IB day. After the first IB day, the short interest ratio begins to decrease
and remains at a low level for about a month, before eventually bouncing back. This pattern
is consistently observed across all three sets of treated companies (for 1-month, 3-month and
6-month matching histories).

In contrast, this phenomenon is not seen in the matched control companies, where the
observed pattern appears to follow a more steadily increasing trend. The lack of a similar
tendency in the control group suggests that the intensity bursts in WSB discussions have
a unique effect compared to regular discussions, as we ensured that the control companies
were also discussed in the ten days leading up to the IB event.

[Table 15 about here.]

We also present the results of the two-sample t-test for equality of means, comparing the
short interest ratio on various days relative to the IB day. The t-test assesses whether the
average short interest ratio differs significantly between the IB day and other time points,
providing insights into how short selling pressure evolves before and after the IB event. As
shown in Table 15, the average short interest ratio for treated companies tends to decrease
significantly after the IB day, particularly seven days post-event for the 21-day and 126-day
matching histories, and nine days for the 63-day matching history. In contrast, the short
interest ratio remains at a comparatively high level prior to the IB day.

This phenomenon suggests that WSB users often focus on stocks experiencing high short
selling pressure in contrast to the classical social media’s “Pump and Dump”. The pattern of
elevated short interest ratios in treated companies before IB events implies that WSB users
are drawn to stocks facing bearish sentiment. Their attention focuses on these stocks with the
potential for short squeezes or other rapid market movements, as evidenced by the subsequent
decrease in short interest following IB events. This behaviour underscores the strategic
attention WSB users give to stocks with high short interest, seeing these as opportunities
for price volatility and potential gains. The GameStop saga exemplifies this, where retail
investors employed short squeeze tactics to counter institutional investors’ massive short
positions, leading to a dramatic increase in share price. Similar short squeeze dynamics also
played out with AMC.
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7 Conclusion

Our study explores the intricate relationship between social media activity, specifically on
Reddit’s WallStreetBets (WSB), and stock market dynamics. By analysing the intensity
bursts (IB) in WSB submissions and their impact on various market indicators, we provide
a comprehensive understanding of how online discussions influence trading behaviour and
stock returns.

Our findings reveal that intensity bursts in WSB submissions are strongly associated
with significant market activity. These surges in WSB submissions result in notable in-
creases in trading turnover and stock returns, with effects that can persist over several days.
Treated firms experiencing IB events exhibit higher abnormal returns and increased turnover
compared to control firms. This aligns with previous research (Chen et al. 2014, Renault
2017, Gu & Kurov 2020, Cookson & Niessner 2020, Hu et al. 2021), while also highlighting
the distinctive impact of WSB submissions, which often generate rapid and intense market
reactions.

Our dynamic Difference-in-Differences (DiD) tests indicate that upsurge in WSB submis-
sions during regular trading hours (RTH) is more influential than those occurring outside
market hours. This is particularly evident from the significant increases in abnormal intraday
returns following IB events. The analysis of half-day returns further clarifies these temporal
effects: when IB events occur during trading hours, abnormal returns rise in the preceding
overnight period, persist until the market closes, and then reverse the following trading day.
This pattern underscores the dynamics of price impacts driven by WSB discussions during
market hours, with stronger effects for IB events occurring during RTH compared to those
outside RTH.

Additionally, our study explores the relationship between upsurge in WSB submissions
and short interest ratios. We observe higher short selling pressure preceding IB events,
suggesting that WSB users strategically focus on stocks with high short interest, seeking
opportunities for potential gains, such as through short squeezes.

As platforms like WallStreetBets (WSB) continue to influence financial markets, under-
standing the timing and nature of these discussions is critical for predicting and managing
their market impacts. This underscores the growing relevance of fields like Social Economics
and Finance (Hirshleifer 2020) and Narrative Economics (Shiller 2019), which highlight the
role of social interactions and narratives in shaping financial outcomes. Our study con-
tributes to these fields by offering insights into how social dynamics influence market be-
haviour, providing a deeper understanding of the interplay between online discussions and
market movements.
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Appendix A Firth Correction for Logistic Regression

The correction mechanism helps alleviate potential biases associated with rare events, en-
suring more accurate estimation outcomes.

P (yi = 1|xi) = πi =
1

1 + exp(−βxi)
, i = 1, 2, 3, ..., n (14)

The log-likelihood function is

logL(β) = β
∑
i

xiyi −
∑
i

ln [1 + exp (βxi)] (15)

The beta is estimated to set the first partial derivative of the log-likelihood against each beta

as 0.
∂ log(L)

∂βr

≡ U(βr) = 0 (16)

In estimation involving rare events, there is a heightened likelihood that a particular
covariate or explanatory variable consistently occurs or never occurs. This phenomenon
is known as complete separation. Consequently, maximum likelihood estimates may fail
to converge. When examining the results summary from statistical software, warnings of
separation may be displayed, accompanied by abnormally high coefficients and standard
errors. These skewed estimates are indicative of rare event induced bias within the analysis.

Firth (1993) introduced a bias correction that involves augmenting the score equation 16
with a penalised term as shown below:

U (βr)
∗ ≡ U (βr) + 1/2 trace

[
I(β)−1 {∂I(β)/∂βr}

]
= 0 (r = 1, . . . , k). (17)

where I(β)−1 is the inverse of the information matrix evaluated at β. The author showed
that the bias of maximum likelihood estimates β, which scales with O(n−1), is eliminated.

Appendix B Variables

• NSubmi,t−5,t−1: the natural logarithm of one plus the cumulative number of submis-
sions mentioning stock i from t − 5 to t − 1, values are winsorised at 1st and 99th
percentiles (Source: WallStreetBets).

• NCommi,t−5,t−1: the natural logarithm of one plus the cumulative number of comments
from the submissions mentioning stock i from t − 5 to t − 1, values are winsorised at
1st and 99th percentiles (Source: WallStreetBets).
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• Returni,t−1: the daily return for stock i on t− 1, values are winsorised at 1st and 99th
percentiles (Source: CRSP).

• CumReturni,t−5,t−2: the cumulative return for stock i from t − 5 to t − 2, values are
winsorised at 1st and 99th percentiles (Source: CRSP).

• CumReturni,t−20,t−6: the cumulative return for stock i from t− 20 to t− 6, values are
winsorised at 1st and 99th percentiles (Source: CRSP).

• BMi,t−1: the book-to-market-ratio on t−1 for stock i, positive values are winsorised at
1st and 99th percentiles while negative and missing values are convert to zero (Source:
Compustat).

• MarketCapi,t−1: the natural logarithm of one plus the market capitalisation on t− 1

for stock i, values are winsorised at 1st and 99th percentiles (Source: CRSP).

• Turnoveri,t−1: trading volume divided by number of shares outstanding on t − 1 for
stock i, values are winsorised at 1st and 99th percentiles (Source: CRSP).

• V olatilityi,t−1: the five-day volatility calculated from daily return from t − 5 to t − 1

for stock i, values are winsorised at 1st and 99th percentiles (Source: CRSP).

• EarningsAnnouncei,t−1: a dummy variable that equals to 1 if there is an earning
announcement for stock i from t− 6 to t+ 4, 0 otherwise (Source: I/B/E/S).

• ShortPropi,t−1: CBOE short sale volume divided by CBOE total volume on t− 1 for
stock i, values are winsorised at 1st and 99th percentiles (Source: CBOE).

• ShortRatioi,t−1 is short interest divided by average daily trading volume (21 days),
values are winsorised at 1st and 99th percentiles (Source: Compustat, CRSP).

• NewsCounti,t−1: the natural logarithm of one plus the news count on t − 1 from
Bloomberg for stock i, positive values are winsorised at 1st and 99th percentiles while
negative and missing values are convert to zero (Source: Bloomberg).

• NewsSenti,t−1 is the news sentiment on t − 1 from Bloomberg for stock i, values are
winsorised at 1st and 99th percentiles (Source: Bloomberg).
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Appendix C Intensity Burst Simulation

In this Appendix, we present simulations to demonstrate the small sample robustness and
validity of the parameter choices made in this paper for detecting intensity bursts in daily
Reddit submissions. Following Christensen & Kolokolov (2024), we model Reddit submis-
sions as a realisation of a sample point process characterised by an associated counting
process Nt and an arrival rate (or intensity) λt. Specifically, λt represents the expected
number of submissions arriving over the next time interval and is decomposed as follows:

λt = µt + βt, (18)

where µt is the intensity of the normal process, and βt is the intensity of the burst process.
Similarly, Nt, the number of events on [0, t), can also be represented by a “normal” and a
“burst” intensity regimes,

Nt = Nnormal
t +N burst

t . (19)

The conditional intensity of Nnormal
t is an exponential Hawkes process:

µt = µ0 +

∫ t

−∞
θe−κ(t−s)dNnormal

s = µ0 +
∑
ti<t

θe−κ(t−ti) (20)

where µ0 is the background intensity, serving as the lower bound for µt, and f(τ) = θe−κτ

is the excitation function. A Hawkes process is characterised as self-exciting: following the
arrival of an event, the intensity Nnormal

t increases by θ. Consequently, the probability of an
additional event occurring in the next time interval t+ dt increases. The excitation function
moderates this effect by gradually returning the intensity to its baseline level µ0 until further
events occur. The parameter κ governs the rate of decay, while ti in the equation represents
the event time.

