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ABSTRACT

Our study offers a comprehensive analysis of the factors contributing to the occur-

rence of stock price jumps, with a focus on the role of investor disagreement and news

tone. We find that higher levels of disagreement among investors are associated with a

greater likelihood of jumps in daily stock returns, with negative jumps more likely to oc-

cur than positive jumps when investor disagreement is higher. Our results suggest that

information differences are more important for jump occurrences than differences in in-

terpretation, and that disagreement between sophisticated and unsophisticated investors

can play a significant role in triggering stock jumps.
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The efficient market hypothesis posits that the stock market fully and immediately in-

corporates all available information into stock prices, making it impossible to outperform

the market through stock picking or market timing (Fama, 1970). However, empirical re-

search has shown that certain events, such as earnings announcements, can lead to large

and sudden movements in stock prices that are difficult to explain based on publicly

available information alone. One possible explanation for these sudden price jumps is

the existence of investor disagreement, where market participants have differing views

on the value of a stock and its future prospects (Daniel, Hirshleifer, and Subrahmanyam,

1998; Hong and Stein, 1999, 2003, 2007; Diether, Malloy, and Scherbina, 2002). Recent

studies have investigated the impact of investor disagreement on stock price movements,

and have found that disagreement can lead to increased volatility and higher trading vol-

ume (Baker and Wurgler, 2006; Lamont and Thaler, 2003; Cookson and Niessner, 2020;

Chang, Hsiao, Ljungqvist, and Tseng, 2022). These findings suggest that investor dis-

agreement may play an important role in the dynamics of stock prices, and that it is an

important factor to consider when analyzing the stock market.

The aim of this study is to investigate the relationship between investor disagreement

and stock price jumps, and to explore the underlying mechanisms involved. Specifically,

the research questions addressed in this study are: (i) whether investor disagreement

leads to stock price jumps; (ii) if so, what is the role of different sources of disagreement,

such as different information sets and different interpretations of information, in causing

stock price jumps?; and (iii) what is the impact of information flow diffusion through

disagreement on stock price jumps? To answer these questions, we analyze a large dataset

of over 173 million tweets from StockTwits covering approximately 3,000 publicly-traded

companies using an empirical approach. We employ a contagion model (Aït-Sahalia,

Laeven, and Pelizzon, 2014; Aït-Sahalia, Cacho-Diaz, and Laeven, 2015) to capture the

dynamics of stock returns and measure the intensity and distribution of stock price jumps

in response to investor disagreement and news events.

We begin by employing the Hawkes jump-diffusion (HJD) model proposed by (Aït-

Sahalia et al., 2014, 2015) to investigate the impact of investor disagreement on stock price

jumps. This parametric model allows us to recover unobservable features of stock jumps



and provides a better understanding of the determinants of various jumps, including

memoryless jumps, self-exciting jumps, and market-exciting jumps. In particular, we use

the bivariate HJD model between individual and market return processes to decompose

jumps into different components. Memoryless jumps are exogenous, while self-exciting

jumps depend on the past jumps of the stock, and market-exciting jumps depend on the

jumps in the market. This decomposition enables a deeper understanding of the sources

of jumps, such as instantaneous, self-reinforcing, and market-induced jumps, and has im-

portant implications for risk management and portfolio diversification (Aït-Sahalia et al.,

2014)).1

We proceed by constructing a measure of investor disagreement based on sentiment

extracted from a large corpus of real-time tweets posted on the StockTwits platform, total-

ing more than 173 million tweets. This measure provides a rich and multimodal charac-

terization of investor disagreement, enabling us to assess granular variation within and

across various groups of investors according to different criteria such as their number

of followers, experience, investment strategy, approach, and horizon. The StockTwits

platform has been the subject of growing interest in the literature, as it allows for the

measurement of investor sentiment in real-time (see, for example, Deng, Huang, Sinha,

and Zhao (2018); Cookson and Niessner (2020); Cookson, Engelberg, and Mullins (2022)).

Our measure offers the advantage of being transparent, granular, and real-time compared

to other available measures of investor sentiment. Market-based measures of investor

sentiment, such as those proposed by Baker and Wurgler (2006), have the advantage of

being readily available at a relatively high frequency. However, such measures also have

the disadvantage of being the equilibrium outcome of many economic forces other than

investor sentiment (see Baker and Wurgler (2007) for a comprehensive survey of the lit-

erature). Other studies have explored how investor sentiment can be directly measured

through the internet search behavior of households, as shown by Da, Engelberg, and Gao

(2015). We then investigate the extent to which the time-varying estimated jump intensity

1Instantaneous jump risk refers to a one-time risk that does not have an impact on future jump risks. In
contrast, self-reinforcing jump risk occurs when a jump in one stock increases the likelihood of that stock
jumping again in the future, while market-induced jump risk describes the risk that a jump in the market
leads to multiple stocks jumping in the future.
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processes and realized jump-size distributions are related to the disagreement and news

variables.

Our study reveals a significant positive relationship between investor disagreement

and the likelihood of stock price jumps, indicating that higher levels of disagreement

among investors are associated with a greater likelihood of jumps in daily stock returns.

This finding is consistent with previous studies in the literature (Hong and Stein, 2007).

Importantly, our study shows that investor disagreement is positively related to the like-

lihood of self- and market-exciting jumps, implying that self-reinforcing jump risk and

market-induced jump risk are greater when investor disagreement is higher. Further-

more, we find that negative jumps are more likely to occur than positive jumps when

investor disagreement is higher, and this asymmetry is more pronounced for firms with

larger market capitalizations. This result is consistent with previous researches that have

also found asymmetry in stock prices (Chang et al., 2022) and asymmetry in market reac-

tions to news (Engle, Ghysels, and Sohn, 2013).

In addition to investor disagreement, we also investigate the role of news tone in ex-

plaining the variations in estimated jump intensities. Our study finds that news tone is

positively related to the estimated intensity process for all jumps, but its significance is

weaker than investor disagreement. This result is consistent with previous research that

has also found that news sentiment plays a role in stock market volatility (Baker and Wur-

gler, 2006; Tetlock, 2007). Moreover, we find that negative news tone is associated with a

higher likelihood of negative jumps, while positive news tone is associated with a higher

likelihood of positive jumps. This result is consistent with the notion that bad news has a

stronger impact on stock market reactions than good news (Tetlock, 2007).2

Our study’s findings suggest that investor disagreement and news tone play comple-

mentary roles in explaining the variations in the estimated jump intensities. Specifically,

investor disagreement reflects differences in information and differences in interpreta-

tions among investors, while news tone captures the overall sentiment conveyed by the

news media. Together, these factors contribute to the occurrences of stock price jumps.

2There is a positive relationship between economic activity and stock market volatility, but that this rela-
tionship is asymmetric, with negative economic shocks having a larger effect on volatility than positive
economic shocks.
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To further investigate the impact of disagreement on stock price jumps, we exam-

ine two distinct measures of disagreement. Our analysis reveals that both disagreement

within-group (referring to differences in opinion among investors who follow the same

investment strategy) and disagreement cross-group (referring to differences in opinion

among investors who have different investment strategies) are positively related to the

estimated intensity of all jumps in daily stock returns. However, disagreement within-

group has a greater impact on jump occurrences than disagreement cross-group, indi-

cating that differences in information among investors are more important for jumps

than differences in interpretation. These results complement the findings of a prior study

(Cookson and Niessner, 2020) that observed a similar pattern for trading volume.

Moreover, we find that the relationship between disagreement within-group and jump

occurrences is stronger than the relationship between disagreement cross-group and jump

occurrences for any type of jumps. Disagreement within-group is positively related to

any estimated jump intensity, indicating that jumps of any type are more likely to occur

when investors disagree more due to larger information differences. However, disagree-

ment cross-group becomes significantly negatively related to the estimated intensity of

market-exciting jumps (jumps that are excited by past jumps in the market) while still be-

ing positively related to other estimated jump intensities. These results suggest that both

information differences and interpretation differences are economically and statistically

important for any type of jumps, but that the impact of information differences is greater.

Based on our analysis, we also investigate the impact of disagreement between so-

phisticated and unsophisticated investors on stock price jumps. Our findings suggest

that disagreement between sophisticated and unsophisticated investors with the same in-

vestment philosophy plays a significant role in triggering stock jumps, particularly neg-

ative jumps, and in determining the size of these jumps. This result is consistent with

the gradual information diffusion hypothesis, which posits that sophisticated investors

acquire information earlier than unsophisticated investors, leading to disagreement be-

tween them. The significant and positive relationship between the estimated intensity

of all jumps and the disagreement between sophisticated and unsophisticated investors,

as well as the relationship between jump size moments and this disagreement, provide
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support for the gradual information diffusion hypothesis.

This result is consistent with previous research on the role of information in financial

markets. For example, Hong and Stein (2007) found that gradual diffusion of information

can cause prices to gradually respond to that information. Similarly, Cookson and Niess-

ner (2020) found that gradual information diffusion plays an important role in trading

volume. Our study extends this literature by examining the effect of disagreement be-

tween sophisticated and unsophisticated investors with the same investment philosophy

on stock jumps, and its implications for jump size.

Our study employs a bivariate HJD process calibrated to approximately 3,000 pairs of

individual stocks and SPDR S&P 500 ETF Trust (SPY), yielding rich empirical insights into

the nature of stock price jumps.3 We utilize two algorithms from Lee and Mykland (2008)

to detect jumps and our results are robust to different jump detection algorithms. Based

on our analysis, the average estimated jump intensity (AEJI) of all jumps for all firms

ranges from a minimum of 1.84 jumps to a maximum of 23.76 jumps per year. About 50%

of firms have more than 8.65 jumps per year. Self-exciting jumps contribute the highest

number of jumps, with the median AEJI for self-exciting jumps across firms being 5.94

jumps per year. This is followed by memoryless and market-exciting jumps, with median

AEJIs of 1.08 and 0.98 jumps per year, respectively.

Our findings also indicate that for approximately 50% of firms, the percentage contri-

bution of self-exciting jumps is more than 60%, followed by market-exciting and memo-

ryless jumps, where their percentage contribution for 50% of firms is about 16% and 15%,

respectively. When we split firms based on their size, we observe that the self-exciting

jumps component is the highest contributor of jumps across firms with different sizes,

followed by market-exciting (memoryless) jumps for large (small) firms. This suggests

that large-size firms have a higher exposure to the market than small-size firms. Note

that we use AEJI to measure the contribution of different jump components in overall

jumps. Our results are obtained from a rigorous analysis of a large dataset of stock and

ETF pairs, and our findings are robust to various jump detection algorithms.

3The SPY is an exchange-traded fund that tracks the performance of the S&P500 stock market index, and is
used instead of the Standard and Poor’s 500 because StockTwit’s users use the cashtag $SPY.
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Recent research has highlighted the importance of understanding the drivers of stock

price jumps. Studies by Jeon, McCurdy, and Zhao (2021) and Baker, Bloom, Davis, and

Sammon (2022) have identified news flow as a key factor in triggering jumps at the firm

and market levels. Specifically, they find that the frequency, content, and source of news

flow are significantly related to stock price jumps, and that the clarity of news sources is

an important factor in predicting future volatility. These findings suggest that investors

are becoming more adept at processing news information.

While previous research has shown that investor disagreement is positively related to

stock price jumps (Hong and Stein, 2007; Vayanos and Wang, 2012; Chang et al., 2022), our

study builds on this research by exploring the simultaneous role of news and disagree-

ment in various types of stock jumps using a bivariate HJD model. This model allows

us to decompose jumps into three distinct components and gain a more nuanced under-

standing of the mechanisms driving stock price jumps and how investor disagreement

may affect each component differently.

Our study provides novel and important insights into the relationship between news

flow, investor disagreement, and stock price jumps. In particular, we find that negative

jumps are more likely to occur than positive jumps when investor disagreement is higher,

consistent with previous research that has found asymmetry in stock market reactions

to news (Engle et al., 2013). Furthermore, our investigation of the impact of disagree-

ment between sophisticated and unsophisticated investors on stock price jumps provides

further support for the gradual information diffusion hypothesis, which has been exten-

sively studied in finance literature (Barberis, Shleifer, and Vishny, 1998; Dasgupta and

Prat, 2008). By uncovering these complex relationships, our study sheds new light on the

dynamics of stock price movements and provides important insights for investors and

policymakers.

The rest of the paper is organized as follows. Section I introduces the contagion frame-

work and the HJD model of Aït-Sahalia et al. (2015). Section II discusses our data collec-

tion. Section III present the empirical results. Section IV concludes.
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I. The Model

In this section, we present a thorough analysis of extreme returns, commonly referred

to as jumps. We begin by examining empirical regularities in jump behavior and then in-

troduce a conceptual framework for modeling jumps. Specifically, we discuss the bivari-

ate Hawkes-Jump-Diffusion (HJD) process, as described in Aït-Sahalia et al. (2015). We

also detail our approach to estimating unobserved daily jump intensities from observed

daily stock returns.

Subsequently, we provide a decomposition of the jump intensity process, allowing us

to quantify the contribution of each component to the overall jump intensity process. It is

worth noting that while the HJD process is a reduced-form model and cannot explain the sources of

contagion or jump clustering observed in the data, we can utilize implied jump intensity processes

to test news and disagreement sources of jumps.

A. Jump clustering in asset returns

Jump clustering in time and across assets is widely observed in empirical studies of as-

set returns, as documented in previous research (Aït-Sahalia et al., 2014, 2015; Aït-Sahalia

and Hurd, 2015). As shown in Figure 1, this phenomenon is also evident in the returns of

SPDR S&P 500 ETF Trust (SPY), Boeing (BA), and First Trust Small Cap Core AlphaDEX

Fund (FYX) firms over a long period from June 01, 2010 until August 31, 2021.4 Specifi-

cally, the ellipse in the figure marks a period of time when jumps occur in close succession,

indicating jump clustering in time, while the rectangles indicate periods when jumps tend

to occur across several assets, revealing jump clustering across assets. Notably, jump clus-

tering in time and across assets is observed during both non-crisis and crisis periods.

Given the empirical regularity of jump clustering in asset returns, it is essential to

work with a model of asset returns that incorporates the time-dependency of jumps across

both time and stocks. By doing so, we can gain a more nuanced understanding of the un-

derlying mechanisms driving stock price jumps and better inform investment decisions.

4SPY is an exchange-traded fund that closely tracks the S&P 500 index.
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Insert Figure 1 about here

B. A conceptual framework

Figure 2 provides an animated example of the framework of interest. At time t1, an

exogenous shock, such as an unexpected public announcement, triggers an initial jump

in SPY, which we refer to as a memoryless jump. However, the impact of this shock can

be far-reaching and can lead to self-exciting jumps in SPY and market-exciting jumps in

other assets, such as the jump in BA observed at time t2 in the figure. These self- and

market-exciting jumps can further excite jumps in themselves and other assets, leading to

a contagion effect.

Insert Figure 2 about here

Conceptual example 2 is a possible illustration for a series of events. In practice, it is

often difficult to identify the source of jumps, whether they are memoryless, self-exciting,

or market-exciting. Instead, what we are interested in are the probabilities of observing

these three types of jumps and the possibility of contagion.

C. The Hawkes jump-diffusion process

Multivariate Hawkes processes provide a way to model the dependency of jumps

over time and the interaction of jumps across different assets, allowing a jump in one

asset to increase the likelihood of future jumps both in itself and in other stocks. This

is an important stylized fact of stock return jumps, which are known to cluster over time

and across stocks. In order to capture this behavior, we employ the HJD process proposed

by Aït-Sahalia et al. (2015) to model stock returns. Specifically, we use the bivariate case

of the HJD process, which is given by

dXi,t = µidt +
√

θidWi,t + Zi,tdNi,t (1)

dXj,t = µjdt +
√

θjdWj,t + Zj,tdNj,t

dλi,t = αi(λi,∞ − λi,t)dt + βi,idNi,t + βi,jdNj,t

8



dλj,t = αj(λj,∞ − λj,t)dt + β j,jdNj,t + β j,idNi,t j ̸= i.

In this model, Xi,t and Xj,t represent the log-returns of two different assets i and j,

respectively. The drift terms µi and µj capture the long-term mean returns of the assets,

while the constant volatility terms θi and θj capture their respective volatilities. The Brow-

nian motion processes Wi,t and Wj,t represent the continuous part of the price processes,

while Zi,t and Zj,t represent the size of the jumps, which follow a pre-defined cumulative

probability distribution.

The jump processes Ni,t and Nj,t are Hawkes processes, with λi,t and λj,t representing

the corresponding jump intensities. The long-run means of the jump intensities are de-

noted by λi,∞ and λj,∞, while αi and αj are the mean-reversion rates. The self-exciting (SE)

coefficients βi,i and β j,j capture the influence of past jumps on the probability of future

jumps for the same asset, while the cross-exciting (XE) coefficients βi,j and β j,i capture the

influence of past jumps in one asset on the probability of future jumps in the other asset.

When one of the assets is a market index (e.g., the S&P 500 index), we introduce the

market-exciting (ME) coefficient βi,SPY to capture the influence of market-level jumps on

the probability of future jumps in asset i.5

D. Estimated jump intensity and its decomposition

We can classify jumps into three groups: memoryless jumps, self-exciting jumps, and

cross-exciting jumps. Memoryless jumps are independent of past jumps and have a con-

stant intensity (e.g., Poissonian jumps). Self-exciting jumps are those that are excited by

the stock’s own past jumps, while cross-exciting jumps are those that are excited by the

past jumps of another stock. If jumps in a stock are excited by past jumps in the market,

we call these cross-exciting jumps "market-exciting" jumps. We consider the following

jump intensity process

λi,t+1 = λi,t + αi(λi,∞ − λi,t)dt + βi,idNi,t + βi,jdNj,t (2)

5For further details about the Hawkes process and its properties, as well as a detailed discussion about this
particular model, we refer interested readers to Aït-Sahalia et al. (2014, 2015); Aït-Sahalia and Hurd (2015).

