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Is It All About Noise? Investor Sentiment and Risk Nexus: Evidence From
China

We investigate how investor sentiment in online information impacts individual stock risk,
measured as Value at Risk (VaR). Investor sentiment is represented by the information on the
stock forum on the 100 constituent stocks of the Shenzhen composite index. We employ self-
written code to collect daily online postings from 2016 to 2022. We rely on algorithms to divide
and label all posts. Using quantile regression and controlling for firm-specific factors and
COVID-19, we document that stronger sentiment increases VaR while decreasing VaR on a
lagged 7-day horizon. As we move to longer lags (20 days), the effect vanishes as more

information becomes incorporated into the stock prices.

Keywords: Investor sentiment, Online posting messages, text mining and classification, social
networks, Value at risk, SZSE 100 Index

JEL classification: G10, G14, G40, G41

1. Introduction and literature

The Internet has become important for the public to obtain information, and massive amounts
of information and data are generated daily. Many researchers have set their sights on Internet
information, how to use it in market forecasts, exploring the relationship between various types
of data on the Internet and the market, and providing a basis for market analysis and investment
decision-making. With the emergence of several social media platforms, investors have
gradually started to gain information on desired stocks from the Internet, which is considered a
source of soft information about listed firms for investors. In this context, the advent of
platforms such as Guba, Tieba, Weibo, and other Chinese websites in countries like China has
allowed a widespread amount of information to a larger audience of investors at faster
dissemination rates, ultimately affecting the stock market prices.

This study is timely and novel because it bridges investor sentiment from Internet information
with the stock price risk. In this respect, this research contributes to the literature on the impact
of sentiment on stock price volatility (Cevik et al., 2022; M. Chen et al., 2022; R. Chen et al.,
2021; Y. Gao et al., 2022; Shen et al., 2023), considering as a potential and unexplored channel
for the price sensitiveness the online investor sentiment. Indeed, the nexus between online
investor sentiment and stock price risk remains unexplored in the literature as an alternative

approach to portfolio maximization and speculation. Second, we contribute to the debate on
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how online investor sentiment affects stock prices over different trading horizons by
highlighting the persistence of online investor sentiment in stock price risks. In doing so, we
seek to respond to the following questions: do bullish, bearish, and flat sentiments promote or
inhibit VaR? To what extent? And is it a short-term or long-term impact? Additionally, we
contribute to the ongoing debate on behavioral finance by providing findings using recent data,
and controlling for firm-specific factors and COVID-109.

We answer these questions by investigating the relationship of interest in the Chinese stock
market. The reason for our study’s institutional framework is twofold. First, retail investors are the
main players in the stock exchange and rely more on the Internet as the main social media
channel to collect stock-specific information. According to the disclosure of China Securities
Depository and Clearing Co., Ltd., in October 2021, the number of active accounts of individual
Chinese investors was 157.09 million, and the number of active accounts of institutional
investors was about 353,000.! Second, another interesting characteristic of such a stock
exchange is the lower average age of its market participants.? In this respect, younger investors
are more likely to use social media channels to make financial decisions and a more vulnerable
to their emotions. In a similar setup, one may argue that when the stock price rises, they pay
more attention to their immediate interests and sell stocks to obtain an immediate return. When
the stock decreases due to overconfidence and fluke, they might think the decline is temporary,
the stock price will return to its expected state, and they keep among their holding loss-making
stocks. On the one hand, investors' irrational emotions will have an important impact on
investors' sentiments. On the other hand, theory and practice provide some evidence that
investor sentiment widely exists in the capital markets and affect asset pricing. Therefore, the
research on investor sentiment is of great significance to more accurately price financial assets
and make prices reflect fundamentals.

Hence, investor sentiment affects the stock market's return and risk depending on market
development and efficiency. From a risk perspective, Chinese stocks are volatile and enjoy high
uncertainty as a strong emerging market. Policy changes and technical uncertainties might also
influence the sentiment and investors' preferences (risk aversion), impacting the stock market
performance (M. Chen et al., 2022; B. Gao & Liu, 2020; Geng et al., 2021; Ho et al., 2020).
Therefore, investor sentiment plays a vital role in both returns and risks of Chinese stock
markets. Scholars have been studying the impact of investor sentiment on risk and return

separately, finding mixed results depending on the period, sector, and market index (Antweiler

! Thus, individual investors account for approximately 97.78%.

