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Numerous market phenomena show that social media can have an impact on investor
behavior, but there is a lack of exploration in existing literature regarding the impact
mechanism of social media on fund investment behavior and performance. This paper studies
the impact of social media attention on fund net capital flow and fund performance, and
further examines how it affects the relationship between fund net capital flow and fund rally.
Fixed-effect model of fund-time two-way fixed effects is employed and the following main
conclusions are drawn: firstly, a fund's social media attention has a significant positive impact
on the fund net capital flow; in large-scale funds, positive (negative) media attention has a
positive (negative) impact on the fund net capital flow, and the impact of positive emotions
on the fund net capital flow is greater than that of negative emotions. Secondly, fund net
capital flow will have a positive impact on fund performance in the short term. Thirdly, social
media attention may strengthen the positive correlation between fund net capital flow and
fund rally.
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Introduction

n 2020, China’s public mutual fund industry achieved explo-

sive growth. According to the “Chinese Household Wealth

Index Survey Report” released by the China Household
Finance Survey and Research Center and Ant Group Research
Institute in the second quarter of 2020, after the outbreak of the
COVID-19 epidemic, the proportion of fund allocation of China’s
household wealth has increased significantly. And the investment
targets of family wealth are gradually shifting from stocks to
mutual funds, and this trend is expected to persist in the medium
to long term. The process of institutionalization is an inevitable
path for the development of financial markets as the new gen-
eration of investors recognizes the limitations of individual
investors and is willing to entrust their assets to professional
institutions for management (Southwestern University of Finance
and Economics and Ant Group Research Institute, 2020; Barber
and Odean, 2000). The enthusiasm for fund investment is
growing, and the fund industry is flourishing as a result.

According to the China Asset Management Association, as of
December 31, 2020, China had 146 public fund management
institutions. These institutions managed 7,913 public funds with a
total asset management scale of 19.89 trillion yuan (all figures are
in yuan, unless otherwise noted). This represents a 34.7% increase
from the end of 2019. Among them, the scale of equity public
funds reached 6.42 trillion yuan, accounting for 32.28% (China
Asset Management Association, 2021). In 2020, fund investors
enjoyed an average return of over 14%, while stock investors only
earned an average of 3.6%. The “China Household Financial
Management Trend Report” released by Alipay in collaboration
with Southwestern University of Finance and Economics in the
second quarter of 2020, revealed that among new fund investors
in 2020, those under the age of 30 accounted for more than 50%.
Post-90s and Post-00s generations’ fan-like investing is char-
acterized by following trends in subscriptions, buying high and
selling low, focusing on short-term performance, and being
greatly influenced by the media (Focke et al. 2020; Barber et al.
2022). In the information age, individual investors can easily find
forums for niche investment sectors to share investment experi-
ences or insights (Renault, 2017) reducing the cost of information
acquisition (Kaniel and Parham, 2017).

At the beginning of 2021, the GameStop incident in the U.S.
stock market triggered academic and industry thinking and dis-
cussions on the impact of social media. In this battle between
individual investors and institutions, the Reddit Forum became
an important position for individual investors, and social media
indeed has a significant impact in driving speculative funds into
the market (Barber et al. 2022; Barber, Lin, and Odean, 2024).
Compared to the United States, the proportion of individual
transactions in China is larger. It is necessary to take the
GameStop incident as a lesson, pay attention to the impact of
social media on individual investment behavior, and strengthen
regulation and reasonable supervision of social media informa-
tion. Similarly, social media has also had a certain impact on the
behavior of China’s fund investors (Ding et al. 2018). With the
increasing popularity of the term “fund” on social media, the
enthusiasm of fund investors has surged. The scale of equity and
hybrid funds has risen from 5.62 trillion yuan in October 2020 to
7.28 trillion yuan in February 2021, an increase of approximately
29.54% (China Asset Management Association, 2021).

Given the significant role of social media in influencing
investor sentiment and behavior (Antweiler and Frank, 2004;
Rakowski et al. 2021; Farrell et al. 2021; Zhou et al. 2024), it is of
practical significance to study the impact of social media on fund
capital flows and performance. Social media is distinct from
traditional media like newspapers and television. With its
increasing penetration into the financial investment sector in
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recent years, and the widespread use of applications like fund
forums, Bilibili, Xiaohongshu (Little Red Book) by investors has
made the influence of social media on investment behavior a
topic worthy of study. The main contributions of this paper are:
(1) Enriching the relevant literature research. There is a wealth of
research on the impact of media on stock prices, and in the field
of funds, there are abundant studies on the factors affecting fund
flows, fund investment strategies, and the impact of fund man-
agers’ personal characteristics on fund investment styles and
performance (Tetlock et al. 2008; Tetlock, 2007; 2010; 2011;
Garcia, 2013; Manela and Moreira, 2017; Zhang et al. 2024; Zhou
et al. 2024). However, there is less literature on the impact of
social media attention on funds. Unlike the one-way flow of
information in traditional media, social media possesses inter-
activity, and it is worth investigating whether social media
attention has an impact on the financial market that is different
from that of traditional media. This paper explores the impact of
social media attention on fund performance, enriching related
research in the field of behavioral finance. This paper innovatively
integrates multiple sources of social media information, including
forum data, news media, and the Baidu Index, to systematically
explore the mechanisms through which social media attention
affects fund capital flows and performance. Unlike traditional
media, which is characterized by one-way communication, the
interactivity and emotional propagation characteristics of social
media result in differential impacts on investor behavior. This
paper extends prior research by demonstrating the asymmetric
effects of social media sentiment (positive, neutral, negative) on
fund capital flows, finding that in large-scale funds, the promo-
tional effect of positive sentiment significantly outweighs the
inhibitory effect of negative sentiment. This finding provides new
evidence for the “sentiment bias” in investor behavior. (2) It
reveals the dynamic characteristics of the short-term “smart
money” effect in the fund market. Using a two-way fixed-effects
model, this paper confirms the positive predictive power of net
capital inflows on fund performance in the short term, thereby
supporting the existence of the “smart money” effect. It also
uncovers the potential reversal risks in the long term, offering a
more nuanced perspective on the temporal relationship between
capital flows and performance. (3) From the perspective of fund
rally, the possible mechanism of the impact of media attention on
fund performance is proposed. This paper uses fund net capital
flow to measure the short-sighted behavior of fund managers, and
from the perspective of fund rally, it proposes that there is a
positive correlation between fund net capital flow and fund rally
and funds with high social media attention have a stronger
positive correlation than those with low media attention.

In addition, methodologically, this study innovatively employs
the Baidu Senta sentiment pre-training model to classify the
sentiment of a vast amount of social media text and combines
instrumental variable methods to mitigate endogeneity issues,
thereby enhancing the robustness of the research conclusions.

Literature review

Media attention and stock investor behavior. Existing literature
mainly studies the relationship between social media and stock
investor behavior by constructing various media attention indi-
cators. Antweiler and Frank (2004) found that social media
information could predict stock market volatility and positive
messages had a significantly negative impact on the next day’s
returns, but the impact was economically small in value by using
stock information message boards on Yahoo Finance and
RagingBull websites as sample data. Fang and Peress (2009)
studied the impact of mass media coverage on stock returns and
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found that stocks without media coverage achieved higher returns
than those with media coverage. Da et al. (2011) used Google
Trends to measure investor attention and found it increased stock
prices in the short term, while it had a negative impact on stock
prices in the long term. Sul et al. (2014) found that the sentiment
value of social media of Twitter posts has a direct impact on
future stock market returns, and the number of followers of
Twitter users has a moderating effect on the relationship between
the sentiment value of the tweets and stock returns. Posts by
Twitter users with more fans can spread relatively quickly and be
fully reflected in stock prices, thus having a significant impact on
the stock returns of the day; conversely, posts by Twitter users
with fewer fans have no significant impact on the stock returns of
the day, but will have a significant impact on the stock returns of
the next 10 days. Jin and Li (2017) classified the opinions in the
posts on the East Money Stock Bar forum to construct a peer
opinion indicator and found that there is a positive correlation
between peer opinions and future stock returns and the greater
the investor’s recognition, the greater the impact of peer opinions
on future stock returns. Yang and Guo (2019) used Baidu indexes
and media indexes for terms such as “haze”, “PM2.5 concept
stocks” and other indicators to study the impact of investor
attention on PM2.5 concept stocks and they found that an
increase in investor attention to haze and PM2.5 concept stocks
can boost the stock prices of PM2.5 concept stocks, and also
enhance the trading activity and the likelihood of hitting the
upper limit of these stocks.