9



λ+
i,t+1 = λ+

i,t + αi(λi,∞ − λ+
i,t)dt + βi,idN+

i,t + βi,jdN+
j,t (3)

λ−
i,t+1 = λ−

i,t + αi(λi,∞ − λ−
i,t)dt + βi,idN−

i,t + βi,jdN−
j,t (4)

λExcSE
i,t+1 = λExcSE

i,t + αi(λi,∞ − λExcSE
i,t )dt + βi,jdNj,t

λExcXE
i,t+1 = λExcXE

i,t + αi(λi,∞ − λExcXE
i,t )dt + βi,idNi,t

λSE
i,t+1 = λi,t+1 − λExcSE

i,t+1 (5)

λXE
i,t+1 = λi,t+1 − λExcXE

i,t+1 (6)

λEXO
i = λi,∞, t = 0, 1, 2, ..., T (7)

To estimate the time-varying intensity of these different types of jumps, we can use the

parameters of the bivariate HJD model with the pair (i, j). Specifically, we can estimate

the intensity of all jumps, positive jumps, and negative jumps at day t+ 1 using equations

(2), (3), and (4), respectively. In these equations, λi,t+1, λ+
i,t+1, and λ−

i,t+1 are the estimated

intensity of all, positive, and negative jumps at day t + 1, respectively. We estimate these

intensities by adding the drift term, αi(λi,∞ − λi,t)dt, and the contribution of past jumps

to the intensity at day t + 1. The contribution of past jumps is given by the jump indica-

tors dNi,t and dNj,t, which are 1 if i’s or j’s daily return is identified as a jump at day t,

respectively. If a jump occurs in stock i at day t, this increases the jump intensity of stock

i at day t + 1 by βi,i. If a jump occurs in stock j at day t, this increases the jump intensity

of stock i at day t + 1 by βi,j.

We can also estimate the intensity of self-exciting jumps and cross-exciting jumps us-

ing equations (5) and (6), respectively. Here, λExcSE
i,t+1 and λExcXE

i,t+1 are the estimated intensity

of jumps when conditioning on the absence of self-excitation and cross-excitation from 0

to t, respectively. The intensity of self-exciting jumps at day t + 1 is given by the differ-

ence between the estimated intensity of all jumps at day t + 1 and the estimated intensity

of jumps conditioned on the absence of self-excitation up to time t. The intensity of cross-

exciting jumps at day t + 1 is given by the difference between the estimated intensity of

all jumps at day t + 1 and the estimated intensity of jumps conditioned on the absence of

cross-excitation up to time t. Finally, we can estimate the intensity of exogenous jumps

as the constant intensity λi,∞ given by equation (7). All of these intensity estimates are
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updated recursively from time t to time t + 1 for t = 0, 1, 2, . . . , T.

The intensity process of a jump-diffusion Hawkes process can be described by (1) or,

equivalently, by the jump intensity dynamic given

λi,t = λi,∞ +
∫ t

−∞
βi,ie−αi(t−s)dNi,s +

∫ t

−∞
βi,je−αi(t−s)dNj,s.

The coefficients λi,∞, αi, βi,i, and βi,j are assumed to be identical for all jumps and

signed jumps. The expected jump intensity, E[λi,t], can be computed as shown by

E[λi,t] = λi,∞ +
βi,i

αi
× E[λi,t] +

βi,j

αi
× E[λj,t]

which involves the average number of self-exciting and cross-exciting jumps, denoted by
βi,i
αi

and
βi,j
αi

, respectively. These coefficients quantify the expected intensity of self-exciting

and cross-exciting jumps, respectively. The exogenous, self-exciting, and cross-exciting

components of the jump intensity process are defined as λi,∞, βi,i
αi

E[λi,t], and
βi,j
αi

E[λj,t],

respectively, with
βi,j
αi

E[λj,t] representing the expected intensity of cross-exciting jumps

from stock j to stock i. When stock j is the market index (e.g., the SPY), the cross-exciting

component is referred to as the market-exciting component and is denoted by MEi%. To

assess the contribution of the three components to the jump intensity process in stock i,

we define the exogenous, self-exciting, and cross-exciting components as a percentage of

the total jump intensity, as given by

EXOi% =
λi,∞

E[λi,t]
× 100

SEi% =
βi,i

αi
× 100

XEi% =
βi,j

αi
×

E[λj,t]

E[λi,t]
× 100, i ̸= j.

Specifically, EXOi%, SEi%, and XEi% represent the percentage contribution of the exoge-

nous, self-exciting, and cross-exciting components to the jump intensity process in stock i,

respectively. These definitions allow for a more nuanced understanding of the dynamics
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of the jump intensity process and its underlying components.6

II. Data

A. StockTwits

Our measure of investor disagreement is constructed from data collected from a social

media investing platform, StockTwits. StockTwits allows users to express their opinions

about stocks and to provide their investment approach, holding period, and experience

level on their profiles. Specifically, users can post a message, link it to one or several

particular firms using "cashtags" with the symbol ($), and label that message with a sen-

timent, which can be bullish, bearish, or unspecified. We collected messages posted be-

tween June 1, 2010 and August 31, 2021, eliminating messages with multiple cashtags

from our analysis. To classify unclassified messages, we used the maximum entropy

method.

Detailed information about the StockTwits data can be found in Cookson and Niessner

(2020) and Fallahgoul (2021). After filtering messages with only one symbol per message,

we were left with approximately 19,469 unique symbols and 173,898,340 messages posted

by 1,104,849 unique users. We then took the intersection between those 19,469 sym-

bols in StockTwits and all symbols in the Center for Research in Security Prices (CRSP),

which gave us approximately 11,267 unique symbols and 154,860,211 messages posted by

995,046 unique users. We further filtered symbols with non-missing daily returns during

the sample period. As a result, we were left with 2,679 stocks and 34,373,324 messages

posted by 94,827 unique StockTwits users over 2,834 trading days.7

Table 1 provides the characteristics of messages and active users for remaining stocks

after filtering. Panel A shows the characteristics for investor experience. Intermediate,

novice, and professional investors represent 10.77%, 6.83%, and 4.89% of users, respec-

tively, while professional investors post the largest proportion of messages, 21.78%, fol-

6Further details on the calculation of these components can be found in Filimonov and Sornette (2012) and
Kim, Paini, and Jurdak (2019).
7Table IA.1 illustrates how we filtered stocks to obtain the final sample and how many observations were
lost due to each filtering action.
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lowed by intermediate and novice investors, 17.60% and 4.62%, respectively. Panel B re-

ports the characteristics for investor philosophy. The most common investment approach

is technical, representing 7.63% of users and about 18.91% of messages. Growth and mo-

mentum investors make up the second and third largest proportion of users (4.53% and

4.29%), followed by fundamental and value investors (2.84% and 2.31%). However, fun-

damental and values investors post the second and third largest proportion of messages

(7.04% and 5.53%), followed by momentum and growth investors (6.01% and 4.50%). The

least common investment approach is global macro, which represents only 0.63% of users

and 0.72% of messages. Panel C shows the characteristics for holding period. In terms

of investment horizon, the most common one is swing trader, representing the 8.97% of

users and 16.94% of messages, followed by long term investor (4.84% of users and 9.77%

of messages) and day trader (4.63% of users and 8.25% of messages). Position Trader only

represents 4.16% of users and 8.39% of messages.

Insert Table 1 about here

To construct a sentiment and disagreement measure from bullish and bearish mes-

sages, we first labeled each bearish message as -1 and each bullish message as 1. We then

took the arithmetic average of these classifications at the group1 × day × group2 level

AvgSentimenti,t,g =
NBullish

i,t,g − Nbearish
i,t,g

NBullish
i,t,g + Nbearish

i,t,g

where NBullishitg and Nbearishitg are the number of bullish and bearish messages per

group1, day, and group2, respectively. Group1 can be either all firms, sectors, indus-

tries, or a specific firm, sector, or industry. Group2 can either be all investors or investors

with a given investment philosophy, experience level, or holding period.

Next, we compute a measure of disagreement for a given firm × day × group as

Disagreementi,t,g =
√

1 − AvgSentiment2
i,t,g (8)
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where i is a particular firm and g can be a group of investors or all investors.8

B. Firm characteristics

To investigate potential drivers of jumps in financial markets, this study examines

seven key firm characteristics (Jeon et al. (2021) and Chang et al. (2022)) from three com-

prehensive databases: StockTwits, RavenPack, and CRSP/Compustat. Specifically, we

analyze the Number of Messages and Disagreement variables, which represent the num-

ber of investor-posted messages and overall disagreement among all investors or a given

group of investors at the firm-day level in StockTwits, respectively. In addition, we inves-

tigate the Number of News and News Tone variables, which measure the number of news ar-

ticles and overall news sentiment at the firm-day level, respectively, sourced from Raven-

Pack. Furthermore, we examine Size, 12-month Momentum, and Idiosyncratic Volatility,

which represent market capitalization, past 12-months return, and idiosyncratic volatil-

ity, respectively, retrieved from CRSP/Compustat.

Note that News Tone is the variable event_sentiment_score in RavenPack, while Size

is the variable me retrieved from CRSP. The Idiosyncratic Volatility variable is calculated

as the variance of residuals from the Fama and French (1993) three-factor model, based

on daily returns over the past three months. It is worth noting that Size and 12-month

Momentum are measured at the firm-day level, whereas Idiosyncratic Volatility is measured

at the firm-month level.

We address missing values of firm characteristics in the following manner. Firstly,

we group firms into three categories based on their daily market capitalization during

the sample period: large, medium and small. This is achieved by sorting the average

market capitalization and ensuring an equal number of firms are allocated to each group.9

Subsequently, for each firm and on each day, any missing characteristic value is replaced

with the cross-sectional median for that particular characteristic within the relevant size

group to which the firm belongs. This methodology ensures that we retain the size effect

8For more details about this disagreement measure and its properties, please see Cookson and Niessner
(2020).
9The allocation of firms to size groups is determined by sorting their average daily market capitalization
during the sample period and allocating an equal number of firms to each size group.
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on the value of other firm characteristics, which is of interest to us in examining whether

the impact of the same characteristic varies across different size groups with respect to

jumps.

Table 2 presents the summary statistics of the average of daily observations of firm

characteristics for the 2,679 stocks, with Number of Messages and Disagreement calculated

from all tweets available after taking successive filtering actions described in IA.1. Panel

A and B illustrate the distribution of characteristics before and after filling missing char-

acteristics. Notably, the range of Disagreement is between 0.00 and 0.85, with NFLX and

PWZ having the maximum and minimum values, respectively. AAPL has the highest

values for both Number of Messages (1,070) and Number of News (766), as well as the largest

Size (8.04E+08). On the other hand, CHIE has the smallest Size (3.27E+03), Number of

Messages (0), and Number of News (0).

Insert Table 2 about here

These findings are consistent with the well-established notion that companies with

larger market capitalization generally receive more media and investor attention. This is

further supported by Figure 3, which displays the correlation matrix between the average

of daily observations of firm characteristics for the 2,679 stocks. The three most highly

correlated pairs of characteristics are (Size, Number of News), (Number of Messages, Number

of News), and (Size, Number of Messages), with correlation coefficients of 0.81, 0.67, and

0.58, respectively.

To visually inspect the behavior of the firm characteristics over time, we present Fig-

ure 4, which shows the time series of stock price, disagreement, news tone, and number

of messages of two firms, Microsoft Corporation (MSFT) and BA, from October 1, 2019

to August 31, 2022. Panel (a) shows that the price of MSFT started to fall sharply at

around late January 2021, with the volume of investor posted messages surging, overall

disagreement among investors increasing and remaining high, and the news tone drop-

ping greatly twice and rising greatly twice during this period. The price rebounded at

around the end of March. In panel (b), we observe that the number of investor posted

messages also surged during periods of sharp price declines and increases, while the link
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between the price and news tone is unclear. Interestingly, panel (b) shows that overall

disagreement among investors increased (decreased) when the price sharply fell (rose).

This visual inspection of the price and these three firm characteristics provides insight

into the potential role of disagreement, news tone, and the number of messages in driving

jumps. Theoretical models, such as those proposed by Hong and Stein (1999, 2003); Hong,

Kubik, and Stein (2004), may guide further exploration of the interactions among these

firm characteristics and their contribution to jumps.

Insert Figure 4 about here

III. Empirical Results

This section presents the empirical study of jumps and their determinants. We be-

gin by outlining our methodology for jump detection and providing statistics of realized

jumps, as well as the estimated intensities of various types of jumps. We then delve into

the role of disagreement and news in various types of jumps, exploring their relationship

with the estimated jump intensity and the realized jump-size distribution.

To shed further light on the determinants of jumps, we examine the roles of two key

sources of disagreement – information differences and differences in information inter-

pretation – in various types of jumps. Additionally, we investigate the importance of

gradual information diffusion from sophisticated investors to unsophisticated investors

for different types of jumps.

To ensure the robustness of our findings, we provide several robustness analyses.

Overall, our study offers novel insights into the nature and determinants of jumps in fi-

nancial markets and highlights the importance of incorporating information heterogene-

ity in modeling jump dynamics.

A. Jump detection

To implement the generalized method of moments (GMM) proposed by Aït-Sahalia

et al. (2015), it is necessary to first detect jumps. In this study, we use a well-established
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approach developed by Lee and Mykland (2008) and implemented in Jeon et al. (2021)

to detect jumps in stock prices. Specifically, we consider a daily return to be a jump

if its absolute value exceeds a certain threshold defined as the instantaneous volatility

multiplied by a confidence level derived from a normal distribution with mean zero and

standard deviation
1

0.7979
.

To ensure the robustness of our results, we employ two confidence levels, referred to

as LM99 and LM95, which correspond to thresholds of 3.22 and 2.45 times the instanta-

neous volatility, respectively. The instantaneous volatility is estimated using the realized

bipower variation.10 By employing this rigorous approach, we aim to provide accurate

and reliable statistics of realized jumps and the estimated intensities of various types of

jumps.

Table IA.2 presents summary statistics for the number of detected jumps and signed

jumps using LM99 and LM95. The average number of jumps across all firms is 123 in

LM99, which implies an average jump intensity of 11.18 jumps per year (123 divided by

11 years). As expected, the jump intensity increases when a less strict criterion is used to

detect jumps, with the average jump intensity in LM95 being 23.27 jumps per year.

We find that the jump intensity varies inversely with firm size, with small firms having

a higher jump intensity compared to medium and large firms. Specifically, large, medium,

and small firms have an average of 10.72 (22.81), 10.90 (23.00), and 11.90 (24.09) jumps per

year in LM99 (LM95), respectively.

In terms of signed jumps, we observe that negative jumps are more prevalent than

positive jumps overall. Across all firms, there are on average 5.91 (11.91) negative jumps

per year and 5.27 (11.45) positive jumps per year in LM99 (LM95). Furthermore, the

difference between the number of negative jumps and the number of positive jumps is

larger for larger firms. For example, in LM99, large, medium, and small firms have on av-

erage 12, 10, and 3 more negative jumps than positive jumps, respectively. These findings

are crucial to understanding the dynamics of jumps and signed jumps in different firms,

which is an essential component of our subsequent empirical analyses using the GMM

10For further details on the jump detection methodology, refer to Definition 1 and Theorem 1 in Lee and
Mykland (2008).
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method proposed by Aït-Sahalia et al. (2015).

Table IA.3 and IA.4 present summary statistics of realized jump sizes for firms of dif-

ferent sizes, as measured by the mean and variance. Our analysis, using LM99 and LM95,

reveals that the jump-size mean is negative for all, large, and medium firms, but positive

for small firms on average. Additionally, both the jump-size mean and variance decrease

as firm size increases. For instance, in LM99, the mean jump size is -5.95E-03, -4.86E-03,

and 9.79E-04 for large, medium, and small firms, respectively. The corresponding vari-

ance is 3.30E-03, 5.00E-03, and 6.63E-03 for large, medium, and small firms, respectively.

These findings suggest that smaller firms have a jump-size distribution with a more pos-

itive mean and higher variance. Furthermore, using a less stringent criteria to detect

jumps (i.e., LM95) increases the jump-size mean and decreases the jump-size variance.

Our results provide valuable insights into the behavior of jump sizes across firms of dif-

ferent sizes, which can have important implications for risk management and portfolio

allocation strategies.

B. Estimation results

In this section, to provide some insights into the estimation results, we present the

estimation details for three pairs and illustrate some estimation results that share similar

patterns across all firms. We use the proposed GMM in Aït-Sahalia et al. (2015) to esti-

mate parameters in equation (1). Specifically, the firms we consider are AEO (American

Eagle Outfitters Inc), CRK (Comstock Resources Inc), and WSBF (Waterstone Financial

Inc), which are classified as large, medium, and small firms, respectively, based on their

average daily market capitalization during the sample period (June 01, 2010 - August 31,

2021).

Table 3 reports the GMM estimates for the parameters of the bivariate HJD model for

the three pairs (SPY, AEO), (SPY, CRK), and (SPY, WSBF). The estimation results high-

light several key aspects. Firstly, the estimated values for E[λ2,t] suggest that the ex-

pected jump intensities are different across the three firms, with WSBF having the highest

expected jump intensity, followed by CRK and AEO. Additionally, there are significant

estimated values for λ2,∞, indicating the presence of memoryless jumps. The overall per-
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centage of memoryless jumps across all jumps is highest for AEO, suggesting a more

significant exogenous component in AEO than in the other two stocks.

Insert Table 3 about here

Secondly, all the estimated values of β11 and β22 are statistically significant, indicating

the presence of self-excitation in SPY and the three stocks. Furthermore, estimates suggest

a more pronounced self-excitation in CRK and WSBF than in AEO. The contribution of

the self-exciting component to the jump intensity is highest for WSBF, followed by CRK

and AEO.

Thirdly, all estimated values of β21 are statistically significant, indicating the presence

of market-excitation in the three stocks. The contributions of the market-exciting compo-

nent to the jump intensity are highest for AEO, followed by WSBF and CRK. Moreover,

estimates of β21 provide strong statistical evidence for shock transmission from SPY to

the three stocks. However, estimates of β12 are statistically insignificant, suggesting the

absence of significant reverse transmission. This asymmetric shock transmission is not

surprising because it is generally harder for a stock to have an impact on the movement

of the market index (SPY tracks the S&P 500 index), especially if the stock does not have

a large market capitalization.

Lastly, all the estimated values of α1 and α2 are statistically significant, ensuring that

jump intensities decay to their steady-state levels after each increase. Furthermore, all the

p-values of the J-test statistic suggest that the bivariate HJD model fits the data well for

all three pairs.11

C. Estimated jump intensities: An empirical inspection

Figure 5 presents the estimated time series of jump intensity for the BA symbol using

the LM99 method. The first row displays the estimated intensity of all jumps, λBA,t. Each

spike in λBA,t is caused by an earlier jump in BA and/or an earlier jump in the market.

