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ce-co-jumps

SUMMARY: This study investigates the influence of individual investors' information
interactions on stock price co-jumps using large-scale textual data from the
Eastmoney.com stock forum from 2020 to 2023. The authors use a stock forum outage
on November 12, 2021, to establish causality and find that positive information
interactions have a stronger effect on upward co-jumps than negative interactions on
downward co-jumps. The study also reveals that cross-stock sentiment convergence
mediates the relationship between information interactions and co-jump occurrences.
Heterogeneity analyses show that information interactions have stronger facilitating
effects on stock price co-jumps in pairs of small-cap stocks and in pairs characterized
by low information transparency. The study's findings suggest that positive versus
negative information interactions have a significant asymmetric effect only for stock
pairs in high-tech industries. The authors develop an investment strategy that
outperforms the Shanghai Stock Exchange Composite Index, achieving an annualized
return of 19.41%.

METHOD: The study uses large-scale textual data from the Eastmoney.com stock forum
during the period 2020-2023. The authors examine the effect of a stock forum outage on
November 12, 2021, which reduced investors' information interactions. They analyze
the impact of positive and negative information interactions on stock price co-jumps
and identify the underlying mechanisms. Heterogeneity analyses are conducted to
examine the effects of information interactions in different stock pairs.

KEY FINDINGS:

— Positive information interactions have a stronger effect on upward co-jumps than negative
interactions on downward co-jumps.

— Cross-stock sentiment convergence mediates the relationship between information
interactions and co-jump occurrences.

- Information interactions have stronger facilitating effects on stock price co-jumps in pairs of
small-cap stocks and in pairs characterized by low information transparency.

— The asymmetric effect of positive versus negative information interactions on upward versus
downward co-jumps is significant only for stock pairs in high-tech industries.

IMPLICATION FOR TRADING: The study's findings suggest that investors should focus
on positive information interactions and avoid negative ones to achieve better stock
price co-jumps. The authors develop an investment strategy based on these findings,
which outperforms the Shanghai Stock Exchange Composite Index. Practitioners can
use this strategy to improve their investment performance and make more informed
decisions.
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Investors’ Information Interaction, Sentiment Convergence and

Stock Price Co-jumps

Abstract

Stock price co-jumps play a crucial role in assessing market risk and determining risk
premiums, yet research on their drivers remains limited, primarily focusing on the release
of public information. Leveraging large-scale textual data from the Eastmoney.com stock
forum during 2020-2023, this study demonstrates that individual investors’ information
interactions significantly influence stock price co-jumps. To establish causality, we use the
Eastmoney.com stock forum outage on November 12, 2021 as an exogenous reduction in
investors’ information interactions and examine its effect on co-jumps. Further analysis
shows that positive information interactions exert a stronger effect on upward co-jumps
than negative interactions do on downward co-jumps. Mechanism analysis reveals that
cross-stock sentiment convergence mediates the relationship between information
interactions and co-jump occurrences. Heterogeneity analyses reveal that information
interactions exert stronger facilitating effects on stock price co-jumps in pairs of small-cap
stocks and in pairs characterized by low information transparency than in other stock pairs.
Furthermore, the asymmetric effect of positive versus negative information interactions on
upward versus downward co-jumps is significant only for stock pairs in high-tech industries.
Finally, based on these empirical findings, we develop an investment strategy that
outperforms the Shanghai Stock Exchange Composite Index, achieving an annualized
return of 19.41%. This study has important implications for investment strategy
formulation and regulatory policy design.

Keywords: Investor information interaction; Sentiment convergence; Co-jumps; Textual
analysis; Investment strategy



1. Introduction

In financial markets, stock price co-jumps are defined as significant and synchronized
price movements across multiple stocks within extremely short time intervals. Studies have
shown that during financial crises, the frequency of such synchronized jumps across financial
assets tends to increase (Bollerslev et al., 2008). These co-jumps have profound implications
for financial markets and investor behavior, affecting key areas such as asset pricing, portfolio
management, and financial risk management (Gilder et al., 2014; Caporin et al., 2017; Ding et
al., 2024). Existing literature primarily attributes co-jumps to macroeconomic news,
geopolitical events, and firms’ earnings announcements (Bollerslev et al., 2008; Bouri et al.,
2022; Christensen et al., 2025). Despite these findings, the channels through which information
spreads among related stocks and the extent to which such dissemination influences stock price
co-jumps remain insufficiently understood. Leveraging post-reply data from Eastmoney.com,
this study addresses this gap by examining how individual investors’ information interactions
on social media platforms, acting as a channel of information transmission among different
stocks, influence stock price co-jumps and identifying the underlying mechanisms driving this

relationship.

Social media platforms have become crucial channels for investors to obtain and share
stock-related information (Cookson et al., 2024; Cao et al., 2025), and investors’ information
interactions on these platforms facilitate the diffusion of information across stocks (Jiang et al.,
2019; Lu & Zhao, 2024). Given the constraints of limited attention, investors typically focus
on a small subset of stocks that share fundamental characteristics (Peng & Xiong, 2006). Co-
investors who engage in discussions about these related stocks facilitate the dissemination of
similar information across them. Specifically, investors focusing on a particular stock form
distinct communities within social networks, and co-investors serve as bridges connecting these
otherwise isolated communities across relevant stock forums, thereby promoting the spread of
shared information through posting, and replying. According to the social contagion model,
information-sharing behaviors within each stock-related community can trigger chain reactions,
enabling the rapid and widespread diffusion of similar information disseminated by co-
investors. This process fosters synchronized trading behaviors across different stocks, leading
to price co-movement (Chen et al., 2024). Since co-jumps represent an extreme form of co-
movement, it is reasonable to infer that individual investors’ information interactions on social

media serve as a key driver of co-jumps.

Furthermore, two facets of the existing literature provide insights into the potential
mechanisms underlying the impact of individual investors’ information interactions on stock

price co-jumps. On the one hand, individual investors’ information interactions, posts and
2



replies in different stocks’ sub-forums, can establish the information dissemination channels
across stocks. These channels expose individual investors to homogeneous information (Chen
et al., 2024), thereby triggering similar sentiment responses and ultimately leading to cross-
stock sentiment convergence (Huang & Meng, 2024). On the other hand, prior studies have
demonstrated that individual investor sentiment can exacerbate the volatility of stock prices
(Liu et al., 2022; Yang & Xiong, 2024; Yang et al., 2024). More specifically, the information
disseminated on social media platforms, such as policies and technological innovations, has the
potential to influence sentiment of individual investors, which leads to single-stock price jumps.
By integrating these two strands of research, the individual investors’ information interactions
initially trigger cross-stock sentiment convergence, which potentially leads to simultaneous
price jumps in the same direction. Consequently, we propose that cross-stock sentiment
convergence may serve as a micro-mechanism through which individual investors’ information

interactions impact stock price co-jumps.

Prior studies have demonstrated that positive and negative information have asymmetric
impacts on upward and downward jumps in individual stock prices (Stambaugh et al., 2012;
Yang & Xiong, 2024). However, there is a lack of research examining the differential effects
of positive versus negative information interactions on upward and downward co-jumps, which
are defined as simultaneous upward or downward jumps in paired stocks (Gilder et al., 2014;
Ding et al., 2024). Given that investors respond asymmetrically to positive and negative
information (Zhang & Semmler, 2009; Stambaugh et al., 2012; Yang & Xiong, 2024), positive
information is typically associated with expected returns and thus tends to be disseminated
more quickly (Mondria et al., 2021; Reichenbach & Walther, 2025), triggering herd behavior
(Dimic et al., 2018). In contrast, negative information tends to elicit more cautious responses
and spreads more slowly, with investors not necessarily selling their holdings immediately upon
receipt (Ding et al., 2004). Therefore, by investigating how positive information interactions
drive upward co-jumps and how negative information influences downward co-jumps, this
study aims to address the gap in the existing literature regarding the asymmetric effects of

positive and negative information interactions on co-jump dynamics.

In this paper, by utilizing the post-reply data during 2020-2023 from Eastmoney.com,
China’s largest online financial platform, we explore the relationship between individual
investors’ information interactions and stock price co-jumps. We quantify the daily intensities
of information interaction between two stocks by calculating the number of posts and replies
on the related sub-forums generated by co-investors, defined as investors who actively

participating in both associated sub-forums. Meanwhile, we leverage minute-level high-



frequency data from the RESSET Database! to calculate the daily frequency of co-jumps
among stocks, following Ding et al. (2024). We then construct a two-way fixed-effects panel
data regression model, and examine whether the information interaction intensity has
significant positive impacts on stock price co-jumps in the current and subsequent periods,
controlling for a series of firm-level and market-level control variables. We identify the causal
effect of investor information interactions by exploiting the November 12, 2021 outage of the
Eastmoney.com stock forum, which exogenously curtailed communication among individual

investors. We also perform a series of robustness checks to ensure the robustness of our findings.

Subsequently, we classify the co-jumps into upward and downward co-jumps based on
whether these two stock price jumps are upward jumps or downward jumps, simultaneously.
To align with this classification, we measure positive (negative) information interaction
intensities by calculating the number of co-investors’ posts and replies with positive (negative)
sentiment in the two sub-forums. Then, we examine the impacts of positive (negative)
information interactions on upward (downward) co-jumps, respectively. The results suggest
that positive information interactions have a more significant effect on upward co-jumps
compared with the effect of negative information interactions on downward co-jumps. This
asymmetry effect has also been corroborated in the existing literature on jumps (Stambaugh et
al., 2012; Yang & Xiong, 2024). Heterogeneity tests further reveal that the promoting effect of
information interactions on stock price co-jumps is stronger for small-cap stock pairs and for
pairs with low information transparency than for other pairs; moreover, the asymmetric impact
of positive versus negative information interactions on upward versus downward co-jumps is

significant only among high-tech industry pairs.

Moreover, we delve into the micro-mechanism underpinning the impact of individual
investors’ information interactions on stock price co-jumps, scrutinizing cross-stock sentiment
convergence. We measure the daily individual investor sentiment for each stock based on the
textual sentiment of posts and replies on the message board, and then calculate the consistency
between them as the proxy indicator of cross-stock sentiment convergence. The results of
mechanism analysis demonstrate that the cross-stock information diffusion, driven by
individual investors’ information interactions on social media, can initially trigger the cross-

stock sentiment convergence, and subsequently induce stock price co-jumps.

Finally, we construct a dynamic trading strategy based on the predictive capacity of

1 The RESSET Database: https://db.resset.com/common/main.jsp
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information interactions for co-jumps. Specifically, we divide the 2020-2023 dataset into eight
consecutive six-month windows and examine the impacts of positive (negative) information
interactions on upward(downward) co-jumps within each window. We establish trading rules
for the subsequent window by leveraging the substantial influence of individual investors’
information interactions on co-jumps observed in the preceding window. Specifically, we
initiate long positions in stocks with the strongest positive information interactions and short
positions in those with the strongest negative interactions before the market closes on each
trading day, and close out these positions the following day. With this strategy, we achieve a
cumulative return of 69.63% from July 2020 to December 2023, after accounting for transaction
costs, significantly outperforming the SSE’s cumulative return over the same period (-3.89%),

with a difference of 73.52%.

Our research contributes to several strands of literature. To the best of our knowledge, this
study represents the inaugural effort to demonstrate that individual investors’ information
interactions on social media serve as one of the key drivers of co-jumps. In doing so, it
supplements existing studies focused on the drivers of co-jumps, while previous research
merely explained co-jumps from the perspective of possible common shocks that stocks might
face at the macro or industry level (Caporin et al., 2017; Baker et al., 2021; Christensen et al.,
2025). This study delves into the specific process of information dissemination on social media
platforms. We explore how individual investors’ information interactions, particularly within
stock-specific sub-forums, facilitate the cross-stock diffusion of information, ultimately
triggering co-jumps. This in-depth analysis provides new insights into how information on

social media influences stock price co-jumps.

Furthermore, this study adds to the existing literature on stock price co-jumps (Gilder et
al., 2014; Ding et al., 2024) by distinguishing co-jumps in different directions and exploring
the differences in their drivers. This research also contributes to previous studies that analyze
the asymmetric effects of positive and negative sentiments on stock prices (Zhang & Semmler,
2009; Stambaugh et al., 2012; Yang & Xiong, 2024; Yi et al., 2024), by investigating the
heterogeneous impacts of positive versus negative sentiment information diffusion on upward

and downward co-jumps.

Additionally, our paper extends and enriches the literature focusing on the role of
sentiment in stock markets. The existing literature that treats investor sentiment as a direct
driver of stock prices (Liu et al., 2022; Jeon et al., 2022; Yang & Xiong, 2024). Instead, we
focus on the stock-pair level. By verifying that cross-stock sentiment convergence serves as a
key mechanism through which information interactions drive co-jumps, we also enrich the

literature on sentiment convergence.



