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Investor sentiment has always been an active research topicin finance. In recent
years, text mining, machine learning and sentiment analysis have been very
fruitful, and researchers can extract valuable information from social platforms
more promptly and accurately. Unsupervised learning avoids the subjective
human selection of data while reducing the workload. This paper uses the
primary model for the unsupervised learning total probability generative model
LDA (Latent Dirichlet Allocation). Natural language processing and word-
splitting tools empirically analyze text data from a well-known financial and
stock information website. An attempt is made to explore the correlation with
stock excess return. The significant findings are as follows. First, investor
sentiment classified by theme is positively correlated with excess return.
Second, different themes have different degrees of influence, with “broad
market sentiment” affecting the short term, corporate development involving
a long time, and “corporate dividends” affecting both. Third, there is an
asymmetric effect of investor sentiment on excess return.

KEYWORDS
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1 Introduction

In finance research, studies on investor sentiment are carried out by selecting proxy
indicators such as volatility index (VIX), initial public offering (IPO) number, etc., but fail
to make use of a large number of text data generated in the interaction of investors in the
stock bulletin board system (BBS), which reflects investor sentiment and affect the final
investment decision to some extent (Zhang and Zhang, 2021, pp.143-150). However,
there is a large amount of noise in text data and a massive workload of labelling investor
sentiment.

In recent years, significant achievements have been made in text mining, machine
learning and sentiment analysis, and considerable progress has been achieved in natural
language processing (NLP), which enables researchers to extract valuable information
from social platforms more quickly and accurately (Yan et al., 2017, pp.82-87). In the past,
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we need to label whether investors are optimistic or not
manually. Still, now we can use unsupervised learning to
replace and reduce the workload while avoiding the subjective
selection of data. Based on Twitter, Bollen and Mao (Bollen and
Mao, 2011, pp.91-94) and Sprenger et al. (2014, pp.926-957) find
that there are correlations between tweet sentiment and stock
returns, information and trading volume, as well as divergence
and volatility. Gabrovsek et al. (2017) find from Twitter that the
post-closing announcement can well reflect the stock trend of the
next day. Bayesian network is established from the terms defined
in tweets, and the wrapper method is used to select features,
analyze and extract emotions (Al Nasseri et al., 2014, pp.13-24).
Long (Long, 2021, pp.59-61) and (Zhang and Wang. 2013,
pp.142-155) construct the sentiment index to study the
correlation between the fluctuation of investor sentiment and
the price fluctuation of the Shanghai stock index by and prove
that investor sentiment bears a significant positive impact on
market return and volatility. Guan et al. (2020, pp.58-68) (M25)
also constructed the sentiment index from the stock BBS to find
that investor sentiment is related to the stock’s volatility and the
stock price crash risk.

Under the context of “big data”, how to better use the
information of Internet platforms to mine investor sentiment
and even trading behaviour in the technology development
process is worth further research. However, there are many
obstacles when analyzing online text data, such as large
volume, short text and low signal-to-noise ratio (SNR). Few
studies have applied topic models that can extract hidden
information to investor sentiment analysis. Moreover, while
analyzing the correlation between investor sentiment and
stock return, the existing research often fails to probe into
the source of stock excess return. Since the basic information
of the company serves as an essential factor leading to the
change in stock price, this paper aims to extract the implicit
information from investors’ posts and filter out a large
number of noises unrelated to stock price, such as
complaints, to find out the information that primarily
affects the trend of stock prices, explore the correlation
between investor sentiment and stock prices, and further
study the asymmetric effect, to put forward a new way to
predict the stock price.

In this paper, we use data from China. The total market
value of China’s stock market will have ranked second in the
world in terms of market size by 2021, with the number of
accounts opened in the A-share market up to 19,708,500.
According to the survey reported on the investment situation
of individual fund investors, issued by the Securities
Investment Fund Association, mobile phone and other
And
61.0% of investors have made their analysis and decision,
13.5% of them invest just following their friends, and 17.2% of
them invest according to the recommendations of online

mobile terminal transactions have risen to 70.9%.

experts. The securities investment market was becoming
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younger and dominated by retail investors, and it is
imperative to study the investment behaviour of small
the
bounded rational behaviour of retail investors, such as the

investors. Compared with institutional investors,
disposition effect or overconfidence, is the research scope of
behavioural finance.

Due to non-standard information disclosure situations, and
with the development of communication networks and the
popularity of mobile terminals, there are many investor
forums, such as Eastmoney and Hexun, through which the
investors can check a large number of investment suggestions
from users, as well as the sharing and exchange of trading ideas.
Therefore, investors resort to professional investor forums such
as stock BBS (bulletin board system) to reduce information
asymmetry.

However, due to the low threshold of Internet information
release, there is some false information about the stock
market. The spread of false news leads to the stock
market’s violent fluctuation and damages investors’
confidence. At the same time, due to the herding effect of
Internet news, the irrational negative information will
significantly affect investors’ sentiment and cause stock
market turbulence. ' Therefore, based on the healthy
development of the stock market and the protection of
retail investors, the research on investor sentiment has
particular practical significance.

This paper first introduces relevant theories and research
the

development history and mainstream text mining models,

methods in investor sentiment. Then presents
analyzing the advantages and disadvantages of various
models. It has adopted the unsupervised learning full
probability generation model (LDA) as the primary model.
It uses natural language processing and word segmentation
tools to analyse East Money Stock BBS’s text data
empirically. This paper attempts to apply the classic topic
model LDA to the BBS text analysis enriches the method by
using stock market information to analyze investor
sentiment and explores the correlation between LDA and
excess return.

The research content of the text is mainly divided into six
parts. The first section proceeds with the introduction,
including the development background and practical role of
the research topic, which expounds on the rationality and
innovation of the research topic and determines the research
ideas and methods of this paper. The second section is the
literature review, which reviews and sorts out the related
financial knowledge, natural language processing and
dynamic analysis technology involved in this paper, trying
to find out the shortcomings of the existing research. The third
to the fourth section is empirical research, in which we
construct the regression equation between the stock excess
return rate and investor sentiment, test the correlation

between them, and further explore the explanation and
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robustness analysis of asymmetric effect and investor
sentiment on the company’s excess earnings. The fifth
section is the conclusion and the outlook for further

research. The last section is the policy suggestions.