Birru and Young (2022) find that market uncertainty can
enhance the predictive power of investor sentiment on future
stock returns. Moreover, when uncertainty is high, sentiment has
a stronger predictive ability for mispriced stocks. As a primary
source of information for small investors, content on social media
can influence their trading behavior. However, there is no
consensus on whether the impact of social media on retail trading
is positive or negative (Rakowski et al. 2021; Farrell et al. 2021).
Ding et al. (2018)discovered that the “SSE e-Interactive” platform
can improve retail investors’ ability to interpret and process
information, thereby increasing the accuracy of market expecta-
tions for listed companies’ earnings and reducing information
asymmetry during earnings announcement periods. Ammann
and Schaub (2021), collecting data from a social media trading
platform, found that investors copy others’ position information
that is posted, but such copying does not lead to high returns.
Zhou et al. (2024) found social media sentiment performs better
at the daily level than news sentiment, and news sentiment has a
stronger explanatory power on stock returns at the monthly level
than social media sentiment.

“Smart money” effect and “dumb money” effect. Literature
research has found that fund capital flow exhibit a “smart money”
effect in the short term, but will become a “dumb money” effect
in the long term. Zheng (1999) believes that fund capital flow has
predictive power on the future performance of the fund, and
funds with large capital inflows have better return performance
than funds with capital outflows. Pollet and Wilson (2008) found
that fund inflows will enhance the work enthusiasm of fund
managers, leading to an increase in the breadth and depth of the
investment portfolio, which in turn will improve fund perfor-
mance. Shen et al. (2013) found that fund inflows lead to an
increase in hidden trading by funds, thereby enhancing fund
performance. Lin et al. (2014) believe that there is a “smart
money” effect in China’s fund market, where the flow of funds
has predictive performance, and funds with high inflow perform
better than those with low inflow, indicating that investors have
the ability to select funds. However, institutional fund flows do

not demonstrate predictive performance, while individual inves-
tor fund flows drive the “smart money” effect.

Edelen (1999) argues that open-end funds provide liquidity for
investors, which incurs hidden costs. The paper uses fund flows as
a proxy for fund trading and finds that the excess returns of the
funds are significantly negatively correlated with trading. Schwert
(2005) believes that fund flow has a weak “smart money” effect in
the short term, and the possible explanation is that investors
identify the investment capabilities of fund managers. Fund flows
reflect investors’ enthusiasm for stocks held by funds, which are
typically growth stocks. In the long term, the returns of these
stocks are lower than those of value stocks, thus ultimately
manifesting as a “dumb money” effect. Both Chin and Chou
(2009) and He and Chen (2018) have reached similar
conclusions.

Recently, several scholars have explored the existence of a
“smart money” effect in the Chinese market through various
approaches. Mei, Yan, and Fang (2020) analyzed comprehensive
trading data of stock market investors and proposed a method to
identify “smart investors” based on historical performance. Their
study found that these investors consistently achieved significant
excess returns across different market conditions, demonstrating
exceptional position management and stock selection skills. Chen
et al. (2022) and Liao, Tang, Xu (2024) have provided new
perspectives on informed trading and the performance of foreign
investors in the Chinese financial market. Their research shows
that specific indicators and mechanisms can track the flow of
“smart money,” revealing complex links between market
efficiency and investor behavior.

“Herding effect” and “rally phenomenon”. Based on existing
literature, research related to the phenomenon of fund rally per-
tains to the herd effect in the stock trading process of institutional
investors. The herd effect refers to the tendency of investors to
abandon their personal investment strategies and imitate the
investment behaviors of other investors when they find that their
decisions based on private information differ from those of other
investors (Bikhchandani and Sharma, 2000). Wu and He (2005)
found that China’s open-end funds exhibit a strong herd behavior
in the stock market, and that the stocks excessively bought (sold)
by funds, driven by the funds’ excessive demand, lead to an
increase (decrease) in stock prices. Xu et al. (2011) found that the
investment behavior of funds exhibits a herd phenomenon at the
industry level, and that this behavior affects the formation of stock
prices and market efficiency. The difference and connection
between the “rally phenomenon” and the “herd effect” of funds
mentioned in this paper are that the “herd effect” focuses on the
dynamic trading behavior of funds, reflecting whether they buy
and sell the same stock at the same time; the “rally phenomenon”
considers more the static situation of fund holdings, reflecting
whether they hold the heavily weighted stocks of other fund
products (Yu et al. 2015). Under the influence of reputation
concerns and redemption pressure, rally holding becomes a safe
choice for fund managers, which can push up the stock prices of
holdings, leading to an increase in fund returns, and forming a
positive feedback (Han and Cui, 2014).

The primary motivation for public mutual funds to engage in
herding behavior is to enhance short-term performance (Liu et al.
2022;0uyang et al. 2025). However, this behavior also leads to
increased stock price volatility and risk (Agarwal et al. 2015; Deng
et al. 2023; Su et al. 2024). However, there is a divergence of
opinion in the literature regarding the economic consequences of
herding behavior by institutional investors. Some studies suggest
that institutional investors can improve corporate governance
through external monitoring (Crane et al. 2019; Guo et al. 2020;
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Liu and Gao, 2021). This external oversight enables fund herding
to produce positive governance effects on listed companies,
accelerating leverage adjustments (Morellec et al. 2012; Jang et al.
2022). However, due to the performance ranking pressures faced
by public mutual funds, long-term holdings are challenging (Jiang
and Kim, 2015; Xiang and Feng, 2022), limiting their governance
effects (He and Mi, 2022). Meanwhile, some scholars argue that
fund herding can trigger market overreactions, increasing
volatility and crash risk (Karagiannis and Tolikas, 2019; Deng
et al. 2023; Su et al. 2024), and worsen the information
environment, increasing information asymmetry between indivi-
dual stocks and investors (Luo and Tian, 2020).

Research hypothesis

Social media attention and fund net capital flow. A substantial
body of prior research has examined how investor attention
influences the stock market. For instance, Vozlyublennaia
(2014) demonstrated that investor attention, as gauged by the
Google search index, can impact stock prices or indices. Simi-
larly, Da et al. (2011) utilized the Google search index to
quantify individual investors’ attention and discovered that
heightened stock search frequency not only forecasts a rise in
stock prices over the subsequent fortnight but also correlates
with elevated returns on the initial trading day of IPO stocks. Yu
and Zhang (2012) scrutinized the nexus between Baidu indexes
and the performance of the ChiNext stock market, corroborat-
ing that investor attention can exert positive price pressure in
the current period.

These studies collectively suggest that heightened investor
attention to stocks tends to attract a greater influx of retail
investors, thereby driving up stock prices. By extension, it is
reasonable to posit that funds garnering substantial investor
attention would similarly catalyze a surge in purchases by fund
investors, consequently boosting fund net capital inflows.

When it comes to the impact of media attention on funds, Rao
et al. (2013) meticulously examined open-end equity-oriented
funds from 2004 to 2009, employing the number of Baidu news
articles as a proxy for media attention. Anchored in the theory of
limited investor attention, their empirical analysis unveiled a
significantly positive correlation between media attention and
fund net inflows. Kaniel and Parham (2017) corroborated these
findings through a natural experiment, illustrating that funds
drawing media attention tend to attract more subscriptions from
investors, with the fund’s name visibility being pivotal in
augmenting capital flows.

