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ABSTRACT
Some financial relations have been confirmed to be different overnight and intraday
due to different clienteles. In this paper, we assess the impact of investor sentiment
on stock market returns in 30 international stock markets overnight and intraday.
At the global level, empirical evidence reveals a negative sentiment-return relation
in both non-trading and trading hours, and the relation is stronger intraday than
overnight, indicating that overnight traders aremore rational than intraday traders. The
separation between developed and emerging markets does not distort the negative
relation or the stronger impact intraday. At the individual market level, results reveal a
high degree of heterogeneity in the sentiment-return relation, in terms of both influ-
ence direction and magnitude. The heterogeneity can be explained by cross-market
differences in cultural dimensions and market integrity, and notably, such influence
varies across night and day, suggesting that the influence of the two aspects may be
more complex than we used to theorize and therefore, future studies applying the
cross-market analytical framework may take different clienteles into account.
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1. Introduction

The impact of investor sentiment on asset returns has been widely confirmed in the literature. De Long et al.
(1990) and Shleifer and Vishny (1997), among others, posit that sentiment traders’ stochastic trading makes
asset prices unpredictable, inflicting limitations on arbitrage and leading to a persistent impact on asset returns.
Brown and Cliff (2005) argue that high (low) investor sentiment drives stock prices above (below) fundamental
values, leading to low (high) subsequent returns due to the mean-reversion property, which suggests a negative
sentiment-return relation and is supported by the empirical evidence from the US as well as worldwide (Baker
andWurgler 2006; 2007; Bathia and Bredin 2013; Da, Engelberg, and Gao 2011; Ding, Mazouz, andWang 2019;
Schmeling 2009; Wang, Su, and Duxbury 2021).

Stockmarkets demonstrate two key differences between overnight (non-trading hours) and intraday (trading
hours) as discussed by Lou, Polk, and Skouras (2019). First, the overnight return may reflect more firm-specific
information as firms tend to submit important regulatory filings during the non-trading hours. In the US, for
example, a large proportion of earnings announcements are issued during non-trading hours. And second,
the overnight returns are likely to be driven by the trading of investors who are less concerned with liquid-
ity and price impact.1 Therefore, non-trading hours and trading hours would introduce investor heterogeneity,
i.e. investors may trade in one of the two periods rather than the other. Investor heterogeneity has been widely
adopted in explaining various market facts and phenomena such as in Harrison and Kreps (1978), Constan-
tinides and Duffie (1996), Anderson, Ghysels, and Juergens (2005), Basak (2005), Berrada (2006), Weinbaum
(2009), Bhamra and Uppal (2014), Chabakauri (2015), Gârleanu and Panageas (2015), Pohl, Schmedders, and
Wilms (2021).2 Of direct relevance, Hendershott, Livdan, and Rösch (2020) suggest that overnight traders are
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long-term investors demanding higher returns for bearing higher market risk, but intraday traders are risk-
loving speculators demanding higher market risk, implying that a theorized, positive mean-variance relation is
expected to be present overnight, which may be distorted intraday. Empirical evidence of Hendershott, Livdan,
and Rösch (2020) and Wang (2021; 2023) supports the theoretical discussion, revealing a positive risk-return
relation overnight but not intraday and further confirming the role of the heterogeneous overnight and intraday
clienteles.

Combining the two streams of literature, we assess the sentiment-return relation overnight and intraday.
Since the sentiment-return relation is realized by investors trading in stock markets and if clienteles are not the
same across non-trading and trading hours, the relation might differ as well. Directly testing the sentiment-
return relation in the two periods, therefore, helps to present new findings of such a relation and to identify
who, overnight or intraday traders, would bring sentiment impact on stock markets. We place our study into a
global context containing a total of 30 stock markets for the following considerations.

First, employing a global sample may reveal new evidence. Prior literature confirms the sentiment-return
relation to be market-specific, and among various factors, cultures and market integrity hold a strong explana-
tory power to the divergent patterns across markets (Schmeling 2009; Wang, Su, and Duxbury 2021). Hofstede
and Bond (1988) define culture as the collectivemind programming that distinguishes one group of people from
another and contains values that can shape people’s behaviors and perception. The cultural dimension frame-
work has been broadly applied in finance studies, in which cultures have been confirmed to have a significant
impact on stock trading decisions (Breuer, Riesener, and Salzmann 2014; Grinblatt and Keloharju 2001; Wang,
Su, and Duxbury 2021), stock market participation (Guiso, Sapienza, and Zingales 2008; Rieger 2022), home
bias in asset allocation (Aggarwal, Kearney, and Lucey 2012; Anderson et al. 2011; Beugelsdijk and Frijns 2010;
Coval andMoskowitz 1999),momentumprofits (Chui, Titman, andWei 2010; Galariotis andKaragiannis 2021),
stock price co-movement (Eun, Wang, and Xiao 2015), post earnings announcement drift (Dou, Truong, and
Veeraraghavan 2015; Guo and Holmes 2022), and country-level financial systems (Aggarwal and Goodell 2009;
Kwok and Tadesse 2006). Market integrity, referring to the overall legal and regulatory level of a market, can
influence information circulation and thus have a direct effect on market efficiency that is related to the impact
of investor sentiment (Wang and Duxbury 2021; Zouaoui, Nouyrigat, and Beer 2011). With a sample consisting
of 30 international stock markets, we anticipate revealing differential patterns of the sentiment-return relation
overnight and intraday across markets, and to the extent that differences are detected, we can examine whether
cultures and market integrity drive the presented differences, and if so, how, and whether the influence varies
across night and day due to different clienteles (Hendershott, Livdan, and Rösch 2020; Lou, Polk, and Skouras
2019).

Second, a diversified, global sample incorporating both developed and emerging markets would offer addi-
tional insights into the sentiment-return relation overnight and intraday that are less likely to be observed if
samplemarkets have similar economic conditions (Ferreira et al. 2012;Machokoto, Gyimah, and Ibrahim 2022).
Third, constructing a panel dataset of multiple stock markets can increase the power of statistical analyses (Ang
and Bekaert 2007). Fourth, a global sample providing out-of-sample evidence in comparisonwith theUSmarket
is desirable in surveying market anomalies (Ang et al. 2009; Griffin, Ji, and Martin 2003).

We sample 30 international stock markets including 15 developed and 15 emerging markets and spanning
America, Asia-Pacific, and Europe. This economically and geographically diversified combination covers a large
portion of leading stock markets in the world and is, thus, a representative international sample. We employ
the consumer confidence index (CCI) as the sentiment proxy, as consumer confidence and investor sentiment
are positively related (Lemmon and Portniaguina 2006; Qiu and Welch 2006) and it is available in all markets.
Applying a fixed-effect panel specification pooling all 30 stock markets, we confirm a negative sentiment-return
relation for the subsequent 2 to 36 months in global stock markets both overnight and intraday. Notably, for the
first time, we document that the impact is significantly stronger intraday than overnight for the subsequent 2 to
36months, indicating that the widely reported negative sentiment-return relation in the extant studies is mainly
driven by intraday traders. A similar pattern is also observed for developed and emerging markets, but mean-
while we report that the impact tends to bemore prompt in emergingmarkets (the subsequent 2 to 12months for
overnight returns and the subsequent 1 to 36 months for intraday returns), while more persistent in developed
markets (the subsequent 6 to 36 months for both overnight and intraday returns). These findings are robust to
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a battery of alternative empirical designs and specifications. The confirmation of the negative sentiment-return
relation in non-trading and trading hours reaffirms investor sentiment as a contrarian factor in predicting stock
market returns. We, then, survey individual stock markets and report that the sentiment-return relation varies
across markets in terms of both influence direction and magnitude, again, across overnight and intraday, indi-
cating that the impact of investor sentiment on stockmarket returns is not universally consistent across markets,
but market-specific.

To the extent that differences in the impact of investor sentiment on stockmarket returns are revealed, we con-
duct the cross-market analyses to explore the driving forces of the observed divergences from the perspectives
of cultural dimensions and market integrity. For the former, we consider six dimensions, including individu-
alism (IDV), uncertainty avoidance index (UAI), masculinity (MAS), power distance index (PDI), long-term
orientation (LTO), and indulgence (IDG). For the latter, we consider seven indicators, including anti-director
rights (ADR), government corruption (GVC), accounting standards (ACS), efficiency of judicial systems (EJS),
the rule of law (ROL), risk of expropriation (ROE), and risk of contract repudiation (RCR), and construct a
composite indicator (MKI) by extracting the common information from the seven individual indicators via
the principal component analysis (PCA). Evidence reveals that both cultural dimensions and market integrity
induce heterogeneity in the sentiment-return relation, and more importantly, the influence varies across non-
trading and trading hours, i.e. that the same indicator may affect overnight and intraday traders in different, or
even opposite, ways.

Finally, we follow the anonymous referees’ suggestions and conduct three further analyses, showing that (i)
the sentiment-return relation largely holds when investor sentiment is measured by a trade-based composite
proxy, and its return predictability is comparable with the survey-based CCI; (ii) our finding that investor sen-
timent affects the intraday stock market returns more than the overnight ones survives the out-of-sample tests;
and (iii) the negative sentiment-return relation is also present when daily data are employed.

The remainder of this paper proceeds in the following manner. Sections 2 and 3 discuss data and method-
ology, respectively. Section 4 presents the sentiment-return relation at both global and market levels. Section
5 explores potential explanations from cultural dimensions and market integrity, followed by Section 6 of
additional tests. Section 7 concludes.

2. Sample selection, descriptive statistics, and preliminary tests

We sample a total of 30 stock markets. One of the most important selection criteria is that the sample markets
should not contain a large number of zero overnight returns. Our sample is a sound representative for global
stock markets, including 15 developed and 15 emerging markets as per Morgan Stanley Capital International
(MSCI) and Wang, Su, and Duxbury (2021), and spanning three major areas of the world, including America,
Asia-Pacific, and Europe.We source dailymarket data, includingmarket open and close prices, fromBloomberg,
and cross-check them with Refinitiv and the corresponding stock exchanges where possible for quality control.
Due to data availability, starting dates vary acrossmarketswhile the ending dates are at the end of 2018. Following
Lou, Polk, and Skouras (2019), Hendershott, Livdan, and Rösch (2020), and Wang (2021), we define the daily
intraday return inmarket i on day s, rintradayi,s , as the index appreciation betweenmarket close and open indices of
the same day s, and impute the overnight return, rovernighti,s , based on the daily total return (i.e. the close-to-close
return) and this intraday return, following,

rintradayi,s = pclosei,s

popeni,s
− 1 (1)

where pclosei,s and popeni,s denote the market close and open indices, respectively, and

rovernighti,s = 1 + rtotali,s

1 + rintradayi,s

− 1 (2)
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Based on daily intraday and overnight returns, we accumulate them in each month t, following,3

rintradayi,t =
∏
s∈t
(1 + rintradayi,s )− 1 (3)

rovernighti,t =
∏
s∈t
(1 + rovernighti,s )− 1 (4)

In Introduction, we discuss two differences across overnight and intraday, as suggested by Lou, Polk, and
Skouras (2019). As the two differences persist, the day-to-day differences driven by the heterogeneous clienteles
in the two periods can be accumulated in the long term as well. This is further empirically supported by prior
studies employingweekly (Aboody et al. 2018;Weißofner andWessels 2020),monthly (Guo, Li, and Zheng 2019;
Lou, Polk, and Skouras 2019; Wang 2023), and even yearly (Guo, Yin, and Zeng 2023) observations.

Descriptive statistics of overnight and intraday returns appear in Table 1. Over sample periods, most stock
markets present positive average overnight returns, except for Austria (–0.087%), China (–1.708%), and Lux-
embourg (–0.215%). This number significantly increases for intraday returns with 21 markets showing negative
average intraday returns, accounting for over two-thirds of the sample markets. For the same reason, on aver-
age, overnight returns are higher than intraday returns in 23 markets, consistent with Cliff, Cooper, and Gulen
(2008), Cai and Qiu (2008), and Kelly and Clark (2011). In total, 22 stock markets show opposite return signs
overnight and intraday, suggesting that positive (negative) overnight returns tend to be reversed during the
trading hours, as documented in Berkman et al. (2012). Except for Canada and Taiwan showing a similar mar-
ket return standard deviations overnight and intraday, all other stock markets present a less volatile overnight
returns, as in French (1980) and French and Roll (1986).

We employ the consumer confidence index (CCI) as the proxy for investor sentiment. Qiu andWelch (2006)
posit that if investors are bullish (bearish) about the economy, they are likely to be bullish (bearish) about stock
markets, and vice versa, indicating a positive relation between consumer confidence and investor sentiment.
Further,Qiu andWelch (2006) report a strong, positive correlation between theMichiganConsumerConfidence
Index and the UBS/Gallup Index of Investor Optimism, confirming consumer confidence as a valid measure of
investor sentiment. Consumer confidence has been widely applied in extant studies especially the international
studies samplingmultiple markets (Bathia and Bredin 2013; Coakley et al. 2014; Derrien and Kecskés 2009; Gao
and Süss 2015; Greenwood and Shleifer 2014; Lemmon and Portniaguina 2006; Møller, Nørholm, and Rangvid
2014;Wang, Su, andDuxbury 2021). In addition, CCI is a consistent proxy available in all our 30 samplemarkets,
with plausibly long periods of observations.

We collect CCIs from various sources and two points need highlighting here. The first point is about the data
source selection. Many markets have multiple sources providing CCI data, and we follow three main equally
important criteria when determining which data source is used for our analyses. First, the CCI data should have
a relatively long period so that we can keep a reasonable number of observations for regressions. Second, the
selected data sources should fall into the categories of ‘key indicators’ and/or ‘headline’ as labeled by Refinitiv
to ensure quality, suitability, and accuracy. Third, local sources are preferred to regional or global sources, in
that the former can be adaptive surveys to individual markets and therefore, can better reflect the true investor
sentiment. Here, we give four examples, including Chile, Germany, Switzerland, and the US, to briefly illustrate
how we select data sources based on the three criteria.

For Chile, we identify three CCI sources, including (i) the Chilean Institute of Rational Administration of
Enterprises, (ii) the Organisation for Economic Co-operation and Development (OECD), and (iii) the Univer-
sidad del Desarrollo. We do not choose (i) or (ii), because (i) has a relatively short period starting from 2011,
and (ii) is not a local survey and does not fall into the category of ‘key indicators’ or ‘headline’. For (iii), it is a
local survey starting from 2005 and falling into the category of ‘headline’, and thus is chosen for our analyses.
For Germany, we identify two sources, including (i) the Directorate–General for Economic and Financial Affairs
(DG ECFIN) and (ii) the OECD, the former, as the regional survey, is preferred to the latter, as the global survey.
Also, the DG ECFIN falls into the categories of both ‘key indicators’ and ‘headline’ in Refinitiv. For Switzerland,
we identify two sources, including (i) State Secretariat for Economic Affairs and (ii) the OECD. The former is a
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Table 1. Descriptive statistics.

Stock market returns (II)

CCI (I) Overnight Intraday

Markets Starting months Sources μ σ ρ(1) μ σ μ σ

Argentina March, 2001 Universidad Torcuato di Tella 46.549 7.744 0.924 1.162 2.143 0.944 10.316
Australia∗ July, 2003 Westpac/Melbourne Institute 104.193 9.487 0.843 0.196 1.071 0.133 3.675
Austria∗ February, 1997 Oesterreichische Nationalbank –8.814 5.141 0.915 –0.087 0.365 0.405 6.225
Belgium∗ February, 1996 National Bank of Belgium –5.458 8.075 0.913 1.028 2.988 –0.744 5.300
Brazil February, 2003 FecomercioSP 129.101 22.225 0.973 0.055 0.258 1.005 7.244
Canada∗ October, 2010 Refinitiv/Ipsos 53.425 1.808 0.632 0.875 3.032 –0.649 3.014
Chile May, 2005 Universidad del Desarrollo 115.712 16.184 0.833 0.531 0.798 0.127 4.527
China November, 2002 National Bureau of Statistics of

China
107.843 5.845 0.932 –1.708 3.549 2.042 6.950

Croatia August, 2006 DG ECFIN∗∗ –23.440 10.858 0.958 0.043 1.298 –0.246 7.182
Czech Republic March, 2005 Czech Statistical Office 100.023 10.574 0.971 0.997 2.548 –1.061 6.042
France∗ March, 1990 National Institute for Statistics

and Economics Studies
99.353 10.436 0.982 0.520 3.183 –0.262 5.175

Germany∗ December, 1993 DG ECFIN –8.573 6.939 0.973 0.859 2.502 –0.307 6.213
Hungary February, 2001 GKI Economic Research –30.331 16.661 0.975 0.967 2.669 –0.203 6.397
India December, 2010 Reserve Bank of India 91.183 19.282 0.860 2.128 2.344 –1.454 3.790
Indonesia June, 2005 Bank Indonesia 107.849 11.615 0.952 0.127 2.923 0.964 4.980
Ireland∗ March, 2005 DG ECFIN –9.316 14.359 0.971 0.766 1.856 –0.783 6.740
Italy∗ June, 2003 National Institute of Statistics 100.045 8.324 0.959 0.990 2.601 –1.161 5.824
Japan∗ June, 1988 Cabinet Office 41.920 4.741 0.957 0.695 2.694 –0.783 5.246
Luxembourg∗ February, 2006 DG ECFIN –8.206 5.364 0.867 –0.215 2.191 –0.002 5.869
Mexico August, 2005 Instituto Nacional de

Estadistica, Geografia e
Informatica

38.521 3.232 0.945 0.080 0.586 0.562 5.331

Netherlands∗ March, 2003 Statistics Netherlands –6.368 19.751 0.986 0.843 2.482 –0.533 4.948
Philippines February, 2007 Bangko Sentral ng Pilipinas –16.576 14.891 0.875 0.965 2.463 –0.376 4.876
Poland February, 2006 DG ECFIN –5.906 6.574 0.932 1.239 2.661 –0.980 4.857
Portugal∗ February, 2001 DG ECFIN –20.520 10.911 0.973 0.709 2.331 –1.081 5.049
South Korea July, 2008 The Bank of Korea 102.973 9.097 0.900 1.303 3.769 –1.151 3.844
Spain∗ February, 1996 Ministry of Economy and

Finance
–12.238 10.460 0.980 0.705 3.008 –0.383 6.299

Switzerland∗ May, 2005 State Secretariat for Economic
Affairs

–3.215 7.154 0.766 0.502 2.263 –0.313 3.841

Taiwan December, 2009 The Research Center for Taiwan
Economic Development

80.990 5.119 0.936 1.688 2.873 –1.483 2.849

Thailand February, 2001 University of the Thai Chamber
of Commerce

72.937 10.738 0.982 1.687 3.066 –0.942 4.819

United States∗ April, 1982 The Conference Board 94.011 25.306 0.974 0.055 0.645 0.639 4.595

Notes: This table presents descriptive statistics of the consumer confidence index (CCI), as the proxy for investor sentiment, and stock market
returns, in Column (I) and (II), respectively. In particular, for CCI, we report sources, mean (μ) standard deviation (σ ), and the first-order autocor-
relation (ρ(1)), and for stock market returns, we report mean (μ) and standard deviation (σ ) for both overnight and intraday returns. Starting
months vary across markets due to data availability but all end at the end of 2018.

∗Represents developed markets following Morgan Stanley Capital International (MSCI) and Wang, Su, and Duxbury (2021).
∗∗Represents the Directorate-General for Economic and Financial Affairs.

local survey and like the DG ECFIN, it also falls into the categories of both ‘key indicators’ and ‘headline’. While
it is a quarterly rather than a monthly measure, studies such as Schmeling (2009) and Wang, Su, and Duxbury
(2021) provide the approach to convert quarterly observations into monthly ones by applying the last available
values for months without data, which we can rely on. And finally for the US, we identify three data sources,
including (i) the Conference Board, (ii) the University of Michigan, and (iii) the OECD. The OECD is firstly
excluded for the same reasons above. For (ii), it starts from 1952, which is earlier than (i) from 1967. However,
(ii) only falls into the category of ‘headline’, while (i) falls into categories of both ‘key indicators’ and ‘headline’.
As theUS stockmarket data are available from 1982,meaning that the sample period is not finally determined by
the CCI, and hence, we choose (i) in our paper. Overall, we try seeking balance between consistency (in terms
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Table 2. Panel unit root tests.