2 Literature review

Our research is mainly related to two categories of the
literature, which contain articles about investor sentiment and
text analysis methods. In this section, we will review research on
these two subjects and try to comment on them.

2.1 Investor sentiment

Securities market pricing is the core issue of finance. Rutledge
(1976, pp.118-120) put forward the classical pricing theory in
1970 that the market was composed of rational people. Basic
information was the most crucial information driving asset
prices. The efficient market hypothesis believed that all
information had been reflected in the securities’ price or
market value. The current price of stocks or bonds was always
traded at its fair value (Rutledge, 1976, pp.118-120). Both
empirically and theoretically, researchers question the efficient
market hypothesis. In the actual market, the information
asymmetry and speed inconsistency lead to the information
received by each investor in different times and spaces, and
people’s feedback is inconsistent due to individual differences. It
is worth noting that investors’ investment behaviour is inevitably
dominated by irrationality, which is interpreted as cognitive bias
by behavioural finance. De Long et al. (1990, pp.703-738)
introduced investor sentiment into asset pricing. They argued
that the unpredictability of noise traders’ sentiment would
produce risks in asset prices and prevent rational arbitrageurs
from actively short-selling. Therefore, the price may deviate
significantly from the fundamental values without risk. In the
language of modern behavioural finance, arbitrage limits exist
(Baker and Wurgler, 2007, pp.129-152).

Investors’ bounded rationality explains many market anomalies.
Behavioural economists attribute anomalies in financial markets to
human errors such as cognitive bias, overreaction, representative
bias and information bias. Irrational investors have become a new
research direction. studied the volatility of investors and stock prices
and found a significant correlation between investor sentiment and
stock prices. (Zhou, 2018, pp.239-259) proved that sentiment could
explain the returns of those stocks that were difficult to value and
had high arbitrage costs, such as unprofitable stocks, non-dividend
stocks, stocks with excessive growth and stocks in distress. So far,
investor sentiment has become an indicator of asset pricing.

Investor sentiment refers to investors’ general attitude
towards the market’s expected price development. Such
expectation is formed by the superposition of fundamental
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and technical factors, including historical price information,
macro-economy, seasonal elements, and significant events.
Moreover, due to the cognitive bias of investors’ irrational
there will be
expectations, and investor sentiment indicates the extent to

behaviour, some deviation in investors’
which asset values deviate from their economic fundamentals
(Zhou, 2018, pp.239-259). Investor sentiment is usually defined
in financial literature as the tendency to take risks and speculate
or the overall optimism or pessimism towards risky assets. Both
attitudes are based on investors’ beliefs about future cash flows
and risks, which are not borne out by existing facts. The role of
sentiment in forming risk attitudes and financial decisions is
widely documented in the literature. In the existing literature, the
primary sources of investor sentiment are financial market
measurement, sentiment indicators based on a questionnaire
survey, Internet search behaviour, social platform data
analysis, and non-economic factors.

The observable economic variables in the stock market are
used to measure investor sentiment. In the mainstream literature,
it is considered that closed-end fund discount (FDP), trading
volume, IPO volume (IPON), initial return (IPOR), share
financing proportion (PDND), and dividend premium (SRate)
can be used as intermediary variables. Due to the nature of a
closed-end fund, when its price deviates from its value, it can be
used as a proxy indicator to measure investor sentiment (Xue,
2005, pp.14-17). Baker and Wurgler (2006, pp.1645-1680) found
that a high proportion of stock financing predicted lower market
returns. Gervais and others believed that the trading volume
could well reflect investor sentiment, and the trading volume of a
specific stock would lead to its price appreciation.

IPO initial return (IPOR) is a gauge of investor enthusiasm.
Dividend premium (Srate) refers to the logarithmic difference
between the average price/book ratio of the payers and the non-
payers. Compared with non-payers, the scale, profit and growth
opportunities of payors are more significant, and dividend
premiums may represent the demand and optimism of
people. Therefore, based on a single variable, scholars began
to coordinate economic indicators and establish comprehensive
indicators; Baker and Wurgler (2006, pp.1645-1680) integrated
the six hands mentioned above to build the sentiment indicators,
WEN et al. adopted the principal component analysis and
concluded that the optimistic investors had a more significant
effect on the stock returns than the pessimistic investors. Whaley
(2000, pp.12-17) also proposed the Chicago Options Exchange
Volatility Index (VIX) as another sentiment indicator. Then
many alternative indicators, including CSFB and AMSI, can
measure investor sentiment to a certain extent based on the
instantaneity and availability of trading behaviour. However, the
indicators based on trading behaviour are the equilibrium result
of multiple market forces, which not only reflect investor
sentiment.

Investor sentiment is not only the proxy indicator but also
the sentiment indicator based on the market survey, which is
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usually regarded as a barometer of the future market. Some well-
known sentiment indicators abroad include the consumer
confidence index of the University of Michigan, the American
Association of Individual Investors AAII etc. In contrast, China’s
more prominent sentiment indicators include the CCTV index,
friendliness index, Haodan index, etc. The above survey-based
sentiment indicators are good predictors in the financial market
(Brown and CIiff, 2005, pp.405-440). But according to Da et al.
(2015, pp.1-32), there existed a considerable lag since most of the
data sets directly based on the market survey questionnaire were
released weekly or monthly, while other alternative indicators of
investor sentiment could be used daily. Secondly, respondents
did not have enough motivation to answer these questions
thoughtfully and honestly in the survey (Singer, 2002, pp.163-
177); at the same time, the results obtained were also biased due
to the person willing to be interviewed being usually more
positive and optimistic. In summary, the sentiment indicators
based on the survey are helpful for prediction, but they are
limited to a certain extent because of their defects.

