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ABSTRACT
This study aims to examine the effect of investor sentiment on stock market crash risk
in the Asia–Pacific region. The research employs principal components analysis (PCA)
to construct an investor sentiment index, while the Method of Moments Quantile
Regression (MMQR) is used to analyze monthly data of 16 Asia-Pacific stock markets.
The findings show that investor sentiment positively impacts on crash risk in the mid-
dle to higher quantities. Moreover, regional sentiment significantly increases stock
market crash risk, particularly at higher quantiles, while local sentiment generally
reduces crash risk at the lower to middle quantiles. Besides, the magnitude and direc-
tion impact of investor sentiment on stock market crash risk is heterogeneous across
market levels. Specifically, the results indicate that at higher quantiles of risk, investor
sentiment increases crash risk in developed and emerging markets, while it decreases
crash risk in frontier markets.
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This paper not only provides support for behavioral theories but also have implica-
tions for global investors, portfolio managers, and policymakers.
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1. Introduction

Investing in the stock market carries certain risks due to specific risks or market risks, with the possibility
of occurrence of such risks being higher during a financial crisis (Wang et al., 2009). Financial crises have
historically had far-reaching economic, social, and political ramifications (Fu et al., 2020). Stock market
crashes, which are rapid and often unforeseen declines in stock prices, can be a side effect of a major
catastrophic event, economic crisis, or the collapse of a long-term speculative bubble (Kustina et al.,
2024). In particular, stock and bond markets play an essential roles in the financial stability of national
capital markets (Zhou et al., 2022). Past decades have experienced many stock market crashes, such as
the collapse in 1929 in the United States, the 2018 financial crisis leading to a drop in the value of sub-
prime mortgage stocks, and the COVID-19 pandemic in March 2020. Understanding the risk of a stock
price collapse is critical for portfolio investment, risk management, and stakeholder safety monitoring
(Vo, 2020).

In theory, a stock market crash is defined as a sudden decline in stock returns in most stocks, leading
to a significant decrease in investors’ asset values (Wang et al., 2009). Mishkin and White (2002) state
that a stock market crash quantifies a 20% decline in the market index over a period of time (between a
day and a year). Patel and Sarkar (1998) define ‘collapse’ as a significant drop in a market index relative
to its historical maximum over an observed period, such as one or two years. These authors classify a
stock market crash as a relative decline in the regional price index of more than 20% for developed mar-
kets and more than 35% for emerging markets. Furthermore, Hong and Stein (2003) argue that a ‘crash’
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must consist of three elements, including: (i) a collapse, characterized by an abnormally large movement
in the market without a corresponding major mass news event; (ii) that this large price change is nega-
tive; and (iii) the crash constitutes a market-wide ‘contagion’ phenomenon. This means that a crash is
not only a sudden drop in the price of a stock but also a fall strongly correlated with the price of an
entire class of stocks. In addition, crash risk is defined as the conditional deviation of the return distribu-
tion, which shows an asymmetry in risk and is significant for investment and risk management choices
(Kim et al., 2014). According to Zhang et al. (2021), crash risk is a type of extreme risk or tail risk, which
can be also defined as extreme events, whose probability of occurring is shown in the tail of a distribu-
tion and is capable of influencing valuation results. In general, stock market crash risk is an extreme
type of risk that indicates the likelihood of a sudden market crash caused by cumulative negative infor-
mation that has been made public for an extended period.

A stock market crash risk comes from the stock price crash risk of firms where managers tend to hide
accumulated bad news over a long period (Habib et al., 2018). If company executives successfully pre-
vent the flow of negative information into the market, the distribution of stock returns will be dispropor-
tionate (Hutton et al., 2009; Kothari et al., 2009). When the amount of bad information crosses a
threshold, it is revealed to the market immediately, leading to a stock price crash. In addition, stock price
crash risk is also affected by individualism, especially during the global financial crisis (An et al., 2018).
This impact can be eliminated through enhanced financial information transparency. The Efficient
Market Hypothesis (EMH) of Fama (1970) states that stock prices react to information and interpret rele-
vant information to form good and bad expectations about stock price movements. As a result, the buy
and sell orders of all participants in the market are pooled to establish the equilibrium price of shares at
a certain point in time. However, investors are always constrained in their reasoning and cannot effect-
ively evaluate all types of information. This means that their biases can lead to an increase in market
sentiment. Stock markets are prone to price bubbles, leading to a crash in the market. Moreover, the
asymmetric information theory explains that information asymmetry occurs when different people know
different things. This means that an asymmetric capital market emerges when one market player (man-
agement) knows more about the company’s internal information while investors or shareholders know
little about the business’s information, leading to an incentive for executives to take action. Cao et al.
(2002) propose the ‘information blockade’ model to account for price collapse through information con-
gestion and the asymmetric release of information in the stock market at the cost of setting up fixed
trades. The increasing price trend drives well-informed investors to initiate aggressive trading in line
with this pattern. Conversely, less knowledgeable investors often doubt the true nature and accuracy of
the signal, thus delaying trade until the price falls. As a result, price corrections are unavoidable if the
economic outlook turns negative and investors join the market with less knowledge. Furthermore,
because investors might postpone trading until price movements corroborate their private signals,
insider trading generates even more market news. In particular, inheriting the signal theory of French
et al. (1987) and Ross (1973), Campbell and Hentschel (1992) propose the volatility feedback effect to
explain stock crash price risk. In particular, a large volume of good news indicates an increase in market
volatility. Therefore, the immediate benefit of positive news is somewhat offset by a rise in the risk pre-
mium. On the other hand, when large amounts of bad news emerge, the direct impact and risk-offset
effect will go in the same direction, leading to an amplification of the influence. Extreme price move-
ments might induce investors to rethink market volatility and raise the necessary risk compensation,
which lowers the equilibrium price by building up the effect of adverse news and balancing the influ-
ence of good news, resulting in a negative skewness about return (Hutton et al., 2009).

