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The Stock Market is a typical complex network composed of investors, stocks,

and market information. The abnormal fluctuation of the Stock Market has a

strong effect on the economy of a country and even that of theworld. Fueled by

the herd effect of the increasingly abundant social media, Internet rumors, as an

important source of market information and an exogenous financial risk, can

lead to the collapse of investor confidence and the further propagation of

financial risks, which can damage the financial system and even lead to social

unrest. With additional availability of computing techniques, we attempt to

uncover the media information effects in the stock market and seek to provide

researchers with 1) a theoretical reference for a comprehensive understanding

of such a complex network, 2) accurate prediction of future data, and 3) design

of efficient and reliable risk intervention models. Based on the data of China’s

Stock Market, this study uses machine learning to investigate social media

rumors to reveal the interplay of social media rumors and stockmarket volatility.

In this work, we find patterns from social media rumors from financial forums

using machine learning, quantify social media rumors based on statistics, and

analyze themechanism of propagation and influence of social media rumors on

stock market volatility using econometric models. The empirical results show

that rumors play an important information transmission effect on stock market

volatility and the constructed Internet Financial Forum Rumor Index is helpful to

sense the potential impact of rumors, i.e., a significant lagged negative effect.

These findings are of guidance for the optimization of the information

environment, and can serve to promote the healthy and stable development

of the stock market.
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1 Introduction

The impact of Internet social media on the stock market is

a double-edged sword. On the one hand, its ability to

disseminate information widely and freely is conducive to

reducing information asymmetry among market participants,

improving the effectiveness of the stock market, and

maintaining the stability of the financial market. On the

other hand, the circulation of irregular, one-sided or

unconfirmed information tends to impact stock prices,

mislead investors, and can seriously affect the confidence

of market participants in the transparency and truthfulness of

market information, resulting in a decrease in the financing

capacity of the stock market and a misallocation of social

resources. For instance, the circuit breaker mechanism1 in

China’s stock market has been triggered by reports on

“devaluation of RMB exchange rate”, “imminent release of

many restricted sales”, “geopolitical instability”, “overseas

transfer of domestic capital”, and “the unstable situation”.

These rumors spread rapidly through the Internet social

media, leading to weakened investor confidence and

collective position reduction, financial risks, and even

social unrest. Therefore, in the era of big data, it has

become an important and urgent challenge in today’s

world to study the mechanism of the inherent influence of

rumors on stock market volatility, capitalizing on the massive

information on the Internet to ensure the sound operation of

financial systems [1–3].

At present, there are two deficiencies in the research on

the impact of rumors on the stock market [4–11]. First, we are

yet to find any establishment of a single scalar value to

quantify not only the degree of rumors in online social

networks but also the general performance of the stock

market. Second, although econometric regression models

have been widely used to study the influence of rumors on

stock market, such studies only focus on the one-way effect

without considering how the stock market performance may

feedback to online social networks. In view of the first

deficiency, the Internet Financial Forum Rumor Index

(IFFRI) is constructed based on the relative number of

Eastmoney2 forum rumors in time variation and spatial

comparison according to the generalized attribute of

statistical index. IFFRI is used to indicate the relative

number of changes in social media rumors. It expresses

the comprehensiveness and variation of rumors. Aiming at

the second deficiency, IFFRI is added into the GARCH model

to solve the problem of single investor sentiment variable in

existing studies. When IFFRI is added, the intermediate

variable reflects both rumor characteristics and stock

market characteristics. This makes this paper better

analyze the fluctuation law of social media rumors’

influence on the stock market. Specifically, the

contribution of this study is twofold. At the data level, we

have collected and identified 430,424 rumors in China’s Stock

Market, which are of great value for further exploration of

related issues supported by these sufficient data. At the rumor

research level, this study provides a new perspective and

opportunity to improve the effectiveness of stock market

information disclosure, and plays a positive role in

promoting the healthy and stable development of the

capital market.

In this paper, we first review relevant research literature.

Then, we present a social media rumors detection method, IFFRI

generation principle, and empirical research model of rumor’s

impact on stock market volatility. Last, we design experiments to

examine their effects and analyze ramifications from these

experimental results to reveal the interaction between the

informational and financial spaces.

2 Related work

2.1 Specialized social media on financial
markets

Rose was the first researcher who proposed the impact of

rumors on the stock market. By analyzing samples collected

by hand over 2 years, he found that rumors can have a short-

term impact on stock prices, leading investors to buy and sell

[12]. Later on, similar studies have been increasingly

conducted to explore the effects of social media on the

stock market. In particular, Diefenback manually searched

for each unsubstantiated rumor that appeared in the Wall

Street Journal’s market Rumors section [13]. Davies and

Canes analyze the “Market Rumors” section of the Wall

Street Journal and find that positive rumors have a positive

impact on stock prices, while negative rumors have a negative

impact. Pound et al. found through newspapers and

magazines that rumors of corporate mergers and

acquisitions had little impact on market fluctuations, and

there was arbitrage behavior before rumors were announced

[14]. Huth et al. found through media news that rumors have

more impact on large-scale enterprises [15]. Barber et al. filter

rumors by manually reading the “rumors” section of Business

Week [16]. Kiymaz et al. detect rumors by analyzing stock

market rumors in the Turkish media one by one, and found

that rumors in the categories of “earnings” and “foreign

takeover” had a more significant impact on stock market

1 The circuit breakermechanism is amechanism that sets amelting price
for a contract before it reaches a stop, so that contract buying and
selling quotes can only be traded within this price range for a period
of time.

2 Eastmoney is one of the most visited and influential financial and
securities portals in China, and has always been in a leading
position among financial and economic websites in China.
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volatility by collating media information [17]. Clarkson et al.

investigated the relationship between rumor and abnormal

returns by manually selecting rumor posts as rumor events

[18]. Spiegel et al. manually selected the rumors on Israeli

Internet forums and found that the rumors confirmed the

significant abnormal returns in the stock market in the first

5 days [19]. Zhao et al. used false or misleading information

publicly published in official media and clarified by listed

companies as the study sample [5]. However, most studies

mainly relied on manual identification of rumors, which is

time consuming and with human bias. Some researchers have

taken a further step by utilizing machine learning algorithms

to identify rumors. For example, Li carried out research on

network rumor recognition based on Naive Bayes

classification [20]. Liu researched the detection technology

of microblog rumors of unexpected events based on machine

learning [21].

This paper uses machine learning method to realize the

detection of social media rumors in stock market. Based on

the results, we analyze the performance characteristics of

social media rumors in Chinese stock market, such

as sentiment polarity, time, sector and inter-industry and

so on.