Notably, the most significant spikes tend to occur during periods of high investor dis-

agreement. For example, the earliest and most noticeable spike occurs between August

11For further details, please refer to Technical Appendix A, C, and Aït-Sahalia et al. (2015).
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4, 2011 and August 12, 2011, when the average investor disagreement was approximately

0.90. The most recent and noticeable spike occurs between March 11, 2020 and March

18, 2020, when the average investor disagreement was about 0.97. On August 11, 2011,

λBA,t peaked at around 137 jumps per year, potentially due to the United States Federal

Reserve’s announcement to keep interest rates near zero two days prior. Similarly, on

March 17, 2020, λBA,t peaked at around 105 jumps per year, possibly due to travel restric-

tions during the COVID-19 pandemic.

Insert Figure 5 about here

The second and third rows display the estimated intensity of self-exciting and market-

exciting jumps, λSE
BA,t and λME

BA,t, respectively. Due to the jump intensity decomposition

(i.e., equations (5) and (6)), λSE
BA,t exhibits large spikes, while λME

BA,t has smaller spikes. This

suggests that self-exciting jumps are the primary component of BA jumps. The fourth

row illustrates an apparent excitation mechanism by visualizing different jump intensity

dynamics in a shorter time window. In mid-June, both λSE
BA,t and λME

BA,t increase in re-

sponse to a BA jump and an SPY jump from the previous day, respectively, causing λBA,t

to peak. Subsequently, λME
BA,t gradually decays to 0 and then rises again in early July. In

contrast, the strong self-excitation exhibited by BA causes λBA, t and λSE
BA,t to spike four

more times within two weeks before returning to their steady-state levels, i.e., λEXO
BA and

0, respectively.

The comparison of jump intensity between different firms is challenging due to the

time-varying nature of the jump intensity process. To address this issue, we introduce

a measure called the average estimated jump intensity (AEJI), which is computed as the

mean of the estimated jump intensity across all trading days during the sample period.

Specifically, the AEJI of all jumps for firm i is defined as 1
T ∑T

t=1 λi,t, where T is the number

of trading days in the sample period. For jumps of a specific type, we use superscripts

to denote the average estimated intensity. For example, AEJISE
i refers to the average es-

timated intensity of self-exciting jumps for firm i, which is computed as
1
T ∑T

t=1 λSE
i,t . For

brevity, we use the term "AEJI" to refer to the average estimated jump intensity through-

out the rest of the paper.
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Table 4 presents various statistics of the AEJI for different types of jumps across all

firms and firms in three size groups, using LM99 and LM95. Panel A reports the statistics

for all jumps. For LM99, the AEJI of all jumps ranges from 1.84 to 23.76 jumps per year

across all firms, with around 50% of firms having more than 8.65 jumps per year. The

mean AEJI for all jumps is 8.90 jumps per year for LM99, which more than doubles to

19.34 jumps per year for LM95. Notably, the AEJI of all jumps is inversely related to firm

size, with averages of 8.11, 8.67, and 9.91 jumps per year for large, medium, and small

firms in LM99, respectively.

Insert Table 4 about here

Columns 3-9 in Panel B and C report statistics for the AEJI of signed jumps using

LM99. For all firms, the AEJI of negative jumps is larger than that of positive jumps, with

averages of 5.65 and 5.07 jumps per year, respectively. This suggests that negative jumps

are more frequent than positive jumps in stock returns. The AEJI of negative and positive

jumps also varies inversely with firm size, with averages of 5.10 (4.30), 5.59 (4.91), and 6.25

(6.00) negative (positive) jumps per year for large, medium, and small firms, respectively.

This indicates that smaller firms tend to have more negative and positive jumps, and

therefore more jumps overall, compared to larger firms.

The results presented in Panel A, B, and C are consistent with those in Table IA.2,

indicating that jump intensity tends to decrease with firm size, and negative jumps are

more frequent than positive jumps.

Panel D, E, and F of Table 4 provide statistics on the AEJI of self-exciting jumps, memo-

ryless jumps, and market-exciting jumps when using LM99. Specifically, for all firms, the

AEJI of self-exciting jumps ranges from 0.27 to 14.47 jumps per year, with about 50% of

firms having more than 5.94 self-exciting jumps per year. These findings suggest a promi-

nent self-excitation phenomenon at the firm level, which complements prior research by

Aït-Sahalia et al. (2015) that demonstrates the self-excitation phenomenon at the market

level.

In comparison to self-exciting jumps, memoryless jumps have a wider range of the

AEJI (from 0 to 21.53 jumps per year), while market-exciting jumps have a smaller range
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of the AEJI (from 0.78 to 8.60 jumps per year). The minimum AEJI of market-exciting

jumps and memoryless jumps suggest the presence of market-exciting jumps in stock

returns of all firms, but the absence of memoryless jumps in stock returns of some firms.

These summary statistics also suggest that self-exciting jumps are more frequent than

memoryless jumps and market-exciting jumps in stock returns. For instance, the mean

AEJI of self-exciting jumps is 5.95, which is approximately three times that of memoryless

jumps (1.82) and five times that of market-exciting jumps (1.13).

Examining the estimated jump intensities across the three size groups, we find that the

AEJI of self-exciting jumps and memoryless jumps vary inversely across the size groups.

Specifically, large, medium, and small firms have an average of 5.53 (1.29), 5.70 (1.83) and

6.60 (2.35) self-exciting (memoryless) jumps per year. In contrast, the AEJI of market-

exciting jumps vary proportionally across the size groups. On average, there are 1.28,

1.15, and 0.96 market-exciting jumps per year for large, medium, and small firms. These

results suggest that the stock prices of smaller firms are more vulnerable to exogenous

shocks and their own performances than larger firms, while the stock prices of larger

firms are more exposed to market performance than smaller firms.

Furthermore, Table IA.5 supplements the findings in Panel D, E, and F of Table 4 and

suggests that, in terms of jump intensity: (i) the self-exciting component, exogenous com-

ponent, and market-exciting component contribute the most, the moderate and the least;

(ii) the exogenous component is absent for some firms since its minimum contribution is

zero, and; (iii) the self-exciting (market-exciting) component is more important in smaller

(larger) firms than larger (smaller) firms. These results provide important insights into

the nature of jumps in stock prices and their implications for firms of different sizes.

Figure 6 presents the empirical distributions of the AEJI for different types of jumps

across all firms. Upon visual inspection of panels d-f, several noteworthy observations

can be made. First, the results support the dominance of self-exciting jumps in jumps.

Specifically, the AEJI of self-exciting jumps is most concentrated between 2.5 to 8.5 jumps

per year, while the AEJI of memoryless jumps and market-exciting jumps are most con-

centrated in the range of less than 2.5 jumps per year. This suggests that the self-exciting

phenomenon plays a salient role in explaining jumps in stock prices, consistent with pre-
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vious studies.

Insert Figure 6 about here

Second, the empirical distributions of the three types of jumps exhibit distinct char-

acteristics. For instance, the empirical distributions of memoryless and market-exciting

jumps are skewed to the right, while that of self-exciting jumps is symmetric. This im-

plies that the nature of these jumps and their underlying mechanisms may differ from

one another.

Overall, the findings suggest that self-exciting jumps are a dominant feature in the

empirical distribution of jumps in stock prices, with distinct characteristics from mem-

oryless and market-exciting jumps. These insights may have important implications for

understanding the dynamics of jumps in financial markets.

D. The role of disagreement and news in jumps

In this section, we investigate the influence of disagreement and news on the likeli-

hood of jumps in financial markets. To this end, we estimate the following regression

model

λi,t = c0 + γi + c1NumberO f Messagesi,t + c2Disagreementi,t

+ c3NumberO f Newsi,t + c4|NewsTonei,t|+ ηControlsi,t + ϵi,t (9)

where λi,t denotes the estimated intensity of all jumps for firm i on day t. The vari-

ables NumberOfMessagesi,t and NumberOfNewsi,t capture firm-date-specific investor atten-

tion and media attention, respectively. Disagreementi,t measures the overall disagreement

among investors who specify their investment philosophy as one of Fundamental, Tech-

nical, Momentum, Growth, and Value for firm i on day t. We also include the absolute

value of news tone, denoted by |NewsTonei,t|, and firm fixed effects γi in the regression.

Furthermore, we control for firm size, 12-month momentum, and idiosyncratic volatility

through the vector of variables Controlsi,t.

To examine the role of different types of jumps, we estimate separate regression equa-

23



tions for self-exciting and market-exciting jumps, denoted by λSE
i,t and λME

i,t , respectively.

Additionally, we estimate separate regression equations for negative and positive jumps,

denoted by λ−
i,t and λ+

i,t, respectively. To do so, we replace λi,t in (9) with the correspond-

ing intensity variable and use NewsTonei,t rather than |NewsTonei,t| as an independent

variable.

D.1. All, self- and market-exciting jumps

Table 5 presents the regression results for the estimated intensity of different types

of jumps for all firms using the LM99 and LM95 methods in Panel A and Panel B, re-

spectively. The All column displays the regression result for the estimated intensity of all

jumps.

Insert Table 5 about here

We find that the coefficient for overall disagreement (c2) is significantly and positively

related to the estimated intensity of all jumps, with a value of 0.648 in Panel A and 0.853

in Panel B. This suggests that a one-standard-deviation increase in overall disagreement

is associated with an average increase of 64.8% and 85.3% in the estimated intensity of

all jumps when detecting jumps using LM99 and LM95, respectively. The relationship

between overall disagreement and the estimated intensity of all jumps is not only statis-

tically significant, but also economically strong.

We address the concern that the link between overall disagreement and the estimated

intensity of all jumps may be driven by media attention and investor attention by includ-

ing the number of messages and the number of news in the regression to control for in-

vestor attention and media attention, respectively. We find that the relationship between

overall disagreement and the estimated intensity of all jumps remains highly significant

after including these control variables.12

Furthermore, we find that the absolute value of news tone is also significantly and

positively related to the estimated intensity of all jumps. However, its economic signifi-

cance is weaker than overall disagreement, with a one-standard-deviation increase in the
12To save space, we have not explored various sub-classes of model (9), i.e., considering a smaller number
of covariates.

24



absolute value of news tone increasing the estimated intensity of all jumps by an average

of 18.3% in Panel A and 23.5% in Panel B. This is less than one-third of the comparable

increases in overall disagreement.

We also find a significant and positive relationship between the estimated intensity of

all jumps and the number of messages, indicating that stock jumps are more likely when

investors post more messages to express their bearish or bullish views about the stock.

However, the estimated intensity of all jumps is not statistically significant related to the

number of news. This could be due to the fact that including the number of messages

in the regression reduces the significance of the number of news, since both variables are

proxies for attention of firms.

Our results are consistent with Jeon et al. (2021), who find that the probability of real-

ized jumps is significantly and positively associated with the absolute value of news tone.

Overall, our findings suggest that both overall disagreement and news tone are important

drivers of stock jumps, and that investor attention and media attention also play a role in

this relationship.

In Column SE of Table 5, we present the regression results for the estimated inten-

sity of self-exciting jumps. As self-exciting jumps are the most important component in

stock jumps, the findings for the estimated intensity of self-exciting jumps share several

similarities to those for all jumps.13

Firstly, the estimated intensity of self-exciting jumps is significantly and positively as-

sociated with both overall disagreement and the absolute value of news tone. Secondly,

overall disagreement has a stronger influence on the estimated intensity of self-exciting

jumps than the absolute value of news tone. The coefficient for overall disagreement,

c2, is approximately 3.5 times the coefficient for the absolute value of news tone, c4, in-

dicating that the estimated intensity of self-exciting jumps is more sensitive to overall

disagreement than to news tone. Furthermore, overall disagreement has the largest abso-

lute value of t-statistic, suggesting that it is the most statistically significant characteristic

for the estimated intensity of self-exciting jumps among all covariates. Thirdly, the esti-

mated intensity of self-exciting jumps is significantly and positively related to the number

13(See Section III.C).
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of messages, but not significantly related to the number of news. This suggests that self-

exciting jumps are more likely to be triggered by their own past jumps when there is

a higher level of disagreement among investors or when the news tone is more extreme.

Overall, our findings suggest that stock jumps are more likely to occur and be self-exciting

when there is greater disagreement among investors and when the news tone is more ex-

treme.

Column ME presents the regression results for the estimated intensity of market-

exciting jumps. The findings suggest that overall disagreement and the absolute value

of news tone are significantly and positively associated with the estimated intensity of

market-exciting jumps, although to a lesser extent than with self-exciting jumps. Specifi-

cally, in Panel A, a one-standard-deviation increase in overall disagreement is associated

with a 4.7% average increase in the estimated intensity of market-exciting jumps. By com-

parison, the corresponding increase for self-exciting jumps was much larger, at 60.2%.

The study also finds that the number of messages and news articles are significantly

associated with the estimated intensity of market-exciting jumps, but in opposite direc-

tions. Specifically, a one-standard-deviation increase in the number of messages is asso-

ciated with a 1.6% average increase in the estimated intensity of market-exciting jumps,

while a one-standard-deviation increase in the number of news articles is associated with

a 1.8% average decrease in the estimated intensity of market-exciting jumps. These re-

sults suggest that stock jumps are more likely to be excited by past market jumps when

there are more investor-posted messages, but less likely when there are more news arti-

cles available.

These findings may imply that investor-posted messages and news articles have dif-

ferent impacts on jump risk. Investor-posted messages tend to amplify a firm’s exposure

to systematic jump risk, while news articles tend to reduce that exposure. This is consis-

tent with the model proposed by Bégin, Dorion, and Gauthier (2020), which incorporates

a constant exposure coefficient and the product of the jump component in the market

return process into the stock return process to capture a stock’s exposure to systematic

jump risk. The results suggest that when the exposure coefficient is large, the probabil-

ity of market-excited jumps is higher, which may contribute to the observed relationship
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between the number of investor-posted messages and market-exciting jumps.

D.2. Negative and positive jumps

Regression analysis (9) considers the estimated intensity of negative and positive jumps

as dependent variables, as reported in the Neg and Pos columns of Table 5, respectively.

The results show that both jump intensities are significantly and positively related to the

overall disagreement, but with an asymmetric relationship. Specifically, a one-standard-

deviation increase in overall disagreement leads to an average increase of 48.2% in the

estimated intensity of negative jumps, which is about three times the average increase,

i.e., 17.0%, in the estimated intensity of positive jumps, as shown in Panel A. This asym-

metry is consistent with the model proposed by Hong and Stein (2003), which suggests

that increased differences in investor opinions can result in greater negative skewness

in stock returns in both time series and cross-sections. The finding for negative jumps is

also consistent with recent research by Chang et al. (2022), who demonstrate that reducing

disagreement can lower the incidence of extreme negative returns.

Furthermore, the analysis indicates that news tone is significantly associated with the

estimated intensity of negative and positive jumps, but with opposite effects. As reported

in Panel A, a one-standard-deviation increase in news tone leads to an average decrease

of 11.1% in the estimated intensity of negative jumps, while the estimated intensity of

positive jumps rises by an average of 9.0%. This is because negative jumps are more

likely when the news media becomes more pessimistic, whereas positive jumps are more

likely when the news media becomes more optimistic. This relationship also explains

the positive association between the absolute value of news tone and the likelihood of all

jumps. As noted by Jeon et al. (2021), this relationship also holds true for the probability

of realized jumps, regardless of the sign of the jumps.

D.3. Jump-size distribution

We analyze the distribution of realized jump sizes in financial markets, focusing on the

role of disagreement and news tone. We use a regression framework to investigate the re-
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lation between jump sizes and various covariates. Specifically, we estimate the following

equations

ri,t|Jump =c0 + γi + c1NumberO f Messagesi,t + c2Disagreementi,t + c3NumberO f Newsi,t

+ c4NewsTonei,t + ηControlsi,t + ϵi,t (10)

r2
i,t|Jump =c0 + γi + c1NumberO f Messagesi,t + c2Disagreementi,t + c3NumberO f Newsi,t

+ c4|NewsTonei,t|+ ηControlsi,t + ϵi,t (11)

where ri,t|Jump and r2
i,t|Jump are the return and the squared return for firm i on jump day

t. Equations (10) and (11) imply the following relation for the first two moments of jump

size.

E[ri,t|Jump = 1] = c0 + E[γi] + c1E[NumberO f Messagesi,t] + c2E[Disagreementi,t]

+ c3E[NumberO f Newsi,t] + c4E[NewsTonei,t] + ηE[Controlsi,t]

E[r2
i,t|Jump = 1] = c0 + E[γi] + c1E[NumberO f Messagesi,t] + c2E[Disagreementi,t]

+ c3E[NumberO f Newsi,t] + c4E[|NewsTonei,t|] + ηE[Controlsi,t]

The results are reported in Table IA.6. We find that the jump-size mean is significantly

and positively related to news tone but negatively related to overall disagreement, indi-

cating that returns become more negative on jump days when news tone is more bearish

or overall disagreement is higher. This negative association between overall disagree-

ment and the jump-size mean is consistent with previous research, such as Diether et al.

(2002), who found that stocks with greater analyst disagreement about future earnings

tend to have lower returns on average. Moreover, the jump-size mean is significantly

and positively related to the number of messages but negatively related to the number of

news, suggesting that returns become more positive on jump days when investors post

more messages but more negative on jump days when more news articles are published.

Regarding the jump-size volatility, we find that it is significantly and positively related
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to overall disagreement, the absolute value of news tone, and the number of news, but is

more sensitive to overall disagreement. For all firms in LM99, a one-standard-deviation

increase in overall disagreement, the absolute value of news tone, and the number of

news increases jump-size volatility by an average of 0.19

Taken together, our results suggest that both disagreement and news tone play a sig-

nificant role in the distribution of realized jump sizes. Specifically, our findings high-

light the importance of considering both the sentiment conveyed in news articles and the

degree of disagreement among market participants when analyzing the occurrence and

characteristics of market jumps.

E. Disagreement sources and jumps

In this section, we provide a detailed analysis of the relationship between stock jumps

and two sources of disagreement among investors, namely information differences and

differences in information interpretation (Hong and Stein, 2007). We first decompose the

overall disagreement into two components: disagreement within-group (DWG), which

arises from differences in information, and disagreement cross-group (DCG), which arises

from differences in interpretation (Cookson and Niessner, 2020). These measures are

given by

DWGi,t =
∑g∈A ni,t,gDisagreementi,t,g

∑g∈A ni,t,g
(12)

DCGi,t =

√√√√∑g∈A ni,t,g(AvgSentimenti,t,g − AvgSentimenti,t)
2

NA−1
NA

∑g∈A ni,t,g
(13)

where A denotes a set of investment philosophies including Fundamental, Technical,

Momentum, Value, and Growth. NA is the number of investment philosophies in A,

and ni,t,g is the number of investors for firm i with investment philosophy g on day t.