In 2004, many scholars began to pay attention to the
Internet search behaviour of households as a vital source of
the
effectiveness of such data in predicting investor attention

investor sentiment. Many authors demonstrated
and market returns (Da et al., 2015, pp.1-32). Most studies
use Google Trends (GT) service to extract search volume data
and investigate investor sentiment. The prediction ability of
GT data for the two most popular volatility indicators: high-
frequency volatility (RV) and Exchange Volatility Index
(VIX), was studied. Both studies reported a positive and
significant correlation between Internet search behaviour
data and volatility indicators. Kristoufek (2013, pp.1-5)
proposed a method of using Google Trends to search for
portfolio diversification, which showed that the search query
index was related to the risk of stocks. A weekly sentiment
indicator was constructed relying on the Google search
behaviour of households. (Gao et al, 2020, pp.549-580)
studied how investor sentiment affected stocks around the
world, adopted the results of competitive sports in the test,
and ultimately showed that sentiment indicators were a
reverse predictor of market returns at the national level.
Internet search behaviour is a relatively new and promising
indicator of investor sentiment. This type of sentiment data
does not require additional information from other sources
and can be used independently for scientific research.

With the rise of the Internet, online social networking has
become a new way of information, sentiment and opinion.
Therefore, text mining and sentiment analysis algorithms are
used to extract information about investor sentiment from
natural language text data of the Internet. (Zhang and Zhang,
2021, pp.143-150) believe that the results of the data extracted
from social media show that investor sentiment has an impact
on the stock market and avoids the disadvantages of
traditional information collection, such as lag, distortion
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and high investment, compared with the information
sources such as questionnaires and interview records.

However, there is a tremendous amount of text data on social
media, which has the advantages of authenticity, rapid response
and solid social interaction (Zhang and Zhang, 2021, pp.143-
150). Bollen and Mao (2011, pp.91-94) find that the sentiment
indicators extracted from social media have a better prediction
effect by analyzing and comparing traditional investor sentiment
indicators and indicators formed by social media data. The
number of “positive” and “negative” words in each related
tweet is calculated to construct a composite indicator based
on these data.

Most early studies used dictionaries to analyze sentiment,
and the analysis was based on the preset sentiment dictionary
according to data collection. (Renault, 2017, pp.25-40) built a
dictionary based on the 60,000,000.00 posts on Twitter from
2012 to 2016, and (Yao et al.,, 2021, pp.26-46) constructed a new
Chinese sentiment dictionary through reorganization and deep
learning algorithm and verified its sentiment indicators through
horizontal comparison among the formal language dictionary,
LM intonation dictionary, informal language dictionary, How
Net dictionary, etc., and indicates a significant effect on the stock
price crash risk prediction of listed companies.

Extracting investor sentiment from social media has been
widely used in stock prediction. However, due to the
inconsistency of sample data and the model used, the
the
research focuses on how to construct investor sentiment

conclusions obtained are not consistent. Therefore,
indicators. Many similar pieces of literature use direct or
indirect indicators to create investor sentiment. Social media
users may not be investors in the stock market. Online stock BBS
has become a robust investment platform for releasing relevant
and valuable UGC data, which is more appropriate to use the user
information captured by the investment forum (Al Nasseri et al.,
2014, pp.13-24).

Mai and Pukthuanthong (2021) adopt a semi-supervised
LDA approach to extract economic narratives from New York
Times articles by providing seed words for each topic to guide the
formation of issues towards the predefined themes. Roberts et al.
(2020) show that Structure Topic Model (STM) has the form of
Multinomial Inverse Regression (MNIR) conditional on the
latent variable, and both approaches may yield qualitatively
similar findings (Besbris et al, 2021). Ji and Han, 2022
employ a structural topic modelling approach to extract
topical contents of investor sentiment across multiple finance-
specific factors. Results show that investors with different profiles
and trading preferences tend to discuss financial markets with
heterogeneous beliefs, leading to divergent opinions. And a large
number of studies show that investor sentiment on social media
is better at predicting contemporaneous stock market returns
(Lachana and Schroder, 2022).

In recent years, the combination of the deep learning method
and sentiment analysis model for stock price predicting and the
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use of machine learning classification algorithms to construct
investor sentiment indicators are the latest trends. Jing et al.
(2021, p.178) propose a hybrid research model, which uses both
long-term and short-term memory (LSTM) neural network
method to analyze the technical indicators and sentiment
analysis results from the stock market, and applies the
convolution neural network model to classify the hidden
sentiment of investors, achieving better performance in the
classification of investor sentiment. At present, support vector
machine (SVM), K nearest neighbour (KNN) and Naive Bayes
(NB) are widely used. Tsukioka et al. (2018, pp.205-217) use text
mining and SVM to extract the pre-IPO sentiment of investors
for each listed company from the message boards of Yahoo Japan
Finance. Yang et al. (2016, pp.143-158) classify and extract the
investor sentiment from more than 900000 posts of companies
listed on the GEM in stock BBS of East Money with the help of
the KNN algorithm.

The number of investors in China’s domestic stock market is
increasing, and the investment style is more diversified. To
understand the market rules more comprehensively and
accurately and to give an appropriate explanation for the
phenomenon that traditional financial theory fails to explain,
behavioural finance explains the financial market anomalies by
assuming that investors are not entirely rational. For example,
investors’ decision-making bias occurs due to cognitive bias and
The traditional methods
limitations mentioned above. Because the number is large

overconfidence. all have such
enough, the information released by individual investors on
social media will form “group wisdom” and affect the price

trend (Chen et al.,, 2014, pp.1367-1403).

2.2 Text analysis technology

Text corpus modelling in academic research aims to
maintain the fundamental statistical relations while efficiently
processing large corpus. Large-scale text analysis usually includes
dimension reduction, corpus information retrieval, natural
language processing, disambiguation, document clustering, co-
reference, object extraction, preprocessing and sentiment
analysis. Researchers in the field of information retrieval (IR),
Baeza-Yates and Ribeiro-Neto. (1999), have made significant
progress in this field. The primary method researchers
propose in the information retrieval of text corpus is to
simplify each document into a real number vector. Each
natural number vector represents the counting ratio of words.
In the popular tf-idf model, Salton and McGill (1983) ' “word”
or “term” as the basic unit of each document in the text set and
count the occurrence times of each word. After proper
standardization, this word frequency count is compared with
the reverse document frequency count, which measures the
number of occurrences of a word across the corpus (usually
expressed in

logarithmic form and then appropriately
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normalized again). The result is a matrix X of document
words, including the TF IDF value of each document in the
corpus. The scheme reduces the composition of any length into a
fixed number list. TF algorithm measures the expression ability
of word pairs. IDF refers to the ability to distinguish documents
by statistical words. Tf-idf is usually used to filter common words
and retain important text, which is the principle of setting stop
words.