2.2 Sentiment polarity classification

In the study of sentiment classification in financial media,

Das et al. mine investor sentiment from stock message boards

and compare the efficiency of different classifiers. Their

research method has a significant effect on noise removal,

and they try to apply their method to different language fields

[22]. Zhu used naive Bayes classification algorithm to classify

six million posts into “positive”, “neutral” and “negative”

categories by emotion and constructed a sentiment index and

opinion dispersion index [23]. Chen et al. used the evaluation

theory to classify the emotional words and behavioral words

in the stock market and obtained the emotional polarity of

stock news by using the statistics of financial lexicon [24]. Xu

et al. used support vector machine (SVM), Bayes classifier and

Rough Set Theory to predict industry and individual stock

news respectively and introduced a theory of sentiment

classification evaluation [25]. Meng et al. obtained a

keyword lexicon of investor sentiment in China [26]. Yin

et al. constructed the emotional characteristics of users and

microblogs by conducting emotional analysis on the rumor

texts of detection microblogs and users’ historical microblogs

[27]. These methods provide a promising solution for

sentiment classification.

In fact, research on emotional classification based on

financial media has been paid more and more attention.

Nowadays, network forum becomes an important form of

social media, and the influence of its information

dissemination has undergone great changes from breadth

to depth. Most of its manifestations are semi-structured or

unstructured text, such as stock forum. When studying forum

information, accurate sentiment classification is the basis of

quantitative impact analysis of stock market. Based on the

Chinese Financial sentiment Lexicography [67] and machine

learning, we will classify the rumors in the forum of

Eastmoney. We use supervised learning to extract emotion

information and use evaluation indexes of Chinese emotion

analysis technology to evaluate the performance of

emotion classification. This paper obtains more accurate

emotional polarity, which provides an important basis for

capturing the relationship between rumor and stock market

volatility.

2.3 Quantification of social media texts

We believe that the quantification of media information is

essentially the quantification of investor sentiment based on

rumors. The measurement of investor sentiment is the basic

work of studying the influence of media on stock market. After

obtaining the rumor text and its emotional polarity, it is

necessary to conduct data standardization processing first,

quantify investor sentiment, and make data preparation for

studying the impact of rumor on the stock market. However,

because investors are affected by subjective factors such as

physiology and psychology, as well as objective factors such as

social environment and macroeconomy, the quantification of

investor sentiment has always been a difficult problem in

academia. So far there has not been a completely ideal unified

measurement method.

The index of investor sentiment can be divided into market

level and company level [28]. At the market level, researchers use

investor sentiment factors through investor survey, closed-end

fund discount, IPO offering and first-day return, market trading

volume, principal component analysis, least square, HAR-RV

GAS and other sentiment measurement methods [29–40]. At the

firm level, researchers measure investor sentiment by

discretionary accruals, decomposed Tobin, Momentum Index,

market-to-book ratios, and deviation of analyst earnings

forecasts [41–49].

At present, investor sentiment has not been studied by

combining market and company. The main reason is the large

difference of individual investors [50]. Individual investors

have a greater degree of irrationality than institutional

investors [51]. The biggest characteristic of China’s stock

market is the majority of individual investors. With the rapid

development of social media in China, investors participate

in discussions and express their opinions through forums,

which has become a “window” for Chinese shareholders to

express their emotions. At this time, rumors gather in the

forum, and through investors’ reading and reprinting, the
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influence of rumors is expanded, and investors’ emotions and

behaviors are triggered. This study will use forum

information to quantify investors’ subjective judgment on

the market and companies, discover investor sentiment

hidden in rumors, and provide a new method for

extracting and measuring investor sentiment.

2.4 Effect of rumors on stock market
volatility

Shiller and Le Roy were among the first to discover the

“volatility puzzle” of stock returns [52, 53]. Later, more and

more researchers observed the influence of investor

sentiment on stock market volatility. For example, Browna

et al. find that investor sentiment is positively correlated with

stock market returns at weekly frequencies and vice versa at

monthly frequencies [54]. Wang et al. find that changes in

investor sentiment have a significant impact on Shanghai and

Shenzhen stock markets returns and have an inverse

correction effect on the volatility of the two markets [55].

Arindam study finds that stock returns are determined by

trader sentiment on the day and investor sentiment can

explain stock market return volatility [56]. Clarkson et al.

found that rumors react quickly to the stock market after

10 min of appearing in online forums, realizing as abnormal

returns and volume [57]. Verma finds that both individual

and institutional investors’ sentiments have a negative impact

on stock market volatility [58]. Tetlock empirically

demonstrates that pessimistic media coverage predicts

downward pressure on stock market prices [59]. Kaniel

et al. argue that investor sentiment has an inverse

relationship with short-term stock returns [60]. Patrick

argues that investor sentiment changes investors’ risk

aversion and has a seasonal impact on the stock market

[61]. Sabherwald et al. state that online forum investor

sentiment has a negative impact on next-day stock returns

and volatility [62]. Antonios et al. found that investor

sentiment is idiosyncratic and positively associated with

abnormal returns on tender announcements during

corporate takeovers, a result that goes beyond previous

scholarly research on the relationship between investor

sentiment and the stock market [63]. Chi et al. studied the

relationship between investor sentiment and ACSI

information mispricing based on CAPM, Fama-French

three-factor model, and Carhart four-factor model, and

found that negative investor sentiment causes asset prices

to deviate from value, confirming that customer satisfaction

is a valuable intangible asset in capital markets [64].

Demetrios et al. studied the impact of investor sentiment

in the Greek stock market, and mid-sized stocks were most

significantly affected by investor sentiment [65]. Woan-lih

incorporates investor sentiment factors into the Carhart four-

factor model. He found that companies that were sensitive to

investor sentiment earned more outlier returns in stock

repurchase. At the same time, information asymmetry will

exacerbate investor sentiment and lead to a greater degree of

asset mispricing [66]. These studies unveil that investor

sentiment has a significant impact on stock market

fluctuations, but there are few researches based on social

media, especially on spreading rumors.

This paper studies the influence of rumors on stock market

volatility through investor sentiment reflected in social media

rumors, which is of great practical significance. In particular, we

explore such rumor influence according to the different stages of

rumor spreading, including generation, evaluation, and

dissemination.

3 Methods

In this section, we first crawl forum data (Section 3.1) and

use machine learning to detect rumors (Section 3.2). Next in

Section 3.3, we define a scalar value for all rumors of each day

to quantify their collective significance and positivity. Such

an index is used to construct the trend evolution over time.

Last, in Section 3.4, we use the GARCH model to

quantitatively analyze the transmission mechanism of

rumors on stock market volatility.

3.1 Data acquisition

In recent years, China’s stock market experienced a major

stock market crash caused by information asymmetry in

2016. Within the first four trading days of that year, the

Chinese stock market triggered the circuit breaker

mechanism twice and closed early, setting a precedent for

the world stock market. This event is providing important

data for our study, and We try to discover the mechanism of

propagation dynamics of social media rumors on the stock

market. Therefore, this paper focuses the sample data on the

Chinese stock market from 2015 to 2016. The stock data used

in this paper are obtained from the China RESSET3 database,

specifically using individual stock opening price, closing

price, high price, low price, turnover rate, volatility,

number of shares traded, amount traded, basic information

of individual stocks, the Shanghai Composite Index (SSE) and

Shenzhen Component Index (SZI).