AvgSentimenti,t represents the firm-date-specific average sentiment among investors who

specify their investment philosophy as any one in A.

To further examine the role of DWG and DCG in the likelihood of stock jumps, we

conduct a regression analysis. Specifically, we estimate the intensity of all jumps for firm
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i on day t, denoted by λi,t, using the following regression equation

λi,t = c0 + γi + c1NumberO f Messagesi,t + c2,wDWGi,t + c2,cDCGi,t

+ c3NumberO f Newsi,t + c4|NewsTonei,t|+ ηControlsi,t + ϵi,t (14)

where NumberO f Messagesi,t represents the number of posted messages for firm i on day

t by investors who specify their investment philosophy as one of Fundamental, Technical,

Momentum, Growth, and Value. DWGi,t and DCGi,t denote disagreement within-group

and disagreement cross-group among those investors for firm i on day t, constructed us-

ing equations (12) and (13), respectively. The coefficients c1 to c4 capture the effects of

other variables, including the number of news articles and the sentiment of those articles,

as well as other controls represented by Controlsi,t, i.e., firm size, momentum, and volatil-

ity. We standardize all independent variables to compare their explanatory power. We

extend our analysis to consider the estimated intensity of self-exciting (market-exciting)

jumps and negative (positive) jumps, by replacing λi,t with λSE
i,t and λ−

i,t (λME
i,t and λ+

i,t), re-

spectively. In the case of negative (positive) jumps, we use NewsTonei,t as an independent

variable instead of |NewsTonei,t|. This allows us to investigate how disagreement sources

impact the likelihood of specific types of jumps.

In particular, the estimated intensity of self-exciting (market-exciting) jumps is ob-

tained by replacing λi,t with λSE
i,t (λME

i,t ). We use the same regression equation as in equa-

tion (14), but replace the dependent variable with λSE
i,t (λME

i,t ), which represents the esti-

mated intensity of self-exciting (market-exciting) jumps.

Similarly, we investigate the estimated intensity of negative (positive) jumps by re-

placing λi,t with λ−
i,t (λ+

i,t). We also use the same regression equation as in Equation (14),

but replace the dependent variable with λ−
i,t (λ+

i,t) to represent the estimated intensity of

negative (positive) jumps. In addition, we use NewsTonei,t as an independent variable

instead of |NewsTonei,t| to further explore the impact of disagreement sources on the like-

lihood of negative (positive) jumps.

Table 6 reports the estimated intensity of various types of jumps for all firms, obtained

through regression (14). In Panel A and Panel B, we provide the results for LM99 and
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LM95, respectively.

Insert Table 6 about here

Our results reveal that disagreement among investors is positively related to the in-

tensity of all types of stock market jumps. Specifically, our findings suggest that both dis-

agreement within-group (i.e., differences in information) and disagreement cross-group

(i.e., differences in the interpretation of information) are significant determinants of stock

market jumps. However, the impact of disagreement within-group is notably stronger

than that of disagreement cross-group. For instance, a one-standard-deviation increase in

within-group disagreement is associated with a significant average increase of 52.0% in

the estimated intensity of all jumps, which is about two times greater than the comparable

increase of 25.1% in cross-group disagreement.

Moreover, we find that information differences are economically more important than

interpretation differences in the occurrence of stock market jumps. This result is consis-

tent with prior research, which finds that both sources of disagreement have a signifi-

cantly positive effect on trading volume, and that the within-group effect is several times

greater than the cross-group effect (Cookson and Niessner, 2020).

Additionally, our analysis reveals that the relationship between interpretation differ-

ences and stock market jumps varies across different types of jumps. Specifically, we find

that interpretation differences are negatively related to the intensity of market-exciting

jumps, while positively related to other types of jumps. This suggests that market-exciting

jumps are less likely to occur when investors disagree more due to differences in the in-

terpretation of information, while other types of jumps are more likely to occur.

In addition to examining the likelihood of jumps, we also investigate the relationship

between the distribution of realized jump sizes and disagreement within-group and dis-

agreement cross-group. To this end, we estimate regression equations for the jump-size

mean and jump-size volatility by replacing the jump intensity measure λi,t and absolute

NewsTone measure |NewsTone|i,t in Equation (14) with ri,t|Jump and NewsTonei,t, respec-

tively.

Table IA.7 presents the results for all firms as well as for firms divided into three size
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groups. Consistent with our findings regarding overall disagreement, we find that both

disagreement within-group and disagreement cross-group are significantly positively re-

lated to jump-size mean and negatively related to jump-size volatility.

Our results suggest that, regardless of firm size, the link between disagreement within-

group and the distribution of jump sizes is much stronger than the link between disagree-

ment cross-group and the distribution of jump sizes. Thus, we conclude that differences

in information are more crucial in explaining the occurrence of stock jumps, both in terms

of their intensity and size, than differences in the interpretation of information.

F. Information diffusion and jumps

In this section, we present additional empirical analysis to investigate the relationship

between gradual information diffusion and stock price jumps, building on the findings

from Section III.E that disagreement within investor groups is a crucial determinant of

stock jumps. Specifically, we distinguish between sophisticated (S) and unsophisticated

(U) investors based on their self-reported experience levels as professional (S), novice

(U), or intermediate (U). We measure overall disagreement among S-type and U-type

investors, as well as disagreement between S-type and U-type investors with the same

investment philosophy, using the following equations

Disagreement (S)i,t =
∑g∈A mi,t,gDisagreement (S)i,t,g

∑g∈A mi,t,g

Disagreement (U)i,t =
∑g∈A mi,t,gDisagreement (U)i,t,g

∑g∈A mi,t,g

|Disagreement (S-U)|i,t =
∑g∈A mi,t,g|AvgSentiment (S)i,t,g − AvgSentiment (U)i,t,g|

∑g∈A mi,t,g

where A={Fundamental, Technical, Momentum, Value, Growth}, is a set of investment

philosophies. Disagreement(S)i,t,g and AvgSentiment(S)i,t,g are the disagreement and the

average sentiment among S-type investors for firm i of investment philosophy g on day

t, respectively. Disagreement(U)i,t,g and AvgSentiment(U)i,t,g are the disagreement and

the average sentiment among U-type investors for firm i of investment philosophy g on
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day t, respectively. |Disagreemen(S−U)| is the weighted average of the absolute value of

the difference between S-type investors’ average sentiment and U-type investors’ average

sentiment for each investment philosophy in A. mi,t,g is the number of messages for firm

i of investment philosophy g on day t. We then run the following regression

λi,t = c0 + γi + c1,sNumberO f Messages(S)i,t + c1,uNumberO f Messages(U)i,t

+ c2,sDisagreement(S)i,t + c2,uDisagreement(U)i,t + c2,s−u|Disagreement(S − U)|i,t

+ c3NumberO f Newsi,t + c4|NewsTonei,t|+ ηControlsi,t + ϵi,t (15)

where λi,t is the estimated intensity of all jumps for firm i on day t. NumberO f Messages(S)i,t

and NumberO f Messages(U)i,t are the number of posted messages by S-type and U-type

investors, respectively. The regression includes firm fixed effects (γi), controls for the

number of news articles about the firm (NumberOfNewsi,t) and the sentiment of those

news articles (|NewsTonei,t|), and additional controls for firm-specific characteristics such

as market capitalization (size), 12-month momentum, and idiosyncratic volatility (Controlsi,t).

Table 7 presents the results of regression (15) for all firms. Panel A, Column "All"

shows that an increase in |Disagreement(S −U)|i,t of one standard deviation is associated

with an average increase of 12.3% in the estimated intensity of all jumps. This finding sug-

gests that disagreement between sophisticated and unsophisticated investors who share

the same investment philosophy is significantly and positively associated with the esti-

mated intensity of all jumps.

Insert Table 7 about here

The gradual information diffusion hypothesis posits that sophisticated investors have

an informational advantage, which enables them to acquire information earlier than un-

sophisticated investors, and trade on this advantage (Hong and Stein, 1999, 2007). This

leads to information differences, even though investors have the same investment phi-

losophy, resulting in disagreement between sophisticated and unsophisticated investors.

Therefore, the significant and positive relationship between the estimated intensity of all
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jumps and |Disagreement(S − U)|i,t implies that the gradual information diffusion hy-

pothesis plays an essential role in triggering stock jumps.

Our findings are in line with previous research by Hong and Stein (2007), which sug-

gests that gradual diffusion of information can cause prices to gradually respond to that

information. Moreover, our results complement the findings of Cookson and Niessner

(2020), who have highlighted the crucial role of gradual information diffusion in trading

volume.

In Panel A, the coefficient on |Disagreement(S − U)|i,t in column SE is significantly

positive, indicating that disagreement between sophisticated and unsophisticated investors

with the same investment philosophy is positively related to the estimated intensity of

self-exciting jumps. This finding suggests that gradual information diffusion may be

partly responsible for the existence of the self-excitation phenomenon in stock jumps.

Furthermore, the coefficients in columns Neg and Pos reveal that an increase in |Disagreement(S−

U)|i,t is associated with, on average, a 24.0% increase in the estimated intensity of nega-

tive jumps and a 21.1% decrease in the estimated intensity of positive jumps. These results

suggest that disagreement between sophisticated and unsophisticated investors with the

same investment philosophy plays opposite roles in triggering stock jumps with different

signs. Specifically, as disagreement increases, we expect more negative jumps but fewer

positive jumps in the future. This finding provides insight into the complex interplay

between market participants and sheds light on the mechanisms underlying stock price

movements.

We extended our analysis by regressing the distribution of the realized jump sizes on

disagreement between sophisticated and unsophisticated investors with the same invest-

ment philosophy. To obtain the regression equation for jump-size mean and volatility, we

replaced λi,t in equation (15) with ri,t|Jump and r2
i,t|Jump, respectively. When conduct-

ing the regression on jump-size volatility, we also replaced |NewsTone|i, t in equation (15)

with NewsTonei, t.

Our findings are reported in Table IA.8, which shows a significant relationship be-

tween |Disagreement(S−U)|i, t and the first two jump-size moments. Specifically, |Disagreement(S−

U)|i, t is negatively related to jump-size mean and positively related to jump-size volatil-
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ity. This indicates that when there is higher disagreement between sophisticated and

unsophisticated investors with the same investment philosophy, jumps tend to be more

negative and more extreme on average.

In conclusion, since gradual information diffusion can lead to disagreement between

sophisticated and unsophisticated investors even when they share the same investment

philosophy, our results imply that i) gradual information diffusion plays an important

role in the self-excitation phenomenon in stock jumps and triggering negative stock jumps,

and ii) gradual information diffusion has an adverse effect on jump size. Therefore, in

markets where information diffuses slowly, jumps tend to be more frequent, negative, and

extreme than in markets where information is fully transparent. These results contribute

to the understanding of the role of gradual information diffusion in stock price dynamics

and have important implications for market participants and policymakers. For example,

our findings suggest that policymakers should focus on improving the transparency of

information in financial markets to reduce the frequency and severity of negative stock

price jumps.

G. Robustness analysis

G.1. Disagreement from all tweets

In this section, we investigate the impact of including all available messages, irrespec-

tive of users’ specified investment philosophy, on our analysis of the association between

investor disagreement and stock price jumps. We conduct our analysis on a vast dataset

comprising 494,827 users and 34,373,324 messages, obtained via successive filtering ac-

tions. We construct novel variables for the number of messages and overall disagree-

ment and employ regression analysis on these variables to estimate jump intensities us-

ing equation (9). The results of our analysis are presented in the Appendix, specifically in

Table IA.10.

Overall, our findings are consistent with our previous analysis (see Table 5). We ob-

serve that the number of messages and overall disagreement are significantly and posi-

tively associated with different estimated jump intensities. In particular, the relationship
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between overall disagreement and the estimated jump intensity is even stronger for all

jumps and self-exciting jumps when using all available messages obtained through fil-

tering. Specifically, we find that the coefficient of overall disagreement increases by ap-

proximately 0.05 in column All and SE in Panel A when compared to the results in Table

5. These findings provide further evidence for the importance of investor disagreement

in explaining stock price jumps and contribute to the growing literature on asset pricing

and risk management.

G.2. Disagreement and firm size

This section aims to investigate the influence of investor disagreement on estimated

jump intensities across firms of different sizes. Table IA.9 reports the results of the re-

gression analysis that examines the impact of overall disagreement on estimated jump

intensities for firms of different sizes. The firms are divided into three size groups with

an equal number of firms based on the average daily market capitalization during the

sample period. Specifically, there are 893 firms in each size group.

As shown in Panel A of Table IA.9, we find a significant and positive relationship

between overall disagreement and the estimated intensity of all jumps for all three size

groups, consistent with the results in column All of Table 5. Moreover, the results suggest

that overall disagreement is more influential for the estimated intensity of all jumps in

larger firms than in smaller ones. Specifically, in LM99 (LM95), a one-standard-deviation

increase in overall disagreement leads to an average increase in the estimated intensity

of all jumps of 72.0% (94.2%) for large firms and 52.6% (70.3%) for small firms. This in-

dicates that the sensitivity of the estimated intensity of all jumps to overall disagreement

increases with firm size.

The findings have important implications. During a crisis, when investor disagree-

ment tends to be higher than usual, the stock prices of larger firms are more likely to

experience significant jumps than those of smaller firms. Additionally, we find that the

estimated intensity of all jumps is much more sensitive to the absolute value of news tone

in small firms than in large ones. Specifically, in LM99, a one-standard-deviation increase

in the absolute value of news tone leads to an average increase in the estimated intensity
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of all jumps of 25.7% in small firms, which is over six times the corresponding increase of

3.8% in large firms.

In Panel B and C, we observe a significant and positive relationship between overall

disagreement and the estimated intensity of self-exciting and market-exciting jumps for

all three size groups. We also find that the relationship between overall disagreement and

the estimated intensity of self-exciting jumps is strongest for large firms. These results

indicate that when disagreement among investors is higher, stock jumps are expected to

exhibit a stronger self-excitation and a stronger market-excitation, and the self-excitation

phenomenon is most noticeable for firms with large market capitalization.

In Panel D and E, we find that as firm size increases, overall disagreement has a greater

impact on the estimated intensity of negative jumps but less on the estimated intensity

of positive jumps. This suggests that negative jumps are more likely than positive jumps

when there is a higher disagreement among investors, especially for firms with larger

market capitalization. For instance, in column Large in LM99, the increase (57.6%) in the

estimated intensity of negative jumps is approximately four times the increase (14.4%) in

the estimated intensity of positive jumps for each unit increase in overall disagreement.

The gap narrows to about 2.2 (=36.7%/16.5%) times for medium firms and to about 1.7

(=33.8%/19.9%) times for small firms.

Moreover, we find that the estimated intensity of negative jumps is more sensitive

to news tone for larger firms. As news tone decreases by one standard deviation, the

estimated intensity of negative jumps increases by an average of 12.5%, 9.9%, and 8.1%

for large, medium and small firms, respectively. This suggests that larger firms are more

likely to experience negative jumps than smaller firms when the news media becomes

more pessimistic.

IV. Conclusion

In this study, we analyzed a large dataset of over 173 million tweets from StockTwits

to investigate the relationship between investor disagreement and stock price jumps, and

explore the underlying mechanisms involved. Our study aimed to answer three research
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questions: (i) does investor disagreement lead to stock price jumps?; (ii) if so, what is the

role of different sources of disagreement in causing stock price jumps?; and (iii) what is

the impact of information flow diffusion through disagreement on stock price jumps?

We found that higher levels of disagreement among investors are associated with a

greater likelihood of jumps in daily stock returns, and this relationship was stronger than

the impact of the number of posted messages on jump intensity. Negative jumps are

more likely to occur than positive jumps when investor disagreement is higher, and this

asymmetry is more pronounced for firms with larger market capitalizations. News tone

is positively related to the estimated intensity process for all jumps, but its significance

is weaker than investor disagreement. We also found that both within-group and cross-

group disagreement are positively related to the estimated intensity of all jumps in daily

stock returns, but within-group disagreement has a greater impact. Finally, disagreement

between sophisticated and unsophisticated investors with the same investment philoso-

phy plays a significant role in triggering stock jumps, particularly negative jumps, and in

determining the size of these jumps.

In terms of future research, one potential direction could be to explore the impact

of news sentiment on stock price jumps, particularly in the context of social media and

other online forums where news spreads rapidly and investor sentiment can be quickly

influenced. Another direction could be to investigate the role of specific types of investors

in driving stock price jumps, such as institutional investors or retail investors, and how

their differing investment strategies and philosophies may contribute to disagreement

and subsequent stock price movements.

Overall, our study provides insight into the complex relationship between investor

disagreement, news sentiment, and stock price movements, and opens up new avenues

for further research in this area. These findings have significant implications for risk man-

agement, informational efficiency, derivative pricing, and the explanation of anomalies in

financial markets.
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Table 1: Frequencies of User Profile Characteristics

This table presents frequency distributions of users and messages by user profile char-
acteristics, i.e., investment philosophy, holding period, and experience for 2,679 stocks
during the sample period (June 01, 2010 - August 31, 2021).