Panel unit root and stationarity tests All Developed Emerging

ADF–Fisher χ2 94.515a 59.349a 46.555b

Im–Pesaran–ShinW −2.542a −2.843a −1.937b

Breitung t −2.994a −3.304a −2.734a

Notes: This tablepresents the results of panel unit root tests for themonthly consumer confidence
index (CCI), as the proxy for investor sentiment, in all, developed, and emergingmarkets. Three
panel unit root and stationarity tests, including Augmented Dickey Fuller (ADF)–Fisher test,
Im–Pesaran–Shin test, and Breitung test, are used. Individual intercepts are included, and the
Schwarz information criterion (SIC) is adopted in determining the lag length.

aand b represent statistical significance at the 1% and 5% level, respectively.

of the application of our selection criteria) and flexibility (when two or more candidates are closely competi-
tive, like the US) when choosing the data sources for each market. In one of the robustness tests, we use the
world-wide OECD data, where available, as an alternative, and results are not qualitatively affected.

The second point is about the release dates. One possibility is that different data sources can have different
CCI release dates, and hence, there might exist a cross-market discrepancy in investor sentiment information
carried by CCIs. While some markets do not provide clear information on the specific release schedule, from
the information available we note that the CCI is more likely to be released in the middle or at the end of the
month. For example, in Belgium the CCI is published around 21st of each month by National Bank of Belgium.
In some European markets including Croatia, Germany, Ireland, Luxembourg, Poland, and Portugal, the CCI is
usually released at the end of each month by the DG ECFIN. In Argentina, the CCI is normally released on the
last Thursday of each month by Universidad Torcuato di Tella.

For the survey-based investor sentiment proxies, like the CCIs employed in our paper or some others such
as the American Association of Individual Investors (AAII) and sentix (Brown and Cliff 2004; Fisher and Stat-
man 2000; Schmeling 2007;Wang and Duxbury 2021), the best situation is to track and reflect the whole-month
investor sentiment from the start to the end, but it would be very difficult, if not impossible, to achieve this in
practice, and this seems to be inherently borne by such survey-based proxies. However, as per the data com-
pilation methodology, particularly the data collection window, the CCI is a representative investor sentiment
proxy that can well reflect investor sentiment in a specific month. For example, the DG ECFIN collects con-
sumer confidence information from 1st of the month until the day just before the release date that is at the end
of the month as mentioned above, it largely tracks investor sentiment of the whole month. The Cabinet Office
in Japan collects consumer confidence information on 15th of each month, and as the temporal midpoint, it
appears to be the best in representing investor sentiment of the whole month compared with other dates such
as 1st and 30th. Therefore, while different markets have different release dates, the released CCI can still be a
representative measure for specific months, making it comparable across markets.

Table 1 summarizes descriptive statistics of CCIs. Consumer confidence surveys across markets apply dif-
ferent neutrality values and calibrations,4 we, hence, standardize the CCI in each individual market with zero
expectation and unit variance. The first-order autocorrelations of CCIs range from 0.632 (Canada) to 0.986
(Netherlands), with an average of 0.921, suggesting (i) a highly persistent time-series process that might lead
to biased estimates of slope coefficients and standard errors (Ferson, Sarkissian, and Simin 2003), and (ii) a
potential concern of unit-root nonstationary CCIs. To deal with the potential biased estimates of slope coef-
ficients and standard errors, following Bathia and Bredin (2013) and Wang, Su, and Duxbury (2021), we
employ the moving-block bootstrap simulation as suggested by Gonçalves and White (2005).5 And for the
potential nonstationary CCIs, we conduct three panel unit root tests, including Augmented Dickey Fuller
(ADF)–Fisher test, Im–Pesaran–Shin test, and Breitung test. Results in Table 2 confirm the CCIs to be stationary.
The two approaches, therefore, could keep the potential issues due to the persistent investor sentiment to the
minimum.

Finally, we conduct two panel Granger causality tests, including the simple bivariate test and the block exo-
geneity test based on a vector autoregression incorporating a total of fivemacroeconomic andmarket variables as
specified in Equation (6), to present the interdependency between the CCI (ccit) and stock returns (rt). Table 3
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Table 3. Panel Granger causality tests.

All Developed Emerging

Panel Granger causality tests Overnight Intraday Overnight Intraday Overnight Intraday

Simple bivariate test ccit → rt 4.920a 5.454a 2.789c 2.888c 3.583b 3.312b

rt → ccit 12.952a 67.690a 10.147a 66.362a 4.664a 12.919a

Block exogeneity test ccit → rt 5.430a 3.881b 3.550b 2.733c 3.596a 2.827c

rt → ccit 12.130a 50.622a 9.491a 53.523a 5.156a 12.055a

Notes: This table presents the results of two panel Granger causality tests: the simple bivariate test and the block exogeneity test, to examine the
interdependency between investor sentiment and stock market returns, across all, developed, and emerging markets, overnight and intraday.
The former tests theGranger causality between investor sentiment and stockmarket returns, and the latter is based on the vector autoregression
specification includingfivemacroeconomic variables asdefined in Equation (6), including (i) the inflation rate computed fromthe consumerprice
index, (ii) the industrial production growth, (iii) the dividend yield, (iv) the unemployment rate growth, and (v) the detrended short-term interest
rate (ir).

a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.

confirms a bidirectional Granger causality, showing that stock market returns depend on investor sentiment,
and vice versa, both overnight and intraday and across all, developed, and emerging markets.

3. Methodology

The basic predictive specification to examine the impact of investor sentiment on future stock returns in stock
market i in month t is to regress future stock returns (rit+1, overnight or intraday) on investor sentiment (cciit),
following,

rit+1 = α + βcciit + εit+1 (5)

Studies confirm the predictability of macroeconomic and market variables to stock market returns and a wide
range of such factors are included in the sentiment-return relation to disentangle the impact of the macroeco-
nomic and market factors (Bathia and Bredin 2018; Bathia, Bredin, and Nitzsche 2016; Boyd, Jagannathan, and
Hu 2005; Chelley-Steeley, Lambertides, and Savva 2019; Chen, Roll, and Ross 1986; Ding, Mazouz, and Wang
2021; Hjalmarsson 2010; Huang et al. 2015; Keiber and Samyschew 2019; Kräussl and Mirgorodskaya 2017;
Lamont 2001; Lemmon and Portniaguina 2006). Considering data availability, we select five macroeconomic
and market factors, including (i) the inflation rate computed from the consumer price index, (ii) the indus-
trial production growth, (iii) the dividend yield, (iv) the unemployment rate growth, and (v) the detrended
short-term interest rate, and they are included in matrix ψ t+ 1 as below,

rit+1 = α + βcciit + γ
 i
t+1 + εit+1 (6)

Finally, as the impact of investor sentiment on stock market returns can persist (Bathia and Bredin 2013;
Brown andCliff 2005; Da, Engelberg, andGao 2011; Ding,Mazouz, andWang 2019), we test it at various forecast
horizons up to 36 months, following,

1
T

T∑
τ=1

rit+τ = α(T) + β(T)cciit + γ (T)

i,(T)
t + ε

i,(T)
t+T (7)

where 1
T

T∑
τ=1

rit+τ denotes the average monthly return for market i over T months (T = 1, 2, 3, 6, 12, 24, and

36) following CCI at month t. We estimate Equation (7) with the use of panel fixed-effect regressions across
all, developed, and emerging markets. Our equations are in the same spirit as the prior studies examining the
sentiment-return relation, such as Brown and Cliff (2005), Schmeling (2009), Bathia and Bredin (2013), Ding,
Mazouz, and Wang (2019), Kaivanto and Zhang (2019), Wang, Su, and Duxbury (2021), and Ung, Gebka, and
Anderson (2023).
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There are two potential issues associated with Equation (7). First, the inclusion of the persistent indepen-
dent variable, CCIs as shown in Table 1, can bias the coefficient estimates as they are ‘predetermined but
not strictly exogenous’ (Brown and Cliff 2005, 418; see, also, Stambaugh 1999). Second, estimating regres-
sions with overlapping dependent variables generates strong serial correlation in the residuals (Boudoukh,
Isarel, and Richardson 2019; 2022; Britten-Jones, Neuberger, and Nolte 2011; Hodrick 1992; Kostakis, Mag-
dalinos, and Stamatogiannis 2015; Richardson and Smith 1991; Richardson and Stock 1989; Valkanov 2003),
and such an issue still exists even when the independent variable has no persistence (Boudoukh, Richardson,
and Whitelaw 2008). To circumvent the two problems, we adopt a moving-block bootstrap simulation sug-
gested by Gonçalves andWhite (2005) and applied in Schmeling (2009), Bathia and Bredin (2013), and Kaivanto
and Zhang (2019; 2023).6 To elucidate, first, Equation (7) is estimated and coefficient estimate (β̂(T)), constant
(α̂(T)), residuals (ε̂i,(T)t+T ), and t-statistics t̂ are stored. Second, residuals are repeatedly drawn in a block with
the block length of 8 to generate an artificial bootstrap series, and the bootstrapped residuals are denoted as

ε
i,(T)
t+T . Third, a series of the dependent variable,

1
T

T∑
τ=1

rit+τ , is generated under the null hypothesis of no pre-

dictability for all independent variables, following, 1
T

T∑
τ=1

rit+τ = α̂(T) + ε
i,(T)
t+T . Fourth, the generated dependent

variable is regressed on the estimated constant, α̂(T), and the independent variables, cciit and 

i,(T)
t , follow-

ing, 1
T

T∑
τ=1

rit+τ = α̂(T) + β(T)cciit + γ (T)

i,(T)
t + η

i,(T)
t+T , and coefficient estimate (β̃(T)) and the corresponding

t-statistics are stored. Fifth, the above steps are repeated 10,000 times and the bootstrap distribution of coefficient
estimates and t-statistics are obtained.7 Sixth, the bias-adjusted coefficient estimates are obtained by subtracting
the mean of the 10,000 bootstrap coefficient estimates from the original estimate (β̂(T)), and p-values are based
on the share of bootstrapped t-statistics exceeding the estimated t-statistic from the original regression.8

4. Empirical results

This section presents empirical results on the sentiment-return relation overnight and intraday. Subsection 4.1
is based on the global level and examines the sentiment-return relation in all, developed, and emergingmarkets,
followed by a series of robustness tests in Subsection 4.2. Subsection 4.3 focuses on the sentiment-return relation
in individual markets.

4.1. Global evidence

Table 4 presents the panel regression results from the fixed-effect specification, pooling all, developed, and
emerging markets. For all markets, investor sentiment has a significantly negative impact on overnight and
intraday returns in the subsequent 2 to 36 months. A one-standard-deviation increase (decrease) in investor
sentiment, for example, results in a significant decline (rise) of 0.195% and 0.265% in average monthly returns
over the following 3 months overnight and intraday, respectively. The negative impact fluctuates with the fore-
cast horizons: For overnight returns, the impact reaches the peak in the subsequent 3 months, while for intraday
returns, it reaches the highest level in the subsequent 24 months, both of which are followed by a gradual
decline afterwards. The declining trend over longer forecast horizons is expected in both economic and statis-
tical aspects. Economically, the impact of investor sentiment is supposed to be weakened over longer horizons
(Brown and Cliff 2005), and statistically, the declining predictability of investor sentiment suggests that the esti-
mation method does not generate spuriously significant results (Hong, Torous, and Valkanov 2007). Despite
this, a one-standard-deviation increase (decrease) in investor sentiment would still lead to a decline (rise) of
1.296% (–0.036%× 36) and 7.128% (–0.198%× 36) on overnight and intraday returns, respectively, over the
following 36 months. The impact of investor sentiment on stock market returns is also reflected by the incre-
mental change in adjusted R2s as the addition of investor sentiment enhances the goodness of fit of the model in
most of the cases. Our results are in line with the mainstream findings that there is a negative impact of investor
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Table 4. Panel regression results.

Months 1 2 3 6 12 24 36

Panel A. All markets
Overnight –0.083 –0.122c –0.195b –0.172a –0.147a –0.110a –0.036b

adj. R2 0.00 0.00 0.01 0.03 0.03 0.02 0.01
Intraday –0.134 –0.191b –0.265a –0.280a –0.277a –0.287a –0.198a

adj. R2 0.00 0.01 0.02 0.04 0.04 0.04 0.03
Difference (O – I) 0.052 0.070c 0.070c 0.108a 0.130a 0.178a 0.162a

Panel B. Developed markets
Overnight –0.054 –0.092 –0.168 –0.154b –0.152a –0.157a –0.084a

adj. R2 0.00 0.00 0.00 0.02 0.03 0.03 0.02
Intraday –0.076 –0.135 –0.208 –0.230a –0.261a –0.296a –0.212a

adj. R2 0.00 0.00 0.01 0.04 0.06 0.07 0.06
Difference (O – I) 0.024 0.043 0.040 0.076c 0.108a 0.139a 0.128a

Panel C. Emerging markets
Overnight –0.126 –0.166b –0.236b –0.200a –0.140a –0.031 0.035
adj. R2 0.00 0.01 0.02 0.03 0.02 0.01 0.00
Intraday –0.219c –0.274b –0.348b –0.355a –0.303a –0.281a –0.189a

adj. R2 0.01 0.01 0.02 0.03 0.04 0.03 0.02
Difference (O – I) 0.093 0.108c 0.112b 0.155b 0.163a 0.242a 0.223a

Notes: This table presents the panel regression results across all, developed, and emergingmarkets, overnight and intraday. The predictive model
includes the CCI, as the proxy for investor sentiment, and a matrix of five macroeconomic variables to explain the average monthly return for
market i over T months (T = 1, 2, 3, 6, 12, 24, and 36). The set of macroeconomic factors includes (i) the inflation rate computed from the
consumer price index, (ii) the industrial production growth, (iii) the dividend yield, (iv) the unemployment rate growth, and (v) the detrended
short-term interest rate (ir). The CCIs and the fivemacroeconomic variables are standardized with zero expectation and unit variance. The fixed-
effect specification allows each individualmarket to havedifferent regression constantswhenallmarkets enter the regressions jointly. Amoving-
block bootstrap simulation suggested by Gonçalves and White (2005) and applied empirically in Bathia and Bredin (2013), Kaivanto and Zhang
(2019), andWang, Su, andDuxbury (2021) is adopted to account for biased coefficient estimates and standard errors due to the highly persistent
time-series process of CCIs.adj. R2 is the incremental adjusted R2 when the CCI is included as an additional regressor in the predictive model.

a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.

sentiment on stock market returns and the impact can be persistent for years in the US stock market (Baker and
Wurgler 2006; Brown and Cliff 2005), the developed stock markets (Bathia and Bredin 2013; Schmeling 2009),
and the global stock markets (Wang, Su, and Duxbury 2021). And notably, we supplement the finding with new
overnight and intraday evidence.

Looking at the sentiment-return relation across overnight and intraday, we find that the impact is negative
across most of forecast horizons, meaning that high (low) investor sentiment would be followed by low (high)
overnight and intraday returns. More importantly, we note a significant difference in the magnitude and in
particular, the impact of investor sentiment on stockmarket returns is stronger intraday than overnight over the
subsequent 2 to 36 months. For example, a one-standard-deviation increase (decrease) in investor sentiment
would bring about a decline (rise) of 2.640% (–0.110%× 24) and 6.888% (–0.287%× 24) on overnight and
intraday returns, and the difference is as high as 4.272% (–0.178%× 24) in a two-year forecast horizon. A large
shock, like a two-standard-deviation change, will double the difference to 8.544% that is of greater economic
significance.

The reported negative sentiment-return relation both overnight and intraday, is somewhat expected in the
literature of investor sentiment. More importantly, our findings provide strong assurance that the widely docu-
mented negative impact of investor sentiment on stock market returns, such as in Brown and Cliff (2005), Baker
and Wurgler (2006; 2007), Schmeling (2009), Bathia and Bredin (2013), and Wang, Su, and Duxbury (2021), is
jointly driven by both overnight and intraday returns. However, embedding our paper in the literature of finan-
cial relations across overnight and intraday, such as Lou, Polk, and Skouras (2019), Hendershott, Livdan, and
Rösch (2020), and Wang (2021; 2023), our consistent findings are surprising since the prior literature mainly
documents different or even opposing relations overnight and intraday. For example, Hendershott, Livdan, and
Rösch (2020) evidence that stock returns are positively related to beta overnight, while negatively related to
beta intraday. Our results, however, suggest a consistent, negative sentiment-return relation both overnight and
intraday, adding some surprising results to this literature.
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Note, however, that by comparing the relations overnight and intraday, we further document that the negative
relation is stronger intraday than overnight, which can be viewed as another form of ‘different’ relations. There-
fore, our empirical findings present a feature of duality: First, looking at the sentiment-return relations overnight
and intraday separately, the consistent, negative relation is not in line with the prior studies revealing different
or opposite financial relations, such as the beta-return relation and the mean-variance relation, overnight and
intraday (Hendershott, Livdan, and Rösch 2020; Wang 2021), while second, looking at the two relations jointly,
the significant differences in the relation confirm different relations overnight and intraday.

Recall that the impact of investor sentiment on stock market returns is realized by investors trading in
stock markets and largely determined by investor rationality. Hendershott, Livdan, and Rösch (2020) argue that
overnight traders are long-term investors demanding higher returns for bearing highermarket risk, but intraday
traders are risk-loving speculators demanding higher market risk, implying the former to be more rational than
the latter. This is confirmed in their empirical results showing a positive beta-return relation, as theorized in
the traditional finance framework, overnight, but not intraday due to irrational trading, which is further con-
firmed at the market level in the US as well as in the international markets, i.e. a positive mean-variance relation
overnight but not intraday (Wang 2021; 2023). Our results are consistent with the findings above: The weaker
sentiment-return relation overnight and the stronger one intraday suggests that overnight traders tend to be
more rational than the intraday counterparts so that the impact of investor sentiment brought by overnight
traders is not as stronger as that brought by intraday traders. Also, we further document that the difference is
not transitory but persistent until the following 36 months.

Results of developed and emerging markets are largely in line with the above from the all-market sample. A
negative sentiment-return relation is found overnight and intraday, and such impact, again, tends to be stronger
intraday. Beyond the similarities, Table 4 reveals a noticeable difference in the impact of investor sentiment
between developed and emerging markets: The impact appears to be more enduring in developed markets (the
subsequent 6 to 36 months for both overnight and intraday) while more immediate in emerging markets (the
subsequent 2 to 12 months and 1 to 36 months for overnight and intraday, respectively). While the impact is
significant until 36 months for intraday returns in emerging markets, we still state that the impact in emerging
markets is less persistent due to much weakened impact overnight.9

The results seem to be at odds with conventional perceptions that developed markets are more efficient,
and thus should be less affected by financial anomalies or irrationalities, such as investor sentiment, compared
with emerging markets. We find support in Griffin, Kelly, and Nardari (2010), Jacobs (2016), Cai et al. (2018),
Altanlar, Guo, and Holmes (2019), andWang, Su, and Duxbury (2021) documenting that anomalies are at least
as strong, and sometimes stronger, in developed markets than emerging markets. Of direct relevance, Wang, Su,
and Duxbury (2021) report that the impact of investor sentiment on stock market returns is more persistent
in developed markets (up to 36 months) than in emerging markets (up to 12 months), and we add further
evidence by separately investigating overnight and intraday, andmeanwhile, reveal that the less enduring impact
in emerging markets is mainly due to non-trading hours.