Finally, this study offers valuable insights into the intersection of textual analysis,
sentiment convergence, and co-jump risk management. By applying textual analysis to large-
scale text data, it extends the measurement of sentiment convergence across stock pairs.
Furthermore, we employ textual analysis to examine the asymmetric effects of positive and
negative information interactions on upward and downward co-jumps and demonstrate that this
asymmetry can be leveraged to generate excess returns. This interdisciplinary approach not
only advances research on sentiment convergence measurement but also provides practical

implications for co-jump risk management.

The remainder of this paper is structured as follows. Section 2 introduces the sample data
and the key variables used in this study. Section 3 presents the empirical models employed in
this study. Section 4 presents the empirical findings and discussion. Conclusions are in Section

5.

2. Literature Review and Hypothesis Development

2.1. Individual Investors’ Information Interactions and Stock Price Co-jumps

The Chinese stock market is characterized by a dominant presence of individual investors,
whose accounts represent over 99% of all market participants. These investors are highly active
and account for more than 80% of daily trading volume (Chen et al., 2024). They primarily
share and exchange stock-related information on social media platforms such as
Eastmoney.com (Jiang et al., 2019; Cao et al., 2025), which features dedicated discussion
forums for each listed company. The content of these discussions reflects individual investors’
interpretations of public information, including macroeconomic indicators, monetary policies,
geopolitical events, and company announcements, and have been empirically linked to co-
jumps in stock prices (Bollerslev et al., 2008; Caporin et al., 2017; Baker et al., 2021; Bouri et
al., 2022). Importantly, beyond reacting to public information, investor discourse on such
platforms also encompasses forward-looking views on market trends, trading strategies, and
perceived market dynamics. Therefore, analyzing user-generated posts and replies on
Eastmoney.com enables a deeper understanding of how information diffusion among individual
investors facilitates the spread of both factual and sentiment-driven content, potentially

triggering synchronous price jumps across interrelated stocks.

The theory of limited attention suggests that investors typically focus on a limited set of
stocks that share fundamental similarities (Peng & Xiong, 2006). Co-investors who engage in
discussions about these related stocks facilitate the dissemination of similar information across

them (Chen et al., 2024). Specifically, drawing on narrative economics (Shiller, 2017), we
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argue that investors within a specific stock sub-forum form distinct communities centered
around particular stocks, and co-investors serve as conduits for cross-stock narrative
propagation. Posts and replies shared by co-investors in sub-forums of related stock pairs may
contain similar information about these focused stocks due to their fundamental similarities.
Once such information reaches each stock sub-forum, investor information interactions within
each community trigger cascading effects, causing the information to spread rapidly among a
great many investors, in accordance with the social contagion model (Pond et al., 2020).
Subsequently, this cross-stock information diffusion may lead a large number of individual
investors in these stocks to make trading decisions in the same direction (Yang & Xiong, 2024),
ultimately contributing to price co-jumps among them. Moreover, the ongoing diffusion
process allows the information to continue propagating and amplifying over time, potentially
resulting in a lasting impact of co-investor-shared information on the co-jumps of related stocks.

Based on this analysis, we propose the following hypothesis:

H1: Individual investors’ information interactions on social media significantly promote

both contemporaneous and future stock price co-jumps.

2.2. The Asymmetry Effects on Co-jumps: Positive VS Negative Information Interactions

Following prospect theory (Kahneman & Tversky, 1979), individuals are more sensitive
to losses than to equivalent gains, and thus reluctant to realize losses (Ding et al., 2004).
Existing research indicates that investors respond asymmetrically to positive and negative
information (Zhang & Semmler, 2009; Stambaugh et al., 2012; Yang & Xiong, 2024). Positive
information is generally associated with favorable return expectations, leading to faster
acceptance and broader dissemination, thereby accelerating cross-stock information diffusion
(Josefy et al., 2023). This process stimulates herding behavior on social media platforms,
promoting the convergence of optimistic sentiment and shared expectations among investors,
which in turn facilitates synchronized buying decisions (Dimic et al., 2018). The resulting surge
in buy orders exerts upward pressure on stock prices and may contribute to frequent upward
co-jumps. In contrast, negative information is often perceived with skepticism regarding its
reliability, resulting in slower propagation across investor networks. Furthermore, when
confronted with adverse news, investors are more inclined to hold or even accumulate positions
rather than liquidate holdings, a behavioral tendency that delays the price incorporation of
negative information (Ding et al., 2004). As a result, the impact of negative information on
downward price movements tends to be attenuated. Moreover, in the Chinese A-share market,
where short-sale constraints limit the expression of negative sentiment, investors with positive

sentiment tend to dominate price formation, rendering stock prices more reflective of positive



expectations (You & Wu, 2012; Yi et al., 2024). Overall, investors on social media exhibit
asymmetric responses, favoring positive over negative information. The heightened salience
and accelerated diffusion of positive content increase its likelihood of triggering herd behavior,
thereby enhancing the probability of frequent upward co-jumps in stock prices. Therefore, we

propose the following hypothesis:

H2: Positive information interactions lead to a higher frequency of upward co-jumps

relative to downward co-jumps induced by negative information interactions.

2.3. Mechanisms of Investors’ Information Interaction and Stock Price Co-jumps

Investor sentiment, as a key driver of trading behavior, has been shown to play a critical
role in stock price jumps (Gao et al., 2021; Liu et al., 2022; Gao et al., 2022; Karampatsas et
al., 2023). Prior studies document that when investor sentiment within a stock forum becomes
aligned, it often leads to a surge in synchronized trading behavior, which subsequently triggers
price jumps in that stock (Yang & Xiong, 2024). In the case of two stocks, according to
narrative economics (Shiller, 2017), co-investors who actively post or reply in these two sub-
forums make similar information publicly accessible to all participants. Contagion theory
further posits that these co-investors transmit their sentiments through posts and replies, and
other investors in the corresponding sub-forums perceive and internalize such sentiments (Yi
et al., 2024). This process drives sentiment convergence—the phenomenon wherein investors
in related stocks exhibit similar sentiments—across these stocks. Moreover, Zeng et al. (2019)
and Gao & Zhao (2023) suggest that sentiment convergence can prompt investors of related
stocks to make synchronized buying or selling decisions, thereby triggering co-jumps among
these stocks, although this mechanism has not been empirically validated. Therefore, cross-
stock sentiment convergence is likely the key mechanism through which individual investors’
information interactions drive stock price co-jumps. Accordingly, we propose the following

hypothesis:

H3: Cross-stock sentiment convergence represents a key mechanism by which information
interactions among individual investors facilitate co-jumps.
3. Data and Methodology

3.1. Data and Sample Selection

This study selects A-share listed companies on the Shanghai Stock Exchange as the
research sample, covering the period from January 1, 2020, to December 31, 2023. To ensure
data quality and consistency, several filtering criteria were applied: (1) non-special treatment

8



(ST) stocks, (2) non-financial stocks, (3) positive undistributed profit, (4) at least 200 trading
days per year, and (5) with a price of no less than RMB 3 per share?. After screening, 1,144
stocks were retained for analysis. We collect the textual data of individual investors’ posts and
replies in stock forums corresponding to our sample stocks from Eastmoney.com. We then
acquire minute-level high-frequency stock price data for the same sample from the RESSET
Database®. In addition, we collect data for control variables from CNRDS#, including firm-
specific data (e.g., industry, details of institutional shareholding), market-specific data (e.g.,
market value, trading volume, turnover rate), and information-related data (e.g., analyst reports

and news tone).

While our study focuses on information interactions among individual investors on
Eastmoney.com, it is important to note that the platform’s user base consists predominantly of
individual investors from China. In the United States, investor interactions on platforms such
as Stocktwits may be shaped by a more mature market structure, a higher proportion of
institutional participation, and a more open regulatory environment (Cookson et al., 2024),
potentially leading to distinct behavioral dynamics. Consequently, although the findings of this
study provide valuable insights into the information-sharing behavior of Chinese individual
investors, the generalizability of these results may be constrained when applied to markets with
differing investor compositions and institutional frameworks, particularly in the U.S. and other

developed economies.

3.2. Measure of Key Variables

3.2.1. Co-jumps

We employ 5-minute stock price data to identify daily co-jumps and calculate the daily
number of co-jumps among stock pairs (CJ) using the methodology proposed by Ding et al.
(2024). We then classify co-jumps into upward and downward categories and compute the daily
number of upward and downward co-jumps, respectively. Specifically, when stocks i and j
both exhibit upward jumps simultaneously, this is defined as an upward co-jump (up_CJ);
conversely, when both stocks experience downward jumps at the same time, it is defined as a

downward co-jump (down_C]J). The methodological details are provided in Appendix A.

2 In the A-share market, the minimum tick size for order declarations is 0.01 yuan. When a stock’s price
is too low, this fixed tick size can lead to an over-identification of co-jumps.
3 The RESSET Database: https://db.resset.com/common/main.jsp
4 Chinese Research Data Services Platform: https://www.cnrds.com/
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In addition, there is another type of co-jump, known as a mixed-direction co-jump, in
which one stock experiences an upward jump while the other experiences a downward jump.
The uncertainty regarding which stock undergoes an upward or downward movement leads
to high complexity in sentiment divergence between the stock pair, thereby complicating
the analysis of the underlying mechanisms of sentiment convergence in co-jumps and
increasing the challenges in implementing investment strategies due to heightened
decision-making uncertainty. Therefore, this study focuses on upward and downward co-
jumps to streamline the analysis, enhance model operability, and provide clearer guidance

for investment strategies.
3.2.2. Intensity of Individual Investors’ Information Interaction

To measure individual investors’ information interactions, we utilize post-reply data from
Eastmoney.com®, China’s largest online financial platform, spanning January 2020 to
December 2023. The platform hosts over 40 million monthly active users and generates more
than 500,000 posts daily®. For each listed company, Eastmoney.com provides a dedicated
message board, referred to as a sub-forum, where individual investors exchange information,

express opinions, and discuss stock-specific developments.

According to the limited attention theory, investors typically focus on a limit set of stocks
that share common fundamental characteristics, such as belonging to the same industry sector
or being associated with a similar investment theme (Peng & Xiong, 2006). Within online
platforms, investors exchange information and opinions by posting and replying in sub-forums
dedicated to these related stocks. Investors who actively engage in multiple sub-forums,
referred to as co-investors, serve as conduits for the diffusion of similar information across
stocks (Chen et al., 2024). This dissemination of shared information may lead to synchronized
trading behavior among investors, ultimately resulting in price co-movements among related
stocks. Following the method proposed by Chen et al. (2024), we quantify the daily intensity
of individual investors’ information interaction between two stocks as the total number of posts

and replies generated by co-investors in both sub-forums on a given day, as follows:

CUije

1
num,; ;. = z (Ma,it + Naji)s 1)
a=1

5The posts and replies on the Eastmoney.com are generally used for textual analysis in studies on investor
sentiment and investor information interaction in the Chinese stock market (Dong et al., 2024; Chen et
al, 2024).

6 Data Source: https://www.analysys.cn/
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where cu;;; denotes the count of co-investors simultaneously participating in both sub-forums
i and j on day t, while ng;,and ngj, represent the number of posts and replies generated by

co-investors in each of the two stock sub-forums on day t.

To examine the effects of positive and negative information interactions by individual
investors on upward and downward co-jumps, respectively, we first classify posts and replies
as positive or negative based on their sentiment scores, with detailed method provided in
Appendix B. Then, we calculate the positive information interaction intensity num{'fj_t and the
negative information interaction intensity num;;, between sub-forum i and sub-forum j on a

given day t as follows:

ClUije
mumify = ) nife +nif, )
a=1
where cu; ;. denotes the count of co-investors simultaneously participating in both sub-forum
i and sub-forum j on day ¢, HI{,? and n} J/,? represent the number of posts and replies generated
by co-investors in each of the two stock sub-forums on day ¢, and “ +/ — ” means that the

sentiment of the post/reply is positive or negative, respectively.
3.2.3. Cross-stock Sentiment Convergence

Information disseminated by co-investors across the two sub-forums may gradually spread
to the broader investor base in sub-forum, ultimately shaping the sentiment of all participants
in both forums. Accordingly, we construct measures of cross-stock sentiment convergence
based on the sentiment of all posts and replies in each stock sub-forum. We first calculate a
sentiment index for each stock sub-forum using the following procedure: (i) We compute the
sentiment scores of posts and replies in each stock sub-forum using the method described in
Appendix B and classify them as either positive or negative; (ii) We count the number of
positive (negative) posts and replies for each stock on a given day; (iii) Following the approach
of Yi et al. (2024), we construct a daily investor sentiment index STM;. for stock i by
aggregating the counts of positive and negative posts and replies in each stock sub-forum on

each trading day, which is defined as follows:

_ boSig—mnegi;

STM;j= —, 3
i posis +negi ®)

where pos;; represents the total counts of positive posts and corresponding replies generated
in the sub-forum of stock i on day t and neg;; represents the total counts of negative posts and

their associated replies within the same sub-forum for stock i on day t. When the number of
11



positive posts in the sub-forum is greater than the number of negative posts, STM;, is greater

than 0 and vice versa is less than 0.