Panel A: Experience
# Users Users (%) # Messages Messages (%)

Intermediate 53,297 10.77 6,051,254 17.60
Novice 33,812 6.83 1,589,282 4.62
Professional 24,204 4.89 7,487,803 21.78
Missing 383,514 77.50 19,244,985 55.99
Total 494,827 100.00 34,373,324 100.00

Panel B: Investment Philosophy
# Users Users (%) # Messages Messages (%)

Technical 37,770 7.63 6,500,765 18.91
Growth 22,438 4.53 1,547,805 4.50
Momentum 21,234 4.29 2,066,586 6.01
Fundamental 14,054 2.84 2,419,987 7.04
Value 11,437 2.31 1,899,162 5.53
Global Macro 3,113 0.63 246,424 0.72
Missing 384,781 77.76 19,692,595 57.29
Total 494,827 100.00 34,373,324 100.00

Panel C: Holding Period
# Users Users (%) # Messages Messages (%)

Swing Trader 44,392 8.97 5,822,757 16.94
Long Term Investor 23,925 4.84 3,359,901 9.77
Day Trader 22,909 4.63 2,836,031 8.25
Position Trader 20,581 4.16 2,885,558 8.39
Missing 383,020 77.40 19,469,077 56.64
Total 494,827 100.00 34,373,324 100.00
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Table 2: Summary Statistics of Firm Characteristics

This table presents summary statistics of the average of daily observations of firm characteristics for 2,679 stocks during the
sample period (June 01, 2010 - August 31, 2021). Panel A and B show summary statistics before and after filling missing
characteristics values, respectively. Number of Messages and Disagreement are the number of investor-posted messages and
the overall disagreement among investors at the firm-day level in StockTwits. They are calculated from all tweets available
after taking successive filtering actions described in IA.1. The construction of Disagreement is described in II.A Number
of News and News Tone are the number of news articles and the overall news tone at the firm-day level from RavenPack.
News Tone is the variable event_sentiment_score in RavenPack. Size, 12-month Momentum, and Idiosyncratic Volatility are
the market capitalization, the past 12-months return and the idiosyncratic volatility from CRSP/Compustat, respectively.
Size and 12-month Momentum are at the firm-day level, while Idiosyncratic Volatility is at the firm-month level. Size is
the variable me retrieved from CRSP. Idiosyncratic Volatility is computed as the variance of residual from Fama and French
(1993) three-factor model based on daily return in the past 3 months. The missing values of characteristics are filled as the
following. We assign firms to three size groups with the same number of firms in each group, sorted by the average of
their daily market capitalization during the sample period. On each day, a firms missing characteristic is replaced by the
cross-sectional median within the size group to which the firm belongs.

Panel A: Before filling missing values
mean std min 25% 50% 75% max

Number of Messages 5 28 0 0 1 3 1,070
Disagreement 0.25 0.13 0.00 0.18 0.24 0.30 0.85
Number of News 8 23 0 1 4 7 766
News Tone 0.11 0.07 −0.46 0.07 0.10 0.14 0.54
Size 7.98E+06 3.14E+07 3.27E+03 2.74E+05 1.02E+06 4.37E+06 8.04E+08
12-month Momentum 0.01 0.00 −0.02 0.00 0.01 0.01 0.03
Idiosyncratic Volatility 4.37E-04 6.67E-04 3.22E-07 1.03E-04 2.19E-04 5.08E-04 8.88E-03

Panel B: After filling missing values
mean std min 25% 50% 75% max

Number of Messages 5 28 0 0 1 3 1,070
Disagreement 0.14 0.14 0.00 0.04 0.11 0.20 0.85
Number of News 8 23 0 1 4 7 766
News Tone 0.10 0.04 −0.01 0.08 0.09 0.11 0.32
Size 7.98E+06 3.14E+07 3.27E+03 2.74E+05 1.02E+06 4.37E+06 8.04E+08
12-month Momentum 0.01 0.00 −0.02 0.00 0.01 0.01 0.03
Idiosyncratic Volatility 4.33E-04 6.58E-04 3.22E-07 1.05E-04 2.19E-04 5.03E-04 8.88E-03
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Table 3: This table reports the GMM estimates for the parameters of the bivariate Hawkes
jump-diffusion (HJD) model for three stocks in pairs with the SPY. Panel A and B report
summary statistics when detecting a daily return as a jump if the absolute value of that
return is larger than 3.22 (in LM99) and 2.45 (in LM95) times the instantaneous volatil-
ity, respectively. AEO (American Eagle Outfitters Inc) is a large firm, CRK (Comstock
Resources Inc) is a medium firm, and WSBF (Waterstone Financial Inc) is a small firm,
according to their average of daily market capitalization during the sample period (June
01, 2010 - August 31, 2021). *, **, and *** indicate statistical significance at the 10%, 5%,
and 1% level, respectively. Standard errors are reported in parentheses. The pval of the
J-test is also reported.

Panel A: LM99 Panel B: LM95

1 SPY SPY SPY 1 SPY SPY SPY
2 AEO CRK WSBF 2 AEO CRK WSBF

µ1 0.233*** 0.272*** 0.236*** µ1 0.242*** 0.297*** 0.258***
(0.044) (0.041) (0.045) (0.052) (0.051) (0.044)

µ2 0.217** −0.610*** −0.036 µ2 0.278*** −0.801*** −0.091
(0.087) (0.209) (0.089) (0.089) (0.232) (0.098)

θ1 0.016*** 0.014*** 0.016*** θ1 0.015*** 0.012*** 0.015***
(0.002) (0.002) (0.003) (0.003) (0.003) (0.003)

θ2 0.135*** 0.470*** 0.075*** θ2 0.126*** 0.298*** 0.063***
(0.006) (0.035) (0.007) (0.006) (0.071) (0.007)

ρ 0.545*** 0.481*** 0.471*** ρ 0.600*** 0.673*** 0.545***
(0.075) (0.049) (0.069) (0.106) (0.159) (0.081)

α1 235.36*** 98.51*** 108.96*** α1 209.93** 121.27*** 98.92**
(88.91) (28.02) (42.10) (81.52) (43.14) (45.09)

α2 58.82** 40.16** 48.23*** α2 70.06** 46.06*** 43.57***
(29.18) (16.48) (10.18) (27.63) (11.84) (11.55)

β11 205.22** 86.28*** 91.19** β11 183.26** 105.71*** 83.84**
(81.80) (25.28) (36.81) (74.42) (40.25) (40.57)

β12 8.50 0.00 0.00 β12 3.23 0.00 0.00
(26.33) (2.18) (1.61) (10.68) (1.35) (1.41)

β21 2.88* 0.48* 2.50** β21 5.97** 1.43* 2.32*
(1.74) (0.29) (1.22) (2.68) (0.87) (1.30)

β22 41.13** 33.95** 42.88*** β22 52.10** 40.60*** 38.70***
(19.61) (13.83) (8.89) (20.88) (10.20) (10.10)

λ1,∞ 1.64* 2.98*** 2.59** λ1,∞ 2.24* 3.88*** 3.33**
(0.95) (0.72) (1.15) (1.27) (1.36) (1.47)

λ2,∞ 1.07* 1.20** 1.25* λ2,∞ 1.63* 2.24* 2.01*
(0.63) (0.58) (0.76) (0.88) (1.28) (1.17)

E[λ1,t] 14.47** 24.04*** 15.87** E[λ1, t] 19.18** 30.24*** 21.87***
(6.16) (5.21) (8.05) (9.19) (9.89) (7.48)

E[λ2,t] 5.93*** 9.59*** 18.65*** E[λ2, t] 12.74*** 26.85*** 28.36***
(1.00) (2.88) (4.10) (2.16) (8.54) (6.24)

pval 0.94 0.50 0.70 pval 0.70 0.30 0.85
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Table 4: Summary Statistics of Average Estimated Jump Intensity (AEJI)

This table shows the summary statistics of the average of estimated daily jump intensity for all firms and for firms in
three size groups with the same number of firms in each group, sorted by the average of their daily market capitalization
during the sample period (June 01, 2010 - August 31, 2021). The calculation of AEJI for different jumps is described in III.C.
Panel A, B, C, D, E, and F report summary statistics of the AEJI of all, negative, positive, self-exciting, memoryless, and
market-exciting jumps, respectively. Column 2 is the number of firms in each size group. Column 3-9 and column 10-16
report summary statistics when detecting a daily return as a jump if the absolute value of that return is larger than 3.22 (in
LM99) and 2.45 (in LM95) times the instantaneous volatility, respectively. Row All, Large, Medium, and Small are summary
statistics for all, large, medium and small firms, respectively.

Panel A: All jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 8.90 2.56 1.84 7.20 8.65 10.24 23.76 19.34 4.37 1.41 16.25 19.24 22.00 39.35
Large 893 8.11 1.79 3.17 6.98 8.10 9.29 13.76 18.17 3.51 6.18 15.65 18.24 20.61 28.47
Medium 893 8.67 2.35 3.29 7.05 8.53 9.92 23.76 19.14 4.09 3.73 16.20 19.25 21.78 37.28
Small 893 9.91 3.05 1.84 7.80 9.60 11.72 22.98 20.72 5.00 1.41 17.37 20.64 23.92 39.35

Panel B: Negative jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 5.65 2.05 1.27 4.44 5.26 6.29 22.80 11.86 3.52 0.88 9.69 11.36 13.10 35.26
Large 893 5.10 1.25 1.90 4.24 4.98 5.73 12.31 10.99 2.43 3.55 9.37 10.77 12.37 24.17
Medium 893 5.59 2.04 2.10 4.35 5.22 6.09 22.80 11.83 3.42 2.82 9.66 11.36 12.98 31.75
Small 893 6.25 2.50 1.27 4.77 5.76 6.90 22.11 12.77 4.24 0.88 10.27 11.95 14.10 35.26

Panel C: Positive jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 5.07 2.28 0.98 3.63 4.52 5.85 22.49 11.53 3.75 0.78 9.17 10.77 12.96 35.35
Large 893 4.30 1.25 1.44 3.53 4.11 4.86 12.05 10.43 2.48 2.89 8.88 10.13 11.56 24.15
Medium 893 4.91 2.16 1.14 3.60 4.47 5.43 22.49 11.40 3.57 2.73 9.24 10.71 12.66 31.37
Small 893 6.00 2.81 0.98 4.01 5.63 7.24 21.81 12.75 4.55 0.78 9.65 12.08 14.68 35.35
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Table 4 Continue.

Panel D: Self-exciting jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 5.95 2.40 0.27 4.06 5.94 7.73 14.47 12.16 4.68 0.32 8.41 12.09 16.01 24.68
Large 893 5.53 2.09 0.40 3.83 5.50 7.20 12.26 11.37 4.44 0.69 7.71 10.91 15.19 23.63
Medium 893 5.70 2.21 0.57 3.86 5.76 7.48 12.00 11.85 4.49 0.75 8.10 11.72 15.79 22.41
Small 893 6.60 2.70 0.27 4.54 6.65 8.52 14.47 13.28 4.90 0.32 9.51 13.40 17.07 24.68

Panel E: Memoryless jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 1.82 2.27 0.00 0.48 1.08 2.23 21.53 4.05 4.22 0.00 1.24 2.67 5.34 32.48
Large 893 1.29 1.32 0.00 0.41 0.86 1.70 10.78 3.24 3.06 0.00 1.09 2.35 4.22 20.54
Medium 893 1.83 2.33 0.00 0.44 1.02 2.19 21.53 4.10 4.30 0.01 1.18 2.57 5.32 28.42
Small 893 2.35 2.78 0.00 0.62 1.38 3.00 20.94 4.80 4.93 0.03 1.50 3.10 6.24 32.48

Panel F: Market-exciting jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 1.13 0.78 0.13 0.59 0.98 1.46 8.60 3.13 2.00 0.26 1.64 2.81 4.13 13.71
Large 893 1.28 0.73 0.15 0.76 1.17 1.62 7.15 3.56 1.89 0.39 2.15 3.32 4.72 12.01
Medium 893 1.15 0.78 0.16 0.65 1.01 1.45 8.60 3.19 1.88 0.26 1.86 2.91 4.18 13.51
Small 893 0.96 0.81 0.13 0.42 0.76 1.24 8.14 2.64 2.11 0.27 1.13 2.23 3.44 13.71
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Table 5: Disagreement, News and estimated jump intensity for all firms

This table reports results of panel regressions of daily disagreement and news variables on the estimated intensity of various
jumps for all firms during the sample period (June 01, 2010 - August 31, 2021). Column All, SE, ME, Neg, and Pos report the
regressions results on the estimated intensity of all, self-exciting, market-exciting, negative, and positive jumps, respectively.
Panel A and B reports the results when detecting a daily return as a jump if the absolute value of that return is larger than 3.22
and 2.45 times the instantaneous volatility, respectively. NumberO f Messages is the number of messages posted by investors
who specify their investment philosophy as one of Fundamental, Technical, Momentum, Growth, and Value. Disagreement is
the overall disagreement among those investors, constructed using equation (8). Other independent variables are described
in II.B. All independent variables are standardized to mean 0 and standard deviation 1. All regressions include the firm
fixed effect and a constant term that is not reported for saving space. *, **, and *** indicate statistical significance at the 10%,
5%, and 1% level, respectively. Standard errors are clustered by firm and are reported in parentheses.

Panel A: LM99 Panel B: LM95

All SE ME Neg Pos All SE ME Neg Pos

Number of Messages 0.305** 0.289** 0.016*** 0.167** 0.139** 0.400** 0.369** 0.030** 0.235** 0.165**
(0.128) (0.123) (0.006) (0.068) (0.062) (0.160) (0.148) (0.012) (0.100) (0.064)

Disagreement 0.648*** 0.602*** 0.047*** 0.482*** 0.170*** 0.853*** 0.812*** 0.041*** 0.658*** 0.198***
(0.015) (0.015) (0.002) (0.011) (0.007) (0.018) (0.018) (0.003) (0.014) (0.009)

Number of News −0.006 0.012 −0.018*** 0.027** −0.034*** −0.013 0.039** −0.052*** 0.017 −0.031**
(0.014) (0.013) (0.003) (0.012) (0.010) (0.019) (0.017) (0.007) (0.015) (0.013)

News Tone −0.111*** 0.090*** −0.208*** 0.163***
(0.005) (0.004) (0.007) (0.006)

|News Tone| 0.183*** 0.176*** 0.006*** 0.235*** 0.229*** 0.006***
(0.007) (0.007) (0.001) (0.010) (0.009) (0.002)

Size −0.016 −0.009 −0.007 0.045* −0.060* −0.097 −0.013 −0.084** −0.028 −0.067*
(0.043) (0.041) (0.004) (0.026) (0.034) (0.086) (0.060) (0.038) (0.049) (0.039)

12-month Momentum −0.945*** −0.666*** −0.279*** −2.476*** 1.535*** −1.764*** −1.132*** −0.632*** −4.223*** 2.464***
(0.044) (0.037) (0.009) (0.057) (0.028) (0.071) (0.054) (0.020) (0.098) (0.043)

Idiosyncratic Volatility 0.181*** 0.168*** 0.013*** 0.241*** −0.060*** 0.147*** 0.099*** 0.049*** 0.348*** −0.200***
(0.043) (0.043) (0.004) (0.048) (0.018) (0.020) (0.015) (0.008) (0.057) (0.043)

N 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286
R2(%) 0.75 0.54 0.89 6.45 3.18 0.98 0.61 1.32 8.70 3.50
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Table 6: Disagreement sources, News and estimated jump intensity for all firms

This table reports results of panel regressions of daily disagreement sources and news variables on the estimated intensity
of various jumps for all firms during the sample period (June 01, 2010 - August 31, 2021). Column All, SE, ME, Neg, and Pos
report the regressions results on the estimated intensity of all, self-exciting, market-exciting, negative, and positive jumps,
respectively. Panel A and B reports the results when detecting a daily return as a jump if the absolute value of that return
is larger than 3.22 and 2.45 times the instantaneous volatility, respectively. NumberO f Messages is the number of messages
posted by investors who specify their investment philosophy as one of Fundamental, Technical, Momentum, Growth, and
Value. Disagreement Within-Group and Disagreement Cross-Group are disagreement within-group and cross-group among
those investors, constructed using equations (12) and (13), respectively. Other independent variables are described in II.B.
All independent variables are standardized to mean 0 and standard deviation 1. All regressions include the firm fixed effect
and a constant term that is not reported for saving space. *, **, and *** indicate statistical significance at the 10%, 5%, and
1% level, respectively. Standard errors are clustered by firm and are reported in parentheses.

Panel A: LM99 Panel B: LM95

All SE ME Neg Pos All SE ME Neg Pos

Number of Messages 0.293** 0.279** 0.015*** 0.159** 0.135** 0.384** 0.356** 0.028** 0.226** 0.160***
(0.123) (0.118) (0.005) (0.065) (0.061) (0.154) (0.143) (0.012) (0.097) (0.062)

Disagreement Within-Group 0.520*** 0.471*** 0.049*** 0.386*** 0.135*** 0.682*** 0.628*** 0.054*** 0.515*** 0.169***
(0.016) (0.015) (0.002) (0.011) (0.007) (0.019) (0.019) (0.003) (0.014) (0.009)

Disagreement Cross-Group 0.251*** 0.254*** −0.003** 0.160*** 0.093*** 0.318*** 0.343*** −0.025*** 0.213*** 0.108***
(0.008) (0.007) (0.001) (0.005) (0.005) (0.010) (0.009) (0.003) (0.007) (0.006)

Number of News −0.010 0.008 −0.018*** 0.026** −0.037*** −0.017 0.035** −0.051*** 0.018 −0.035***
(0.014) (0.013) (0.003) (0.012) (0.010) (0.018) (0.017) (0.007) (0.015) (0.014)

News Tone −0.110*** 0.090*** −0.207*** 0.163***
(0.005) (0.004) (0.007) (0.006)

|News Tone| 0.184*** 0.177*** 0.007*** 0.236*** 0.230*** 0.007***
(0.007) (0.007) (0.001) (0.010) (0.009) (0.002)

Size −0.015 −0.008 −0.007 0.046* −0.060* −0.096 −0.011 −0.084** −0.026 −0.068*
(0.042) (0.040) (0.004) (0.026) (0.034) (0.084) (0.058) (0.037) (0.048) (0.039)

12-month Momentum −0.946*** −0.668*** −0.279*** −2.477*** 1.535*** −1.766*** −1.134*** −0.632*** −4.224*** 2.463***
(0.044) (0.037) (0.009) (0.057) (0.028) (0.071) (0.054) (0.020) (0.098) (0.043)

Idiosyncratic Volatility 0.182*** 0.169*** 0.013*** 0.243*** −0.060*** 0.149*** 0.099*** 0.050*** 0.351*** −0.201***
(0.043) (0.043) (0.004) (0.048) (0.018) (0.020) (0.015) (0.008) (0.058) (0.043)

N 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286
R2(%) 0.74 0.53 0.89 6.43 3.19 0.97 0.60 1.33 8.68 3.50
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Table 7: Disagreement and sophistication, News and estimated jump intensity for all firms

This table reports results of panel regressions of daily sophistication-related disagreement and news variables on the esti-
mated jump intensity of various jumps for all firms during the sample period (June 01, 2010 - August 31, 2021). Column All,
SE, ME, Neg, and Pos report the regressions results on the estimated intensity of all, self-exciting, market-exciting, negative,
and positive jumps, respectively. Panel A and B reports the results when detecting a daily return as a jump if the abso-
lute value of that return is larger than 3.22 and 2.45 times the instantaneous volatility, respectively. NumberOfMessages(S),
NumberOfMessages(U), Disagreement(S), Disagreement(U), and |Disagreement(S-U)| are described in III.F. Other independent
variables are described in II.B. All independent variables are standardized to mean 0 and standard deviation 1. All regres-
sions include the firm fixed effect and a constant term that is not reported for saving space. *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% level, respectively. Standard errors are clustered by firm and reported in parentheses.