3 RESSET (Beijing Juyuan RuiSi Data Technology Co., Ltd): The
company’s main business is to provide financial data services, which
is one of the important databases of interest to financial practitioners,
researchers and investors in China.
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This paper uses the text of Eastmoney stock bar as the

base data. The Eastmoney stork bar is one of the most

important stock forums in China: 1) According to

ALEXA4, Eastmoney ranks among the top ten Chinese

websites in the world and the first financial website in

China, with a daily average page view of over 100 million,

which is far ahead of domestic financial websites; 2)

According i-research5, the average monthly coverage of

user visits of Eastmoney reaches 63.57 million people,

occupying half of the industry, and has developed into one

of the most successful Internet platforms and financial data

platforms in China. It providing researchers with a massive

data base; 3) Eastmoney stock bar provides an interactive

exchange platform for investors, and is one of the largest

financial interactive platforms in China in terms of user

volume. According to the data from Ariadne, Stock Bar

ranks first in China in terms of user visits and user

stickiness. It posting time is accurate and high, with

“seconds” as the timing unit, more accurate, and the

forum data is more complete. Therefore, this paper of

Chinese stock market forum rumors through the

Eastmoney stock bar has considerable representativeness

and reference value.

We start from the URL of Eastmoney, get the initial list of

pages, and keep crawling new URLs from the current page

until the URL is empty or meets the crawl termination

condition. We used a train crawler (an open-source web

crawler) with fast crawling speed and high accuracy for

adaptive modulation to meet the crawling requirements.

We collected stock posts in stock bar from 2015 to 2016,

totaling about 37.8 million, with a quantity of 10 GB and a

data accuracy of seconds, and the content of the crawl

included: stock code, posting IP address, posting title, post

content, crawl URL, reading volume, following volume, and

posting time.

We pre-process the data as follows. Step 1: We write the

collected data into the MYSQL database, and then export the text

in the database according to the information in each piece of data

and export the data of the same stock into a CSV file, so as to

realize the classification by stock code. Step 2: We use the

program to eliminate “distorted information, mis recorded

and inappropriate samples” in the database, such as very

small (less than 4 kb) or very large (more than 100 kb) text,

zero reading volume, long-term suspension stocks, etc. Through

the pre-processing of the crawl information, 200,000 noisy posts

were eliminated, and 37.6 million stock posts were made.

3.2 Rumor detection

After obtaining the forum text, we follow the route of “text

representation - feature generation - feature extraction - text

classification” to distinguish “rumor” and “non-rumor”.

(1) Text representation. In this paper, let the information of

the share Eastmoney stock bar be D and the weight of the

feature term beWk, that is, if there is a feature term Tiin a

forum information Di, the vector of feature terms of Tiis

expressed as 1, otherwise it is 0. The size of the correlation

between the content of two documents is measured by the

distance between the vector document vectors, which is

generally calculated using the inner product or the cosine

of the angle, the smaller the angle the higher the

similarity (Eq. 1).

Sim(D1, D2) � cos θ � ∑n
k�1w1k × w2k������������������������(∑n

k�1w
2

1k ) × (∑n
k�1w

2
2k )√ (1)

(2) Feature Extraction. Based on the characteristics of rumor

in stock market, five feature sets are used in this paper. Fa:

post content features (word frequency features, word

nature features, sentiment word features, etc.); Fb:

followers features (number of followers, word

frequency features, word nature features, sentiment

word features, etc.); Fc: publisher behavior features

(number of posters’ posts, number of their followers,

etc.); Fd: information credibility features (website

credibility, posting time period, original post or repost,

authority of posters, etc.); Fe: stock market features (stock

index change rate, price change of corresponding stocks,

volume change and turnover rate in the time period

before and after posting, etc.).

(3) Feature weight calculation. Based on the TF-IDF model, we

added a lexical weight determination method and calculated

the text feature weights based on the set of stock bar

information features [67]. We form a comprehensive

weight for each word item of each document in the

rumor sample, from which we judge that if a word item

appears in a rumor sample with high frequency and the

number of texts containing it in the whole rumor sample set

is small, then it has a high TF-IDF (Eq. 2).

4 Alexa ranking refers to the world ranking of websites, mainly divided
into comprehensive ranking and classification ranking, Alexa provides a
number of evaluation index information including comprehensive
ranking, arrival ranking, page visit ranking, etc. Most people take it
as the current more authoritative evaluation index of website visits.

5 i-research is the leading brand in China’s new economy and industry
digital insight research and consulting services, providing professional
industry analysis, data insight, market research, strategic consulting
and digital solutions to help clients improve their cognitive level,
profitability and overall competitiveness.
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TF-IDFi,j � tfi,j × idfi (2)

The weight of lexical item i in the rumor sample jis noted as

tfi,j � ni,j∑
k

nk,j
, If the fewer documents containing lexical item i

in the rumor sample, it means that lexical item i has good

category differentiation ability, which will be noted as IDFi,j,

and the larger its idf will be, noted as idfi � log N
dfi

. To deal

with the situation when wordi does not exist in the set of

rumor sample and the denominator dfiin the formula is 0,

the above formula is modified as follows idfi � log N
dfi+1 .

(4) Text Classification. In this paper, we use Support Vector

Machine (SVM) as a classifier for rumor recognition of

stock bar text messages. This paper directly uses the most

representative LIBSVM package6, LIBSVM-2.88 JAVA

program to build the SVM classifier.

To check the accuracy of SVM classifier in classifying

rumors on the Internet, after the SVM finished the

sample test, this paper used “Precision (P) + Recall (R)

+ F-measure (F)” to ensure the accuracy of classification of

all samples. P � a
a+b, R � a

a+c (a is the number of rumors

correctly classified as “rumor”, b is the number of “non-

rumor” incorrectly classified as rumors, c is the number of

rumors incorrectly classified as “non-

rumor”), F � 2 × P × R
P+R .

(5) Emotional polarity judgment. Due to the lack of a

Chinese financial sentiment lexicon, most researchers

in the face of the Chinese stock market have had to use

manual reading discrimination methods in order to

improve the accuracy of sentiment analysis, which

greatly limits the sample size and increases the

subjective variability of judgment results.

We design an unsupervised sentiment analysis algorithm for a

large number of documents based on the Chinese Financial

Sentiment Thesaurus (CFST) [67]. Step 1, the sentiment

tendency of rumor is determined using CFST and

combined with syntactic analysis, and the sentences with

the determined tendency are used as the training set to

train a sentiment determination model for rumor sentences

using SVM. Step 2, the sentences in the quasi-training

utterances that are larger than a certain threshold are

proposed by the SVM to determine the positive and

negative polarity, and are used as new training utterances

to improve the SVM. Step 3, for a new rumor, the trained

SVM is used to determine the positive and negative sentiment

polarity of the statements in the text, and the sentiment

polarity of the whole rumor message is determined based

on the sentiment polarity of the sentences in the document

and the importance of the position of the sentences in the text.