Given the finite nature of investor attention, it is plausible that
investors, when faced with a plethora of investment options,
gravitate toward funds that have garnered substantial media
attention. This selective behavior is likely driven by the desire to
capitalize on perceived opportunities and mitigate risks by opting
for funds that are already in the public eye.

Drawing on these insights, this paper posits the following
hypothesis:

Hypothesis 1: Social media attention has a positive impact
on fund net capital flow.

Sirri and Tufano (1998) and Rao et al. (2013) were
constrained by technological limitations, unable to discern the
sentiment or event nature of media reports and merely
constructed a total media attention indicator. Cheng and Lin
(2013) took Sina Weibo as a sample and utilized text analysis
technology to generate an investor sentiment index on social
media. Their results indicated that when the investor sentiment
index on social media was optimistic (pessimistic), the
securities market index returns would rise (fall) in the short
term. The market would react positively (negatively), and
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trading volume would expand (contract) over a longer period
of time.

In research on the stock market, Teti et al. (2019) found that
the sentiment of Twitter posts is highly correlated with stock
returns. Positive sentiment is significantly positively correlated
with stock returns, negative sentiment is significantly negatively
correlated with stock returns, and neutral sentiment has no effect
on stock returns.

Since stock returns can reflect stock trading behavior, with
purchases leading to higher stock prices and increased returns, it
can be concluded that positive (negative) sentiment is positively
correlated with buying (selling) behavior. Similar to stocks, fund
investors can be affected by social media sentiment. When media
attention is positive, investors tend to increase investment,
thereby increasing the fund net capital flow. When media
attention is negative, investors tend to reduce investment, thereby
reducing the fund net capital flow.

Based on the above analysis, the following hypotheses are put
forward:

Hypothesis 1a: The impact of positive (negative) sentiment
social media attention on fund net capital flows is positive
(negative).

Hypothesis 1b: The impact of positive sentiment on social
media on the fund net capital flow is greater than the impact of
negative sentiment on the fund net capital flow.

Fund net capital flow and fund performance. The impact of
fund net capital inflows on fund performance has been a topic of
debate in the literature. While some studies have identified a
“smart money” effect, suggesting that fund net capital inflows
positively influence future performance (Zheng, 1999; Pollet and
Wilson, 2008; Shen et al. 2013; Lin et al. 2014), others have found
a significant negative correlation between fund excess returns and
net capital flows in the long run (Edelen, 1999; Schwert, 2005;
Chin and Chou, 2009; He and Chen, 2018).

In practice, fund managers face challenges when dealing with
large capital inflows. To comply with regulatory requirements,
they must quickly invest incoming cash into stocks and other
assets. In the short term, substantial purchases by funds,
especially of “rally stocks,” can drive up stock prices and enhance
fund performance. However, in the long term, stock prices may
revert to their intrinsic value. If fund managers fail to time their
investments well and build positions at high levels, it can
negatively impact future performance. Based on the above
analysis, hypothesis 2 is put forward:

Hypothesis 2: There is a positive correlation between the
increase in fund net capital flow and fund performance in the
short term.

Social media attention, fund net capital flow and fund rally.
The “herding effect” among funds has been extensively studied,
with research identifying its presence and potential causes. For
instance, Wermers (1999) documented the herding behavior of
mutual funds in small-cap stock trading. This effect may stem
from investors receiving similar information (Hirshleifer et al.
1994; Froot et al. 1992), preferences for assets with specific
characteristics (Falkenstein, 1996), or agency issues (Scharfstein
and Stein, 1990; Bikhchandani et al. 1992).

Scharfstein and Stein (1990) and Bikhchandani et al. (1992)
argue that the market assesses fund managers’ investment skills
based on their stock choices. If managers mimic others’
investments, the market cannot gauge their true abilities.
Conversely, deviating from the norm and choosing poorly can
label them as incompetent. This leads to a focus on others’
purchases rather than individual stock analysis, fostering herding.
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Han and Cui (2014) noted that fund managers engage in positive
feedback trading due to professional reputation concerns and
redemption pressures, amplifying the herding effect.

In the fund industry, a rally phenomenon is observed where
multiple funds hold significant positions in a few stocks. This can
be attributed to managers’ consistent expectations and rational
resource allocation towards leading firms. However, it also reflects
short-sighted behavior, where managers attempt to boost stock
prices temporarily to create a “money-making effect.” Based on
the above analysis, this paper investigates whether social media
attention has intensified the fund rally phenomenon and proposes
the following hypotheses.

Hypothesis 3a: There is a positive correlation between fund
net capital flow and fund rally.

Hypothesis 3b: Social media attention strengthens the
positive relationship between fund net capital flow and fund
rally.

Research design

Data and sample. This paper selects open-end equity funds and
open-end mixed equity funds established from January 1, 2006, to
December 31, 2018, as the sample. Due to significant differences
in trading systems and investor structures between the A-share
and H-share markets, funds that invest in Hong Kong stocks or
funds with important data missing are excluded. Wind indicates
that the scale of China’s public fund market was relatively small
before 2007, so the empirical testing period of this paper is chosen
from January 1, 2008, to December 31, 2020. Data related to
funds comes from the Wind database, CSMAR database, and the
TianTian Fund website.

This paper adopts three types of data as indicators of media
attention—forum-based, information-based, and Baidu Index,
with sources including the official website of Finance.JR.com
(http://www.jrj.com.cn/), the TianTian Fund Network Fund Bar
forum, and the official website of the Baidu Index. While these
sources provide a comprehensive view of media attention through
professional financial news, investor discussions, and public
search behavior, their use in previous research is limited. Most
prior studies have focused on traditional news media or social
media platforms like Twitter and Weibo. For instance, Wermers
(1999) and Hirshleifer et al. (1994) concentrated on the impact of
traditional media on investor behavior, whereas more recent
studies, such as Teti et al. (2019), have leveraged social media data
to analyze investor sentiment. Baidu Index, as a measure of public
attention, has been used in some studies to analyze market trends
and investor sentiment (Cheng and Lin, 2013), but its integration
with fund data remains relatively uncommon. The selection of
these three data sources is intended to cover different types of
media attention, including professional financial news, investor
forum discussions, and public search behavior. This diversity
helps to more comprehensively capture the impact of media
attention on fund investment behavior.

The first two types of media attention indicators use a Python
crawler to collect a total of 789,000 articles from Finance.JR.com
and 1,033,190 posts from the Fund Bar forum. The third type of
media attention indicator selects the weekly Baidu Index values
from January 1, 2011, to December 31, 2020 (a total of 522 values
for each entry), and then takes the average of the 12 weeks of data
for each entry as the corresponding quarterly media attention. A
total of 87,174 fund product values and 43,326 fund manager
values were manually collected, totaling 130,500 values. Use Stata
to merge media attention data, fund data, and personal
characteristic data of fund managers. Through data processing,
a non-balanced panel data set is obtained, with a total of 20,306
fund-quarterly observations.

Model setting and variable definition. This paper employs a
fixed-effects model with an unbalanced panel, controlling for
fund fixed effects and time fixed effects to eliminate the impact of
fund characteristics and time factors on the results. To address
between-group heteroskedasticity and within-group autocorrela-
tion, fund-level clustered robust standard errors are used.

Basic model. To verify the relationship between social media
attention and fund net capital flow, this paper establishes the
following model:

flow;, = B, + B,media;, + wcontrols + fix_fund + fix_time + ¢; ,
1
Among them, flow;  is the net capital flow of fund i in period ¢
and media;, is media attention (the main explanatory variable).
The controls variable represents a series of control variables,
including the ordinary return rate of the fund in the previous
period (return;, ), the fund age (Inage;,), the net asset value of
the fund (Intna,,), the net asset value of the fund manager
(Infamsize, ), volatility of the fund’s ordinary return rate
(Stdret, ,), total dividend amount of the fund (div, ), number of
fund dividends (divnum;,), market return rate (Rm,). The
variables of fix_fund and fix_time are fund fixed effects and time
fixed effects respectively.