Although the TF-IDF model has some advantages in the
fundamental recognition of document words in the set, this
method fails to reduce the description length of documents. It
leads to the loss of statistical structure within or between
documents. To address these shortcomings, Deerwester et al.
(1990, pp.391-407) put forward several other dimension
reduction techniques, the most famous of which is the latent
semantic index (LSI) (Deerwester et al., 1990, pp.391-407). LSI is
based on the singular value decomposition (SVD) method to
obtain text topics and performs well in compressing the large-
scale corpus.

However, SVD calculation is time-consuming, making it very
difficult to do SVD for high-dimensional matrices. Moreover, the
selection of topics dramatically impacts the results, and it is not a
complete probability generation model.

To study LSI's relative advantages and disadvantages,
Hofmann. (1999) proposes the PLSI model, also known as the
aspect model, as an alternative to LSI. PLSI uses hidden variables
to represent topics for topic analysis, which belongs to the
unsupervised learning method. In this model, the text is
represented as topic distribution, and the matter is described
as word distribution. Text is generated by assuming the
probability distribution of the topic itself and calculating the
conditional probability distribution of text and word. The core
idea of probabilistic LSI is to find the potential issues contained in
the text.

However, PLSI only provides a probabilistic generation
model at the topic level but not at the document level. It
makes it necessary to determine the text corpus before
random sampling, leading to several problems. Firstly, with
the increase in the size of the text corpus and the number of
topics, the number of parameters will increase linearly with the
corpus size, leading to overfitting; Secondly, documents outside
the training set cannot be assigned with an accurate probability
distribution. To solve the problem of PLSI, Blei et al. (2003,
pp-993-1022) introduce the Dirichlet prior distribution at the
document level based on PLSA and propose the LDA model. An
effective approximate reasoning technique based on the variation
method and an EM algorithm is submitted in text modelling for
empirical Bayesian parameter estimation (Blei et al, 2003,
pp.993-1022).

Compared with PLSA, LDA can better eliminate word
ambiguity and assign documents to topics more accurately.
Secondly, it solves the problem that PLSA is prone to
overfitting. Moreover, LDA Algorithm is easier to use the
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Map Reduce method in a computer cluster to expand the data set.
In a word, LDA can extract hidden information from the text and
quantify text more accurately.

LDA and PLSA are both unsupervised learning and provide
probabilistic generation models at the document and topic levels,
which have become the mainstream text modelling methods.
Rosen-ZVI et al. (2012) propose a multi-granularity LDA model
(MG-LDA) to extract the features of the evaluated objects from
the online user reviews, which adopts the clustering algorithm to
remove the part of the topics commented on by the users; Unlike
the traditional topic model, which evaluates the global
characteristics of an object and cannot be generalized,
requiring supervised learning with poor explicability.

To make the topic model both highly refined and
unsupervised in topic learning, scholars have constantly
been improving the topic model. Generally speaking, there
are two ways to deal with the mixed model of topic sentiment.
The first is no conflict between the topic word and the
sentiment word. A word can be both a topic word and a
sentiment word, such as ASUM Model (Jo and Oh, 2011,
pp-815-824) and JST Model (Lin et al., 2011, pp.915-824). The
second is separation, a word belonging to either a sentimental
or topic word, such as the TSM Model (Mei et al., 2007,
pp-171-180). TSM model uses the improved HMM model to
train the topic and sentiment models.

Although the research shows that the TSM model performs
well in the weblog analysis and has certain portability, it does not
conform to the traditional semantic background for separate
modelling of the topic and sentimental words. Sun et al. (2013,
pp-102-108) put forward a topic sentiment hybrid model (UTSU
model) that simultaneously samples topic words and sentiment
words, which belongs to unsupervised learning. UTSU assumes
that one sentence expresses one kind of sentiment, and the words
in the sentence can belong to different topics. This method
inherits the traditional LDA model to sample topic words.
Although it only accounts for positive and negative sentiment,
it is more consistent with the semantic background and perfectly
unifies the sampling of topic words and sentiment words.

According to the existing literature, there are a large number
of proxy indicators of investor sentiment. With the development
of research, it has become a new direction to extract sentiment
indicators from online text data, which has the advantages of
authenticity and rapid response. Many studies have applied
unsupervised learning to topic models, but few have used the
LDA model to analyze the sentiment of stock BBS texts. This
paper attempts to use the classical text analysis model to study the
relevance distribution of sentences and integrate sentences’
inclination, degree and relevance to obtain the sentiment of
sentences and eventually get the investors’ propensity. Based
on the model of Chen et al. (Chen et al., 2014, pp.1367-1403), it
studies the relationship between excess return rate and investor
sentiment in the United States and further explores the
asymmetric effect of the market (Jin and Li, 2017, pp.157-173).
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3 Research method
3.1 Theoretic model

According to the above sentimental analysis results, and
regarding Jin Dehuan et al., this paper constructs the following
sentiment indicators by using the sentiment of the posts in
each topic in the previous 20 days.

E 1 1 + Pos; )
mo; = log————
! g1 + Neg;
Pos; — Neg;

Emo;; = o 59 (2)

Neg; + Pos; + Neu;

Where Pos;, Neg;, Neu; correspond to the number of positive,
negative and neutral sentiment posts, respectively, in the
previous 20 days. This article takes Emo;; and Emo;, as the
main explanatory variables. The larger the Emo;; and Emoi,
are, the more optimistic the investors are.

Concerning the method proposed by Blei, Ng and Jordan
[34], the LDA model is established based on the variation
inference EM algorithm. The number of topics is an essential
parameter in developing the LDA model, and Blei, Ng and Jordan
[34] adopted the method based on perplexity to determine the
number of topics. The calculation formula of Perplexity is:

_ Yailogp (wa)

SN, (3
d=1

Perplexity (D) = exp

3.2 Empirical model

To explore the influence of investor sentiment indicators on
stock excess return, this paper builds the following regression
models:

Aretigrio0 (Aret;piig) = a1 Emoyy ¢ + oy ; Emo
+B, ControlVariables j; + ¢ + &;;
(4)
Aret 00 (Aretigsie0) = 00 Emoji, + oy Emo o,

+B ! ControlVariables ;j, + ¢ + &

®)

Where one-month cumulative excess return rate Aret; ¢ ;.20 and
three—-month cumulative excess return of individual stock
Aret; 60 are selected as the explained variables, while
Control Variables;;; It is a series of control variables.
Formula (3) is a regression model built by using emotional
indicators classified by LDA topics, with the topic number
represented by a subscript j, and formula (4) is a regression
model built by directly using emotional indicators without topic
classification.
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3.3 Overview of the research process

The research process of this paper is mainly divided into three
parts. The first part establishes the topic classification model based
on LDA to classify the text data. The second part is to quantitatively
analyze the sentiment of investors’ posts and comments on stock
BBS reviews. The third part is to construct sentiment indicators and
the excess return rate to analyze the correlation with the earnings
information of the company.