The conditional intensity of N burst
t is an inhomogeneous Poisson process:

βt =
σ

|τib − t|α
, (21)

for t ∈ [τib −∆, τib +∆] and βt = 0 otherwise. The event time, τib, represents the centre of
the burst period and marks the moment when the intensity reaches its peak. The duration of
the intensity burst spans a 2∆ window. The parameter σ is calibrated as σ = c 1−α

2∆1−α

∫ 1

0
µtdt

to ensure that N burst
t generates, on average, a fraction c of the points produced by Nnormal

t ,
where c determines the magnitude of the intensity burst. A higher c results in a more
pronounced burst. In contrast, α influences the shape of the intensity burst, with higher
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values of α leading to a faster decay of intensity as time moves away from τib.
The framework in Christensen & Kolokolov (2024) addresses intraday high-frequency

trading, characterised by burst behaviour that gradually intensifies and then slowly dissi-
pates. In contrast, our focus is on daily WallStreetBets (WSB) submissions, which often
display a sudden increase, followed by either a sustained level or a rapid decline. Conse-
quently, in this paper, we adjust the burst period in equation (21) from t ∈ [τib−∆, τib +∆]

to t ∈ [τib −∆, τib] to account for potentially asymmetrical bursting behaviour.

C.1 Algorithm for Simulating the Normal Process

Here, we adopt the approach proposed by Ogata (1981), employing a thinning procedure to
simulate Hawkes processes. We denote U[0,1] as the uniform distribution over the interval
[0,1], and [0,T] as the time interval over which the process is simulated. Let tn represent the
nth event time. The steps for the thinning procedure used in simulating the normal process
are outlined as follows.

i) Initialisation: Set µ∗ ← µ0, n← 1 (i.e., assign the value 1 to n).

ii) First event: Generate U from U[0,1] and set s← − 1
µ∗ lnU .

If s ≤ T , then t1 ← s; else go to final step.

iii) General routine: Set n← n+ 1.

• Calculate µtn−1 from equation (20) and update maximum intensity: µ∗ ← µtn−1+θ.

• New event: Generate U from U[0,1] and set s← s− 1
µ∗ lnU .

If s > T , then go to final step.

• Generate D from U[0,1] and calculate µs from equation (20).

• If D ≤ µs

µ∗ , then accept the event time tn ← s and go through general routine (iii)
again.

• Else update µ∗ ← µs, and try a new event time at step 2 from general routine.

iv) Final step: Retrieve the simulated process tn on [0, T].

C.2 Algorithm for Simulating the Burst Process

Similarly, a thinning algorithm for inhomogeneous Poisson processes is employed to generate
the burst event times. We denote U[0,1] as the uniform distribution over the interval [0,1],
and [τib −∆, τib +∆] as the time interval over which the burst process is simulated. Let tn
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represent the nth event time. The steps for the thinning procedure used in simulating the
burst process are detailed below.

i) Initialisation: Set maximum intensity β∗ ← σ
1α

, n← 0, s← τib −∆.

ii) General routine: Set n← n+ 1.

• New event: Generate U from U[0,1] and set s← s− 1
β∗ lnU .

If s > τib +∆, then go to final step.

• Generate D from U[0,1] and calculate βs from equation (21).

• If D ≤ βs

β∗ , then accept the event time tn ← s and go through general routine (ii)
again.

• Else try a new event time at step 1 from general routine.

iii) Final step: Retrieve the simulated process tn on [τib −∆, τib +∆].

C.3 Estimating the Hyperparameter Values

Since we are examining intensity bursts in the daily submission rate on WallStreetBets
(WSB), it is unsuitable to use the parameter values derived from intraday trading data,
as specified in Christensen & Kolokolov (2024). Therefore, we begin by estimating the
parameters of the Hawkes process λ0, θ, κ for 10 stocks that are most frequently
discussed by Reddit users, using Maximum Likelihood Estimation. The results of these
parameter estimates are presented below.

Ticker λ0 θ κ

GME 1.169 41.032 41.262
AMC 0.512 34.691 35.002
BB 0.533 28.117 28.885

NAKD 0.299 21.940 23.405
TSLA 3.365 12.364 14.821
WKHS 0.288 12.112 13.400
TLRY 0.324 9.642 10.763
AAPL 1.573 7.059 10.591
AMD 1.076 6.351 9.494

TWTR 0.751 3.704 4.608
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It can be observed that the background intensity λ0 varies from 0.288 for WKHS to
3.365 for TSLA. Furthermore, θ and κ display a correlated pattern, where high values of
θ are consistently paired with higher values of κ. Notably, GME, AMC, BB, and NAKD
exhibit exceptionally high θ and κ, indicating substantial intensity increases followed by rapid
decay. Excluding these four stocks, the remaining tickers have θ and κ values around 10.
Based on these observations, we use the parameter values {λ0, θ, κ} = {1, 7, 11} to simulate
the normal Hawkes process, along with an intensity burst on 28 January 2021 to replicate
the WSB submissions related to AAPL, using burst parameters α ∈ {0.25, 0.50, 0.75} and
c ∈ {0.00, 0.25, 0.50, 1.00}. A total of 1000 paths are simulated. Figure 10 illustrates both the
actual and a simulated path of the number of WSB submissions for AAPL, using parameter
value α = 0.50 and c = 1.00.

[Figure 10 about here.]

C.4 Size and Power

As mentioned above, we adjust the burst period in equation (21) from t ∈ [τib−∆, τib+∆] to
t ∈ [τib −∆, τib] to account for potentially asymmetrical bursting behaviour. Consequently,
the test statistic ϕib

t :

ϕib
t =

∇λ̂t

ŝtdKn

(
∇λ̂t

) (22)

∇λ̂t = λ̂t(ℓn) − λ̂t−δn(ℓn), (23)

is modified as follows:
∇λ̂t = λ̂t(1) − λ̂t−1(ℓn) (24)

where δn = ℓn×∆n is a bandwidth parameter, and Kn is the number of ∇λ̂t included in the
standard deviation calculation. In the modified version in equation (24), the time t intensity,
λ̂t(1), is measured over one interval (i.e., one day or half a day), while the time t−1 intensity,
λ̂t−1(ℓn), is calculated as the moving average over the previous ℓn intervals.

In order to evaluate our revised version of intensity burst test statistics, we simulate 1000
paths for daily submissions using equation (18) and {λ0, θ, κ, α, c,∆} = {1, 7, 11, 0.5, 1, 5}.
We apply intensity burst test statistic, assessing intensity bursts at daily intervals based on
established confidence levels for the standard normal distribution. Two binary vectors are
constructed: Vector A = [a1, a2, ..., at, ...] where at = 1 if there is at least one burst event
within [t − 1, t), and 0 otherwise; vector B = [b1, b2, ..., bt, ...] where bt = 1 if ϕib

t exceeds
the critical value, and 0 otherwise.
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The size of a test refers to the probability of incorrectly rejecting the null hypothesis
when it is true, calculated as

size =

∑
i bi

len(A)
(25)

where len(v) represents the number of elements in the vector v.
The power of the test denotes the probability of correctly rejecting the null hypothesis

when it is false, expressed as

power =
∑

i Ii∑
i ai

(26)

where Ii is a dummy that equals to 1 if ai + bi = 2, and 0 otherwise.
We repeat the size and power tests for ℓn = {5, 10, 20} and kn = {50, 100, 200}. The size

and power results for the revised intensity burst test statistics are presented below. In Table
16, where ℓn is fixed at 10, we illustrate the variation in size and power for kn = {50, 100, 200}.
These results underscore the test’s sensitivity to changes in kn. Similarly, in Table 17, with
kn fixed at 100, we analyse the variation in size and power as ℓn = {5, 10, 20}.

[Table 16 about here.]

[Table 17 about here.]