Subsequently, we construct a proxy measure for sentiment convergence following Ton et
al. (2024). We construct the investor sentiment consistency indicator SC between stock pairs

as the proxy measure for cross-stock sentiment convergence:
SCije = | STM ;s — STM ¢ l, 4

where STM;; is the stock forum sentiment index of sub-forum i on a given day t, this indicator
measures the difference in daily investor sentiment between two stocks. A larger value of
SC;;. indicates a lower degree of sentiment convergence, whereas a smaller value indicates a

higher degree of sentiment convergence.
3.2.4. Control Variables

To ensure the robustness of the research results, we control for established determinants
of stock price co-movements documented in the existing literature. Specifically, we selected
the following control variables that may impact stock price co-jumps: stock price difference
(Chen et al., 2024), trading volume difference (Yi et al., 2024), turnover rate difference (Lee &
Bhaskaran, 2000), market value difference (Kumar & Lee, 2006), industry difference (Blau et
al., 2023), common analyst coverage (Chen et al., 2024), common institutional ownership
(Anton & Polk, 2014), and news tone difference (Jeon et al., 2022). All control variables are

measured daily at the stock-pair level. The specific measurement methods are shown in Tablel.

[Insert Table 1 Here]
3.3. Regression Model
3.3.1. Individual Investors’ Information Interactions and Co-jumps

In order to test the effect of individual investors’ information interactions across stocks on
price co-jumps, we construct a two-way fixed effects panel data regression model with robust

standard errors clustered at the stock-pair level:
C]i,j,t = a7 + ﬁl-numi_jlt + Zleontrolsi,j_t + AL' + Aj + Tt + gi,j,t; (5)

where CJ;;, is the number of co-jumps among stocks i and j on trading day ¢, num,; isthe
intensity of individual investors’ information interactions across stock sub-forums related to
stocks i and j on that day, and Controls;;: includes a set of control variables: stock price

difference, trading volume difference, turnover rate difference, market value difference,
12



industry difference, common analyst coverage, common institutional ownership, and news tone
difference. A;4;,74,¢;, are the individual fixed effects of stock i, the individual fixed effects of

stock j, the time fixed effects, and the random error term, respectively.

3.3.2. Modelling Positive (Negative) Individual Investors’ Information Interactions on

Upward (Downward) Co-Jumps

In this section, we investigate the effect of positive (negative) individual investors’
information interactions on upward (downward) co-jumps. To achieve this, we employ two-
way fixed effects panel data regression models with robust standard errors clustered at the

stock-pair level, as presented below:

up_C]l-J-,t =ap+ ,anumffj,t + Z)/zControlsi,j,t + A+ /1]' T T+ it (6)
down_CJ;j: = az + Bznum;;. + YyzControlsije + A+ A; + T¢ + &1, (7)

where up_CJ; ;. is the number of upward co-jumps between stocks i and j on trading day t,
and down_CJ;;. is the number of downward co-jumps between stocks i and j on that day.
num{;, and num;;, are the intensities of positive and negative individual investors’

information interactions across stock sub-forums related to stocks i and j on that day.
3.3.3. Mechanism Analysis

To examine whether sentiment convergence serves as the mechanism through which
individual investors’ information interactions drive stock price co-jumps, we conduct a two-
stage analysis following the methodology employed in recent studies (Safiullah et al., 2024).
In the first stage, we estimate the effect of individual investors’ information interactions on
stock price co-jumps using model (5). In the second stage, we employ models (8) to assess the
impact of individual investors’ information interactions on the sentiment convergence. The

model specifications are as follows:
SCiji=as + Banum;j. + YysControlsije + A+ Aj + Tc + &, (8)

where SC;;. is the proxy indicator of sentiment convergence between stocks i and j on
trading day t. num,;;, is the intensity of individual investors’ information interactions

across stock sub-forums related to stocks i and j on that day.

Furthermore, we also distinguish between positive and negative information interactions
to investigate whether both types facilitate sentiment convergence, and whether their effects

differ in magnitude or significance. The model specifications are as follows:
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SCij=as + [3’5-num2fj,t/num[j,t + YysControlsije + A+ A+ T + & 9

where SC;;. is the proxy indicator of sentiment convergence between stocks i and j on
trading day t. num{'_'j,t and num;;, are the intensities of positive and negative individual

investors’ information interactions across stock sub-forums related to stocks i and j on that day.

Additionally, following Ullah & Begum (2025), we employ the Sobel-Goodman test and
the Bootstrap method to quantify the indirect effect and calculate the proportion of the total

effect mediated by sentiment convergence.
4. Empirical Results
4.1. Description of Key Variables

Table 2 presents the descriptive statistics for the key variables utilized in this paper,
including the dependent variables, independent variables, and control variables. From January
1, 2020, to December 31, 2023, the total number of downward co-jumps (11,006,991) is greater
than that of upward co-jumps (8,219,525). This observation aligns with findings from prior
studies, which indicate that downward jumps occur more frequently than upward jumps
(Bollerslev et al., 2008). The mean of individual investors’ information interaction intensity
num is 1.412 with a standard deviation of 6.549, suggesting that significant information
interactions exist in certain stock pairs. Moreover, the mean values of positive individual
investors’ information interaction intensity num? and negative individual investors’
information interaction intensity num~ are 0.704 and 0.537, respectively, indicating that
positive information interactions are more frequent than negative interactions in the sample.
The higher intensity of positive individual investors’ information interactions, relative to
negative information interactions, is likely attributable to investors’ greater propensity to accept
and disseminate positive information (Josefy et al., 2023). In addition, the mean of SC is 0.406,
suggesting the presence of sentiment convergence across different stock pairs. These findings
confirm the existence of both individual investors’ information interactions and sentiment
convergence in the sample, providing a solid foundation for the subsequent regression analysis.
Given the excess zeros in dependent variables, we employ Poisson pseudo-maximum likelihood
method as a robustness check to ensure the reliability of our results. To examine the
relationships among these key variables, we compute the Pearson correlation coefficients for

the main variables, as presented in Appendix C.

[Insert Table 2 Here]

4.2. Individual Investors’ Information Interactions and Stock Price Co-Jumps
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To explore the influence of individual investors’ information interactions across stock sub-
forums on stock price co-jumps, we use the intensity of individual investors’ interactions as the
explanatory variable and the number of stock co-jumps as the dependent variable. Table 3
presents the baseline regression results assessing the relationship between individual investors’
information interactions and stock price co-jumps. Across all models (columns 1-6), the
coefficients of num, remain consistently positive and statistically significant at the 1% level.
This result provides strong evidence that individual investors’ information interactions across
stock sub-forums significantly contribute to stock price co-jumps, thereby supporting our
Hypothesis H1. Moreover, the robustness of these results is confirmed through various model
specifications. After including control variables, the coefficient of num;in column 2 remains
positive and significant. In addition, when the dependent variables are shifted forward up to
four periods (CJ¢+1 ~ CJ¢+4, columns 3 to 6), the coefficients remain statistically significant,
indicating that individual investors’ information interactions also influence future stock price
co-jumps. These findings are consistent with prior research highlighting the role of individual
investors’ information interactions in driving stock price co-movements (Chen et al., 2024;
Jiang et al., 2019). While prior research focused on information diffusion and its effects on
stock co-movements, our study extends this literature by specifically identifying how

information exchanges across stock sub-forums contribute to stock price co-jumps.

[Insert Table 3 Here]
4.3. Robustness Tests and Endogeneity Issues
4.3.1. Robustness Tests

(1) Robustness Tests: Poisson pseudo-maximum likelihood (PPML) method

The dependent variable CJ;;, is non-negative integer, which may violate the normality
assumption of the baseline linear model. To address this, we re-estimate our main specifications
using PPML method, a natural framework for count data. Given the long sample period (2020—
2023) and to ensure that our results are not driven by time-varying unobserved factors or
structural breaks, we estimate the Poisson model separately for each calendar year (2020, 2021,
2022, 2023). This year-by-year approach also serves as an additional robustness check against

potential over-fitting or cross-temporal heterogeneity.
[Insert Table 4 Here]
(2) Robustness Tests: Alternative Co-jumps Measure

We transform the dependent variable into a binary indicator num;, assigning a value of 1
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if a co-jump occurred between the stock pairs, and 0 otherwise. The regression results for this
specification are presented in column 1 of Table 5. The findings indicate that the intensity of
individual investors’ information interactions continues to have a statistically significant effect

on the occurrence of co-jumps, thus confirming the robustness of our original results.
(3) Robustness Tests: Excluding Extreme Values

To ensure the robustness of the baseline regression results, we conduct a sensitivity test to
assess the influence of extreme values. Specifically, we exclude the top 5% of observations
with the highest num, and re-estimate using the remaining subsample. As shown in column 2
of table 5, the coefficient on num; remains largely unchanged in magnitude and statistical
significance compared to the baseline estimate from the full sample. This indicates that the
main findings of the study are not driven by a small number of highly active information

interactions.
(4) Robustness Tests: Normalizing the information interaction intensity

To mitigate the potential influence of variations in shareholder base size across listed firms
on individual investors’ information interaction intensities, we redefine the measure of
information interaction intensity by normalizing it with respect to the total number of
shareholders in each period, resulting in a “per capita information interaction intensity” (N_
num,). Regression results based on this adjusted metric remain highly consistent with our
baseline findings, as shown in columns 3 and 4 of table 5, indicating that the baseline results
are robust to differences in shareholder scale and are not driven by firm-level variations in

shareholder counts.
(5) Robustness Tests: Extreme Event Analysis

In this robustness check, we focus on the extreme event associated with the Chinese
government’s reduction of the stamp duty on August 28, 2023, which had a substantial impact
on the stock market. Such extreme events can introduce large and unexpected shocks to market
dynamics. We conduct this analysis to demonstrate that our results remain robust even in the
context of such extreme events. To evaluate whether our results remain valid during this period,
we limit the sample to August and September 2023. The results, reported in column 5 of Table
5, indicate that even during this period of heightened market volatility, the effect of individual
investors’ information interactions on stock price co-jumps remains statistically significant,

further confirming the robustness of our conclusions.
(6) Robustness Tests: Annual Subsample Analysis

In addition, we divide the full sample from 2020 to 2023 into four annual subsamples and
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conduct separate regressions for each. This division allows us to examine whether the
relationship between individual investors’ information interactions and stock price co-jumps
remains consistent across different market conditions. By utilizing annual subsamples, we can
ensure that our results are not driven by specific years or temporal effects. The results presented
in columns 6 to 9 of Table 5 demonstrate that the relationship between individual investors’
information interaction intensity and co-jumps remains significant and consistent across all four

years, further confirming the impact of information interactions on stock price co-jumps.

Notably, the COVID-19 pandemic began in 2020, and the Russia-Ukraine war started in
2022. Despite these exogenous shocks, the coefficient for num; remains significantly positive
across all years, indicating that even when accounting for these macroeconomic events, the

impact of information interactions on stock price co-jumps remains robust.

[Insert Table 5 Here]
4.3.2. Endogeneity Issues

In the preceding regression analyses, we have already controlled for potential common
shocks, such as news tone differences, common institutional ownership, common analyst
coverage, and have tested the impact of current information interactions on co-jumps in the
following 1 to 4 periods. However, despite these efforts, reverse causality remains a potential
source of endogeneity. Specifically, stock price co-jumps may also drive increased individual
investors’ interactions, as significant price movements often prompt more discussions and
information exchanges across stock sub-forums. To address this concern, we employ
exogenous shock and instrumental variables approaches to mitigate the bias arising from

reverse causality.

(1) Endogeneity: Exogenous Shock: Eastmoney.com Forum Outage

To address potential endogeneity concerns and strengthen the causal link between
individual investors’ information interactions and stock price co-jumps, we utilize the
Eastmoney.com stock forum outage on November 12, 2021 as an exogenous shock that
substantially reduces individual investors’ information interactions. On that day, the
Eastmoney.com forum suffered an outage starting at around 7:00, before the opening of the A-
share market. The service was not restored until the market closed, leaving investors unable to
access the platform during the entire trading session. Representatives from Eastmoney.com
subsequently confirmed the outage, stating that maintenance work was underway, and services
were fully restored later in the day. The unexpected technical failure served as an external shock

that temporarily reduced the intensity of information exchanges among individual investors,
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independent of the concurrent stock price movements. This exogenous event provides a unique
opportunity to examine the impact of investor information interactions on stock price co-jumps,

while addressing the concern of reverse causality.