The advantage of this method is that it uses machine learning

algorithms to overcome the low recall rate of sentiment

determination based on sentiment dictionaries alone. At

the same time, it avoids the time-consuming of

constructing training samples manually on a large scale

and is suitable for mass text processing.

(6) Validation. In this paper, the experiment is evaluated using

10-fold cross-validation.

Step 1: Find any 10,000 rumor samples (A), and then find any

10,000 non-rumor samples (B), totaling 20,000 forum text

messages, as the experimental data samples. Step 2: Build the

training set. From the sample data, 90% rumor samples (C) and

90% non-rumor samples (D) are randomly selected as the

training set and divided into 10 copies equally as the training

set. Step 3: Construct the test set. The remaining 10% of rumor

samples (E � A − C) and 10% of non-rumor samples

(F � B −D) are used as the test set and divided into 10 copies

on average as the test set.

Finally, we obtained the performance evaluation metrics

of SVM classifier: Precision = 76.82%, Recall = 72.32%,

F-measure = 74.50%. Therefore, we consider that: 1) the

classifier has good performance in classifying rumors, and

can detect rumor in stock bar forums crawled by the crawler;

2) the average accuracy of the SVM classifier in classifying the

emotional polarity of rumors reaches 71.5%, which can be

considered as good performance in classifying emotional

polarity. The trained SVM classifier can be used to

discriminate the emotion of rumors.

3.3 Rumor quantification

Based on the social media rumors data obtained in

Section 3.2, this paper further constructs the Internet

Financial Forum Rumor Index (IFFRI) to comprehensively

measure the degree and direction of social media rumors

changes, which provides the prerequisites for analyzing the

mechanism of social media rumors’ impact on stock market

volatility in Section 4 of this paper. IFFRI is the relative

number of rumors in terms of time variation and spatial

comparison, which conforms to the generalized attributes of

statistical indexes.

3.3.1 IFFRI
To consider the comprehensiveness and variation of rumors,

IFFRI is constructed according to the different stages of rumor

spreading. In fact, the characteristics of social media rumors are

6 LIBSVM package: The strong principle, high efficiency, and easy
operation SVM identification and regression package developed and
designed by Professor Chih-Jen Lin of National Taiwan University. The
package provides open-source code, which has been compiled to be
executable in WINDOWS system environment. It provides tested
default parameters, and the applicant has less parameter adjustment
for SVM algorithm design, and provides common kernel functions
such as linear and polynomial for selection, which can easily solve
specific problems in SVM algorithm.
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essentially the same as those of traditional rumors, and their

spread goes through three stages: generation, evaluation, and

dissemination [68]. Rumor spreading behavior of stock forum

readers is shown below (Figure 1).

1) Rumor generation. As the publisher’s subjective

evaluation and independent judgment of a listed

company, rumor reflects investors’ uncertainty and

anxiety, which are the basis for the breeding of rumors.

The publisher spontaneously generates and disseminates

the information through forums, and audience receives it

independently, which is typical of spontaneity and

originality. The rumor at this time is “original”, without

interference from outside, and most truly reflects the

psychological and emotional characteristics of investors.

Therefore, Rumor in a forum can reflect publishers’ views

about companies and extract the emotional polarity of

investors.

2) Rumor Evaluation. When investors receive rumors, they

determine whether to believe them based on their own

judgment. When considering other people’s judgment,

investors often engage in herding behavior, which is

irrational, although reasonable, and is brought about by

the “information cascade theory” [69]. As the survey of

CNNIC (China Internet Network Information Center)

shows, Chinese netizens still lack the awareness of

questioning the authenticity of online news, and direct

forwarding of unverified news is common. The data show

that 60.3% of Internet users do not verify the authenticity

of information before forwarding it directly, which plays a

role in promoting the spread of false news information.

Therefore, the amount of reading and commenting on

rumor in a forum can reflect the extent to which investors

are affected by rumor, and the emotional polarity

characteristics of publishers are retained and continued.

3) Rumor Spreading. First, in terms of forum rumor spread,

when an investor reads a rumor and believes it to be a

rumor, investor quickly and actively spreads it to close

friends. Rumors are passed on by people who are known

and trusted (also known as “opinion leaders”), whose

opinions and views are highly persuasive and are

spread to increase its credibility. At the same time,

rumors can flow between different social groups, with

the communicator maintaining horizontal relations

with other members of the group and reaching different

groups through other “opinion leaders”. In this way,

rumor flows smoothly among multiple groups [70].

After the rumor is spread, it retains the meaning and

emotional polarity of the poster, and the number of forum

readings is an important indicator of the breadth of its

spread. Secondly, the depth of the spread of rumors from

the forum. Since there are scale differences among stocks

and different sizes of impact and influence on the stock

market, from a statistical perspective, the factor of market

value weighting of stocks of the companies involved in

rumors should also be considered. Therefore, from the

comprehensive consideration of the breadth and depth of

FIGURE 1
Rumor spreading behavior diagram.
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forum rumor spread, the composition of rumor indicators

should include the reading volume indicator and the

market value indicator of the company involved in the

rumor.

Therefore, the content and reading volume (including

comment volume) of rumor in online forums imply the whole

process of a rumor from generation to investors’ evaluation

and then dissemination, reflecting the breadth and depth of

rumor dissemination, that is, the extent to which rumor

“infects” the audience through “radial dissemination”. We

propose Attention Rate (AR) and Market Capitalization

(MC); at the same time, forum rumors also contain the

emotional polarity of investors’ judgment on information

of listed companies, that is, the emotional tendency of

investment decision psychology for listed companies, and

we propose Sentimental Polarities (SP).

IFFRIt denotes the index of financial forum rumors on day t;

ARi,t denotes the attention index of social media rumors on day t;

MCi,t denotes the market capitalization index of companies

involved in social media rumors on day t; SPi,t denotes the

sentiment polarity index of social media rumors on day t (Eq. 3).

IFFRIt � ∑n
i�1
ARi,t × MCi,t × SPi,t (3)

In this paper, the IFFRI values of each social media

rumors were calculated separately for each day in the

sample period, and then summed by day to obtain the

daily IFFRI values in the sample period. IFFRI provides

important explanatory variables for the analysis of “social

media rumors and the underlying mechanism of stock market

volatility” in Section 4.

3.3.2 IFFRI factors
1) Attention Rate (AR). At day t, there are n pieces of rumor. It

is necessary to weigh the importance of each piece of rumor in

the attention index. The reading weight of each piece of

rumor is given as follows. ARi,tdenotes the attention index

of the ith rumor;ari,t denotes the number of readers of the ith

rumor on day t; ∑n
i�1ari,tdenotes the total number of rumors

read at day t (Eq. 4).