Besides the above-mentioned arguments of traditional finance theories, behavioral finance theory
states that a stock market crash risk also results from psychological factors (Zouaoui et al., 2011).
According to Blajer-GołeRbiewska et al. (2018) and Lucey and Dowling (2005), asset prices are not only
driven by reasonable expected returns but also irrational decisions that are affected by investor emo-
tions, sentiments, or states of mind. In fact, investor sentiment is defined as participants’ expectations
regarding future cash flows (returns) and investment risk (De Long et al., 1990). When sentiment is con-
sidered as high, stocks have comparatively poor subsequent returns, and when sentiment is low, these
cross-sectional patterns are inverted (Baker & Wurgler, 2006). Furthermore, sentiment-based mispricing is
caused by uninformed demand from investors, noise traders, and an arbitrage limit. Therefore, there
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have been several empirical investigations on the role of investor sentiment in stock market crash risk
which can be divided into three main topics as follows: (i) Studies on the effect of market sentiment on
individual stock price crash risk, such as those of Cui and Zhang (2020), Yin and Tian (2017), and Wu
et al. (2021); (ii) Studies on the effect of firm-specific investor sentiment on stock price crash, such as
those of Alnafea and Chebbi (2022), Fan et al. (2021), Fu et al. (2021), and Shin and Choi (2022); and (iii)
Studies on investor sentiment in early warning systems of stock market crashes, such as those of Fu
et al. (2020) and Zouaoui et al. (2011). However, it can be seen that most previous studies focus on the
impact of investor sentiment on stock price crash risk at the firm level but ignore the country level. One
of the few closest studies focused on cross-sectional countries is that of Kustina et al. (2024) but investor
sentiment indexes are measured by a simple formula based on the highest high, lowest low, and closing
price of an asset (Zhou, 2018), which does not fully reflect market sentiment as the composite index of
Baker and Wurgler (2006). Besides, these authors only use logistic regression and OLS regression, which
leads to bias in results because panel data requires consideration of cross-sectional dependence and sta-
tionarity. Furthermore, previous studies have not considered market development as one of the factors
influencing the relationship between investor sentiment and stock market crash risk. Meanwhile, Chui
et al. (2010) claim that market development and market integrity can affect information flow and market
efficiency.

Motivated by the above-mentioned research gap, this research aims to investigate the impact of
investor sentiment on stock market crash risk among Asia–Pacific markets. In fact, Asia-Pacific markets
are sub-categorised into frontier, emerging, and developed markets, which allows the research to com-
pare this effect among markets of different development levels. Despite their ongoing evolution and
improvements, Asia-Pacific stock markets face challenges, such as undeveloped market structures, a low
number of institutional investors, and incomplete transparency, highlighting the need for research in
this region. In addition, this study also employs the Method of Moments Quantile Regression (MMQR)
on panel data of 16 stock markets spanning from January 2006 to December 2023 to examine the
dependence of the relationship between investor sentiment and the probability of stock market crash
by levels of market development. This research makes the following two contributions. Firstly, this study
adds to the literature review by showing that investor sentiment impacts the different quantiles of crash
risk in Asia-Pacific stock markets. Moreover, the magnitude and direction impact of investor sentiment
on stock market crash risk is heterogeneous across market levels. Secondly, this study proposes some
recommendations for policymakers and investors for a stable market and an effective portfolio diversifi-
cation strategy, respectively.

The remainder of this article is structured as follows: Section 2 provides a literature review on the
effect of investor sentiment on the crash risk of the stock market. Section 3 explains methods of measur-
ing variables and collecting and analyzing the data. Section 4 describes empirical results before they are
discussed in section 5. Finally, conclusions with implications, limitations, and orientation for future stud-
ies are presented in section 6.

2. Literature reviews

Topics about the impact of investor sentiment on stock market crash risk have attracted the attention of
many scholars. There are three strands of literature review, including (i) the effect of market sentiment
on individual stock price crash risk; (ii) the effect of firm-specific investor sentiment on stock price crash
risk; and (iii) the effect of investor sentiment in early warning systems of stock market crashes.