In order to verify the relationship between fund net capital flow
and fund performance, the following model is established:

return;, = B, + B, flow;, + wcontrols + fix_fund + fix_time + ¢;,
@

Among them, return;, is the ordinary return rate of fund i in
period t. The variable of flow,, is the net capital flow of the fund,
and controls represents a series of control variables, including the
fund age (Inage; ), the net asset value of the fund (Intna, ,), the net
asset value of the fund manager (Infamsize;,), volatility of the
fund’s ordinary return rate (Stdret;,), total dividend amount of
the fund (div;,), number of fund dividends (divnum,,), market
return rate (Rm,), the fund manager’s stock—picking ability
(pick;,), the fund manager’s timing ability (timing,,), the fund
mana’ger’s gender (gender;,), the fund manager’s education level
(edu;,), the fund manager’s experience (exp;, or expmax;,), the
fund team’s management model (team,,). The variables of

fix_fund and fix_time are fund fixed effects and time fixed effects
respectively.

Moderating effect model. To verify the impact of social media
attention on the relationship between fund net capital flow and
the fund rally phenomenon, this paper establishes the following
moderating effect model (Hayes, 2018; Ouyang et al. 2025):
rally;, = By + B flow;, + B,media; , + B:flowmedia, ,
+p,return;, + Bsflowret, , + wcontrols
+Hfix_time + fix_fund + ¢;,

(€)

Among them, rally,, is the degree of rally of fund i in period ¢.
flow,, is the fund net capital flow, media, , representing the media
attention, flowmedia,, representing the intersection of the fund
net capital flow and the media attention, return; , representing the
fund’s ordinary rate of return, flowret,, representing the
intersection of fund capital flow and fund ordinary rate of
return. controls represents a series of control variables, including
the fund’s age (lnagei_’t), the net asset value of the fund (Intna; ),

the net asset value of the fund manager (Infamsize; ,), volatility of
the fund’s ordinary return rate (Stdret;,), the market return rate
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Table 1 Definition of Main Variables.
Variable symbol Variable name Variable definition and description Data source
Explained variable
return Ordinary return rate of The fund’s ordinary return rate Wind
fund
flow Fund net capital flow flow;; = %ﬁow”), where TNA, , represents the net asset value of the fund i at Wind
the end of the quarter t and R;; represents the growth rate of the adjusted net asset
value per unit of the fund i at the end of the quarter t
rally The degree of fund Based on the top ten stock holdings codes of each fund provided by Wind, the number Wind
rally of other funds that hold the same stocks as their top holdings in the same quarter is
counted. The average value of the corresponding fund numbers for the ten major
holdings is taken as the rally degree of the fund i
Explanatory variables
media Media attention media;, = In(] + posti‘t)7 media; ; = In(1 + newsi_,t), media;, = |n<1 + Baiduu),
where post;, represents the total number of posts in the dedicated sub-forum for the
fund i on the TianTian Fund Network Fund Bar forum in the quarter t. And news;,
represents the number of media articles related to the fund i in the Finance.JR.com
website during quarter t. And Baidu,, is the calculated Baidu search index value of the
fund i in t quarter
media_pos/media_ntr/ Positive/neutral/ media_pos;; = In (1 + posi‘t), media_ntr;, = In(1 + ntri_t>, media_neg;, =
media.neg nmeegtizvaettseenr;tgn;ent In(] + neg-“t), pos;y, ntr;y, neg;, represent the total number of positive, neutral and
negative messages of the fund i in quarter t in the Fund Bar, respectively
Control variables
Inage Fund age The fund age is obtained by subtracting the fund establishment date from the last day Wind
of each quarter and taking the logarithmic value
Intna Fund size The logarithmic value of the net asset value of the fund Wind
Infamsize Fund family size The logarithmic value of the net asset value of non-cash funds managed by the fund Wind
company
Stdret Volatility of the fund's The standard deviation of the weekly return rate of each quarter is used to measure Wind
ordinary return rate the investment risk of the fund
div Total fund dividends Fund's total dividend for the quarter Wind
divhum Number of fund The number of times a fund pays dividends in a quarter. Wind
dividends
Rm CSI 300 index return ~ Market return measures market environment Wind
rate
pick Fund manager's stock A value greater than O indicates that the fund manager has the ability to select stocks Wind
picking ability and the larger the value, the stronger the ability to select stocks
timing Fund manager's timing A value greater than O indicates that the fund manager has timing ability and the larger Wind
ability the value, the stronger the timing ability
gender Fund manager's gender Male = 1, Female = 0 CSMAR
edu Fund manager's PhD = 1, Bachelor/Master/MBA/EMBA =0 CSMAR
education level
exp Average years of The number of years a fund manager has been in the industry is calculated by Wind, Tian Tian
experience as a fund  subtracting the earliest appointment date of the fund manager from the last day of  Fund
manager each quarter; when a fund is managed by multiple fund managers in the same quarter,
it is the arithmetic average of the years of employment of each fund manager.
expmax Maximum years of When the same fund is managed by multiple fund managers in the same quarter, it is Wind, Tian Tian
experience as a fund  the maximum value of the years of industry experience among the fund managers.  Fund
manager
team Fund team'’s When the same fund is managed by multiple fund managers in the same quarter, Wind, Tian Tian
management model team;; =1, otherwise the value is O Fund
GDP GDP growth rate Quarterly GDP Growth Rate National Bureau
of Statistics of
China

(Rmy,), the fund manager’s stock-picking ability (pick;,), the fund
manager’s timing ability (timing; ,). The variables of fix_fund and
fix_time are fund fixed effects and time fixed effects respectively.
See Table 1 for specific variable definitions.

In the baseline model, this study examines the direct relationships
between social media attention and fund net capital flows, as well as
between fund net capital flows and fund performance. According to
Hypothesis 3, social media attention intensifies the positive
correlation between fund net capital flows and fund herding
Specifically, heightened social media attention can trigger increased

fund net capital flows, which in turn exacerbate fund herding. To
further investigate how social media attention influences the
relationship between fund net capital flows and fund herding, social
media attention is designated as a moderating variable.

This choice is supported by both theoretical and empirical
evidence. Theoretically, social media attention, as an exogenous
variable, significantly impacts investor behavior and decision-
making. High levels of social media attention can draw more
investors to specific funds, increasing capital inflows and
potentially amplifying herding behavior. Empirically, studies
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such as those by Teti et al. (2019) and Cheng and Lin (2013) have
shown a significant positive correlation between social media
attention and market behavior. By incorporating social media
attention as a moderating variable, the model extends the analysis
beyond the baseline, offering a more nuanced understanding of
its multifaceted role in fund investment behavior.

Model testing and selection. This article conducts a modified Wald
test and concludes that there is heteroscedasticity between groups
in the sample. Therefore, the fixed effects model in this article
adopts fund-level clustering robust standard errors. The data in
this article are unbalanced short panel data, and the longest time
dimension is 52 periods, which is much smaller than the number
of 807 sample individuals, so the intra-group autocorrelation
problem is not considered. Based on the Hausman test results, the
fixed-effects model is chosen for this paper. At the same time, the
results of the multicollinearity test show that there is no situation
where VIF > 10, so there is no serious multicollinearity problem.

To address potential endogeneity issues, including omitted
variable bias and reverse causality, this study carefully selects a
comprehensive set of control variables based on both theoretical
considerations and empirical evidence from prior research.
Specifically, the control variables chosen reflect fund character-
istics such as size, historical performance, and volatility, which are
well-documented determinants of investor behavior and fund
performance (Sirri and Tufano, 1998; Pollet and Wilson, 2008).
The inclusion of fund company size acknowledges the influence
of organizational scale on fund operations and investor percep-
tions, as larger fund companies may have more resources and
brand recognition, potentially affecting investor decisions (Brown
et al. 1999). Market trends are incorporated to account for
macroeconomic conditions and broader market movements that
could impact fund performance and investor sentiment (Fama
and French, 1993). Additionally, personal characteristics of the
fund manager, such as gender, education, and experience, are
included as control variables, recognizing the significant role that
managerial attributes play in shaping investment strategies and
fund performance (Barber and Odean, 2008; Cremers and
Petajisto, 2009). These variables have been shown to influence
decision-making processes and outcomes in various contexts, and
their inclusion helps to mitigate the endogeneity problem arising
from omitted variables.