In terms of establishing the LDA model, the python crawler was
used to crawl 450,000 posts from East Money stock BBS, covering
the period from 2018 to March 2022. To solve the poor training of
short text, the data of “posts and comments” crawled to be merged
into long text, and pre-processing, such as stop words, is set
simultaneously. The Chinese word segmentation package jieba is
used for text segmentation, and the corpus formed after word
segmentation is transferred into the LDA topic model. The
parameter optimization tool of the Python machine learning
library scikit-learn is adopted to find the LDA topic model.
According to the optimal number of topics in the word database,
relevant parameters are set and put into the LDA model to perform
training to obtain the result of text topic classification.

In terms of the quantitative analysis of the sentiment of the posts
on stock BBS, with the help of the snowmelt sentiment analysis
library of python, the emotional tendency of the whole article can be
obtained by summarizing the sentence scores. Then, combining the
vibrant results with the topic classification results, the emotional
disposition of each topic was accepted. Then the group sentiment
indicators are constructed with the theme as the unit to obtain the
sentiment indicators sequence of all issues.

In correlation analysis, after adding a certain number of
control variables, the panel regression is made between the
sentiment indicators by classification by topic and the excess
stock return rate to distinguish the fixed effect from the
random effect. Then the regression results are compared with
those of the sentiment indicators without topic classification
to verify the effectiveness of the theme classification. Finally,
it further explores the asymmetric effect of investor
rate and the

sentiment on the excess stock return

explanatory power of extra earnings.

4 Variables and data
4.1 Variables description

4.1.1 Dependent variables

Excess returns (Aret; 20 and Aret; ¢ 60), As all the
samples are the constituent stocks of the Shanghai Stock
Exchange index 50, this paper selects the Shanghai Stock
Exchange index 50 as the benchmark index. The daily excess
return is defined as the daily return rate of individual stock minus
the return rate of the Shanghai Stock index 50. By adding up the
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daily excess return, the cumulative excess return rate of one
month is obtained as Areti,t,t+20, and the cumulative excess
return rate of 3 months as Areti,t,t+60, which are taken as the
main explanatory variables of the model in this paper.

4.1.2 Independent variables

Sentiment indicators (Emo, and Emo,), as presented above,
this paper constructs the following sentiment indicators (Emo,;
and Emo,) by using the sentiment of the posts in each topic in the
previous 20 days. This article takes Emo;; and Emoy, as the main
explanatory variables. The larger the Emo;; and Emoi, are, the

more optimistic the investors are.

4.1.3 Control variables

In addition to the constructed sentiment indicators, this
paper adds some control variables to the regression model,
such as volatility, market value, monthly report number of
stocks, the book-to-market ratio, cumulative excess return in
the past 2 days, cumulative excess return and liquidity in the past
3-60 days, regarding the practice of (Chen et al.,, 2014, pp.1367-
1403). The definition of variables is shown in Table 1.

4.2 Data description and processing

4.2.1 Data sources

First, the text data selected in this paper comes from East
Money. com. The stock samples randomly choose six
Shanghai Stock Exchange 50 Index stocks. The posts from
the first day of listing the stock are crawled for each stock. On
average, each stock contains nearly 120000 posts. Through
Chinese word segmentation, remove stop words, remove
irrelevant data, and other data preprocessing methods.
Then, the LDA topic model is used to train and classify all
the crawled text data. However, studies have shown that when
the input text length of the LDA model is too short due to the
small number of words in the document, the model is prone to
bias in terms of word correlation discrimination, and the
training effect of the model is affected. On the stock BBS,
there is a certain degree of correlation between the content
and comments of the same post; the discussion under the same
position may only express opinions on specific content. It is
imported into the LDA model for training as a complete
document. The document samples the topic words as a unit
to get the topic words of each topic and the probability that
each document belongs to a specific topic.

Next, with the help of Baidu AI open platform natural
language processing technology and python Chinese natural
language processing module snownlp, sentiment analysis of
each document is carried out by sentence unit. Firstly, the
sentiment tendency of each sentence is obtained, and the
sentence scores of the whole document are summed up to get
the sentimental tendency of a document. Then, the sentimental
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TABLE 1 Description® of variable definition®.

10.3389/fenvs.2022.1068398

Variable Symbol Description
Explained variable Aretjysi20 The one-month cumulative excess return rate of individual stock
Aretiysi60 The three-month cumulative excess return of individual stock
Explanatory variable Emo;, See formula (1)
Emop See formula (2)
Control variable Volatility Volatility: the standard deviation of the return over the past month
Size Market value: take the logarithm of the closing market value of the day
BM Book to the market ratio: book value is the data disclosed in the company’s periodic reports
Volume Trading volume: take the logarithm of the trading volume of the day
Aretiy_14 Cumulative excess return over the past 2 days
Aretiy_3;-60 Cumulative excess return over the past 3-60 days
ToverOS_sy Liquidity: turnover rate (number of shares in circulation) x 100, using data from one month ago

tendency of all documents on the day is summed up to get the
sentimental tendency of investors on that day. Then, combined
with the classification results of the LDA topic model, the
sentimental tendency of documents under each topic is
obtained. After summing up the sentimental scores every day,
the paper takes the excess stock return rate as the dependent
variable, the sentimental tendency of each topic as the
independent variable, and adds a certain number of control
variables to establish a regression model and further explores
the asymmetric effect of investor sentiment on the stock price
and the explanation effect on the over expected earnings.