2 The average age of investors is 30.4 5



& Frank, 2004; J. B. De Long et al., 1990; Jiang & Jin, 2021; Reboredo & Ugolini, 2018; Wang
et al., 2020; Zhu & Niu, 2016). Others investigate the comprehensive relationship between
sentiment and both risk and return of the stock market. Song et al. (2019) suggest that investor
sentiment can contribute to explaining the returns on and volatility of renewable energy stocks.
Fang et al. (2021) explored Shanghai 50 Exchange Traded Funds (ETFs), showing that
investors' optimism positively affects stock returns volatility and vice versa.

As for risk measures, researchers widely adopt several indicators, such as liquidity measures
(Campbell, 1996), conditional variance (Chiang, 2019), and VaR. However, VaR can be
superior to other measures in the presence of price shocks and a changing risk aversion (Bali et
al., 2009; X. Chen & Chiang, 2016). VaR is a dynamic coherent risk measure to ensure that
decisions are implemented and only depend on states that may realize in the future, which
recently became popular in areas like finance, energy, or supply chain management.
Moreover, the literature provides three main categories for measuring investor sentiment:
integration of market indicators, web search indexing, and text-mining measures (Baker &
Wurgler, 2006; Huang et al., 2015; W. Long et al., 2021). According to Shen et al. (2023), text
mining is widely used in financial studies and can be further split into unsupervised and
supervised learning methods. Unsupervised is mainly dictionary-based techniques and topic
models without a training text to be labeled in advance (Renault, 2017; Thorsrud, 2020).
Supervised techniques require labeled training sets; they can be classical machine learning
methods, such as the naive Bayes (Antweiler & Frank, 2004; Li et al., 2020; Thorsrud, 2020).
Given the above background, we investigate the extent and the time lag of the influence of
investor sentiment on China's stock market risk reflected in online internet information.
Accordingly, the following hypotheses are formulated:

H,: A greater investor sentiment translates into a higher stock risk.

H,: Heterogeneous effect of investor sentiment on stock risk according to the trading horizon

(lags).

2. Data and Methods
We study the constituents of the Shenzhen 100 Index to analyze the relationship between online
public opinion and securities market risks. We collect information on online postings (including

posting time, title, page views, etc.) relying on EastMoney (http://guba.eastmoney.com/),

China's most visited and influential financial portal website. We also collect information on
stock-level variables from China Stock Market & Accounting Research Database (CSMAR).
Our sample period covers a period from May 2016 to May 2022. The reason why we consider
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this sample period and the 100 Shenzen index is threefold. First, the Shenzen index represents
the first index in the Chinese equity market and incorporates those firms with the largest market
capitalization and stock market liquidity. Second, the index became more diversified regarding
covered sectors in 2016. Third, including the COVID-19 period, our sample period contains
both economic stability and fragility periods.

To investigate our hypotheses, we first analyze the postings through text mining and create
investor sentiment, and then study the relationship between the online investor sentiment of the
SZSE 100 Index and the VaR of daily returns of individual stocks.

We use a proprietary Python web crawler to collect and process online postings. Following the
previous literature (Gao et al., 2022 and Li et al., 2020), we adopt a text-mining approach to
extract our investor sentiment indicator from online texts. We first classify online posts as
positive (2812 posts), negative (3179 posts), and neutral (3062 posts). Second, we exclude 947
ironic posts based on text-embedded signals and unrelated to purchasing and selling decisions.
Third, we assign the posts a value of +1 if positive, O if neutral, -1 if negative, and 2 if the post
contains two positive words. Finally, following Antweiler & Frank (2004), M. Chen et al.

(2022); Y. Gao et al. (2022), we construct the investor sentiment index (Sent,):

(1+m)
Sent; = lnm 1)
M{ = Dien, Wi xf (2)
a;
Wi = Yiep; i 3)

where the value of x{ is 1 or 0 if the post belongs to category C (positive (buy), neutral (hold),
negative (sell), then xf =1, otherwise x =0. We further add the weight as a measure of online
post attention caused by the number of visits. Therefore, we use post attention a; as the weight
for each post.

After constructing such an indicator, we relate it with the individual stock risk (VAR) using a
quantile regression analysis coherent with Koenker & Bassett (1978) to analyze whether
investor sentiment in online texts affects and feeds individual stock risk. We use a quantile
regression framework because it allows better than others to ease and tackle the potential
omitted variable bias since it identifies those points in the conditional distribution of the stock
price returns where omitted variables affect either positively or negatively them. Second, this
method attenuates statistical problems often bothering CAPM-related studies, such as
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sensitivity to outliers, non-normal errors, and errors-in-variables (Barnes and Hughes, 2002).

For a univariate distribution function and a given probability q (0<g<1), we have the following

equation:
xq = Inf{x|Fi(x) = q} (4)
With Q (the conditional quantile to indicate that it is a random variable = quantile

for F;(x).