In terms of the effect of market sentiment on individual stock price crash risk, Yin and Tian (2017),
based on the method proposed by Baker and Wurgler (2006), construct a market sentiment index and
investigate the effect of market sentiment on stock price crash risk in China. The results demonstrated
that there is evidence of positive impacts of investor sentiment on the future stock price crash risk, and
this nexus is strengthened by poorer financial reports, the absence of short-sales constraints, and the
bull market state. Similar conclusions are reached by Cui and Zhang (2020) for the U.S. enterprises
between 1991 and 2014. Besides, Wu et al. (2021) also demonstrate rising holistic investor sentiment in
the current period can increase stock price crash risk in the next period in both Shanghai and Shenzhen
A-share markets. Moreover, their results reveal that investor pessimism will increase stock price crash risk
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in the Shenzhen A-share market from the perspective of heterogeneous sentiment. With a large sample
of A-share listed companies on the Shanghai and Shenzhen Stock Exchanges in the period of 2004–
2019, Bashir et al. (2024) outline the mediating role of analyst herding in deepening market sentiment
which results in crash risk. However, the market-wide investor sentiment index is invariant in the cross-
section and cannot correctly represent investor sentiment with individual firms, making it inappropriate
for dealing with firm-level issues (Aboody et al., 2018).

Regarding the impact of firm-specific investor sentiment on stock price crash risk, this effect is devel-
oped in an attempt to address the limitations of the market-wide sentiment index. Fu et al. (2021) find
that firm-specific investor sentiment is significantly and positively related to the possibility of crash
occurrence in stock prices. Additionally, the effect of firm-specific investor sentiment on crash risk is
more pronounced for firms with worse liquidity, which is supported by Alnafea and Chebbi (2022) who
argue that firms with worse liquidity have a considerably greater positive influence of investor sentiment
on future crashes than firms with better liquidity. Shin and Choi (2022) indicate that firms listed on the
KSE from 2011 to 2019 that also have high levels of foreign ownership reduce the high stock price crash
risk attributable to high sentiment. Besides the above, the impact of investor sentiment on future stock
price crash risk is more significant for stocks eligible for margin trading (Fan et al., 2021). In addition,
Zhang et al. (2023) show that stock price synchronicity which is defined as firm-specific information or
noise in the stock price, can harm investor attitude to obtain firm-specific information, leading to a
higher crash risk.

Concerning the impact of investor sentiment on stock market crash risk, Zouaoui et al. (2011) use a
logit model to show investor sentiment has a significantly positive influence on the probability of occur-
rence of stock market crash. Additionally, they reveal that investor sentiment has a stronger impact on
stock markets in countries where herding and overreaction are common, while institutional involvement
is limited. This finding is entirely supported by Zhang et al. (2019) who confirm that investor sentiment
is a better predictor of the stock market crisis within a 1-year horizon than macroeconomic variables,
and Fu et al. (2020) who focus on the important role of sentiment factors in early warning models.
Recently, Kustina et al. (2024), who define country index crash risk as the possibility of the significant
and rapid decline of the stock index, give evidence of a negative impact of investor sentiment and
exchange rate on the country index crash risk. Furthermore, a higher net foreign trading value does not
improve the impact of investor sentiment but reduces the influence of exchange rate volatility on the
country index crash risk.

3. Methodology

3.1. Measuring variables

3.1.1. Dependent variable
As regards methods used to measure stock market crash risk, there are two approaches, including (i)
CMAX index; and (ii) Asymmetric returns. The CMAX index measures current prices against the highest
in the past 12 or 24months, with a crash occurring when it falls below two standard deviations from its
historical average (Patel & Sarkar, 1998). To assess return asymmetry, Chen et al. (2001) use the negative
coefficient of skewness (NCSKEW) and down-to-up volatility (DUVOL), while Liu et al. (2021) enhance the
conditional skewness with the GARCH-S model for daily deviations over six months.

In this study, asymmetric return measures, specifically NCSKEW and DUVOL, are chosen over CMAX
for detecting stock market crash risk due to their focus on left-tail risk and volatility asymmetry. NCSKEW
captures extreme negative returns, making it more effective at identifying early warning signs of market
downturns, while DUVOL emphasizes market reactions to negative news by comparing the volatility on
down days vs. up days. Both measures rely on daily data, allowing for quicker responses to emerging
risks compared to CMAX, which focuses on longer-term trends and may overlook short-term fluctuations.
This sensitivity to market dynamics, particularly in volatile conditions, makes NCSKEW and DUVOL more
suitable for assessing crash risk.

Therefore, the negative coefficient of skewness (NCSKEW) and down-to-up volatility (DUVOL)
are used to measure stock market crash risk. The idiosyncratic daily market return is defined as
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Wi, t ¼ ln 1þ Ri, tð Þ, where Ri, t is the return of stock market index i on day t. The negative coefficient
of skewness (NCSKEW) is the ratio of the third moment of stock market returns over the standard
deviation of stock market returns raised to the third power and then multiplied by −1, as shown
below:

NCSKEWi, T ¼ −
nðn − 1Þ3=2 PW3

i, t

n − 1ð Þðn − 2Þ P
W2

i, t

� �3=2

where n is the trading days of stock market index i in month T. Adding a negative sign on the right
side of the equation will make the negative coefficient of skewness positively correlate with the stock
price crash. In other words, the higher the negative skewness coefficient is, the higher the stock price
crash risk is.

The down-to-up volatility (DUVOL) is calculated as the following formula:

DUVOLi, T ¼ ln
ðnup − 1ÞPdownW

2
i, t

ðndown − 1ÞPupW
2
i, t

where nup and ndown are the up and down days. For returns in month T, we separate all the days with
returns below the monthly mean (down days) from those with returns above the monthly mean (up
days) and calculate the standard deviation for each of these sub-samples separately. Then, the DUVOL
measure is the log of the ratio of the standard deviation of the down days to the standard deviation of
the up days. An increase in DUVOL corresponds to a stock being more likely to crash and vice versa.

