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a b s t r a c t

We examine the relative importance of overnight sentiment versus trading-hour sentiment in forecast-
ing volatility. Previous studies on investor sentiment either ignore overnight sentiment or aggregate
overnight sentiment with trading-hour sentiment. With the help of Chinese sentiment dictionary,
we extract investor sentiment from Chinese internet social forums. Our empirical analyses suggest
conclusively that investor sentiment significantly affects volatility. In particular, overnight sentiment
is more informative than trading-hour sentiment in forecasting volatility, and has higher predictive
power than overnight returns, which are widely used to capture overnight information. Our results
hold in a series of robustness tests, including in highly volatile subsample, alternative rolling window
size, and alternative sentiment proxy.

© 2023 Elsevier B.V. All rights reserved.
1. Introduction

Volatility is closely tied to risk management, asset pricing, and
sset allocation. It is not surprising that numerous researchers de-
ote much efforts to improve the forecasting accuracy of volatil-
ty. Various studies have constructed new and powerful predic-
ors to forecast volatility. For example, Christiansen et al. (2012)
how that credit risk, financing liquidity, and time-varying risk
remium perform well as predictors of volatility. Paye (2012)
ind that the commercial paper-to-treasury spread, default re-
urn, default spread, and the investment-to-capital ratio can help
orecast volatility. Engle et al. (2013) provide evidence that in-
luding economic fundamentals in the analyses, such as inflation
nd industrial production growth, can further improve volatility
orecasting.

This paper builds on prior studies to improve volatility fore-
asting. Our study differs from most of the previous studies by
ocusing on investor sentiment and using a high frequency data
o evaluate the significance and the robustness of the investor
entiment’s forecasting power for volatility. We are inspired by
growing body of empirical literature that explores the rela-

ionship between investor sentiment and stock volatility (Brown,
999; Lee et al., 2002; Ho et al., 2013; Behrendt and Schmidt,
018; Audrino et al., 2020; Zhang et al., 2021; Gong et al., 2022).

∗ Correspondence to: School of Management Science and Engineering,
anjing University of Information Science & Technology, No. 219 Ningliu
oad, Nanjing, 210044, China.

E-mail address: lpchxj@nuist.edu.cn (X. Chu).
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214-6350/© 2023 Elsevier B.V. All rights reserved.
Lee et al. (2002) demonstrate that changes in bullish investors’
sentiment are negatively related to volatility. Ho et al. (2013)
find that news sentiment has a significant impact on the intra-
day volatility of individual U.S. stocks. Zhang et al. (2021) show
that textual sentiment extracted from the social platform has
predictive power on stock volatility. However, the relationship
between investor sentiment and stock price volatility is far from
conclusive. For example, Antweiler and Frank (2004) and Audrino
et al. (2020) show that, while investor sentiment significantly
improves the forecasting accuracy of the stock market volatility,
the magnitudes of the improvements is relatively small. Similarly,
Behrendt and Schmidt (2018) show that sentiment extracted
from Twitter data is related to the intraday volatility, but the
forecast improvements are not economically significant. More-
over, the direction of the causal relationship remains unclear. For
instance, Wang et al. (2006) find that most of sentiment measures
are caused by returns and volatility rather than vice versa.

An essential aspect of our investigation is that we decompose
investor sentiment into overnight sentiment and trading-hour
sentiment and examine the relative importance of the two in
forecasting volatility. The answer to this question is important
for understanding the source of investor sentiment’s predictive
power in stock market volatility. We posit that the factors driv-
ing sentiment are different in the trading period and overnight
period. First, investor sentiment does not arise in a vacuum,
and information is an important source of investor sentiment
(Sibley et al., 2016). For example, investor sentiment is affected
by monetary policy decisions (Kurov, 2010; Lutz, 2015), firm an-
nouncements (Barberis et al., 1998), and economic news (Shapiro

https://doi.org/10.1016/j.jbef.2023.100826
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t al., 2022). Although this does not mean that the reaction of
nvestor sentiment to information is always rational, the funda-
ental source of investor sentiment’s predictive power in stock
arket volatility may lie in information (Sibley et al., 2016).
econd, a great deal of information is gathered overnight. While
tock exchanges operate with specific trading hours, informa-
ion in financial markets continuously changes and accumulates.
he overnight period is becoming more important due to the
ntegration of global financial markets and nighttime informa-
ion announcements. As Chinese stock markets close, U.S. stock
arkets begin to trade. The stock price of Chinese stock markets
ay thus be affected by stock price developments in U.S. and
lobal stock markets during the overnight period. Additionally,
he announcement of macroeconomic policies, such as mone-
ary policy, often occurs during non-trading-hours. For instance,
uring our sample period, the People’s Bank of China made six
nterest rate adjustments and twelve deposit reserve ratio ad-
ustments, all of which were announced between 17:00 p.m. and
0:00 p.m, except for one announcement to adjust the deposit
eserve ratio. Consistent with these observations, Tsiakas (2008)
uggests that the information accumulated overnight contains
ubstantial predictive ability in European and U.S. stock market,
nd Tseng et al. (2012) demonstrates similar results for the Tai-
anese stock market. Ahoniemi and Lanne (2013) find that a
ealized volatility estimator incorporating overnight information
ields greater accurate. Third, there is evidence that overnight
entiment is news-driven and is less influenced by concurrent
arket price signals (Li et al., 2019), while trading-hour senti-
ent is price-driven. Many studies show that investor sentiment
uring the trading hours is greatly influenced by stock prices
e.g. (Wang et al., 2006; Kling and Gao, 2008)). This implies that
he sentiment during trading hours on a given trading day may
lready be incorporated into the correspondence prices. There-
ore, if the forecasting model (such as HAR-RV model) contains
rice information, the trading-hour sentiment may have limited
dditional information beyond what is already captured by the
arket trading data, thereby potentially limiting the forecast-

ng performance. In contrast, overnight sentiment is more likely
o contain new information that has not yet been reflected in
rices. Consequently, it may hold more potential for forecasting
olatility.
Our study makes three contributions. First, this paper con-

ributes to the construction of investor sentiment proxy. Investor
entiment cannot be directly observed, and an important research
uestion in empirical finance is to construct a good proxy for
nvestor sentiment (Corredor et al., 2013). The existing literature
ainly considers three measures of investor sentiment. The first

s survey-based sentiment proxies, which collect investors’ view
n the form of questionnaires, such as the survey data of Chinese
entral Television Station (Kling and Gao, 2008) and the con-
umer confidence index (Bathia and Bredin, 2013; Coakley et al.,
014). This measurement is subjective and may contain substan-
ial noise. The formation of views requires respondents to spend
ime and effort. Without effective incentives, respondents may
ave weak motivation to complete the investigation. A further
eakness is that it is impossible to have high-frequency senti-
ent data from surveys. The second is market-based sentiment
roxies constructed from trading data, such as trading volume
Scheinkman and Xiong, 2003) and closed-end fund discount
Lee et al., 1991). The investor sentiment constructed by Baker
nd Wurgler (2006) based on the principal components of six
arket variables is the most widely used one. One limitation of
arket-based sentiment proxies is that they are influenced by the
ollective interplay of numerous economic variables, extending
eyond investor sentiment alone (Da et al., 2015). Moreover,

he market-based measures reflect only the investor sentiment

2

during the trading period, overlooking the potential influence of
investor sentiment during non-trading periods. The third are text-
based sentiment proxies, which are constructed from millions
of messages published on the internet. The literature generally
concludes that investor sentiment developed by text-based anal-
ysis can predict stock returns (Xu et al., 2022; Cookson et al.,
2023). Compared with the survey-based measure, the investor
sentiment extracted from internet posting can be available in
high-frequency. Unlike market-based proxies, this measure has
the added advantage of capturing overnight investor sentiment
as well. We adopt the dictionary-based method to quantify the
intraday high frequency investor sentiment of the text messages.
Dictionary-based approach is replicable and more transparent
than the machine learning technique (Renault, 2017). The sen-
timent proxy developed in this paper has three characteristics.
(1) In terms of dictionary selection, we use the Chinese financial
market sentiment dictionary provided by Yao et al. (2021), which
is more suitable for the analysis of informal texts than the trans-
lation of English dictionary. (2) Our sentiment measure is more
comprehensive. In addition to using the dictionary to distinguish
sentiment, we also consider the effects of emotional symbols,
private words, adversative conjunctions, and rhetorical questions
on investor sentiment identification. (3) Our sentiment measures
are available at intraday hourly frequency. It is important to use
high-frequency investor sentiment because the effect of investor
sentiment on volatility may be short-lived (Chiu et al., 2018;
Renault, 2017; Bonato et al., 2021). Da et al. (2015) point out that
‘‘High-frequency analysis of investor sentiment is found only in
laboratory settings’’ (Da et al., 2015, page. 2).

Second, our paper contributes to the debate on whether in-
vestor sentiment can improve the performance of volatility fore-
casting. Our results provide strong and robust evidence that in-
vestor sentiment extracted from internet social media can in-
deed improve volatility forecasting performance, which is not
only statistically significant (both in-sample and out-sample), but
also economically large. This finding remains in highly volatile
subsample, is robust to alternative sentiment proxy, alternative
rolling window size, and the control of overnight returns. More
importantly, we provide more insights into the source of the
investor sentiment predictability. The investigation of the rela-
tionship between investor sentiment and stock price volatility has
been largely empirical driven, and the source of the predictive
power of investor sentiment on volatility remains unclear. By de-
composing daily sentiment into overnight sentiment and trading-
hour sentiment, we able to show which sentiment, overnight sen-
timent or trading-hour sentiment, has higher predictive power
on stock market volatility. Overnight sentiment is either ignored
or aggregated with trading-hours sentiment in existing litera-
ture. For example, market-based proxies for investor sentiment,
such as turnover rate (Baker and Wurgler, 2006) and buy–sell
imbalance (Kumar and Lee, 2006), rely only on trading-hour
information. In intraday forecasting analyses, scholars often pay
more attention to the sentiment during trading-hours (e.g., Sun
et al., 2016; Renault, 2017; Broadstock and Zhang, 2019). We find
that volatility forecasting power comes primarily from sentiment
in non-trading-hours. This insight is useful in developing more
informative investor sentiment proxy to predict stock returns or
volatility in the future. More importantly, this finding is consis-
tent with the interpretation that the predictive power of investor
sentiment on volatility forecasting comes from overreaction of
information. We elaborate on this point in Section 4.1.