Through the regression analysis, we get the topic sentiment
and the valuable information contained in the investor sentiment
and compare it with the regression model, which directly uses the
sentiment tendency without topic classification as the
independent variable and analyzes the necessity of adding the
topic model.

4.2.2 Sample selection

The data source of this paper is selected from East Money, a
Chinese financial and stock information website provider. The
website is a financial media with significant influence in China,
which provides financial reports and financial market
information in an all-around way. Its stock BBS is highly

TABLE 2 Data sample overview.

active, with a massive number of users and daily posts and
rich information sources. The search indexes of the website rank
at the forefront among similar websites. It also classifies the
information by sector, industry and individual stock in detail to
facilitate data collection by classification. At the same time, all the
data from the date of listing can be obtained from the website,
which is suitable for subject research.

The data samples selected in this paper are six random
constituent stocks of the Shanghai Stock Exchange 50 index.
Shanghai Stock Exchange 50 contains many high-quality blue
chips and has strong liquidity as a hot index in the Chinese
market. Therefore, it is suitable for the subject study. An overview
of the data sample is shown in Table 2.

4.2.3 Data preprocessing

The post text data obtained by the above crawler uses
the post + comment aggregation mode in this paper to
connect the post and the comment as one document. Since
LDA is based on the statistical training model of word
frequency, processing the text by word segmentation is
necessary first.

This paper uses the python classic Chinese word
segmentation module jieba for word segmentation. Words not
helpful to the theme and sentimental judgment are deleted by

Stock code Stock abbreviation Number of posts Start time Finish time
600030 ZXZQ 140167 2020-6-5 2022-3-14
600196 FXUY 102727 2021-2-4 2022-3-14
600309 WHHX 13961 2021-8-16 2022-3-11
600519 GZMT 12281 2022-1-17 2022-3-11
600887 YLGF 141909 2018-4-15 2022-3-14
601012 LJGF 114018 2021-2-9 2022-3-14
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= Android

= iPhone =PC

FIGURE 1
Percentage of devices used in Stock BBS.

extensive use of the Harbin Institute of technology stop word list,
Chinese stop word vocabulary, and Baidu stops word list.
Sichuan University Machine Intelligence Laboratory contain
word vocabulary and some self-defined irrelevant words.
Because some posts will publish the announcement of listed
companies, financial news and stock prices on that same day,
such posts often have more words but contain fewer data on
investors’ comments.

10.3389/fenvs.2022.1068398

Therefore, this paper will exclude posts with more than
300 words in the original text. Finally, it removes some
special symbols and HTML tags and gets the number and
distribution of smart devices used by Internet users, as shown
in Table 1. The word cloud is shown in Figure 1 and Figure 2.

5 Results and analysis
5.1 Topic analysis

From Table 3 and Figure 3, when the number of topics is 7, the
likelihood function value of the model is the largest, and the
corresponding perplexity is 4996.54. Therefore, the number of
LDA model topics selected in this paper is 7. In addition, the
maximum number of iterations of the EM algorithm is set to 1000.
The top 12 topic words of each topic obtained from the topic
training are shown in Table 3. There is an intuitive correlation
among the topic words, indicating better classification results of
topics. According to the relationship between the topic words, the
topics are named respectively. The number of posts on each topic is
shown in Table 3, which can be seen that the issues discussed by
investors on stock BBS mainly focus on the market, stock price and
capital game.

5.2 Sentimental analysis

This paper analyzes the investor sentiment reflected by
each post with the help of Baidu AI sentiment analysis
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Word cloud based on LDA topic model.
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TABLE 3 Top twelve keywords for each topic.

Name of
topic

Capital
game

Topic word Main force

Capital
Sell out
Buy in
Tomorrow

North
orientation

Foreign capital

Sell out
Pull up
Disgusting
Pull high
Cost

10.3389/fenvs.2022.1068398

Sector The situation SMT data  Industry Corporate Corporate
situation of development development dividend
a market
index
Adding to Stock Rubbish Vaccine Corporate Securities trader
positions
Buy at bottom Market situation  Limit up Come on Performance Retail investor
Buy Rising Limit down Indeed Stock price Continue
Liquor Rebound Market price Goal Leading corporate Rationed shares
Severe Bull news Clearance COVID-19 Market Huge decline
Once Adjustment Clearance Take off Price Stock market
New peak Fall Liquidate at a Finally Shareholder Huge rally
loss
Success Stock market Afternoon Vaccination Market value Short position
Lock in Trend Opportunity Epidemic Growth Sell short
Reduce stock Tendency Plunge PO Industry Sector
Acquisition Market Capital raising  State Securities trader Leeks
Sci-Tech Investment Securities mrna Announcement Fully invested
lending

technology and python classic Chinese sentiment analysis
package snownlp. Baidu AI sentiment analysis aipnlp can
judge the sentiment category (positive, negative, neutral) of
the text containing subjective opinions and give the
corresponding confidence level. The sentiment analysis
results of some stock texts are shown in Figures 4, 5, and
the sentiment analysis results of all topics are shown in

We can find that the theme of the two financings has the
closest attention from investors, and the main investor sentiment
is negative. The second is the company’s dividend, and the
investment sentiment is mainly negative. For the general
market, the number of posts with positive investment
sentiment is slightly higher than the number of negative posts.
For the capital game, investors showed a significantly higher

Figure 6. number of negative sentiments.
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o
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[9]
e
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FIGURE 3

Number of posts under each topic.
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FIGURE 4
Sentiment analysis results of specific stock texts.

5.3 Regression results and analysis

As shown in Table 4 Regression Results, the regression
coefficients of Emol and Emo2 are 0.5598 and 2.7446,
respectively, after adding a series of control variables affecting
the stock return, which are significant at the statistical level of
10%; the regression coefficients of Emol and Emo2 of sector
quotation are 0.4996 and 1.1720 respectively, which are effective
at the statistical level of 1%, and the regression coefficients of
Emol and Emo2 of the situation of the market index are
2.6649 and 5.6954 respectively, which are significant at the
statistical level of 1%.