To further address endogeneity concerns, this study employs a
panel data fixed-effects model, which controls for unobserved,
time-invariant individual fund characteristics and time-specific
effects, thereby minimizing the influence of unobservable
variables that may change over time (Baltagi and Baltagi, 2008).
This approach effectively isolates the impact of the variables of
interest from other confounding factors that could bias the
results.

Regarding reverse causality, where the direction of causation
between the explanatory variables and the dependent variable
might be bidirectional, this study utilizes lagged values of the
explanatory and control variables. This methodological choice
helps to ensure that the explanatory variables are determined
prior to the dependent variable, thus reducing the likelihood of
reverse causality biasing the results (Wooldridge, 2010). Addi-
tionally, robustness tests are conducted by constructing residual
media attention and residual net fund flow variables, which
provide further assurance that the findings are not driven by
reverse causality or other endogeneity issues.

Results

Descriptive statistics. The empirical research sample of this paper
consists of open-end ordinary equity funds and open-end mixed
equity funds established from January 1, 2006, to December 31,
2018. Starting from 2007, China’s public fund industry began to
make significant progress. In 2005, China carried out the reform
of shareholding structure, and it was not until the end of 2007 that
most domestic companies completed it. This event had a sig-
nificant impact on China’s stock market, thereby affecting the
market performance of equity funds and mixed equity funds.
Therefore, the empirical testing interval selected in this paper is
from January 1, 2008, to December 31, 2020. Through data pro-
cessing, the maximum cross-sectional number of fund samples
obtained from the Fund Bar is 783, which is an unbalanced short
panel data, all of which are fund-quarter data.

Table 2 reports the descriptive statistical results. Within the
sample period, the maximum value of media attention reaches
11.138, while the minimum value is only 0.693, indicating
significant differences in media attention to funds. The maximum
value of fund capital flow is 2.964, and the minimum value is
—1.188, indicating different situations of fund inflows and
outflows. The maximum value of the fund’s ordinary return rate

Table 2 Descriptive statistics.

Variable name Observations Average value Standard deviation Minimum Maximum
media 22148 3.178 1.535 0.693 11138
media_pos 22148 2.012 1.567 0 10.334
media_ntr 22148 118 1.31 0 9.055
media_neg 22148 2.794 1.523 0 10.707
flow 21872 0.014 0.523 -1.188 2.964
return 21510 0.043 0.139 —-0.421 0.878
Stdret 21992 2.934 1.602 0 12.9M
Intna 21872 20.237 1.692 10.137 24.938
Infamsize 22148 24.598 1.282 17.753 27.413
Inage 22119 1.188 1.103 -59 2.707
Rm 22148 0.024 0.131 -0.29 0.442
pick 21999 0.004 0.01 —0.061 0.502
timing 21999 -0.028 22.253 -1617.207 1784.467
rally 22148 6.887 7.425 0 67.8
gender 22148 0.893 0.309 0 1

edu 22142 0.169 0.375 0 1

exp 22148 4.019 2.751 0.003 17.74
expmax 22148 4.356 2.969 0.003 17.74
team 22148 0.287 0.452 0 1

GDP 22148 6.469 2.863 —6.8 1.9
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is 0.878, and the minimum value is —0.421. Fund manager’s
gender, fund manager’s education level, and fund team’s
management model are dummy variables. The values of other
variables are within reasonable ranges.

Basic model regression results

Social media attention and fund net capital flow. Table 3 shows
the results of regression of model (1). All regressions control
individual fund and time fixed effects. Columns (1) and (2) are
grouped regressions according to fund size without distinguishing
media sentiment. Fund sizes are divided according to the median
of each quarter. Funds greater than or equal to the median are
large funds (large), and funds less than the median are small
funds (small). As shown in Columns (1) and (2) of Table 3, in
both the full sample and the large fund sample, the coefficients of
current and lagged media attention are significantly positive at
the 1% level, indicating that media attention has a positive impact
on fund net capital flow, supporting hypothesis 1.

Using the sentiment judgment pre-trained model Senta from
Baidu PaddleHub, media sentiment is divided into three
categories: positive, neutral, and negative, and regressions are
conducted separately according to the size of the fund. Columns
(3) and (4) of Table 3 show that in the full sample, regardless of
sentiment, the impact of current and lagged media attention on
fund net capital flow is positive, but only the coefficients of
current negative sentiment media attention and lagged neutral
sentiment media attention are significant at the 5% and 10%
levels, respectively, with the remaining of the coefficients being
insignificant. When regression is conducted by grouping accord-
ing to the size of the fund, in the large fund sample, the
coefficients for current and lagged positive and neutral sentiment
media attention are positive, while the coefficient for negative
sentiment media attention is negative. The coefficients for current
and lagged positive sentiment media attention are significant at
the 1% level, and the coefficient for lagged negative sentiment
media attention is significant at the 10% level. Judging from the
absolute values of the coefficients, in the large fund sample, the
impact of positive sentiment is greater than that of negative
sentiment, indicating that hypotheses 1a and 1b are established in
large fund. In small fund, the coefficients for current media
attention are all positive but not statistically significant. In
summary, the total amount of media attention has a positive
impact on the fund net capital flow, indicating that social media
attention can influence the behavior of fund investors. In the large
fund sample, positive sentiment media attention has a positive
effect on fund net capital flow, while negative sentiment media
attention has a negative effect. A possible explanation is that fund
investors exhibit limited attention, and positive or negative media
sentiment can reduce the search costs for investors, who then
make investment decisions (subscribing or redeeming corre-
sponding funds) based on positive or negative feedback from
other investors.

Table 4 presents the results of regression of model (2), with all
regressions controlling for individual fund and time fixed effects.
All regressions control individual fund and time fixed effects. The
coefficient of the current fund net capital flow in column (1) is
0.000733, which is significant at the 10% level. The coefficient of
the lagged one-period fund net capital flow L. flow in column (2)
is 0.00398, significant at the 1% level, indicating that both the
current and one-lagged fund net capital flows have a significant
positive impact on fund performance. The empirical results are
consistent with those of Zheng (1999), Pollet and Wilson (2008),
and Lin et al. (2014), confirming the “smart money” effect, which
means that fund net capital flows have some predictive power for
fund performance, supporting hypothesis 2.
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Fund net capital flow and fund rally. This paper considers how
social media affects the relationship between fund net capital flow
and fund rally. The regression results of model (3) are shown in
Table 5. In Table 5, all regression results control for individual
fund and time fixed effects. Specifically, column (1) only controls
for relevant fund characteristics, and on this basis, column (2) also
controls for company and market characteristics, while column
(3) further includes fund manager characteristic variables in the
control variables. However, no matter what combination of con-
trol variables is used, the coefficients of flow are positive and
significant at the 5% level, showing that fund net capital inflows
are positively correlated with fund rally, indicating that when fund
net capital inflows increase, the degree of fund rally increases. The
coefficients of the interaction term between fund net capital flow
and media attention flowmedia are also significantly positive,
indicating that social media attention strengthens the above-
mentioned positive correlation, i.e., under the same amount of
fund net capital inflow, the fund rally phenomenon is more
pronounced with high media attention. A possible explanation is
that high media attention exacerbates the reputation concerns of
fund managers, leading to more severe short-sighted behavior and
strengthened the tendency of funds to form alliances. The social
media attention amplifies the link between fund flows and rally
behavior which support hypothesis 3b.

Table 4 Fund net capital flow and fund performance.