Finally, while some of previous studies on volatility forecasting
have paid attention to overnight information, most of them mea-
sure overnight information by overnight returns. For example,
Ahoniemi and Lanne (2013), Wang et al. (2015), Kambouroudis

et al. (2021), and Liang et al. (2021) employ overnight returns
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s overnight information proxy to extend HAR-RV model, and
how that overnight returns have strong predictive power. There
s evidence that overnight returns are a suitable proxy for mea-
uring firm-specific sentiment in some countries (Aboody et al.,
018). In Chinese stock markets, the evidence is mixed. For ex-
mple, Xiong et al. (2020) find that overnight returns are a good
roxy for investor sentiment in U.S. stock markets, but less so in
ther markets. This is because there exist important differences
etween Chinese stock markets and other financial markets. First,
hinese stock markets imposed daily price limits on 16 December
996 and have maintained the price limit rules for regular stocks
ntil this day. Daily price limit rules may limit the ability of stock
eturns to reflect information or investor sentiment. Furthermore,
hinese stock markets are dominated by individual investors. It is
idely understood that individual investors are the main source
f sentiment trading. However, China’s A-share markets open by
all auction, during which there is little trading from individual
nvestors, and this tendency continues in the late half-hour (Gao
t al., 2019). Thus, overnight returns may not be effective in
apturing investor sentiment in Chinese stock markets, due to the
imited trading from individual investors in the opening sessions.
e extract investor sentiment from messages posted on social
latforms on internet, which contain active posts from individual
nvestors throughout of the day. To the best of our knowledge,
ur study is the first to examine the volatility forecasting power
f high-frequency overnight sentiment based on online posts. Our
esults suggest that the predictive power of overnight sentiment
n volatility forecasting significantly exceeds that of overnight
eturns.

The rest of the paper proceeds as follows. Section 2 presents
he methodology of the study. Section 3 explains the data used
n the paper. The empirical results are provided in Section 4.
ection 5 discusses robust tests. Finally, Section 6 concludes.

. Methodology

.1. Investor sentiment measurement

We use dictionary-based approach to construct investor senti-
ent, which is replicable and more transparent than the machine

earning technique (Renault, 2017). The key to this approach is
he sentiment dictionary. There are a few dictionaries available.
or example, Tetlock (2007) and Da et al. (2015) use the Harvard
V-4 dictionary and the Lasswell Value dictionary to conduct
nvestor sentiment. Du et al. (2022), Li et al. (2019), and Sun and
eng (2022) have developed investor sentiment index based on
ictionary approach with respect to Chinese stock market. Unfor-
unately, there is no well-accepted Chinese financial sentiment
ictionary. One possible solution is to use the Chinese translated
ersion of the financial dictionary created by Loughran and Mc-
onald (2011) (see e.g., Li et al., 2019; Yang et al., 2022; You et al.,
018). Due to the differences between Chinese and English lan-
uages, this solution may not be ideal. Recognizing this weakness,
i et al. (2019) manually expand the Chinese translation of the
inancial dictionary of Loughran and McDonald (2011). Du et al.
2022) further develop a Chinese financial sentiment dictionary
rom Chinese-language news articles. Both works highlight the
mportance of using a Chinese dictionary when discussing the
elationship between the Chinese stock market and investor sen-
iment. As stated earlier, majority of investors in Chinese stock
arkets are individual households, and they express their senti-
ent in online social platforms. Posts on investor online forums

or stocks are mostly informal texts, different from the language
tyle used in formal documents. Taking these considerations into
ccount, in this paper, we use sentiment words provided by Yao
t al. (2021), which is a Chinese sentiment dictionary in the fi-
ancial field suitable for internet social platforms, and they show
 S

3

that investor sentiment constructed based on this dictionary can
effectively predict Chinese stock market returns.

To extract textual sentiment of messages posted on investor
online forums, we conduct the analysis with the following five
steps. First, the sentiment of a post is identified as positive or
negative by the emotional symbols. If a post contains happy (un-
happy) emotion symbols, the post is defined as positive (negative)
sentiment. If a post contains both positive and negative emotion
symbols, emotional symbols are ignored and the sentiment of the
post is recognized by text. Second, privative words in Chinese
can change sentiment polarities. The emotional polarity of words
that appear after the privative words is reversed if the number
of privative words is odd. The emotional polarity of words that
appear after two privative words (i.e., double denial) remain
unchanged. Third, Chinese adversative conjunction is used to
express opposite conjunctive relation. Such a sentence usually
consists of two parts separated by commas. According to Chi-
nese language habits, the former part (before commas) generally
represents objective facts, while the latter part (behind commas)
contains the real sentiment expressed. Therefore, we only rec-
ognize the sentiment of words behind commas if adversative
conjunction appears in a message text. Fourth, the use of Chinese
rhetorical question is to strengthen tone, so as to express more
intense reversed sentiment. Therefore, the sentiment polarities
of the words behind the rhetorical markers are reversed if the
post includes rhetorical markers. Finally, all texts are recognized
as positive or negative sentiment based on Chinese sentiment
dictionary of Yao et al. (2021).1

We construct intraday investor sentiment by subtracting the
number of negative sentiment words (emotional symbols) from
the number of positive sentiment words (emotional symbols) in
a specific time interval. The overnight sentiment (NSt) is the sum
of the value from 15:00 p.m. (i.e., the closing time) on a trading
day to 9:25 a.m. (i.e., the opening time) on the next trading day.
According to this definition, the weekend and holiday sentiment
is included in NSt. For example, June 2, 2014 is Chinese traditional
Dragon Boat Festival. May 31, 2014 to June 2, 2014 are non-
trading days. To predict volatility on June 3, 2014, overnight
sentiment counts from 15:00 p.m. on May 30, 2014 to 9:25 a.m.
on June 3, 2014. The trading-hour sentiment (TSt) is the sum of
the value from 9:30 a.m. to 15:00 p.m. on a trading day, which
correspond to the regular trading hours in Chinese stock markets.
The daily sentiment (DSt) is the sum from 0:00 a.m. to 24:00 p.m.
on a day.

2.2. Forecasting models

Following Corsi (2009), we use HAR-RV model to conduct
volatility forecasting analyses. The daily realized variance is the
sum of squares of intraday returns

RVt =

N∑
i=1

r2t,i, (1)

where N is the observed number of the intraday returns. rt,i is
the 5-min intraday returns at time i on day t. The square root
of realized variance is the realized volatility. Following Ahoniemi
and Lanne (2013) and Liu et al. (2018), in what follows, the
term realized volatility refers to both the realized variance and
its square root. The weekly realized volatility (RVW) and the
monthly realized volatility (RVM) are defined respectively as
follows

RVWt =
1
5

4∑
i=0

RVt−i, (2)

1 The data is available on the web: https://gitee.com/arlionn/
entimentDictionaries/blob/master.

https://gitee.com/arlionn/SentimentDictionaries/blob/master
https://gitee.com/arlionn/SentimentDictionaries/blob/master
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VMt =
1
22

21∑
i=0

RVt−i. (3)

A standard HAR-RV model form is

RVt+1 = β0 + β1RVt + β2RVWt + β3RVMt + εt+1, (4)

The effect of investor sentiment on volatility may be short-
lived (Chiu et al., 2018; Renault, 2017; Bonato et al., 2021).
Therefore, we focus on short-horizons (one-day-ahead) volatility
forecasting. To examine the role of sentiment variables on volatil-
ity forecasting, we add the lagged sentiment variables to volatility
forecasting model.

RVt+1 = β0 + β1RVt + β2RVWt + β3RVMt + β4NSt + εt+1, (5)

Vt+1 = β0 + β1RVt + β2RVWt + β3RVMt + β4TSt + εt+1, (6)

Vt+1 = β0 + β1RVt + β2RVWt + β3RVMt + β4DSt + εt+1, (7)

here NS, TS, and DS represent overnight sentiment, trading-
our sentiment and daily sentiment, respectively. For conve-
ience, the above three volatility forecasting model are denoted
s HAR-RV-NS, HAR-RV-TS, and HAR-RV-DS.

.3. Out-of-sample analysis

To explore the out-of-sample forecasting performances of our
odels, we conduct a rolling window regression analysis. To
uantitatively evaluate the forecasting accuracy, we use the fol-
owing popular loss function

SE =
1
n

n∑
i=1

(σ 2
i − σ̂ 2

i )
2, (8)

here MSE is the mean squared forecast errors, σ 2
i is the actual

V , and σ̂ 2
i is the forecast. Following Campbell and Thompson

2008), the out-of-sample R2(R2
os) is defined as

2
OS = 100 × (1 −

MSEtest
MSEbench

), (9)

where MSEtest and MSEbench are the mean squared forecast errors
f the tested model and the benchmark model respectively. A
ositive R2

OS shows that the mean squared forecast errors of the
tested model is less than those of the benchmark model. The Clark
and West (2007) method (hereafter CW) is employed to test the
significance of R2

OS . Clark and West (2007) propose a series of
forecasting loss differences between the tested and benchmark
models as

Ft = (RVt −R̂Vbench,t )2−(RVt −R̂Vtest,t )2+(R̂Vbench,t −R̂Vtest,t )2. (10)

By regressing Ft on a constant, the CW statistic is the t-
statistic of the constant, which is an approximately standard
normal asymptotic distribution.

2.4. Economic value

To evaluate the economic value of volatility forecasting, we
follow Wang et al. (2006) and Neely et al. (2014) by considering
a mean variance utility investor who allocates the assets between
stock index and risk-free asset. The investor’s optimal weight on
stock index on day t is given by:

W ∗

t =
1
γ
(
r̂t+1

σ̂t+1
), (11)

here r̂t+1 and σ̂t+1 are the mean and volatility forecasts of
tock excess returns, respectively. The above described models
 M

4

are implemented to generate σ̂t+1. Welch and Goyal (2008) argue
that the out-of-sample forecasting performance of most variables
does not exceed prevailing historical means. We therefore use
historical average model to generate r̂t+1. We restrict the opti-
mal weight between 0 and 1, implying no short-selling and no
leverage trading. The portfolio returns at day t + 1 is:

Rt+1 = W ∗

t rt+1 + rf ,t+1. (12)

Two criteria, i.e., certainty equivalent return (CER) and Sharpe
ratio (SR), are used to evaluate economic performance of volatility
forecasting model.

The CER for the portfolio is

CERP = µ̂P −
1
2
γ σ̂ 2

P , (13)

here µ̂P and σ̂ 2
P are the mean and variance of portfolio returns

ver the out-of-sample period, respectively. γ is the relative risk
version coefficient.
The SR for the portfolio is

R =
µP

σ P
, (14)

where µP and σ P are the mean and standard deviation of portfo-
io excess returns, respectively.

. Data

The messages posted on Eastmoney, which is a largest internet
ocial forum for stocks in China, are collected as our sample. To
onstruct the corresponding market-level sentiment index, we
ollect messages posted on Shanghai Securities Composite Index
essage board of Eastmoney from January 1, 2014 to Decem-
er 31, 2022. As explained in the introduction, we distinguish
vernight sentiment from trading-hour sentiment. We argue that
he overnight sentiment is different from the trading-hour senti-
ent. The former is more information driven, while the latter is
ore affected by the concurrent trading prices. As an example,
able S1 and Table S2 in the appendix list a part of investor
ostings during non-trading-hours and trading-hours, which is
im to illustrate the different source of sentiment. For instance, at
6:55 p.m. on June 27, 2015 (Friday), the People’s Bank of China
nnounced the reduction of deposit reserve ratio on its website.
ffected by the news, investor sentiment generally became op-
imistic during overnight (as shown in Table S1). However, the
tock market fell all the way after opening on Monday (June 29,
015). As a result, investor sentiment became pessimistic during
onday’s trading-hours (as shown in Table S2).
The realized volatility of stock index (Shanghai Stock Exchange

omposite Index, i.e., SSEC) is collected from CSMAR. Fig. 1 depict
he evolution of realized volatility, trading-hour sentiment, and
vernight sentiment in our sample periods, respectively. Table 1
ists descriptive statistics of stock market index RV and investor
entiment. It shows that the mean realized volatility of SSEC
ndex is 1.248%, and standard deviation is 2.782%. The mean of the
entiment variables is negative, implying that investor sentiment
s generally negative in the sample period. The daily sentiment
DS) is the lowest among different sentiment variables, while the
vernight sentiment (NS) is the highest. The daily sentiment (DS)
s close to trading-hour sentiment (TS).