The regression coefficients of Emol and Emo2 of corporate
dividends are 0.2949 and 1.0419, respectively, which are statistically
significant at the statistical level of 5%. It can be seen that the topic of
the short-term stock return is sector quotation and the situation of a
market index, which is also consistent with intuition. In the short
term, retail investors can quickly reach a consensus on the market
trends, such as rising and falling, which will cause fluctuations in the
market’s short-term stock prices. When bull news appears, it will
also quickly affect the industry and reflect the level of stock price.
Since the stock price will affect the company’s dividend payout, the
regression coefficient of the topic about the company’s dividend is
significant.
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FIGURE 5
Sentiment analysis results of specific stock texts.
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Sentiment analysis results of all topics.

Compared with the regression coefficient in the first column,
the significant coefficient of the corporate development topic in
the second column increases, while that of the situation of the
market index decreases. It can be seen that when the long-term
return rate of the stock price is taken into account, the influence
of the quotation topic becomes smaller, and the future
fundamental development of the company is concerned. In
contrast, the impact of the corporate dividend topic is still
significant.

Considering the regression coefficient of sentiment
indicators without topic classification, the coefficient is
significantly lower than that of sentiment indicators by
topic classification, with a worse model-fitting effect. In
conclusion, investor sentiment classified by topic can
extract the value information in stock text. Each topic
sentiment’s regression coefficient is positive, indicating that
the stock’s excess return is positively correlated with the
investor sentiment indicators.

The influencing factors of excess return rates of different time
lengths are also changing. The quotation information affects
short-term returns, and the development information of the
company affects long-term returns. The dividend information
of the company has an impact on both, which is in line with
expectations.

5.4 Asymmetric effect

and Vohs [40]
Baumeister et al, 2001 propose that bad things are more

Baumeister, Bratslavsky, Finkenauer
potent than good ones in daily life. Bad and bad stereotypes
are more straightforward to form than good impressions. In the
financial field, relevant scholars have found that the proportion

of negative words can predict the low return of the company’s
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stock price in the news reports about a specific company. For
those reports focusing on the company’s fundamentals, the
negative news is more predictable for the earnings and returns
than the positive news. Therefore, this paper further investigates
whether there is an asymmetric effect between the positive and
negative sentiments on the excess return of the stock price and
constructs the following positive and negative sentiment
indicators by using the sentiment of posts over the past month

PosE Pos;
0sEmo ; =
pree20 Neg; + Pos ; + Neu; ©
Neg,
NegEmoji a0 =

Neg; + Pos ; + Neu;

Where the subscript j corresponds to different topics. The larger
the PoSEmo ; 1429, the greater the positive sentiments about topic
j over the past month. The larger the NegEmo 1120, the greater
the negative sentiments about topic j over the past month. The
corresponding regression model is constructed as follows:

Aretig e (Aretizeigo) = 01 POSEMO i p420 + 02jNegEmoijy 1120
+f I ControlVariables ;;; + ¢ + &;;

%

The regression results are shown in Table 5. In column (1),
the regression coefficient of the topic Neg of SMT is 2.4841,
which is significant at the statistical level of 1%. In contrast,
the regression coefficient of Pos is not substantial, which
indicates that there is the asymmetric effect on the topic
sentiment of SMT. The regression coefficient of other topic
sentiments is not significant.

The regression coefficients of Pos and Neg of “corporate
development” in column (2) were 19.041 and -35.552,
respectively, which are significantly higher than those in
column (1), and are significant at the statistical level of 1%.
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TABLE 4 Excess return and regression result of sentiment indicators.

Variable (1) Aretiz g0 (2) Aretiz g0 (3) Aretiz g0 (4) Aretig .0
Emol 0.5598 9.3899***
(0.7740) (11.847)
Emo2 2.7446* 24.775%%*
(1.5111) (12.448)
Corporate development Emol 0.3221 1.2730%%%
(1.4302) (4.2505)
Corporate development Emo2 1.3387%* 3.7218***
(2.1866) (4.5705)
Sector situation Emol 0.4996** 0.3359
(2.5224) (1.2748)
Sector situation Emo2 1.1720** 0.5930
(2.3774) (0.9045)
The situation of the market index Emol 2.6649% 1.4567*
(4.6492) (1.9107)
The situation of the market index Emo2 5.6954*** 3.3200%
(4.1678) (1.8273)
Corporate dividend Emol 0.2949** 1.1014%%%
(1.7790) (4.9959)
Corporate dividend Emo2 1.0419** 3.1489%*
(2.3375) (5.3114)
Industry development Emol 0.0046 0.1628
(0.0368) (0.9736)
Industry development Emo2 0.2304 0.3267
(0.7028) (0.7484)
Capital game Emol 0.2249 0.5834**
(1.3198) (2.5745)
Capital game Emo2 0.3841 1.3579**
(0.9534) (2.5342)
SMT data Emol 0.6608*** 0.1166
(5.0582) (0.6713)
SMT data Emo2 1.3057** 0.4042
(3.7428) (0.8712)
Volatility 1.0351** 44660 1.6721* 5.5207***
(2.0152) (6.5369) (3.6798) (11.087)
Size -0.4547*** 0.5590*** -0.4417* 0.4539***
(-4.1806) (3.8644) (-3.9774) (3.7296)
BM -0.4600** -0.0835 -0.5510* -0.1516
(-2.3323) (-0.3182) (-2.7861) (~0.6995)
Volume 0.0255%* 0.0225% 0.0290*** 0.0211***
(8.2210) (5.4520) (8.4637) (5.6251)
Aretiy_1 0.0338 -0.2662*** 0.0216 -0.2539
(1.4553) (-8.6260) (0.9662) (-10.356)
Aretit 3460 0.4848* 0.1898* 0.5286*** 0.1377
(5.6174) (1.6532) (5.5109) (1.3106)
ToverOS_3, 0.0710%** 0.0119 0.0686*** 0.0207*
(7.3997) (0.9327) (6.9194) (1.9019)
Const 11.359%** —-14.112%* 11.253*%* —-11.470%*
(4.0110) (-3.7466) (3.8985) (-3.6263)
R’ 0.6584 0.7713 0.5533 0.7423

*, %% and * * represent 10%, 5% and 1% significance levels, respectively.
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TABLE 5 Asymmetric effect.

Variable

Corporate development Pos
Corporate development Nes
Sector situation Pos

Sector situation Neg

The situation of market index Pos
The situation of market index Neg
Corporate dividend Pos

Corporate dividend Neg

Industry development Pos

Industry development Neg

Capital game Pos

Capital game Neg.
SMT data Pos
SMT data Neg
Volatility
Size

BM

Volume

Aretig 12
Areti; 3460
ToverOS_s
Const

R?