The size and power of the original intensity burst test statistics are also provided in
parentheses in both tables. As illustrated in Tables 16 and 17, the size in the revised version is
generally higher than in the original version, except when {ℓn, Kn} = {10, 50}. However, the
revised version consistently exhibits significantly higher power across all scenarios, indicating
a clear advantage. With relatively low size values and notably high power values, the revised
tests are shown to be highly effective. Additionally, it is evident that as ℓn and Kn increase,
size tends to decrease, while power increases. To optimise the use of the data sample and
balance these trade-offs, we have chosen to apply ℓn = 10 and Kn = 100 in this paper.
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Figure 1: Distribution of submissions by comment number. This figure depicts the distribu-
tion of submissions from different WallStreetBets official flairs by number of comments. The
blue bar corresponds to the submissions that have at least 30 but lower than 50 comments.
The red bar corresponds to the submissions that have at least 50 but lower than 100 com-
ments. The green bar corresponds to the submissions that have at least comments. Flairs
of discussion, dd (due diligence) and yolo dominate in the distribution.
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Figure 2: Comparison between Gamestop (NYSE: GME) price and number of r/wallstreet-
bets submissions. The figure above is the daily stock price of GME; the figure below is the
natural logarithm of 1 plus the number of submissions that are tagged as GME. Especially
after 2021 January, the two pieces of data share strong positive correlation.
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Figure 3: Number of Treated Samples per Month.
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Figure 4: Dynamic trend testing of intense discussion to daily turnover (63-day history).
This figure shows the dynamic change in daily turnover between the treated and the control
pairs within a timeframe of 11 days. The history length chosen for control group is 63 days.
The possible exogenous effects are removed by including control variables.
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Figure 5: Dynamic trend testing of intense discussion to daily abnormal return (63-day
history). This figure shows the dynamic change in daily abnormal return between the treated
and the control pairs within a time frame of 11 days. The history length chosen for control
group is 63 days. The possible exogenous effects are removed by including control variables.
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Figure 6: Dynamic trend testing of intense discussion to daily abnormal overnight return
(63-day history). This figure shows the dynamic change in daily abnormal overnight return
between the treated and the control pairs within a time frame of 11 days. The history length
chosen for control group is 63 days. The possible exogenous effects are removed by including
control variables.
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Figure 7: Dynamic trend testing of intense discussion to half-day abnormal return (63-day
history, treatment happens outside regular trading hours). This figure shows the dynamic
change in half-day abnormal return between the treated and the control pairs within a
timeframe of 10.5 days. The history length chosen for control group is 63 days. The previous
half-day abnormal return is included as a control variable.
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Figure 8: Dynamic trend testing of intense discussion to half-day abnormal return (63-day
history, treatment happens inside regular trading hours). This figure shows the dynamic
change in half-day abnormal return between the treated and the control pairs within a
timeframe of 10.5 days. The history length chosen for control group is 63 days. The previous
half-day abnormal return is included as a control variable.
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(a) 21 days

(b) 63 days

(c) 126 days

Figure 9: Average short interest ratio 30 days before and 30 days after an intensity burst in
WallStreetBets submissions. These figures show the comparison of the average short interest
ratio with 95% confidence interval between the treated company stocks and their control
pairs.
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Figure 10: Actual and one simulated path of the number of WSB submissions for AAPL
with {λ0, θ, κ, α, c,∆} = {1, 7, 11, 0.5, 1, 5} for the period 2 January 2019 to 30 July 2021.
The intensity burst, τib, is 28 January 2021, and the burst window, ∆ is 10 days.

46



Table 1
Summary statistics for logistic regression sample (based on 21-day history)
This table shows summary statistics on the samples for logistic regression. The history
length used to choose control sample is 21 days prior to the first day of the IB event.
Notes: NSubmi,t−5,t−1 is the natural logarithm of one plus the cumulative number of sub-
missions mentioning stock i from t − 5 to t − 1; NCommi,t−5,t−1 is the natural logarithm
of one plus the cumulative number of comments from the submissions mentioning stock i
from t− 5 to t− 1; Returni,t−1 is the daily return for stock i on t− 1; CumReturni,t−5,t−2 is
the cumulative return for stock i from t− 5 to t− 2; CumReturni,t−20,t−6 is the cumulative
return for stock i from t− 20 to t− 6; BMi,t−1 is the book-to-market-ratio on t− 1 for stock
i; MarketCapi,t−1 is the natural logarithm of one plus the market capitalisation on t− 1 for
stock i; Turnoveri,t−1 is trading volume divided by number of shares outstanding on t − 1
for stock i; V olatilityi,t−1 is the volatility calculated from daily return from t− 5 to t− 1 for
stock i; EarningsAnnouncei,t−1 is a dummy variable that equals to 1 if there is an earning
announcement for stock i from t−6 to t+4, 0 otherwise; ShortPropi,t−1 is CBOE short sale
volume divided by CBOE total volume on t− 1 for stock i; ShortRatioi,t−1 is short interest
divided by average daily trading volume (21 days); NewsCounti,t−1 is the natural logarithm
of one plus the news count on t− 1 from Bloomberg for stock i; NewsSenti,t−1 is the news
sentiment on t− 1 from Bloomberg for stock i.

count mean std min 25% 50% 75% max
NSubmi,t−5,t−1 10,646 0.974 0.841 0.000 0.000 0.693 1.386 2.639
NCommi,t−5,t−1 10,646 1.362 1.691 0.000 0.000 0.693 2.708 4.718

Returni,t−1 10,646 -0.002 0.046 -0.137 -0.024 -0.001 0.020 0.148
CumReturni,t−5,t−2 10,646 -0.003 0.091 -0.286 -0.047 0.000 0.041 0.297
CumReturni,t−20,t−6 10,646 -0.004 0.183 -0.592 -0.101 0.000 0.085 0.568

BMi,t−1 10,646 0.357 0.567 0.000 0.060 0.182 0.425 5.173
MarketCapi,t−1 10,646 22.006 2.515 15.592 19.931 21.866 24.064 26.103
Turnoveri,t−1 10,646 0.039 0.052 0.000 0.009 0.020 0.043 0.265
V olatilityi,t−1 10,646 0.627 0.465 0.036 0.300 0.514 0.811 2.892

EarningsAnnouncei,t−1 10,646 0.169 0.374 0.000 0.000 0.000 0.000 1.000
ShortPropi,t−1 10,646 0.552 0.127 0.000 0.467 0.555 0.639 0.962
ShortRatioi,t−1 10,646 2.573 2.636 0.028 0.978 1.850 3.176 29.534
NewsCounti,t−1 10,646 3.063 1.809 0.000 1.792 2.944 4.304 7.557
NewsSenti,t−1 10,646 0.001 0.223 -1.000 0.000 0.000 0.000 1.000
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Table 2
Summary statistics for logistic regression sample (based on 63-day history)
This table shows summary statistics on the samples for logistic regression. The history
length used to choose control sample is 63 days prior to the first day of the IB event.
Notes: NSubmi,t−5,t−1 is the natural logarithm of one plus the cumulative number of sub-
missions mentioning stock i from t − 5 to t − 1; NCommi,t−5,t−1 is the natural logarithm
of one plus the cumulative number of comments from the submissions mentioning stock i
from t− 5 to t− 1; Returni,t−1 is the daily return for stock i on t− 1; CumReturni,t−5,t−2 is
the cumulative return for stock i from t− 5 to t− 2; CumReturni,t−20,t−6 is the cumulative
return for stock i from t− 20 to t− 6; BMi,t−1 is the book-to-market-ratio on t− 1 for stock
i; MarketCapi,t−1 is the natural logarithm of one plus the market capitalisation on t− 1 for
stock i; Turnoveri,t−1 is trading volume divided by number of shares outstanding on t − 1
for stock i; V olatilityi,t−1 is the volatility calculated from daily return from t− 5 to t− 1 for
stock i; EarningsAnnouncei,t−1 is a dummy variable that equals to 1 if there is an earning
announcement for stock i from t−6 to t+4, 0 otherwise; ShortPropi,t−1 is CBOE short sale
volume divided by CBOE total volume on t− 1 for stock i; ShortRatioi,t−1 is short interest
divided by average daily trading volume (21 days); NewsCounti,t−1 is the natural logarithm
of one plus the news count on t− 1 from Bloomberg for stock i; NewsSenti,t−1 is the news
sentiment on t− 1 from Bloomberg for stock i.

count mean std min 25% 50% 75% max
NSubmi,t−5,t−1 3,525 1.026 0.886 0.000 0.000 0.693 1.609 2.639
NCommi,t−5,t−1 3,525 1.423 1.726 0.000 0.000 0.693 2.833 4.718