To assess the validity of investor sentiment constructed in this
aper, we first develop the monthly investor sentiment measure,
.e., MSt by subtracting the number of negative sentiment words
rom the number of positive sentiment words in month t. Then,
ollowing Sun et al. (2016), we run the following regression,
St = β0 + β1PSt + εt , (15)
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Fig. 1. Realized volatility, trading-hour sentiment, and overnight sentiment: January 2, 2014–December 31, 2022.
Table 1
Descriptive statistics.
Variables Mean Std. deviation Min. Max.

RV (%) 1.248 2.782 0.068 40.31
DS (×103) −0.243 0.497 −6.484 1.315
TS (×103) −0.227 0.391 −5.518 0.875
NS (×103) −0.007 0.161 −1.289 0.988

Note: This table lists descriptive statistics of stock market index RV and investor
sentiment. RV is realized volatility of Shanghai Stock Exchange Composite Index.
We construct intraday investor sentiment by subtracting the number of negative
sentiment words (emotional symbols) from the number of positive sentiment
words (emotional symbols) in a specific time interval. The overnight sentiment
(NSt) is the sum from 15:00 p.m. on trading day t to 9:25 a.m. on new trading
day t + 1. The trading-hour sentiment (TSt) is the sum from 9:30 a.m. to 15:00
.m. on trading day t, which correspond to the regular trading-hours in China’s
tock market. The daily sentiment (DSt) is the sum from 0:00 a.m. to 24:00 p.m.
n trading day t.

here PSt is an alternative investor sentiment proxy at month
. A composite investor sentiment index and three single proxy
ariables are used as PS. The three proxy variables are consumer

confidence index (CCI), the number of newly opened investor
accounts (NA), and the number of IPOs (IPON). We also employ
the method proposed by Baker and Wurgler (2006) to develop the
composite investor sentiment index (CIS), which is constructed
from the six variables based on their first principal component.
The six variables include the closed-end fund discount, the num-
ber of IPOs, the average first-day returns on IPOs, the market
turnover rate, consumer confidence index, and the number of
newly opened investor accounts. The regression results are re-
ported in Table 2. All t-statistics are adjusted according to Newey
and West (1987). As we can see from Table 2, the relations
between MS and alternative proxies are statistically significant
and positive at the 5% level or stronger. Taken together, the
results support the use of MS as investor sentiment. Note how-
ever that, the above four alternative investor sentiment proxies
are available only monthly or weekly. In contrast, our sentiment
measure is available in higher frequency. Moreover, we can de-
compose this sentiment into trading-hour and non-trading-hour
sentiment.
5

Table 2
The relation between MS and existing sentiment proxies.
Variables (1) (2) (3) (4)

MS MS MS MS

CIS 0.308∗∗∗

(3.57)
IPON 0.100∗∗∗

(2.94)
CCI 0.126∗∗

(2.30)
NA 4.883∗∗∗

(2.86)
Constant −18.310∗∗∗

−7.181∗∗∗
−18.812∗∗∗

−4.699∗∗∗

(−4.74) (−6.91) (−3.04) (−7.86)
R-squared 0.107 0.075 0.048 0.072

Notes: MS is the monthly investor sentiment measure, which is constructed
by subtracting the number of negative sentiment from the number of positive
sentiment at month t. CCI is consumer confidence index, NA is the number
of newly opened investor accounts, and IPON is the number of IPOs. We use
principal component analysis to develop a composite investor sentiment index
(CIS), which is constructed from the closed-end fund discount, the number of
IPOs, the average first-day returns on IPOs, the market turnover rate, consumer
confidence index, and the number of newly opened investor accounts. Newey
and West (1987) adjusted t-statistics are listed in parentheses. ∗∗∗ , ∗∗ and ∗

indicate significance at the 1%, 5%, and 10% level.

4. Empirical results

The sentiment effects on stock market returns and realized
volatility are short-lived (Chiu et al., 2018; Renault, 2017; Bon-
ato et al., 2021; Kim and Ryu, 2021). Therefore, this paper fo-
cus on short-run forecast horizons. We report and discuss re-
sults in three steps. First, we perform in-sample analysis. Second,
we conduct out-of-sample analysis through the rolling window
prediction method. Finally, we assess the economic values.

4.1. In-sample analysis

This section analyzes the results of regression models over
the entire sample period. Table 3 shows the results of in-sample
regressions. We observe that the RV, RVW, and RVM have sig-
nificant effects on stock realized volatility, which is consistent
with earlier studies (Xiao et al., 2021; Liang et al., 2020). Our
focus is on the relation between investor sentiment and realized
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Table 3
In-sample daily regression results.
Variables (1) (2) (3) (4)

RVt+1 RVt+1 RVt+1 RVt+1

RV 0.268∗∗∗ 0.235∗∗∗ 0.243∗∗∗ 0.233∗∗∗

(10.27) (8.98) (9.26) (9.12)
RVW 0.492∗∗∗ 0.467∗∗∗ 0.474∗∗∗ 0.452∗∗∗

(12.31) (11.79) (11.91) (11.57)
RVM 0.145∗∗∗ 0.129∗∗∗ 0.131∗∗∗ 0.132∗∗∗

(4.10) (3.68) (3.73) (3.83)
DS −0.720∗∗∗

(−7.77)
TS −0.728∗∗∗

(−6.22)
NS −3.040∗∗∗

(−11.21)
Constant 0.118∗∗ 0.037 0.024 0.207∗∗∗

(2.43) (0.75) (0.48) (4.32)
R-squared 0.54 0.56 0.55 0.57

Note: This table reports in-sample regression results. RV, RVW, and RVM is
the daily, weekly and monthly realized volatility. NS is overnight sentiment,
TS is trading-hour sentiment, and DS is daily sentiment. T-statistics are listed in
parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level.

volatility. Table 3 shows that investor sentiment has a negative
and significant effect on volatility for one-day-ahead forecasting,
which indicates the realized volatility rise when sentiment be-
comes more negative. This result is consistent with the findings
of Liang et al. (2020), who document a negative forecasting effect
of investor sentiment on SSEC realized volatility. The negative
effect of investor sentiment on realized volatility is also consistent
with Bonato et al. (2021), who shows that realized volatility
is negatively correlated with investor sentiment measured by
happiness index in gold market. Lee et al. (2002) also shows that
investor sentiment is negatively linked to volatility in US stock
markets, with volatility increasing (decreasing) when sentiment
becomes pessimistic (optimistic).

We aim to distinguish the different predictive power of TS and
NS. To do so, we perform two analyses. First, we compare the
regression coefficients and illustrate their economic significance
by the relative change of the standard deviation. The estimated
coefficients for TS and NS are −0.728 and −3.040 for one-day-
head forecasting. The coefficient of −0.728 on TS implies that
ncreasing TS by one standard deviation (here 0.391) would re-
uce 23% of the mean of RV or 10% of the standard deviation
f RV. In contrast, the coefficient −3.040 for NS implies that
ncreasing NS by one standard deviation (0.161) would reduce
V by 39% of the mean or 18% of the standard deviation of RV.
herefore, in terms of economic significance, the former is only
bout half of the latter. Interestingly, the effect of DS on RV is
lso less than that of NS. Increasing DS by one standard deviation
0.497) would reduce 29% of the mean of RV or 13% of the
tandard deviation of RV. This result suggests that, by aggregating
he overnight and trading-hour sentiment, the forecasting ability
f sentiment for volatility is even diluted. Second, the R2 of HAR-
V increases from 54% to 56% when we include DS. However, the
2 decreases slightly when we use TS instead of DS, from 54% to
5%, suggesting that the forecast performance becomes weaker
hen we use TS only. Finally, when we use NS instead of DS,
he R2 increases from 54% to 57%. These results show that the
rimary forecasting ability of sentiment on volatility comes from
S. The goodness of fit of the model improves only slightly when
e include the daily sentiment and trading-hour sentiment. In
ontrast, when overnight sentiment is added to HAR-RV model,
he goodness of fit increases by 6%.

To further examine the role of overnight sentiment, we per-
orm a series of intraday hourly regression. First, we define hourly
6

ealized volatility:

Vj,t =

m∑
i=1

r2i,j,t , (16)

where m is the observed number of the intraday hourly 5-min
returns, i.e., m = 12. ri,j,t is the 5-min returns. The square root of
realized variance is realized volatility, j = 1, 2, 3, and 4 represent
four trading hours. The hourly regression model is as follows:

RVj,t = β0 + β1NSt + δ1STj−1,t + λl

L∑
l=1

RVj−l + εj,t (17)

where RVj,t is jth hourly realized volatility on day t. We use the
lagged 8 hours’ realized volatility (namely L = 8) as the control
variable. NS remains as overnight sentiment. STi,t (i = 1, 2, 3)
represents intraday ith hour’s trading sentiment on day t.

Table 4 reports the hourly regression results. As we can see,
overnight sentiment has a significant and negative impact on the
realized volatility of the subsequent hour, and all coefficients are
statistically significant at the 1% level. In contrast, investor sen-
timent in the first hour of the trading session has no significant
impact on the realized volatility of the subsequent hour. Investor
sentiment in the second hour and third hour has significant
impact on the realized volatility of the subsequent hour, but both
sentiment measures do not provide extra information for the
prediction of the realized volatility of the subsequent hour when
they are controlled for the overnight sentiment. The R2s hardly
change. For example, the R2 in column (4) is 0.738, and the R2 in
column (7) is 0.740. The difference between the two columns lies
only in whether the sentiment of the third hour trading period is
included.

In conclusion, the in-sample regression results show that in-
vestor sentiment significantly affects SSEC index volatility. More
importantly, the effect of overnight sentiment is greater than
that of trading-hour sentiment and daily sentiment. The re-
sults suggest that overnight sentiment, rather than trading-hour
sentiment, plays a critical role in volatility forecasting. Sibley
et al. (2016) indicate that investor sentiment can predict returns
because investor sentiment contains information related to eco-
nomic fundamentals. In light of this reasoning, the predictive
power of overnight sentiment on volatility forecasting may arise
from the novel information that is not yet incorporated into
trading prices. In contrast, the sentiment during trading hours
is more affected by trading prices. This explains the limited
predictive power of trading-hour sentiment. This also explains
that daily sentiment, which aggregates from overnight sentiment
and trading-hour sentiment, has lower predictive power than
overnight sentiment because the essential information is diluted
by including trading-hour sentiment.