3.1.2. Independent variable
From the literature review, there are three methods to build an investor sentiment index, including: (i)
The survey-based approach allows for the analysis of different investor groups but is limited by time
and space; (ii) The text-based method provides high-frequency indicators but risks inaccurate correla-
tions due to vast data and cross-country complexities due to language differences; (iii) The market-based
method, favored for its data availability, struggles to separate rational from psychological behavior.
Since a composite sentiment index better captures investor irrationality compared to a single sentiment
index (Yang & Gao, 2014), we apply the Baker and Wurgler (2006) method. This approach involves cap-
turing the first principal component of sentiment proxies to measure investor sentiment across Asia-
Pacific stock markets. The process of calculating the investor sentiment index is shown in the following
steps:

(i) Step 1: Collect stock market-level data on technical indicators. This study utilizes four key technical
indicators that can represent investor sentiment on Asia-Pacific stock markets, including: (i) The relative
strength index (RSI) is a technical indicator that helps investors detect overbought or oversold condi-
tions in the market, to show the investors’ beliefs in the markets; (ii) Williams %R (WRI) measures mar-
ket extremes by comparing the current closing price to the highest and lowest prices over a set
period, (iii) The psychological line index (PLI) measures investor volatility during market fluctuations
and captures short-term price reversals, reflecting short-term trends and psychological stability; and (iv)
The share turnover velocity (VOL) can capture the liquidity of a stock market and investors’ heteroge-
neous beliefs on a stock market, as higher turnover suggests optimism and expectations of rising pri-
ces. These four indicators are chosen because of their high pairwise correlations (Supplementary
Appendix 1).

Table 1 presents a detailed description of sentimental proxies.

(ii) Step 2: Use the principal components analysis (PCA) approach to assign weights to all four proxies of
investor sentiment in Table 1 and then construct a composite investor sentiment index based on the first
principal component (Fi) for each stock market i. investor sentiment indicator (SENTi, t) is calculated as:

SENTi, t ¼ Fi, 1 � RSIi, t þ Fi, 2 �WRIi, t þ Fi, 3 � PLIi, t þ Fi, 4 � VOLi, t
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Besides, sentiment contagion spreads across markets within a geographic region, forming regional sen-
timent (Baker et al., 2012). Regional sentiment is derived by performing the PCA on investor sentiment
indicators from 16 countries in the sample, while local sentiment for each market is calculated as the
residual after orthogonalizing total sentiment concerning regional sentiment. Detailed results of the
PCA approach are shown in Supplementary Appendix 2.

3.1.3. Control variables
This study employs an expanded set of market characteristics and macroeconomic conditions as control
variables to isolate the ‘irrational’ component of market sentiment measures, acknowledging that
changes in these factors can affect overall economic conditions and market sentiment. To be precise,
the four factors considered include market return (RET), market volatility (SIGMA), inflation (INF), and
interest rate (INT). Market return is determined by the change in the natural logarithm of the stock index
from month t to month t-1, while market volatility is assessed through the standard deviation of daily
returns in month t. Inflation is represented by the change in the natural logarithm of the monthly con-
sumer price index, and the monthly money market rate indicates the interest rate (INT).

The main variables are summarized in Supplementary Appendix 3.

3.2. Data and sampling

This study uses panel data of 16 stock markets (Supplementary Appendix 4) with 216months from
January 2006 to December 2023, giving a sample of data that includes 16� 216¼ 3456 observations.
Since the stock market index changes daily, but macroeconomic data is recorded monthly, quarterly, or
yearly, it is appropriate to determine monthly data. Secondary data on the stock index extracted from
Bloomberg consists of 16 stock market indices classified from the MSCI catalog and internationally rec-
ognized as benchmark indices, which are the most closely watched by analysts in the Asia-Pacific region.
In addition, macro factors are compiled from the International Financial Statistics of IMF and
Investing.com.

Table 2 shows the summary statistics for the entire sample, such as minimum values, standard devi-
ation, mean value, maximum values, and number of observations used in the study. The main variable
of interest is stock market crash risk which is measured by the negative coefficient of skewness
(NCSKEW) and down-to-up volatility (DUVOL). NCSKEW has an average of −0.020, a slight negative skew-
ness in stock returns, suggesting that extreme negative returns are more likely than extreme positive
returns. DUVOL also reflects downside risk, with a mean of −0.066, implying that downside volatility
tends to be more pronounced than upside volatility, making losses sharper than gains on average.

Table 1. Description of sentiment proxies.
Proxy Code Measure References

Relative strength index RSI RSIi, t ¼ RSi, t
1þRSi, t

� 100

where RSIi, t ¼
P14

t¼1
max 0, Pi, t−Pi, t−1ð ÞP14

t¼1
max 0, Pi, t−1−Pi, tð Þ

, and Pi, t is

closing price of stock market at month t.

Zhou et al., 2023

%William R indicator WRI WRIi, t ¼ Phighest, i, t −Pi, t
Phighest, i, t −Plowest, i, t � −100

where Phighest, i, t and Plowest, i, t are the highest
high and lowest low prices of stock index i,
the past n¼ 14 periods are used, and closing
price is the closing price today.