4.2. Robustness tests

In this subsection, we conduct a battery of robustness tests, including (i) extracting economic expectations from
CCIs, (ii) adopting a more balanced dataset, (iii) following an alternative classification for market types, (iv)
replacing the average monthly returns with the single-period monthly returns as the dependent variable, (v)
controlling for the global financial crisis, (vi) employing an alternative survey-based investor sentiment proxy,
(vii) controlling for lagged returns, and (viii) controlling for the US investor sentiment and macroeconomic
variables.

Investor sentiment, beyond an irrational component, also carries a business cycle component, i.e. that investor
sentiment varies with the business cycle in part for rational reasons. It is, hence, possible that our presented neg-
ative sentiment-return relation is not driven by investor sentiment but by the expected business conditions, due
to the significantly negative impact of expected business conditions on expected excess returns (Campbell and
Diebold 2009). To address the concern, in this robustness test we remove the expected business conditions, as
represented by the economic sentiment index (ESI), from investor sentiment, as represented by CCI, and so we
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will have a clean impact of the latter. The ESI is accessible for 19 markets, which remains a representative inter-
national sample including 12 developed and 7 emerging markets.10 We filter the expected economic conditions
by regressing the CCI on the ESI, following,

cciit = υ + ϕiesiit + ccii,⊥t (8)

where the orthogonalized term ccii,⊥t is the residual series representing the investor sentiment that cannot be
explained by the business or economic expectations, i.e. when investor sentiment is high or low ‘for no good
reason’ (Baker andWurgler 2006, 1657). We use ccii,⊥t to replace cciit in Equation (7). If the CCI contains unique
variations beyond the expected economic conditions, and meanwhile this component holds predictive power
to stock market returns, ccii,⊥t would have a significant impact. Panel A of Table 5 shows qualitatively similar
results to those in Table 4, confirming the sentiment-return relation overnight and intraday and in all, developed,
emerging markets. For all markets, investor sentiment can affect stock market returns overnight and intraday
for the following 3 to 36 months and 2 to 36 months, respectively, and the impact is stronger intraday than
overnight for the following 3 to 36 months. Still, the impact appears to be more persistent in developed markets
(the subsequent 6 to 36 months for both overnight and intraday returns) but more prompt in emerging markets
(the subsequent 3 to 12 and 2 to 36 for overnight and intraday returns), and the impact is stronger intraday than
overnight.

As shown in Table 1, our sample markets, subject to data availability, have different starting months. To avoid
our results are mainly driven by themarkets with longer sample periods, wemanually cut earlier observations to
make more balanced samples. Note that emerging markets tend to have much shorter samples than developed
markets, so we apply different starting months for the two types of markets and do not replicate the all-market
test. In particular, the new starting months for developed and emerging markets, in this robustness test, are
January 2000 and January 2006, respectively. Results in Panel B of Table 5 provide broadly consistent results
with those reported in Table 4.

In the remaining six robustness tests, we (i) apply an alternative developed/emerging market classification
benchmark following FTSE Annual Country Classification Review to reclassify the sample stock markets, (ii)

replace the averagemonthly market returns
(

1
T

T∑
τ=1

rit+τ

)
with the single-periodmonthly market returns (rit+τ )

in that the impact of investor sentiment fades away over longer forecast horizons and using the average monthly
returns might inflate the persistence of the impact of investor sentiment, (iii) control for the global financial
crisis (GFC) spanning from July 2008 to June 2009 (Baur 2012) given the fact that the impact of investor senti-
ment varies across market regimes (Kadilli 2015; Wang, Su, and Duxbury 2022), (iv) adopt OECD CCIs, where
available, as an alternative survey-based investor sentiment proxy to largely ensure the CCI data are from the
same source with the consistent compilation approaches,11 (v) control for lagged overnight or intraday returns
to account for differences in the patterns of returns per se, as exhibited in Table 1,12 and (vi) control for the US
investor sentiment and the US macroeconomic factors.13 Panels C–H of Table 5, again, support our previous
conclusions.

4.3. Individualmarket evidence

In this subsection, we examine the sentiment-return relation in individual stock markets. As results are corre-
lated across forecast horizons, we adopt a joint test for predictability (Ang and Bekaert 2007; Schmeling 2009).
Particularly, we jointly estimate Equation (7) forTmonths (T = 1, 2, 3, 6, 12, 24, and 36) in a seven-equation sys-
tem using the generalized method of moments (GMM) to test whether there exists a jointly significant impact
of investor sentiment on stock market returns – that is, we test the form of β i,(1) = 0, β i,(2) = 0, β i,(3) = 0,
β i,(6) = 0, β i,(12) = 0, β i,(24) = 0, and β i,(36) = 0. The seven-equation system is jointly estimated for each
individual market i following,
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Table 5. Robustness tests.

Months 1 2 3 6 12 24 36

Panel A.1. Extraction of the ESI, all markets
Overnight –0.060 –0.106 –0.180c –0.163a –0.152a –0.133a –0.052a

Intraday –0.095 –0.166c –0.246b –0.287a –0.295a –0.302a –0.201a

Difference (O – I) 0.035 0.060 0.066c 0.124a 0.143a 0.169a 0.149a

Panel A.2. Extraction of the ESI, developed markets
Overnight –0.057 –0.102 –0.177 –0.162a –0.165a –0.175a –0.100a

Intraday –0.021 –0.104 –0.190 –0.245a –0.297a –0.321a –0.213a

Difference (O – I) –0.036 0.002 0.013 0.083c 0.132a 0.146a 0.113a

Panel A.3. Extraction of the ESI, emerging markets
Overnight –0.070 –0.117 –0.190c –0.169c –0.136a –0.068 0.023
Intraday –0.215 –0.269c –0.342b –0.362a –0.302a –0.281a –0.191a

Difference (O – I) 0.146 0.152c 0.152c 0.193b 0.167a 0.213a 0.215a

Panel B.1. More balanced sample, developed markets (post-January 2000)
Overnight –0.030 –0.065 –0.143 –0.137c –0.143a –0.136a –0.066a

Intraday –0.085 –0.139 –0.205 –0.234a –0.293a –0.338a –0.228a

Difference (O – I) 0.055 0.075 0.062 0.097c 0.150a 0.202a 0.163a

Panel B.2. More balanced sample, emerging markets (post-January 2006)
Overnight –0.138 –0.179b –0.251b –0.216a –0.153a –0.035 0.054
Intraday –0.212 –0.258b –0.335b –0.354a –0.301a –0.266a –0.183a

Difference (O – I) 0.075 0.079 0.084 0.139c 0.148b 0.231a 0.237a

Panel C.1. Alternative market classification, developed markets
Overnight –0.041 –0.082 –0.161 –0.156b –0.158a –0.156a –0.083a

Intraday –0.086 –0.145 –0.214 –0.235a –0.259a –0.295a –0.208a

Difference (O – I) 0.044 0.063 0.052 0.079c 0.102a 0.139a 0.125a

Panel C.2. Alternative market classification, emerging markets
Overnight –0.146 –0.186b –0.250b –0.198a –0.130a –0.031 0.044c

Intraday –0.210c –0.265b –0.347b –0.354a –0.307a –0.282a –0.193a

Difference (O – I) 0.064 0.080 0.097c 0.155b 0.178a 0.251a 0.238a

Panel D.1. Impact on single-period returns, all markets
Overnight –0.083 –0.131a –0.225b –0.135a –0.155a –0.067 0.089
Intraday –0.134 –0.230b –0.311b –0.322a –0.361a –0.300a –0.015
Difference (O – I) 0.052 0.094 0.085 0.187b 0.206b 0.233a 0.104

Panel D.2. Impact on single-period returns, developed markets
Overnight –0.054 –0.103 –0.196 –0.102 –0.185a –0.128 0.029
Intraday –0.076 –0.184 –0.267 –0.300a –0.457a –0.370a 0.029
Difference (O – I) 0.022 0.081 0.071 0.197b 0.271a 0.243b 0.000

Panel D.3. Impact on single-period returns, emerging markets
Overnight –0.126 –0.185b –0.269b –0.184a –0.112c 0.024 0.182b

Intraday –0.219c –0.296b –0.375b –0.356a –0.218b –0.198c –0.099
Difference (O – I) 0.093 0.112 0.106c 0.172a 0.107c 0.222a 0.280a

Panel E.1. Controlling for the GFC, all markets
Overnight –0.112 –0.144c –0.212a –0.210a –0.167a –0.123a –0.060b

Intraday –0.158 –0.215b –0.296a –0.313a –0.308a –0.322a –0.223a

Difference (O – I) 0.047 0.070c 0.085b 0.104a 0.141a 0.200a 0.163a

Panel E.2. Controlling for the GFC, developed markets
Overnight –0.083 –0.111 –0.190c –0.189a –0.174a –0.185a –0.105a

Intraday –0.088 –0.164 –0.243b –0.255a –0.295a –0.324a –0.237a

Difference (O – I) 0.004 0.052 0.053c 0.066c 0.121a 0.138a 0.131a

Panel E.3. Controlling for the GFC, emerging markets
Overnight –0.154c –0.200a –0.270a –0.224a –0.160a –0.068 0.013
Intraday –0.233c –0.304a –0.359a –0.381a –0.323a –0.303a –0.220a

Difference (O – I) 0.080 0.103c 0.090b 0.157a 0.163a 0.234a 0.234a

(continued).
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Table 5. Continued.

Months 1 2 3 6 12 24 36

Panel F.1. Using OECD CCIs where available, all markets
Overnight –0.067 –0.110 –0.189c –0.174a –0.155a –0.129a –0.060b

Intraday –0.100 –0.163c –0.237a –0.262a –0.284a –0.306a –0.212a

Difference (O – I) 0.033 0.053 0.048 0.088a 0.129a 0.178a 0.153a

Panel F.2. Using OECD CCIs where available, developed markets
Overnight –0.017 –0.062 –0.147 –0.148 –0.159a –0.182a –0.112a

Intraday –0.031 –0.103 –0.180 –0.202a –0.254a –0.307a –0.216a

Difference (O – I) 0.014 0.041 0.033 0.054 0.095a 0.125a 0.104a

Panel F.3. Using OECD CCIs where available, emerging markets
Overnight –0.136 –0.177b –0.247a –0.208a –0.145a –0.043 0.026
Intraday –0.190c –0.241b –0.311b –0.341a –0.321a –0.305a –0.207a

Difference (O – I) 0.054 0.064 0.064 0.133b 0.176a 0.263a 0.233a

Panel G.1. Controlling for lagged returns, all markets
Overnight –0.082 –0.121c –0.194b –0.172a –0.147a –0.108a –0.032b

Intraday –0.142 –0.196b –0.270a –0.284a –0.281a –0.290a –0.201a

Difference (O – I) 0.059 0.075c 0.076c 0.112a 0.134a 0.182 0.168a

Panel G.2. Controlling for lagged returns, developed markets
Overnight –0.051 –0.094 –0.166 –0.153b –0.152a –0.154a –0.078a

Intraday –0.087 –0.148 –0.215 –0.236a –0.266a –0.319a –0.214a

Difference (O – I) 0.036 0.054 0.049 0.083b 0.114a 0.145a 0.136a

Panel G.3. Controlling for lagged returns, emerging markets
Overnight –0.120 –0.183b –0.248b –0.217a –0.151a –0.046 0.033
Intraday –0.220 –0.287b –0.377a –0.374a –0.314a –0.294a –0.198a

Difference (O – I) 0.100 0.105c 0.129b 0.157b 0.166a 0.248a 0.231a

Panel H.1. Controlling for the US investor sentiment and macroeconomic variables, all markets
Overnight –0.072 –0.111 –0.182c –0.166b –0.135a –0.101a –0.034b

Intraday –0.177 –0.242a –0.317a –0.340a –0.296a –0.258a –0.142a

Difference (O – I) 0.105 0.131c 0.134b 0.184a 0.161a 0.157a 0.108a

Panel H.2. Controlling for the US investor sentiment and macroeconomic variables, developed markets
Overnight –0.076 –0.111 –0.181 –0.166b –0.178a –0.188a –0.111a

Intraday –0.101 –0.182 –0.263c –0.316a –0.311a –0.272a –0.125a

Difference (O – I) 0.024 0.071 0.082 0.149b 0.133a 0.084b 0.015

Panel H.3. Controlling for the US investor sentiment and macroeconomic variables, emerging markets
Overnight –0.095 –0.134c –0.205c –0.165b –0.108c –0.014 0.049
Intraday –0.265c –0.321a –0.396a –0.398a –0.313a –0.283a –0.210a

Difference (O – I) 0.170 0.187b 0.191a 0.233a 0.205a 0.269a 0.258a

Notes: This table presents results of eight robustness tests, including (i) extracting the economic sentiment index (ESI) from the CCI (Panel A), (ii)
adopting a more balanced sample (Panel B), (iii) adopting a new developed/emerging market classification (Panel C), (iv) using single-period
monthly returns to replace average monthly returns (Panel D), (v) controlling for the GFC (Panel E), (vi) using OECD CCIs where available (Panel
F), (vii) controlling for lagged returns (Panel G), (viii) controlling for the US investor sentiment and macroeconomic variables (Panel H). In Panel
A, the predictive model includes the orthogonalized CCI that is obtained by restoring the residuals from regressing the CCIs on the ESIs. In Panel
F, the OECD CCIs are used for the stock markets where the data are available. In Panel H, both market CCIs and the US CCIs are included.

a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.
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Results in Table 6 report the average predictive coefficients of the investor sentiment over the subsequent 1,
2, 3, 6, 12, 24, and 36 months, showing that the impact of investor sentiment on stock market returns overnight
and intraday is market-specific, which is expected due to the wide variety of the attributes of sentiment investors
across markets, and offers further justification for our adoption of the global sample. A total of 22 stockmarkets,
11 developed and 11 emerging, show a significant difference in the sentiment-return relation across overnight
and intraday, accounting for 73.33% of our sample markets, while 8 stock markets, 4 developed and 4 emerging,
does not.

Table 6. Individual market results.

Developed Overnight Intraday Difference (O – I) Emerging Overnight Intraday Difference (O – I)

Australia 0.087a 0.141 –0.054 Argentina –0.352a –0.660a 0.308b

Austria –0.023b –0.176a 0.153a Brazil –0.015b –0.888a 0.873a

Belgium –0.261a –0.423a 0.161b Chile –0.059a –0.345a 0.286a

Canada 0.023 0.004 0.019 China 0.024c –0.315b 0.338a

France –0.187a –0.022 –0.165a Croatia 0.058b –0.167a 0.225c

Germany –0.096b –0.261a 0.166b Czech Republic –0.133a 0.255a –0.389a

Ireland –0.292a –0.131a –0.161 Hungary –0.417a 0.639a –1.055a

Italy 0.020a –0.486a 0.506a India –0.301a –0.224a –0.077
Japan –0.141a 0.012c –0.153a Indonesia 0.508a –0.765a 1.273a

Luxembourg 0.298a –0.420a 0.718a Mexico –0.037b 0.025c –0.062
Netherlands –0.096b –0.325a 0.229a Philippines –0.044a –0.012a –0.032
Portugal –0.188a 0.183c –0.371a Poland –0.123a –0.758a 0.635a

Spain 0.122a –0.051 0.173b South Korea –0.047c –0.215a 0.168b

Switzerland –0.156a –0.097a –0.059 Taiwan –0.436a –0.110a –0.327a

US 0.067a –0.258a 0.324a Thailand –0.030 0.057c –0.088

Notes: This table presents the regression results in each individual market based on a seven-equation system with different forecast horizons.
In particular, we jointly estimate for T months (T = 1, 2, 3, 6, 12, 24, and 36) in a seven-equation system using the generalized method of
moments (GMM) to test whether there exists a jointly significant impact of investor sentiment on stockmarket returns – that is, we test the form
of β i ,(1) = 0, β i ,(2) = 0, β i ,(3) = 0, β i ,(6) = 0, β i ,(12) = 0, β i ,(24) = 0, and β i ,(36) .

a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.
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Within the 22 stock markets exhibiting the significantly different sentiment-return relations overnight and
intraday, there are two main types of the relation: The negative relation is (i) stronger (6 markets, 3 developed
and 3 emerging), or (ii) weaker (16 markets, 8 developed and 8 emerging) overnight than intraday. There are
3 patterns for the first type. First, in markets including Japan, Portugal, Czech Republic, and Hungary, investor
sentiment would significantly negatively affect overnight returns while positively affect intraday returns. Second,
in Taiwan, there is a significantly negative sentiment-return relation both overnight and intraday and the nega-
tive impact is stronger overnight. Third, investor sentiment in France tends to negatively affect returns overnight
and intraday, but it is not significant for the latter, which can be regarded as a weaker form of the second pattern.

We also note 3 patterns for the second type. First, in markets including Austria, Belgium, Germany, Nether-
lands, Argentina, Brazil, Chile, Poland, and South Korea, investor sentiment would bring a significantly negative
impact on stock market returns both overnight and intraday, while the latter is stronger than the former, in line
with our main finding at the panel level (i.e. all, developed, and emerging). Second, in markets including Italy,
Luxembourg, the US, China, Croatia, and Indonesia, the sentiment-return relation varies overnight and intra-
day as is significantly positive overnight while significantly negative intraday, leading to a significant difference.
Third, investor sentiment in Spain would affect overnight returns positively and intraday ones negatively, while
the latter is insignificant, which can be viewed as a weaker form of the second pattern.

For the remaining 8 markets illustrating no significant difference in the sentiment-return relation across
overnight and intraday, investor sentiment may still have an impact. In markets including Ireland, Switzerland,
India, Mexico, and Philippines, investors sentiment can significantly affect both overnight and intraday returns,
despite that the magnitude tends to be statistically equivalent, while in Australia and Thailand, investor sen-
timent can only affect overnight or intraday returns. Canada is the only exception in our sample where the
sentiment-return relation is insignificant for both overnight and intraday returns.

In addition to the direction, the impact magnitude varies across markets as well. For example, the impact
of investor sentiment exerts a strong impact on overnight returns in Ireland (–0.292), Hungary (–0.417), and
Taiwan (–0.436), and on intraday returns in Belgium (–0.423), Brazil (–0.888), and Poland (–0.758), while a
relatively weaker impact on overnight returns in Austria (–0.023) and Brazil (–0.015), and on intraday returns
in Switzerland (–0.097) and Philippines (–0.012).

5. Cross-market investigation

Given the cross-market differences in the sentiment-return relation overnight and intraday as reported in
Section 4, we explore possible determinants and explanations from the perspectives of cultural dimensions and
market integrity in this section.

5.1. Cultural dimensions

We assess six cultural dimensions, including individualism (IDV), the uncertainty avoidance index (UAI), mas-
culinity (MAS), the power distance index (PDI), long-term orientation (LTO), and indulgence (IDG). Since the
sentiment-return relation is determined by investor rationality in trading, we base our discussion below on this
focus to explore the possible influence of cultures on the sentiment-return relation, via the route of investor
rationality. While the cultural framework has been widely examined in the finance literature, the six cultural
dimensions are not evenly examined in the literature (Choi 2020; Wang, Su, and Duxbury 2021). Our discus-
sion below, as a result, is based on both theoretical analyses that have been established in literature, as well as
inferences drawn from the extant evidence.

5.1.1. Indicators
Prior studies distinguish between IDV and its opposite, collectivism (CLT), in the following way: Individuals
in IDV cultures are more autonomous and independent, while those in CLT cultures are more connected with
others (Breuer, Riesener, and Salzmann 2014; Černe, Jaklič, and Škerlavaj 2013; García-Gómez, Demir, and
Díez-Esteban 2022; Gelfand et al. 2002; Heine and Lehman 1995; Markus and Kitayama 1991). Investors in IDV
cultures tend to exhibit overconfidence and thus to commit cognitive biases in trading (Chui, Titman, and Wei
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2010; Heine et al. 1999; Li et al. 2013), while those in CLT cultures are more likely to exhibit herding and thus to
trade in concert and induce overreaction (Beckmann, Menkhoff, and Suto 2008; Markus and Kitayama 1991).
Cognitive biases led by IDV and overreaction led by CLT, can potentially cause irrational trading behaviors
leading to a stronger impact of investor sentiment on stock market returns.