Furthermore, we explain theoretically and empirically why
investor sentiment can predict volatility based on behavioral fi-
nance theory. In the traditional financial theoretical model, these
noise traders are independent of each other, so all kinds of noise
will eventually be offset by each other, without affecting the
market price. In noise-trader theory, irrational investors acting
coherently on a noisy signal, and the risk caused by noise-trader
is systematic risk. De Long et al. (1990) believes that in the real
world, the presence of noise traders can profoundly affect asset
prices, and their biases in estimating asset values will be reflected
in the prices, which is known as noise trader risk. This risk cannot
be eliminated by arbitrageurs due to the limits of arbitrage.
Investor sentiment can be used as a proxy for noise trading, thus
investor sentiment should be correlated with volatility (Brown,
1999).

Investor sentiment does not arise out of thin air. The infor-
mation shock is an important reason for sentiment generation.
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Table 4
In-sample hourly regression results.
Variables (1) (2) (3) (4) (5) (6) (7)

RV1 RV2 RV3 RV4 RV2 RV3 RV4

NS −0.637∗∗∗
−0.100∗∗∗

−0.158∗∗∗
−0.361∗∗∗

−0.112∗∗∗
−0.107∗∗∗

−0.287∗∗∗

(−10.10) (−3.75) (−5.93) (−13.79) (−3.82) (−3.60) (−9.30)
ST1 0.052

(0.99)
ST2 −0.195∗∗∗

(−3.92)
ST3 −0.232∗∗∗

(−4.46)
Constant 0.156∗∗∗ 0.076∗∗∗ 0.006 0.024∗∗∗ 0.077∗∗∗ 0.004 0.018∗∗

(8.63) (10.01) (0.82) (3.23) (10.06) (0.46) (2.37)∑L
l=1 RVj−l Control Control Control Control Control Control Control

R-squared 0.458 0.624 0.682 0.738 0.624 0.684 0.740

Note: This table reports in-sample hourly regression results. RVj is jth hourly realized volatility. STj is jth hourly investor sentiment.
NS is overnight sentiment. RVj− l represent lagged realized volatility. T-statistics are listed in parentheses. ∗∗∗ , ∗∗ and ∗ indicate
significance at the 1%, 5%, and 10% level.
Table 5
Testing the overreaction hypothesis.

(1) (2) (3) (4) (5) (6) (7) (8)
Variables RVt+1 RVt+1 RVt+1 RVt+1 RVt+1 RVt+1 RVt+1 RVt+1

Overreaction Non-overreaction

RV 0.242∗∗∗ 0.218∗∗∗ 0.224∗∗∗ 0.220∗∗∗ 0.368∗∗∗ 0.321∗∗∗ 0.336∗∗∗ 0.309∗∗∗

(5.36) (4.88) (4.99) (5.07) (9.57) (7.96) (8.33) (7.87)
RVW 0.524∗∗∗ 0.472∗∗∗ 0.483∗∗∗ 0.440∗∗∗ 0.339∗∗∗ 0.371∗∗∗ 0.362∗∗∗ 0.376∗∗∗

(7.39) (6.72) (6.84) (6.38) (5.86) (6.37) (6.20) (6.55)
RVM 0.152∗∗ 0.125∗ 0.130∗ 0.117∗ 0.157∗∗∗ 0.148∗∗∗ 0.149∗∗∗ 0.151∗∗∗

(2.13) (1.77) (1.83) (1.70) (4.09) (3.87) (3.89) (3.97)
DS −0.919∗∗∗

−0.389∗∗∗

(−4.93) (−3.75)
TS −0.944∗∗∗

−0.340∗∗∗

(−4.00) (−2.62)
NS −4.276∗∗∗

−1.671∗∗∗

(−7.39) (−6.07)
Constant 0.135 −0.039 −0.038 0.227 0.138∗∗∗ 0.093∗∗ 0.093∗∗ 0.179∗∗∗

(0.92) (−0.26) (−0.25) (1.60) (3.45) (2.24) (2.15) (4.46)
R-squared 0.541 0.559 0.553 0.579 0.480 0.485 0.482 0.492

Note: RV, RVW, and RVM is the daily, weekly and monthly realized volatility. NS is overnight sentiment, TS is trading-hour sentiment, and DS is daily sentiment. If
the absolute value of the overnight returns on the day is greater than sample mean, we define it as investors’ overreaction to new information. Otherwise, we view
it as non-overreaction. T-statistics are listed in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at the 1%, 5%, and 10% level.
Investor sentiment is easily influenced by many economic factors
and generates economic sentiment (Shapiro et al., 2022), and
influenced by noneconomic factors, leading to sentiment such as
the COVID-19 (Hasan, 2022). Drawing on the rational economic
man hypothesis, as the decision-maker, investors can handle new
information correctly and can make the best decisions. However,
investors often exhibit irrationality and lack the ability to ab-
sorb new information correctly. According to behavioral finance
theory, investors tend to overreaction when facing sudden or
unexpected events, thereby causing an over rise or over fall in
stock prices. Therefore, we argue that investor sentiment has a
significant impact on stock volatility due to over-reaction to new
information.

Empirically, we focus on overnight returns to test the over-
reaction hypothesis as an explanation for how investor senti-
ment impacts price volatility. Firms announcements and major
economic news are frequently released at overnight. Investors’
reactions to such information are reflected in overnight returns
because there is no trading to reflect the information during
overnight sessions (Ham et al., 2022). Thus, we use absolute value
of overnight returns to proxy investor reaction to information
shocks. The higher the absolute value of overnight returns, the
stronger the investor’s reaction to new information. If the ab-
solute value of the overnight returns on the day is greater than
its sample mean, we define it as investors’ overreaction to new
information. Otherwise, we view it as non-overreaction. There-
fore, we expect that investor sentiment has a more significant
7

impact on volatility in the overreaction sample than in the non-
overreaction sample. Table 5 reports the results. Table 5 shows
that the coefficient of NS in overreaction sample is −4.276, and
the coefficient of NS in non-overreaction sample is −1.671. The
former is 1.6 times higher than the latter. In the overreaction
sample, when the investor sentiment variable is added to the
HAR-RV model, the R2 has increased significantly. For example,
the R2 of the model including overnight sentiment increases from
0.541 to 0.579. However, in the non-overreaction sample, when
the investor sentiment variables are added to the HAR-RV model,
the R2s change little. This result indicates that the degree of
investor response to information affects the impact of sentiment
on volatility.

4.2. Out-of-sample analysis

To evaluate the out-of-sample forecasting performance, the
volatility forecasts are calculated with a rolling window approach.
In line with the existing literature, we select 200 as the scrolling
window size for evaluating the out-of-sample forecasting per-
formance. Based on this choice, we have 1,945 out-of-sample
rolling-window forecasts from October 30, 2014 to December 31,
2022. In robustness checks, we use 100, 300, 500, and 800 as
alternative sizes of rolling window.

Table 6 reports the out-of-sample forecasting performance. As
we can see from Table 6, the accuracy of volatility forecasting
is improved when investor sentiment is included in the HAR-RV
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Table 6
Out-of-sample forecasting performance (one-day-ahead).
Tested model Benchmark model R2

os(%) CW p-value

HAR-RV-DS HAR-RV 11.192 2.008 0.022
HAR-RV-TS HAR-RV 9.460 1.708 0.043
HAR-RV-NS HAR-RV 13.399 2.753 0.003
HAR-RV-NS HAR-RV-DS 2.484 2.147 0.015
HAR-RV-NS HAR-RV-TS 4.349 2.207 0.013

Note: This table reports out-of-sample forecasting performance. NS is overnight
sentiment, TS is trading-hour sentiment, and DS is daily sentiment. The rolling
window for out-of-sample forecasting is 200.

Table 7
Results of MCS tests.

MSE HMSE HMAE

TR TSQ TR TSQ TR TSQ
HAR-RV 0.676 0.689 0.991 0.991 0.805 0.784
HAR-RV-DS 0.992 0.993 0.216 0.222 0.689 0.686
HAR-RV-TS 0.888 0.877 0.246 0.248 0.788 0.777
HAR-RV-NS 1.000 1.000 1.000 1.000 1.000 1.000
HAR-RV-OR 0.763 0.765 0.247 0.238 0.303 0.301
HAR-RV-ORS 0.965 0.960 0.991 0.991 0.788 0.777
HAR-RV-Lev 0.965 0.960 0.101 0.097 0.272 0.239

Notes: This table reports the p-values of MCS tests based on 5,000 block
ootstraps. Two test statistics, i.e., range statistic (TR), and semi-quadratic
tatistic (TSQ), are employed. MSE, HMSE and HMAE are three loss functions. NS
s overnight sentiment, TS is trading-hour sentiment, and DS is daily sentiment.
R is overnight return, ORS is absolute overnight return, and Lev = min(OR, 0).
he numbers in bold denote that the corresponding model has the lowest loss
unction.

odel. When HAR-RV is used as a benchmark while HAR-RV-DS,
AR-RV-TS, and HAR-RV-NS is used as tested model, the R2

os are
ll significantly positive. There are some differences. First, the R2

os
s largest for HAR-RV-NS versus HAR-RV. Second, the CW tests
how that the significance of these three cases is inconsistent. For
AR-RV-DS versus HAR-RV and HAR-RV-TS versus HAR-RV, the
ignificance level is at 5%, while it is 1% for HAR-RV-NS versus
AR-RV. These results mean that the HAR-RV-NS model has the
owest prediction error. To further compare the out-of-sample
redictive power of overnight sentiment versus trading-hour sen-
iment and daily sentiment, we take HAR-RV-NS as the tested
odel and HAR-RV-TS (and HAR-RV-DS) as the benchmark model

o calculate R2
os and CW. The results show that R2

os is still positive
nd statistically significant at 5% level.
Similar to us, Liang et al. (2020) investigate the predictive

bility of sentiment index constructed by social media, newspa-
er, and internet media news to forecast the realized volatility
f Chinese stock markets. Liang et al. (2020) show a maximum
ut-of-sample R2 of 6.16% for their HAR-RV model when using
he HAR-RV model as the benchmark. Our out-of-sample R2 is
3.399% in terms of overnight sentiment.
In short, the out-of-sample prediction results are consistent

ith the in-sample regression results. First, investor sentiment
an indeed improve the prediction accuracy of RV. Second,
vernight sentiment has the largest predictive power on future
V.

.3. MCS test

To further examine which model produces better prediction
ccuracy, we use the model confidence set (MCS) developed by
ansen et al. (2011). Following Hansen et al. (2011), and Kam-
ouroudis et al. (2021), two test statistics, range statistic (TR), and
emi-quadratic statistic (TSQ), are employed. In addition to MSE,
e also use HMSE and HMAE as loss function, which are defined
8

s follows,

HMSE =
1
n

n∑
i=1

(1 − σ̂ 2
i /σ 2

i )
2, (18)

MAE =
1
n

n∑
i=1

⏐⏐1 − σ̂ 2
i /σ 2

i

⏐⏐ , (19)

where σ 2
i is the actual RV , and σ̂ 2

i is the forecast.
Table 7 lists the results of MCS test. The p-values are obtained

by 5,000 block-bootstraps. The larger the p-value, the better pre-
diction accuracy of the corresponding model. Following Hansen
et al. (2011), we use the significant level of 10%. Table 7 shows
that HAR-RV-NS always generate volatility forecasts with a lower
loss function than other models. This result suggests that the
NS is a stronger factor for predicting future RV than TS and
DS. Therefore, from statistical point of view, we conclude that
overnight sentiment has more powerful predictability than the
trading-hour sentiment.