Kustina et al., 2024; Zhou, 2018

Psychological line index PLI
PLIi, t ¼ 100�P12

t¼1

Max 0, Pi, t−Pi, t−1ð Þ
Pi, t−Pi, t−1

n o
=12

where Pi, t is closing price of stock market i at
month t.

Yang & Gao, 2014; Zhou et al.,
2023

Share turnover velocity VOL
VOLi, t ¼ 1

12

P11
j¼0

TURNi, t-j

Where TURNi, t ¼ Total of shares tradei, t
Maket capitalizationi, t

, and

TURNi, t represents share turnover velocity of
equity market i at month t.

Baker & Wurgler, 2006

Source: Authors.
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The mean value of investor sentiment (SENT) is 0.000, implying that the data contains equal occurrences
of positive and negative sentiment. The large standard deviation of 1.607 and the range from −4.693 to
4.070 indicate significant swings in market sentiment, reflecting periods of both extreme pessimism and
optimism. Countries in the sample have average levels of inflation (INF) of 0.004, reflecting a low infla-
tionary environment, while interest rates (INT) average 4.1%, but exhibit significant variation, ranging
from −0.001 to 0.800, reflecting different economic conditions. On average, market returns are slightly
positive at 0.5%, but with noticeable fluctuations, as indicated by a standard deviation of 0.059. Finally,
market volatility (SIGMA) averages 1.0%, with minimum and maximum values of −0.027 and 0.07,
respectively, suggesting that while most markets are relatively stable, some experience considerable
fluctuations.

3.3. Econometrics approach

For the empirical modeling, we employ panel co-integration techniques which are based on (i) checking
the cross-sectional dependence (CD); (ii) testing the order of integration corresponding to each variable;
and (iii) the existence of long-run co-integration among the variables is checked using panel co-integra-
tion tests.

Once the long-run cointegration is confirmed, we need to estimate the long-run coefficients by
innovative estimate methodology as MMQR, to investigate the relationship between variables. Machado
and Silva (2019) came up with this approach. The reason for using the MMQR methodology is that it
outperforms other methods, such as conventional panel quantile regression, DOLS, and FMOLS. MMQR
is suited since other linear estimating approaches cannot handle distributions of data and hence only
address averages. Moreover, basic quantile regression is inadequate for non-crossing estimates when
measuring estimators for multiple percentiles, resulting in an invalid distribution. On the other hand, the
MMQR with fixed effects introduced by Machado and Silva (2019) fully addresses the drawbacks that are
associated with panel quantile regression. The conditional quantile QY sjXi, tð Þ for a location-scale model
is expressed as:

Yit ¼ ai þ bX0
it þ ni þ wZ0it

� �
Uit

In this context, Yit and Xit represent the dependent and independently and identically distributed
explanatory variables, respectively. Additionally, a, b, n, and w are the coefficients to be estimated. Here,
the probability P ni þ wZ0it > 0

� � ¼ 1: Moreover, Z is a k-vector of the known components, while i ¼
1, . . . . . . :, n denotes the individual fixed effects. Uit is independently and identically distributed across
individuals i over time t and is orthogonal to Xit, which are standardized to satisfy the moment condi-
tions. Thus, the equation can be rewritten as:

QY sjXitð Þ ¼ ai þ niq sð Þð Þ þ X0
itbþ Z0itwq sð Þ

Where X0
it is a vector of the independent variable and control variables, ai þ diq sð Þ is the scalar coeffi-

cient of the quantile-s fixed or distributional effect at s, which is time invariant. Following Machado and
Silva (2019), the MMQR specification of the basic model is as follows:

QNCSKEWit sjai , eit , Xi, tð Þ ¼ ai þ u1sSENTit þ
X5

k¼2

uksCVk, it þ eit

Table 2. Summary statistics.
Variables Obs Mean Std. Dev Min Max

NCSKEW 3456 −0.020 0.976 −4.278 3.905
DUVOL 3456 −0.066 1.120 −8.517 4.505
SENT 3456 0.000 1.607 −4.693 4.070
RET 3456 0.005 0.059 −0.449 0.326
SIGMA 3456 0.010 0.006 −0.027 0.070
INF 3456 0.004 0.008 −0.054 0.158
INT 3456 0.041 0.039 −0.001 0.800

Source: Authors.
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QDUVOLit sjai , eit, Xi, tð Þ ¼ ai þ u1sSENTit þ
X5

k¼2

uksCVk, it þ eit

Where QNCSKEWit sjai , eit , Xi, tð Þ and QDUVOLit sjai , eit , Xi, tð Þ are the conditional quantile of QNCSKEWit

and QDUVOLit with the scalar coefficient ai sð Þð Þ for the distributional effect at s: To analyse the effect of
the individual independent variables on the dependent variable, the dependent variable is set between
0 and 1 to capture the effect of each of the independent variable (SENT) and control variables (RET,
SIGMA, INF, and INT) at the selected point in the conditional distribution of NCSKEW(DUVOL). Setting
s¼ 0.1, 0.2, … , 0.9 enables evaluation of the effects of the independent variable and control variables
on the distributional NCSKEW(DUVOL) at the 10th, 20th… and 90th quantiles respectively.