UAI measures the extent to which individuals react to uncertainty (Bova and Vance 2019; Galariotis and
Karagiannis 2021; Hofstede 2001). Investors in high UAI cultures are uncomfortable with uncertainty and thus
are likely to overreact (Kwok andTadesse 2006), but it also allows them tomakemore prudent and careful trading
decisions ex-ante to reduce uncertainty ex-post (García-Gómez, Demir, and Díez-Esteban 2022; Nguyen and
Truong 2013). Investors in low UAI cultures having a high level of risk tolerance, in contrast, are more willing
to accept uncertain situations and tend not to overreact when uncertainty occurs (Chui and Kwok 2008), which
may lead to rational reactions in uncertain situations but may also lead to irrational trading behaviors ex-ante.

MAS refers to the pursuit of decisiveness, assertiveness, and competitiveness, more related to males, while
its opposite, femininity (FEM), represents modesty, cooperation, and caring for the weak and life quality, more
related to females (Bhatta, Marshall, and Thapa 2018; Choi 2020; Hofstede 2001; Kanagaretnam, Lim, and Lobo
2011). Compared with those in high FEM cultures, on the one hand, investors in high MAS cultures are more
subject to overconfidence and self-attribution (Barber and Odean 2001; Lundeberg, Fox, and Punćcohaŕ 1994)
and thus would trademore irrationally, but on the other hand, overconfidence predicts excessive trading, which,
although is thought to be less rational, allowsmore accurate ability inference that help investors to becomemore
informed (Feng and Seasholes 2005; Nicolosi, Peng, and Zhu 2009; Seru, Shumway, and Stoffman 2010; Shu et al.
2004).

PDI reflects the extent to which subordinates expect and accept power to be unequally distributed (Dang
et al. 2022; García-Gómez, Demir, and Díez-Esteban 2022; Hofstede 2001; Levis, Muradoğlu, and Vasileva 2016;
Madan, Savani, and Katsikeas 2022). High PDI implies a high level of centralized control by authorities, imply-
ing stock markets to be more administered and thus irrational components may be suppressed, and not be as
pronounced as in low PDImarkets (Wang, Su, and Duxbury 2021). However, subordinates in high PDImarkets,
surrendering more authority to their superiors, are likely to expect the latter to take care of their welfare and to
provide adequate protection (Chui and Kwok 2008), which may cause their excessive reliance on the superiors,
and thus, less informed trading.

LTO refers to the focus of people’s efforts, whether is on the future, or on the present and past (short-term
orientation, STO) (Hofstede and Bond 1988). Investors in LTO cultures prefer family business and real estate,
while those in STO cultures prefer stocks and mutual funds (Hofstede, Hofstede, and Minkov 2010), indicating
that STOmarkets would observe a high level of participation of retail investors who are likely, on the one hand,
to be uninformed traders (Abreu andMendes 2020; Chang 2020; Dimpfl and Jank 2016; Grinblatt and Keloharju
2000; Kumar and Lee 2006; Lee and Swaminathan 2002; Wang, Su, and Duxbury 2021), and on the other hand,
to learn by trading (Feng and Seasholes 2005; Nicolosi, Peng, and Zhu 2009; Seru, Shumway, and Stoffman 2010;
Shu et al. 2004).

Finally, IDG refers to the restraints on gratification and basic human desires in relation to enjoying life (Hof-
stede, Hofstede, and Minkov 2010). People in high IDG cultures are more likely to enjoy life while those in low
IDG (or high restraints, RES) cultures show restraints (Ortas and Gallego-Álvarez 2020), and compared with
those in high IDG cultures, consumers in low IDG cultures would purchase goods only when they need (Minkov
2011), suggesting that high IDGmarkets, like STOmarkets, may have a high level of presence of retail investors
who are likely to be uninformed traders but meanwhile also to learn by trading (Wang, Su, and Duxbury 2021).

A clear message conveyed by the theoretical analyses and inferences above is that each culture dimension
may lead to opposing effects, i.e. that cultures at one end (high or low) can imply either rational or irrational
trading behaviors. Put differently, it indicates that the relation between culture and investor rationality is not
monotonic, and each cultural dimension carries two components, rational and irrational, with respect to its
influence on investor rationality and trading behaviors. For example, high IDV predicts a low level of herd-led
overreaction (i.e. a rational element), but meanwhile a high level of overconfidence and cognitive biases (i.e. an
irrational element), while high CLT leads to a low level of overconfidence and cognitive biases (i.e. a rational
element) but a high level of overreaction (i.e. an irrational element), meaning that both ends of IDV, i.e. high
IDV and high CLT, can be related to rational or irrational trading. This is confirmed in prior empirical evidence:
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For instance, Schmeling (2009) finds that investors in CLT markets are more irrational and hence the impact of
investor sentiment on stock market returns in markets with CLT cultures is more pronounced, while Wang, Su,
and Duxbury (2021) report the opposite that investors in IDV markets are more irrational, bringing stronger
impact of investor sentiment on stock market returns. Therefore, instead of putting forward formal hypotheses,
we shall let the empirical findings show the influence.

5.1.2. Data
Wecollect culture data fromHofstede’s website.14 Scores for each dimension, ranging from0 to 100, are assigned
to the 30 sample stock markets and compiled in Panel A of Table 7. Scores of our sample markets scatter widely
in all the six cultural dimensions: The range (i.e. the difference between themaximum and theminimum) varies
from 69 (UAI) to 83 (PDI), with an average as high as 77.167, and the standard deviation ranges from 17.365
(MAS) to 23.719 (IDV), with an average of 19.927. This is an important feature considering the discussion above
that for every cultural dimension, both ends, like LTO and STO, or IDG and RES, could be linked to investor
irrationality that finally leads to a stronger impact of investor sentiment on stockmarket returns. If scores center
around one end – for example, all markets are in LTO or IDG cultures while nomarket is in STO or RES cultures
– wemight fail to reveal the influence of the other end on the sentiment-return relation and thus draw inaccurate
conclusions.15

We compute pairwise correlations as reported in Panel B of Table 7. Overall, the correlation tends to be low
and only 3 out of 15 are significant. IDV and PDI are negatively correlated (–0.621), indicating that people in
collectivistic cultures are more likely to expect and accept cultures to be unevenly distributed, partly in line with
Hofstede (1983) reporting a global relation that high CLT exhibits high PDI. IDG is negatively correlated with
PDI (–0.353) and negatively correlated with LTO (–0.431), indicating that people in low PDI and high STO
cultures are more likely to enjoy life. While some studies posit a negative relation between IDV and UAI, in
that low IDV and high UAI both suggest overreaction as we explained above (Niszczota 2014; Schmeling 2009;
Wang and Duxbury 2021; Zouaoui, Nouyrigat, and Beer 2011), the correlation between the two in our sample
is insignificant though being negative (–0.126).

5.1.3. The impact of cultural dimensions
Our empirical model is described by the following equation,

1
T

T∑
τ=1

rit+τ = α(T) + βculture + [γ (T)0 + γ1culture]cciit + γ (T)

i,(T)
t + ε

i,(T)
t+1→T (10)

where culture is a matrix of the six cultural dimensions and is time-invariant; and δ is the impact of culture
on the sentiment-return relation: If γ 1 is positive (negative), an increase in cultural dimension values makes a
weaker (stronger) impact of investor sentiment on stockmarket returns; and T is assigned 12, i.e. the subsequent
one year, following Schmeling (2009) andWang, Su, and Duxbury (2021), to check a long-term impact. Results
appear in Table 8.

At the first glance, we see that cultural dimensions have a wide influence on the sentiment-return relation. To
start, IDV and the sentiment-return relation are negatively related overnight while positively related intraday,
meaning that high (low) IDV would make the negative sentiment-return relation stronger (weaker) overnight
but weaker (stronger) intraday, and the difference is significant. The results imply that when stock markets are
closed, with increases in IDV, the noise trading caused by overconfidence and cognitive biases, i.e. the irrational
element of IDV, dominates the non-overreaction, i.e. the rational element of IDV, so that irrational tradingwould
be more prevalent, leading to a stronger sentiment-return relation. By contrast, when stock markets are open,
the informed trading caused by non-overreaction dominates the noise trading caused by overconfidence and
cognitive biases, so that the impact of investor sentiment would be reduced. The finding concurs with our the-
oretical discussion that the two poles of IDV, i.e. individualism and collectivism, can be related to irrational
trading behaviors, and based on our design, there is a clear cut across non-trading and trading hours. Linking
the sentiment-return relation with investor rationality, it seems that in IDV cultures overnight traders are less
informed than intraday traders, which implies that the two can be fundamentally different.
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Table 7. Cultural dimensions and market integrity.

Market IDV UAI MAS PDI LTO IDG MKI

Panel A Values
Argentina 46 86 56 49 20 62 22.498
Australia 90 51 61 36 21 71 36.974
Austria 55 70 79 11 60 63 31.238
Belgium 75 94 54 65 82 57 32.955
Brazil 38 76 49 69 44 59 26.225
Canada 80 48 52 39 36 68 37.298
Chile 23 86 28 63 31 68 26.194
China 20 30 66 80 87 24 –
Croatia 27 80 40 73 58 33 –
Czech Republic 58 74 57 57 70 29 –
France 71 86 43 68 63 48 34.506
Germany 67 65 66 35 83 40 33.129
Hungary 80 82 88 46 58 31 –
India 48 40 56 77 51 26 26.704
Indonesia 14 48 46 78 62 38 –
Ireland 70 35 68 28 24 65 –
Italy 76 75 70 50 61 30 30.648
Japan 46 92 95 54 88 42 34.321
Luxembourg 60 70 50 40 64 56 –
Mexico 30 82 69 81 24 97 26.799
Netherlands 80 53 14 38 67 68 34.694
Philippines 32 44 64 94 27 42 25.145
Poland 60 93 64 68 38 29 –
Portugal 27 99 31 63 28 33 23.533
South Korea 18 85 39 60 100 29 28.640
Spain 51 86 42 57 48 44 31.460
Switzerland 68 58 70 34 74 66 35.986
Taiwan 17 69 45 58 93 49 31.946
Thailand 20 64 34 64 32 45 27.978
US 91 46 62 40 26 68 36.370

IDV UAI MAS PDI LTO IDG

Panel B Pairwise correlations: cultural dimensions
IDV
UAI –0.126
MAS 0.302 –0.080
PDI –0.621a 0.095 –0.220
LTO –0.126 0.105 0.085 –0.030
IDG 0.270 –0.087 –0.037 –0.353c –0.431b

ADR GVC ACS EJS ROL ROE RCR

Panel C Pairwise correlations: market integrity
ADR
GVC –0.054
ACS 0.113 0.344
EJS 0.028 0.790a 0.422c

ROL –0.126 0.931a 0.311 0.742a

ROE –0.139 0.863a 0.388c 0.725a 0.905a

RCR –0.288 0.804a 0.384c 0.632a 0.876a 0.951a

Notes: This table presents the values of cultural dimensions and market integrity (Panel A), along with the pairwise correlations (Panel B and
C). Cultural dimensions include individualism (IDV), the uncertainty avoidance index (UAI), masculinity (MAS), the power distance index (PDI),
long-termorientation (LTO), and indulgence (IDG), collectedat https://www.hofstede-insights.com.Market integrity includes anti-director rights
(ADR), government corruption (GVC), accounting standards (ACS), efficiency of judicial systems (EJS), the rule of law (ROL), risk of expropriation
(ROE), and risk of contract repudiation (RCR), all sourced fromLa Porta et al. (1998), and as the seven variables capture different aspects ofmarket
integrity, instead of examining them separately, we use the principal component analysis (PCA) to form a composite indicator of overall market
integrity capturing common information across the variables. We employ the first two PCs (explaining about 80.883% of the total variance) and
construct the market integrity indicator (MKI) for each market based on available data.

a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.

https://www.hofstede-insights.com
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Table 8. Cultural dimensions and market integrity: a linear influence.

IDV UAI MAS PDI LTO IDG MKI

Overnight –0.174b –0.528a –0.185c 0.154c –0.123c 0.029 0.849a

Intraday 0.278c 0.333c 0.349b –0.119 –0.042 –0.390b 1.376c

Difference (O – I) –0.451a –0.860a –0.534a 0.273 –0.081 0.419b –0.528b

Notes: This table presents the results of the influence of cultural dimensions and market integrity on the sentiment-return relation.
a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.

Asimilar, opposing influence of cultural dimensions on the sentiment-return relation is also observed forUAI
and MAS. Increased UAI and MAS cultures tend to bring a negative influence on the sentiment-return relation
overnight but a positive influence on the relation intraday.When stock markets are closed, the sentiment-return
relation is more negative (or, stronger) in markets with high UAI and high MAS, while by contrast, when stock
markets are opened, the relation becomes more negative (or, stronger) in markets with low UAI and low MAS.
In markets with high UAI where people are more uncomfortable with uncertainty, as an example, overnight
traders tend to overreact to market shocks, leading to uninformed trading that finally causes a stronger impact
of investor sentiment, while the intraday traders are likely to make careful and rational trading decisions ex-ante
to reduce potential uncertainty ex-post, resulting in an alleviated impact of investor sentiment.

While the remaining three dimensions, PDI, LTO, and IDG, do not exhibit the opposing influence overnight
and intraday, they still have an impact on the sentiment-return relation, and such impact can vary across non-
trading and trading hours. High PDI markets would see a weaker impact of investor sentiment overnight while
on the contrary, high LTO would lead to a stronger impact overnight. The two dimensions do not hold pre-
dictability to the impact intraday and the difference between overnight and intraday is insignificant. However,
the sentiment-return relation intraday would be stronger in high IDG markets and the difference is significant.

While there are a wide range of potential factors influencing the sentiment-return relation overnight and
intraday, based on the results in Table 8 from the perspective of the cultural dimensions, we can understand the
cultural driving forces of the presented sentiment-return relation as shown in Table 6. For instance, in the US
stock market we observe a positive sentiment-return relation overnight while a negative one intraday. Checking
Table 8, we note that the positive relation overnight is mainly due to low UAI and low LTO, while the negative
relation intraday is mainly due to low UAI and high IDG. By contrast, there is a negative sentiment-return
relation overnight but a positive on intraday in Japan, and as per Table 8, the negative relation overnight ismainly
due to high UAI, high MAS, low PDI, high LTO, and the positive relation intraday is mainly due to high UAI,
highMAS, low PDI, high IDG. Clearly, although there is a significant difference in the sentiment-return relation
overnight and intraday in Japan, the cultural dimensions driving the relation exhibit a high level of consistency
because of their opposing effects.Whilewe find a negative sentiment-return relation both overnight and intraday
in Poland, the cultural dimensions driving the negative relation are not the same: The negative relation overnight
is mainly due to high IDV, highUAI, and highMAS, whereas the negative relation intraday is mainly due to high
PDI.

In the analysis above, we assume a linear impact of cultural dimensions on the sentiment-return relation as
in Shao, Kwok, and Guedhami (2010), Zheng et al. (2013), and An et al. (2018). In an alternative test, we adopt
a median approach as in Ji et al. (2021), Wang and Duxbury (2021), and Machokoto, Gyimah, and Ibrahim
(2022), which can reveal the actual sentiment-return relations for different cultures. To elucidate, we rank the
30 markets based on each of the scores of the 6 dimensions in a descending order and split them into upper
(above-median) and lower (below-median) groups. The overall weak pairwise correlation, as reported in Table 7,
reassures our separation based on each dimension to be unique. Regressions are run for upper and lower groups
jointly, following,

1
T

T∑
τ=1

rit+τ = αu,(T) + αl,(T) + βu,(T)cciu,it + β l,(T)ccil,it + γ u,(T)

u,i,(T)
t + γ l,(T)


l,i,(T)
t + ε

i,(T)
t+1→T (11)

where βu,(T) and β l ,(T) denote the impact of investor sentiment on upper and lower stock market returns,
respectively; and T is also assigned 12 as above to examine the persistent impact. Note, however, that due to
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Table 9. Cultural dimensions and market integrity: the actual sentiment-return relation.

Upper layer (U) Lower layer (L) U – L

Overnight Intraday Difference (O – I) Overnight Intraday Difference (O – I) Difference (O) Difference (I)

IDV –0.176a –0.239a 0.063 –0.114a –0.320a 0.207a –0.062b 0.082c

UAI –0.227a –0.208a –0.020 –0.054 –0.357a 0.303a –0.173a 0.150a

MAS –0.174a –0.227a 0.053 –0.116b –0.333a 0.217a –0.059c 0.106c

PDI –0.130b –0.348a 0.218a –0.161a –0.219a 0.059 0.030 –0.129c

LTO –0.144a –0.344a 0.200a –0.151a –0.208a 0.057 0.007 –0.136b

IDG –0.167a –0.374a 0.207a –0.125b –0.168b 0.043 –0.042 –0.206a

MKI –0.178a –0.229a 0.051 –0.167a –0.344a 0.178a –0.012 0.115c

Notes: This table presents the sentiment-return relation in upper and lower groups based on cultural dimensions and market integrity.
a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.

the differences in the empirical designs of the two specifications of Equations (10) and (11), we do not require
the conclusions drawn from the two approaches to be identical.

The results in Table 9 are largely consistent with our discussion above. For IDV, for instance, a one-standard-
deviation increase (decrease) in investor sentiment would be followed by 0.176% and 0.239% decrease (increase)
in average monthly returns in high IDV markets for the following 12 months, while by 0.114% and 0.320%
decrease (increase) in average monthly returns in low IDV, or high CLT, markets for the following 12 months,
overnight and intraday, respectively. The difference in the impact overnight and intraday is insignificant in high
IDVmarket (0.063) but significant in high CLTmarkets (0.207a), implying that the impact of investor sentiment
on stock market returns appears to stand at a similar level across non-trading and trading hours for high IDV
markets, but such impact is stronger intraday than overnight for high CLT markets. Looking across upper and
lower layers, we note a significant difference in the influence of IDV on the sentiment-return relation overnight
and intraday: The negative influence is significantly stronger for high IDV markets overnight (–0.062b), while
for low IDVmarkets intraday (0.082c), which is in line with our conclusions drawn from the first linear approach
above. The consistent findings are also presented for UAI andMAS – the negative influence of UAI andMAS on
the impact of investor sentiment on stock market returns is stronger for high UAI and MAS markets overnight
(–0.173a and –0.059c, respectively), while for lowUAI andMASmarkets intraday (0.150a and 0.106c), alongwith
IDG – there is no significant difference overnight, but the negative influence is stronger for high IDG markets
intraday (–0.206a). For PDI and LTO, we reveal an insignificantly positive influence on the relation overnight
but a significantly negative influence intraday, which is similar, though not exactly the same, to the findings from
the first approach.