Specifically, we adopt a difference-in-differences (DID) approach to mitigate potential
endogeneity issues related to unobservable stock pair-level characteristics. Since the forum
outage only lasted one day and all functions resumed normal operation shortly afterwards, its
impact is transient. We therefore define our sample as two weeks before the outage and two
consecutive trading days covering the outage day and the next trading day. We first construct a
time indicator variable, Post, which equals 1 for these two post-event trading days, and 0 for
the two weeks preceding the outage. Next, we classify stock pairs with non-zero information
interaction intensity before the outage as the treatment group (Treat=1), and those with no
information interactions before the outage as the control group (Treat=0). We then replace the
baseline information interaction measure in our co-jump specification with the interaction term
Treat X Post to estimate the causal effect of the forced reduction in forum activity on co-

jump behavior.

As shown in column (1) of Table 6, the coefficient of Treat X Post is —0.0013 and
statistically significant, which suggests that the Eastmoney forum outage significantly reduced
the frequency of stock price co-jumps for treatment pairs relative to control pairs. This finding
confirms that the exogenous shock-induced reduction in investor information interactions
weakens the co-jump behavior, consistent with our main hypothesis that individual investors’
information interactions drive stock price co-jumps. This DID design mitigates reverse
causality concerns, providing robust causal evidence of the positive relationship between

investor information interactions and stock price co-jumps.
[Insert Table 6 Here]

(2) Endogeneity: Instrumental Variables Approach

To further address endogeneity issues, we apply the instrumental variable approach. We
construct the first instrumental variable based on the total information interaction volume of all
other stock portfolios and simultaneously control for the interaction fixed effects of industry
and time to alleviate possible industry spillover problems. Then, we construct the second
instrumental variable using the internal instrumental variable method based on
heteroskedasticity proposed by Lewbel (2012). The results continue to show a significant effect
of information interaction intensity on stock price co-jumps. Detailed results are provided in

Appendix D.
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4.4. Further Analysis
4.4.1. The Asymmetry of Driving Factors for Upward and Downward Co-jumps

Table 7 presents the regression results for positive (negative) individual investors’
information interactions on upward (downward) co-Jumps, with the sample period

spanning from January 2020 to December 2023.

In Panel A, across columns 1-9, the coefficients of num{ consistently show a
positive and statistically significant relationship with upward co-jumps. Specifically, in the
column 1 (2020.01-2023.12), the coefficient of num{ is 0.0002, indicating that a higher
level of positive information interaction significantly increases the likelihood of upward
co-jumps among stock pairs. The relationship remains significant across the sub-periods,
with the coefficients ranging from 0.0001 to 0.0003. In Panel B, we observe the impact of
negative information interaction num; on downward co-jumps down_CJ;. Similar to
Panel A, we find statistically significant positive coefficients for num; across most
periods. In the column 1 (2020.01-2023.12), the coefficient for num; is 0.0001, with a t-
statistic of 20.35, indicating a positive impact on downward co-jumps, and this effect is

consistent across most sub-periods.

We compare the regression results reported in Panel A and Panel B and find a clear
asymmetry in the effects of positive versus negative information interactions on stock price
co-jumps. Positive information interactions, denoted as numj, exhibit a stronger and more
immediate influence on upward co-jumps, as indicated by the larger and more statistically
significant coefficients in Panel A. In contrast, negative information interactions, denoted
as num;, demonstrate a weaker effect on downward co-jumps, as reflected in Panel B,
where the coefficients are smaller and less statistically significant. This asymmetry in the
impact of positive and negative information interactions on stock price co-jumps may stem
from differential investor responses to each type of information. Positive information tends
to elicit faster and more synchronized reactions from investors, thereby triggering upward
co-jumps. Negative information, on the other hand, often disseminates more slowly and
may be accompanied by greater investor skepticism, resulting in a less pronounced effect
on downward co-jumps. These findings provide empirical support for Hypothesis 3, which
suggests that positive information interactions have a stronger influence on upward co-

jumps than negative information interactions have on downward co-jumps.

These results are based on the Chinese market, where individual investors dominate

and may exhibit a bias toward positive information. This asymmetry in the investor base
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may contribute to the observed behavioral patterns, as individual investors are often more
susceptible to sentiment-driven decision-making. However, it is important to acknowledge
that in institutional-heavy markets, such as those in the United States, institutional investors
are likely to adopt a more rational and data-driven approach, which could lead to different

outcomes.

[Insert Table 7 Here]

4.4.2. Heterogeneity Analysis

(1) Market Capitalization Heterogeneity

To examine whether the effect of individual investors’ information interaction intensity
on stock price co-jumps varies across firms with different market capitalizations, we perform a
heterogeneity analysis by categorizing stock pairs based on their market capitalization. We
divide stock pairs into two groups following Dong et al. (2024): “Big-Cap” if both stocks in the
pair have a market capitalization exceeding the median size, and “Small-Cap” if both stocks
have a market capitalization below the median size. The dynamics of information diffusion and
the sensitivity to investor sentiment may differ between “Big-Cap” and “Small-Cap” stocks.
“Big-Cap” stocks typically have more stable investor bases and lower volatility, making them
less susceptible to co-jumps driven by information dissemination. In contrast, “Small-Cap”
stocks tend to be more volatile and more responsive to investor sentiment and information

flows, which may render them more prone to co-jumps triggered by information interactions.

The results of the market capitalization heterogeneity analysis are presented in Table 8
Panel A, where columns (1)-(2) correspond to the estimates for the “Big-Cap” stock pairs and
columns (3)-(4) to those for the “Small-Cap” stock pairs. As shown, the coefficients for the
“Small-Cap” stock pairs are not only statistically more significant but also exhibit larger
magnitudes. This suggests that information interactions among individual investors have a
stronger influence on co-jumps in the case of “Small-Cap” stock pairs. Additionally, we find
that in the “Small-cap” samples, the impact of positive information interaction on upward jumps

is much greater than that of negative information interaction on downward jumps.

(2) Industry Heterogeneity

Subsequently, building on the approach of Hoque & Mu (2023), we analyze industry-level
heterogeneity to evaluate whether the observed asymmetry is more pronounced in specific
thematic sectors. This examination is motivated by evidence that co-investors, particularly

individual investors, tend to concentrate their investments within certain industries. Following
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the method proposed by Peng & Mao (2017), and in accordance with the Guidelines on Industry
Classification of Listed Companies issued by the China Securities Regulatory Commission
(CSRC) in 2012, we classify the sample into two subsamples: the “High-tech” stock pairs and
the “Others” stock pairs, based on whether both stocks in each stock pair belong to the high-

tech industry.

The empirical results reported in columns (1) and (2) of Table 8 Panel B indicate that, in
the “High-tech” stock pairs, the effect of positive information interactions on upward jumps is
significantly stronger than that of negative information interactions on downward jumps. In
contrast, this asymmetry is not statistically significant in the “Others” stock pairs. The results
can be interpreted from two perspectives: on the one hand, the high-tech industry contains a
relatively high proportion of small-cap stocks, thereby inheriting the strong sensitivity of small-
cap stocks to positive information interactions, which gives rise to a pronounced positive-
negative asymmetry. On the other hand, the high-tech industry itself is characterized by rapid
technological change, high information asymmetry, and strong dependence on innovation-
related news and market expectations. Individual investors in this sector tend to interpret
optimistic information more positively, further amplifying the driving effect of positive

information interactions.
(3) Information Transparency Heterogeneity

To examine whether the impact of individual investor information interaction on stock
price co-jumps varies among enterprises with different levels of information transparency, we
group the stock pairs based on the financial report transparency and conduct a heterogeneity
analysis. Following the research of Hutton et al. (2009), we construct an information
transparency index, which is obtained by taking the average of the absolute values of the
discretionary accruals of the enterprise over the past three years. The larger the index value, the
lower the information transparency of the enterprise. Following the grouping logic of the
previous heterogeneity analysis, the stock pairs are divided into two groups: if the information
transparency index of both stocks in each stock pairs is below the median, they are classified
as the “high transparency” stock pairs, indicating higher information transparency; if the
opacity index of both stocks in each stock pairs is above the median, they are classified as the

“low transparency” stock pairs, indicating lower information transparency.

The results of the information transparency heterogeneity analysis are presented in Table
8 Panel C. As shown, for the “low transparency” stock pairs, the coefficients of both num;
and num; are larger and more statistically significant than those for the “high
transparency” stock pairs. This suggests that information interactions among individual
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investors have a stronger influence on co jumps for firms with lower information
transparency. This is because stocks with low information transparency disclose
insufficient public financial information and business conditions, making it difficult for
investors to form accurate judgments based on public information. In this situation,
individual investors rely more on information interaction on social media platforms such
as stock forums to obtain incremental information and make up for the insufficiency of
public information. Therefore, information interaction plays a stronger marginal role in low
transparency stocks and has a more significant driving effect on stock price co-jumps.
Given that small-cap stocks are typically characterized by lower information transparency
and fewer analyst followings (Lang et al., 1996), the above mechanism is particularly

relevant for explaining the stronger effects observed in the small-cap segment.

[Insert Table 8 Here]

4.4.3. Mechanism Analysis

(1) Mechanism Analysis: Two-stage Analysis

To empirically test whether sentiment convergence serves as the mechanism through
which individual investors’ information interactions drive stock price co-jumps, we conduct
a two-stage analysis based on the method used in recent studies (Safiullah et al., 2024),
with panel data regressions with fixed time and individual effects, clustered at the stock
pair level. In the first stage, we examine the effect of individual investors’ information
interactions on stock price co-jumps. In the second stage, we test whether information
interactions influence sentiment convergence, which in turn may impact stock price co-
jumps. We employed two-way fixed effects in our model to address major concerns of

omitted variables, thereby supporting a causal interpretation of the mediation pathway.

Table 9 presents the results of the mechanism analysis. In column (1), the coefficient
of num,; is positive and statistically significant, suggesting that increased information
interactions among individual investors leads to a higher probability of stock price co-
jumps. In column (2), the coefficient of SC; is negative and statistically significant. This
suggests that higher levels of individual investors’ investor information interaction reduce
sentiment divergence between stocks, further confirming that individual investors’
information interactions contribute to sentiment convergence across different stock sub-

forums.

We further examine whether positive and negative information interactions also

operate through sentiment convergence. As shown in columns (3) and (4), the coefficient
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of num{ on upward co-jumps is positive and significant, while its coefficient on SC; is
negative and significant. This indicates that positive information interactions promote
upward co-jumps by reducing sentiment divergence. Similarly, columns (5) and (6) show
that num; has a positive effect on downward co-jumps and a negative effect on SC,,
suggesting that negative interactions also facilitate downward co-jumps via sentiment
convergence. Collectively, these findings provide robust evidence for the hypothesis that
individual investors’ information interactions drive stock price co-jumps through the

mechanism of sentiment convergence.

[Insert Table 9 Here]
(2) Mechanism Analysis: Sobel-Goodman test and Bootstrap

Additionally, to provide more robust evidence of the mediation mechanism, we
employ the Sobel-Goodman test and the Bootstrap method. These methods are standard in
causal mediation analysis and directly test the significance of the indirect effect (Ullah &
Begum, 2025), thereby establishing a causal link between information interactions and co-
jumps through sentiment convergence. The results, presented in Table 10, are consistent
with our previous conclusions. The mediation analysis reveals that sentiment convergence
explains approximately 3.4% of the total effect of overall information interactions on co-
jumps. For positive information interactions on upward co-jumps, the mediated proportion
is 1.4%; for negative information interactions on downward co-jumps, it is 5.6%. These
proportions, while modest, are statistically significant, confirming that sentiment

convergence serves as a partial mediator across all specifications.

[Insert Table 10 Here]
4.4.4. Investment strategies

According to the empirical results presented in Sections 4.4.1 and 4.4.2, positive (negative)
information interactions among individual investors significantly contribute to the occurrence
of upward (downward) co-jumps, and the effects exhibit heterogeneous characteristics across
firms of different sizes. Furthermore, using a two-way fixed-effects panel regression model
with time and stock fixed effects, we evaluate the predictive power of co-jumps on future
individual stock returns, as detailed in Appendix E. Based on these findings, we develop a
dynamic trading strategy using a rolling-window approach. The dataset covering the period
from 2020 to 2023 is divided into eight consecutive six-month windows. Within this framework,

historical data are used to determine out-of-sample trading strategies, with daily trading
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decisions in the current window informed by the influence of positive and negative information
interactions on co-jumps observed in the previous window. Moreover, the holding time for each
position is dynamically adjusted based on the predictive power of co-jumps for future returns,
which is also estimated from the results of the preceding window. The formal introduction of
margin trading and short selling in China on March 31, 2010, and the subsequent expansion of
the program to include over 1,000 stocks, provides the foundation for constructing and
analyzing both long and short strategies in this study. The implementation details of the trading

strategy are provided in Appendix F.