Apart from the main MMQR method, we utilize traditional regression models, such as dynamic ordin-
ary least squares (DOLS), and fully modified ordinary least squares (FMOLS) estimators to provide a com-
parative analysis of the results. FMOLS, focusing on nonparametric methods, addresses endogeneity and
heterogeneity across various units within a dataset (Phillips & Hansen, 1990). In contrast, DOLS, a para-
metric method, is known for generating unbiased estimates and effectively handling issues related to
endogeneity (Kao & Chiang, 2001). Therefore, both FMOLS and DOLS are considered more robust than
OLS regression.

In the final stage of our econometric analysis, we apply the Dumitrescu and Hurlin (D-H) panel causal-
ity test (2012) to determine the direction of causality between crash risk and its key determinants. The
test uses two statistics: the W-bar, which averages the test statistics, and the Z-bar, based on the stand-
ard normal distribution. The null hypothesis assumes no causality, and the test identifies three possible
outcomes: unidirectional causality, bidirectional causality, or no causality.

4. Empirical results

4.1. Preliminary analyses

Firstly, the study runs the correlation matrix that exposes the correlation among the variables. Table 3
presents the Person correlation coefficients for the main variables. The correlation matrix reveals a
strong positive relationship between NCSKEW and DUVOL (0.9427), both significant at the 5% level.
Higher sentiment (SENT) correlates negatively with NCSKEW (−0.1809) and DUVOL (−0.2057), suggesting
that better sentiment reduces crash risk. Returns (RET) are also negatively correlated with NCSKEW
(−0.6480) and DUVOL (−0.6859), indicating that higher returns are linked to lower crash risk. SIGMA
shows a weak positive correlation with NCSKEW (0.2091) and DUVOL (0.2134), while INF and INT have
weaker, mostly insignificant correlations. Moreover, all VIFs are below 4, well below the threshold of 10,
indicating that multicollinearity is not a concern in our dataset.

Once the empirical data has confirmed non-multicollinearity, this study analyses the panel data issue
as cross-section dependence. The estimated results for this issue are provided in Table 4. From the
results, Pesaran CD tests are applied with estimated p-values of <1% lead to rejecting the null hypoth-
esis of no cross-sectional dependence. It means that there exists a cross-sectional dependence defect in
most variables.

Since first-generation unit root tests have been strongly criticized for being inefficient and biased in
the presence of cross-sectional dependence, this study performs the second-generation unit root test:

Table 3. Correlation matrix.
Variable (1) (2) (3) (4) (5) (6) (7)

(1) NCSKEW 1
(2) DUVOL 0.9427� 1
(3) SENT −0.1809� −0.2057� 1
(4) RET −0.6480� −0.6859� 0.3153� 1
(5) SIGMA 0.2091� 0.2134� −0.2468� −0.3090� 1
(6) INF 0.0194 0.0208 0.0127 −0.0121 0.0108 1
(7) INT −0.0443� −0.0417� −0.0860� −0.0034 0.0561� 0.2635� 1

Note: � shows a statistical significance level of 5%.
Mean VIF ¼ 1.128 [1.128] when using NCSKEW [DUVOL] as the dependent variable.
Source: Authors.
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the cross-sectional augmented Dickey-Fuller (CADF) test. The estimated outputs of the said test are
given in Table 5. The results show that no variables hold units at the leveled data, but INT satisfies the
null hypothesis of non-stationarity. Therefore, these variables are tested on the first difference, where all
these variables become significant and thus the null proposition can be rejected. Hence, all the variables
are found to be stationary, allowing this study to examine the long run co-integration relationship
between the variables considered.

This study performs the panel co-integration test of Westerlund (2007). The estimated results of the
said test are provided in Table 6. In Panels A and B, the Westerlund co-integration test results show that
most statistics reject the null hypothesis. This implies the presence of co-integration. Therefore, this
research can conclude that investor sentiment (SENT), stock market crash risk (NCSKEW or DUVOL), mar-
ket return (RET), market volatility (SIGMA), inflation (INF), and interest rate (INT) share a long-run
equilibrium.

4.2. Baseline results

Table 7 shows the outcomes of MMQR examining the effect of investor sentiment on crash risk in Asia-
Pacific. In Panel A, the results of panel MMQR indicated that investor sentiment (SENT) relates to stock
market crash risk (NCSKEW) positively in the lower middle to upper quantiles (Q60–Q90). Meanwhile,
there is no evidence that there exists a relationship between investor sentiment (SENT) and stock market
crash risk (DUVOL) in all quantiles of DUVOL in Panel B.

Overall, this study gives evidence of the significantly positive impact of investor sentiment on the
stock market crash risk in the Asia-Pacific region. This finding contributes to understanding the behavior
of noisy traders as described by De Long et al. (1990). These traders often build irrational expectations
based on positive external information, leading to the overvaluation of stocks. Arbitrageurs frequently fix
price errors; however, their efforts are impeded by regulatory restrictions, liquidity constraints, and sub-
stantial transaction costs. These obstacles diminish market efficiency, elevate volatility, and increase the
likelihood of market crashes. These outcomes are completely consistent with the conclusions of Cui and
Zhang (2020) and Zouaoui et al. (2011), but different from the findings of Kustina et al. (2024) who
argue that investor sentiment reduces the probability of country index crash risk. Furthermore, investor
sentiment positively influences stock market crash risk at the middle and higher quantiles (Q60–Q90),
indicating that stock markets with elevated crash risk are significantly affected by investor sentiment.