Overall, our results document that culture is an important driver for the differential patterns of sentiment-
return relation worldwide, and more importantly, for the first time, we reveal that the influence of cultural
dimensions is not monotonic or constant in different times of a day but varies overnight and intraday. While
such different or opposing influences of cultural dimensions on the sentiment-return relation overnight and
intraday appear to be counter-intuitive, we find support from prior studies. By analyzing managers’ behaviors,
An et al. (2018) confirm stock crash risk to be more (less) likely to happen in markets with IDV (CLT) cultures,
while from the perspective of retail investor sentiment, Zouaoui, Nouyrigat, and Beer (2011) find that the proba-
bility of occurrence of stock market crises is higher (lower) in markets with CLT (IDV) cultures, suggesting that
cultural dimensions, and in particular IDV/CLT, may influence individuals within a given market in different,
or even opposite, ways. Likewise, Wang, Su, and Duxbury (2021), looking into retail investors, report a stronger
(weaker) sentiment-return in IDV (CLT)markets, meaning that retail investors in IDV (CLT)markets tend to be
less (more) rational, while Wang and Duxbury (2021) show a stronger (weaker) impact of institutional investor
sentiment on the mean-variance relation in CLT (IDV) markets, drawing an opposite conclusion to Wang, Su,
and Duxbury (2021) that institutional investors in IDV (CLT) markets tend to be more (less) rational. The
two comparisons above seem to highlight a potentially critical role of the interaction between cultural dimen-
sions and clienteles in the determination of financial relations, i.e. investors or managers, and retail investors or
institutional investors, and the conclusions can be different or opposite when the research focuses are different.
Our findings, therefore, may also be ascribed to different clienteles, i.e. overnight traders and intraday traders.



THE EUROPEAN JOURNAL OF FINANCE 21

Considering the data availability and the scope of our paper, we leave detailed investigations into this to future
studies.

5.2. Market integrity

A high level of market integrity improves information flow and dissemination, making markets more efficient
(La Porta et al. 1998; Schmeling 2009; Wang, Su, and Duxbury 2021; Zouaoui, Nouyrigat, and Beer 2011), so
the impact of investor sentiment, as a factor driving markets to be inefficient, is likely to be limited in markets
with high market integrity. We consider seven market integrity variables in total, including anti-director rights
(ADR), government corruption (GVC), accounting standards (ACS), efficiency of judicial systems (EJS), the
rule of law (ROL), risk of expropriation (ROE), and risk of contract repudiation (RCR), all sourced from La
Porta et al. (1998).16 Scores are assigned to each factor with high (low) scores indicating high-level (low-level)
market integrity. As the seven variables capture different aspects of market integrity, instead of examining them
separately, we use the principal component analysis (PCA) to form a composite indicator of overall market
integrity capturing common information across the variables. We employ the first two PCs (explaining about
80.883% of the total variance) and construct the market integrity indicator (MKI) for each market based on
available data (see, Table 7).

While the sample is reduced to 22 markets due to data limitations,17 it remains a representative global sam-
ple since it covers four continents and includes both developed and emerging markets. Again, we apply the two
approaches as discussed above and specified in Equations (10) and (11). Results are presented in Tables 8 and 9.
HighMKI would reduce the negative impact of investor sentiment on stockmarket returns, in both non-trading
and trading hours, confirming the positive role that an advanced market integrity plays in reducing market fric-
tions and improving market efficiency, in line with the unconditional empirical evidence in Schmeling (2009)
andWang, Su, andDuxbury (2021). Despite this, the difference in the influence overnight and intraday is signifi-
cant (–0.528b), with the latter stronger than the former.While the actual sentiment-return relation is statistically
similar in non-trading hours across upper- and lower-layer markets, that in trading hours show a significant
difference.

Revealing the difference in the influence of cultural dimensions andmarket integrity on the sentiment-return
relation overnight and intraday, our results suggest that first, different types of traders in stock markets tend to
trade at different times during the day (Hendershott, Livdan, and Rösch 2020; Lou, Polk, and Skouras 2019),
and such difference in trader types can be surprisingly considerable in that the influence of culture and mar-
ket integrity, which is deep-rooted, on their trading behaviors can be different; and second, looking into the
aggregate influence of cultural dimensions andmarket integrity on financial markets without distinguishing dif-
ferent times or clienteles might be misleading, and based on this, we suggest that future studies applying the two
perspectives to explain financial markets or relations need to distinguish different time periods and clienteles.

6. Some further tests

In this section, we provide some further tests on the sentiment-return relation. Those tests are suggested by
anonymous referees, and we thank them for these helpful suggestions.

6.1. Different types of investor sentiment proxies

In ourmain analysis, we use the survey-based CCI as the proxy for investor sentiment due to its wide availability
in the global stock markets. In this subsection, we examine a trade-based investor sentiment proxy, following
Mai, Pukthuanthong, and Zhou (2022).18 To beginwith, we construct six individual technical indicators for each
market i, including trading volume ratio (TV), price-basedWilliam’s %R (WR), nearness to a recent high (NH),
momentum (MOM), moving average (MA), and on-balance volume (OBV).We compute the first indicator, TV,
following,

TVi
t(L) = log

(
TVi

t
TVi

t−(L−1)

)
(12)
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where TVi
t is the trading volume in month t; and L refers to the lag in months. A high (low) level of TVi

t(L)
suggests a high (low) level of investor sentiment. The second indicator, WR, refers to Williams’ %R, following,

WRit(L) = Pimax,t(L)− Pit
Pimax,t(L)− Pimin,t(L)

(13)

where Pimax,t(L) and P
i
min,t(L) denote the highest and the lowest stockmarket indices in stockmarket i during the

months from (t–(L–1)) to t, respectively. By definition, WRSit(L) varies between 0 and 1 when Pit is equivalent
to Pimax,t(L) and Pimin,t(L), respectively. A high (low) level of WRSit(L) indicates a low (high) level of investor
sentiment, and for consistency, therefore, we adopt the negative WRSit(L) in our analyses. The third indicator,
NH, is similar to WR, following,

NHi
t(L) = Pit

Pimax,t(L)
(14)

A high (low) level of NHi
t(L) suggests a high (low) level of investor sentiment. The fourth indicator, MOM, is a

momentum-based indicator, following,

MOMi
t(L) =

{
1 if Pit ≥ Pit−(L−1)
0 if Pit < Pit−(L−1)

(15)

One (zero) is assigned to MOMi
t(L) if the market index in month t is above (below) that in month (L–1),

denoting a high (low) level of investor sentiment. The above four indicators all have a lag parameter L, and
like Mai, Pukthuanthong, and Zhou (2022), we assign several values to L, including 5, 10, 20, 50, and 100, and
therefore, each of the four indicators has five sub-indicators. The fifth indicator is MA based on the moving
average rule, following,

MAi
t(s, l) =

{
1 if MAi

s,t ≥ MAi
l,t

0 if MAi
s,t < MAi

l,t
(16)

whereMAi
s,t andMAi

l,t denote the moving average of the market index from month (s–1) and (l–1) to month t,
respectively. We choose 10 and 20 for s to represent the short-period trend, while 50 and 100 for l to represent
the long-period trend, and there are four sub-indicators for MA as a result. One (zero) is assigned toMASit(s, l)
if the short-period moving average is above (below) the long-period moving average, indicating a high (low)
level of investor sentiment. And the sixth indictor, OBV, considers both market indices and trading volume, and
we first define,

Vi
t =

t∑
k=1

TVi
kD

i
k (17)

where TVi
k is the trading volume in month k, and Di

k is one (minus one) if Pik ≥ Pik−1 (P
i
k < Pik−1). We then

compute the short-term moving average and the long-term moving average followingMAV ,i
s,t = 1

s

s−1∑
k=0

Vi
t−k and

MAV ,i
l, t = 1

l

l−1∑
k=0

Vi
t−k, respectively. And we finally have,

OBVi
t(s, l) =

{
1 if MAV ,i

s,t ≥ MAV ,i
l,t

0 if MAV ,i
s,t < MAV ,i

l,t
(18)

We also adopt 10 and 20 for swhile 50 and 100 for l, and hencewe have four sub-indicators forOBV. Accordingly,
one (zero) is assigned toOBVi

t(s, l) if the short-period moving average is above (below) the long-period moving
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Table 10. Trade-based investor sentiment.

Months 1 2 3 6 12 24 36

Panel A. All markets
Overnight –0.022 –0.058 –0.126a –0.091a –0.046b –0.033 0.017
adj. R2 0.00 0.00 0.01 0.02 0.03 0.01 0.00
Intraday –0.040 –0.093 –0.166a –0.174a –0.164a –0.226a –0.194a

adj. R2 0.00 0.00 0.02 0.04 0.04 0.04 0.03
Difference (O – I) 0.018 0.034 0.039 0.082 0.118a 0.193a 0.211a

Panel B. Developed markets
Overnight –0.025 –0.055 –0.112b –0.095b –0.055c –0.048c 0.022
adj. R2 0.00 0.00 0.02 0.02 0.02 0.01 0.00
Intraday –0.038 –0.088 –0.148a –0.189a –0.236a –0.305a –0.265a

adj. R2 0.00 0.00 0.02 0.03 0.05 0.06 0.06
Difference (O – I) 0.014 0.034 0.037 0.094b 0.180a 0.257a 0.287a

Panel C. Emerging markets
Overnight –0.013 –0.062 –0.147a –0.085a –0.033 –0.005 –0.002
adj. R2 0.00 0.00 0.02 0.02 0.01 0.00 0.00
Intraday –0.055 –0.105b –0.209a –0.152c –0.109b –0.113a –0.082b

adj. R2 0.00 0.01 0.02 0.02 0.02 0.03 0.03
Difference (O – I) 0.041 0.043 0.062c 0.068c 0.075c 0.107b 0.080c

Notes: This table presents the panel regression results of using the composite trade-based investor sentiment proxy. The composite proxy extracts
the common information from 28 sub-indicators from six individual technical indicators, including trading volume ratio (TV), price-based
William’s %R (WR), nearness to a recent high (NH), momentum (MOM), moving average (MA), and on-balance volume (OBV), via the princi-
pal component analysis (PCA).

a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.

average, suggesting a high (low) level of investor sentiment. We in total have 28 sub-indicators from the six
individual investor sentiment indicators, and then,we employ the PCA to extract the commonvariation from the
28 sub-indicators and use the composite index as the trade-based proxy for investor sentiment. Results appear
in Table 10.

Our principal findings from the main tests are largely supported here. Investor sentiment significantly affects
stockmarket returns in the subsequent 3 to 12months overnight and 3 to 36months intraday for globalmarkets,
3 to 24 months overnight and 3 to 36 months intraday for developed markets, and 3 to 6 months overnight
and 2 to 36 months intraday for emerging markets. The impact is stronger intraday than overnight, from the
subsequent 12 to 36 months, 6 to 36 months, and 3 to 36 months for all, developed, and emerging markets,
respectively. Comparing the relations between developed and emerging markets, we still find that the impact is
more persistent in the former, mainly for overnight (up to 24 months in the former compared with 6 months
in the latter), while more prompt in the latter, mainly for intraday (from 2 months in the latter compared with
3 months in the former). This, therefore, provides us with confidence to confirm that the presented impact of
investor sentiment on stock market returns is not due to the selected proxy, but investor sentiment per se.

For global and emergingmarkets, theCCI can affect stockmarket returns in awider range of forecast horizons
than the trade-based compositemeasure, while for developedmarkets, the return predictability of the composite
measure appears to be stronger in the short term but not so in the long term. This is also confirmed by the
incremental change in adjusted R2s due to the addition of the two investor sentiment types. It is, therefore, less
clear in terms of which investor sentiment proxy, the survey-based CCI or the trade-based composite measure,
unconditionally performs better in return predictability, and at least from our results, it seems that the market
development may play a role. Despite this, it does not necessarily mean that the trade-based composite proxy is
inferior to the survey-based proxy in return predictability in the context of all and emerging markets, as return
predictability, as exhibited in our results, is subject to the sample markets. For the future research, as the trade-
based proxy proposed by Mai, Pukthuanthong, and Zhou (2022) is constructed by using only the market index
and trading volume, it can be widely employed for global stock markets especially in those where the survey-
based proxies, like the CCI, are unavailable. Also, the trade-based composite proxy provides great flexibility as
it can be used for both markets and firms,19 as well as for different intervals.



24 W. WANG

In addition to the trade-based investor sentiment proxies, some studies also adopt text-based proxies. Based
on the US stock market, for example, Mai, Pukthuanthong, and Zhou (2022) compare the return predictability
of the trade-based and the text-based investor sentiment measures, documenting that the former outperforms
the latter. Due to data availability and subscription, we, however, are unable to obtain such a proxy for our global
study with a total of 30 stock markets.20 Another crucial consideration is the global applicability and suitability
of the established text-based proxies. Here, we give three specific examples.

First, Mai, Pukthuanthong, and Zhou (2022) adopt the Refinitiv MarketPsych Indices (RMI) that were con-
structed only based on English-language texts before February 2020. In other words, in our sample periods up
to December 2018, only English texts were included for RMI construction, suggesting that RMI might not be a
suitable measure for our global study with most of the sample markets not using English as the first or official
language. While ‘the most critical’ news are also often published in English and ‘informed traders’ likely post
news in English (Mai, Pukthuanthong, and Zhou 2022, 7), it might still cause selection biases in non-English
speaking sample markets, especially in the emerging ones where investors are more likely to be uninformed and
hence, to react to less critical news or even noise (Morck, Yeung, and Yu 2000), calling the representativeness of
the selected sample used for RMI construction into question.

Second, Financial and Economic Attitudes Revealed by Search (FEARS) using Google Search Volume Index
(SVI) data has been confirmed to be an excellent investor sentiment proxy in theUS stockmarket (Da, Engelberg,
and Gao 2015); however, Google’s share of search traffic is in excess of 80% in the US but is also below 10% in
China,21 a key emerging stockmarket in a global study (see, also,Wang, Su, andDuxbury 2022). In addition, the
words reflecting investor sentiment, i.e. optimism and pessimism, may vary across markets, and a valid cross-
market, or global, benchmark appears to bemissing at themoment. For example, the commonly used dictionary
in the text analytics literature in finance is Harvard IV-4Dictionary but it is primarily used in theUSmarket (Da,
Engelberg, and Gao 2015; Price et al. 2012; Tetlock 2007; Tetlock, Saar-Tsechansky, andMacskassy 2008), rather
than other markets, especially the emerging ones. In addition, Loughran and McDonald (2011) cast doubt on
the use of the Harvard Dictionary, since 73.8%, nearly three-fourths, of the negative words as per the Harvard
list are attributable to words that are normally not negative in a financial context.

Third, Renault (2017) constructs investor sentiment proxies based onmessages published on the socialmedia
platform StockTwits (see, also, Karampatsas et al. 2023). Traffic to stocktwits.com by country shows the US
leads the way with 69.18% of traffic, with Canada (7.12%) and Germany (2.98%) a distant second and third,
respectively,22 implying that StockTwits might not be a well representative investor sentiment indicator in the
non-US stock markets.

6.2. Out-of-sample predictability

In this subsection, we extend our tests to the out-of-sample predictability. Since we show from the main analy-
ses that the impact of investor sentiment on stock market returns is stronger intraday than overnight, here we
check if investor sentiment also holds stronger out-of-sample predictability to intraday returns than overnight
returns.23

As reported in Table 1, developed stock markets usually have longer sample periods than emerging counter-
parts, so to avoid the results of the initial estimation period to be dominantly driven by the former, we separately
investigate the two types of markets. The issue may also appear within developed or emerging stock markets,
so we apply the same dataset as we do in Panel B of Table 5, i.e. January 2000 for developed stock markets and
January 2006 for emerging ones, given that a more balanced dataset as employed in Panel B of Table 5 generates
similar results with the full dataset. Finally, to ensure our forecast evaluation period to have a relatively large
proportion of the entire available sample (Hansen and Timmermann 2012; Rossi and Inoue 2012), we use data
from January 2000 to December 2007 and from January 2006 to December 2010 for developed and emerging
stock markets, respectively. Accordingly, the forecast evaluation period spans from January 2008 to December
2018 and from January 2011 to December 2018 for developed and emerging stock markets, respectively. Results
in Table 11 present the mean absolute percentage errors (MAPEs), and we observe that the MAPEs are lower in
intraday than overnight, suggesting a stronger out-of-sample predictability of investor sentiment to stockmarket
returns intraday than overnight, confirming our previous in-sample results.
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Table 11. Out-of-sample tests.

Months 1 2 3 6 12 24 36

Panel A. Developed markets
Overnight 7.412 8.789 9.620 7.700 6.161 5.945 4.504
Intraday 3.241 3.538 3.326 4.084 3.965 3.694 3.332

Panel B. Emerging markets
Overnight 8.113 7.329 4.651 9.971 10.085 9.410 9.135
Intraday 2.097 2.090 2.146 2.059 2.529 3.294 2.158

Notes: This table presents the mean absolute percentage errors (MAPEs) from the out-of-sample tests. For developed and emerging
stockmarkets, the startingmonths are January 2000 and January 2006, respectively. To ensure our forecast evaluationperiod to have
a relatively large proportion of the entire available sample (Hansen and Timmermann 2012; Rossi and Inoue 2012), we use data from
January 2000 to December 2007 and from January 2006 to December 2010 for developed and emerging stockmarkets, respectively.
Accordingly, the forecast evaluation period spans from January 2008 to December 2018 and from January 2011 to December 2018
for developed and emerging stock markets, respectively.

Table 12. Daily data.

Months 1 2 3 4 5

Panel A. All markets
Overnight 0.001 0.001 0.001 0.006 0.006
Intraday –0.018a –0.014a –0.013a –0.009a –0.008a

Difference (O – I) 0.019a 0.014 0.013 0.015a 0.014a

Panel B. Developed markets
Overnight 0.013 0.005 0.003 0.007 0.006
Intraday –0.017a –0.013a –0.013a –0.009b –0.008b

Difference (O – I) 0.030a 0.017b 0.016b 0.016a 0.013b

Panel C. Emerging markets
Overnight –0.017a –0.006 –0.003 0.005 0.006
Intraday –0.021a –0.016a –0.012a –0.007a –0.007a

Difference (O – I) 0.004 0.009 0.009 0.012c 0.014b

Notes: This table presents the panel regression results at the daily interval. Investor sentiment is proxied by the
composite trade-based investor sentiment measure. We control for lagged market returns (up to five lags), the
detrended short-term interest rate, and dividend yield, and following Da, Engelberg, and Gao (2015), we test the
impact of investor sentiment on stock market returns from day (t+ 1) to (t+ 5).

a, b, and c represent statistical significance at the 1%, 5%, and 10% level, respectively.

6.3. Daily data

In our main analyses, we emphasize the impact of investor sentiment on stock market returns in the long run
from the subsequent 1 to 36months. Some studies also use daily data and examine the sentiment-return relation
in the short run (e.g. Da, Engelberg, and Gao 2015; Mai, Pukthuanthong, and Zhou 2022; Obaid and Pukthuan-
thong 2022). Here, we test the short-run impact of investor sentiment by employing daily data, and we adopt
the composite trade-based investor sentiment proxy, as explained in Subsection 6.1, but construct it at the daily
interval as Mai, Pukthuanthong, and Zhou (2022).

Slightly different from Equation (7) that is designed for the monthly interval as we run in the main analyses,
for the daily interval regression we control for lagged market returns (up to five lags), the detrended short-term
interest rate, and dividend yield, and following Da, Engelberg, and Gao (2015), we test the impact of investor
sentiment on stock market returns from day (t+ 1) to (t+ 5).

Results reported in Table 12 reveal that at the global level, there is a negative sentiment-return relation intra-
day, from the subsequent first to the fifth days, but not overnight. The difference in the impact between overnight
and intraday is significant on the first, the fourth, and the fifth days, supporting our conclusions drawn from
the monthly tests that overnight traders tend to be more rational than the intraday counterparts and hence, one
would observe a stronger impact of investor sentiment intraday than overnight. The sentiment-return relation
in developed and emerging markets is similar to that at the global level. In developed markets, there is a neg-
ative impact from the first to the fifth days, but no impact overnight, while in emerging markets, the negative
impact is present from the first to the fifth days intraday, and on the first day overnight. The difference in the
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impact overnight and intraday is significant from the first to the fifth days and from the fourth to the fifth days
in developed and emerging markets, respectively.