Returni,t−1 3,525 -0.001 0.047 -0.137 -0.024 -0.001 0.019 0.148
CumReturni,t−5,t−2 3,525 -0.002 0.092 -0.286 -0.043 0.002 0.043 0.297
CumReturni,t−20,t−6 3,525 0.018 0.192 -0.592 -0.081 0.015 0.105 0.568

BMi,t−1 3,525 0.336 0.510 0.000 0.058 0.174 0.414 5.173
MarketCapi,t−1 3,525 22.066 2.577 15.592 19.943 21.985 24.225 26.103
Turnoveri,t−1 3,525 0.040 0.054 0.000 0.009 0.020 0.045 0.265
V olatilityi,t−1 3,525 0.611 0.463 0.036 0.282 0.492 0.802 2.892

EarningsAnnouncei,t−1 3,525 0.153 0.360 0.000 0.000 0.000 0.000 1.000
ShortPropi,t−1 3,525 0.545 0.128 0.000 0.460 0.544 0.635 0.962
ShortRatioi,t−1 3,525 2.461 2.508 0.028 0.932 1.765 3.081 24.407
NewsCounti,t−1 3,525 3.063 1.872 0.000 1.609 2.944 4.369 7.557
NewsSenti,t−1 3,525 0.009 0.210 -1.000 0.000 0.000 0.000 1.000

48



Table 3
Summary statistics for logistic regression sample (based on 126-day history)
This table shows summary statistics on the samples for logistic regression. The history
length used to choose control sample is 126 days prior to the first day of the IB event.
Notes: NSubmi,t−5,t−1 is the natural logarithm of one plus the cumulative number of sub-
missions mentioning stock i from t − 5 to t − 1; NCommi,t−5,t−1 is the natural logarithm
of one plus the cumulative number of comments from the submissions mentioning stock i
from t− 5 to t− 1; Returni,t−1 is the daily return for stock i on t− 1; CumReturni,t−5,t−2 is
the cumulative return for stock i from t− 5 to t− 2; CumReturni,t−20,t−6 is the cumulative
return for stock i from t− 20 to t− 6; BMi,t−1 is the book-to-market-ratio on t− 1 for stock
i; MarketCapi,t−1 is the natural logarithm of one plus the market capitalisation on t− 1 for
stock i; Turnoveri,t−1 is trading volume divided by number of shares outstanding on t − 1
for stock i; V olatilityi,t−1 is the volatility calculated from daily return from t− 5 to t− 1 for
stock i; EarningsAnnouncei,t−1 is a dummy variable that equals to 1 if there is an earning
announcement for stock i from t−6 to t+4, 0 otherwise; ShortPropi,t−1 is CBOE short sale
volume divided by CBOE total volume on t− 1 for stock i; ShortRatioi,t−1 is short interest
divided by average daily trading volume (21 days); NewsCounti,t−1 is the natural logarithm
of one plus the news count on t− 1 from Bloomberg for stock i; NewsSenti,t−1 is the news
sentiment on t− 1 from Bloomberg for stock i.

count mean std min 25% 50% 75% max
NSubmi,t−5,t−1 2,249 1.047 0.879 0.000 0.000 0.693 1.609 2.639
NCommi,t−5,t−1 2,249 1.417 1.709 0.000 0.000 0.693 2.773 4.718

Returni,t−1 2,249 -0.003 0.050 -0.137 -0.028 -0.003 0.021 0.148
CumReturni,t−5,t−2 2,249 -0.004 0.093 -0.286 -0.045 0.001 0.042 0.297
CumReturni,t−20,t−6 2,249 0.012 0.195 -0.592 -0.087 0.013 0.100 0.568

BMi,t−1 2,249 0.354 0.538 0.000 0.061 0.186 0.440 5.173
MarketCapi,t−1 2,249 21.985 2.553 15.592 19.942 21.765 24.065 26.103
Turnoveri,t−1 2,249 0.041 0.055 0.001 0.009 0.022 0.047 0.265
V olatilityi,t−1 2,249 0.653 0.494 0.036 0.302 0.530 0.851 2.892

EarningsAnnouncei,t−1 2,249 0.170 0.376 0.000 0.000 0.000 0.000 1.000
ShortPropi,t−1 2,249 0.544 0.127 0.000 0.460 0.543 0.631 0.962
ShortRatioi,t−1 2,249 2.411 2.402 0.028 0.886 1.757 3.006 18.502
NewsCounti,t−1 2,249 3.083 1.877 0.000 1.609 2.944 4.394 7.557
NewsSenti,t−1 2,249 -0.001 0.223 -0.998 0.000 0.000 0.000 0.982
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Table 4
Summary statistics for treated and control firms (selected based on 21-day history)
This table shows summary statistics of variables used in the dynamic difference-indifference
models. The history length used to choose control sample is 21 days prior to the first day
of the IB event. Each treated stock is matched with one compared stock. Data from 5 days
before first day of IB and 5 days after first day of IB is considered.
Notes: NSubmi,t−5,t−1 is the natural logarithm of one plus the cumulative number of sub-
missions mentioning stock i from t − 5 to t − 1; NCommi,t−5,t−1 is the natural logarithm
of one plus the cumulative number of comments from the submissions mentioning stock i
from t− 5 to t− 1; Returni,t−1 is the daily return for stock i on t− 1; CumReturni,t−5,t−2 is
the cumulative return for stock i from t− 5 to t− 2; CumReturni,t−20,t−6 is the cumulative
return for stock i from t− 20 to t− 6; BMi,t−1 is the book-to-market-ratio on t− 1 for stock
i; MarketCapi,t−1 is the natural logarithm of one plus the market capitalisation on t− 1 for
stock i; Turnoveri,t−1 is trading volume divided by number of shares outstanding on t − 1
for stock i; V olatilityi,t−1 is the volatility calculated from daily return from t− 5 to t− 1 for
stock i; EarningsAnnouncei,t−1 is a dummy variable that equals to 1 if there is an earning
announcement for stock i from t − 6 to t + 4, 0 otherwise; ShortPropi,t−1 is CBOE short
sale volume divided by CBOE total volume on t − 1 for stock i; ShortRatioi,t−1 is short
interest divided by average daily trading volume (21 days); NewsCounti,t−1 is the natural
logarithm of one plus the news count on t − 1 from Bloomberg for stock i; NewsSenti,t−1

is the news sentiment on t − 1 from Bloomberg for stock i; Turnoveri,t is trading volume
divided by number of shares outstanding on t for stock i; AbReturni,t is market-adjusted
abnormal return on t for stock i; AbONReturni,t is market-adjusted abnormal overnight
return on t for stock i.

count mean std min 25% 50% 75% max
NSubmi,t−5,t−1 3,960 1.604 1.014 0.000 0.693 1.792 2.639 2.639
NCommi,t−5,t−1 3,960 2.424 1.965 0.000 0.000 2.565 4.718 4.718

Returni,t−1 3,960 0.003 0.055 -0.137 -0.023 0.000 0.026 0.148
CumReturni,t−5,t−2 3,960 0.017 0.113 -0.286 -0.038 0.012 0.069 0.297
CumReturni,t−20,t−6 3,960 0.018 0.188 -0.592 -0.070 0.024 0.111 0.568

BMi,t−1 3,960 0.264 0.386 0.000 0.047 0.148 0.325 3.479
MarketCapi,t−1 3,960 22.462 2.551 15.592 20.471 22.350 24.774 26.103
Turnoveri,t−1 3,960 0.056 0.071 0.000 0.010 0.026 0.069 0.265
V olatilityi,t−1 3,960 0.799 0.676 0.036 0.343 0.589 0.991 2.892

EarningsAnnouncei,t−1 3,960 0.216 0.412 0.000 0.000 0.000 0.000 1.000
ShortPropi,t−1 3,960 0.542 0.126 0.000 0.459 0.543 0.629 0.962
ShortRatioi,t−1 3,960 2.415 2.552 0.028 0.948 1.675 2.865 27.262
NewsCounti,t−1 3,960 3.502 1.982 0.000 2.079 3.367 4.920 7.888
NewsSenti,t−1 3,960 0.015 0.253 -1.000 0.000 0.000 0.002 0.998
Turnoveri,t 3,960 0.057 0.072 0.000 0.010 0.027 0.070 0.265
AbReturni,t 3,960 0.002 0.052 -0.126 -0.023 -0.001 0.022 0.143