For a given probability g = 1 — p, {x;}, the q quantile can be obtained by:

Xq = argming YL, wa(x; — f'z,) (5)
Where w, is defined as:

qz z=20

Wq(2) = {(q -1z z<0 ©
Then, we define the quantile regression model as:
xe =P’z + & (7)

The conditional quantile function is:

Q(qlz) = B'z (8)
More practically, we run the following quantile regression framework:,

Q(q|Sent;) = a + BSent, + y X, + e. 9)
where Q(q|Sent,) is the stock risk Sent is the sentiment index and X is the vector X, of control

variables.

To evaluate the validity of our empirical strategy, we also add a vector of control variables in
the specification. As mentioned before, we include a COVID-19 period dummy taking the value
of 1 if the daily observation is referred to the period from December 31, 2019, to the end of our
sample period (May 31, 2022). We use December 31, 2019, as the starting date for COVID-19
because it refers to the day the Chinese health authorities reported the first cluster of COVID
cases in Wuhan.? Second, following studies on internet stock message boards (Antweiler and
Frank, 2004; Sabherwal et al., 2011) and studies on forum data mining, social media investor
sentiment, and stock returns, we include other stock-level information related to the issuer, such
as firm size (Size), book-to-market ratio (B/M), and the number of posts (SenNum). Finally, as

a robustness check, we validate our model using different significance intervals and two

3 The starting and ending dates are selected following the WHO (World’s Health Organization) which affirmed

that (Covid-19) is a pandemic. .



different horizon maturity lags (7 days and 20 days).

For the sake of interpretation, when the model constant term (Constant) and the online investor
sentiment index (Sent) are statistically significant, there is a relationship between online
investor sentiment and individual stock risk. The VaR generally takes a negative value of the
quantile to show the loss size. Hence, a f < 0 indicates that the greater the investor sentiment
in the stock market, the higher the risk of individual stocks, namely higher VaR (H,). Further,

we expect that this effect dissipates along with longer trading maturities (H2).

3. Empirical Results
Table 1 reports the quantile regression results. Our findings are supportive of our expectations
and hypotheses (H1). We find a statistically and negatively significant relationship between
investor sentiment and individual stock risk, measured by VaR. The greater the investor

sentiment in the stock market, the higher the risk of individual stocks.
Insert Table 1 Here: Impact of online investor sentiment on stock risk without controls

We also re-iterate our analysis considering the inclusion of control variables to exclude
that stock-specific variables and COVID-19 affect our main results.

Insert Table 2 Here: Impact of online investor sentiment on stock risk with controls

As a further extension of our main findings, we verify whether the impact of online investor
sentiment on individual stock risk changes in the function of different trading maturities (short-
vs. long-term). To this end, we consider both 7-day and 20-day rolling windows. Tables 3 and
4 present the quantile regression results (at 0.95 quantiles) without (with) the inclusion of
control variables. Our results suggest that there exists a statistically significant relationship
between investor sentiment and stock VaR considering the 7-day trading horizon, while it turns
insignificant when we consider the longer trading one (20-day trading horizon). This evidence
suggests that the effect of investor sentiment is more pronounced over shorter-term trading
periods rather than more extended ones, corroborating H2. These findings are coherent with
prior studies (Cevik et al., 2022; M. Chen et al., 2022; R. Chen et al., 2021; Y. Gao et al., 2022;

Shen et al., 2023), documenting heterogeneous results on the impact of sentiment on volatility.
This evidence remains stable while adding control variables to the specification.

Insert Table 3 Here: Impact of online investor sentiment on stock risks under different

trading horizons without controls

Insert Table 4 Here: Impact of online investor sentiment on stock risks under different
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trading horizons with controls

Overall, our results show that the effect of sentiment on VaR varies according to the horizon.
Generally speaking and without the lag effect, stronger sentiment is related to a higher VaR,
Such results might be related to the degree of market efficiency and speculative behavior in
which the stronger relationship between Sentiment and VaR indicates a weaker efficiency of
the market, giving rise for speculation. However, in the long run, the market incorporates such

sentiments into the prices.

A potential explanation behind our findings is that over-buying or over-selling due to online
investor sentiment might create unexpected price swings in the stock market. This is particularly
relevant for the Chinese stock exchange, where the market participants are mainly retail and
young investors who primarily rely on social media channels to obtain firm-specific information

rather than considering firm fundamentals.