Our results are in line with a number of prior studies. Da, Engelberg, and Gao (2015) document a positive
relation between FEARS and stock market returns. As FEARS is an inverse measure of investor sentiment, a
positive FEARS-return relation signifies a negative sentiment-return relation, supporting our results. Likewise,
Obaid and Pukthuanthong (2022) report a positive pessimism-return relation by adopting photo pessimism
sourced from the Wall Street Journal and Getty Images, also in line with our results. More recently, Mai, Puk-
thuanthong, and Zhou (2022) employ both trade-based and text-based investor sentimentmeasures, evidencing
a negative sentiment-return relation, as shown in our results. In addition to the consistency, for the first time,
we reveal that the negative sentiment-return relation is mainly driven by intraday, which appears to be different
from ourmain results derived from themonthly data that the negative sentiment-return relation is jointly driven
by intraday and overnight. Moreover, the forecast horizon in developed markets shown in Table 12 is compara-
ble with that in the US stock market as presented in Da, Engelberg, and Gao (2015), Obaid and Pukthuanthong
(2022), and Mai, Pukthuanthong, and Zhou (2022): In the US stock market, the negative sentiment-return rela-
tion is significant on the first and the second days in Da, Engelberg, and Gao (2015), on the first, the second,
and the fifth days in Obaid and Pukthuanthong (2022), and at least the first five days in Mai, Pukthuanthong,
and Zhou (2022), while in the developed markets as examined in our paper, the relation is significant for at least
the first five days as well.

7. Conclusion

In this paper, we examine the sentiment-return relation overnight and intraday based on 30 global stock mar-
kets. Empirical evidence reveals a negative sentiment-return for the subsequent 2 to 36months at the global level
both overnight and intraday, and more importantly, we note that the impact is significantly stronger intraday
than overnight for the subsequent 2 to 36 months, suggesting that the widely documented negative sentiment-
return relation is mainly driven by intraday traders. A similar pattern is also shown for developed and emerging
markets when the two market types are assessed separately, but meanwhile we report that the impact tends to
be more immediate in emerging markets (the subsequent 2 to 12 months for overnight returns and the sub-
sequent 1 to 36 months for intraday returns), while more persistent in developed markets (the subsequent 6
to 36 months for overnight and intraday returns). These findings are robust to a series of alternative empiri-
cal designs and specifications. The confirmation of the negative sentiment-return relation in non-trading and
trading hours reaffirms investor sentiment as a contrarian factor in predicting stock market returns. Then we
investigate individual stock markets and reveal that the sentiment-return relation varies across markets in terms
of both influence direction and magnitude, again, across overnight and intraday, indicating that the impact of
investor sentiment on stock market returns is market-specific.

To the extent that differences are revealed, we conduct cross-market analyses to explore the driving forces
of divergences in the impact of investor sentiment from the perspectives of cultural dimensions and market
integrity. Evidence reveals that both two perspectives induce heterogeneity in the sentiment-return relation,
and more importantly, we, for the first time, report that the influence can vary across non-trading and trading
hours. The implications of our results are twofold. First, different types of traders in stock markets tend to trade
at different times during the day (Hendershott, Livdan, and Rösch 2020; Lou, Polk, and Skouras 2019), and such
difference in trader types can be surprisingly considerable in that the influence of culture and market integrity,
which is deep-rooted, on their trading behaviors can be different, or even opposite. Second, the impact of cultural
dimensions and market integrity on financial relations could be more complex than we used to theorize, and
consequently, looking into the aggregate influence of the two aspects on financialmarkets without distinguishing
different times or clienteles might be misleading, and based on this, we call for that future studies applying the
two perspectives to explain financial markets or relations need to distinguish different time periods within each
trading day and clienteles.

In the end, we conduct three further analyses, evidencing that (i) the sentiment-return relation largely holds
when investor sentiment is measured by a trade-based composite proxy, and its return predictability is compara-
ble with the survey-based CCI; (ii) our finding that investor sentiment affects the intraday stock market returns
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more than the overnight ones is supported by the out-of-sample tests; and (iii) the negative sentiment-return
relation is also present when regressions are run at the daily interval.

Notes

1. See, Lou, Polk, and Skouras (2019), for details about the rationale behind the decomposition.
2. Measuring the persistence of intraday and overnight returns, Lou, Polk, and Skouras (2019, 195) further highlight that the

decomposition seems to be ‘natural’.
3. Aboody et al. (2018) accumulate weekly overnight returns as the average daily overnight returns for that week multiplied by 5,

i.e. an average approach. Wang (2021) accumulates monthly overnight returns as the average daily overnight multiplied by the
actual number of trading days of that month, i.e. a sum approach. Using the two approaches generates qualitatively consistent
results with our main multiplication approach as specified in Equations (3) and (4).

4. Some surveys, such as Directorate General for Economic and Financial Affairs in many European markets, apply ‘0’ as the
neutral value, i.e. that a positive (negative) value suggests investors’ optimism (pessimism). Some surveys, such as National
Bureau of Statistics in China, apply ‘100’ as the neutral value, while in trivial cases, such as Refinitiv/Ipsos in Canada, ‘50’ is
used as the neutral value.

5. See, Schmeling (2009), for details about employing the moving-block bootstrap to address the issue associated with the highly
persistent time series.

6. See, Appendix C of Schmeling (2009) for detailed discussion on the bias adjustments.
7. Using other block lengths, including 6, 10, and 12, does not affect our results.
8. For the tests of individual markets, we also employ the Newey andWest (1987) standard errors with different truncation param-

eters, such as T–1, 1.3T1/2, and T1/3 (see, e.g. Kostakis, Magdalinos, and Stamatogiannis 2015; Lazarus et al. 2018), does not
affect our results. This approach is also widely seen in this literature, such as Brown and Cliff (2004) andmore recently Kaivanto
and Zhang (2023). We thank one anonymous referee for this suggestion.

9. In addition to investor sentiment, some other factors can explain the different patterns of overnight and intraday returns, like
the institutional factors in Bogousslavsky (2021). Unfortunately, we are unable to extend the investigation to the global sample
due to data availability, and hence, we acknowledge this as a potential caveat in our paper.

10. The reduced sample includes Australia, Austria, Belgium, China, Croatia, Czech Republic, France, Germany, Hungary, Italy,
Japan, Luxembourg, Netherlands, Poland, Portugal, South Korea, Spain, Thailand, and the US. Examples of the ESI include
the Economic Sentiment Indicator reported by the DG ECFIN for all European markets and the Purchasing Manager Index
reported by Institute for Supply Management for the US (Bathia and Bredin 2013; Koutmos et al. 2018; Keiber and Samyschew
2019; Ibhagui 2021; McMillan 2021; Wang, Su, and Duxbury 2021; Clerides et al. 2022; Kaivanto and Zhang 2023).

11. OECD CCIs are sourced from Refinitiv and available for 24 stock markets in our sample, including Australia, Austria, Belgium,
Brazil, Canada, Chile, China, CzechRepublic, France, Germany,Hungary, Indonesia, Ireland, Italy, Japan, Luxembourg,Mexico,
Netherlands, Poland, Portugal, South Korea, Spain, Switzerland, and the US. The following two points worth noting here. First,
Canada OECD CCI data are available until December 2017, so we treat the period from January 2018 to December 2018 as
missing. Second, Indonesia OECD CCI data are available from December 2010, so we treat the period from June 2005 to
November 2010 as missing.

12. We adopt different return lags from 1 to 3, as well as the combination of lags 1 and 2, and lags 1, 2, and 3. Panel G of Table 5
reports results from lags 1, 2, and 3. Different specifications generate qualitatively similar results.

13. Accordingly, we remove the US from our test, making the number of all and developed markets of 29 and 14, respectively.
14. We are grateful to Prof. Geert Hofstede for making the data available at https://www.hofstede-insights.com.
15. As discussed above, Schmeling (2009) reveals that irrational trading is more related to CLT cultures due to overreaction while

Wang, Su, and Duxbury (2021) report the opposite that irrational trading is more linked to IDV cultures due to overconfidence.
Noting the contradictory conclusions, Wang, Su, and Duxbury (2021) conjecture that it could be due to their enlarged sample
including both developed and emerging stock markets, compared with Schmeling’s (2009) developed markets, significantly
extending the IDV scale. This confirms the importance of having extended cultural dimension scales, as embodied in our
sample.

16. For the recent adoption of the data in La Porta et al. (1998), see, Bilinski, Lyssimachou, and Walker (2013), Ahern, Daminelli,
and Fracassi (2015), Scharfstein (2018), and Wang and Duxbury (2021).

17. Some markets do not have all the seven indicators, so we remove them due to the PCA process.
18. We convert all daily frequency computations in Mai, Pukthuanthong, and Zhou (2022) to monthly.
19. While earlier studies of investor sentiment mainly examine the market-level, or market-wide, investor sentiment, the role of

firm-level, or firm-specific, investor sentiment grabs attention in more recent studies (see, e.g. Karampatsas et al. 2023; Guo,
Yin, and Zeng 2023).

20. We acknowledge this as a limitation of our paper and leave it to future studies.
21. https://www.statista.com/statistics/220534/googles-share-of-search-market-in-selected-countries, accessed on 9 May 2023.
22. https://www.similarweb.com/website/stocktwits.com/#overview, accessed on 9 April 2023.
23. See, Clark andWest (2007), Campbell and Thompson (2008), Welch and Goyal (2008), and Huang et al. (2015) for the benefits

of out-of-sample tests.

https://www.hofstede-insights.com
https://www.statista.com/statistics/220534/googles-share-of-search-market-in-selected-countries
https://www.similarweb.com/website/stocktwits.com/#overview


28 W. WANG

Acknowledgements
I thank Chris Adcock (the editor), an associate editor, and two reviewers for helpful comments during the review process. We are
grateful to Punita Datta Bhatt, Richard Fairchild, Tianqi Luo, DafyddMali, Kamrul Hassan Sunon, Nikolaos Tsileponis, participants
at the British Accounting & Finance Association Conference (2023) and Behavioural Finance Working Group Conference (2023)
for helpful comments. Responsibility for errors remains with the author.

Disclosure statement
No potential conflict of interest was reported by the author(s).

Notes on contributor

Wenzhao Wang is a Lecturer in Finance at the Business School, Edinburgh Napier University. His research interests lie in investor
sentiment and global stock markets. He publishes in internationally excellent journals such as Journal of Banking and Finance,
Journal of Empirical Finance, European Financial Management, Journal of Economic Behavior and Organization, and Economics
Letters.

References
Aboody, D., O. Even-Tov, R. Lehavy, and B. Trueman. 2018. “Overnight Returns and Firm-Specific Investor Sentiment.” Journal of

Financial and Quantitative Analysis 53 (2): 485–505. https://doi.org/10.1017/S0022109017000989.
Abreu, M., and V. Mendes. 2020. “Do Individual Investors Trade Differently in Different Financial Markets?” European Journal of

Finance 26 (13): 1253–1270. https://doi.org/10.1080/1351847X.2019.1709524.
Aggarwal, R., and J. W. Goodell. 2009. “Markets and Institutions in Financial Intermediation: National Characteristics as Determi-

nants.” Journal of Banking and Finance 33 (10): 1770–1780. https://doi.org/10.1016/j.jbankfin.2009.03.004.
Aggarwal, R., C. Kearney, and B. Lucey. 2012. “Gravity and Culture in Foreign Portfolio Investment.” Journal of Banking and Finance

36 (2): 525–538. https://doi.org/10.1016/j.jbankfin.2011.08.007.
Ahern, K. R., D. Daminelli, andC. Fracassi. 2015. “Lost in Translation? The Effect of Cultural Values onMergers Around theWorld.”

Journal of Financial Economics 117 (1): 165–189. https://doi.org/10.1016/j.jfineco.2012.08.006.
Altanlar, A., J. Guo, and P. Holmes. 2019. “Do Culture, Sentiment and Cognitive Dissonance Explain the ‘Above Suspicion’

Anomalies?” European Financial Management 25 (5): 1168–1195. https://doi.org/10.1111/eufm.12203.
An, Z., Z. Chen, D. Li, and L. Xing. 2018. “Individualism and Stock Price Crash Risk.” Journal of International Business Studies 49

(9): 1208–1236. https://doi.org/10.1057/s41267-018-0150-z.
Anderson, C.W., N. Fedenia, M. Hirschey, and H. Skiba. 2011. “Cultural Influences on Home Bias and International Diversification

by Institutional Investors.” Journal of Banking and Finance 35 (4): 916–934. https://doi.org/10.1016/j.jbankfin.2010.09.006.
Anderson, E. W., E. Ghysels, and J. L. Juergens. 2005. “Do Heterogeneous Beliefs Matter for Asset Pricing?” Review of Financial

Studies 18 (3): 875–924. https://doi.org/10.1093/rfs/hhi026.
Ang, A., and G. Bekaert. 2007. “Stock Return Predictability: Is It There?” Review of Financial Studies 20 (3): 651–707.

https://doi.org/10.1093/rfs/hhl021.
Ang, A., R. J. Hodrick, Y. Xing, and X. Zhang. 2009. “High Idiosyncratic Volatility and Low Returns: International and Further U.S.

Evidence.” Journal of Financial Economics 91 (1): 1–23. https://doi.org/10.1016/j.jfineco.2007.12.005.
Baker, M., and J. Wurgler. 2006. “Investor Sentiment and the Cross-Section of Stock Returns.” Journal of Finance 61 (4): 1645–1680.

https://doi.org/10.1111/j.1540-6261.2006.00885.x.
Baker, M., and J. Wurgler. 2007. “Investor Sentiment in the Stock Market.” Journal of Economic Perspectives 21 (2): 129–151.

https://doi.org/10.1257/jep.21.2.129.
Barber, B.M., and T. Odean. 2001. “BoysWill Be Boys: Gender, Overconfidence, andCommon Stock Investment.”Quarterly Journal

of Economics 116 (1): 261–292. https://doi.org/10.1162/003355301556400.
Basak, S. 2005. “Asset Pricing with Heterogeneous Beliefs.” Journal of Banking and Finance 29 (11): 2849–2881. https://doi.org/

10.1016/j.jbankfin.2005.02.003.
Bathia, D., and D. Bredin. 2013. “An Examination of Investor Sentiment Effect on G7 Stock Market Returns.” European Journal of

Finance 19 (9): 909–937. https://doi.org/10.1080/1351847X.2011.636834.
Bathia, D., and D. Bredin. 2018. “Investor Sentiment: Does It Augment the Performance of Asset Pricing Models?” International

Review of Financial Analysis 59:290–303. https://doi.org/10.1016/j.irfa.2018.03.014.
Bathia, D., D. Bredin, andD. Nitzsche. 2016. “International Sentiment Spillovers in Equity Returns.” International Journal of Finance

and Economics 21 (4): 332–359. https://doi.org/10.1002/ijfe.1549.
Baur, D. G. 2012. “Financial Contagion and the Real Economy.” Journal of Banking and Finance 36 (10): 2680–2692.

https://doi.org/10.1016/j.jbankfin.2011.05.019.
Beckmann, D., L.Menkhoff, andM. Suto. 2008. “Does Culture Influence AssetManagers’ Views and Behavior?” Journal of Economic

Behavior and Organization 67 (3–4): 624–643. https://doi.org/10.1016/j.jebo.2007.12.001.

https://doi.org/10.1017/S0022109017000989
https://doi.org/10.1080/1351847X.2019.1709524
https://doi.org/10.1016/j.jbankfin.2009.03.004
https://doi.org/10.1016/j.jbankfin.2011.08.007
https://doi.org/10.1016/j.jfineco.2012.08.006
https://doi.org/10.1111/eufm.12203
https://doi.org/10.1057/s41267-018-0150-z
https://doi.org/10.1016/j.jbankfin.2010.09.006
https://doi.org/10.1093/rfs/hhi026
https://doi.org/10.1093/rfs/hhl021
https://doi.org/10.1016/j.jfineco.2007.12.005
https://doi.org/10.1111/j.1540-6261.2006.00885.x
https://doi.org/10.1257/jep.21.2.129
https://doi.org/10.1162/003355301556400
https://doi.org/10.1016/j.jbankfin.2005.02.003
https://doi.org/10.1080/1351847X.2011.636834
https://doi.org/10.1016/j.irfa.2018.03.014
https://doi.org/10.1002/ijfe.1549
https://doi.org/10.1016/j.jbankfin.2011.05.019
https://doi.org/10.1016/j.jebo.2007.12.001


THE EUROPEAN JOURNAL OF FINANCE 29

Berkman, H., P. D. Koch, L. Tuttle, and Y. J. Zhang. 2012. “Paying Attention: Overnight Returns and the Hidden Cost of Buying at
the Open.” Journal of Financial and Quantitative Analysis 47 (4): 715–741. https://doi.org/10.1017/S0022109012000270.

Berrada, T. 2006. “Incomplete Information, Heterogeneity, and Asset Pricing.” Journal of Financial Econometrics 4 (1): 136–160.
https://doi.org/10.1093/jjfinec/nbj001.

Beugelsdijk, S., and B. Frijns. 2010. “ACultural Explanation of the Foreign Bias in International Asset Allocation.” Journal of Banking
and Finance 34 (9): 2121–2131. https://doi.org/10.1016/j.jbankfin.2010.01.020.

Bhamra, H. S., and R. Uppal. 2014. “Asset Prices with Heterogeneity in Preferences and Beliefs.” Review of Financial Studies 27 (2):
519–580. https://doi.org/10.1093/rfs/hht051.

Bhatta, B., A.Marshall, and C. Thapa. 2018. “Foreign Bias in Bond Portfolio Investments: The Role of Economic andNon-Economic
Factors and the Impact of the Global Financial and Sovereign Debt Crises.” European Journal of Finance 24 (7–8): 654–681.
https://doi.org/10.1080/1351847X.2017.1343199.

Bilinski, P., D. Lyssimachou, and M. Walker. 2013. “Target Price Accuracy: International Evidence.” Accounting Review 88 (3):
825–851. https://doi.org/10.2308/accr-50378.

Bogousslavsky, V. 2021. “The Cross-Section of Intraday and Overnight Returns.” Journal of Financial Economics 141 (1): 172–194.
https://doi.org/10.1016/j.jfineco.2020.07.020.

Boudoukh, J., R. Isarel, and M. Richardson. 2019. “Long-Horizon Predictability: A Cautionary Tale.” Financial Analyst Journal 75
(1): 17–30. https://doi.org/10.1080/0015198X.2018.1547056.

Boudoukh, J., R. Isarel, and M. Richardson. 2022. “Biases in Long-Horizon Predictive Regressions.” Journal of Financial Economics
145 (3): 937–969. https://doi.org/10.1016/j.jfineco.2021.09.013.

Boudoukh, J., M. Richardson, and R. F. Whitelaw. 2008. “The Myth of Long-Horizon Predictability.” Review of Financial Studies 21
(4): 1577–1605. https://doi.org/10.1093/rfs/hhl042.

Bova, F., andM. Vance. 2019. “Uncertainty Avoidance and the Timing of Employee Stock Option Exercise.” Journal of International
Business Studies 50 (5): 740–757. https://doi.org/10.1057/s41267-018-0157-5.

Boyd, J. H., R. Jagannathan, and J. Hu. 2005. “The StockMarket’s Reaction to Unemployment News:Why BadNews is Usually Good
for Stocks.” Journal of Finance 60 (2): 649–672. https://doi.org/10.1111/j.1540-6261.2005.00742.x.

Breuer, W., M. Riesener, and A. J. Salzmann. 2014. “Risk Aversion vs. Individualism: What Drives Risk Taking in Household
Finance?” European Journal of Finance 20 (5): 446–462. https://doi.org/10.1080/1351847X.2012.714792.

Britten-Jones, M., A. Neuberger, and I. Nolte. 2011. “Improved Inference in Regression with Overlapping Observations.” Journal of
Business Finance and Accounting 38 (5–6): 657–683. https://doi.org/10.1111/j.1468-5957.2011.02244.x.

Brown, G. W., and M. T. Cliff. 2004. “Investor Sentiment and the Near-Term Stock Market.” Journal of Empirical Finance 11 (1):
1–27. https://doi.org/10.1016/j.jempfin.2002.12.001.