ARi,t � ari,t∑n
i�1ari,t

(4)

2) Market Capitalization (MC). This paper matches daily

market capitalization data with the market capitalization

of companies involved in social media rumors on day t. In

order to weigh the severity of the impact of the rumor on

the stock market for the companies involved in the rumor,

the proportion of the company involved in the market

value of all listed companies (set as J) on t day is taken as

the weight coefficient. MCi,tdenotes the market

capitalization indicator of the company involved in the

ith rumor; mci,t denotes the market value of the company

involved in rumor i at day t; ∑j
i�1mci,t denotes the total

market capitalization of all listed companies in the stock

market (j) at day t (Eq. 5).

MCi,t � mci,t∑j
i�1mci,t

(5)

3) Sentimental Polarities (SP). This study divides the emotional

polarity of rumor into “positive rumor” and “negative

rumor”. When quantifying emotional polarity indicators,

1represents “positive rumor” and−1 represents “negative

rumor” (Eq. 6).

SPi,t � { 1, if � positive rumor
−1, if � negative rumor

(6)

3.4 GARCH modeling

This study investigates the degree and direction of the effect

of rumors on the volatility of the stock market. If the daily return

on stocks unexpectedly rises or falls, investors will increase their

expectations of variance in the next period. In this regard, a

GARCHmodel can be used to analyze fluctuations in the effect of

rumors on the stock market based on the IFFRI index and daily

stock return data.

The GARCH model is the most classical model proposed by

Tim Bollerslev in 1986 for describing volatility [71]. The basic

principle is that the residuals reflect the magnitude of the

deviation of the dependent variable from the fitted value of

the mean equation, and the variance of period t can be

predicted by the weighted average of the constant variance

(k), the predicted value of the variance of the previous q

periods (ht−i) and the new information of the previous period

(ε2t−i), which is particularly suitable for analysis of stock market

volatility. The general GARCH model can be expressed as

follows:rtis the daily stock return at day t (Eq. 7), εt is the

random error term (Eq. 8), andhtis the conditional variance

(Eq. 9).

rt � c1 +∑R
i�1
∅irt−i +∑M

j�1
Bjεt−j + εt (7)

εt � ut

��
ht

√
(8)

ht � k +∑q
i�1
Giht−i +∑p

i�1
Aiε

2
t−i . . . . . . (9)

This paper investigates the extent and direction of the

impact of social media rumors on the volatility of the stock

market. If the daily stock returns unexpectedly rise or fall,

investors will increase their expectations of the variance of
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the next day, when a GARCHmodel can be used. Based on the

IFFRI index and daily stock return data, we analyze the

volatility pattern of the impact of social media rumors on

the stock market. The process for the GARCH model is

described below (Eq. 10), mtakes the value of five in this

paper7, IFFRI i is the rumor index at day i. The rest of the

variables are consistent with the GARCH model.

ht � k +∑q
i�1
Giht−i +∑p

i�1
Aiε

2
t−i + ∑m

i�−m
βiIFFRIi (10)

3.4.1 Data validation
1) Stability test (CHANGE to enumeration). The GARCH

model requires that each variable must be a smooth time

series, i.e., with a stable trend, volatility, and cross-sectional

linkage, in order to prevent pseudo-regressions. Therefore,

before formally model for regression analysis, ADF unit root

tests are required for daily return Rt and IFFRI values. After

the ADF test, there is no unit root for both daily return Rt and

IFFRI values (Table 1). It can be seen that both time series of

daily return Rt and IFFRI values are smooth and can be

subjected to time series model.

2) Yield autocorrelation test. Since the premise of the ARMA

model is that the dependence between variables is manifested

in the continuity of the original data in time, that is, the

existence of autocorrelation of daily returns is required.

Therefore, an autocorrelation test is required here for the

daily return data. The test results show that there is

autocorrelation in daily returns, indicating that the ARMA

model can be used for model.

3) ARMA order fixing. From the above results, it is shown

that the ARMA model can be used for model analysis, and

the orders of autoregression and moving average need to

be further determined. Since the order of the time series

should not be too high, a total of 15 models were tried with

order 3 as the maximum order, and AIC, SC, and sum of

residual squares were used as judgment criteria to select

the optimal model. From the fixed-order results, it can be

seen that the ARMA (3, 2) model corresponds to the

smallest AIC and SC, so it is determined that the

ARMA (3, 2) model is used for model and analysis.

4) Residual test. If the residual series after ARMA model is

white noise8 series, it indicates that the ARMAmodel is good,

and if there is heteroskedasticity in the residuals, further

model of the residual series by GARCH model should be

considered.

Step 1: Residual squared autocorrelation test. After the residual

squared autocorrelation test, the autocorrelation (AC) and partial

autocorrelation (PAC) coefficients show that the residuals are

autocorrelated.

Step 2: Residual variance test (ARCH-LM test). The residual

difference variance test with lags of 5 and 10 order shows that

there is heteroskedasticity in the residual series by the F-value, TR

value, and the corresponding p-value.

From the above autocorrelation test and

heteroskedasticity test, it is shown that there is

autocorrelation in the residual squared series and

heteroskedasticity in the residual series, so further GARCH

model is performed on the residual series.

3.4.2 Application of GARCH
GARCH model first requires determining the lag order of

ARCH and GARCH terms. In this paper, we try to use four

models GARCH (1, 1), GARCH (1, 2), GARCH (2, 1) GARCH

(2, 2) and use AIC, SC as model selection criteria. From the

AIC and SC values of the four models, it can be seen that

GARCH (2,1) has the smallest AIC and SC values and

significant regression coefficients, indicating that the

model works best, indicating that the GARCH model is

not autocorrelated. In summary, an ARMA (3,2)-GARCH

(2,1) model is used to study the effect of rumors on stock

market volatility.

4 Experiments

4.1 Descriptive statistics of detected
rumors

A total of more than 400,000 social media rumors were

detected according to machine learning methods (Table 2),

and their descriptive statistics and feature analysis are as

follows.

TABLE 1 ADF test result.

Variables T p ADF result

Rt −16.41570 0.0000 Stable

IFFRI −5.720275 0.0000 Stable

7 Based on the existence of short-term effects of social media rumors on
the Stock Market, this paper intends to investigate whether social
media rumors have an effect on Stock Market returns in the range
of [t − 5, t + 5]. For the purpose of the study, this paper advances the
IFFRI by five periods, thus determining m � 5.

8 White noise: a purely random process with expectation of 0 and a
constant variance.
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4.1.1 Breakdown by Trading Venues, Sectors and
Industry

The stock exchange markets in China that are dominated

by individual investors are Shenzhen and Shanghai. From

Figure 2A, it can be seen that the Shenzhen market is

significantly more than the Shanghai market. It indicates

that social media rumors makers pay more attention to the

Shenzhen market, which may have some relationship with the

structure of China’s Stock Market. Small and medium-sized

stocks and GEM9 stocks are concentrated in the Shenzhen

market, and compared to the Shanghai market, there are

more small and medium-sized companies and private

enterprises, which are more vulnerable to the impact of

social media rumors, and therefore rumor-mongers are

more enthusiastic about the Shenzhen market.