Table 4. Cross-sectional dependence.
Variables CD-test p-Value

NSKEW 41.881��� 0.000
DUVOL 42.49��� 0.000
SENT 83.054��� 0.000
RET 76.979��� 0.000
SIGMA 89.085��� 0.000
INF 21.793��� 0.000
INT 71.584��� 0.000

Note: ���shows a statistical significance level of 1%.
Source: Authors.

Table 5. Panel unit root test.

Variables

Level First difference

Constant Constant þ Trend Constant Constant þ Trend

NSKEW −6.190��� −6.420��� −6.190��� −6.420���
DUVOL −6.190��� −6.420��� −6.190��� −6.420���
SENT −3.117��� −3.451��� −6.190��� −6.420���
RET −6.190��� −6.420��� −6.190��� −6.420���
SIGMA −6.111��� −6.378��� −6.190��� −6.420���
INF −6.179��� −6.420��� −6.190��� −6.420���
INT −2.032 −2.605 −5.963��� −6.155���
Notes: H0 states that there is non-stationarity. ���shows a statistical significance level of 1%.
Source: Author.
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The findings highlight that the impact of investor sentiment varies with crash risk levels, particularly
emphasizing that as crash risk increases, the influence of sentiment becomes more pronounced.

Regarding control variables, the market return (RET) shows a consistent negative correlation with
stock market crash risk (NCSKEW or DUVOL) across all quantiles. This indicates that higher returns are
associated with a lower risk of a market crash, emphasizing that strong market performance generally
reduces crash risk. These findings align closely with the conclusions drawn by Zouaoui et al. (2011).
However, it diverges from the findings of Cui and Zhang (2020), Fu et al. (2021), Shin and Choi (2022),
and Wu et al. (2021), who suggest a positive relationship between returns and stock price crash risk.
This difference can be attributed to these studies examining the impact of returns on crash risk at the
firm level and using annual data frequencies, which can lead to differing outcomes. The outcomes also
indicate that market volatility (SIGMA) has a negative and significant effect on crash risk in lower quan-
tiles (Q10–Q20), indicating that during stable periods, higher volatility may reduce the likelihood of a
crash, likely due to normal market adjustments. However, in higher quantiles (Q60–Q90), the relationship
turns positive, meaning that in more volatile or stressed market conditions, rising volatility increases the
probability of a crash. This suggests volatility can be stabilizing in calm markets but signals higher crash
risk during turbulent times. These results are consistent with the conclusions of Fu et al. (2021), Shin

Table 6. Westerlund co-integration test.
Statistics Value Z-value p-Value

Panel A
Gt −13.551��� −45.774 0.000
Ga −263.531��� −106.108 0.000
Pt −59.597��� −48.654 0.000
Pa −266.202��� −111.073 0.000

Panel B
Gt −14.570��� −50.203 0.000
Ga −260.185��� −104.655 0.000
Pt −60.082��� −49.140 0.000
Pa −263.139��� −109.715 0.000

Notes: H0 states that there is no co-integration. ���denotes significance at the level of 1%.
Source: Authors.

Table 7. The outcomes of MMQR.

Variables

Lower quantile Middle quantile Higher quantile

Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

Panel A: NCSKEW
SENT −0.0114 −0.00264 0.00340 0.00920 0.0142 0.0191�� 0.0245��� 0.0311��� 0.0394���

(0.0125) (0.0106) (0.00961) (0.00899) (0.00877) (0.00888) (0.00934) (0.0103) (0.0120)
RET −10.07��� −10.33��� −10.51��� −10.69��� −10.84��� −10.98��� −11.14��� −11.34��� −11.59���

(0.384) (0.325) (0.294) (0.275) (0.269) (0.272) (0.286) (0.317) (0.369)
SIGMA −12.47��� −7.313�� −3.776 −0.379 2.567 5.442�� 8.561��� 12.46��� 17.29���

(3.830) (3.231) (2.927) (2.741) (2.673) (2.705) (2.849) (3.150) (3.673)
INF 4.703� 4.095� 3.679� 3.279� 2.933� 2.594 2.227 1.769 1.200

(2.498) (2.113) (1.914) (1.790) (1.747) (1.768) (1.860) (2.058) (2.399)
INT −3.393��� −2.672��� −2.178��� −1.703��� −1.292��� −0.890� −0.455 0.0895 0.764

(0.707) (0.597) (0.541) (0.506) (0.494) (0.500) (0.526) (0.582) (0.678)
Constant −0.636��� −0.402��� −0.241��� −0.0860�� 0.0480 0.179��� 0.321��� 0.498��� 0.718���

(0.0492) (0.0409) (0.0371) (0.0350) (0.0341) (0.0344) (0.0363) (0.0400) (0.0469)
Observations 3456 3456 3456 3456 3456 3456 3456 3456 3456
Panel B: DUVOL
SENT −0.00323 −0.000192 0.00195 0.00381 0.00549 0.00699 0.00870 0.0105 0.0132