Panel A: LM99 Panel B: LM95

All SE ME Neg Pos All SE ME Neg Pos

Number of Messages (S) 0.132 0.150 −0.018*** 0.078 0.057 0.163 0.240* −0.077*** 0.063 0.104
(0.104) (0.104) (0.005) (0.051) (0.058) (0.132) (0.135) (0.018) (0.077) (0.064)

Number of Messages (U) 0.117* 0.096* 0.022*** 0.048 0.067** 0.166** 0.082 0.083*** 0.118* 0.045
(0.062) (0.058) (0.006) (0.042) (0.030) (0.080) (0.065) (0.022) (0.070) (0.034)

Disagreement (S) 0.226*** 0.234*** −0.008*** 0.148*** 0.079*** 0.285*** 0.318*** −0.033*** 0.185*** 0.101***
(0.018) (0.018) (0.001) (0.010) (0.009) (0.022) (0.022) (0.004) (0.014) (0.011)

Disagreement (U) 0.618*** 0.527*** 0.091*** 0.461*** 0.158*** 0.801*** 0.678*** 0.123*** 0.606*** 0.197***
(0.020) (0.018) (0.003) (0.015) (0.008) (0.025) (0.022) (0.005) (0.019) (0.010)

|Disagreement (S-U)| 0.123*** 0.125*** −0.001* 0.240*** −0.121*** 0.322*** 0.207*** 0.115*** 0.616*** −0.299***
(0.007) (0.007) (0.001) (0.006) (0.005) (0.011) (0.010) (0.003) (0.011) (0.008)

Number of News −0.012 0.005 −0.016*** 0.025** −0.038*** −0.017 0.026 −0.043*** 0.024** −0.042**
(0.014) (0.013) (0.002) (0.010) (0.012) (0.020) (0.018) (0.005) (0.012) (0.017)

News Tone −0.100*** 0.087*** −0.184*** 0.155***
(0.005) (0.004) (0.007) (0.006)

|News Tone| 0.190*** 0.183*** 0.007*** 0.248*** 0.239*** 0.009***
(0.007) (0.007) (0.001) (0.010) (0.010) (0.002)

Size −0.009 −0.005 −0.003 0.057* −0.065* −0.081 −0.009 −0.072** −0.001 −0.080*
(0.044) (0.043) (0.003) (0.030) (0.036) (0.080) (0.063) (0.033) (0.042) (0.045)

12-month Momentum −0.935*** −0.657*** −0.278*** −2.460*** 1.528*** −1.742*** −1.118*** −0.624*** −4.183*** 2.446***
(0.044) (0.037) (0.009) (0.057) (0.028) (0.071) (0.054) (0.019) (0.097) (0.042)

Idiosyncratic Volatility 0.180*** 0.168*** 0.012*** 0.240*** −0.059*** 0.146*** 0.099*** 0.047*** 0.347*** −0.200***
(0.042) (0.043) (0.004) (0.048) (0.018) (0.019) (0.015) (0.007) (0.057) (0.042)

N 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286
R2(%) 0.79 0.56 0.95 6.54 3.20 1.03 0.62 1.42 8.91 3.55
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Figure 1: A stylised fact of asset returns: jump clustering in time and across assets. This figure depicts the stylised fact of
asset returns, jump clustering in time and across assets, by plotting the daily returns of SPY (SPDR S&P 500 ETF Trust), BA
(Boeing), and FYX (First Trust Small Cap Core AlphaDEX Fund) during the sample period (June 01, 2010 - August 31, 2021).
The black ellipse marks a period when jumps tend to cluster in time. The green rectangles mark periods when jumps tend
to cluster across assets. The blue part shows returns in pre-COVID period (June 01, 2010 - December 31, 2019), and the red
part shows returns in COVID period (January 01, 2020-August 31, 2021).
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Figure 2: A conceptual framework of jump propagation over time and across assets.
This figure illustrates a conceptual framework of jumps propagating over time and jumps
propagating from SPY (SPDR S&P 500 ETF Trust) to BA (Boeing). The vertical line with
a circle or rectangle on top marks the occurrence of a jump in SPY or in BA, respectively.
The ellipse represents an exogenous shock, which can be an important announcement or
a big event. The magenta vertical line refers to a memoryless jump, the black vertical line
refers to a self-exciting jump, and the green vertical line refers to a market-exciting jump.
The magenta dash line connects the exogenous shock with the memoryless jump that the
shock triggers. The black dash line connects a jump in BA (SPY) to an earlier jump in BA
(SPY) that excites that jump (jumps propagate over time). The green dash line connects a
jump in BA to an earlier jump in SPY that excites the jump in BA (jumps propagate from
SPY to BA).
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Number of
Messages

Disagreement

Number of News

News Tone

Size

12-month
Momentum

Idiosyncratic
Volatility

1.00 0.37 0.67 0.18 0.58 0.12 0.08

0.37 1.00 0.50 0.46 0.52 0.21 0.06

0.67 0.50 1.00 0.30 0.81 0.07 -0.06

0.18 0.46 0.30 1.00 0.38 0.12 -0.13

0.58 0.52 0.81 0.38 1.00 0.07 -0.10

0.12 0.21 0.07 0.12 0.07 1.00 0.21

0.08 0.06 -0.06 -0.13 -0.10 0.21 1.00

Figure 3: Correlation between firm characteristics. This figure shows the correlation between the average of daily ob-
servations of firm characteristics for 2,679 stocks during the sample period (June 01, 2010 - August 31, 2021). Number of
Messages and Disagreement are the number of investor-posted messages and overall disagreement among investors at the
firm-day level in StockTwits. The construction of disagreement is described in II.A Number of News and News Tone are
the number of news articles and the overall news tone at the firm-day level from RavenPack. News Tone is the variable
event_sentiment_score in RavenPack. Size, 12-month Momentum, and Idiosyncratic Volatility are the market capitalization, the
past 12-months return and the idiosyncratic volatility from CRSP/Compustat, respectively. Size and 12-month Momentum
are at the firm-day level, while Idiosyncratic Volatility is at the firm-month level. Size is the variable me retrieved from
CRSP. Idiosyncratic Volatility is computed as the variance of residual from Fama and French (1993) three-factor model based
on daily return in the past 3 months. The missing values of characteristics are filled as the following. We assign firms to
three size groups with the same number of firms in each group, sorted by the average of their daily market capitalization
during the sample period. On each day, a firms missing characteristic is replaced by the cross-sectional median within the
size group to which the firm belongs.
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Figure 4: Stock price, disagreement, news tone, and the number of messages. This fig-
ure shows the daily stock price, disagreement, news tone, and the number of messages
of MSFT (Microsoft) in (a) and BA (Boeing) in (b). The period is from October 01, 2019
to August 31, 2021. The red solid line is stock price. The blue dashed line is disagree-
ment. The magenta dotted line is news tone. The green bar is the number of messages.
The number of messages and disagreement are the number of investor-posted messages
and the overall disagreement among investors at the firm-day level in StockTwits. The
construction of disagreement is described in II.A.
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Figure 5: Estimated time series of jump intensity. This figure plots the estimated daily jump intensity for BA during the
sample period (June 01, 2010-August 31, 2021), when detecting a daily return as a jump if the absolute value of that return
is larger than 3.22 (in LM99) times the instantaneous volatility. The procedures for estimating daily intensity of different
jumps is described in III.C. The first, second and third rows show the estimated intensity of all (All), self-exciting (SE), and
market-exciting (ME) jumps during the sample period, respectively. The forth row shows the estimated intensity of All,
SE, ME and memoyless (EXO) jumps in a shorter period (June 01, 2021-August 31, 2021). The blue and red parts refer to
the pre-COVID period (June 01, 2010 - December 31, 2019) and the COVID period (January 01, 2020 - August 31, 2021),
respectively.
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Figure 6: Histograms of the average estimated jump intensity. This figure shows the histograms of the average estimated
jump intensity (AEJI) for 2,679 stocks during the sample period (June 01, 2010 - August 31, 2021), when detecting a daily
return as a jump if the absolute value of that return is larger than 3.22 (in LM99) times the instantaneous volatility. The
procedure for estimating daily intensity of different jumps is described in III.C and The AEJI of all jumps is the average of
the estimated daily intensity of all jumps during the sample period. The AEJI of a given type of jumps is the average of the
estimated daily intensity of that type of jumps during the sample period. (a), (b) and (c) are the histograms of the AEJI of
all, negative, and positive jumps, respectively. (d), (e) and (f) are the histograms of the AEJI of self-exciting, memoryless,
and market-exciting jumps, respectively.
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Appendix A. GMM estimation

There are two main choices for conducting the estimation procedure of the Hawkes-

jump-diffusion (HJD) processes depends on whether it has a diffusion component or

not: the generalized method of moments (GMM) and Maximum Likelihood Estimation

(MLE).14 One can use the MLE approach for a pure-jump Hawkes process,15 however,

as the jump-diffusion Hawkes model does not have an explicit expression for its distri-

bution function, the implementation of the MLE is not feasible. Instead of distribution

function, the idea behind GMM estimation is to make the sample moments and model

moments as close as possible, or equivalently find a parameter set that minimize the er-

ror between these moments. Aït-Sahalia et al. (2015) showed that it is possible to have an

explicit expression for some important moment functions of the jump-diffusion Hawkes

processes.16 The closed-form moment functions will greatly simplify the GMM estima-

tion, especially when our estimation involves a large number of parameters.

Given a time interval [0, T], let ∆Xn be the stock returns between the time interval

[(n − 1)∆, n∆]. Then, we have a series of stock returns {∆Xn}n>0 with n = 1, 2, ..N,

∆ > 0 and N = T
∆ . Denote the vector of parameters by ϑ = [ϑ1, ..., ϑp]′, 0⃗ = [0, ...., 0]′ be

a m × 1 vector of zeros. Also, h(∆Xn, ϑ) = [h1(∆Xn, ϑ), ..., hm(∆Xn, ϑ)]′, is a m × 1 vector

of moment conditions with m ≥ p and is differentiable with respect to ϑ. Each hi(∆Xn, ϑ)

represents the difference between the ith sample moment and the model moment of the

stock returns. Denote the sample average of the moment conditions h(∆xn, ϑ) by

g(∆x, ϑ) =
1
N

N

∑
n=1

h(∆xn, ϑ)

14MLE requires the assumptions of the data generating process (DGP). In contrast, GMM requires prior
knowledge about the moment functions but no assumptions of DGP, allowing a more flexible estimation,
see Hansen (1982).
15Although, the MLE is theoretically feasible for the pure-jump Hawkes process, however, a large param-
eter space and low curvatures for the objective function are two main obstacles in the implementation of
it, see Zhou, Zha, and Song (2013) and Xu, Morse, and González (2020). Bacry, Bompaire, Deegan, Gaïffas,
and Poulsen (2017) develop an excellent Python library for the estimation of the pure-jump Hawkes process
via parametric/non-parametric approaches.
16See Section 3 in Aït-Sahalia et al. (2015).
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Then, the GMM estimation of ϑ is given by

ϑ̂ = argminϑ∈Θg(∆x, ϑ)′Wg(∆x, ϑ)

where W is a m × m weighting matrix. Hansen and Singleton (1982) shows the opti-

mal weighting matrix is Wopt = S−1, where S is the asymptotic covariance matrix of the

sample average g(∆x, ϑ∗) where ϑ∗ represents the true parameter vector

S =
∞

∑
j=−∞

E[h(∆xn, ϑ∗)h(∆xn−j, ϑ∗)
′]

A positive semi-definite (PSD) estimator of S is given in Newey and West (1986)

Ŝ = Γ0 +
m

∑
j=1

wj(Γj + Γ′
j)

with wj = 1 − j
m+1 and

Γj =
1
N

N

∑
n=j+1

h(∆xn, ϑ̂)h(∆xn−j, ϑ̂)′

where ϑ̂ is the consistent estimate of ϑ∗.

Hansen, (Hansen, 1982, Theorem 3.1), shows that under the standard regularity con-

ditions the following asymptotic normality holds

√
N(ϑ̂ − ϑ∗) ∼ N(0, Σ(ϑ̂))

where

Σ(ϑ̂) = (D′WD(D′WSWD)−1D′WD)−1

is the asymptotic variance of ϑ̂ with

D :=
∂E[h(∆Xn, ϑ)]

∂ϑ′

∣∣∣
ϑ=ϑ∗

=
∂g(∆Xn, ϑ)

∂ϑ′

∣∣∣
ϑ=ϑ∗

.
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Hansen, (Hansen, 1982, Theorem 3.2) also shows that with the optimal weighting matrix,

i.e. W = Wopt, the asymptotic variance becomes

Σ(ϑ̂) = (D′(S)−1D)−1. (A1)

Appendix B. Hypothesis Testing

We assess the overall fitness of the model using the misspecification test, also known

as the J-test. When the number of moment conditions is larger the number parameters –

m > p, the J-test is used to testing the over-identifying restrictions. In this case, the null

hypothesis is

H J
0 : the model is correctly specified

where its asymptotic distribution is a chi-square with m − p degree of freedom – the J-

statistic satisfies

J ∼ χ2(m − p)

where

J := Ng(∆Xn, ϑ̂)′Ŝ−1g(∆Xn, ϑ̂).

A mis-specified model or a model with invalid moment conditions will generate a large

J-statistic.

Appendix C. The GMM implementation: some details

We adopt iterative GMM estimation procedure from ACL, which consists of two basic

steps and an iterative step:

• First step: we extract the continuous part from the daily stock returns by filtering a
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return if the absolute value of that return is smaller than 3.22 (for LM99) and 2.45

(for LM95) times its instantaneous volatility, which is estimated from the realized

bipower variation. 17 We then fit the truncated data into the moment conditions

that are derived from the continuous part of the model to estimate continuous-part

parameters, i.e. {µi, µj, θi, θj, ρ} in bivariate case.

• Second step: we fix the estimated continuous-part parameters and estimate the

jump parameters, i.e. {αi, αj, βi,i, βi,j, β j,i, β j,j, λi,∞, λj,∞} in bivariate case, on the orig-

inal stock returns using the full moment conditions. We then obtain the initial esti-

mates of all parameters.

• Iterative step: using the obtained initial estimates in the second step, we estimate

the whole set of parameters on the original stock returns using the full moment

conditions. We repeat this procedure until the GMM estimates do not change sig-

nificantly from one iteration to the next iteration.

How do we tackle the optimization. We utilize the existing function minimize in the

package scipy.optimize. We use the Sequential Least Squares Programming or SLSQP

in bivariate case. SLSQP allows us to impose bounds and constraints on parameters. In

implementation, the bounds of µi and µj are (−∞,+∞). The bounds of θi and θj are

[0,+∞). The bound of ρ is [0, 1). The bounds of αi, αj, βi,i, βi,j, β j,i, β j,j, λi,∞, and λj,∞

are [0,+∞). Especially, we impose constraint, (αi − βi,i)(αj − β j,j)>βi,jβ j,i, to maintain the

positive mean of jump intensity, i.e. E[λi,t] and E[λj,t].

Numerical derivatives. The derivatives of moment conditions are required to compute

the Ω in (A1). We approximated the derivatives using forward finite difference method

with the optimal step size h =
√

ϵ|x|, where x is a vector of values at which function

derivative is evaluated.

17The truncation filters out the jumps from stock returns. Therefore, the truncated data can be approximated
as the continuous part.
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Table IA.1: Filtering Restrictions and the Size of the Analysis Sample

This table presents the number of messages, users, stocks and days during the sample period (June 01, 2010 - August
31, 2021) in StockTwits, when taking successive filtering actions. Step 1 is to keep user-posted messages that mention
only 1 symbol per message in StockTwits. Step 2 is to merge the universe of StockTwits symbols left from Step 1 with
the universe of CRSP symbols. Step 3 is to keep stocks with non-missing daily returns during the sample period.

Step Messages Users Stocks Days Trading Days Filtering Actions

1 173,898,340 1,104,849 19,469 4,124 2,834 keep messages with 1 symbol per message
2 154,860,211 995,046 11,267 4,112 2,834 merge with CRSP symbols
3 34,373,324 494,827 2,679 4,112 2,834 keep stocks with non-missing daily returns
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Table IA.2: Summary Statistics of Number of Realized Jumps

This table shows summary statistics of the number of realized jump size, for all firms and for firms in three size groups
with the same number of firms in each group, sorted by the average of their daily market capitalization during the
sample period (June 01, 2010 - August 31, 2021). Panel A and B report summary statistics when detecting a daily return
as a jump if the absolute value of that return is larger than 3.22 (in LM99) and 2.45 (in LM95) times the instantaneous
volatility, respectively. Row All, Large, Medium, and Small are summary statistics for all, large, medium and small
firms, respectively.

Panel A: All jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 123 17 64 111 122 134 205 256 18 196 244 255 267 338
Large 893 118 12 70 110 118 126 166 251 14 196 242 251 260 297
Medium 893 120 14 69 110 120 130 177 253 15 199 243 253 263 304
Small 893 131 21 64 117 132 147 205 265 21 199 251 265 280 338

Panel B: Negative jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 65 9 36 60 66 71 114 131 11 97 123 130 138 170
Large 893 65 8 37 59 65 69 88 130 10 100 123 129 136 161
Medium 893 65 9 36 59 65 71 101 130 11 97 122 129 137 166
Small 893 67 9 36 61 67 73 114 132 11 104 124 132 140 170

Panel C: Positive jumps
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 58 15 20 47 56 67 107 126 16 79 115 125 137 182
Large 893 53 10 27 47 54 60 83 121 12 88 113 122 130 158
Medium 893 55 12 20 47 55 64 99 123 14 79 115 124 132 165
Small 893 64 18 25 50 67 79 107 133 19 82 119 136 147 182
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Table IA.3: Summary Statistics of Mean of Realized Jump Size

This table shows summary statistics of the mean of realized jump size, for all firms and for firms in three size groups
with the same number of firms in each group, sorted by the average of their daily market capitalization during the
sample period (June 01, 2010 - August 31, 2021). Panel A and B report summary statistics when detecting a daily return
as a jump if the absolute value of that return is larger than 3.22 (in LM99) and 2.45 (in LM95) times the instantaneous
volatility, respectively. Row All, Large, Medium, and Small are summary statistics for all, large, medium and small
firms, respectively.