AbONReturni,t 3,960 0.003 0.027 -0.069 -0.006 0.001 0.011 0.081

50



Table 5
Summary statistics for treated and control firms (selected based on 63-day history)
This table shows summary statistics of variables used in the dynamic difference-indifference
models. The history length used to choose control sample is 63 days prior to the first day
of the IB event. Each treated stock is matched with one compared stock. Data from 5 days
before first day of IB and 5 days after first day of IB is considered.
Notes: NSubmi,t−5,t−1 is the natural logarithm of one plus the cumulative number of sub-
missions mentioning stock i from t − 5 to t − 1; NCommi,t−5,t−1 is the natural logarithm
of one plus the cumulative number of comments from the submissions mentioning stock i
from t− 5 to t− 1; Returni,t−1 is the daily return for stock i on t− 1; CumReturni,t−5,t−2 is
the cumulative return for stock i from t− 5 to t− 2; CumReturni,t−20,t−6 is the cumulative
return for stock i from t− 20 to t− 6; BMi,t−1 is the book-to-market-ratio on t− 1 for stock
i; MarketCapi,t−1 is the natural logarithm of one plus the market capitalisation on t− 1 for
stock i; Turnoveri,t−1 is trading volume divided by number of shares outstanding on t − 1
for stock i; V olatilityi,t−1 is the volatility calculated from daily return from t− 5 to t− 1 for
stock i; EarningsAnnouncei,t−1 is a dummy variable that equals to 1 if there is an earning
announcement for stock i from t − 6 to t + 4, 0 otherwise; ShortPropi,t−1 is CBOE short
sale volume divided by CBOE total volume on t − 1 for stock i; ShortRatioi,t−1 is short
interest divided by average daily trading volume (21 days); NewsCounti,t−1 is the natural
logarithm of one plus the news count on t − 1 from Bloomberg for stock i; NewsSenti,t−1

is the news sentiment on t − 1 from Bloomberg for stock i; Turnoveri,t is trading volume
divided by number of shares outstanding on t for stock i; AbReturni,t is market-adjusted
abnormal return on t for stock i; AbONReturni,t is market-adjusted abnormal overnight
return on t for stock i.

count mean std min 25% 50% 75% max
NSubmi,t−5,t−1 2,816 1.573 1.015 0.000 0.693 1.792 2.639 2.639
NCommi,t−5,t−1 2,816 2.337 1.959 0.000 0.000 2.303 4.718 4.718

Returni,t−1 2,816 0.002 0.052 -0.137 -0.023 0.000 0.025 0.148
CumReturni,t−5,t−2 2,816 0.013 0.112 -0.286 -0.041 0.010 0.069 0.297
CumReturni,t−20,t−6 2,816 0.036 0.204 -0.592 -0.069 0.027 0.131 0.568

BMi,t−1 2,816 0.280 0.441 0.000 0.046 0.146 0.308 3.516
MarketCapi,t−1 2,816 22.312 2.420 16.106 20.525 22.251 24.379 26.103
Turnoveri,t−1 2,816 0.053 0.066 0.000 0.010 0.027 0.065 0.265
V olatilityi,t−1 2,816 0.768 0.626 0.039 0.350 0.591 0.971 2.892

EarningsAnnouncei,t−1 2,816 0.165 0.371 0.000 0.000 0.000 0.000 1.000
ShortPropi,t−1 2,816 0.546 0.127 0.049 0.463 0.551 0.635 0.940
ShortRatioi,t−1 2,816 2.647 2.861 0.028 1.015 1.724 2.968 24.407
NewsCounti,t−1 2,816 3.276 1.794 0.000 1.946 3.135 4.543 7.888
NewsSenti,t−1 2,816 0.021 0.243 -1.000 0.000 0.000 0.001 0.990
Turnoveri,t 2,816 0.054 0.068 0.000 0.010 0.027 0.067 0.265
AbReturni,t 2,816 0.000 0.050 -0.126 -0.025 -0.002 0.020 0.143

AbONReturni,t 2,816 0.004 0.026 -0.069 -0.006 0.002 0.011 0.081
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Table 6
Summary statistics for treated and control firms (selected based on 126-day history)
This table shows summary statistics of variables used in the dynamic difference-indifference
models. The history length used to choose control sample is 126 days prior to the first day
of the IB event. Each treated stock is matched with one compared stock. Data from 5 days
before first day of IB and 5 days after first day of IB is considered.
Notes: NSubmi,t−5,t−1 is the natural logarithm of one plus the cumulative number of sub-
missions mentioning stock i from t − 5 to t − 1; NCommi,t−5,t−1 is the natural logarithm
of one plus the cumulative number of comments from the submissions mentioning stock i
from t− 5 to t− 1; Returni,t−1 is the daily return for stock i on t− 1; CumReturni,t−5,t−2 is
the cumulative return for stock i from t− 5 to t− 2; CumReturni,t−20,t−6 is the cumulative
return for stock i from t− 20 to t− 6; BMi,t−1 is the book-to-market-ratio on t− 1 for stock
i; MarketCapi,t−1 is the natural logarithm of one plus the market capitalisation on t− 1 for
stock i; Turnoveri,t−1 is trading volume divided by number of shares outstanding on t − 1
for stock i; V olatilityi,t−1 is the volatility calculated from daily return from t− 5 to t− 1 for
stock i; EarningsAnnouncei,t−1 is a dummy variable that equals to 1 if there is an earning
announcement for stock i from t − 6 to t + 4, 0 otherwise; ShortPropi,t−1 is CBOE short
sale volume divided by CBOE total volume on t − 1 for stock i; ShortRatioi,t−1 is short
interest divided by average daily trading volume (21 days); NewsCounti,t−1 is the natural
logarithm of one plus the news count on t − 1 from Bloomberg for stock i; NewsSenti,t−1

is the news sentiment on t − 1 from Bloomberg for stock i; Turnoveri,t is trading volume
divided by number of shares outstanding on t for stock i; AbReturni,t is market-adjusted
abnormal return on t for stock i; AbONReturni,t is market-adjusted abnormal overnight
return on t for stock i.

count mean std min 25% 50% 75% max
NSubmi,t−5,t−1 2,310 1.586 0.981 0.000 0.693 1.609 2.639 2.639
NCommi,t−5,t−1 2,310 2.299 1.898 0.000 0.000 2.197 4.443 4.718

Returni,t−1 2,310 0.001 0.054 -0.137 -0.027 -0.001 0.026 0.148
CumReturni,t−5,t−2 2,310 0.006 0.111 -0.286 -0.048 0.007 0.062 0.297
CumReturni,t−20,t−6 2,310 0.028 0.190 -0.592 -0.062 0.024 0.117 0.568

BMi,t−1 2,310 0.272 0.405 0.000 0.050 0.161 0.326 2.820
MarketCapi,t−1 2,310 22.351 2.447 15.592 20.467 22.318 24.531 26.103
Turnoveri,t−1 2,310 0.049 0.067 0.001 0.010 0.023 0.053 0.265
V olatilityi,t−1 2,310 0.787 0.638 0.048 0.356 0.611 0.965 2.892

EarningsAnnouncei,t−1 2,310 0.148 0.356 0.000 0.000 0.000 0.000 1.000
ShortPropi,t−1 2,310 0.542 0.123 0.085 0.462 0.543 0.627 0.932
ShortRatioi,t−1 2,310 2.542 2.546 0.028 1.016 1.695 3.279 16.070
NewsCounti,t−1 2,310 3.407 1.898 0.000 1.946 3.219 4.927 7.888
NewsSenti,t−1 2,310 0.010 0.247 -0.999 0.000 0.000 0.000 0.993
Turnoveri,t 2,310 0.050 0.068 0.001 0.010 0.023 0.055 0.265
AbReturni,t 2,310 0.000 0.050 -0.126 -0.024 -0.002 0.022 0.143

AbONReturni,t 2,310 0.003 0.026 -0.069 -0.006 0.001 0.010 0.081
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Table 7
Logit regression estimation with Firth correction (Firth 1993)

Treatedi,t =
1

1+exp[−(β0+UβU+αi+λt+ϵi,t)]

where Treatedi,t is company i with WallStreetBets submissions start ex-
periencing intensity burst (IB) at time t, U is a vector of variables
that could predict the IB event, including Returni,t−1, CumReturni,t−5,t−2,
CumReturni,t−20,t−6, BMi,t−1, MarketCapi,t−1, Turnoveri,t−1, V olatilityi,t−1,
EarningsAnnouncei,t−1, ShortPropi,t−1, ShortRatioi,t−1, NewsCounti,t−1,
NewsSenti,t−1. The history used to select control samples spanned from 21
days, 63 days to 126 days in Column (1) to (3).