4.4. Economic values

We use the interest rate of one-year treasury bonds as the
risk-free interest rate. Following Neely et al. (2014) and Dai et al.
(2021), the CER gains are calculated as the difference between
the CER generated by the tested model and the CER generated
by benchmark model. Here, the benchmark model is HAR-RV
and the tested models are HAR-RV-DS, HAR-RV-TS and HAR-RV-
NS, respectively. Therefore, the CER gains can be interpreted as
investor’s willing to pay to accessing the HAR-RV-DS (or HAR-
RV-TS, HAR-RV-NS) model’s forecasts instead of HAR-RV model’s
forecasts.

Table 8 shows the results of economic values. The annual-
ized CER gains and SR generated by the HAR-RV-NS model are
the largest. For example, when the relative risk aversion coeffi-
cient is 9, the CER gains for HAR-RV-NS is 3.435%. In contrast,
the CER gains for HAR-RV-DS and HAR-RV-TS are 0.578% and
0.732%, respectively. The SR for HAR-RV-NS is 0.049, while the
SR for HAR-RV-DS (HAR-RV-TS) is about 0.03. Similar results are
found when the relative risk aversion coefficient is set to 6 or 3.
Therefore, we conclude that overnight sentiment can achieve sub-
stantially economic gains, and the predictive power of overnight
sentiment contain more information than trading-hour sentiment
and daily sentiment.

5. Robustness checks

We perform a series of robustness checks in this section,
including restricting our analysis to a highly volatile subsample
and the pandemic period subsample, changing rolling window
size, and using alternative sentiment proxies. We further con-
struct HAR-RV model with overnight returns to test whether
the predictive power of overnight sentiment is affected by the
inclusion of overnight returns.

5.1. Highly volatile subsample

The Chinese A-shares market experienced a turbulence in
2015. On the first trading day of the year (January 5, 2015),
A-shares opened at 3,258 points, and rose all the way up and
reached 5,178 points on June 12, 2015, rising nearly 60% in 6
months. But, A-shares declined sharply in the second half of 2015
and the beginning of 2016, falling to the lowest point of 2,647 on
January 28, 2016. We examine whether the prediction power of
overnight investor sentiment for volatility remains robust during
this highly volatile period. We restrict our sample to January 5,

2015 and January 28, 2016.
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Table 8
Economic values.

CER (%) SR

γ HAR-RV-DS HAR-RV-TS HAR-RV-NS HAR-RV-DS HAR-RV-TS HAR-RV-NS

3 −0.556 −0.177 1.601 0.019 0.021 0.027
6 0.661 0.583 3.546 0.022 0.022 0.036
9 0.578 0.732 3.435 0.031 0.032 0.049

Note: This table report the annualized CER gains and SR. The CER gains are calculated by the difference between the CER generated
by tested model and the CER generated by benchmark model (i.e., HAR-RV). The tested models are HAR-RV-DS, HAR-RV-TS and
HAR-RV-NS, respectively. NS, TS, and DS represent overnight sentiment, trading-hour sentiment and daily sentiment, respectively.
SR is Shape ratio. gamma is relative risk aversion coefficient. The rolling window for out-of-sample forecasting is 200. The optimal
weight is set between 0 and 1.
m

t
e
h

Table 9
In-sample regression results (highly volatile sample).
Variables (1) (2) (3) (4)

RVt+1 RVt+1 RVt+1 RVt+1

RV 0.281∗∗∗ 0.235∗∗∗ 0.247∗∗∗ 0.221∗∗∗

(3.70) (3.16) (3.30) (3.09)
RVW 0.500∗∗∗ 0.388∗∗∗ 0.410∗∗∗ 0.353∗∗∗

(4.35) (3.41) (3.57) (3.23)
RVM 0.043 0.005 0.012 0.006

(0.38) (0.04) (0.11) (0.06)
DS −1.722∗∗∗

(−4.39)
TS −1.786∗∗∗

(−3.60)
NS −7.570∗∗∗

(−6.28)
Constant 0.866∗ 0.790 0.729 1.156∗∗

(1.68) (1.59) (1.45) (2.40)
R-squared 0.427 0.469 0.456 0.506

Note: This table reports in-sample regression results of highly volatile sample.
RV, RVW, and RVM is the daily, weekly and monthly realized volatility. NS,
TS, and DS represent overnight sentiment, trading-hour sentiment and daily
sentiment, respectively. The highly volatile sample is from January 2015 to
January 2016. T-statistics are listed in parentheses. ∗∗∗ , ∗∗ and ∗ indicate
significance at the 1%, 5%, and 10% level.

Table 10
Out-of-sample forecasting performance (highly volatile sample).
Tested model Benchmark model R2

os(%) CW p-value

HAR-RV-DS HAR-RV 15.302 1.952 0.025
HAR-RV-TS HAR-RV 12.660 1.651 0.049
HAR-RV-NS HAR-RV 17.553 2.659 0.004
HAR-RV-NS HAR-RV-DS 2.656 1.883 0.029
HAR-RV-NS HAR-RV-TS 5.602 2.043 0.020

Note: This table reports out-of-sample forecasting performance of highly volatile
sample. NS, TS, and DS represent overnight sentiment, trading-hour sentiment
and daily sentiment, respectively. The rolling window for out-of-sample fore-
casting is 200. The highly volatile sample is from January 2015 to January
2016.

Tables 9 and 10 report the results of in-sample regression and
ut-of-sample forecasting performance for this highly volatile
ubsample, respectively. Table 9 shows that the R2 of HAR-RV
odel is 42.7% during highly volatile sample. When trading sen-

iment TS is added to the model, the R2 is improved to 45.6%. In
ontrast, when overnight sentiment NS is added to the model, the
2 increases to 50.6%. The larger increase of R2 when including NS
han TS suggests that, even during the period of high volatility,
he effect of overnight sentiment on volatility remains greater
han that of trading-hour sentiment, consistent with the conclu-
ion using the full sample. Table 10 shows that the out-of-sample
orecasting performance is improved when investor sentiment is
ncluded in the HAR-RV model during this highly volatile period.
mportantly, the CW tests show that the forecasting performance
f NS is better than that of TS and DS.
 p
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Table 11
In-sample regression results (pandemic period).
Variables (1) (2) (3) (4)

RVt+1 RVt+1 RVt+1 RVt+1

RV 0.318∗∗∗ 0.239∗∗∗ 0.264∗∗∗ 0.265∗∗∗

(7.31) (5.50) (6.02) (6.37)
RVW 0.417∗∗∗ 0.442∗∗∗ 0.433∗∗∗ 0.432∗∗∗

(6.17) (6.77) (6.52) (6.74)
RVM −0.030 −0.066 −0.066 −0.039

(−0.40) (−0.92) (−0.91) (−0.56)
DS −0.547∗∗∗

(−7.34)
TS −0.593∗∗∗

(−5.48)
NS −1.368∗∗∗

(−9.11)
Constant 0.219∗∗∗ 0.218∗∗∗ 0.191∗∗∗ 0.306∗∗∗

(4.40) (4.54) (3.90) (6.34)
R-squared 0.333 0.379 0.360 0.401

Note: This table reports in-sample regression results of pandemic period. RV,
RVW, and RVM is the daily, weekly and monthly realized volatility. NS, TS, and
DS represent overnight sentiment, trading-hour sentiment and daily sentiment,
respectively. The pandemic period is from January 2020 to December 2022. T-
statistics are listed in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance at the 1%,
5%, and 10% level.

Table 12
Out-of-sample forecasting performance (pandemic period).
Tested model Benchmark model R2

os (%) CW p-value

HAR-RV-DS HAR-RV 4.131 1.952 0.025
HAR-RV-TS HAR-RV 2.257 1.651 0.049
HAR-RV-NS HAR-RV 8.913 2.660 0.004
HAR-RV-NS HAR-RV-DS 4.987 1.884 0.030
HAR-RV-NS HAR-RV-TS 6.810 2.043 0.021

Note: This table reports out-of-sample forecasting performance of pandemic pe-
riod. NS, TS, and DS represent overnight sentiment, trading-hour sentiment and
daily sentiment, respectively. The rolling window for out-of-sample forecasting
is 200. The pandemic period is from January 2020 to December 2022.

5.2. Pandemic subsample

The COVID-19 epidemic had a significant impact on the global
economy and the stock market. To examine the predictive power
of investor sentiment during this period, we repeat our analyses
with the subsample of the COVID period (January 1, 2020 to
December 31, 2022). Tables 11 and 12 report the in-sample re-
gression results and out-of-sample forecasting performance dur-
ing the pandemic period. Table 11 shows that the R2 of HAR-RV
odel drops to 33.3% during this period. The R2 of HAR-RV-NS

model increases to 40.1%. While the R2 of the HAR-RV-TS model
also increases, it is significantly less than that of the HAR-RV-NS
model. Furthermore, the coefficient of TS (−0.593) is only 43% of
he coefficient of NS (−1.368). This result is consistent with our
arlier results that the predictive power of overnight sentiment is
igher to trading-hour sentiment. The out-of-sample forecasting
erformance in Table 12 gives the same conclusion.
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Table 13
Alternative rolling window size.
Tested model Benchmark model R2

os (%) CW p-value

Panel A. Rolling window size: 100

HAR-RV-DS HAR-RV 13.953 2.130 0.017
HAR-RV-TS HAR-RV 12.145 1.863 0.031
HAR-RV-NS HAR-RV 15.678 2.831 0.002
HAR-RV-NS HAR-RV-DS 2.005 2.321 0.010
HAR-RV-NS HAR-RV-TS 4.022 2.395 0.008

Panel B. Rolling window size: 300

HAR-RV-DS HAR-RV 10.393 1.973 0.024
HAR-RV-TS HAR-RV 8.927 1.687 0.046
HAR-RV-NS HAR-RV 12.073 2.663 0.004
HAR-RV-NS HAR-RV-DS 1.874 2.022 0.022
HAR-RV-NS HAR-RV-TS 3.454 2.094 0.018

Panel C. Rolling window size: 500

HAR-RV-DS HAR-RV 10.247 1.971 0.024
HAR-RV-TS HAR-RV 8.766 1.685 0.046
HAR-RV-NS HAR-RV 12.016 2.668 0.004
HAR-RV-NS HAR-RV-DS 1.971 2.065 0.019
HAR-RV-NS HAR-RV-TS 3.563 2.123 0.017

Panel C. Rolling window size: 800

HAR-RV-DS HAR-RV 9.900 1.980 0.024
HAR-RV-TS HAR-RV 8.562 1.692 0.045
HAR-RV-NS HAR-RV 11.637 2.708 0.003
HAR-RV-NS HAR-RV-DS 1.927 2.135 0.016
HAR-RV-NS HAR-RV-TS 3.363 2.162 0.015

Note: This table reports out-of-sample forecasting performance using alternative
rolling window size. NS, TS, and DS represent overnight sentiment, trading-hour
sentiment and daily sentiment, respectively.