Panel A: LM99

count mean std min 25% 50% 75% max

All 2,679 −3.27E-03 9.77E-03 −7.23E-02 −9.20E-03 −4.40E-03 1.16E-03 6.02E-02

Large 893 −5.95E-03 5.19E-03 −2.44E-02 −9.34E-03 −5.98E-03 −2.67E-03 1.09E-02

Medium 893 −4.86E-03 8.06E-03 −5.33E-02 −1.00E-02 −5.04E-03 −3.06E-04 3.05E-02

Small 893 9.79E-04 1.29E-02 −7.23E-02 −7.73E-03 −1.37E-04 7.31E-03 6.02E-02

Panel B: LM95

count mean std min 25% 50% 75% max

All 2,679 −1.12E-03 5.28E-03 −3.52E-02 −4.38E-03 −1.78E-03 1.23E-03 3.20E-02

Large 893 −2.60E-03 2.84E-03 −1.29E-02 −4.59E-03 −2.66E-03 −5.84E-04 5.86E-03

Medium 893 −1.90E-03 4.16E-03 −2.81E-02 −4.63E-03 −2.04E-03 5.76E-04 1.75E-02

Small 893 1.15E-03 7.09E-03 −3.52E-02 −3.57E-03 3.25E-04 5.14E-03 3.20E-02
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Table IA.4: Summary Statistics of Variance of Realized Jump Size

This table shows summary statistics of the variance of realized jump size, for all firms and for firms in three size groups
with the same number of firms in each group, sorted by the average of their daily market capitalization during the
sample period (June 01, 2010 - August 31, 2021). Panel A and B report summary statistics when detecting a daily return
as a jump if the absolute value of that return is larger than 3.22 (in LM99) and 2.45 (in LM95) times the instantaneous
volatility, respectively. Row All, Large, Medium, and Small are summary statistics for all, large, medium and small
firms, respectively.

Panel A: LM99

count mean std min 25% 50% 75% max

All 2,679 4.98E-03 5.77E-03 2.48E-06 1.57E-03 3.06E-03 6.23E-03 5.87E-02

Large 893 3.30E-03 3.19E-03 1.95E-04 1.61E-03 2.47E-03 3.97E-03 5.09E-02

Medium 893 5.00E-03 4.74E-03 2.48E-06 1.84E-03 3.57E-03 6.65E-03 3.37E-02

Small 893 6.63E-03 7.86E-03 2.68E-05 1.25E-03 3.94E-03 8.84E-03 5.87E-02

Panel B: LM95

count mean std min 25% 50% 75% max

All 2,679 3.41E-03 3.78E-03 2.00E-06 1.13E-03 2.17E-03 4.24E-03 3.92E-02

Large 893 2.26E-03 1.89E-03 1.33E-04 1.16E-03 1.72E-03 2.71E-03 2.56E-02

Medium 893 3.36E-03 2.99E-03 2.00E-06 1.36E-03 2.45E-03 4.57E-03 1.92E-02

Small 893 4.60E-03 5.26E-03 1.74E-05 9.30E-04 2.87E-03 6.10E-03 3.92E-02
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Table IA.5: Summary Statistics of Jump Intensity Component Contributions

This table reports summary statistics of the percentage contribution of three components to the jump intensity, for
all firms and for firms in three size groups with the same number of firms in each group, sorted by the average of
their daily market capitalization during the sample period (June 01, 2010 - August 31, 2021). The calculation of the
percentage contribution of each component to the jump intensity is described in ??. Panel A, B, and C report summary
statistics for the self-exciting, exogenous, and market-exciting component, respectively. Column 2 is the number of
firms in each size group. Column 3-9 and column 10-16 report summary statistics when detecting a daily return as
a jump if the absolute value of that return is larger than 3.22 (in LM99) and 2.45 (in LM95) times the instantaneous
volatility, respectively. Row All, Large, Medium, and Small are summary statistics for all, large, medium and small
firms, respectively.

Panel A: Self-exciting component
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 59.45 20.08 2.00 43.48 62.60 77.28 95.50 58.78 19.74 1.40 43.30 61.50 76.40 95.60
Large 893 58.30 20.32 4.00 41.70 60.40 77.00 92.90 56.79 20.54 2.50 39.20 58.20 75.50 94.60
Medium 893 59.03 19.96 6.80 42.35 62.90 76.95 93.00 58.25 19.73 3.70 42.40 60.65 76.90 90.40
Small 893 61.03 19.88 2.00 46.90 64.30 77.80 95.50 61.30 18.65 1.40 48.25 63.20 77.10 95.60

Panel B: Exogenous component
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 19.76 15.64 0.00 7.40 15.23 28.21 89.59 23.27 16.39 0.07 10.03 19.52 33.09 81.94
Large 893 17.00 13.50 0.00 6.37 12.95 24.01 71.92 21.94 15.89 0.13 8.97 17.82 31.62 80.50
Medium 893 20.41 16.58 0.02 7.34 14.97 29.93 78.54 24.04 17.43 0.07 10.42 19.36 33.95 81.94
Small 893 21.88 16.27 0.01 8.81 18.11 31.36 89.59 23.84 15.73 1.12 10.99 20.57 33.98 77.95

Panel C: Market-exciting component
LM99 LM95

count mean std min 25% 50% 75% max mean std min 25% 50% 75% max

All 2,679 18.62 11.05 0.50 10.82 16.34 23.98 78.97 15.54 9.62 0.92 8.90 13.66 19.77 80.55
Large 893 21.91 11.47 2.52 13.97 19.35 27.17 76.97 18.12 9.85 2.11 11.32 15.96 22.57 66.29
Medium 893 18.64 10.28 2.08 11.96 16.56 23.29 78.97 15.49 8.67 1.44 9.77 13.79 19.17 57.66
Small 893 15.30 10.35 0.50 7.85 13.01 20.31 67.50 13.01 9.61 0.92 6.28 10.89 17.20 80.55
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Table IA.6: Disagreement, News and daily jump-size distribution

This table reports results of regressions of daily disagreement and news variables on the jump-size distribution, for all
firms and for firms in three size groups, sorted by the average of their daily market capitalization during the sample
period (June 01, 2010 - August 31, 2021). Panel A and B report the result for jump size mean and jump size volatility,
respectively. Column All, Large, Medium and Small report the results for all 2,679 firms, 893 large firms, 893 medium
firms, and 893 small firms, respectively. Column 2-5 and column 6-9 report the results when detecting a daily return
as a jump if the absolute value of that return is larger than 3.22 and 2.45 times the instantaneous volatility, respectively.
All independent variables are standardized to mean 0 and standard deviation 1. All regressions include a constant
term that is not reported for saving space. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% level,
respectively. Standard errors are clustered by firm and are reported in parentheses.

Panel A: Mean LM99 LM95

All Large Medium Small All Large Medium Small

Number of Messages 1.30E-03*** 2.00E-04 3.00E-04 3.70E-03*** 1.30E-03*** 3.00E-04 5.00E-04 3.30E-03***
(5.00E-04) (2.00E-04) (5.00E-04) (8.00E-04) (5.00E-04) (2.00E-04) (5.00E-04) (1.00E-03)

Disagreement −1.50E-03*** −3.00E-03*** −1.50E-03*** 7.00E-04** −1.10E-03*** −2.60E-03*** −1.30E-03*** 8.00E-04***
(2.00E-04) (2.00E-04) (2.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (3.00E-04)

Number of News −6.00E-04*** 0.00E+00 −6.00E-04*** −1.20E-03*** −6.00E-04*** −2.00E-04 −5.00E-04*** −8.00E-04***
(2.00E-04) (1.00E-04) (2.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (2.00E-04)

News Tone 1.54E-02*** 1.51E-02*** 1.71E-02*** 1.24E-02*** 1.02E-02*** 9.70E-03*** 1.15E-02*** 8.60E-03***
(3.00E-04) (4.00E-04) (5.00E-04) (6.00E-04) (2.00E-04) (3.00E-04) (3.00E-04) (4.00E-04)

Size −2.00E-04 −7.00E-04*** 2.00E-04 3.00E-03*** 1.00E-04 0.00E+00 5.00E-04** 2.10E-03***
(3.00E-04) (3.00E-04) (4.00E-04) (7.00E-04) (2.00E-04) (1.00E-04) (2.00E-04) (5.00E-04)

12-month Momentum 3.90E-03*** 7.30E-03*** 7.70E-03*** −1.70E-03* 1.10E-03*** 3.20E-03*** 3.20E-03*** −2.70E-03***
(5.00E-04) (7.00E-04) (7.00E-04) (9.00E-04) (3.00E-04) (4.00E-04) (3.00E-04) (6.00E-04)

Idiosyncratic Volatility 6.90E-03*** 1.80E-03 1.30E-03 1.05E-02*** 4.50E-03*** 1.50E-03** 1.60E-03*** 6.50E-03***
(9.00E-04) (1.20E-03) (1.20E-03) (1.90E-03) (1.00E-03) (6.00E-04) (6.00E-04) (1.80E-03)

N 329,983 105,322 107,437 117,224 687,051 224,038 226,178 236,835
R2(%) 6.52 8.66 7.89 6.84 3.95 4.99 4.87 4.44
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Table IA.6 Continue.

Panel B: Volatility LM99 LM95

All Large Medium Small All Large Medium Small

Number of Messages 1.20E-03*** 4.00E-04* 7.00E-04 2.70E-03*** 1.10E-03** 3.00E-04* 7.00E-04* 2.50E-03***
(4.00E-04) (2.00E-04) (4.00E-04) (7.00E-04) (4.00E-04) (2.00E-04) (4.00E-04) (8.00E-04)

Disagreement 1.70E-03*** 8.00E-04*** 1.00E-03*** 1.50E-03*** 1.30E-03*** 7.00E-04*** 8.00E-04*** 1.30E-03***
(1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04)

Number of News 0.00E+00 4.00E-04*** 9.00E-04*** 8.00E-04*** 0.00E+00 3.00E-04*** 8.00E-04*** 7.00E-04***
(1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (4.70E-05) (1.00E-04) (1.00E-04)

|News Tone| 8.00E-04*** 1.00E-04** 5.00E-04*** 1.40E-03*** 6.00E-04*** 0.00E+00** 4.00E-04*** 1.00E-03***
(1.00E-04) (2.70E-05) (1.00E-04) (1.00E-04) (3.30E-05) (1.40E-05) (3.00E-05) (1.00E-04)

Size −1.00E-04 −2.00E-04 −7.00E-04*** −2.00E-03*** −1.00E-04 −1.00E-04 −5.00E-04*** −1.50E-03***
(3.00E-04) (2.00E-04) (1.00E-04) (6.00E-04) (2.00E-04) (1.00E-04) (1.00E-04) (4.00E-04)

12-month Momentum −1.70E-03*** −2.00E-03*** −2.70E-03*** −1.60E-03*** −1.10E-03*** −1.40E-03*** −1.80E-03*** −9.00E-04***
(2.00E-04) (2.00E-04) (2.00E-04) (4.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04)

Idiosyncratic Volatility 9.60E-03*** 5.30E-03*** 8.50E-03*** 1.22E-02*** 6.00E-03*** 3.80E-03*** 5.60E-03*** 7.40E-03***
(1.20E-03) (1.00E-03) (4.00E-04) (1.70E-03) (1.30E-03) (6.00E-04) (4.00E-04) (1.80E-03)

N 329,983 105,322 107,437 117,224 687,051 224,038 226,178 236,835
R2(%) 27.75 31.77 31.44 34.65 19.39 25.71 25.05 25.98
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Table IA.7: Disagreement sources, News and daily jump-size distribution

This table reports results of regressions of daily disagreement and news variables on the jump-size distribution, for all
firms and for firms in three size groups, sorted by the average of their daily market capitalization during the sample
period (June 01, 2010 - August 31, 2021). Panel A and B report the result for jump size mean and jump size volatility,
respectively. Column All, Large, Medium and Small report the results for all 2,679 firms, 893 large firms, 893 medium
firms, and 893 small firms, respectively. Column 2-5 and column 6-9 report the results when detecting a daily return
as a jump if the absolute value of that return is larger than 3.22 and 2.45 times the instantaneous volatility, respectively.
All independent variables are standardized to mean 0 and standard deviation 1. All regressions include a constant
term that is not reported for saving space. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% level,
respectively. Standard errors are clustered by firm and are reported in parentheses.

Panel A: Mean Panel A: LM99 LM95

All Large Medium Small All Large Medium Small

Number of Messages 1.30E-03*** 2.00E-04 3.00E-04 3.60E-03*** 1.30E-03*** 3.00E-04 5.00E-04 3.30E-03***
(5.00E-04) (2.00E-04) (5.00E-04) (9.00E-04) (5.00E-04) (2.00E-04) (5.00E-04) (1.00E-03)

Disagreement Within-Group −8.00E-04*** −2.00E-03*** −8.00E-04*** 5.00E-04 −6.00E-04*** −1.70E-03*** −7.00E-04*** 7.00E-04**
(2.00E-04) (2.00E-04) (2.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (3.00E-04)

Disagreement Cross-Group −4.00E-04*** −7.00E-04*** −5.00E-04** 3.00E-04 −3.00E-04*** −7.00E-04*** −4.00E-04** 3.00E-04
(1.00E-04) (2.00E-04) (2.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (2.00E-04)

Number of News −7.00E-04*** −1.00E-04 −6.00E-04*** −1.20E-03*** −7.00E-04*** −2.00E-04 −6.00E-04*** −8.00E-04***
(2.00E-04) (1.00E-04) (2.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (2.00E-04)

News Tone 1.54E-02*** 1.51E-02*** 1.70E-02*** 1.24E-02*** 1.02E-02*** 9.70E-03*** 1.15E-02*** 8.60E-03***
(3.00E-04) (4.00E-04) (5.00E-04) (6.00E-04) (2.00E-04) (3.00E-04) (3.00E-04) (4.00E-04)

Size −2.00E-04 −7.00E-04*** 2.00E-04 3.00E-03*** 0.00E+00 −1.00E-04 4.00E-04** 2.10E-03***
(3.00E-04) (3.00E-04) (4.00E-04) (7.00E-04) (2.00E-04) (1.00E-04) (2.00E-04) (5.00E-04)

12-month Momentum 4.00E-03*** 7.40E-03*** 7.70E-03*** −1.70E-03* 1.20E-03*** 3.30E-03*** 3.20E-03*** −2.70E-03***
(5.00E-04) (7.00E-04) (7.00E-04) (9.00E-04) (3.00E-04) (4.00E-04) (3.00E-04) (6.00E-04)

Idiosyncratic Volatility 6.90E-03*** 1.80E-03 1.30E-03 1.05E-02*** 4.50E-03*** 1.50E-03** 1.60E-03*** 6.50E-03***
(9.00E-04) (1.20E-03) (1.20E-03) (1.90E-03) (1.00E-03) (7.00E-04) (6.00E-04) (1.80E-03)

N 329,983 105,322 107,437 117,224 687,051 224,038 226,178 236,835
R2(%) 6.49 8.54 7.85 6.84 3.93 4.88 4.84 4.43
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Table IA.7 Continue.

Panel B: Volatility LM99 LM95

All Large Medium Small All Large Medium Small

Number of Messages 1.20E-03*** 3.00E-04* 6.00E-04 2.60E-03*** 1.10E-03** 3.00E-04* 7.00E-04* 2.50E-03***
(4.00E-04) (2.00E-04) (4.00E-04) (7.00E-04) (4.00E-04) (2.00E-04) (4.00E-04) (8.00E-04)

Disagreement Within-Group 1.40E-03*** 8.00E-04*** 8.00E-04*** 1.30E-03*** 1.10E-03*** 6.00E-04*** 7.00E-04*** 1.10E-03***
(1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04)

Disagreement Cross-Group 6.00E-04*** 3.00E-04*** 3.00E-04*** 7.00E-04*** 5.00E-04*** 2.00E-04*** 3.00E-04*** 6.00E-04***
(4.30E-05) (3.60E-05) (1.00E-04) (1.00E-04) (3.50E-05) (2.30E-05) (4.20E-05) (1.00E-04)

Number of News 0.00E+00 3.00E-04*** 9.00E-04*** 8.00E-04*** 0.00E+00 3.00E-04*** 8.00E-04*** 7.00E-04***
(1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (4.70E-05) (1.00E-04) (1.00E-04)

|News Tone| 9.00E-04*** 1.00E-04** 5.00E-04*** 1.40E-03*** 6.00E-04*** 0.00E+00** 4.00E-04*** 1.00E-03***
(1.00E-04) (2.70E-05) (1.00E-04) (1.00E-04) (3.30E-05) (1.40E-05) (3.00E-05) (1.00E-04)

Size −1.00E-04 −2.00E-04 −7.00E-04*** −2.00E-03*** −1.00E-04 −1.00E-04 −5.00E-04*** −1.50E-03***
(3.00E-04) (2.00E-04) (1.00E-04) (6.00E-04) (2.00E-04) (1.00E-04) (1.00E-04) (4.00E-04)

12-month Momentum −1.70E-03*** −2.00E-03*** −2.70E-03*** −1.60E-03*** −1.10E-03*** −1.40E-03*** −1.80E-03*** −9.00E-04***
(2.00E-04) (2.00E-04) (2.00E-04) (4.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04)

Idiosyncratic Volatility 9.60E-03*** 5.20E-03*** 8.50E-03*** 1.22E-02*** 6.00E-03*** 3.80E-03*** 5.60E-03*** 7.40E-03***
(1.20E-03) (1.00E-03) (4.00E-04) (1.70E-03) (1.30E-03) (6.00E-04) (4.00E-04) (1.80E-03)

N 329,983 105,322 107,437 117,224 687,051 224,038 226,178 236,835
R2(%) 27.85 31.84 31.49 34.77 19.48 25.75 25.09 26.11
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Table IA.8: Disagreement and sophistication, News and daily jump-size distribution

This table reports results of regressions of daily disagreement and news variables on the jump-size distribution, for all
firms and for firms in three size groups, sorted by the average of their daily market capitalization during the sample
period (June 01, 2010 - August 31, 2021). Panel A and B report the result for jump size mean and jump size volatility,
respectively. Column All, Large, Medium and Small report the results for all 2,679 firms, 893 large firms, 893 medium
firms, and 893 small firms, respectively. Column 2-5 and column 6-9 report the results when detecting a daily return
as a jump if the absolute value of that return is larger than 3.22 and 2.45 times the instantaneous volatility, respectively.
All independent variables are standardized to mean 0 and standard deviation 1. All regressions include a constant
term that is not reported for saving space. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% level,
respectively. Standard errors are clustered by firm and are reported in parentheses.