21-day history 63-day history 126-day history
Returni,t−1 4.252*** 4.143*** 3.692***

(1.267) (1.269) (1.263)
CumReturni,t−5,t−2 0.932 0.969 0.913

(0.688) (0.708) (0.763)
CumReturni,t−20,t−6 0.953*** 0.478 0.580

(0.345) (0.329) (0.362)
BMi,t−1 -0.503*** -0.455** -0.837***

(0.184) (0.187) (0.229)
MarketCapi,t−1 0.014 0.008 0.074

(0.053) (0.054) (0.057)
Turnoveri,t−1 7.206*** 6.945*** 9.316***

(1.219) (1.264) (1.317)
V olatilityi,t−1 -0.221 -0.041 -0.169

(0.166) (0.168) (0.165)
EarningsAnnouncei,t−1 0.526*** 0.779*** 0.573***

(0.148) (0.150) (0.161)
ShortPropi,t−1 -0.210 0.192 0.248

(0.566) (0.569) (0.622)
ShortRatioi,t−1 0.015 0.016 0.041

(0.030) (0.031) (0.034)
NewsCounti,t−1 0.256*** 0.272*** 0.242***

(0.063) (0.063) (0.066)
NewsSenti,t−1 -0.173 -0.324 0.043

(0.258) (0.281) (0.279)
Intercept -5.102*** -4.277*** -5.258***

(1.133) (1.153) (1.239)
No. of Obs. 20,983 9,829 4,707

* p <0.1, ** p <0.05, *** p <0.01
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Table 8
Standard Mean Difference (SMD) and Variance Ratio (VR) of variables used in Propen-
sity Score Matching (PSM) after the matching exercise (based on 21-day history).
There are 2,609 company stocks in our Reddit sample. A treated company is one that
exhibits a significant intensity burst (IB) test statistic on a market-open day and it is
the first day of a IB period, indicating the commencement of heightened social media
activity. An intensity burst period is defined as one or more consecutive days where the
daily IB test statistic is significant. To ensure the robustness of our findings, we exclude
all IB periods that were preceded by another IB within the last 10 market-open days.
Control companies are chosen based on similar intensity burst (IB) history shared with
the treated company in the preceding 21 market-open days (i.e., 1 month). Moreover,
control companies must not experience IB in the preceding and subsequent 10 days and
must be the theme of at least one WSB submission in the preceding 10 days. One treated
company stock is matched with one control company stock using the nearest propensity
scores within a caliper of 0.25 standard deviations of the sample, as estimated from the
logistic regression model. This table presents the SMD and VR for different variates
after matching together with t-stats of tests of equality of means between the two types
of firms. For a good match, one expects SMD to be close to zero, and the variance ratio
to be close to 1.

Treated Control Diff. (Control-
Treated) t-stats SMD VR

Returni,t−1 0.005 0.005 0.000 -0.077 -0.008 1.181
CumReturni,t−5,t−2 0.004 0.019 -0.015 -1.377 -0.145 1.037
CumReturni,t−20,t−6 0.018 0.008 0.011 0.574 0.061 1.217

BMi,t−1 0.300 0.230 0.071 1.740 0.183 2.400
MarketCapi,t−1 22.331 22.549 -0.218 -0.799 -0.084 1.124
Turnoveri,t−1 0.056 0.045 0.011 1.685 0.178 1.073
V olatilityi,t−1 0.700 0.668 0.032 0.557 0.059 0.944

EarningsAnnouncei,t−1 0.228 0.239 -0.011 -0.249 -0.026 0.967
ShortPropi,t−1 0.544 0.547 -0.004 -0.287 -0.030 0.957
ShortRatioi,t−1 2.413 2.583 -0.170 -0.612 -0.065 0.847
NewsCounti,t−1 3.401 3.512 -0.110 -0.527 -0.056 1.251
NewsSenti,t−1 -0.007 0.019 -0.026 -1.206 -0.127 0.839

Propensity Score 0.030 0.030 0.000 0.038 0.004 0.985
No. of Obs. 180 180
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Table 9
Standard Mean Difference (SMD) and Variance Ratio (VR) of variables used in Propen-
sity Score Matching (PSM) after the matching exercise (based on 63-day history).
There are 2,609 company stocks in our Reddit sample. A treated company is one that
exhibits a significant intensity burst (IB) test statistic on a market-open day and it is
the first day of a IB period, indicating the commencement of heightened social media
activity. An intensity burst period is defined as one or more consecutive days where the
daily IB test statistic is significant. To ensure the robustness of our findings, we exclude
all IB periods that were preceded by another IB within the last 10 market-open days.
Control companies are chosen based on similar intensity burst (IB) history shared with
the treated company in the preceding 63 market-open days (i.e., 3 months). Moreover,
control companies must not experience IB in the preceding and subsequent 10 days and
must be the theme of at least one WSB submission in the preceding 10 days. One treated
company stock is matched with one control company stock using the nearest propensity
scores within a caliper of 0.25 standard deviations of the sample, as estimated from the
logistic regression model. This table presents the SMD and VR for different variates
after matching together with t-stats of tests of equality of means between the two types
of firms. For a good match, one expects SMD to be close to zero, and the variance ratio
to be close to 1.

Treated Control Diff. (Control-
Treated) t-stats SMD VR

Returni,t−1 -0.003 -0.001 -0.002 -0.400 -0.050 1.627
CumReturni,t−5,t−2 0.002 0.015 -0.013 -1.065 -0.133 1.321
CumReturni,t−20,t−6 0.021 0.051 -0.030 -1.275 -0.159 1.070

BMi,t−1 0.292 0.272 0.020 0.361 0.045 0.804
MarketCapi,t−1 22.162 22.426 -0.263 -0.860 -0.107 0.998
Turnoveri,t−1 0.051 0.036 0.014 2.326 0.291 1.274
V olatilityi,t−1 0.663 0.590 0.073 1.395 0.174 1.048

EarningsAnnouncei,t−1 0.172 0.164 0.008 0.167 0.021 1.038
ShortPropi,t−1 0.549 0.540 0.009 0.599 0.075 0.683
ShortRatioi,t−1 2.498 2.888 -0.389 -1.061 -0.133 0.505
NewsCounti,t−1 3.043 3.212 -0.169 -0.754 -0.094 1.246
NewsSenti,t−1 0.002 0.004 -0.002 -0.086 -0.011 1.119

Propensity Score 0.067 0.067 0.000 0.085 0.011 0.994
No. of Obs. 128 128
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Table 10
Standard Mean Difference (SMD) and Variance Ratio (VR) of variables used in Propen-
sity Score Matching (PSM) after the matching exercise (based on 126-day history).
There are 2,609 company stocks in our Reddit sample. A treated company is one that
exhibits a significant intensity burst (IB) test statistic on a market-open day and it is
the first day of a IB period, indicating the commencement of heightened social media
activity. An intensity burst period is defined as one or more consecutive days where the
daily IB test statistic is significant. To ensure the robustness of our findings, we exclude
all IB periods that were preceded by another IB within the last 10 market-open days.
Control companies are chosen based on similar intensity burst (IB) history shared with
the treated company in the preceding 126 market-open days (i.e., 6 months). Moreover,
control companies must not experience IB in the preceding and subsequent 10 days and
must be the theme of at least one WSB submission in the preceding 10 days. One treated
company stock is matched with one control company stock using the nearest propensity
scores within a caliper of 0.25 standard deviations of the sample, as estimated from the
logistic regression model. This table presents the SMD and VR for different variates
after matching together with t-stats of tests of equality of means between the two types
of firms. For a good match, one expects SMD to be close to zero, and the variance ratio
to be close to 1.

Treated Control Diff. (Control-
Treated) t-stats SMD VR

Returni,t−1 -0.010 -0.004 -0.006 -0.922 -0.127 1.302
CumReturni,t−5,t−2 -0.008 0.015 -0.023 -1.711 -0.236 1.192
CumReturni,t−20,t−6 0.006 0.052 -0.046 -1.806 -0.249 0.897

BMi,t−1 0.261 0.283 -0.022 -0.396 -0.055 0.756
MarketCapi,t−1 22.165 22.496 -0.332 -0.972 -0.134 1.058
Turnoveri,t−1 0.049 0.037 0.012 1.567 0.216 0.956
V olatilityi,t−1 0.708 0.615 0.094 1.366 0.188 1.344

EarningsAnnouncei,t−1 0.190 0.114 0.076 1.537 0.212 1.523
ShortPropi,t−1 0.547 0.533 0.014 0.852 0.118 0.852
ShortRatioi,t−1 2.556 2.629 -0.072 -0.202 -0.028 0.803
NewsCounti,t−1 3.226 3.401 -0.175 -0.665 -0.092 1.044
NewsSenti,t−1 0.002 -0.054 0.055 1.937 0.267 0.702

Propensity Score 0.097 0.096 0.001 0.138 0.019 1.010
No. of Obs. 105 105
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Table 11
Dynamic Difference-in-Difference Study of the Impact of Intensity Bursts in WSB Submis-
sions on Daily Turnover.