(1) Arett 20

-0.6331 (0.8564
-0.2581 (0.7604
(

-2.3649 (2.2565

)
)
)
-3.0815 (2.1394)
2.7318 (2.6497)

1.7248 (2.7579)

~1.3414 (0.9444)

-1.2177 (0.8707)

1.4987 (1.0204)

1.107

(1.1495)

-17

(1.8354)

-2.5929 (1.6513)

0.6972 (0.8652)

—2.4841*** (0.685)
—40.94*** (8.9163)

0.1251 (0.6848)
~0.000005812 (0.00007664)
0.0433 (0.0834)
0.0152 (0.0191)
0.0438 (0.0576)
-1.0697 (0.7193)
1.2652 (11.997)
0.1569

10.3389/fenvs.2022.1068398

(2) Aret;tti60

19.041%%* (3.7641)
~35.552 (3.3418)
5.0726 (9.9173)
1.217 (9.4027)
29.821%* (11.645)
~35.57° (12.121)
8.3378** (4.1508)
~11.87+* (3.8269)
1.8736 (4.4849)
-8.6831 (5.0524)

8.341 (8.0666)

2.6139 (7.2577)
0.5112 (3.8028)
~15.456*** (3.0106)
~182.5%* (39.188)
~8.7629** (3.0096)
~0.0005 (0.0003)
0.6394* (0.3666)
~0.2406*** (0.0838)
0.839°* (0.253)
~1.0837 (3.1612)
144,53 (52.726)
0.4879

*, %%, and * * represent 10%, 5% and 1% significance levels, respectively.

The regression coefficients of the market index and corporate
dividend situation are significantly increased compared with
column (1), and the significance level is improved, indicating
that positive and negative sentiments significantly impact long-
term stock prices. In terms of topics, investors’ pessimistic
attitude towards the company’s development will lead to a
significant decline in the long-term stock price, and the
attitude towards the market will also affect the company’s
long-term stock price, which is consistent with common sense.

From the Pos and Neg coefficients of the topics involving
corporate development, the situation of market index and
corporate dividend, the coefficient is all positive. In contrast,
the Neg coefficient is all negative, which shows that the stock
excess return is affected by both positive and negative
sentiments. The absolute value of the Neg coefficient is
greater than the total value of the Pos coefficient, which
confirms the existence of an asymmetric effect. In
summary, regarding both the degree of impact and the
persistence of the effects, the negative sentiment has a
more significant impact on the stock excess return, which
verifies the existence of an asymmetric effect.

Frontiers in Environmental Science

6 Conclusion and further research

With the development of various social platforms and
investment forums, many institutional investors have begun
applying public opinion analysis to investment models.
Because text data is unstructured, many choices and tools for
preprocessing such data exist. Quick and accurate mining of
target information has become a new research direction.

This paper first introduces relevant theories and research
methods in investor sentiment. Then presents the development
history and mainstream text mining models, analyzing the
advantages and disadvantages of various models. It has adopted
the unsupervised learning full probability generation model (LDA)
as the primary model. It uses natural language processing and word
segmentation tools to analyse East Money Stock BBS’s text data
empirically. This paper attempts to apply the classic topic model
LDA to the BBS text analysis enriches the method by using stock
market information to analyze investor sentiment and explores the
correlation between LDA and excess return.

The results show that: 1) investor sentiment classified by topics
positively correlates with excess return rate; 2) different topics have
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different impact degrees. The situation of the market index has a
short-term impact, corporate development has a long-term impact,
and the corporate dividend has both short-term and long-term
impacts. 3) Investor sentiment has an asymmetric effect on excess
return.

Although the sentiment analysis method of text topic
classification proposed in this paper has achieved some results
for data crawling of East Money stock BBS, there is still plenty of
space for optimization:

1) No topic dictionary is built for stock information in advance. The
number of topics involved in stock BBS posts is enormous. Some
of the posts published by investors are logical, and some are
empty. To achieve accurate text topic classification, it is necessary
to construct a topic dictionary using the text mining method to
train the topic model more specifically.

2

~

This paper has less innovation in analyzing emotional orientation.
It should be noted that even though the existing open-source tools
can perform well in text sentiment analysis, there are still many
deviations in the study of stock market texts. Because the stock
market text contains many financial terms, universal sentiment
analysis may not be able to identify such exceptional cases.
Therefore, it’s necessary to build a sentiment dictionary for the
stock market in advance and combine it with open-source tools to
improve the accuracy of sentiment orientation analysis.

3) There are certain limitations in data samples. The data
samples selected in this paper are not large enough. The
chosen pieces are constituent stocks of the Shanghai Stock
Exchange Index 50, without analysis of small-cap stocks or
other sectors. Including small-cap stocks in future research is
necessary to demonstrate the model’s universality.

The data selected in this paper is from East Money stock BBS. Not
all investors will choose to speak on the platform, and there may be

4

=

more posts with fewer comments, leading to more short text data
and affecting model training. It can select the hottest positions
weekly for future analysis to avoid this problem effectively.

6.1 Suggestions and recommendations

1. Improve the market delisting system: A sound delisting system can
optimize the allocation of resources in the market, promote the
flow of funds, and encourage listed companies to improve the
company’s management levels. Improving the delisting system can
start by removing a single indicator and introducing diversified
listing standards so that companies with false information
disclosure will consciously withdraw from the market or be
eliminated in an excellent competitive environment.

2. Enhance the quality of investors’ transactions: For individual
investors affected by emotions and repeatedly trade, you can
increase the transaction stamp duty or reduce the transaction fee
for retail investors to hold a specific stock for more than a certain
period to make investors buy stocks more rationally.
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3. Encourage retail investors and institutions to trade together: For
the phenomenon of too many retail investors in China, we can give
policy support to institutions and increase the number of
institutional investors in the market. Increase the publicity of
the advantages of institutions, attract retail investors to join
institutions for investment, and trade in the market reasonably
and efficiently. Reduce the handling fee of institutional agency
transactions, make it whole so that institutions and retail investors
can be combined, reduce the investment risk of retail investors, and
reduce the capital losses of institutions.
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