Interpreted variable: Ordinary return rate of fund (return)

m (2)
flow 0.000733*
(0.000412)
L. flow 0.00398*** (0.00128)
Observations 20,569 20,569
R-squared 0.809 0.812
Number of funds 807 807
Fund FE YES YES
Quarter FE YES YES

The numbers in parentheses are the robust standard errors adjusted for clustering at the fund
level. ***, **, and * represent significance at the 1%, 5%, and 10% levels, respectively. Estimation
of Eq. (2), including the fund age (Inage; ), the net asset value of the fund (Intna; ), the net asset
value of the fund manager (Infamsize; ), volatility of the fund's ordinary return rate (Stdret;,),

total dividend amount of the fund (div;;), number of fund dividends (divnum, ), market return
rate (Rm,), the fund manager's stock-picking ability (pick;,), the fund manager's timing ability
(timing; ), the fund manager's gender (gender;,), the fund manager's education level (edu; ), the
fund manager's experience (exp;; or expmax;,), the fund team’'s management model (team; ;).

The impact of media attention from different media sources
This paper categorizes media sources into three types: social
media, information media, and Baidu Index. Chapter 5 uses
empirical tests with social media data from the TianTian Fund
Network Fund Bar. In this section, we will use information from
the financial section of the Finance.JR.com website, which was
crawled using Python, and manually collected Baidu search index
values for fund products with Baidu Index entries for comparative
analysis, discussing whether the impact of different media sources
on fund performance differs.

Columns (1) and (2) in Table 6 are the results of the regression
of model (1) using the Finance.JR.com sample data, with all
regression results controlling for individual fund and time fixed
effects. In the group regression of the full sample, large fund
sample and small fund sample, the information media attention
in the current period and one lagged period has a significant
positive effect on the fund net capital flow. However, in the results
of the regression on the small fund sample in Section 5, where
social media was used, the positive impact of lagged media
attention on fund net capital flows is not significant. A possible
explanation is that small funds receive less attention on both
social media and information media and compared to large funds,
but the authority of information media is higher than that of
social media. Therefore, its positive effect in guiding capital flows
to small funds is more enduring. Additionally, information on
social media updates more quickly, with old posts quickly buried
by new ones, making the cycle of impact on capital flows rela-
tively short, while the media effect of information media in the
lagged period remains significant.

Columns (3) and (4) in Table 6 are the results of the regression
of model (1) using the Baidu Index sample data, with all
regression results controlling for individual fund and time fixed
effects. In the full sample and large fund sample regressions, the
attention from media in the current and one lagged period has a
significant positive impact on fund net capital flows. The coeffi-
cients for the small fund sample are not significant, and the
possible reasons are: first, the Baidu Index is calculated based on
the search volume on the Baidu official website, while fund
investors mainly use the TianTian Fund Network as their infor-
mation platform, and this part of social media attention is not
included in the Baidu Index calculation. Moreover, the Baidu
Index cannot judge sentiment, so its impact on fund flows may be
affected by unobserved media sentiment; second, in the sample,
large fund names usually have entries, while small fund names are
not included in the Baidu Index entries. The media attention for
fund products without entries is replaced by the media attention

Table 5 Fund net capital flow and fund rally.

Interpreted variable: Fund rally (rally)

()] (2)

A3)

0.0790** (0.0361)
0.0650** (0.0259)
0.0662*** (0.00632)
—0.333"** (0.0688)
—0.00572** (0.00225)

flow 0.0807** (0.0361)

flowmedia 0.0646** (0.0259)

return 0.0661*** (0.00632)

media —0.332*** (0.0690)

flowret —0.00579** (0.00225)

Observations 20,575 20,575
R-squared 0.532 0.532
Number of funds 807 807
Fund FE YES YES
Quarter FE YES YES

0.0734** (0.0357)
0.0606** (0.0256)
0.0653*** (0.00620)
—0.350"** (0.0684)
—0.00532** (0.00220)
20,575

0.533

807

YES

YES

The numbers in parentheses are the robust standard errors adjusted for clustering at the fund level. ***, **, and * represent significance at the 1%, 5%, and 10% levels, respectively. Estimation of Eq. (3),
including the fund'’s age (Inage;,), the net asset value of the fund (Intna;,), the net asset value of the fund manager (Infamsize; ), volatility of the fund's ordinary return rate (Stdret; ), the market return
rate (Rm,), the fund manager's stock-picking ability (pick;,), the fund manager's timing ability (timing; ).
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small
0.112
(0.101)
9386
0.006
614
YES
YES

large
0.0166**
(0.00735)
9736
0.520

526

YES

YES

0.170*
(0.0910)
19,122
0.004
787

YES

YES

small
—0.0862
(0.0899)
9386
0.006
614

YES

YES

large
0.0171**
(0.00702)
9740
0.520

526

YES

YES

0.0616**
(0.0252)
19126
0.004
787

YES

YES

0.0282*
(0.0153)
3450
0.334
384
YES

YES

small
atility of the fund's ordinary return rate (Stdret;,), total dividend amount of the fund (div;;), number of fund dividends (divnum;,), market return

large
0.0211***
(0.00807)
3760
0.593

336

YES

YES
* represent significance at the 1%, 5%, and 10% levels, respectively. Estimation of Eq. (1) including the ordinary return rate of the fund in the previous period

all
0.0233***
(0.00850)
7210
0.403

533

YES

YES

small
0.0387**
(0.0167)
3470
0.338
384

YES

YES

large
0.0175**
(0.00875)
3791
0.595

338

YES

YES

0.0275***
(0.00883)
7261
0.409

533

YES

YES

(return;,_,), the fund age (Inage; ), the net asset value of the fund (Intna; ,), the net asset value of the fund manager (Infamsize; ),

The numbers in parentheses are the robust standard errors adjusted for clustering at the fund level. ***, **, and
rate (Rm,).

media

L. media

media

L. media
Observations
R-squared
Number of funds
Fund FE

Quarter FE

-
o

of the corresponding fund company, so there is an error in the
small fund sample.

Table 7 presents the results of the regression of model (2) using
the Finance.JR.com sample data and the Baidu Index sample data,
with the first two columns and the last two columns respectively. All
regression results control for individual fund and time fixed effects.
From Table 7, it can be seen that the lagged fund net capital flow of
the Finance.JR.com sample and the fund net capital flow of the
Baidu Index sample have a significant positive effect on the ordinary
return rate of the fund, which is consistent with the conclusions from
the Fund Bar sample. This indicates that different media attention
measurement methods have a relatively similar impact on fund
performance. From another perspective, it also suggests that no
obvious differences have been found in the behavior of fund inves-
tors and fund managers when influenced by different media sources.

Robustness test

The residual media attention. There is a reverse causality rela-
tionship between social media attention and fund net capital flow.
Funds with high media attention can attract more investor
attention, leading to higher fund net capital flow. “Best-selling”
funds have a large subscription volume, which can attract more
media attention. Therefore, referring to the practices of Sirri and
Tufano (1998), Yu (2008), and Lin et al. (2014), this paper
regresses according to Eq. (4) to obtain the residual term, i.e., the
residual media attention caused by factors other than fund net
capital flow, fund returns, and fund size. Table 8 uses the residual
media attention to replace the original Eq. (1) for regression. The
empirical results show that in the full sample, large fund sample,
and small fund sample, the residual social media attention med-
ia_res has a positive effect on fund net capital flow.

media;, = B, + B flow,, + B,return; , + f,lntna;,
+B,Infamsize; , 4 B;Stdret;
+Bsdiv;; + Bdivnum; , + BRm;
+Pylnage; , + fix_time + fix_fund 4y, ,

4)

There may also be a reverse causality relationship between fund
net capital flow and fund performance, with funds that have high
returns attracting more capital inflows. Therefore, this paper
regresses through Eq. (5) to obtain the residual term, which is the
residual fund net capital flow caused by factors other than fund
performance and fund size. Table 9 uses the residual fund net
capital flow to substitute into Eq. (2) for regression. The empirical
results show that the coefficient of flow_res is 0.176, which is
significant at the 1% level, indicating that the residual fund net
capital flow has a significant positive impact on fund returns.

flow;, = B, + B,Intna;, + B,Infamsize;, + B;return;,
+pB,Stdret;, + Bsdiv;,
+Bgdivnum;, + B,Rm; , + ﬁslnagew
+fix_time + fix_fund + €;,

(©)

GMM method. The Table 10 presents the estimation results of
the impact of media attention on fund net capital flow, utilizing
the Generalized Method of Moments (GMM) approach. This
method is particularly suited for panel data and is employed to
address potential endogeneity issues that may arise from reverse
causality or omitted variable bias. The GMM estimator uses
instrumental variables to provide consistent estimates of the
parameters, which is crucial when dealing with variables that are
correlated with the error term.