5.3. Alternative rolling window size

The choice of rolling window size may affect the evaluation
f out-of-sample forecasting performance. As robustness check,
e consider alternative rolling window sizes of 100, 300, 500,
nd 800. Table 13 reports the out-of-sample results of alternative
olling window sizes. The results show that all R2

os are positive and
tatistically significant at 5% level or stronger. These results are
onsistent with Table 6. Therefore, the out-of-sample forecasting
erformance is robust to alternative rolling window size.

.4. Alternative sentiment proxy

(1) Relative sentiment proxy
Following Antweiler and Frank (2004), we employ relative

atio to measure investor sentiment. Specifically, overnight senti-
ent, trading-hour sentiment and daily sentiment are redefined
s follows

DSt = (PSentt − NSentt )/(PSentt + NSentt ), (20)

RTSt = (TPSent t − TNSent t )/(TPSent t + TNSent t ), (21)

RNSt = (NPSent t − NNSent t )/(NPSent t + NNSent t ), (22)

where RDSt, RTSt and RNSt represent the daily sentiment, trading-
hour sentiment and overnight sentiment measured by relative
ratio respectively. PSentt (NSentt) is the sum of positive (nega-
tive) sentiment from 0:00 a.m. to 24:00 p.m. on day t. TPSentt
(TNSentt) is the sum of positive (negative) sentiment from 9:30
a.m. to 15:00 p.m. on trading day t. NPSentt (NNSentt) is the
sum of positive (negative) sentiment words from 15:00 p.m. on
trading day t to 9:25 a.m. on trading day t + 1. Similar to the
definition of overnight sentiment in Section 2.1, if day t + 1 is a
weekend or holiday, the weekend and holiday’s sentiments words
are included in NPSent (NNSent ).
t t
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Table 14
In-sample regression results using relative sentiment proxy.
Variables (1) (2) (3) (4)

RVt+1 RVt+1 RVt+1 RVt+1

RV 0.268∗∗∗ 0.262∗∗∗ 0.267∗∗∗ 0.261∗∗∗

(10.27) (10.02) (10.19) (9.96)
RVW 0.492∗∗∗ 0.494∗∗∗ 0.491∗∗∗ 0.490∗∗∗

(12.31) (12.37) (12.26) (12.29)
RVM 0.145∗∗∗ 0.137∗∗∗ 0.140∗∗∗ 0.136∗∗∗

(4.10) (3.86) (3.93) (3.86)
RDS −0.839∗∗

(−2.48)
RTS −0.620∗

(−1.83)
RNS −0.966∗∗∗

(−4.37)
Constant 0.118∗∗ 0.072 0.062 0.164∗∗∗

(2.43) (1.38) (1.06) (3.29)

Note: This table reports using relative sentiment proxy. RV, RVW, and RVM is
the daily, weekly and monthly realized volatility. RNS, RTS, and RDS represent
relative overnight sentiment, trading-hour sentiment and daily sentiment, re-
spectively. T-statistics are listed in parentheses. ∗∗∗ , ∗∗ and ∗ indicate significance
at the 1%, 5%, and 10% level.

Table 15
Out-of-sample forecasting performance using relative sentiment proxy (one-day-
ahead).
Tested model Benchmark model R2

os(%) CW p-value

HAR-RV-RDS HAR-RV −0.508 1.529 0.063
HAR-RV-RTS HAR-RV −0.464 0.913 0.181
HAR-RV-RNS HAR-RV 1.387 2.536 0.006
HAR-RV-RNS HAR-RV-RDS 1.885 2.603 0.005
HAR-RV-RNS HAR-RV-RTS 1.842 2.619 0.004

Note: This table reports out-of-sample forecasting performance using relative
sentiment proxy. RNS, RTS, and RDS represent relative overnight sentiment,
trading-hour sentiment and daily sentiment, respectively. The rolling window
for out-of-sample forecasting is 200.

Tables 14 and 15 show in-sample regression results and out-
of-sample forecasting performance using relative sentiment ra-
tios. Table 14 suggests that the effect of RNSt on RVt+1 is sig-
ificantly negative at level 1%. In contrast, the effect of RDSt on
Vt+1 is significant at 5% level, and the effect of RTSt on RVt+1
s significant at 10% level. Table 15 shows that the out-of-sample
rediction accuracy of HAR-RV-RNS is higher than that of other
odels. For example, the R2

os in the case of HAR-RV-RNS versus
AR-RV is 1.387% and significant at 1% level, and the R2

os in the
ase of HAR-RV-RNS versus HAR-RV-RTS is 1.842% and significant
t 1% level. In conclusion, the results in Tables 14 and 15 con-
irm that overnight investor sentiment has richer information for
redicting future volatility than daily sentiment and trading-hour
entiment.
(2) Orthogonalized sentiment proxy
Investor sentiment may be driven by information such as

acroeconomic news. To control for rational component, we
onstruct a new sentiment proxy (i.e., orthogonalized sentiment
roxy) by orthogonalizing the sentiment proxy with industrial
dded value, consumer price index, producer price index, one-
ear deposit and loan interest rate, business index of macro-
conomic, supply of money (M2), and deposit reserve ratio. Ta-
les 16 and 17 show in-sample regression results and out-of-
ample forecasting performance using orthogonalized sentiment
roxy. Our results remain robust.
(3) Positive sentiment and negative sentiment
The sentiment extracted from Internet media may be positive

r negative. It is unclear whether positive and negative sentiment
ffect returns in the expected direction, and whether they have
imilar impact on stock price volatility. To check the relation-
hip between the two types of sentiment and stock returns, we
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Table 16
In-sample regression results using orthogonalized sentiment proxy.
Variables (1) (2) (3) (4)

RVt+1 RVt+1 RVt+1 RVt+1

RV 0.268∗∗∗ 0.235∗∗∗ 0.243∗∗∗ 0.234∗∗∗

(10.27) (8.60) (8.84) (8.74)
RVW 0.492∗∗∗ 0.466∗∗∗ 0.473∗∗∗ 0.451∗∗∗

(12.31) (11.22) (11.35) (11.01)
RVM 0.145∗∗∗ 0.160∗∗∗ 0.156∗∗∗ 0.166∗∗∗

(4.10) (4.36) (4.24) (4.59)
DS −0.720∗∗∗

(−7.00)
TS −0.725∗∗∗

(−5.54)
NS −3.106∗∗∗

(−10.37)
Constant 0.118∗∗ 0.182∗∗∗ 0.168∗∗∗ 0.196∗∗∗

(2.43) (3.44) (3.16) (3.76)
R-squared 0.542 0.553 0.549 0.566

Note: This table reports in-sample regression results using orthogonalized
sentiment proxy. RV, RVW, and RVM is the daily, weekly and monthly realized
volatility. NS, TS, and DS represent orthogonalized overnight sentiment, trading-
hour sentiment and daily sentiment, respectively. T-statistics are listed in
parentheses. ∗∗∗ , ∗∗ ∗ indicate significance at the 1%, 5%, and 10% level.

Table 17
Out-of-sample forecasting performance using orthogonalized sentiment proxy
(one-day-ahead).
Tested model Benchmark model R2

os (%) CW p-value

HAR-RV-RDS HAR-RV 10.906 2.000 0.023
HAR-RV-RTS HAR-RV 9.447 1.759 0.039
HAR-RV-RNS HAR-RV 13.259 2.706 0.003
HAR-RV-RNS HAR-RV-RDS 2.640 1.994 0.023
HAR-RV-RNS HAR-RV-RTS 4.209 2.108 0.018

Note: This table reports out-of-sample forecasting performance using orthog-
onalized sentiment proxy. NS, TS, and DS represent orthogonalized overnight
sentiment, trading-hour sentiment and daily sentiment, respectively. The rolling
window for out-of-sample forecasting is 200.

separate positive and negative sentiment and regress them with
contemporaneous returns. Table 18 reports the regression results.
The table shows that positive sentiment is significantly positively
correlated with returns on the same day, while negative senti-
ment is significantly negatively correlated with returns on the
same day. The results are line with behavioral finance theory,
which indicates positive (negative) sentiment drives up (down)
prices in the short term.

To assess the relative importance of two types of sentiment
n volatility forecasting, we add positive and negative investor
entiment to the HAR-RV model respectively and test its predic-
ive performance. By doing so, we try to answer (1) whether both
entiments can predict realized volatility; (2) which one is more
nformative to forecast volatility; and (3) whether overnight posi-
ive or negative sentiment is still superior to that in trading-hours
n volatility forecasting. First, we use HAR-RV as the benchmark
odel to test the independent predictive performance of positive
r negative sentiment. The results in Table 19 (row 1–4) show
hat individual positive or negative sentiment can also improve
redictive performance. Second, we compare the differences in
redictive power between positive and negative sentiment during
he same period. The results in Table 19 (row 5–6) indicate
hat the predictive ability of negative sentiment is stronger than
hat of positive sentiment. Third, we test the difference between
vernight positive (negative) sentiment and trading-hour pos-
tive (negative) sentiment. The results in Table 19 (row 7–8)
ndicate that the predictive ability of overnight positive (nega-
ive) sentiment is stronger than trading-hour positive (negative)
entiment.
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Table 18
The relation between positive (negative) sentiment and contemporaneous
returns.
Variables (1) (2) (3)

Ret Ret Ret

DPS 0.024∗∗∗

(24.39)
DNS −0.020∗∗∗

(−33.11)
TPS 0.030∗∗∗

(20.33)
TNS −0.024∗∗∗

(−28.08)
NPS 0.049∗∗∗

(27.42)
NNS −0.052∗∗∗

(−37.34)
Constant 0.001∗∗∗ 0.002∗∗∗ 0.002∗∗∗

(3.17) (5.15) (5.62)
R-squared 0.396 0.335 0.427

Note: This table report the relation between positive (negative) sentiment and
contemporaneous returns. DPS, NPS and TPS represent positive daily sentiment,
positive overnight sentiment and positive trading-hour sentiment. DNS, NNS
and TNS represent negative daily sentiment, negative overnight sentiment and
negative trading-hour sentiment. Ret is the returns of the Shanghai Composite
Index.

Table 19
Out-of-sample forecasting performance comparison of positive and negative
sentiment.