When compared with the market capitalization ratio of sectors,

the proportion of social media rumors involving SMB10 and GEM is

higher than that of the Main Board of Shanghai and Shenzhen (MB)

(Figure 2B), indicating a higher relative concentration of SMB social

media rumors in the Chinese stock market.

In terms of the distribution of social media rumors by

industry, according to the 143 subcategories divided into

industries by the CSRC11, the top 10 industries in terms of

social media rumors are all closely related to people’s lives

(Figure 2C). Among them, the three major industries, namely

real estate development and operation, computer application

services, and electrical machinery and equipment

manufacturing, all had more than 20,000 social media

rumors during the sample period, and the combined

number of social media rumors for the three industries

accounted for 42.9% of the top 10 social media rumors

industries. Such a concentrated distribution of social

media rumors reflects the high attention of media and

capital to the real estate market, the use of Internet plus

and intelligent manufacturing representing Industry 4.0,

which is synchronized and consistent with social hot issues.

4.1.2 Temporal patterns

In terms of 1 day distribution (Figure 3A), there are two

distinct peaks in social media rumors during the day: 10:00–12:

00 and 14:00–15:00. It can be seen that the release of social media

rumors basically coincides with the trading hours of the Chinese

stock market, indicating to a certain extent that investors are

TABLE 2 Stock Bar volume.

Year Information (item) Rumors (item) Rumor ratio (%)

2015 15,640,623 195,271 1.25

2016 22,054,662 235,153 1.07

Total 37,695,285 430,424 1.14

FIGURE 2
Distribution of trading venues, sectors and industry.

9 GEM: Growth Enterprise Market

10 SMB: Small and medium-sized board 11 CSRC: China Securities Regulatory Commission
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easily influenced by the information in stock bar forums during

stock trading. This is basically consistent with the Internet Report

of CNNIC, which shows that “social apps have a small peak at 22:

00”, indicating that Chinese investors are already relying on

mobile devices to a large extent. To a large extent, Chinese

investors have relied on mobile devices, and it has become a

habit to participate in stock market discussions through mobile

APPs. From the graph, it can be seen that in addition to the two

period of 10:00–12:00 and 14:00–15:00 during the day, there is

also a small peak of posting at 20:00–23:00 in the evening.

According to CNNIC the Latest Internet report, “Chinese

Internet users spend 28.5 h online per capita”, and on which day

of the week are social media rumors the most frequent? In terms

of 1 week distribution (Figure 3B), we can see that the number of

social media rumors gradually rises on Monday and reaches a

peak on Thursday, and then drops to a slightly lower level on

Friday and a trough on Saturday and Sunday. This coincides with

the “Friday effect”12 in the stock market, where rumor mongers

start “warming up” on Thursday to “prepare” for trading under

the “Friday effect”. Public opinion preparation. Statistics show

that the volume of social media rumors on national holidays

(including weekends) is lower than the weekly average, indicating

that Chinese investors pay the least attention to stock bar forums

during holidays.

During the whole observation period (Figure 3C), the “Daily

Rumor Volume Trend (DRVT)” of social media rumors basically

coincides with the trend of the five stock indices: SSE, SCI,

CSI300, SME and GEI13.

4.2 Descriptive statistics of quantified
rumors

4.2.1 AR
According to the AR calculation formula 1, the AR value

of each social media rumors per day during the observation

period was obtained as a statistical value (Table 3).

From Table 8, it can be seen that the attention level is

generally small and concentrated between 0.1 and 0.2,

indicating that the proportion of each social media rumors

message in the total attention level of the day is between

10 and 20%. Social media rumors attention is more

concentrated to reflect the extremely easy automatic

alliance of online individuals with shared interests, similar

interests and the same stance, driven by various factors such

as information screening and filtering and the spiral of

silence. As social media rumors spread interactively,

FIGURE 3
Distribution of Time. The vertical coordinate is the number of rumors, and the horizontal coordinate is the different time distribution (A): 1 day;
(B) 1 week; (C) observation period).

TABLE 3 AR descriptive statistics.

Statistic Maximum Minimum Mean Median Standard deviation

AR 1 0 0.179293 0.162946 0.132082

12 Friday effect: Friday usually predicts what changes in policy will occur
over the weekend for 2 days and makes a move to buy or sell stocks.

13 SSE: Shanghai Composite Index; SCI: Shenzhen Component Index;
CSI300: Shanghai and Shenzhen 300 Stocks index; SME: SSE SME
composite; GEI: Growth Enterprise Index.
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investors with similar attitudes, positions and judgments

begin to gradually differentiate and reorganize to form

cohesive subgroups. The AR value can be used to

determine the concentration trend and dispersion of

attention over a period of time.

4.2.2 MC
According to the MC calculation formula 2, the MC value of

each social media rumors per day during the observation period

was obtained as a statistical value (Table 4).

The maximum MC value is 0.043765, and the listed

company involved is “PetroChina”, while the minimum

MC value is 0.0000088, and the listed company involved

is “Xintai Electronics”. The median value is 0.00024916 and

the standard deviation is 0.002512, which indicates a large

degree of dispersion. MC values are distributed as follows,

and it can be seen that the companies involved in rumors are

most concentrated in small and medium-sized companies

with MC values less than 0.008, and there is relatively little

rumor about large and very large-sized listed companies,

which is basically consistent with the analysis results of 4.3.2.

4.2.3 SP
From the perspective of rumor sentiment polarity, positive

rumors for 82%, while negative rumors for only 18%. The

overall characteristics of rumor polarity are unevenly distributed,

indicating that positive rumors predominate among stock rumors in

China. The biggest reason is related to the lack of a shorting

mechanism in the Chinese stock market, as rumor-mongers

cannot make profits by suppressing the stock market through

negative rumors, while it is easier to make profits by creating

and spreading positive rumors in an attempt to raise stock prices.

TABLE 4 MC descriptive statistics.

Statistic Maximum Minimum Mean Median Standard deviation

MC 0.043765 0.0000088 0.0008388 0.00024916 0.002512995

TABLE 5 IFFRI descriptive statistics.

Statistic Maximum Minimum Mean Median Standard deviation

IFFRI 0.005886 0.00001729 0.00076 0.000472 0.000781

TABLE 6 ARMA-GARCH model result (IFFRI factor is not added).

Variable Coefficient Std. Error z-Statistic Prob.

AR (1) -0.498364*** 0.035401 -14.07764 0.0000

AR (2) -0.521428*** 0.031818 -16.38769 0.0000

AR (3) 0.401244*** 0.035882 11.18244 0.0000

MA (1) 0.954137*** 0.006331 150.7024 0.0000

MA (2) 0.980187*** 0.006682 146.6990 0.0000

Variance Equation

C 5.31E-07** 3.66E-07 2.452029 0.0465

RESID (-1)̂2 0.244192*** 0.058644 4.164008 0.0000

RESID (-2)̂2 -0.200193*** 0.059398 -3.370357 0.0008

GARCH(-1) 0.953329*** 0.006911 137.9479 0.0000

Note: ***0.01level significant, **0.05 level significant, *0.1level significant.