Focusing specifically on the effects of media attention, as
captured by the variable “media,” the table reveals significant
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Interpreted variable: Ordinary return rate of fund (return)

Table 7 The impact of fund net capital flows from Finance.JR.com sample and Baidu index sample on fund performance.

()] (2)

3) (4)

flow 0.000539 (0.00300)

L. flow 0.0505*** (0.00345)

flow 0.00127*** (0.000389)

L. flow 0.00370** (0.00170)
Observations 7387 7450 14,720 14,720

R-squared 0.826 0.842 0.745 0.748

Number of funds 532 533 691 691

Fund FE YES YES YES YES

Quarter FE YES YES YES YES

The numbers in parentheses are the robust standard errors adjusted for clustering at the fund level. ***, **, and * represent significance at the 1%, 5%, and 10% levels, respectively. Estimation of Eq. (2),
including the fund age (Inage; ), the net asset value of the fund (Intna; ), the net asset value of the fund manager (Infamsize; ), volatility of the fund's ordinary return rate (Stdret; ), total dividend amount
of the fund (div;;), number of fund dividends (divnum;,), market return rate (Rm,), the fund manager’s stock-picking ability (pick; ), the fund manager's timing ability (timing;,), the fund manager’s gender
(gender; ), the fund manager's education level (edu;,), the fund manager's experience (exp,, or expmax;,), the fund team’s management model (team, ).

Table 8 Regression results of residual media attention.

Explained variable: Fund net capital flow (flow)

m ) A)

all large small
media_res 0.480*** 0.0393* 0.910***

(0.135) (0.0228) (0.286)
Observations 20,306 10,528 9,778
R-squared 0.085 0.518 0.074
Number of funds 807 542 669
Fund FE YES YES YES
Quarter FE YES YES YES

The numbers in parentheses are robust standard errors after fund-level clustering. ***, ** and *
represent significance at the 1%, 5% and 10% levels respectively. Estimation of Eq. (4), including
the fund age (Inage;,), the net asset value of the fund (Intna;,), the net asset value of the fund
manager (Infamsize;;), volatility of the fund's ordinary return rate (Stdret;,), total dividend
amount of the fund (div; ), number of fund dividends (divnum;,), market return rate (Rm,), the
fund manager's stock-picking ability (pick;,), the fund manager's timing ability (timing;,), the
fund manager's gender (gender;,), the fund manager's education level (edu;,), the fund
manager's experience (exp;, or expmax;,), the fund team’'s management model (team, ).

Table 9 Regression results of residual fund net capital flow.

Interpreted variable: Ordinary return rate of fund (return)

()
flow_res 0.176*** (0.0109)
Observations 20,569
Number of funds 807
R-squared 0.827
Fund FE YES
Quarter FE YES

The numbers in parentheses are robust standard errors after fund-level clustering. ***, ** and *
represent significance at the 1%, 5% and 10% levels respectively. Estimation of Eqg. (5), including
the fund age (Inage;,), the net asset value of the fund (Intna;,), the net asset value of the fund
manager (Infamsize;,), volatility of the fund's ordinary return rate (Stdret;,), total dividend
amount of the fund (div; ), number of fund dividends (divnum;,), market return rate (Rm,), the
fund manager's stock-picking ability (pick;,), the fund manager's timing ability (timing; ), the
fund manager's gender (gender;,), the fund manager's education level (edu; ), the fund
manager's experience (exp;; or expmay;,), the fund team’'s management model (team; ).

insights across different fund categories. For the entire sample of
funds, media attention is associated with a substantial increase in
net capital flow, with a coefficient of 0.253 and statistical
significance at the 1% level, indicating a strong positive effect.
This suggests that higher media attention is linked to increased
investor interest and capital inflows. When the analysis is

Table 10 Regression results of media attention by GMM
method.

Explained variable: Fund net capital flow (flow)

m (¢))] ()]
all large small

L.flow —0.0312** 2.26e-05 —0.0703***
(0.0155) (0.0134) (0.0187)

media 0.253*** 0.0958*** 0.0251 (0.0776)
(0.0629) (0.0325)

Observations 20,306 10,528 9778

Number of funds 807 542 669

Fund FE YES YES YES

Quarter FE YES YES YES

The numbers in parentheses are standard errors. ***, ** and * represent significance at the 1%,
5% and 10% levels respectively. Control variables include the ordinary return rate of the fund in
the previous period (return;; ;), the fund age (Inage;,), the net asset value of the fund (Intna;,),
the net asset value of the fund manager (Infamsize; ), volatility of the fund’s ordinary return rate
(Stdret; ), total dividend amount of the fund (div;;), number of fund dividends (divnum;;), market
return rate (Rm,).

restricted to large funds, the coefficient increases to 0.0958, also
significant at the 1% level, but the effect is less pronounced
compared to the overall sample. This could imply that while
media attention is still important for large funds, other factors
might play a more dominant role in driving capital flows. In
contrast, for small funds, the coefficient of media attention is
considerably lower at 0.0251 and is not statistically significant.

Fixed fund company effect. The Table 11 provides a detailed
analysis of the impact of media attention on fund net capital flow,
with a particular focus on the role of fixed fund company effects.
Fixed effects for fund companies are incorporated into the regres-
sion model to control for unobserved heterogeneity that could be
attributed to the specific characteristics of each fund company. This
approach helps to isolate the effect of media attention by accounting
for any time-invariant factors that might otherwise influence the
relationship between media coverage and capital flows.

The table synthesizes the impact of media attention on fund
net capital flow across different fund sizes, highlighting significant
positive relationships. For the entire sample of funds (Column 1),
media attention shows a robust positive effect with a coefficient of
0.0854, significant at the 1% level. Large funds (Column 2) exhibit
a smaller but still significant positive effect at 0.0280, also at the
1% level, suggesting a less pronounced impact compared to the
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Table 11 Regression results of media attention by fixing fund
company effect.

Explained variable: Fund net capital flow (flow)

Table 12 Regression results of media attention when
considering GDP growth.

Explained variable: Fund net capital flow (flow)

5% and 10% levels respectively. Control variables include the ordinary return rate of the fund in
the previous period (return;; ), the fund age (Inage;,), the net asset value of the fund (Intna;,),
the net asset value of the fund manager (Infamsize; ), volatility of the fund's ordinary return rate
(Stdret; ), total dividend amount of the fund (div;;), number of fund dividends (divnum; ), market
return rate (Rm,).

overall sample. In contrast, small funds (Column 3) demonstrate
a stronger positive impact with a coefficient of 0.116, significant at
the 1% level. This indicates a robust positive relationship between
media attention and fund net capital flow.

GDP growth. The table presents the regression results controlling
for both media attention and GDP growth rate as potential
macroeconomic influences on fund net capital flow. The inclusion
of GDP as a control variable is to account for broader macro-
economic factors that could simultaneously affect social media
discussions and fund flows.

The regression analysis presented in the Table 12 evaluates the
impact of media attention on fund net capital flow, while
controlling for macroeconomic factors such as GDP growth.
Across all fund categories, media attention is positively associated
with net capital flow, with coefficients of 0.0525, 0.0161, and
0.0728 for all, large, and small funds respectively. These results
are statistically significant, indicating that increased media
coverage leads to higher capital inflows.