Turnoveri,t = α + µi + λt +
∑5

τ=−5 θτDi,τ + βXi,t−1 + ϵi,t
where µi and λt are, respectively, the firm and year-week (every week is a dummy) fixed
effects, and Di,τ is a dummy variable always equal to zero for control firms. For treated
firms, Di,τ = 1 if t is τ days away from the IB start date, otherwise 0. If τ < 0 (τ > 0), t
leads (lags) IB event. If τ = 0, t is on the IB date.
Column (1), (3), (5) are models without control variables. Column (2), (4), (6) are mod-
els with control variables. Control variables include NSubmi,t−5,t−1, NCommi,t−5,t−1,
Returni,t−1, CumReturni,t−5,t−2, CumReturni,t−20,t−6, BMi,t−1, MarketCapi,t−1,
Turnoveri,t−1, V olatilityi,t−1, EarningsAnnouncei,t−1, ShortPropi,t−1, ShortRatioi,t−1,
NewsCounti,t−1, NewsSenti,t−1. Standard errors are clustered at firm level.

(1)
Turnoveri,t

(21-day)

(2)
Turnoveri,t

(21-day)

(3)
Turnoveri,t

(63-day)

(4)
Turnoveri,t

(63-day)

(5)
Turnoveri,t
(126-day)

(6)
Turnoveri,t
(126-day)

Di,−5 -0.013*** -0.006** -0.010** -0.003 -0.012** -0.008**
(0.004) (0.003) (0.004) (0.003) (0.005) (0.004)

Di,−4 -0.013*** -0.006** -0.012*** -0.006** -0.013*** -0.008**
(0.004) (0.003) (0.004) (0.003) (0.004) (0.003)

Di,−3 -0.013*** -0.006** -0.010** -0.003 -0.010** -0.006
(0.004) (0.003) (0.004) (0.003) (0.004) (0.004)

Di,−1 0.001 0.006* -0.002 0.004 -0.002 0.000
(0.004) (0.003) (0.004) (0.003) (0.004) (0.004)

Di,0 0.082*** 0.081*** 0.081*** 0.084*** 0.083*** 0.083***
(0.008) (0.007) (0.009) (0.009) (0.009) (0.009)

Di,+1 0.051*** 0.008* 0.053*** 0.014** 0.054*** 0.019***
(0.007) (0.004) (0.008) (0.006) (0.008) (0.005)

Di,+2 0.038*** 0.012** 0.037*** 0.013** 0.039*** 0.018***
(0.007) (0.004) (0.007) (0.005) (0.007) (0.006)

Di,+3 0.030*** 0.008** 0.027*** 0.010* 0.027*** 0.011**
(0.007) (0.004) (0.007) (0.005) (0.006) (0.005)

Di,+4 0.026*** 0.009** 0.025*** 0.011** 0.021*** 0.009**
(0.006) (0.003) (0.007) (0.004) (0.006) (0.004)

Di,+5 0.023*** 0.007* 0.027*** 0.015*** 0.018*** 0.007
(0.006) (0.004) (0.007) (0.005) (0.006) (0.005)

Controls NO YES NO YES NO YES
Firm FE YES YES YES YES YES YES

YearWeek FE YES YES YES YES YES YES
No. of Obs. 3,960 3,960 2,816 2,816 2,310 2,310
R-squared 0.671 0.760 0.677 0.761 0.726 0.782

* p <0.1, ** p <0.05, *** p <0.01
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Table 12
Dynamic Difference-in-Difference Study of the Impact of Intensity Bursts in WSB Submis-
sions on Daily Abnormal Return.

AbReturni,t = α + µi + λt +
∑5

τ=−5 θτDi,τ + βXi,t−1 + ϵi,t
where µi and λt are, respectively, the firm and year-week (every week is a dummy) fixed
effects, and Di,τ is a dummy variable always equal to zero for control firms. For treated
firms, Di,τ = 1 if t is τ days away from the IB start date, otherwise 0. If τ < 0 (τ > 0), t
leads (lags) IB event. If τ = 0, t is on the IB date.
Column (1), (3), (5) are models without control variables. Column (2), (4), (6) are mod-
els with control variables. Control variables include NSubmi,t−5,t−1, NCommi,t−5,t−1,
Returni,t−1, CumReturni,t−5,t−2, CumReturni,t−20,t−6, BMi,t−1, MarketCapi,t−1,
Turnoveri,t−1, V olatilityi,t−1, EarningsAnnouncei,t−1, ShortPropi,t−1, ShortRatioi,t−1,
NewsCounti,t−1, NewsSenti,t−1. Standard errors are clustered at firm level.

(1)
AbReturni,t

(21-day)

(2)
AbReturni,t

(21-day)

(3)
AbReturni,t

(63-day)

(4)
AbReturni,t

(63-day)

(5)
AbReturni,t

(126-day)

(6)
AbReturni,t

(126-day)
Di,−5 0.002 0.000 0.005 -0.003 0.008 0.008

(0.004) (0.004) (0.004) (0.004) (0.005) (0.005)
Di,−4 -0.004 -0.005 -0.003 -0.009* -0.002 -0.001

(0.004) (0.004) (0.005) (0.005) (0.006) (0.006)
Di,−3 -0.001 -0.002 0.002 -0.004 0.002 0.002

(0.004) (0.004) (0.005) (0.005) (0.006) (0.005)
Di,−1 0.004 0.003 -0.001 -0.008 -0.004 -0.003

(0.004) (0.004) (0.005) (0.005) (0.005) (0.005)
Di,0 0.052*** 0.053*** 0.052*** 0.045*** 0.056*** 0.056***

(0.007) (0.007) (0.008) (0.008) (0.009) (0.009)
Di,+1 -0.005 0.011* -0.005 0.004 0.000 0.019**

(0.006) (0.006) (0.007) (0.007) (0.008) (0.007)
Di,+2 -0.004 0.009* -0.002 0.003 0.002 0.017**

(0.005) (0.005) (0.007) (0.007) (0.008) (0.008)
Di,+3 -0.005 0.007 -0.004 0.001 -0.004 0.010

(0.005) (0.006) (0.006) (0.007) (0.007) (0.008)
Di,+4 -0.007 0.006 0.000 0.005 0.001 0.012*

(0.005) (0.005) (0.005) (0.006) (0.006) (0.007)
Di,+5 -0.002 0.010** 0.002 0.006 0.003 0.015**

(0.004) (0.004) (0.005) (0.006) (0.005) (0.006)
Controls NO YES NO YES NO YES
Firm FE YES YES YES YES YES YES

YearWeek FE YES YES YES YES YES YES
No. of Obs. 3,960 3,960 2,816 2,816 2,310 2,310
R-squared 0.129 0.194 0.154 0.215 0.148 0.218

* p <0.1, ** p <0.05, *** p <0.01

58



Table 13
Dynamic Difference-in-Difference Study of the Impact of Intensity Bursts in WSB Submis-
sions on Daily Abnormal Overnight Return.

AbONReturni,t = α + µi + λt +
∑5

τ=−5 θτDi,τ + βXi,t−1 + ϵi,t
where µi and λt are, respectively, the firm and year-week (every week is a dummy) fixed
effects, and Di,τ is a dummy variable always equal to zero for control firms. For treated
firms, Di,τ = 1 if t is τ days away from the IB start date, otherwise 0. If τ < 0 (τ > 0), t
leads (lags) IB event. If τ = 0, t is on the IB date.
Column (1), (3), (5) are models without control variables. Column (2), (4), (6) are mod-
els with control variables. Control variables include NSubmi,t−5,t−1, NCommi,t−5,t−1,
Returni,t−1, CumReturni,t−5,t−2, CumReturni,t−20,t−6, BMi,t−1, MarketCapi,t−1,
Turnoveri,t−1, V olatilityi,t−1, EarningsAnnouncei,t−1, ShortPropi,t−1, ShortRatioi,t−1,
NewsCounti,t−1, NewsSenti,t−1. Standard errors are clustered at firm level.