TABLE 7 ARMA-GARCH model result (IFFRI factor is added).

Variable Coefficient Std. Error z-Statistic Prob.

AR (1) 0.176209*** 0.410661 11.429086 0.0000

AR (2) 0.440349*** 0.301024 3.209737 0.0035

AR (3) 0.044834*** 0.033055 3.077273 0.0050

MA (1) -0.157808** 0.403087 -2.503621 0.0254

MA (2) -0.425043** 0.290870 -2.170462 0.0439

Variance Equation

C -2.15E-06 6.39E-07 -3.367238 0.0008

RESID (-1)̂2 0.289353 0.082471 3.508521 0.0005

RESID (-2)̂2 -0.264836 0.081637 -3.244084 0.0012

GARCH(-1) 0.966563 0.006404 150.9424 0.0000

IFFRI (5) 0.031634 0.026267 1.204323 0.2285

IFFRI (4) -0.046835 0.027929 -1.676922 0.0936

IFFRI (3) 0.021234 0.024839 0.854846 0.3926

IFFRI (2) 0.011335 0.030260 0.374589 0.7080

IFFRI (1) -0.043466** 0.019225 -2.506311 0.0243

IFFRI 0.082588** 0.042403 2.488217 0.0317

IFFRI (-1) 0.141135*** 0.040618 3.474665 0.0005

IFFRI (-2) 0.157343 0.032807 0.792202 0.4221

IFFRI (-3) -0.012868 0.019596 -0.656691 0.5114

IFFRI (-4) -0.017211 0.020295 -0.848050 0.3964

IFFRI (-5) 0.048120 0.017079 0.817472 0.4048

Note: ***0.01 level significant, **0.05 level significant, *0.1 level significant.
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4.2.4 IFFRI
The “Internet Financial Forum Rumor Index” (IFFRI)

constructed in this paper consists of Attention Rate (AR),

Market Capitalization (MC), and Sentimental Polarities (SP).

According to the IFFRI definition (Eq. 4), the IFFRI values were

calculated for each day of the sample period (Table 5).

4.3 Impact of social media rumors on
stock market volatility

4.3.1 Empirical results
Step1:Without IFFRI factor. ARMA (3,2)-GARCH (2,1) is used

for model without the IFFRI value regression results. The

coefficient of variance equation variable is significant (at the

1% level) (Table 6), indicating that there is no sequence

autocorrelation in the model.

Step2: ARCH-LM test. To test whether the ARMA (3,2)-

GARCH (2,1) model eliminates the ARCH effect of the

residual error sequences, ARCH-LM tests of 5 and 10 orders

of lag are carried out for residual error sequences. The results

show that the corresponding p values of F and the TR2 values of

5 and 10 orders of lag are all greater than 0.1. We thus accept the

null hypothesis of “the ARCH effect does not exist in residual

errors”; that is, residual errors no longer have an ARCH effect,

and residual information is extracted cleanly. This shows that the

variance equation estimation is correct, and the model has strong

explanatory power.

Step3: Incorporation of IFFRI. To study the influence of rumors

on Stock Market volatility, the IFFRI value is added to the

variance equation. The regression results show (Table 7) that

rumors have a significant effect on stock volatility in

t − 1 , t, t + 1. In the t − 1 and t, rumors have a positive

response to stock market volatility while in t + 1, there is a

negative response. This indicates that rumors affect stock

volatility in the current and next period, and both have

positive response. However, as rumors may spread in advance

and be fed back into stock volatility, rumors appear relatively

backward, showing negative responses.

4.3.2 Robustness test
To test the robustness of the ARMA-GARCH model, we use

the CSI 300 instead of the SSE Composite Index to conduct

ARMA-GARCH model for all samples during the observation

period. The specific processes for data preparation and model

construction are similar to those mentioned above and are not

repeated here. The regression results are described below.

Step 1: IFFRI factor not added. ARMA (1,3)-GARCH (2,1) is

used for model, and the regression results for values without

IFFRI are obtained (Table 8). The coefficient of variance equation

variable is significant (at the 1% level), indicating that there is no

sequence autocorrelation in the model.

Step 2:ARCH-LM test is performed. To test whether the ARMA

(1,1)-GARCH (1,1) model eliminates the ARCH effect of the

residual error sequence, the ARCH-LM test of the residual error

sequence lagged by 5 and 10 orders is carried out. The results

show that the corresponding P values of F and the TR2 values of

lag orders of 5 and 10 are all greater than 0.1. The null hypothesis

of “the ARCH effect does not exist in residual error” is accepted;

that is, the residual error no longer has an ARCH effect, and the

residual error information is extracted cleanly. This shows that

TABLE 8 Robustness test result (IFFRI factor not added).

Variable Coefficient Std. Error z-Statistic Prob.

AR (1) 0.829516*** 0.136773 6.064913 0.0000

MA (1) -0.388203*** 0.139910 -2.774652 0.0055

MA (2) -0.100298** 0.080923 -2.528561 0.0152

MA (3) -0.164216*** 0.056503 -2.906347 0.0037

Variance Equation

C 2.26E-06*** 5.15E-07 4.382215 0.0000

RESID (-1)̂2 0.282862*** 0.060494 4.675847 0.0000

RESID (-2)̂2 -0.239141*** 0.059202 -4.039440 0.0001

GARCH(-1) 0.952541*** 0.007985 119.2930 0.0000

Note: ***0.01 level significant, **0.05 level significant, *0.1 level significant.

TABLE 9 Robustness test result (IFFRI factor is added).

Variable Coefficient Std. Error z-Statistic Prob.

AR (1) 0.256550*** 0.667377 7.984415 0.0000

MA (1) 0.186862** 0.669367 2.321136 0.0301

MA (2) 0.096648** 0.309043 2.373544 0.0253

MA (3) -0.005294** 0.149115 -2.522035 0.0117

Variance Equation

C 0.000306*** 4.96E-05 6.171424 0.0000

RESID (-1)̂2 0.292074*** 0.067003 4.359094 0.0000

RESID (-2)̂2 0.214970** 0.084681 2.538586 0.0111

GARCH(-1) -0.056850* 0.146570 -1.687869 0.0881

IFFRI (5) 0.009562 0.027771 0.344313 0.7306

IFFRI (4) -0.040098 0.024450 -1.640017 0.1010

IFFRI (3) 0.010373 0.027976 0.370774 0.7108

IFFRI (2) -0.016124 0.033186 -0.485871 0.6271

IFFRI (1) -0.053343*** 0.007190 -7.419483 0.0000

IFFRI 0.032761 0.024523 1.335959 0.1816

IFFRI (-1) 0.045723** 0.030420 2.400840 0.0228

IFFRI (-2) 0.013860** 0.025613 2.195575 0.0416

IFFRI (-3) -0.030547 0.018712 -1.632492 0.1026

IFFRI (-4) 0.012949 0.018256 0.709281 0.4782

IFFRI (-5) -0.024424 0.024564 -0.994283 0.3201

Note: ***0.01 level significant, **0.05 level significant, *0.1 level significant.
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the variance equation estimation is correct, and the model has

strong explanatory power.