Panel A: Mean LM99 LM95

All Large Medium Small All Large Medium Small

Number of Messages (S) 8.00E-04 −1.70E-03*** 1.00E-04 5.20E-03*** 6.00E-04 −1.40E-03*** 2.00E-04 4.80E-03***
(5.00E-04) (5.00E-04) (5.00E-04) (8.00E-04) (5.00E-04) (4.00E-04) (4.00E-04) (7.00E-04)

Number of Messages (U) 7.00E-04* 1.50E-03*** 3.00E-04 −1.50E-03* 7.00E-04* 1.30E-03*** 4.00E-04 −1.30E-03
(4.00E-04) (5.00E-04) (4.00E-04) (8.00E-04) (4.00E-04) (5.00E-04) (4.00E-04) (8.00E-04)

Disagreement (S) 3.00E-04 −4.00E-04* −2.00E-04 9.00E-04*** 2.00E-04* −3.00E-04** −1.00E-04 8.00E-04***
(2.00E-04) (2.00E-04) (3.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (3.00E-04)

Disagreement (U) −2.00E-04 −8.00E-04*** −2.00E-04 5.00E-04** −2.00E-04** −9.00E-04*** −2.00E-04 5.00E-04**
(1.00E-04) (2.00E-04) (2.00E-04) (2.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (2.00E-04)

|Disagreement (S-U)| −5.70E-03*** −5.50E-03*** −6.10E-03*** −4.80E-03*** −5.00E-03*** −5.10E-03*** −5.80E-03*** −3.80E-03***
(1.00E-04) (2.00E-04) (2.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04)

Number of News −9.00E-04*** 1.00E-04 −7.00E-04*** −1.80E-03*** −8.00E-04*** 0.00E+00 −7.00E-04*** −1.30E-03***
(2.00E-04) (1.00E-04) (3.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (2.00E-04)

News Tone 1.51E-02*** 1.48E-02*** 1.67E-02*** 1.21E-02*** 1.00E-02*** 9.50E-03*** 1.11E-02*** 8.40E-03***
(3.00E-04) (4.00E-04) (5.00E-04) (5.00E-04) (2.00E-04) (2.00E-04) (3.00E-04) (4.00E-04)

Size −5.00E-04 −1.00E-03*** −9.00E-04** 2.60E-03*** −2.00E-04 −3.00E-04** −7.00E-04*** 1.70E-03***
(3.00E-04) (3.00E-04) (4.00E-04) (6.00E-04) (2.00E-04) (1.00E-04) (2.00E-04) (4.00E-04)

12-month Momentum 3.40E-03*** 6.70E-03*** 6.90E-03*** −2.30E-03** 7.00E-04** 2.70E-03*** 2.60E-03*** −3.10E-03***
(5.00E-04) (7.00E-04) (7.00E-04) (1.00E-03) (3.00E-04) (4.00E-04) (3.00E-04) (6.00E-04)

Idiosyncratic Volatility 6.90E-03*** 1.80E-03 1.10E-03 9.70E-03*** 4.50E-03*** 1.50E-03** 1.40E-03** 6.00E-03***
(9.00E-04) (1.20E-03) (1.20E-03) (1.80E-03) (1.00E-03) (7.00E-04) (6.00E-04) (1.80E-03)

N 329,983 105,322 107,437 117,224 687,051 224,038 226,178 236,835
R2(%) 7.14 9.61 8.74 7.74 4.68 6.14 6.01 5.22
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Table IA.8 Continue.

Panel B: Volatility LM99 LM95

All Large Medium Small All Large Medium Small

Number of Messages (S) 1.30E-03*** 5.00E-04** 1.00E-03*** 3.00E-03*** 1.10E-03** 5.00E-04** 1.10E-03*** 3.00E-03***
(5.00E-04) (2.00E-04) (2.00E-04) (6.00E-04) (5.00E-04) (2.00E-04) (1.00E-04) (5.00E-04)

Number of Messages (U) 0.00E+00 −1.00E-04 −2.00E-04 −3.00E-04 1.00E-04 −1.00E-04 −2.00E-04 −4.00E-04
(2.00E-04) (1.00E-04) (3.00E-04) (7.00E-04) (2.00E-04) (1.00E-04) (3.00E-04) (7.00E-04)

Disagreement (S) 1.20E-03*** 6.00E-04*** 6.00E-04*** 9.00E-04*** 9.00E-04*** 5.00E-04*** 4.00E-04*** 7.00E-04***
(1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04)

Disagreement (U) 9.00E-04*** 5.00E-04*** 6.00E-04*** 9.00E-04*** 8.00E-04*** 4.00E-04*** 6.00E-04*** 9.00E-04***
(1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04)

|Disagreement (S-U)| 4.00E-04*** 0.00E+00 1.00E-04*** 7.00E-04*** 3.00E-04*** 1.00E-04*** 2.00E-04*** 5.00E-04***
(4.10E-05) (3.90E-05) (4.80E-05) (1.00E-04) (2.40E-05) (2.20E-05) (2.70E-05) (4.30E-05)

Number of News −2.00E-04** 2.00E-04*** 7.00E-04*** 6.00E-04*** −2.00E-04* 2.00E-04*** 6.00E-04*** 5.00E-04***
(1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (4.20E-05) (1.00E-04) (1.00E-04)

|News Tone| 9.00E-04*** 1.00E-04** 5.00E-04*** 1.30E-03*** 6.00E-04*** 0.00E+00** 4.00E-04*** 9.00E-04***
(1.00E-04) (2.70E-05) (5.00E-05) (1.00E-04) (3.30E-05) (1.40E-05) (2.80E-05) (1.00E-04)

Size −1.00E-04 −2.00E-04 −8.00E-04*** −1.80E-03*** −1.00E-04 −1.00E-04 −6.00E-04*** −1.40E-03***
(3.00E-04) (2.00E-04) (1.00E-04) (4.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (3.00E-04)

12-month Momentum −1.70E-03*** −2.00E-03*** −2.70E-03*** −1.70E-03*** −1.10E-03*** −1.40E-03*** −1.80E-03*** −1.00E-03***
(2.00E-04) (2.00E-04) (2.00E-04) (3.00E-04) (1.00E-04) (1.00E-04) (1.00E-04) (2.00E-04)

Idiosyncratic Volatility 9.50E-03*** 5.20E-03*** 8.40E-03*** 1.17E-02*** 6.00E-03*** 3.80E-03*** 5.50E-03*** 7.00E-03***
(1.20E-03) (9.00E-04) (4.00E-04) (1.70E-03) (1.30E-03) (6.00E-04) (4.00E-04) (1.80E-03)

N 329,983 105,322 107,437 117,224 687,051 224,038 226,178 236,835
R2(%) 28.32 32.12 32.34 36.41 19.92 26.02 26.04 28.10
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Table IA.9: Disagreement, News and estimated jump intensity for three size groups

This table reports results of panel regressions of daily disagreement and news variables
on the estimated intensity of various jumps for firms in three size groups, sorted by the
average of their daily market capitalization during the sample period (June 01, 2010 -
August 31, 2021). Panel A, B, C, D, and E report the results on the estimated intensity
of all, self-exciting, market-exciting, negative, and positive jumps, respectively. Column
Large, Medium, and Small report the results for 893 large firms, 893 medium firms, and
893 small firms, respectively. Column 2-5 and column 6-9 report the results when detect-
ing a daily return as a jump if the absolute value of that return is larger than 3.22 and
2.45 times the instantaneous volatility, respectively. All independent variables are stan-
dardized to mean 0 and standard deviation 1. All regressions include the firm fixed effect
and a constant term that is not reported for saving space. *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% level, respectively. Standard errors are clustered by
firm and are reported in parentheses.

Panel A: All LM99 LM95

Large Medium Small Large Medium Small

Number of Messages 0.279** 0.383*** 0.347*** 0.361** 0.511*** 0.478***
(0.140) (0.046) (0.081) (0.167) (0.068) (0.109)

Disagreement 0.720*** 0.525*** 0.526*** 0.942*** 0.709*** 0.703***
(0.019) (0.020) (0.022) (0.023) (0.025) (0.029)

Number of News 0.049*** 0.002 0.009 0.058*** 0.004 0.031*
(0.015) (0.013) (0.012) (0.022) (0.017) (0.018)

|News Tone| 0.038*** 0.255*** 0.257*** 0.061*** 0.318*** 0.346***
(0.011) (0.011) (0.013) (0.015) (0.016) (0.018)

Size 0.014 −0.017 −0.209*** −0.093 −0.273*** −0.414***
(0.045) (0.026) (0.034) (0.100) (0.032) (0.047)

12-month Momentum −1.704*** −1.185*** −0.257*** −2.958*** −2.130*** −0.681***
(0.059) (0.056) (0.059) (0.100) (0.089) (0.093)

Idiosyncratic Volatility 0.176*** 0.173*** 0.077** 0.122*** −0.038 −0.019
(0.042) (0.052) (0.034) (0.025) (0.044) (0.034)

N 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762
R2(%) 1.95 1.19 0.28 2.48 1.49 0.32
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Table IA.9 Continue.

Panel B: SE LM99 LM95

Large Medium Small Large Medium Small

Number of Messages 0.266** 0.365*** 0.333*** 0.345** 0.474*** 0.434***
(0.135) (0.044) (0.077) (0.158) (0.066) (0.102)

Disagreement 0.674*** 0.480*** 0.481*** 0.915*** 0.658*** 0.653***
(0.018) (0.019) (0.021) (0.023) (0.025) (0.027)

Number of News 0.070*** 0.021* 0.017 0.113*** 0.066*** 0.063***
(0.015) (0.012) (0.011) (0.020) (0.016) (0.017)

|News Tone| 0.042*** 0.247*** 0.240*** 0.054*** 0.313*** 0.323***
(0.011) (0.011) (0.013) (0.014) (0.015) (0.017)

Size 0.021 −0.013 −0.220*** 0.032 −0.095*** −0.323***
(0.043) (0.025) (0.034) (0.067) (0.029) (0.045)

12-month Momentum −1.292*** −0.887*** −0.080 −2.047*** −1.453*** −0.273***
(0.048) (0.048) (0.051) (0.075) (0.068) (0.073)

Idiosyncratic Volatility 0.183*** 0.189*** 0.071** 0.115*** −0.016 −0.055
(0.048) (0.054) (0.035) (0.024) (0.042) (0.036)

N 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762
R2(%) 1.45 0.90 0.25 1.68 0.97 0.23

Panel C: ME LM99 LM95

Large Medium Small Large Medium Small

Number of Messages 0.013** 0.018*** 0.015*** 0.016 0.036*** 0.044***
(0.005) (0.003) (0.005) (0.011) (0.007) (0.010)

Disagreement 0.045*** 0.045*** 0.045*** 0.027*** 0.051*** 0.050***
(0.003) (0.003) (0.003) (0.005) (0.004) (0.004)

Number of News −0.021*** −0.019*** −0.008*** −0.055*** −0.061*** −0.032***
(0.004) (0.003) (0.002) (0.010) (0.007) (0.004)

|News Tone| −0.004 0.008*** 0.018*** 0.007 0.005 0.023***
(0.002) (0.002) (0.002) (0.005) (0.004) (0.003)

Size −0.006 −0.004 0.011*** −0.126** −0.178*** −0.091***
(0.005) (0.003) (0.004) (0.055) (0.012) (0.010)

12-month Momentum −0.411*** −0.298*** −0.177*** −0.912*** −0.677*** −0.408***
(0.015) (0.012) (0.012) (0.032) (0.025) (0.026)

Idiosyncratic Volatility −0.007 −0.016*** 0.006 0.008 −0.023*** 0.036***
(0.008) (0.004) (0.006) (0.007) (0.008) (0.007)

N 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762
R2(%) 1.54 1.15 0.44 2.18 1.75 0.70
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Table IA.9 Continue.

Panel D: Neg LM99 LM95

Large Medium Small Large Medium Small

Number of Messages 0.137** 0.176*** 0.227*** 0.159** 0.265*** 0.393***
(0.061) (0.017) (0.061) (0.077) (0.030) (0.089)

Disagreement 0.576*** 0.367*** 0.338*** 0.795*** 0.509*** 0.439***
(0.015) (0.013) (0.016) (0.018) (0.017) (0.021)

Number of News 0.068*** 0.049*** 0.031*** 0.070*** 0.069*** 0.041***
(0.016) (0.009) (0.008) (0.016) (0.011) (0.012)

News Tone −0.121*** −0.095*** −0.079*** −0.200*** −0.189*** −0.165***
(0.008) (0.008) (0.009) (0.011) (0.011) (0.013)

Size 0.107*** 0.170*** −0.023 0.011 0.001 −0.158***
(0.041) (0.019) (0.028) (0.050) (0.021) (0.035)

12-month Momentum −2.937*** −2.611*** −2.126*** −5.044*** −4.478*** −3.566***
(0.069) (0.064) (0.092) (0.119) (0.107) (0.154)

Idiosyncratic Volatility 0.189*** 0.183*** 0.223*** 0.213*** 0.124*** 0.320***
(0.045) (0.038) (0.053) (0.032) (0.032) (0.060)

N 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762
R2(%) 8.85 7.73 4.45 12.10 10.36 5.94

Panel E: Pos LM99 LM95

Large Medium Small Large Medium Small

Number of Messages 0.142* 0.209*** 0.125*** 0.202** 0.248*** 0.091
(0.080) (0.036) (0.047) (0.091) (0.051) (0.055)

Disagreement 0.144*** 0.165*** 0.199*** 0.146*** 0.209*** 0.280***
(0.010) (0.011) (0.012) (0.014) (0.015) (0.018)

Number of News −0.019 −0.042*** −0.007 −0.013 −0.058*** 0.010
(0.016) (0.007) (0.007) (0.021) (0.013) (0.015)

News Tone 0.096*** 0.088*** 0.099*** 0.155*** 0.167*** 0.184***
(0.007) (0.007) (0.008) (0.011) (0.010) (0.011)

Size −0.092** −0.170*** −0.172*** −0.102* −0.252*** −0.235***
(0.046) (0.017) (0.022) (0.056) (0.024) (0.029)

12-month Momentum 1.236*** 1.430*** 1.871*** 2.088*** 2.354*** 2.887***
(0.024) (0.031) (0.067) (0.037) (0.045) (0.099)

Idiosyncratic Volatility −0.014 −0.009 −0.143*** −0.092*** −0.162*** −0.335***
(0.015) (0.026) (0.033) (0.031) (0.037) (0.078)

N 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762 2,530,762
R2(%) 2.17 3.23 4.08 2.57 3.54 4.38

14



Table IA.10: Disagreement from all tweets, News and estimated jump intensity for all firms

This table reports results of panel regressions of daily disagreement and news variables on the estimated intensity of
various jumps for all firms during the sample period (June 01, 2010 - August 31, 2021). Column All, SE, ME, Neg, and
Pos report the regressions results on the estimated intensity of all, self-exciting, market-exciting, negative, and positive
jumps, respectively. Panel A and B reports the results when detecting a daily return as a jump if the absolute value of
that return is larger than 3.22 and 2.45 times the instantaneous volatility, respectively. All independent variables are
standardized to mean 0 and standard deviation 1. All regressions include the firm fixed effect and a constant term that
is not reported for saving space. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% level, respectively.
Standard errors are clustered by firm and are reported in parentheses.

Panel A: LM99 Panel B: LM95

All SE ME Neg Pos All SE ME Neg Pos

Number of Messages (all) 0.327*** 0.308*** 0.019*** 0.191*** 0.135*** 0.420*** 0.383*** 0.037*** 0.285*** 0.135***
(0.068) (0.065) (0.004) (0.045) (0.029) (0.084) (0.077) (0.009) (0.065) (0.032)

Disagreement (all) 0.699*** 0.655*** 0.044*** 0.528*** 0.175*** 0.879*** 0.877*** 0.002 0.690*** 0.195***
(0.011) (0.011) (0.002) (0.008) (0.006) (0.014) (0.014) (0.003) (0.011) (0.009)

Number of News 0.011 0.028 −0.017*** 0.034* −0.024*** 0.015 0.063** −0.048*** 0.025 −0.011
(0.023) (0.023) (0.002) (0.019) (0.008) (0.028) (0.029) (0.005) (0.025) (0.011)

News Tone −0.115*** 0.089*** −0.213*** 0.161***
(0.005) (0.004) (0.007) (0.006)

|News Tone| 0.179*** 0.172*** 0.006*** 0.231*** 0.224*** 0.007***
(0.007) (0.007) (0.001) (0.010) (0.009) (0.002)

Size −0.092*** −0.081*** −0.011*** −0.001 −0.090*** −0.194*** −0.103*** −0.091** −0.095** −0.097***
(0.029) (0.025) (0.004) (0.018) (0.030) (0.069) (0.038) (0.036) (0.039) (0.033)

12-month Momentum −0.944*** −0.665*** −0.279*** −2.475*** 1.535*** −1.764*** −1.131*** −0.633*** −4.222*** 2.465***
(0.044) (0.037) (0.009) (0.057) (0.028) (0.071) (0.054) (0.020) (0.098) (0.043)

Idiosyncratic Volatility 0.171*** 0.158*** 0.012*** 0.234*** −0.062*** 0.136*** 0.086*** 0.050*** 0.338*** −0.201***
(0.040) (0.041) (0.004) (0.046) (0.018) (0.019) (0.014) (0.008) (0.055) (0.043)

N 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286 7,592,286
R2(%) 0.79 0.58 0.89 6.50 3.18 0.99 0.64 1.32 8.73 3.50
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Figure IA.1: This figure shows estimated jump intensity of BA in LM95
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Figure IA.2: This figure shows estimated jump intensity of MSFT in LM99
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Figure IA.3: This figure shows estimated jump intensity of MSFT in LM95
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Figure IA.4: This figure shows estimated jump intensity of FYX in LM99
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Figure IA.5: This figure shows estimated jump intensity of FYX in LM95
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