(1)
AbONReturni,t

(21-day)

(2)
AbONReturni,t

(21-day)

(3)
AbONReturni,t

(63-day)

(4)
AbONReturni,t

(63-day)

(5)
AbONReturni,t

(126-day)

(6)
AbONReturni,t

(126-day)
Di,−5 -0.002 -0.003 -0.000 -0.003 -0.004 -0.004*

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Di,−4 -0.003* -0.004** -0.003 -0.005** -0.006** -0.007***

(0.002) (0.002) (0.002) (0.002) (0.003) (0.002)
Di,−3 -0.000 -0.001 -0.001 -0.002 -0.002 -0.003

(0.002) (0.002) (0.002) (0.002) (0.003) (0.003)
Di,−1 0.002 0.001 0.002 0.001 -0.002 -0.002

(0.002) (0.002) (0.002) (0.002) (0.003) (0.003)
Di,0 0.022*** 0.022*** 0.021*** 0.019*** 0.020*** 0.020***

(0.004) (0.004) (0.005) (0.005) (0.005) (0.005)
Di,+1 0.006* 0.010*** 0.008* 0.010** 0.006 0.012**

(0.003) (0.003) (0.004) (0.004) (0.005) (0.005)
Di,+2 -0.005* 0.001 -0.003 -0.001 -0.007* 0.000

(0.003) (0.003) (0.004) (0.003) (0.004) (0.003)
Di,+3 -0.004 0.002 -0.001 0.001 -0.007* -0.000

(0.003) (0.003) (0.003) (0.004) (0.004) (0.004)
Di,+4 -0.000 0.005** 0.004 0.006* -0.001 0.004

(0.002) (0.003) (0.003) (0.003) (0.003) (0.004)
Di,+5 -0.002 0.003 -0.001 0.000 -0.006** -0.002

(0.002) (0.003) (0.003) (0.004) (0.003) (0.003)
Controls NO YES NO YES NO YES
Firm FE YES YES YES YES YES YES

YearWeek FE YES YES YES YES YES YES
No. of Obs. 3,960 3,960 2,816 2,816 2,310 2,310
R-squared 0.140 0.172 0.138 0.171 0.168 0.210

* p <0.1, ** p <0.05, *** p <0.01
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Table 14
Dynamic Difference-in-Difference Study of the Impact of Intensity Bursts in WSB Submis-
sions on Daily Abnormal Half-Day Returns.

AbHalfReturni,t′ = α + µi + λt′ +
∑10

τ=−10 θτDi,τ + AbHalfReturni,t′−1 + ϵi,t′
where µi and λt′ are, respectively, the firm and year-week (every week is a dummy) fixed
effects, Di,τ is a dummy variable always equal to zero for control firms. For treated firms,
Di,τ = 1 if t′ is τ half-days away from the IB start date, otherwise 0. If τ < 0 (τ > 0), t′
leads (lags) IB event. If τ = 0, t′ is on the IB half-day interval.
Only previous half-day return is included as a control variable. Column (1), (2), (3) repre-
sent the results when IB happens when the market is close. Column (4), (5), (6) represent
the results when IB happens when the market is open. Standard errors are not clustered
due to the limited number of clustering.

(1)
AbHalfReturni,t′

(21-day)

(2)
AbHalfReturni,t′

(63-day)

(3)
AbHalfReturni,t′

(126-day)

(4)
AbHalfReturni,t′

(21-day)

(5)
AbHalfReturni,t′

(63-day)

(6)
AbHalfReturni,t′

(126-day)
Results from to Di,−10 to Di,−8 and Di,+9 to Di,+10 are omitted to conserve space.

Di,−8 0.001 0.007 0.008 -0.004 0.002 -0.011
(0.006) (0.007) (0.007) (0.006) (0.007) (0.008)

Di,−7 -0.006 -0.007 -0.001 -0.002 0.001 -0.001
(0.006) (0.007) (0.007) (0.005) (0.007) (0.008)

Di,−6 0.002 0.007 0.009 -0.003 0.005 -0.002
(0.006) (0.007) (0.007) (0.005) (0.007) (0.008)

Di,−5 -0.014** -0.008 -0.015** 0.005 0.008 0.008
(0.006) (0.007) (0.007) (0.005) (0.007) (0.008)

Di,−4 -0.001 0.004 0.008 -0.005 -0.006 -0.005
(0.006) (0.007) (0.007) (0.005) (0.007) (0.008)

Di,−2 0.004 0.007 0.008 -0.009 -0.007 -0.019**
(0.006) (0.007) (0.007) (0.005) (0.007) (0.008)

Di,−1 -0.005 -0.005 -0.007 0.033*** 0.030*** 0.026***
(0.006) (0.007) (0.007) (0.005) (0.007) (0.008)

Di,0 0.018*** 0.021*** 0.019** 0.042*** 0.046*** 0.035***
(0.006) (0.007) (0.007) (0.005) (0.007) (0.008)

Di,+1 0.001 0.012 0.011 0.019*** 0.029*** 0.021**
(0.006) (0.007) (0.007) (0.006) (0.007) (0.008)

Di,+2 0.011* 0.018** 0.015** -0.024*** -0.022*** -0.028***
(0.006) (0.007) (0.008) (0.006) (0.007) (0.008)

Di,+3 0.001 -0.003 0.005 -0.004 0.001 0.001
(0.006) (0.007) (0.007) (0.006) (0.007) (0.008)

Di,+4 0.004 0.012 0.008 -0.027*** -0.019*** -0.029***
(0.006) (0.007) (0.008) (0.006) (0.007) (0.008)

Di,+5 0.007 0.003 0.005 -0.007 0.000 -0.006
(0.006) (0.007) (0.008) (0.006) (0.007) (0.008)

Di,+6 0.003 0.005 0.003 -0.016*** -0.014** -0.017**
(0.006) (0.007) (0.008) (0.006) (0.007) (0.008)

Di,+7 -0.006 -0.006 -0.005 -0.004 0.007 -0.005
(0.006) (0.007) (0.008) (0.006) (0.007) (0.009)

Di,+8 0.007 0.013* 0.011 -0.013** -0.004 -0.009
(0.006) (0.007) (0.008) (0.006) (0.007) (0.009)

Controls YES YES YES YES YES YES
Firm FE YES YES YES YES YES YES

YearWeek FE YES YES YES YES YES YES
No. of Obs. 2,184 1,554 1,344 3,150 2,184 1,806
R-squared 0.078 0.093 0.078 0.138 0.157 0.144

* p <0.1, ** p <0.05, *** p <0.01
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Table 15
Difference of the average short interest ratio on various days relative to the average short
interest ratio on the IB day for the treated company stocks.
This table presents the results of the two-sample t-test for equality of means, comparing the
short interest ratio on different days to the short interest ratio on the IB day. The time
period examined includes the 5 days preceding the IB day and the 10 days following it.

21 days 63 days 126 days
Days diff.
from IB

Average short
interest ratio

Diff.
(- IB)

Average short
interest ratio

Diff.
(- IB)

Average short
interest ratio

Diff.
(- IB)

-5 2.382 0.088 2.523 0.015 2.523 -0.069
-4 2.385 0.091 2.526 0.018 2.523 -0.069
-3 2.461 0.167 2.590 0.082 2.591 -0.001
-2 2.446 0.152 2.547 0.040 2.612 0.019
-1 2.434 0.139 2.527 0.019 2.603 0.010
0 2.294 0.000 2.508 0.000 2.592 0.000

+1 2.226 -0.068 2.406 -0.102 2.507 -0.085
+2 2.164 -0.130 2.365 -0.143 2.407 -0.185
+3 2.140 -0.154 2.341 -0.167 2.383 -0.209
+4 2.032 -0.262 2.193 -0.315 2.240 -0.352
+5 1.963 -0.331 2.105 -0.402 2.159 -0.434
+6 1.968 -0.327 2.106 -0.402 2.154 -0.438
+7 1.872 -0.423* 2.093 -0.415 2.078 -0.514*
+8 1.821 -0.474** 2.049 -0.459 2.027 -0.565*
+9 1.765 -0.529** 1.998 -0.510* 1.964 -0.628*
+10 1.742 -0.552** 1.974 -0.534* 1.940 -0.652**
+11 1.713 -0.582** 1.917 -0.591** 1.915 -0.677**
+12 1.669 -0.625*** 1.878 -0.630** 1.887 -0.705**
+13 1.656 -0.639*** 1.867 -0.641** 1.889 -0.704**
+14 1.660 -0.634*** 1.863 -0.645** 1.882 -0.710**
+15 1.652 -0.642*** 1.850 -0.658** 1.879 -0.713**

* p <0.1, ** p <0.05, *** p <0.01
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