4. Conclusions
Considering all stocks in the Shenzhen index in China from May 2016 to May 2022, we study
the relationship between online investor sentiment and stock market risk. We construct an
investor sentiment indicator to quantify investor sentiment in online information concerning
stock risk measured through the VaR. In running this exercise, we first use text mining
methodology to compare the stock bar posts of the SZSE 100 index in Guba EastMoney. Then,
we perform a word segmentation analysis to quantify the online investor sentiment. Finally, we
use the quantile regression methodology on stocks' logarithmic returns and online investor
sentiment to analyze how investor sentiment affects stock market risk and how the sentiment-

risk relationship varies along different trading horizons.

We show that there is a statistically significant relationship between online investor sentiment
and the VaR of individual stocks, and the results are more pronounced when we consider a
shorter trading horizon (7-day horizon). However, our estimates suggest that the impact of
investor sentiment vanishes after 20 days, suggesting that investors already discounted pieces

of information into market prices over a more prolonged time horizon.

Our findings enrich the behavioral finance and economics research content to a large extent, as
it fills the gaps in current academic research and provides an empirical basis for future research.
Text mining can be a good proxy of investor sentiment; such a research methodology can be
further expanded to analyze the wording in financial statements that could provide market

signals. Moreover, our findings offer insights to investors regarding market efficiency and
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investment choices. The evidence of online investor sentiments implies weaker efficiency and
abnormal return can be attained following specified investment horizons and rolling periods.
From a regulatory standpoint, more oversight is required to control online postings triggering

sentiment in order to reducing market frictions.

This study is not limitation-free. First, the Guba EastMoney data of the stock bar posts used to
construct investor sentiment indicators might not be a perfect source to operationalize
Sentiment. Although the content of Guba EastMoney is close to the China stock market, there
are still posts that are less relevant to the stock market. At the same time, the quality of some
posts cannot be guaranteed, and there are suspicions of useless stickers. All of these have
brought significant interference to the construction of sentiment indicators.. Second, the
quantile autoregressive model can be used to perform regression of this online sentiment index
in units of weeks, months, and seasons, which can expand the index to a broader range of

applications.
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Tables

Table 1: Impact of online investor sentiment on stock risks without controls

VaR (0.90 Q) Coefficient Std. error t-stat Prob.

Constant 0.0115™" 0.0014 9.2853 0.0000

Sent. -0.3253"™ 0.1393 -2.6781 0.0097

VaR (0.95 Q) Coefficient Std. error t-stat Prob.

Constant 0.0171™ 0.0025 7.5352 0.0000

Sent. -0.3664™ 0.1918 -2.104 -0.0477
Note: “™", ™", " represent significance at the level of 1%, 5% and 10%, respectively. Sent is the sentiment indicator.

Table 2: Impact of online investor sentiment on stock risks with controls

VaR (0.90Q) Coefficient Std. error t-stat Prob.
Constant 0.0169™ 0.0020 11.234 0.0000
Sent. -0.3776™" 0.1617 -4.6133 0.0000
Controls Yes Yes Yes Yes
VaR (0.95Q) Coefficient Std. error t-stat Prob.
Constant 0.0216™" 0.0031 8.4942 0.0000
Sent. -0.3971™ 0.2078 -2.8079 -0.0046
Controls Yes Yes Yes Yes
Note: “*", ", " represent significance at the level of 1%, 5% and 10%, respectively. Sent is the sentiment indicator

Table 3: Impact of online investor sentiment on stock risks under different trading horizons without controls

VaR (0.95 Q) Day =7 Coefficient Std. error t-stat Prob.

Constant 0.0103™" 0.0014 7.8793 0.0000
Sent. 0.0083" 0.0521 1.9262 0.0519
Controls Yes Yes Yes Yes

VaR (0.95Q) Day =20 Coefficient Std. error t-stat Prob.

Constant 0.0112™ 0.0014 8.7916 0.0000
Sent. -0.0324 0.0711 -0.504 0.7160
Controls Yes Yes Yes Yes

Note: *™", ™™, " represent significance at the level of 1%, 5% and 10%, respectively. Sent is the sentiment indicator.

Table 4: Impact of online investor sentiment on stock risks under different trading horizons with controls

VaR (0.95Q) Day =7 Coefficient Std. error t-stat Prob.
Constant 0.0151"" 0.0022 9.5351 0.0000
Sent. 0.0092™ 0.0576 2.2540 -0.0280
Controls Yes Yes Yes Yes
VaR (0.95Q) Day =20  Coefficient Std. error t-stat Prob.
Constant 0.0138"" 0.0017 10.189 0.0000
Sent. -0.0347 0.0762 -0.918 -0.537
Controls Yes Yes Yes Yes
Note: """, ™", " represent significance at the level of 1%, 5% and 10%, respectively. Sent is the sentiment indicator
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