We conduct out-of-sample back-tests of the strategies involving long and short positions
on “Big-Big” and “Small-Small” stock pairs using data spanning from July 1, 2020, to
December 31, 2023. In the performance evaluation, the transaction costs in the Chinese A-share
market are accounted for and appropriately adjusted’. The performance is benchmarked against
the SSE Composite Index, with evaluation focusing on key metrics including cuamulative return,
Sharpe ratio, Sortino ratio, max drawdown, VaR 95%, and CVaR 95%, and tracking error (Kim
et al., 2018), as shown in Table 11. We also present the cumulative returns of each strategy
during the testing period in Fig. 1 and find that the “Long S-S” strategy demonstrates consistent
outperformance relative to the SSE Index across the entire back-testing period, with cuamulative

returns of 69.63%.

[Insert Table 11 and Fig. 1 Here]

5. Conclusion

This study explores the impact of individual investors’ information interactions on
stock price co-jumps, with a particular focus on the role of social media platforms as a
channel for information diffusion. We find compelling evidence that information
interactions across different stock sub-forums significantly contribute to stock price co-
jumps. Then, we observe an asymmetry in the effects of positive and negative interactions,
with positive individual investors’ information interactions having a stronger and more
consistent impact on upward co-jumps, while negative individual investors’ information

interactions exert a weaker influence on downward co-jumps. Furthermore, the mechanism

7 For long positions, the total costs include brokerage commissions at 0.015% of the trade value, a
unilateral securities transaction stamp tax of 0.05% levied on sellers as per State Taxation Administration
regulations, share transfer fees at 0.001%, and ancillary charges such as exchange fees (0.00487%). Short
positions incur additional financing costs beyond the baseline fees, most notably margin interest charged

at an annualized rate of 7%.
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analysis reveals that sentiment convergence is the mechanism through which individual
investors’ information interactions drive stock price co-jumps. Moreover, the heterogeneity
analysis reveals that the promoting effects of information interactions on co-jumps are
stronger for small-cap stocks, and firms with low information transparency. Notably, the
asymmetric impact of positive versus negative information interactions on upward versus
downward co-jumps is uniquely significant in high-tech sectors, whereas this asymmetry
is not observed in other industries. Additionally, building on these findings, we propose a
dynamic investment strategy based on information interactions and co-jumps. Our strategy,
which adjusts positions according to the occurrence of co-jumps and utilizes predictive
capacity for future returns, demonstrates robust performance in back-tests, with substantial

returns outperforming the SSE Index.

This study makes several important contributions to the literature. First, it advances
research on stock price co-jumps by highlighting the pivotal role of the cross-stock of
information diffusion driven by individual investors’ information interactions on social
media platforms, offering new insights into the drivers of co-jump dynamics. Second, it
extends the literature on investor sentiment in financial markets by shifting the focus from
individual stocks to stock pairs and identifying cross-stock sentiment convergence as the
key mechanism through which information interactions drive co-jumps. Thirdly, this study
enriches the understanding of co-jumps by distinguishing between upward and downward
co-jumps and examining the asymmetric effects of positive versus negative information
interactions among individual investors. Finally, it offers valuable insights into the
intersection of textual analysis, sentiment convergence, and co-jumps, not only advancing
the measurement of the sentiment convergence index but also delivering practical

implications for co-jump risk management.

Our findings offer practical implications for both investors and regulators. For
investors, this study provides valuable insights into how information interactions among
individual investors on social media platforms influence stock price co-jumps. Individual
investors can leverage these interactions to improve their trading strategies, particularly in
small-cap stocks that are more sensitive to such dynamics. For regulators, the research
underscores the importance of monitoring and regulating information dissemination on
social media. As individual investors increasingly rely on these platforms for financial
information, the spread of both accurate and misleading content can significantly affect
market stability. Regulators should consider implementing measures to promote timely and
transparent disclosure, counter misinformation, and monitor online forums for signs of

market manipulation, thereby helping to mitigate risks associated with excessive co-
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movement in stock prices.

This study has two limitations that point to promising avenues for future research. First,
while we examine the effects of positive and negative information interactions on upward and
downward co-jumps, our analysis does not account for their impact on mixed-direction co-
jumps. Future studies could investigate this dimension to achieve a more comprehensive
understanding of how information interactions influence co-jump dynamics, as well as to refine
investment strategies accordingly. Second, our analysis is based on the Chinese market, where
individual investors dominate and may exhibit a preference for positive information. To extend
the scope of this research, future work could compare markets with differing investor
compositions, such as the individual investor-driven Chinese market and the institutionally
dominated U.S. market, to examine how information interactions affect stock price co-jumps

in distinct institutional and behavioral environments.
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Table 1. List of Variables

Notation Meaning Calculation Method
cs the number of co-jumps without
distinction of direction _
up_CJ the number of upward co-jumps See Appendix A.
down_CJ the number of downward co-jumps
num information interaction intensity See formula (12).
num*!- pomqve/neggnvg 1nfor'mat10n See formula (13).
interaction intensity
sC the investor sentiment consistency See formula (15).
between stock pairs
Dp stock price difference | in(pi/ p)) |_’ i r.epresents
the price of stock i.
| In(voli/vol)) |, where vol;
Dvol trading volume difference represents the trading volume of
stock i.
In(size;/size; size;
Dsize market value difference | ( i/ ]) |’ where L
represents the market value of stock i.
In(hs;/hs; hs;
Dhs turnover rate difference | n(hsq/ 5 ) |, where hs; ]
represents the turnover rate of stock i.
Dind industry difference 1 for the same industry, 0 for

same_holders

common_analysts

Dnews_tone

common institutional ownership

common analyst coverage

news tone difference

otherwise
It represents whether there is common
institutional shareholding.

It represents whether there is common
analyst coverage.
|news_tone; — news_tone; |, where
news_tone; is calculated by
subtracting the number of negative
news articles from the number of
positive news articles related to the
stock i.

Note: This table presents the main variables and their calculation methods. We standardize all
variables to daily frequency. Dp, Dvol, Dsize, Dhs, DInd, Dcity, and Dnews_tone are daily
measures. Since individual stock institutional holdings are disclosed quarterly, the common
institutional ownership variable (same_holders) adopts quarterly values and stays unchanged across
all days in each quarter. The common_analysts is measured based on all analyst reports issued
during each month. We then apply this monthly value to all daily observations in the corresponding

month.
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Table 2. Description of Variables

Variables Mean Std. Dev. Min Max
CJ] 0.048 0.218 0 6
up_CJ 0.015 0.121 0 4
down_CJ 0.020 0.139 0 3
num 1.412 6.549 0 5047
num™ 0.704 2.862 0 2473
num™~ 0.537 3.048 0 2040
SC 0.406 0.346 0 2
Dp 0.910 0.746 0 6.908
Dvol 1.809 1.446 0 12.989
Dsize 1.222 0.975 0 8.169
Dhs 1.036 0.804 0 8.867
Dind 0.033 0.178 0 1
same_holders 0.291 0.454 0 1
common_analysts 0.004 0.064 0 1
Dnews_tone 0.162 0.889 0 207
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Table 3. Baseline Results

VARIABLES (€] 2 3) 4 ©) (6)
Cle Cle Cle+1 Cle+2 Cle+3 Clevs
0.0003***  (0.0002*** 0.0003*** 0.0002*** 0.0001*** 0.0001***
e (30.48) (28.41) (28.53) (26.23) (24.64) (23.81)
Dp -0.0020™ -0.0018™* -0.0018"* -0.0018"* -0.0018"*"
(-38.71) (-36.32) (-35.63) (-35.00) (-34.83)
Dvol -0.0007***  -0.0007*** -0.0007*** -0.0007"**  -0.0007"*"
(-32.86) (-34.06) (-33.99) (-34.89) (-36.25)
Dsize -0.0006™* -0.0004™* -0.0005*** -0.0005""* -0.0006"*"*
(-13.32) (-8.41) (-11.46) (-12.16) (-13.65)
Dhs -0.0003***  0.0002"**  -0.0001***  -0.0003"** -0.0004"*"
(-9.71) (6.88) (-4.63) (-11.24) (-15.08)
Dind 0.0035™*  0.0035**  0.0036™"  0.0036™  0.0036™"
(19.44) (19.29) (19.81) (19.99) (20.05)
same_holders -0.0000™*  -0.0000™* -0.0000***  -0.0000"** -0.0000"*"
(-21.60) (-24.58) (-21.87) (-21.36) (-22.56)
common_analysts 0.0002™*  0.0002***  0.0003***  0.0003***  0.0003***
(2.61) (2.73) (3.73) (4.13) 4.41)
Dnews_tone 0.0002***  0.0002"**  0.0001***  0.0001"*  0.0002"*"
(17.28) (14.22) (10.37) (10.37) (15.75)
Constant 0.0480***  (0.0531*** (0.0530*** (0.0533*** (.0535*** (.0536%**
(1769.59) (628.80) (624.38) (641.28) (647.99) (650.10)
Stock Fixed Yes Yes Yes Yes Yes Yes
Time Fixed Yes Yes Yes Yes Yes Yes
R 0.0791 0.0867 0.0865 0.0862 0.0860 0.0858
N (million) 557.2257  557.2257  555.1547  553.0838  551.0129  548.9420

Note: Table 3 reports the baseline results for the impact of individual investors’ information
interactions on stock co-jumps. num; is the individual investors’ information interaction intensity
across two stock sub-forums on trading day t, CJ;, :+4 denote the number of co-jumps on trading
day t,..,t + 4, respectively. Controls includes a set of control variables: Dp, Dvol, Dsize, Dhs,
DiInd, Dcity, same_holders, common_analysts, and Dnews_tone. We consider time and stock
fixed effects. ***, ** and * denote the 1%, 5%, and 10% significance level, respectively. The values
in parentheses represent the t-statistics, computed based on standard errors clustered at the stock-pair
level in all specifications, following Millo (2017).
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Table 4. Results of PPML method

(D (2 (3 4
CJ: (2020) CJe (2021) CJe (2022) CJe (2023)
num 0.0022%* 0.0016%** 0.0016%** 0.0134%*
(12.93) (10.31) (16.63) (20.67)
Constant ~1.8760%+* -2.539 1% -2.1824%%% -2.4164%%%
(-644.34) (-852.40) (-721.68) (-882.58)
Controls YES YES YES YES
Time Fixed YES YES YES YES
Stock Fixed YES YES YES YES
Pseudo R’ 0.2391 0.1235 0.1605 0.1389
N (million) 113.1498 133.1320 151.9654 157.5304

Note: This table presents the robustness test results based on the Poisson Pseudo-Maximum
Likelihood (PPML) estimation approach. num; is the individual investors’ information interaction
intensity across two stock sub-forums on trading day t, CJ; is the number of co-jumps on that day,
Controls includes a set of control variables: Dp, Dvol, Dsize, Dhs, DInd, Dcity, same_
holders, common_analysts,and Dnews_tone. We also consider time and stock fixed effects. ***,
** and * denote the 1%, 5%, and 10% significance level, respectively. The values in parentheses
represent the z-statistics, computed based on standard errors clustered at the stock-pair level in all

specifications.
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Table 5. Results of Other Robustness Tests

(1 (2) (3 (4> (5)
Cli Ce Cle Cle+ CJe
num; 0.0003*** 0.0028*** 0.0086%***
(30.49) (211.89) (36.25)
N_num, 54.,5932%** 60.8429%**
(166.35) (176.70)
Constant 0.0474%** 0.0511%** 0.0527*** 0.05250*** 0.0575%**
(1777.88) (783.42) (182.37) (1837.76) (318.21)
Controls YES YES YES YES YES
Time Fixed YES YES YES YES YES
Stock Fixed YES YES YES YES YES
R’ 0.0787 0.0797 0.0795 0.0795 0.1360
N (million) 557.2257 529.3644 557.2257 555.1547 28.2609
Table 5. (Continued)
(6) (7 (8 (D
CJ: (2020) CJ: (2021) CJ: (2022) CJ: (2023)
numg 0.0003%*** 0.0001*** 0.0001*** 0.0035%**
(22.52) (14.89) (11.37) (6.95)
Constant 0.0594*** 0.0473%** 0.0500%** 0.0596%***
(393.12) (391.42) (369.59) (41.26)
Controls YES YES YES YES
Time Fixed YES YES YES YES
Stock Fixed YES YES YES YES
R’ 0.1471 0.0452 0.0771 0.1069
N (million) 113.1498 133.1320 151.9654 157.5304

Note: This table shows the results of additional robustness tests for our baseline regression model.
num, is the individual investors’ information interaction intensity across two stock sub-forums on
trading day t, N_num, is the normalized individual investors’ information interaction intensity across
two stock sub-forums on trading day t, CJ; is the binary variable that takes the value of 1 if a co-
jump happens on that day and 0 otherwise, CJ; is the number of co-jumps on that day, mixed_CJ;
is the number of mixed-direction co-jumps on that day, CJ:+1 is the number of co-jumps on day
t + 1, Controls includes a set of control variables: Dp, Dvol, Dsize, Dhs, Dind, Dcity, same_
holders, common_analysts,and Dnews_tone. We also consider time and stock fixed effects. ***,
**_ and * denote the 1%, 5%, and 10% significance level, respectively. The values in parentheses
represent the t-statistics, computed based on standard errors clustered at the stock-pair level in all
specifications, following Millo (2017).
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Table 6. Exogenous Shock: Eastmoney Forum Outage