Tested model Benchmark model R2
os (%) CW p-value

(1) HAR-RV-TPS HAR-RV 8.094 1.673 0.047
(2) HAR-RV-NPS HAR-RV 14.214 2.374 0.009
(3) HAR-RV-TNS HAR-RV 9.277 1.700 0.045
(4) HAR-RV-NNS HAR-RV 17.818 2.686 0.004
(5) HAR-RV-TNS HAR-RV-TPS 1.287 1.303 0.096
(6) HAR-RV-NNS HAR-RV-NPS 4.201 2.060 0.020
(7) HAR-RV-NPS HAR-RV-TPS 6.658 2.345 0.009
(8) HAR-RV-NNS HAR-RV-TNS 9.414 2.612 0.004

Note: This table report out-of-sample forecasting performance comparison of
positive and negative sentiment. NPS and TPS represent positive overnight
sentiment and positive trading-hour sentiment. NNS and TNS represent negative
overnight sentiment and negative trading-hour sentiment. The rolling window
for out-of-sample forecasting is 200.

5.5. Overnight sentiment vs overnight returns

As mentioned earlier, the existing literature measures over-
night information by overnight returns (Ahoniemi and Lanne,
2013; Wang et al., 2015; Liang et al., 2021). For example, Aboody
et al. (2018) use overnight returns as a proxy for investor senti-
ment. Prapan and Vagenas-Nanos (2022) use absolute overnight
returns as a proxy of investor attention. Wang et al. (2015) use
negative overnight returns to represent leverage effects and show
that they play a significant role on volatility forecasting. Some
studies show that the predictive power of investor sentiment
on volatility is negligible after controlling for the leverage effect
(Wang et al., 2006; Yang et al., 2019; Gong et al., 2022). To test
the influence of overnight returns on the predictive power of
overnight sentiment for volatility, we construct HAR-RV model
with overnight returns:

ORt = lnOPt − ln CPt−1, (23)

ORSt = |ORt | , (24)

Levt = min(ORt , 0), (25)

where ORt is overnight returns (investor sentiment proxy), ORSt
is absolute overnight returns (investor attention proxy), and Lev
t
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Table 20
In-sample regression results including overnight returns.
Variables (1) (2) (3) (4) (5) (6)

RVt+1 RVt+1 RVt+1 RVt+1 RVt+1 RVt+1

RV 0.262∗∗∗ 0.260∗∗∗ 0.258∗∗∗ 0.232∗∗∗ 0.230∗∗∗ 0.231∗∗∗

(10.08) (10.04) (9.99) (9.11) (9.02) (9.06)
RVW 0.492∗∗∗ 0.447∗∗∗ 0.466∗∗∗ 0.454∗∗∗ 0.420∗∗∗ 0.439∗∗∗

(12.38) (11.11) (11.75) (11.65) (10.68) (11.28)
RVM 0.133∗∗∗ 0.138∗∗∗ 0.131∗∗∗ 0.127∗∗∗ 0.128∗∗∗ 0.124∗∗∗

(3.77) (3.95) (3.75) (3.68) (3.73) (3.63)
OR −0.359∗∗∗

−0.183∗∗∗

(−5.70) (−2.87)
ORS 0.526∗∗∗ 0.397∗∗∗

(6.50) (4.96)
Lev −0.586∗∗∗

−0.375∗∗∗

(−7.10) (−4.48)
NS −2.820∗∗∗

−2.830∗∗∗
−2.716∗∗∗

(−10.02) (−10.37) (−9.72)
Constant 0.107∗∗ 0.011 0.050 0.195∗∗∗ 0.120∗∗ 0.154∗∗∗

(2.22) (0.22) (1.01) (4.06) (2.36) (3.12)
R-squared 0.549 0.551 0.553 0.570 0.573 0.572

Note: This table reports in-sample regression results including overnight returns.
NS, TS, and DS represent overnight sentiment, trading-hour sentiment and
daily sentiment, respectively. OR is overnight returns, ORS is absolute overnight
returns, and Lev is negative overnight returns. RV, RVW, and RVM is the daily,
weekly and monthly realized volatility.

Table 21
Out-of-sample forecasting performance comparison of overnight returns and
overnight sentiment.
Tested model Benchmark model R2

os (%) CW p-value

HAR-RV-NS HAR-RV-OR 8.724 2.614 0.004
HAR-RV-NS HAR-RV-ORS 7.136 2.749 0.003
HAR-RV-NS HAR-RV-Lev 7.140 2.690 0.004

Note: This table report out-of-sample forecasting performance comparison of
overnight returns and overnight sentiment. NS is overnight sentiment. OR
is overnight returns, ORS is absolute overnight returns, and Lev is negative
overnight returns, which represent leverage effect.

represent leverage effect. CPt−1 is closing price on day t + 1, and
OPt is opening price on day t.

Table 20 lists the in-sample regression results. Table 20 shows
that overnight returns, absolute overnight returns, and negative
overnight returns do affect future volatility. ORt and Levt are
significantly negatively correlated with volatility. ORSt is signif-
icantly positively correlated with future volatility. In terms of
goodness-of-fit, the increase of R2 is very limited when ORt , Levt ,
and ORSt are included in the HAR-RV model compared with the
benchmark HAR-RV model (see Table 6). More importantly, when
three measures of overnight returns are included in the HAR-
RV model, the overnight sentiment remains significantly negative
at 1% level. This result indicates that the predictive power of
overnight sentiment is not driven by overnight returns.

Table 21 lists the out-of-sample forecasting performance com-
parison of overnight returns and overnight sentiment. The HAR-
RV-NS is selected as tested model. The HAR-RV-OR, HAR-RV-ORS
and HAR-RV-Lev are used as benchmark model. Table 21 shows
the R2

os are all positive and significant at 1% level. The last three
rows of Table 7 report the results of MCS testing. Taken to-
gether, these results indicate that overnight sentiment has more
information than overnight returns when predicting volatility.

6. Conclusion

With the help of Chinese sentiment dictionary, we extract
investor sentiment from internet social forums. We further de-
compose daily sentiment into overnight sentiment and trading-
hour sentiment. Our empirical analyses suggest that investor
sentiment significantly affects realized volatility. More impor-
tantly, we find that overnight sentiment has significantly greater
12
predictive power on volatility than trading-hour sentiment and
daily sentiment. Our results hold in different subsamples, and
are robust to alternative rolling window sizes and sentiment
proxies. We further show that the predictive power of overnight
sentiment is not affected by the inclusion of overnight returns.

This research is important to academics and market investors
for two reasons. First, the inclusion of overnight sentiment in
the HAR-RV model can significantly improve the prediction ac-
curacy. This has important implications for investors who use
Chinese A-shares in their portfolio hedging and trading strategies.
Second, our findings are important for a better understanding
of the source of the predictive power of sentiment. Our re-
sults suggest that overnight sentiment contain novel information,
while trading-hour investor sentiment is more affected by trading
prices, and the source of the predictive power of sentiment may
come from information.

CRediT authorship contribution statement

Xiaojun Chu: Conceptualization, Methodology, Formal anal-
ysis, Writing. Xinmin Wan: Empirical data analysis, Revision.
Jianying Qiu: Review & editing.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared
to influence the work reported in this paper.

Acknowledgment

This work was supported by The National Social Science Fund
Project of China (No. 19BJY017).

Appendix A. Supplementary data

Supplementary material related to this article can be found
online at https://doi.org/10.1016/j.jbef.2023.100826.

References

Aboody, D., Even-Tov, O., Lehavy, R., Trueman, B., 2018. Overnight returns and
firm-specific investor sentiment. J. Financ. Quant. Anal. 53 (2), 485–505.

Ahoniemi, K., Lanne, M., 2013. Overnight stock returns and realized volatility.
Int. J. Forecast. 29 (4), 592–604.

Antweiler, W., Frank, M.Z., 2004. Is all that talk just noise? The information
content of internet stock message boards. J. Finance 59 (3), 1259–1294.

Audrino, F., Sigrist, F., Ballinari, D., 2020. The impact of sentiment and attention
measures on stock market volatility. Int. J. Forecast. 36 (2), 334–357.

Baker, M., Wurgler, J., 2006. Investor sentiment and the cross-section of stock
returns. J. Finance 61, 1645–1680.

Barberis, N., Shleifer, A., Vishny, R., 1998. A model of investor sentiment. J.
Financ. Econ. 49 (3), 307–343.

Bathia, D., Bredin, D., 2013. An examination of investor sentiment effect on G7
stock market returns. Eur. J. Finance 19 (9), 909–937.

Behrendt, S., Schmidt, A., 2018. The Twitter myth revisited: Intraday investor
sentiment, Twitter activity and individual-level stock return volatility. J.
Bank. Financ. 96, 355–367.

Bonato, M., Gkillas, K., Gupta, R., Pierdzioch, C., 2021. A note on investor
happiness and the predictability of realized volatility of gold. Finance Res.
Lett. 39, 101614.

Broadstock, D.C., Zhang, D., 2019. Social-media and intraday stock returns: The
pricing power of sentiment. Finance Res. Lett. 30, 116–123.

Brown, G.W., 1999. Volatility, sentiment, and noise traders. Financ. Anal. J. 55
(2), 82–90.

Campbell, J.Y., Thompson, S.B., 2008. Predicting excess stock returns out of
sample: Can anything beat the historical average? Rev. Financ. Stud. 21 (4),
1509–1531.

Chiu, C.W.J., Harris, R.D., Stoja, E., Chin, M., 2018. Financial market volatility,
macroeconomic fundamentals and investor sentiment. J. Bank. Financ. 92,
130–145.

https://doi.org/10.1016/j.jbef.2023.100826
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb1
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb1
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb1
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb2
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb2
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb2
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb3
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb3
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb3
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb4
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb4
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb4
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb5
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb5
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb5
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb6
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb6
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb6
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb7
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb7
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb7
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb8
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb8
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb8
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb8
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb8
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb9
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb9
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb9
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb9
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb9
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb10
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb10
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb10
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb11
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb11
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb11
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb12
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb12
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb12
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb12
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb12
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb13
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb13
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb13
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb13
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb13


X. Chu, X. Wan and J. Qiu Journal of Behavioral and Experimental Finance 39 (2023) 100826

C

C

C

C

C

C

D

D

D

D

E

G

G

H

H

H

H

K

K

K

K

K

L

L

L

L

L

L

hristiansen, C., Schmeling, M., Schrimpf, A., 2012. A comprehensive look at
financial volatility prediction by economic variables. J. Appl. Econometrics
27 (6), 956–977.

lark, T.E., West, K.D., 2007. Approximately normal tests for equal predictive
accuracy in nested models. J. Econometrics 138, 291–311.

oakley, J., Dotsis, G., Liu, X., et al., 2014. Investor sentiment and value and
growth stock index options. Eur. J. Finance 20 (12), 1211–1229.

ookson, J.A., Engelberg, J.E., Mullins, W., 2023. Echo chambers. Rev. Financ. Stud.
36 (2), 450–500.

orredor, P., Ferrer, E., Santamaria, R., 2013. Investor sentiment effect in stock
markets: Stock characteristics or country-specific factors? Int. Rev. Econ.
Finance 27, 572–591.

orsi, F., 2009. A simple approximate long-memory model of realized volatility.
J. Financ. Econom. 7 (2), 174–196.

a, Z., Engelberg, J., Gao, P., 2015. The sum of all FEARS investor sentiment and
asset prices. Rev. Financ. Stud. 28 (1), 1–32.