Step 3: Add the IFFRI factor. To study the influence of rumors

on stock volatility based on the CSI 300 Index, the IFFRI value is

added to the variance equation. The regression results show

(Table 9) that rumors have a significant effect on the volatility of

stocks in t − 2, t − 1, and t + 1. The coefficient signs and

significance of t − 1 and t + 1 remain unchanged. This is

consistent with the regression results obtained based on the

Shanghai Composite Index, indicating the robustness of the

ARMA-GARCH model. Although t − 2coefficient changes

from insignificant to significant, the time span is close and

small. Thus, we can conclude that it does not affect the

empirical results of the ARMA-GARCH model.

4.3.3 Experiment summary
The ARMA-GARCH model and the variance equation

regression results indicate that rumors affect stock market

volatility. Specifically.

(1) The empirical results corroborate the behavioral finance

perspective. In the stock investment process, a person as a

system, when acquiring external information, encodes and

evaluates it to form a unique investor sentiment and then

makes behavioral decisions [72]. Since the information may

not be complete or accurate feedback of truth, it can lead to a

large amount of judgment bias in the cognitive process of

investors [73]. Coupled with the fact that investors have

limited cognitive resources and do not follow Bayes’ law

completely, they may take uncertain information as true and

accurate information as long as the probability of its occurrence

is higher [74]. As a result, people psychologically feel anxious

when presented with unknown information and try to reduce

this anxiety, leading to a level of irrationality in investor

cognition that is exacerbated by the fact that people do not

readily change their previously made, although suboptimal,

decisions. Under the effect of investor sentiments, investors

exhibit limited rationality, such as herd behavior, under- or

over-reaction, and other behavioral characteristics, which in

turn affect stockmarket volatility. The empirical results confirm

that social media rumors trigger changes in investor sentiments,

and that investors’ behavioral decisions deviate from the

optimum. Thus, rumors play an important information

transmission effect on stock market volatility through

investor sentiments.

(2) Consider the stock volatility at time t, and quantification of

rumors a priori. Rumors at time t − 1and t have a positive

response to stock market volatility at t. That is, empirical

results show that there is a positive effect on the stock market

volatility at time t of rumors at t − 1 and t. The greater the

IFFRI at t − 1 and t, the greater its effect on the stock market

volatility at t. It owns the attitude of “rather believe it”

overconfidence which coincidently matches that of House

Money Effect. At the same time, we can find that if there is a

positive response of rumors to stockmarket volatility at t − 1,

it supports the explanation that rumors have some advance

effect on stock market volatility; that is, even though rumors

have been spread on the Internet, investors show moderate

caution about rumors and do not make decisions easily,

driving investment decisions and triggering stock market

volatility only on the day following the receipt of rumors, t.

(3) On the other hand, interestingly at t + 1, rumors have a

negative response to stock market volatility; i.e., have a

significant lagged negative effect. In other words, the

higher the stock market volatility at t, the weaker the

rumor at t + 1. It is probable that the network spammers

who generated significant rumors at t − 1 have achieved

driving the market volatility at t, and then become less

motivated to continue at t + 1.

These findings suggest that social media rumor has a short-

term effect on stock market volatility, which consolidates the

previous studies that digital information, including news, social

media, rumors, etc., has quick effects on stock market after it is

released [4, 67]. In addition, the IFFRI is able to sense the

potential impact of rumors on stock market movements, thus

helping market regulators make more timely risk warnings and

interventions to serve the promotion of healthy and stable stock

market development.

5 Concluding remarks

This paper identifies a large number of stock forum

rumors through machine learning methods and constructs

a framework around IFFRI to quantify stock market investor

sentiment. The empirical results show that the constructed

IFFRI has a good ability to explain the influence trend of the

Chinese stock market, and it is a comprehensive and timely

index that accurately reveals the linkage of social media

rumors on the stock market. This indicates that IFFRI is a

suitable index for measuring investors’ sentiment in the stock

market. In particular, this study uses machine learning to find

patterns from social media rumors and quantifies rumors

based on statistical data, which sheds light on the application

of large-scale market data in stock market volatility tracking,

especially with the explosive growth of online data. On the

application side, this study uses an econometric model to

analyze the impact of rumors on the volatility of China’s stock

market and has a preliminary understanding of the interplay

between the two, which provides a new perspective and

concrete practice for the research on the transmission

mechanism of social media information in the stock market.

This paper is based on a study of the Chinese stock market,

and hence has two limitations. First, there is no short selling

mechanism in the Chinese stock market, and profits can only be

Frontiers in Physics frontiersin.org14

Zhang et al. 10.3389/fphy.2022.987799

https://www.frontiersin.org/journals/physics
https://www.frontiersin.org
https://doi.org/10.3389/fphy.2022.987799


made when stocks rise. For the same reason, as long as the house

controls the majority of shares outstanding, the price is likely to

move up and down in accordance with the house’s will.

Therefore, in China’s stock rumors, rumor spammers cannot

reap profits by suppressing the stock market through negative

rumors; instead, they can only rely on positive rumors. Second,

China’s stock market implements the inter-day trading patterns,

where traders cannot sell stocks purchase on the same day

regardless of the degree of fluctuation in the rest of the day.

In contrast, stock markets in many major economies does not

have the inter-day trading patterns, which allows investors to

immediately act on novel information about the stock market.

This constitutes a substantial difference in the impact of rumors

on stock market volatility.

This work can be extended in a few interesting ways as future

research. 1) We intend to study the linkage and compound effect

of rumors on the stock market. The current research mainly

focuses on the direct impact of online rumors on listed

companies or the impact of the entire stock market, and does

not involve the more general one-to-many, many-to-one, many-

to-many, or even secondary impacts of online rumors on listed

companies. Therefore, we will try to use the results from the area

of complex networks to study the behavior characteristics of

listed companies in Internet media. By building an enterprise

media relation network and analyzing the topological features of

the network, we will study the overlapping effects of multiple

social media rumors on the intersection companies. 2) We will

conduct research on the impact of social network spammers to

unveil the mechanism of rumors’ influence on the stock market.

At present, the research of rumors is mainly focus on general

rumors identified from forum, and few involve the rumors

generated by network spammers. Through the comprehensive

and intelligent application to identify various rumors, we will

fathom the extent of different rumors and analyze their impact

on the stock market.

Through this research, we found that social media information

including rumors has become an important part of external

information in the stock market and even the entire financial

market. How to establish a prevention mechanism with effective

participation and joint supervision of all parties in the market is our

next research goal. We also look forward to similar research in this

vein, so as to facilitate benign interactions between financial markets

and their external information environments.
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