1)

Ce
Treat 0.0004
(1.52)

Treat x Post -0.0013**

(-2.31)

Controls YES
Stock/Time Fixed YES
N (million) 4.3838

Note: This table presents the results of the difference-in-differences (DID) analysis using Eastmoney
Forum Outage as an exogenous shock. CJ; is the number of co-jumps on that day, Controls
includes a set of control variables: Dp, Dvol, Dsize, Dhs, DInd, Dcity, same_holders,
common_analysts, and Dnews_tone. We also consider time and stock fixed effects. ***, ** and
* denote the 1%, 5%, and 10% significance level, respectively.
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Table 7. The Asymmetry of Driving Factors for Upward and Downward Co-jumps

Panel A: Upward co-jumps

All Sample 2020.01- 2020.07- 2021.01- 2021.07- 2022.01- 2022.07- 2023.01- 2023.07-
2020.06 2020.12 2021.06 2021.12 2022.06 2022.12 2023.06 2023.12
) &) 3 4 ) (6) (7) (8 (C)]
up_CJ, up_CJ, up_CJ, up_CJ, up_CJ: up_CJ, up_CJ; up_CJ: up_CJ:
num{ 0.00027%** 0.0003"* 0.0004*** 0.0003"* 0.0002"** 0.0001™ 0.0002"** 0.0029%** 0.0031"
(26.79) (12.98) (24.75) (14.18) (16.98) (11.18) (12.12) (46.26) (63.63)
R’ 0.0649 0.1289 0.0585 0.0226 0.0192 0.0613 0.0676 0.0352 0.1235
N (million) 557.2257 54.3715 58.7783 64.4559 68.6760 73.3765 78.5889 76.7597 80.8394
Panel B: Downward co-jumps
All Sample 2020.01- 2020.07- 2021.01- 2021.07- 2022.01- 2022.07- 2023.01- 2023.07-
2020.06 2020.12 2021.06 2021.12 2022.06 2022.12 2023.06 2023.12
) 2 3 4 ) 6 (7 () C)]
down_CJ; down_CJ; down_CJ; down_CJ; down_CJ; down_CJ; down_CJ; down_CJ; down_CJ;
numg 0.0001*** -0.0002" 0.0001*** 0.0002" 0.0001* 0.0001" 0.0002"* 0.0018%*** 0.0004™
(20.35) (-9.69) (8.82) (13.36) (13.43) (7.65) (10.08) (12.70) (7.88)
R’ 0.1021 0.2314 0.0717 0.0343 0.0430 0.0845 0.0567 0.0292 0.0339
N (million) 557.2257 54.3715 58.7783 64.4559 68.6760 73.3765 78.5889 76.7597 80.8394

Note: This table shows the asymmetric effect results of directional information interactions on stock co-jumps, with Panel A examining the effect of positive individual
investors’ information interactions on upward co-jumps and Panel B examining the effect of negative individual investors’ information interactions on downward co-jumps.
num{/~ are positive/negative individual investors’ information interaction intensities across two stock sub-forums on trading day t, up_CJ; is the number of upward co-
jumps on that day, down_CJ, is the number of downward co-jumps on that day. Controls includes a set of control variables: Dp, Dvol, Dsize, Dhs, DiInd, Dcity,
same_holders, common_analysts, and Dnews_tone. We also consider time and stock fixed effects. ***, ** and * denote the 1%, 5%, and 10% significance level,
respectively. The values in parentheses represent the t-statistics, computed based on standard errors clustered at the stock-pair level in all specifications, following Millo
(2017).
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Table 8. The results of heterogeneity analysis

Panel A. Market capitalization heterogeneity

Large Cap Small Cap
(€] (2 3 4
up_CJ, down_CJ, up_CJ; down_CJ,
numy 0.0001*** 0.0008***
(16.72) (45.42)
numg 0.0001*%** 0.0003%***
(16.58) (22.95)
R’ 0.0802 0.0838 0.0695 0.0900
N (million) 100.5249 100.5249 184.8171 184.8171
Panel B. Industry Heterogeneity
High-tech Others
(€] (2 3 4
up_CJ,; down_CJ, up_CJ, down_CJ;
num; 0.0003*** 0.0002***
(20.12) (14.51)
numg 0.0002*%* 0.0003%*%*
(12.01) (14.39)
R’ 0.0746 0.0832 0.0680 0.0861
N (million) 153.2531 153.2531 125.7452 125.7452

Panel C. Information Transparency Heterogeneity

high transparency

low transparency

(1) ) ®) 0)

up_CJ; down_CJ; up_CJ, down_CJ;
num{ 0.0001*** 0.0004***

(10.66) (30.88)
numy 0.0001*** 0.0002%**

(9.80) (16.04)

R’ 0.0715 0.0887 0.0710 0.0766
N (million) 2054.9863 2054.9863 86.2467 86.2467

Note: This table reports the comprehensive heterogeneous regression results of individual investors’
directional information interactions on stock price co-jumps, with Panel A examining the heterogeneity
across market capitalization groups, Panel B across industry types, and Panel C across information
transparency levels. num{/~ are positve/negative individual investors’ information interaction
intensities across two stock sub-forums on trading day t, up_CJ; and down_CJ, are the numbers of
upward and downward co-jumps on the same day. Controls includes a set of control variables: Dp,
Dvol, Dhs, DInd, Dcity, same_holders, common_analysts, and Dnews_tone. We also consider
time and stock fixed effects. ***, ** and * denote the 1%, 5%, and 10% significance level, respectively.
The values in parentheses represent the t-statistics, computed based on standard errors clustered at the
stock-pair level in all specifications, following Millo (2017).
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Table 9. Results of Two-stage Analysis

VARIABLES (D (2) (3 (4) (5) (6)
CJ; SCy up_CJ, SC; down_CJ, SCy
numg 0.0002%** -0.001 1 %**
(28.41) (-29.36)
numy 0.0002%** -0.00271 #**
(26.79) (-31.95)
numg 0.0001*** -0.0019***
(20.35) (-31.64)
Controls YES YES YES YES YES YES
Stock /Time
Fixed YES YES YES YES YES YES
R2 0.0871 0.0963 0.0649 0.1098 0.1021 0.1099
N (million) 557.2257 504.3567 557.2257 504.3567 557.2257 504.3567

Note: This table presents the results of the two-stage mechanism analysis, which examines the role of sentiment
convergence as the underlying channel through which individual investors’ information interactions affect stock
price co-jumps. SC; is the sentiment consistency indicator between two sub-forums on the day t. num; is the
individual investors’ information interaction intensity across two stock sub-forums on trading day t, and CJ; is
the number of co-jumps on that day. Controls includes a set of control variables: Dp, Dvol, Dsize, Dhs,
DInd, Dcity, same_holders, common_analysts and Dnews_tone. We also consider time and stock fixed
effects. ***, ** and * denote the 1%, 5%, and 10% significance level, respectively. The values in parentheses
represent the t-statistics, computed based on standard errors clustered at the stock-pair level in all specifications,

following Millo (2017).
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Table 10. Results of Sobel-Goodman Test and Bootstrap

Panel A Sobel-Goodman test

VARIABLES v (2 (3 (4 (5 (6) (7) (8 9
CJ¢ SC, CJ, up_CJ; SC, up_CJy; down_CJ, SC, down_CJ;
num 0.0002%*** -0.0038*** 0.0002%***
(28.41) (-385.03) (26.83)
SC; -0.0022***
(-77.42)
num{ 0.0002%#** -0.0021***  0.0002%**
(26.79) (-379.27) (24.64)
SCe -0.0003***
(-17.50)
numg 0.0001*** -0.0019***  0.0001***
(20.36) (-385.97) (18.70)
SC; -0.0019***
(-102.38)
Controls Yes YES YES Yes YES YES Yes YES YES
Stock /Time Fixed Yes YES YES Yes YES YES Yes YES YES
R’ 0.0871 0.0107 0.0945 0.0649 0.0107 0.0734 0.1021 0.0100 0.1063
N (million) 557.2257 504.3567 504.3567 557.2257 504.3567 504.3567 557.2257 504.3567 504.3567
Sobel 0.000*** (z = 77.34) 0.000*** (z = 17.50) 0.000*** (z = 102.16)

Aroian (Goodman-1)
Goodman (Goodman-2)
Indirect effect

Direct effect

0.000%** (z = 77.34)
0.000%** (z = 77.34)
0.0000%** (z = 77.34)
0.0003*** (z = 26.83)

0.000%** (z = 17.50)
0.000%** (z = 17.50)
0.0000%** (z = 17.50)
0.0002*** (z = 24.64)

39

0.000%** (z = 102.16)
0.000%** (z = 102.16)
0.0000%** (z = 102.16)
0.0001*** (z = 20.02)



Total effect 0.0003*** (z = 28.41) 0.0002*** (z = 26.79) 0.0001*** (z = 20.35)
Proportion of total effect that

) ) 0.034 0.014 0.031
is mediated
Panel B Bootstrap method
Observed Observed Observed
z P-value z P-value z P-value
coefficient coefficient coefficient
Indirect effect 0.0000 71.92 0.0000 0.0000 16.58 0.0000 0.0000 99.65 0.0000
Direct effect 0.0003 27.62 0.0000 0.0002 25.37 0.0000 0.0001 19.87 0.0000

Note: This table reports mediation effect results from the Sobel-Goodman test and the Bootstrap method. Panel A corresponds to the Sobel-Goodman test and Panel B to the
Bootstrap method. SC; is sentiment consistency indicator between two sub-forums on day t. num, is the individual investors’ information interaction intensity across two

stock sub-forums on trading day t, and CJ; is the number of co-jumps on that day. Controls includes a set of control variables: Dp, Dvol, Dsize, Dhs, Dind, Dcity,
same_holders, common_analysts, and Dnews_tone. *** ** and * denote the 1%, 5%, and 10% significance level, respectively.
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Table 11. Performance of Strategies

Strategy Cumulative Annualized Return | Volatility Sharpe Ratio Sortino
Return Ratio
Long B-B -0.1198 -0.0145 0.0134 -0.2133 -0.3083
Long S-S 0.6963 0.1941 0.0149 0.7072 0.9881
Short B-B -0.4899 -0.1554 0.0137 -0.8686 -1.2401
Short S-S -0.3606 -0.0983 0.0141 -0.5864 -0.9859
SSE Index -0.0389 0.0003 0.0098 -0.1945 -0.2726
Table 13. (Continued)

Strategy Tracking Error VaR 95% CVaR 95% Max Drawdown
Long B-B 0.0070 0.0220 0.0013 -0.4459
Long S-S 0.0111 0.0250 0.0008 -0.3211
Short B-B 0.0224 0.0224 0.0024 -0.5434
Short_S S 0.0220 0.0233 0.0022 -0.5008
SSE Index 0.0000 0.0161 0.0010 -0.2275

Note: This table presents the backtesting performance results of the trading strategies constructed
based on our research findings, with the Shanghai Composite Index (SSE Index) included as the
benchmark for comparison. Cumulative Return is the return achieved over the entire back testing
period. Annualized Return is the compounded return if the strategy were held for a full year. Volatility
is measured as the daily standard deviation of returns. Sharpe ratio and Sortino ratio represent the
excess return per unit of deviation and downside deviation, respectively, based on daily returns. Max
Drawdown shows the maximum peak-to-trough decline over the period. VaR 95% and CVaR 95%
indicate the 95th percentile Value at Risk and Conditional Value at Risk, respectively, representing
the maximum loss not exceeded with 95% confidence and the expected loss given that the VaR
threshold is exceeded. Tracking Error is the standard deviation of the difference between the strategy
returns and the benchmark returns (SSE Index). The SSE Index column shows the returns from
investing in the Shanghai Composite Index funds, used as a benchmark for comparison.
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Index denotes the investment in Shanghai Stock Exchange Composite Index.

Fig.1 Cumulative Returns of strategies
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Appendix A. Method for Measuring Co-jumps
Co-jumps

We use 5-minute stock price data to identify daily co-jumps among stock pairs by
utilizing the method proposed by Ding et al. (2024), which is detailed as follows:

Step 1. Modeling Log-Price Process and Jump Dynamics. Consider N log-price
processes {Y;(t)}L1, for each i, the log-price process is an Ito process, the differential

form of which is given by:
dY;(t) = w(t)dt + o,(t)dB;(t) + v (t)d](t), (A1)

u;(t) represents the drift component of the price, o;(t) denotes the instantaneous
volatility, B;(t) is the standard Brownian motion, and (J;(t):t > 0) is the Poisson
jump process, with x;(t) being the size of the jump. The log-price change is defined
as AY;(t) =Y;(t) —Y;(t — 1), which is non-zero only when a jump occurs in the time

interval ¢t.