ai, Z., Kang, J., Hu, L., 2021. Efficient predictability of oil price: The role of
number of IPOs and U.S. dollar index. Resour. Policy 74, 102297.

e Long, J.B., Shleifer, A., Summers, L.H., Waldmann, R.J., 1990. Noise trader risk
in financial markets. J. Polit. Econ. 98 (4), 703–738.

u, Z., Huang, A.G., Wermers, R., Wu, W., 2022. Language and domain specificity:
A Chinese financial sentiment dictionary. Rev. Financ. 26, 673–719.

ngle, R.F., Ghysels, E., Sohn, B., 2013. Stock market volatility and macroeconomic
fundamentals. Rev. Econ. Stat. 95 (3), 776–797.

ao, Y., Han, X., Li, Y., Xiong, X., 2019. Overnight momentum, informational
shocks, and late informed trading in China. Int. Rev. Financ. Anal. 66, 101394.

ong, X., Zhang, W., Wang, J., Wang, C., 2022. Investor sentiment and stock
volatility: New evidence. Int. Rev. Financ. Anal. 102028.

am, H., Ryu, D., Webb, R.I., 2022. The effects of overnight events on daytime
trading sessions. Int. Rev. Financ. Anal. 83, 102228.

ansen, P.R., Lunde, A., Nason, J.M., 2011. The model confidence set.
Econometrica 79, 453–497.

asan, M.T., 2022. The sum of all SCARES COVID-19 sentiment and asset return.
Q. Rev. Econ. Finance 86, 332–346.

o, K.Y., Shi, Y., Zhang, Z., 2013. How does news sentiment impact asset
volatility? Evidence from long memory and regime-switching approaches.
North Am. J. Econ. Financ. 26, 436–456.

ambouroudis, D.S., McMillan, D.G., Tsakou, K., 2021. Forecasting realized volatil-
ity: The role of implied volatility, leverage effect, overnight returns, and
volatility of realized volatility. J. Futures Mark. 41 (10), 1618–1639.

im, K., Ryu, D., 2021. Term structure of sentiment effect on investor trading
behavior. Finance Res. Lett. 43, 102005.

ling, G., Gao, L., 2008. Chinese institutional investors’ sentiment. J. Int. Financ.
Mark. Inst. Money 18 (4), 374–387.

umar, A., Lee, C.M.C., 2006. Retail investor sentiment and return comovements.
J. Finance 61, 2451–2486.

urov, A., 2010. Investor sentiment and the stock market’s reaction to monetary
policy. J. Bank. Financ. 34, 139–149.

ee, W.Y., Jiang, C.X., Indro, D.C., 2002. Stock market volatility, excess returns,
and the role of investor sentiment. J. Bank. Financ. 26 (12), 2277–2299.

ee, C., Shleifer, A., Thaler, R.H., 1991. Investor sentiment and the closed-end
fund puzzle. J. Finance 46 (1), 75–109.

i, J., Chen, Y., Shen, Y., Wang, J., Huang, Z., 2019. Measuring China’s stock market
sentiment. Available at SSRN: http://dx.doi.org/10.2139/ssrn.3377684.

iang, C., Li, Y., Ma, F., Wei, Y., 2021. Global equity market volatilities forecasting:
a comparison of leverage effects, jumps, and overnight information. Int. Rev.
Financ. Anal. 75, 101750.

iang, C., Tang, L., Li, Y., Wei, Y., 2020. Which sentiment index is more
informative to forecast stock market volatility? Evidence from China. Int.
Rev. Financ. Anal. 71, 101552.

iu, J., Ma, F., Yang, K., Zhang, Y., 2018. Forecasting the oil futures price volatility:
Large jumps and small jumps. Energy Econ. 72, 321–330.
13
Loughran, T., McDonald, B., 2011. When is a liability not a liability? Textual
analysis, dictionaries, and 10-Ks. J. Finance 66 (1), 35–65.

Lutz, C., 2015. The impact of conventional and unconventional monetary policy
on investor sentiment. J. Bank. Financ. 61, 89–105.

Neely, C.J., Rapach, D.E., Tu, J., Zhou, G., 2014. Forecasting the equity risk
premium: the role of technical indicators. Manage. Sci. 60 (7), 1772–1791.

Newey, W.K., West, K.D., 1987. A simple, positive semi-definite, heteroskedas-
ticity and autocorrelation consistent covariance matrix. Econometrica 55,
703–708.

Paye, B.S., 2012. ‘Déjà vol’: Predictive regressions for aggregate stock mar-
ket volatility using macroeconomic variables. J. Financ. Econ. 106 (3),
527–546.

Prapan, A.A., Vagenas-Nanos, E., 2022. Overnight returns: Investor sentiment
or investor attention? Available at SSRN: http://dx.doi.org/10.2139/ssrn.
4015493.

Renault, T., 2017. Intraday online investor sentiment and return patterns in the
US stock market. J. Bank. Financ. 84, 25–40.

Scheinkman, J.A., Xiong, W., 2003. Overconfidence and speculative bubbles. J.
Polit. Econ. 111 (6), 1183–1220.

Shapiro, A.H., Sudhof, M., Wilson, D.J., 2022. Measuring news sentiment. J.
Econometrics 228 (2), 221–243.

Sibley, S.E., Wang, Y., Xing, Y., Zhang, X., 2016. The information content of the
sentiment index. J. Bank. Financ. 62, 164–179.

Sun, L., Najand, M., Shen, J., 2016. Stock return predictability and investor
sentiment: A high-frequency perspective. J. Bank. Financ. 73, 147–164.

Sun, Y., Zeng, X., 2022. Efficient markets: Information or sentiment? Available
at SSRN: https://ssrn.com/abstract=4293484.

Tetlock, P.C., 2007. Giving content to investor sentiment: the role of media in
the stock market. J. Finance 62 (3), 1139–1168.

Tseng, T.C., Lai, H.C., Lin, C.F., 2012. The impact of overnight returns on realized
volatility. Appl. Financial Econ. 22 (5), 357–364.

Tsiakas, I., 2008. Overnight information and stochastic volatility: A study of
European and US stock exchanges. J. Bank. Financ. 32 (2), 251–268.

Wang, Y.H., Keswani, A., Taylor, S.J., 2006. The relationships between sentiment,
returns and volatility. Int. J. Forecast. 22 (1), 109–123.

Wang, X., Wu, C., Xu, W., 2015. Volatility forecasting: The role of lunch-
break returns, overnight returns, trading volume and leverage effects. Int.
J. Forecast. 31 (3), 609–619.

Welch, I., Goyal, A., 2008. A comprehensive look at the empirical performance
of equity premium prediction. Rev. Financ. Stud. 21 (4), 1455–1508.

Xiao, J., Wen, F., Zhao, Y., Wang, X., 2021. The role of US implied volatility index
in forecasting Chinese stock market volatility: Evidence from HAR models.
Int. Rev. Econ. Finance 74, 311–333.

Xiong, X., Meng, Y., Li, X., Shen, D., 2020. Can overnight return really serve as
a proxy for firm-specific investor sentiment? Cross-country evidence. J. Int.
Financ. Mark. Inst. Money 64, 101173.

Xu, Y., Liang, C., Li, Y., Huynh, T.L., 2022. News sentiment and stock return:
Evidence from managers’ news coverages. Finance Res. Lett. 48, 102959.

Yang, C., Gong, X., Zhang, H., 2019. Volatility forecasting of crude oil futures:
The role of investor sentiment and leverage effect. Resour. Policy 61,
548–563.

Yang, F., Huang, J., Cai, Y., 2022. Tone of textual information in annual reports
and regulatory inquiry letters: Data from China. Emerg. Mark. Financ. Trade
58 (2), 417–427.

Yao, J., Feng, X., Wang, Z., Ji, R., Zhang, W., 2021. Tone, sentiment and
market impacts: The construction of Chinese sentiment dictionary in finance
(translated from mandarin). J. Manag. Sci. China 24 (5), 26–46 (in Chinese).

You, J., Zhang, B., Zhang, L., 2018. Who captures the power of the pen? Rev.
Financ. Stud. 31, 43–96.

Zhang, W., Gong, X., Wang, C., Ye, X., 2021. Predicting stock market volatil-
ity based on textual sentiment: A nonlinear analysis. J. Forecast. 40 (8),
1479–1500.

http://refhub.elsevier.com/S2214-6350(23)00040-0/sb14
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb14
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb14
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb14
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb14
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb15
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb15
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb15
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb16
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb16
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb16
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb17
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb17
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb17
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb18
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb18
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb18
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb18
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb18
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb19
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb19
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb19
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb20
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb20
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb20
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb21
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb21
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb21
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb22
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb22
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb22
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb23
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb23
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb23
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb24
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb24
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb24
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb25
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb25
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb25
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb26
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb26
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb26
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb27
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb27
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb27
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb28
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb28
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb28
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb29
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb29
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb29
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb30
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb30
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb30
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb30
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb30
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb31
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb31
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb31
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb31
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb31
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb32
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb32
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb32
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb33
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb33
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb33
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb34
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb34
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb34
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb35
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb35
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb35
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb36
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb36
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb36
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb37
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb37
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb37
http://dx.doi.org/10.2139/ssrn.3377684
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb39
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb39
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb39
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb39
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb39
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb40
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb40
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb40
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb40
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb40
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb41
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb41
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb41
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb42
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb42
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb42
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb43
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb43
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb43
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb44
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb44
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb44
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb45
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb45
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb45
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb45
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb45
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb46
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb46
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb46
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb46
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb46
http://dx.doi.org/10.2139/ssrn.4015493
http://dx.doi.org/10.2139/ssrn.4015493
http://dx.doi.org/10.2139/ssrn.4015493
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb48
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb48
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb48
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb49
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb49
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb49
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb50
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb50
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb50
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb51
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb51
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb51
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb52
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb52
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb52
https://ssrn.com/abstract=4293484
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb54
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb54
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb54
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb55
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb55
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb55
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb56
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb56
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb56
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb57
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb57
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb57
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb58
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb58
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb58
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb58
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb58
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb59
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb59
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb59
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb60
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb60
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb60
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb60
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb60
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb61
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb61
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb61
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb61
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb61
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb62
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb62
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb62
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb63
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb63
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb63
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb63
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb63
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb64
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb64
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb64
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb64
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb64
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb65
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb65
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb65
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb65
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb65
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb66
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb66
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb66
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb67
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb67
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb67
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb67
http://refhub.elsevier.com/S2214-6350(23)00040-0/sb67

	The relative importance of overnight sentiment versus trading-hour sentiment in volatility forecasting
	Introduction
	Methodology
	Investor Sentiment Measurement
	Forecasting models
	Out-of-sample analysis
	Economic value

	Data
	Empirical results
	In-Sample Analysis
	Out-of-sample analysis
	MCS test
	Economic values

	Robustness checks
	Highly volatile subsample
	Pandemic subsample
	Alternative rolling window size
	Alternative sentiment proxy
	Overnight sentiment vs overnight returns

	Conclusion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgment
	Appendix A. Supplementary data
	References