Brown, G. W., and M. T. Cliff. 2005. “Investor Sentiment and Asset Valuation.” Journal of Business 78 (2): 405–440.
https://doi.org/10.1086/427633.

Cai, C. X., K. Keasey, P. Li, and Q. Zhang. 2018. “Nonlinear Effects of Market Development on Pricing Anomalies.” Working Paper.
University of Liverpool Management School.

Cai, T. T., and M. Qiu. 2008. “International Evidence on Overnight Return Anomaly.” Working Paper. Massey University.
Campbell, S. D., and F. X. Diebold. 2009. “Stock Return Predictability and Expected Business Conditions: Half a Century of Direct

Evidence.” Journal of Business and Economic Statistics 27 (2): 266–278. https://doi.org/10.1198/jbes.2009.0025.
Campbell, J. Y., and S. B. Thompson. 2008. “Predicting Excess Stock Returns Out of Sample: Can Anything Beat the Historical

Average?” Review of Financial Studies 21 (4): 1509–1531. https://doi.org/10.1093/rfs/hhm055.
Černe, M., M. Jaklič, and M. Škerlavaj. 2013. “Decoupling Management and Technological Innovations: Resolving the Individu-

alism–Collectivism Controversy.” Journal of International Management 19 (2): 103–117. https://doi.org/10.1016/j.intman.2013.
03.004.

Chabakauri, G. 2015. “Asset Pricing with Heterogeneous Preferences, Beliefs, and Portfolio Constraints.” Journal of Monetary
Economics 75:21–34. https://doi.org/10.1016/j.jmoneco.2014.11.012.

Chang, M. C. 2020. “Market Sentiment, Marketable Transactions, and Returns.” European Journal of Finance 26 (18): 1900–1925.
https://doi.org/10.1080/1351847X.2020.1792961.

Chelley-Steeley, P., N. Lambertides, and C. S. Savva. 2019. “Sentiment, Order Imbalance, and Co-Movement: An Exam-
ination of Shocks to Retail and Institutional Trading Activity.” European Financial Management 25 (1): 116–159.
https://doi.org/10.1111/eufm.12146.

Chen, N. F., R. Roll, and S. A. Ross. 1986. “Economic Forces and the Stock Market.” Journal of Business 59 (3): 383–403.
https://doi.org/10.1086/296344.

Choi, K. S. 2020. “National Culture and R&D Investments.” European Journal of Finance 26 (6): 500–531. https://doi.org/10.1080/
1351847X.2019.1697324.

Chui, A. C. W., and C. C. Y. Kwok. 2008. “National Culture and Life Insurance Consumption.” Journal of International Business
Studies 39 (1): 88–101. https://doi.org/10.1057/palgrave.jibs.8400316.

Chui, A. C. W., S. Titman, and K. C. J. Wei. 2010. “Individualism and Momentum Around the World.” Journal of Finance 65 (1):
361–392. https://doi.org/10.1111/j.1540-6261.2009.01532.x.

Clark, T. E., and K. D. West. 2007. “Approximately Normal Tests for Equal Predictive Accuracy in Nested Models.” Journal of
Econometrics 138 (1): 291–311. https://doi.org/10.1016/j.jeconom.2006.05.023.

https://doi.org/10.1017/S0022109012000270
https://doi.org/10.1093/jjfinec/nbj001
https://doi.org/10.1016/j.jbankfin.2010.01.020
https://doi.org/10.1093/rfs/hht051
https://doi.org/10.1080/1351847X.2017.1343199
https://doi.org/10.2308/accr-50378
https://doi.org/10.1016/j.jfineco.2020.07.020
https://doi.org/10.1080/0015198X.2018.1547056
https://doi.org/10.1016/j.jfineco.2021.09.013
https://doi.org/10.1093/rfs/hhl042
https://doi.org/10.1057/s41267-018-0157-5
https://doi.org/10.1111/j.1540-6261.2005.00742.x
https://doi.org/10.1080/1351847X.2012.714792
https://doi.org/10.1111/j.1468-5957.2011.02244.x
https://doi.org/10.1016/j.jempfin.2002.12.001
https://doi.org/10.1086/427633
https://doi.org/10.1198/jbes.2009.0025
https://doi.org/10.1093/rfs/hhm055
https://doi.org/10.1016/j.intman.2013.03.004
https://doi.org/10.1016/j.jmoneco.2014.11.012
https://doi.org/10.1080/1351847X.2020.1792961
https://doi.org/10.1111/eufm.12146
https://doi.org/10.1086/296344
https://doi.org/10.1080/1351847X.2019.1697324
https://doi.org/10.1057/palgrave.jibs.8400316
https://doi.org/10.1111/j.1540-6261.2009.01532.x
https://doi.org/10.1016/j.jeconom.2006.05.023


30 W. WANG

Clerides, S., S. I. Krokida, N. Lambertides, and D. Tsouknidis. 2022. “What Matters for Consumer Sentiment in the Euro Area?
World Crude Oil Price or Retail Gasoline Price?” Energy Economics 105:105743. https://doi.org/10.1016/j.eneco.2021.105743.

Cliff, M., M. Cooper, and H. Gulen. 2008. “Return Differences Between Trading and Non-Trading Hours: Like Night and Day.”
Working Paper. Virginia Tech. https://doi.org/10.2139/ssrn.1004081.

Coakley, J., G. Dotsis, X. Liu, and J. Zhai. 2014. “Investor Sentiment and Value and Growth Stock Index Options.” European Journal
of Finance 20 (12): 1211–1229. https://doi.org/10.1080/1351847X.2013.779290.

Constantinides, G. M., and D. Duffie. 1996. “Asset Pricing with Heterogeneous Consumers.” Journal of Political Economy 104 (2):
219–240. https://doi.org/10.1086/262023.

Coval, J. D., and T. J. Moskowitz. 1999. “Home Bias at Home: Local Equity Preference in Domestic Portfolios.” Journal of Finance
54 (6): 2045–2073. https://doi.org/10.1111/0022-1082.00181.

Da, Z., J. Engelberg, and P. Gao. 2011. “In Search of Attention.” Journal of Finance 66 (5): 1461–1499. https://doi.org/10.1111/j.1540-
6261.2011.01679.x.

Da, Z., J. Engelberg, and P. Gao. 2015. “The Sum of All FEARS Investor Sentiment and Asset Prices.” Review of Financial Studies 28
(1): 1–32. https://doi.org/10.1093/rfs/hhu072.

Dang, M., V. A. Hoang, E. Jones, D. Henry, P. U. Le, and P. Puwanenthiren. 2022. “Country Uncertainty, Power Distance, and
Payment Methods in Acquisitions.” European Journal of Finance 28 (16): 1541–1570. https://doi.org/10.1080/1351847X.2021.
1971731.

De Long, J. B., A. Shleifer, L. H. Summers, and R. J. Waldmann. 1990. “Noise Trader Risk in Financial Markets.” Journal of Political
Economy 98 (4): 703–738. https://doi.org/10.1086/261703.

Derrien, F., and A. Kecskés. 2009. “How Much Does Investor Sentiment Really Matter for Equity Issuance Activity?” European
Financial Management 15 (4): 787–813. https://doi.org/10.1111/j.1468-036X.2008.00476.x.

Dimpfl, T., and S. Jank. 2016. “Can Internet Search Queries Help to Predict Stock Market Volatility?” European Financial
Management 22 (2): 171–192. https://doi.org/10.1111/eufm.12058.

Ding, W., K. Mazouz, and Q.Wang. 2019. “Investor Sentiment and the Cross-Section of Stock Returns: New Theory and Evidence.”
Review of Quantitative Finance and Accounting 53 (2): 493–525. https://doi.org/10.1007/s11156-018-0756-z.

Ding, W., K. Mazouz, and Q. Wang. 2021. “Volatility Timing, Sentiment, and the Short-Term Profitability of VIX-Based Cross-
Sectional Trading Strategies.” Journal of Empirical Finance 63:42–56. https://doi.org/10.1016/j.jempfin.2021.05.003.

Dou, P., C. Truong, andM.Veeraraghavan. 2015. “Individualism, Uncertainty Avoidance, and EarningsMomentum in International
Markets.” Contemporary Accounting Research 33:851–881. https://doi.org/10.1111/1911-3846.12155.

Eun, C. S., L. Wang, and S. C. Xiao. 2015. “Culture and R2.” Journal of Financial Economics 115 (2): 283–303.
https://doi.org/10.1016/j.jfineco.2014.09.003.

Feng, L., and M. S. Seasholes. 2005. “Do Investor Sophistication and Trading Experience Eliminate Behavioral Biases in Financial
Markets?” Review of Finance 9 (3): 305–351. https://doi.org/10.1007/s10679-005-2262-0.

Ferreira, M. A., A. Keswani, A. Miguel, and S. B. Ramos. 2012. “The Flow-Performance Relationship Around the World.” Journal
of Banking and Finance 36 (6): 1759–1780. https://doi.org/10.1016/j.jbankfin.2012.01.019.

Ferson, W. E., S. Sarkissian, and T. T. Simin. 2003. “Spurious Regression in Financial Economics.” Journal of Finance 58 (4):
1393–1413. https://doi.org/10.1111/1540-6261.00571.

Fisher, K. L., and M. Statman. 2000. “Investor Sentiment and Stock Returns.” Financial Analysts Journal 56 (2): 16–23.
https://doi.org/10.2469/faj.v56.n2.2340.

French, K. R. 1980. “Stock Returns and the Weekend Effect.” Journal of Financial Economics 8 (1): 55–69. https://doi.org/10.1016/
0304-405X(80)90021-5.

French, K. R., and R. Roll. 1986. “Stock Return Variances: The Arrival of Information and the Reaction of Traders.” Journal of
Financial Economics 17 (1): 5–26. https://doi.org/10.1016/0304-405X(86)90004-8.

Galariotis, E., and K. Karagiannis. 2021. “Cultural Dimensions, Economic Policy Uncertainty, and Momentum Investing: Interna-
tional Evidence.” European Journal of Finance 27 (10): 976–993. https://doi.org/10.1080/1351847X.2020.1782959.

Gao, L., and S. Süss. 2015. “Market Sentiment in Commodity Futures Returns.” Journal of Empirical Finance 33:84–103.
https://doi.org/10.1016/j.jempfin.2015.07.001.

García-Gómez, C. D., E. Demir, and J. M. Díez-Esteban. 2022. “Corruption, National Culture and Corporate Investment: European
Evidence.” European Journal of Finance. https://doi.org/10.1080/1351847X.2022.2147443.

Gârleanu, N., and S. Panageas. 2015. “Young, Old, Conservative, and Bold: The Implications of Heterogeneity and Finite Lives for
Asset Pricing.” Journal of Political Economy 123 (3): 670–685. https://doi.org/10.1086/680996.

Gelfand, M. J., M. Higgins, F. Murakami, S. Yamaguchi, L. H. Nishii, J. L. Raver, and A. Dominguez. 2002. “Culture
and Egocentric Perceptions of Fairness in Conflict and Negotiation.” Journal of Applied Psychology 87 (5): 833–845.
https://doi.org/10.1037/0021-9010.87.5.833.

Gonçalves, S., and H. White. 2005. “Bootstrap Standard Error Estimates for Linear Regression.” Journal of the American Statistical
Association 100 (471): 970–979. https://doi.org/10.1198/016214504000002087.

Greenwood, R., and A. Shleifer. 2014. “Expectations of Returns and Expected Returns.” Review of Financial Studies 27 (3): 714–746.
https://doi.org/10.1093/rfs/hht082.

Griffin, J. M., X. Ji, and J. S. Martin. 2003. “Momentum Investing and Business Cycle Risk: Evidence from Pole to Pole.” Journal of
Finance 58 (6): 2515–2547. https://doi.org/10.1046/j.1540-6261.2003.00614.x.

https://doi.org/10.1016/j.eneco.2021.105743
https://doi.org/10.2139/ssrn.1004081
https://doi.org/10.1080/1351847X.2013.779290
https://doi.org/10.1086/262023
https://doi.org/10.1111/0022-1082.00181
https://doi.org/10.1111/j.1540-6261.2011.01679.x
https://doi.org/10.1093/rfs/hhu072
https://doi.org/10.1080/1351847X.2021.1971731
https://doi.org/10.1086/261703
https://doi.org/10.1111/j.1468-036X.2008.00476.x
https://doi.org/10.1111/eufm.12058
https://doi.org/10.1007/s11156-018-0756-z
https://doi.org/10.1016/j.jempfin.2021.05.003
https://doi.org/10.1111/1911-3846.12155
https://doi.org/10.1016/j.jfineco.2014.09.003
https://doi.org/10.1007/s10679-005-2262-0
https://doi.org/10.1016/j.jbankfin.2012.01.019
https://doi.org/10.1111/1540-6261.00571
https://doi.org/10.2469/faj.v56.n2.2340
https://doi.org/10.1016/0304-405X(80)90021-5
https://doi.org/10.1016/0304-405X(86)90004-8
https://doi.org/10.1080/1351847X.2020.1782959
https://doi.org/10.1016/j.jempfin.2015.07.001
https://doi.org/10.1080/1351847X.2022.2147443
https://doi.org/10.1086/680996
https://doi.org/10.1037/0021-9010.87.5.833
https://doi.org/10.1198/016214504000002087
https://doi.org/10.1093/rfs/hht082
https://doi.org/10.1046/j.1540-6261.2003.00614.x


THE EUROPEAN JOURNAL OF FINANCE 31

Griffin, J.M., P. J. Kelly, and F.Nardari. 2010. “DoMarket EfficiencyMeasures Yield Correct Inferences? AComparison ofDeveloped
and Emerging Markets.” Review of Financial Studies 23 (8): 3225–3277. https://doi.org/10.1093/rfs/hhq044.

Grinblatt, M., and M. Keloharju. 2000. “The Investment Behavior and Performance of Various Investor Types: A Study of Finland’s
Unique Data Set.” Journal of Financial Economics 55 (1): 43–67. https://doi.org/10.1016/S0304-405X(99)00044-6.

Grinblatt, M., and M. Keloharju. 2001. “How Distance, Language, and Culture Influence Stockholdings and Trades.” Journal of
Finance 56 (3): 1053–1074. https://doi.org/10.1111/0022-1082.00355.

Guiso, L., P. Sapienza, and L. Zingales. 2008. “Trusting the Stock Market.” Journal of Finance 63 (6): 2557–2600.
https://doi.org/10.1111/j.1540-6261.2008.01408.x.

Guo, J., and P. Holmes. 2022. “DoesMarket OpennessMitigate the Impact of Culture? An Examination of InternationalMomentum
Profits and Post-Earnings-Announcement Drift.” Journal of International Financial Markets, Institutions and Money 76:101464.
https://doi.org/10.1016/j.intfin.2021.101464.

Guo, J., Y. Li, and M. Zheng. 2019. “Bottom-Up Sentiment and Return Predictability of the Market Portfolio.” Finance Research
Letters 29:57–60. https://doi.org/10.1016/j.frl.2019.03.008.

Guo, H., C. Yin, and Y. Zeng. 2023. “How Does Firm-Specific Investor Sentiment Affect the Value of Corporate Cash Holdings?”
British Journal of Management 34 (1): 410–441. https://doi.org/10.1111/1467-8551.12602.

Hansen, P. R., and A. Timmermann. 2012. “Choice of Sample Split in Out-of-Sample Forecast Evaluation.” Working Paper.
University of California at San Diego.

Harrison, J. M., and D. M. Kreps. 1978. “Speculative Investor Behavior in a Stock Market with Heterogeneous Expectations.”
Quarterly Journal of Economics 92 (2): 323–336. https://doi.org/10.2307/1884166.

Heine, S. J., and D. R. Lehman. 1995. “Cultural Variation in Unrealistic Optimism: Does the West Feel More Vulnerable Than the
East?” Journal of Personality and Social Psychology 68 (4): 595–607. https://doi.org/10.1037/0022-3514.68.4.595.

Heine, S. J., D. R. Lehman, H. R. Markus, and S. Kitayama. 1999. “Is There a Universal Need for Positive Self-Regard?” Psychological
Review 106 (4): 766–794. https://doi.org/10.1037/0033-295X.106.4.766.

Hendershott, T., D. Livdan, and D. Rösch. 2020. “Asset Pricing: A Tale of Night and Day.” Journal of Financial Economics 138 (3):
635–662. https://doi.org/10.1016/j.jfineco.2020.06.006.

Hjalmarsson, E. 2010. “Predicting Global Stock Returns.” Journal of Financial and Quantitative Analysis 45 (1): 49–80.
https://doi.org/10.1017/S0022109009990469.

Hodrick, R. J. 1992. “Dividend Yields and Expected Stock Returns: Alternative Procedures for Inference andMeasurement.” Review
of Financial Studies 5 (3): 357–386. https://doi.org/10.1093/rfs/5.3.351.

Hofstede, G. 1983. “The Cultural Relativity of Organizational Practices and Theories.” Journal of International Business Studies 14
(2): 75–89. https://doi.org/10.1057/palgrave.jibs.8490867.

Hofstede, G. 2001. Culture’s Consequences: Comparing Values, Behaviors, Institutions, and Organizations Across Nations. Beverly
Hills: Sage Publication.

Hofstede, G., and M. H. Bond. 1988. “The Confucius Connection: From Cultural Roots to Economic Growth.” Organizational
Dynamics 16 (4): 5–21. https://doi.org/10.1016/0090-2616(88)90009-5.

Hofstede, G., G. J. Hofstede, and M. Minkov. 2010. Cultures and Organizations: Software of the Mind. New York: McGraw-Hill.
Hong, H., W. Torous, and R. Valkanov. 2007. “Do Industries Lead Stock Markets?” Journal of Financial Economics 83 (2): 367–396.

https://doi.org/10.1016/j.jfineco.2005.09.010.
Huang, D., F. Jiang, J. Tu, and G. Zhou. 2015. “Investor Sentiment Aligned: A Powerful Predictor of Stock Returns.” Review of

Financial Studies 28 (3): 791–837. https://doi.org/10.1093/rfs/hhu080.
Ibhagui, O. 2021. “Inflation Differential as a Driver of Cross-Currency Basis Swap Spreads.” European Journal of Finance 27 (6):

510–536. https://doi.org/10.1080/1351847X.2020.1824928.
Jacobs, H. 2016. “Market Maturity and Mispricing.” Journal of Financial Economics 122 (2): 270–287. https://doi.org/10.1016/

j.jfineco.2016.01.030.
Ji, J., H. Peng, H. Sun, and H. Xu. 2021. “Board Tenure Diversity, Culture and Firm Risk: Cross-Country Evidence.” Journal of

International Financial Markets, Institutions and Money 70:101276. https://doi.org/10.1016/j.intfin.2020.101276.
Kadilli, A. 2015. “Predictability of Stock Returns of Financial Companies and the Role of Investor Sentiment: A Multi-Country

Analysis.” Journal of Financial Stability 21:26–45. https://doi.org/10.1016/j.jfs.2015.09.004.
Kaivanto, K., and P. Zhang. 2019. “Investor Sentiment as a Predictor of Market Returns.” Working Paper. Lancaster University

Management School.
Kaivanto, K., and P. Zhang. 2023. “Is Business Formation Driven by Sentiment or Fundamentals?” European Journal of Finance 29

(13): 1493–1519. https://doi.org/10.1080/1351847X.2022.2038648.
Kanagaretnam, K., C. Y. Lim, and G. J. Lobo. 2011. “Effects of National Culture on Earnings Quality of Banks.” Journal of

International Business Studies 42 (6): 853–874. https://doi.org/10.1057/jibs.2011.26.
Karampatsas, N., S. Malekpour, A. Mason, and C. P. Mavis. 2023. “Twitter Investor Sentiment and Corporate Earnings Announce-

ments.” European Financial Management 29 (3): 953–986. https://doi.org/10.1111/eufm.12384.
Keiber, K. L., and H. Samyschew. 2019. “The Pricing of Sentiment Risk in European Stock Markets.” European Journal of Finance

25 (3): 279–302. https://doi.org/10.1080/1351847X.2018.1521340.
Kelly, M., and S. Clark. 2011. “Returns in Trading Versus Non-Trading Hours: The Difference is Day and Night.” Journal of Asset

Management 12 (2): 132–145. https://doi.org/10.1057/jam.2011.2.

https://doi.org/10.1093/rfs/hhq044
https://doi.org/10.1016/S0304-405X(99)00044-6
https://doi.org/10.1111/0022-1082.00355
https://doi.org/10.1111/j.1540-6261.2008.01408.x
https://doi.org/10.1016/j.intfin.2021.101464
https://doi.org/10.1016/j.frl.2019.03.008
https://doi.org/10.1111/1467-8551.12602
https://doi.org/10.2307/1884166
https://doi.org/10.1037/0022-3514.68.4.595
https://doi.org/10.1037/0033-295X.106.4.766
https://doi.org/10.1016/j.jfineco.2020.06.006
https://doi.org/10.1017/S0022109009990469
https://doi.org/10.1093/rfs/5.3.351
https://doi.org/10.1057/palgrave.jibs.8490867
https://doi.org/10.1016/0090-2616(88)90009-5
https://doi.org/10.1016/j.jfineco.2005.09.010
https://doi.org/10.1093/rfs/hhu080
https://doi.org/10.1080/1351847X.2020.1824928
https://doi.org/10.1016/j.jfineco.2016.01.030
https://doi.org/10.1016/j.intfin.2020.101276
https://doi.org/10.1016/j.jfs.2015.09.004
https://doi.org/10.1080/1351847X.2022.2038648
https://doi.org/10.1057/jibs.2011.26
https://doi.org/10.1111/eufm.12384
https://doi.org/10.1080/1351847X.2018.1521340
https://doi.org/10.1057/jam.2011.2


32 W. WANG

Kostakis, A., T.Magdalinos, andM. P. Stamatogiannis. 2015. “Robust Econometric Inference for StockReturn Predictability.”Review
of Financial Studies 28 (5): 1506–1553. https://doi.org/10.1093/rfs/hhu139.