Step 2. Collecting Intraday Log Return. Assuming that stock prices are sampled at
a frequency of M, the s-th intraday logarithmic return of stock i on day t can be denoted
as follows:

S_l) -12,.M
v s =12..M. (A2)

Fins= Yl-(t —14 %) e Yl-(t —14

Step 3. Calculation of Realized Volatility and Realized Bipower Variation. The
Realized Volatility RV;, of stock i on trading day ¢ is calculated as follows:

M

RV = Z riz,t,s . (A3)

s=1
As the sampling frequency M tends to infinity, the limit of realized volatility is:

p [t
lim RV, x— 2(w)d AY;(s))?,
im RV, x -[_10 (wdu + 2 (AY(5)) (A4)

" t—1<s<t

where ftt_ L0f(w)du and Ye-1<s<t (AY;(s))? are the integrated volatility and

quadratic variations due to jump components, respectively. Barndorff-Nielse &
Shephard (2004) introduced the realized bipower variation BV;, as follows:

T M M—1
BV, = Emzszl |7iesellriesl s (A5)



and they proved that BV;, is consistent with the accumulation volatility as M tends

to infinity:

t
P
lim BVl-,t—>f o?(w)du, (A6)
t—1

M—oo

Step 4. Detecting Jumps in Individual Stocks. The daily threshold level wv;,

for each stock i is calculated as follows:

1

0.49
Vie=TX (M) X Jmin(RVi,t,BVi,t), (A7)

where 7 is atuning parameter, which is set to 4. Jumps can be consistently detected as
the sampling frequency M tends to infinity, given that p;(t) and o;(t) satisfy certain

regularity conditions.

For stock i, the total number of jumps detected on a given day t is defined as:

]i,t = z 1{|ri,t,5|>vi.t} , (A8)
1<s<M

where 1y is an indicator function that takes the value of 1 when the condition is

met and 0 otherwise.

Step 5. Calculation of Daily Number of Co-jumps. Following the method
proposed by Gilder et al. (2014), the co-jumps among two stocks are defined as the
intersection of their jumps without distinction of direction. Accordingly, the number
of co-jumps between stocks i and j on a trading day t is specified as follows:

Clije = Z Llri ol >viglresl>va} - (A9)
1<ss<M

Step 6. Identifying Co-jumps in Different Directions. In addition, we classify
co-jumps into upward and downward categories and calculate the daily number of
upward co-jumps and downward co-jumps, respectively. Specifically, when two stocks
i and j exhibit upward jumps at the same time, we define this as an upward co-jump
(up_CJ). Conversely, when two stocks exhibit downward jumps simultaneously, we
define this as a downward co-jump (down_CJ). The formulas for computing the daily
number of upward and downward co-jumps are as follows:

up—C]i,j.t = Z 1{|7”i,z,s|>17i,d,|Tj,t,s|>Uj,d,7”i,:,s>0.7’j,t,s>0} ’ (AIO)
1<s<M
down—C]i,j,f = z 1{|ri,t,5|>vi,d:|rj,t,s|>Vj,d:ri,t,s<01rj,t,s<0} : (A]- 1)
1<s<M



Appendix B. Method for Measuring the Sentiment of Posts and Replies

We first employ the SnowNLP module in Python, a tool designed for natural
language processing of Chinese text, to calculate the sentiment scores of posts and
replies based on their textual content. The score represents the probability that the text
sentiment is positive. The closer the score is to 1, the more positive the sentiment of the
text; conversely, the closer the score is to 0, the more negative the sentiment. Although
SnowNLP includes a basic lexicon for positive and negative sentiments, this lexicon is
primarily designed for comment data from e-commerce platforms and may not be fully
adequate for effectively analyzing the sentiment of financial market texts. To enhance
the accuracy of sentiment computation, we have expanded the lexicons by
incorporating data from multiple resources: the CNKI (China National Knowledge
Infrastructure) sentiment dictionary, the NTUSD Simplified Chinese sentiment
dictionary from National Taiwan University, and the BosonNLP sentiment dictionary
from the Boson Chinese Semantic Development Platform. After undergoing manual
refinement, these resources constitute our final corpus for sentiment analysis.

Then, we use the sentiment score of each post or reply to determine its sentiment
as follows: a post/reply with a sentiment score greater than 0.6 is considered positive;
a post/reply with a sentiment score greater than 0.4 and less than or equal to 0.6 is
considered neutral; and a post/reply with a sentiment score less than or equal to 0.4 is
regarded as negative.

To validate the accuracy of the sentiment classification, a random sample of 500
posts and replies is manually coded from the stock forum, and the results generated by
our machine-based sentiment classification method are compared against the manual
annotations. The overall accuracy rate of our method is 76.1%. Furthermore, the recall
rates for positive and negative content are 90.5% and 94.4%, respectively, while the
precision rates are 77.7% and 75.8%, respectively. Notably, the high recall values
indicate that the classifier effectively identifies most instances of both positive and
negative sentiment. These performance metrics are considered acceptable for use in
subsequent empirical analysis.



Appendix C. Correlation Analysis

Correlation Analysis

To better understand the relationships between the key variables, we compute the
Pearson correlation coefficients among the main variables, presented in Table C. The
correlation between individual investors’ information interaction intensity num and
the number of co-jumps CJ is 0.009, indicating that higher levels of investor
information interaction intensity are associated with more frequent co-jumps. Both
positive individual investors’ information interaction intensity num® and negative
individual investors’ information interaction intensity num™ are positively correlated
with upward co-jumps up_CJ and downward co-jumps down_CJ, with coefficients of
0.008 and 0.004, respectively. These results suggest that information interactions,
irrespective of their sentiment, may contribute to synchronous price jumps. In terms of
the relationship with sentiment convergence, the correlation coefficients between num
with SC is -0.086, suggesting that the information interactions may facilitate the
sentiment convergence across stocks. Additionally, the correlation coefficients between
numt/num~ and SC are -0.085 and -0.081, indicating that both positive and
negative information interactions may facilitate sentiment convergence. These findings
offer preliminary evidence supporting the role of information interactions in promoting
both sentiment convergence and stock price co-jumps.

Table C. Pearson Correlation Coefficient

CcJ up_CJ down_CJ num num’ num~ SC
cj 1
up_CJ 0.552%** 1
down_C]  0.634*** -0.001*** 1
num 0.009%** 0.004*%** 0.004%** 1
num® 0.008*** 0.005%** 0.003%*** 0.943*** 1
num~ 0.009*** 0.003*%** 0.006%*** 0.957*%*  (.821*** 1
SC -0.004*** 0.001 *%** -0.004***  -0.086%**  -0.085*** -0.081*** 1




Appendix D. Instrumental Variables Approach

(1) Endogeneity: Instrumental Variables Approach

To further address endogeneity concerns, we employ the instrumental variables approach.
Our instrument is constructed as the sum of information interactions across all other stock pairs,
excluding the target stock pair i and j. This instrument satisfies the relevance condition. Market-
wide information activities generally co-move across stock pairs driven by common factors
including overall market sentiment, trading volume and macroeconomic fundamentals, so the
constructed instrument is strongly correlated with the information interaction intensity of the

target stock pair.

Admittedly, cross-stock information spillovers may exist and threaten the exclusion
restriction. We mitigate this concern through two rigorous designs. First, we include “industry
x time” fixed effects to absorb potential industry-specific spillovers and common shocks that
could otherwise bias the exclusion restriction. Second, our instrument is aggregated based on a
broad sample of 1,144 stocks in the market. Beyond market and industry spillovers, additional
information spillovers may arise from firms connected with the target pair via business
relationships or capital ties. Nevertheless, given that these related stocks represent only a small
share of the total sample (Patatoukas, 2012), their idiosyncratic spillover effects are
substantially diluted during summation and exert minimal influence on the co-jump of the target

stock pair. Accordingly, our instrument could satisfy the exclusion restriction.

The detailed construction of this instrumental variable is specified as follows:

CUp, Lt
Wigi= D D (ke +naio) (10)

k#iorj a=1
l#iorj

where cuy ;. is the number of co-investors simultaneously participating in both sub-forum k
and sub-forum 1 on day t, while n, ;¢ and ng;, represent the total number of posts and replies

made by co-investors in each of the two stock sub-forums on day t.

Then, we employ a Two-Stage Least Squares (2SLS) methodology to estimate the causal
relationship between individual investors’ information interactions and co-jumps, with
industry-by-time fixed effects included in both regression stages. The results are reported in the
following table D1. In the first stage, we examine how the [V1, affects the intensity of
individual investors’ information interactions num,. As shown in column (1), the coefficient

of IV1, is -0.0013 and is highly statistically significant. In the second stage, we use the
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predicted values of individual investors’ information interaction intensity from the first stage
as the instrumental variable to assess its impact on stock price co-jumps. As presented in
column (2), the coefficient of nuin, (the predicted num;) is 0.0010, which is positive and
statistically significant. This finding suggests that greater intensity of individual investors’
information interactions increases the likelihood of stock price co-jumps, thereby supporting

the robustness of our main results.

Table D1. Results of Instrumental Variable Approach (I1V1;)

M @)
num; Cl;
niifn, 0.0010%+*
(76.05)
Vi -0.0013***
(-100.65)
Controls YES YES
IndustryxTime Fixed YES YES
Stock /Time Fixed YES YES
N (million) 557.2257 557.2257
Underidentification test
Kleibergen-Paap rk IM statistic 8456.80
P-value 0.00
Weak identification test
Cragg-Donald Wald F statistic 1.0e+08
Kleibergen-Paap rk Wald F statistic 1.0e+04

Note: This table shows the instrumental variable regression results using IV1; as the instrument.
num; is the individual investors’ information interaction intensity across two stock sub-forums on
trading day t, CJ; is the number of co-jumps on that day, Controls includes a set of control
variables: Dp, Dvol, Dsize, Dhs, DInd, Dcity, same_holders, common_analysts, and D
news_tone. We also consider time and stock fixed effects. ***, ** and * denote the 1%, 5%, and
10% significance level, respectively.

To further ensure that the instrumental variables satisfy the exogeneity condition, this
paper re-examines the results using the heteroskedasticity-based instrumental variable
approach proposed by Lewbel (2012). Lewbel (2012) demonstrates that if the residuals from
regressing the endogenous variable on the other exogenous variables in the model exhibit
heteroskedasticity, then the product of these residuals and the centered exogenous variables can
serve as a valid instrument. Specifically, we generate an internal instrument denoted as [V2,.
This approach is particularly useful when conventional instruments are weak or unavailable, as
it constructs instruments from the heteroskedastic covariance restrictions in the first-stage

residuals, thereby providing a complementary source of identification that does not rely on



external exclusion restrictions. The results are reported in the following table and confirm that

our main findings remain robust.

Table D2. Results of Instrumental Variable Approach (1V2;)

@) @
num; CJ:
vz, 0.0001%***
(10.11)
SCg 0.1835%**
(16.45)
Dp_g -0.1433***
(-11.99)
Dvol_g 0.0456%**
(5.63)
Dsize_g 0.1701%**
(16.22)
Dhs_g -0.0271**
(-2.27)
DiInd_g 0.6393***
(14.62)
same_holders_g 0.0015%**
(8.96)
common_analysts_g -0.0018
(-0.56)
Dnews_tone_g 0.0647%***
(20.81)
Controls YES YES
Stock /Time Fixed YES YES
N (million) 557.2257 557.2257
Under identification test
SW Chi-sq 4022.86
P-value 0.00
Weak identification test
Anderson-Rubin Wald F statistic 49.09
Stock-Wright LM S statistic 840.20
SW F statistic 446.98

Note: This table presents the two-stage least squares (2SLS) regression results using the instrumental
variable approach with IV2; constructed via the Lewbel (2012) heteroskedasticity-based method.
num; is the individual investors’ information interaction intensity across two stock sub-forums on
trading day t, CJ; is the number of co-jumps on that day, Controls includes a set of control
variables: Dp, Dvol, Dsize, Dhs, DInd, Dcity, same_holders, common_analysts, and D
news_tone. We also consider time and stock fixed effects. The instrument denoted with subscript
“_g” is generated via the Lewbel (2012) heteroskedasticity-based approach. This instrument does not
appear in the structural equation and is used exclusively as an exclusion restriction to identify the
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endogenous variable num_p. *** ** and * denote the 1%, 5%, and 10% significance level,
respectively.




Appendix E. Predictive Capacity Test of Co-jumps
We conduct a predictive capacity test of co-jumps on returns to determine the

optimal holding time for positions in our trading strategies. It has been established that
jumps contain substantial information, particularly in less mature financial markets. To
examine whether co-jumps possess predictive power for future returns, we estimate the
following regression models (D1) and (D2), with cumulative stock returns over the next
one to three trading days as the dependent variables and upward and downward co-
jumps as the independent variables.