Conclusion

This paper takes open-end equity funds and open-end mixed
equity funds established from January 1, 2006, to December 31,
2018, as the sample, with the empirical interval from January 1,
2008, to December 31, 2020. Using a fixed-effects model, this
study examines the impact of social media attention on fund net
capital flow and fund performance, and explores the possible
mechanisms by which social media attention affects the rela-
tionship between fund net capital flow and fund rally. The study
found that a fund’s social media attention has a significant
positive impact on fund net capital flow. Social media attracts the
limited attention of investors and reduces their search costs, thus
positively affecting net fund flows. Building on the work of Sirri
and Tufano (1998) and Rao et al. (2013), this paper further
divides media sentiment into positive, neutral, and negative types
using the Senta sentiment prediction model, to study whether
different emotional media attention has different impacts on fund
net capital flow. The empirical results show that in the large fund
sample, positive (negative) emotional media attention has a
positive (negative) impact on fund net capital flows, and the
impact of positive emotional media attention on net fund flows is
greater than that of negative sentiment, which is consistent with
the conclusion that media attention on the stock market affects
the buying and selling behavior of stock investors (Teti et al. 2019;
Barber and Odean, 2008). When faced with a multitude of

12

Q) ) (3) m ) (€))

all large small all large small
media 0.0854*** 0.0280*** o.mne*** media 0.0525*** 0.0161*** 0.0728*

(0.00975) (0.00275) (0.0235) (0.0141) (0.00582) (0.0365)
Observations 20,306 10,528 9778 GDP —1.046™** —0.911** —1.179***
R-squared 0.084 0.476 0.081 (0.0524) (0.0187) (0.0883)
Number of funds 807 542 669 Observations 20,306 10,528 9778
Fund Company FE  YES YES YES R-squared 807 542 669
Quarter FE YES YES YES Number of funds 0.076 0.518 0.054

Fund FE YES YES YES

The numbers in parentheses are standard errors. ***, ** and * represent significance at the 1%, Quarter FE YES YES YES

The numbers in parentheses are robust standard errors. ***, ** and * represent significance at
the 1%, 5% and 10% levels respectively. Control variables include the ordinary return rate of the
fund in the previous period (return;;_;), the fund age (Inage; ), the net asset value of the fund
(Intna; ), the net asset value of the fund manager (Infamsize; ), volatility of the fund's ordinary
return rate (Stdret; ), total dividend amount of the fund (div; ), number of fund dividends
(divnum; ), market return rate (Rmy).

investment options, investors tend to focus on funds that receive
more media attention (Hypothesis 1).

The reason why negative emotions have a smaller impact on
fund flows might be that investors may exhibit a “limited atten-
tion” bias toward negative emotions, meaning that they are more
likely to ignore or downplay negative information, especially
when the overall market performance is good. The empirical
results in Section 5.2.1 show that negative emotions have a sig-
nificantly negative impact on the capital flows of large-scale
funds, but the extent of the impact is less than that of positive
emotions (Table 3). This could be because investors are more
cautious in their response to negative information, or they require
stronger signals to take redemption actions. In 2020, China’s
public fund market experienced explosive growth, with investors,
especially the younger demographic, demonstrating short-term
behaviors of “buying high and selling low” (Introduction section).
Against this backdrop of market optimism, negative emotions
may be partially offset. The study by Teti et al. (2019) indicates a
stronger positive correlation between positive sentiment on social
media and stock returns. Similarly, fund investors may be more
susceptible to the “herding effect” (Hypothesis 3a), leading to a
lower efficiency in the spread of negative emotions. “It is rea-
sonable that negative emotions may have different impacts under
different market conditions.” Although this paper does not
directly analyze the influence of market cycles, the robustness
tests in Section 7.4, where GDP growth rate is used as a control
variable, show that the macroeconomic environment has a sig-
nificant impact on capital flows. The current study did not dis-
aggregate the moderating effect of market cycles on emotional
effects. Given that risk-averse behavior may vary with market
fluctuations, future research could introduce market state vari-
ables (volatility indices) to examine the amplifying effect of
negative emotions during periods of crisis.

This paper uses empirical analysis to test the positive correla-
tion between fund net capital flow and fund performance in the
short term, supporting the “smart money” effect and consistent
with literature conclusions (Zheng, 1999; Schwert, 2005; Pollet
and Wilson, 2008; Chin and Chou, 2009; Lin et al. 2014). In
addition, this article explores the possible impact mechanism of
media attention on fund net capital flow and fund rally. Based on
the research of Han and Cui (2014), using fund net capital flow as
a proxy for the short-sighted behavior of fund managers, it is
found that fund net capital flow are positively correlated with the
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degree of fund rally. This positive correlation is stronger in funds
with high social media attention, ie., media attention can
strengthen the positive correlation between fund net capital flow
and fund rally, verifying the amplifying effect of social media
attention.

The conclusions of this study indicate that social media
attention significantly impacts the level of fund subscription
activities, reaffirming the significance of media attention in the
fund investment process. Given that individual investors gen-
erally have weaker risk awareness, are prone to chasing gains
and cutting losses, pay insufficient attention to information, and
are overly confident, they are more susceptible to the influence
of social media. With the increasing importance of social media,
regulatory authorities should enhance the transparency
requirements for information disclosure, ensure the openness,
fairness, and justice of information disclosure on social media,
and prevent the spread of false information and market
manipulation through social media. In addition, investor edu-
cation should be valued to improve investors’ financial literacy,
enabling them to extract effective information from social
media, allowing more individual and ordinary investors to
understand the essence of financial investment, and to fully
consider the risks undertaken while pursuing returns, avoiding
blind following.

Specifically, we propose the establishment of an information
authenticity verification mechanism, which requires social media
platforms to tag posts related to financial products such as funds
and stocks (e.g., indicating the source of information, whether it is
an advertisement) and mandates real-name authentication for
posters to reduce the spread of false information. Additionally, we
suggest setting up a “Financial Rumor Reporting Channel” that
allows investors to quickly report misleading statements. Platforms
must verify and label or remove inaccurate content within 24 h and
regularly publicize case handling to serve as a warning to the
market. Mandatory disclosure of conflicts of interest is also
recommended, requiring fund companies, fund managers, or
third-party institutions to clearly state their relationships of interest
when promoting on social media (e.g., holding positions, coop-
eration promotion agreements) to prevent covert manipulation.

Secondly, the development of intelligent risk warning tools is
also suggested, embedding real-time sentiment analysis results
(e.g., the current ratio of positive/negative discussions about the
fund on social media) on the fund sales page, and automatically
generating concise risk warnings. Strengthening basic financial
literacy education is further reccommended, with joint efforts with
the Ministry of Education to include basic investment knowledge
in high school curricula, and launching a series of popular science
animations on short video platforms (such as Douyin, Bilibili),
focusing on explaining concepts like “herding risks” and “harms
of short-term speculation.”

Thirdly, we propose the establishment of a “social media-fund
flow” linkage monitoring system, utilizing natural language pro-
cessing technology (such as Baidu Senta model) to capture and
analyze social media sentiment in real-time, combined with fund
net inflow data, to identify abnormal fluctuation signals (e.g., a
sudden high frequency of discussion about a fund and a sharp
increase in capital inflow), triggering regulatory scrutiny. Setting
“herding thresholds” and mandatory disclosure requirements is
also suggested; when a single fund’s top ten holdings overlap with
those of other funds exceeds 60%, the fund company is required
to publicly explain its holding logic and limit the proportion of
additional similar asset allocation to prevent excessive con-
centration risk. Regular stress testing is further recommended,
requiring large fund companies to simulate liquidity risks under
negative social media sentiment shocks (such as massive
redemptions) and submit emergency response plans.

Data availability
No datasets were generated or analysed during the current study.
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