Koutmos, D., K. Bozos, D. Dionysiou, and N. Lambertides. 2018. “The Timing of New Corporate Debt Issues and the Risk-Return
Tradeoff.” Review of Quantitative Finance and Accounting 50:943–978. https://doi.org/10.1007/s11156-017-0651-z.

Kräussl, R., and E.Mirgorodskaya. 2017. “Media, Sentiment andMarket Performance in the Long Run.” European Journal of Finance
23 (11): 1059–1082. https://doi.org/10.1080/1351847X.2016.1226188.

Kumar, A., and C. M. C. Lee. 2006. “Retail Investor Sentiment and Return Comovements.” Journal of Finance 61 (5): 2451–2486.
https://doi.org/10.1111/j.1540-6261.2006.01063.x.

Kwok, C. C. Y., and S. Tadesse. 2006. “National Culture and Financial Systems.” Journal of International Business 37 (2): 227–247.
https://doi.org/10.1057/palgrave.jibs.8400188.

Lamont, O. A. 2001. “Economic Tracking Portfolios.” Journal of Econometrics 105 (1): 161–184. https://doi.org/10.1016/S0304-4076
(01)00074-4.

La Porta, R., F. Lopez-de-Silanes, A. Shleifer, and R. W. Vishny. 1998. “Law and Finance.” Journal of Political Economy 106 (6):
1113–1155. https://doi.org/10.1086/250042.

Lazarus, E., D. J. Lewis, J. H. Stock, and M. W. Watson. 2018. “HAR Inference: Recommendations for Practice.” Journal of Business
and Economic Statistics 36 (4): 541–559. https://doi.org/10.1080/07350015.2018.1506926.

Lee, C. M. C., and B. Swaminathan. 2002. “Price Momentum and Trading Volume.” Journal of Finance 55 (5): 2017–2069.
https://doi.org/10.1111/0022-1082.00280.

Lemmon, M., and E. Portniaguina. 2006. “Consumer Confidence and Asset Prices: Some Empirical Evidence.” Review of Financial
Studies 19 (4): 1499–1529. https://doi.org/10.1093/rfs/hhj038.

Levis, M., Y. G. Muradoğlu, and K. Vasileva. 2016. “Home Bias Persistence in Foreign Direct Investments.” European Journal of
Finance 22 (8–9): 782–802. https://doi.org/10.1080/1351847X.2015.1019640.

Li, K., D. Griffin, H. Yue, and L. Zhao. 2013. “How Does Culture Influence Corporate Risk-Taking?” Journal of Corporate Finance
23:1–22. https://doi.org/10.1016/j.jcorpfin.2013.07.008.

Lou, D., C. Polk, and S. Skouras. 2019. “A Tug ofWar: Overnight Versus Intraday Expected Returns.” Journal of Financial Economics
134 (1): 192–213. https://doi.org/10.1016/j.jfineco.2019.03.011.

Loughran, T., and B. McDonald. 2011. “When Is a Liability Not a Liability? Textual Analysis, Dictionaries, and 10-Ks.” Journal of
Finance 66 (1): 35–65. https://doi.org/10.1111/j.1540-6261.2010.01625.x.

Lundeberg, M. A., P. W. Fox, and J. Punćcohaŕ. 1994. “Highly Confident but Wrong: Gender Differences and Similarities in
Confidence Judgments.” Journal of Educational Psychology 86 (1): 114–121. https://doi.org/10.1037/0022-0663.86.1.114.

Machokoto,M., D. Gyimah, and B.M. Ibrahim. 2022. “The Evolution of Trade Credit: New Evidence fromDeveloped Versus Devel-
oping Countries.” Review of Quantitative Finance and Accounting 59 (3): 857–912. https://doi.org/10.1007/s11156-022-01061-z.

Madan, S., K. Savani, and C. S. Katsikeas. 2022. “Privacy Please: Power Distance and People’s Responses to Data Breaches Across
Countries.” Journal of International Business Studies 54: 731–754. https://doi.org/10.1057/s41267-022-00519-5.

Mai,D., K. Pukthuanthong, andG. Zhou. 2022. “Investor Sentiment andAsset Returns: Actions Speak Louder thanWords.”Working
Paper. University of Missouri-Columbia.

Markus, H. R., and S. Kitayama. 1991. “Culture and the Self: Implications for Cognition, Emotion, and Motivation.” Psychological
Review 98 (2): 224–253. https://doi.org/10.1037//0033-295x.98.2.224.

McMillan, D. G. 2021. “Forecasting U.S. Stock Returns.” European Journal of Finance 27 (1–2): 86–109. https://doi.org/10.1080/
1351847X.2020.1719175.

Minkov, M. 2011. Cultural Differences in a Globalizing World. Bingley: Emerald Group Publishing.
Møller, S. V., H. Nørholm, and J. Rangvid. 2014. “Consumer Confidence or the Business Cycle: What Matters More for European

Expected Returns?” Journal of Empirical Finance 28:230–248. https://doi.org/10.1016/j.jempfin.2014.07.004.
Morck, R., B. Yeung, andW. Yu. 2000. “The Information Content of Stock Markets: Why Do Emerging Markets Have Synchronous

Stock Price Movements?” Journal of Financial Economics 58 (1–2): 215–260. https://doi.org/10.1016/S0304-405X(00)00071-4.
Newey, W. K., and K. D. West. 1987. “A Simple, Positive Semi-Definite, Heteroskedasticity and Autocorrelation Consistent

Covariance Matrix.” Econometrica 55 (3): 703–708. https://doi.org/10.2307/1913610.
Nguyen, N. H., and C. Truong. 2013. “The Information Content of Stock Markets Around the World: A Cultural Explanation.”

Journal of International Financial Markets, Institutions and Money 26:1–29. https://doi.org/10.1016/j.intfin.2013.03.001.
Nicolosi, G., L. Peng, and N. Zhu. 2009. “Do Individual Investors Learn from Their Trading Experience?” Journal of Financial

Markets 12 (2): 317–336. https://doi.org/10.1016/j.finmar.2008.07.001.
Niszczota, P. 2014. “Cross-Country Differences in Personality and the Foreign Bias in International Equity Portfolios.” European

Journal of Finance 20 (10): 934–956. https://doi.org/10.1080/1351847X.2013.856332.
Obaid, K., and K. Pukthuanthong. 2022. “A Picture is Worth a Thousand Words: Measuring Investor Sentiment by Combining

Machine Learning and Photos from News.” Journal of Financial Economics 144 (1): 273–297. https://doi.org/10.1016/j.jfineco.
2021.06.002.

Ortas, E., and I. Gallego-Álvarez. 2020. “Bridging the Gap Between Corporate Social Responsibility Performance and Tax
Aggressiveness: The Moderating Role of National Culture.” Accounting, Auditing and Accountability Journal 33 (4): 825–855.
https://doi.org/10.1108/AAAJ-03-2017-2896.

Pohl, W., K. Schmedders, and O.Wilms. 2021. “Asset Pricing with Heterogeneous Agents and Long-Run Risk.” Journal of Financial
Economics 140 (3): 941–964. https://doi.org/10.1016/j.jfineco.2021.01.005.

https://doi.org/10.1093/rfs/hhu139
https://doi.org/10.1007/s11156-017-0651-z
https://doi.org/10.1080/1351847X.2016.1226188
https://doi.org/10.1111/j.1540-6261.2006.01063.x
https://doi.org/10.1057/palgrave.jibs.8400188
https://doi.org/10.1016/S0304-4076(01)00074-4
https://doi.org/10.1086/250042
https://doi.org/10.1080/07350015.2018.1506926
https://doi.org/10.1111/0022-1082.00280
https://doi.org/10.1093/rfs/hhj038
https://doi.org/10.1080/1351847X.2015.1019640
https://doi.org/10.1016/j.jcorpfin.2013.07.008
https://doi.org/10.1016/j.jfineco.2019.03.011
https://doi.org/10.1111/j.1540-6261.2010.01625.x
https://doi.org/10.1037/0022-0663.86.1.114
https://doi.org/10.1007/s11156-022-01061-z
https://doi.org/10.1057/s41267-022-00519-5
https://doi.org/10.1037//0033-295x.98.2.224
https://doi.org/10.1080/1351847X.2020.1719175
https://doi.org/10.1016/j.jempfin.2014.07.004
https://doi.org/10.1016/S0304-405X(00)00071-4
https://doi.org/10.2307/1913610
https://doi.org/10.1016/j.intfin.2013.03.001
https://doi.org/10.1016/j.finmar.2008.07.001
https://doi.org/10.1080/1351847X.2013.856332
https://doi.org/10.1016/j.jfineco.2021.06.002
https://doi.org/10.1108/AAAJ-03-2017-2896
https://doi.org/10.1016/j.jfineco.2021.01.005


THE EUROPEAN JOURNAL OF FINANCE 33

Price, S. M., J. S. Doran, D. R. Peterson, and B. A. Bliss. 2012. “Earnings Conference Calls and Stock Returns: The Incremental Infor-
mativeness of Textual Tone.” Journal of Banking and Finance 36 (4): 992–1011. https://doi.org/10.1016/j.jbankfin.2011.10.013.

Qiu, L., and I. Welch. 2006. “Investor Sentiment Measures.” Working Paper. National Bureau of Economic.
Renault, T. 2017. “IntradayOnline Investor Sentiment and Return Patterns in theU.S. StockMarket.” Journal of Banking and Finance

84:25–40. https://doi.org/10.1016/j.jbankfin.2017.07.002.
Richardson, M., and T. Smith. 1991. “Tests of Financial Models in the Presence of Overlapping Observations.” Review of Financial

Studies 4 (2): 227–254. https://doi.org/10.1093/rfs/4.2.227.
Richardson, M., and J. H. Stock. 1989. “Drawing Inferences from Statistics Based on Multiyear Asset Returns.” Journal of Financial

Economic 25 (2): 323–348. https://doi.org/10.1016/0304-405X(89)90086-X.
Rieger, M. O. 2022. “Uncertainty Avoidance, Loss Aversion and Stock Market Participation.” Global Finance Journal 53:100598.

https://doi.org/10.1016/j.gfj.2020.100598.
Rossi, B., andA. Inoue. 2012. “Out-of-Sample Forecast Tests Robust to theChoice ofWindow Size.” Journal of Business and Economic

Statistics 30 (3): 432–453. https://doi.org/10.1080/07350015.2012.693850.
Scharfstein, D. S. 2018. “Presidential Address: Pension Policy and the Financial System.” Journal of Finance 73 (4): 1463–1512.

https://doi.org/10.1111/jofi.12710.
Schmeling, M. 2007. “Institutional and Individual Sentiment: Smart Money and Noise Trader Risk?” International Journal of

Forecasting 23 (1): 127–145. https://doi.org/10.1016/j.ijforecast.2006.09.002.
Schmeling, M. 2009. “Investor Sentiment and Stock Returns: Some International Evidence.” Journal of Empirical Finance 16 (3):

394–408. https://doi.org/10.1016/j.jempfin.2009.01.002.
Seru, A., T. Shumway, and N. Stoffman. 2010. “Learning by Trading.” Review of Financial Studies 23 (2): 705–739.

https://doi.org/10.1093/rfs/hhp060.
Shao, L., C. C. Y. Kwok, and O. Guedhami. 2010. “National Culture and Dividend Policy.” Journal of International Business Studies

41 (8): 1391–1414. https://doi.org/10.1057/jibs.2009.74.
Shleifer, A., and R. Vishny. 1997. “The Limits of Arbitrage.” Journal of Finance 32 (1): 35–55. https://doi.org/10.1111/j.1540-6261.

1997.tb03807.x.
Shu, P. G., S. B. Chiu, H. C. Chen, and Y. H. Yeh. 2004. “Does Trading Improve Individual Investor Performance?” Review of

Quantitative Finance and Accounting 22:199–219. https://doi.org/10.1023/B:REQU.0000025760.91840.8d.
Stambaugh, R. F. 1999. “Predictive Regressions.” Journal of Financial Economics 54 (3): 375–421. https://doi.org/10.1016/S0304-

405X(99)00041-0.
Tetlock, P. C. 2007. “Giving Content to Investor Sentiment: The Role of Media in the Stock Market.” Journal of Finance 62 (3):

1139–1168. https://doi.org/10.1111/j.1540-6261.2007.01232.x.
Tetlock, P. C., M. Saar-Tsechansky, and S. Macskassy. 2008. “More than Words: Quantifying Language to Measure Firms’

Fundamentals.” Journal of Finance 63 (3): 1437–1467. https://doi.org/10.1111/j.1540-6261.2008.01362.x.
Ung, S. N., B. Gebka, and R. D. J. Anderson. 2023. “An Enhanced Investor Sentiment Index.” European Journal of Finance.

https://doi.org/10.1080/1351847X.2023.2247440.
Valkanov, R. 2003. “Long-Horizon Regressions: Theoretical Results and Applications.” Journal of Financial Economics 68 (2):

201–232. https://doi.org/10.1016/S0304-405X(03)00065-5.
Wang, W. 2021. “The Mean–Variance Relation: A 24-Hour Story.” Economics Letters 208:110053. https://doi.org/10.1016/j.econlet.

2021.110053.
Wang, W. 2023. “The Mean-Variance Relation: A Story of Night and Day.” Journal of International Financial Markets, Institutions

and Money 86:101796. https://doi.org/10.1016/j.intfin.2023.101796.
Wang,W., and D. Duxbury. 2021. “Institutional Investor Sentiment and theMean-Variance Relationship: Global Evidence.” Journal

of Economic Behavior and Organization 191:415–441. https://doi.org/10.1016/j.jebo.2021.08.029.
Wang, W., C. Su, and D. Duxbury. 2021. “Investor Sentiment and Stock Returns: Global Evidence.” Journal of Empirical Finance

63:365–391. https://doi.org/10.1016/j.jempfin.2021.07.010.
Wang, W., C. Su, and D. Duxbury. 2022. “The Conditional Impact of Investor Sentiment in Global Stock Markets: A Two-Channel

Examination.” Journal of Banking and Finance 138:106458. https://doi.org/10.1016/j.jbankfin.2022.106458.
Weinbaum, D. 2009. “Investor Heterogeneity, Asset Pricing and Volatility Dynamics.” Journal of Economic Dynamics and Control

33 (7): 1379–1397. https://doi.org/10.1016/j.jedc.2008.12.002.
Weißofner, F., and U. Wessels. 2020. “Overnight Returns: An International Sentiment Measure.” Journal of Behavioural Finance 21

(2): 205–217. https://doi.org/10.1080/15427560.2019.1663855.
Welch, I., and A. Goyal. 2008. “A Comprehensive Look at the Empirical Performance of Equity Premium Prediction.” Review of

Financial Studies 21 (4): 1455–1508. https://doi.org/10.1093/rfs/hhm014.
Zheng, X., S. El Ghoul, O. Guedhami, and C. C. Y. Kwok. 2013. “Collectivism and Corruption in Bank Lending.” Journal of

International Business Studies 44 (4): 363–390. https://doi.org/10.1057/jibs.2013.19.
Zouaoui, M., G. Nouyrigat, and F. Beer. 2011. “How Does Investor Sentiment Affect Stock Market Crises? Evidence from Panel

Data.” Financial Review 46 (4): 723–747. https://doi.org/10.1111/j.1540-6288.2011.00318.x.

https://doi.org/10.1016/j.jbankfin.2011.10.013
https://doi.org/10.1016/j.jbankfin.2017.07.002
https://doi.org/10.1093/rfs/4.2.227
https://doi.org/10.1016/0304-405X(89)90086-X
https://doi.org/10.1016/j.gfj.2020.100598
https://doi.org/10.1080/07350015.2012.693850
https://doi.org/10.1111/jofi.12710
https://doi.org/10.1016/j.ijforecast.2006.09.002
https://doi.org/10.1016/j.jempfin.2009.01.002
https://doi.org/10.1093/rfs/hhp060
https://doi.org/10.1057/jibs.2009.74
https://doi.org/10.1111/j.1540-6261.1997.tb03807.x
https://doi.org/10.1023/B:REQU.0000025760.91840.8d
https://doi.org/10.1016/S0304-405X(99)00041-0
https://doi.org/10.1111/j.1540-6261.2007.01232.x
https://doi.org/10.1111/j.1540-6261.2008.01362.x
https://doi.org/10.1080/1351847X.2023.2247440
https://doi.org/10.1016/S0304-405X(03)00065-5
https://doi.org/10.1016/j.econlet.2021.110053
https://doi.org/10.1016/j.intfin.2023.101796
https://doi.org/10.1016/j.jebo.2021.08.029
https://doi.org/10.1016/j.jempfin.2021.07.010
https://doi.org/10.1016/j.jbankfin.2022.106458
https://doi.org/10.1016/j.jedc.2008.12.002
https://doi.org/10.1080/15427560.2019.1663855
https://doi.org/10.1093/rfs/hhm014
https://doi.org/10.1057/jibs.2013.19
https://doi.org/10.1111/j.1540-6288.2011.00318.x

	1. Introduction
	2. Sample selection, descriptive statistics, and preliminary tests
	3. Methodology
	4. Empirical results
	4.1. Global evidence
	4.2. Robustness tests
	4.3. Individual market evidence

	5. Cross-market investigation
	5.1. Cultural dimensions
	5.1.1. Indicators
	5.1.2. Data
	5.1.3. The impact of cultural dimensions

	5.2. Market integrity

	6. Some further tests
	6.1. Different types of investor sentiment proxies
	6.2. Out-of-sample predictability
	6.3. Daily data

	7. Conclusion
	Notes
	Acknowledgements
	Disclosure statement
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile ()
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings false
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [536.003 697.493]
>> setpagedevice