Rytvr=a+ biup_CJ;j: + YyuControlsij + Aij + T + €1/t (D1)
Rie+r = a + badown_CJyje + Yy2iControlsijc + Aijj + T + €1 (D2)

where Ry .47 represents the future return of stock k, T =1,2,3,and k € i,j for each
pair (i,j).

We divide the 2020-2023 dataset into eight consecutive six-month windows and
conduct the predictive capacity test of co-jumps on returns for each time window
separately. Tables D1-D8 present the predictive power of co-jumps across different
windows. The empirical evidence reveals asymmetric predictive capabilities between
upward and downward co-jumps: upward co-jumps significantly predict positive
returns over the next one to two trading days in most windows, whereas downward co-
jumps exhibit significant predictive power for negative returns on the following trading
day in only a limited number of windows. Based on these findings, we determine the
specific holding times for positions in the subsequent window.

Table E1: Predictive capacity of co-jumps (2020/01-2020/06)

Panel A: Predictive capacity of upward co-jumps

t+1 t+2 t+3
R; R; R; R; R; R;
up_CJ: 0.0008™" 0.0012™ 0.0002™ 0.0007 0.0003™" 0.0002™
(35.65) (49.07) (10.74) (28.32) (14.33) (8.22)
R? 0.2981 0.2979 0.2989 0.2981 0.2997 0.2985
N (million) 54.3715 54.3715 54.3715 54.3715 54.3715 54.3715
F 2369.6353  1803.2682  2192.9050  2152.3671  2155.3574  1927.4635
Panel B: Predictive capacity of downward co-jumps
t+1 t+2 =+3
R; R; R; R; R; R;
down_C], 0.0003™" -0.0002"* -0.0001™" 0.0003™" 0.0001™" -0.0005™"
(14.88) (-10.99) (-8.02) (16.10) (2.62) (-26.23)
R? 0.2981 0.2979 0.2989 0.2981 0.2997 0.2985
N (million) 54.3715 54.3715 54.3715 54.3715 54.3715 54.3715
F 2223.6577  1575.1451  2179.8017  2117.6089  2135.0464  1974.8875

Note: Tables D1-D8 present the predictive power of co-jumps across different windows. R; and R;
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denote the returns of the stock pair (i,j). Control variables include Dp, Dvol, Dsize, Dhs, Dind,

Dcity, same_holders,

common_analysts, and Dnews_tone. We also consider time and

individual fixed effects. ***, ** and * denote the 1%, 5%, and 10% significance levels, respectively.
The values in parentheses represent the t-statistics, computed based on standard errors clustered at the
stock-pair level in all specifications, following Millo (2017). Similar notation and methodology apply

to the results presented subsequently.

Table E2: Predictive capacity of co-jumps (2020/07-2020/12)

Panel A: Predictive capacity of upward co-jumps

t+1 t+2 t+3
R; R; R; R; R; R;
up_CJe 0.0013™ 0.0008™ 0.0001™ -0.0006™" -0.0000 -0.0000
(38.01) (26.87) (3.16) (-20.42) (-1.23) (-0.12)
R? 0.2444 0.2367 0.2441 0.2374 0.2445 0.2383
N (million) 58.3103 58.3103 58.3103 58.3103 58.3103 58.3103
F 2629.4117  1611.0137  2069.9922  1022.9298  1322.3536  817.2644
Panel B: Predictive capacity of downward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
down_C]; -0.0005"" -0.0001™ -0.0002"" 0.0000 0.0006™ 0.0003"
(-19.72) (-3.11) (-10.09) (1.08) (26.03) (13.93)
R? 0.2444 0.2367 0.2441 0.2374 0.2445 0.2383
N (million) 58.3103 58.3103 58.3103 58.3103 58.3103 58.3103
F 2531.6253  1535.9713  2075.0919 981.3526 1383.9562  838.2556
Table E3: Predictive capacity of co-jumps (2021/01-2021/06)
Panel A: Predictive capacity of upward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
up_CJe 0.0013"* 0.0017* 0.0003"* 0.0005™ -0.0001™ 0.0000
(39.94) (47.60) (7.57) (13.68) (-3.36) (0.98)
R? 0.1192 0.1138 0.1201 0.1151 0.1207 0.1149
N (million) 64.4560 64.4560 64.4560 64.4560 64.4560 64.4560
F 4764.4735  2882.6486  3824.9951  2126.6317  3928.7596  1481.1930
Panel B: Predictive capacity of downward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
down_C]; -0.0002"*  -0.0006™"  -0.0003""  -0.0003"" 0.0000" 0.0001"*
(-8.74) (-22.03) (-10.18) (-10.64) (1.90) (5.23)
R? 0.1192 0.1138 0.1201 0.1151 0.1207 0.1149
N (million) 64.4560 64.4560 64.4560 64.4560 64.4560 64.4560
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F 4614.7811  2700.3966  3828.7669  2111.0363  3930.2492  1486.2801
Table E4: Predictive capacity of co-jumps (2021/07-2021/12)
Panel A: Predictive capacity of upward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
up_CJ; 0.0009™" 0.0004™" 0.0002™ -0.0002"*  -0.0004™"  -0.0002™*"
(27.74) (12.28) (4.57) (-5.23) (-10.95) (-5.51)
R? 0.1177 0.1127 0.1175 0.1127 0.1177 0.1129
N (million) 68.1264 68.1264 68.1264 68.1264 68.1264 68.1264
F 4316.0182  1379.9048  4494.5404  1969.1072  3873.7477  1452.1376
Panel B: Predictive capacity of downward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
down_CJ¢ 0.0002™* 0.0001™ 0.0003" 0.0003™" 0.0003"" 0.0005™"
(6.21) (2.03) (11.60) (13.38) (9.90) (19.28)
R? 0.1177 0.1127 0.1175 0.1127 0.1177 0.1129
N (million) 68.1264 68.1264 68.1264 68.1264 68.1264 68.1264
F 4264.2162  1361.5395  4506.1982  1983.7860  3869.5097  1493.7230
Table E5: Predictive capacity of co-jumps (2022/01-2022/06)
Panel A: Predictive capacity of upward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
up_CJe 0.0008™" 0.0013™* 0.0004™ 0.0003™* -0.0001"* 0.0004™
(32.69) (53.07) (17.54) (12.77) (-3.61) (17.30)
R? 0.2947 0.3012 0.2938 0.3007 0.2938 0.3006
N (million) 73.3340 73.3340 73.3340 73.3340 73.3340 73.3340
F 7351.7763  5694.6886  6888.7530  5267.4773  6017.6016  3873.8225
Panel B: Predictive capacity of downward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
down_CJ, -0.0003"*  -0.0009"* 0.0001™ 0.0004™ -0.0000 -0.0002"*
(-12.41) (-42.58) (4.60) (19.31) (-1.64) (-10.98)
R? 0.2947 0.3012 0.2938 0.3007 0.2938 0.3006
N (million) 73.3340 73.3340 73.3340 73.3340 73.3340 73.3340
F 7271.5279  5584.8680  6865.1371  5284.3724  6017.5580  3855.4597

Table E6: Predictive capacity of co-jumps (2022/07-2022/12)
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Panel A: Predictive capacity of upward co-jumps

t+1 t+2 t+3
R; R; R; R; R; R;
up_CJe 0.0006™" 0.0008™" -0.0002"*" 0.0002™* 0.0002"* 0.0003™
(29.48) (37.13) (-8.70) (9.45) (9.78) (12.26)
R? 0.2119 0.2013 0.2131 0.2025 0.2151 0.2038
N (million) 77.2851 77.2851 77.2851 77.2851 77.2851 77.2851
F 5999.3698  4612.1468  4624.8027  3152.1412  4218.4915  2656.8512
Panel B: Predictive capacity of downward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
down_CJ, -0.0005™" 0.0003™" 0.0007" 0.0009™ -0.0001™"  -0.0003™"
(-23.56) (16.07) (35.06) (42.39) (-4.85) (-13.49)
R? 0.2119 0.2012 0.2131 0.2026 0.2151 0.2038
N (million) 77.2851 77.2851 77.2851 77.2851 77.2851 77.2851
F 5952.0900  4475.1800  4751.2671  3357.9616  4208.5182  2667.4272
Table E7: Predictive capacity of co-jumps (2023/01-2023/06)
Panel A: Predictive capacity of upward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
up_CJ¢ 0.0009***  0.0007***  0.0003***  0.0002***  -0.0003***  -0.0001***
(41.47) (29.24) (13.88) (9.36) (-16.81) (-4.32)
R? 0.1282 0.1312 0.1290 0.1325 0.1298 0.1335
N (million) 76.2067 76.2067 76.2067 76.2067 76.2067 76.2067
F 3903.7651  6453.7056  3837.3942  6105.1465  3254.8899  4903.3638
Panel B: Predictive capacity of downward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
down_CJ, -0.0002"**  -0.0002"*  -0.0002""  -0.0001™*" 0.0001™* 0.0001™"
(-9.65) (-10.45) (-11.01) (-3.72) (4.19) (3.35)
R? 0.162 0.166 0.165 0.165 0.163 0.167
N (million) 76.2067 76.2067 76.2067 76.2067 76.2067 76.2067
F 3746.0272  6398.9102  3831.1719  6092.1992  3229.8935  4900.4222
Table E8: Predictive capacity of co-jumps (2023/07-2023/12)
Panel A: Predictive capacity of upward co-jumps
t+1 t+2 t+3
R; R; R; R; R; R;
up_CJe 0.0003™" 0.0005™" -0.0004™  -0.0001™" 0.0000™" 0.0000
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(14.56) (23.96) (-25.09) (-7.18) (2.69) (1.32)
R? 0.1757 0.1768 0.1773 0.1775 0.1797 0.1791
N (million) 78.2105 78.2105 78.2105 78.2105 78.2105 78.2105
F 7235.0607  9571.4874  5421.6501  7910.3480  2898.0976  5368.5991
Panel B: Predictive capacity of downward co-jumps

t+1 t+2 t+3
R; R; R; R; R; R;

down_CJ¢ 0.0001™" 0.0000™" 0.0006™" 0.0006™" 0.0003"" 0.0006™"

(10.04) (2.84) (42.65) (37.65) (19.98) (38.24)
R? 0.1757 0.1768 0.1773 0.1775 0.1797 0.1791
N (million) 78.2105 78.2105 78.2105 78.2105 78.2105 78.2105
F 7221.4409  9533.9413  5545.2672  8035.9018  2930.5155  5502.3438
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Appendix F. Implementation Details of the Strategy

The implementation details of the strategy are as follows:

(i) Stock Pair Classification: In each window, based on the results of market
capitalization heterogeneity analysis, we classify stock pairs into two categories: “Big-
Big” if both stocks in the pair are “Big-Cap” stocks, and “Small-Small” if both stocks
are “Small-Cap” stocks on every trading day.

(ii) Daily Trading Decisions: Within each category, we first rank the stock pairs
based on their positive or negative individual investors’ information interaction
intensities. Long positions are then established in the top 100 stock pairs with the
highest positive information interaction intensity on each trading day, with all stocks
equally weighted. Similarly, short positions are taken in the top 100 stock pairs
exhibiting the highest negative information interaction intensity on each trading day,
also under an equal-weighting scheme. These positions are closed at the end of the
holding time.

(iii) Holding Time Determination: The initial holding time for each position is set
to one trading day. To maximize profitability, we adjust the holding times for positions
in each window based on the predictive capacity test results of co-jumps on future
returns from the preceding window. For example, the predictive capacity test results for
the January-June 2023 window show that upward (downward) co-jumps have
significant predictive power for positive (negative) returns over the subsequent two
trading days. Accordingly, for the July-December 2023 window, the holding time for
each position is determined as follows: if an upward co-jump is detected in a stock held
in a long position, the holding time for that stock is extended to two trading days;
similarly, a downward co-jump in a stock held in a short position extends the holding
time to two trading days for that stock. Given that the predictive capacity of co-jumps
varies across time windows, the holding times for both long and short positions are
dynamically adjusted according to their predictive accuracy in each specific window,
as shown in Table F.

Table F. The Holding Time for Long and Short Positions
2020.07-  2021.01- 2021.07- 2022.01- 2022.07- 2023.01- 2023.07-
2020.12 2021.06 2021.12 2022.06 2022.12 2023.06 2023.12

Holding 3 days 1 day 2 days 1 day 2 days 1 day 2 days
time_L
Holding 0 day 1 day 2 days 0 day 1 day 0 day 2 days
time_S

Note: This table presents the optimal holding times for long and short trading positions across different
windows. Holding time_L represents the extended holding days for long positions, while Holding
time_S represents the extended holding days for short positions, as derived from the regression results
of upward and downward co-jumps on future returns.
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