(0.0153) (0.0127) (0.0112) (0.0102) (0.00961) (0.00946) (0.00969) (0.0104) (0.0120)
RET −12.78��� −12.90��� −12.99��� −13.07��� −13.14��� −13.20��� −13.27��� −13.35��� −13.46���

(0.473) (0.391) (0.344) (0.314) (0.297) (0.292) (0.299) (0.319) (0.372)
SIGMA −16.20��� −9.976��� −5.586 −1.776 1.673 4.750� 8.274��� 11.92��� 17.54���

(4.670) (3.857) (3.399) (3.095) (2.928) (2.881) (2.952) (3.155) (3.678)
INF 3.486 3.487 3.487 3.488 3.488� 3.488� 3.489� 3.489 3.490

(3.197) (2.647) (2.328) (2.121) (2.007) (1.974) (2.022) (2.161) (2.514)
INT −3.844��� −2.975��� −2.362��� −1.830��� −1.349�� −0.919� −0.427 0.0819 0.867

(0.872) (0.721) (0.635) (0.578) (0.547) (0.538) (0.552) (0.589) (0.686)
Constant −0.694��� −0.431��� −0.246��� −0.0849�� 0.0607 0.191��� 0.339��� 0.493��� 0.731���

(0.0598) (0.0489) (0.0433) (0.0395) (0.0374) (0.0367) (0.0375) (0.0401) (0.0474)
Observations 3456 3456 3456 3456 3456 3456 3456 3456 3456

Notes: Standard errors are in parentheses. ���, ��, and � denote statistical significance at 1, 5, and 10%, respectively.
Source: Authors.
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and Choi (2022), and Wu et al. (2021). In contrast, they differ from the findings of Zouaoui et al. (2011),
who did not find evidence supporting the impact of market volatility on financial crisis forecasting
models.

Concerning macroeconomic variables, inflation (INF) has a positive and significant effect on crash risk
in the lower quantiles (Q10–Q50), suggesting that higher inflation increases the likelihood of a crash dur-
ing stable market conditions. However, in the higher quantiles (Q60–Q90), this effect weakens and
becomes insignificant, indicating that inflation plays a smaller role in influencing crash risk during more
volatile periods. These findings support the conclusion of Moradi et al. (2021), who argue that inflation
reduces individual purchasing power while increasing product costs, both of which significantly affect
company sales. When real revenues decline, company managers may hesitate to disclose negative news
about performance, fearing it could negatively affect investor perceptions and lead to stock price
declines. Besides, the interest rate (INT) has a negative impact on stock market crash risk within the
lower to middle quantiles (Q10–Q60), suggesting that higher interest rates decrease the likelihood of a
crash during stable market conditions. This effect may reflect how tighter monetary policy can help limit
excessive risk-taking and speculative behavior. This is consistent with the findings of Zouaoui et al.
(2011), who explain that monetary authorities frequently lower interest rates to stabilize the economy
and alleviate the adverse effects of market downturns.

4.3. Robustness check

4.3.1. Robustness to alternative methods
This subsection conducts robustness checks on the main findings of the research. Specifically, it employs
fully modified ordinary least squares (FMOLS) and dynamic ordinary least squares (DOLS) as alternative
estimators. These methods are chosen for their ability to estimate long-run cointegrating relationships
between variables, providing further validation and insights into the main results. The results are pre-
sented in Table 8.

As shown in Table 8, the effect of investor sentiment on crash risk differs significantly depending on
the estimation method used. In Column 1 of Panel A (NCSKEW), FMOLS shows a positive and significant
effect, suggesting that higher sentiment increases the likelihood of a crash in the long term. However, in
Column 2, DOLS reveals an insignificant negative effect, indicating a weaker or even opposite relation-
ship in the short term. Similarly, in Panel B (DUVOL), Column 3 using FMOLS indicates a weakly positive
and significant impact on investor sentiment, while Column 4 with DOLS shows a significant negative
effect, implying that sentiment might reduce crash risk over shorter periods. These results suggest that
the impact of investor sentiment on crash risk varies depending on the estimation method used. This
highlights the importance of using multiple estimation methods to fully understand how sentiment
influences crash risk in both the short and long term.

The inconsistencies between FMOLS, DOLS, and MMQR arise because FMOLS and DOLS focus on
long-term averages and short-term dynamics, respectively, while MMQR captures effects across the

Table 8. Robustness tests.

Variables

Panel A: NCSKEW Panel B: DUVOL

(1) (2) (3) (4)
FMOLS DOLS FMOLS DOLS

SENT 0.0257��� −0.0146 0.0168� −0.0250��
(0.00882) (0.00948) (0.00968) (0.0105)

RET −10.15��� −3.849��� −12.37��� −5.799���
(0.245) (0.555) (0.270) (0.616)

SIGMA 4.953�� 5.480�� 4.307� 5.334�
(2.213) (2.566) (2.431) (2.845)

INF 1.786 0.908 2.743 2.167
(1.658) (2.342) (1.822) (2.597)

INT −1.449��� −1.542��� −1.610��� −1.746���
(0.351) (0.361) (0.385) (0.400)

Constant 0.0295 0.000673 0.00384 −0.0307
(0.0298) (0.0324) (0.0328) (0.0359)

Notes: Standard errors are in parentheses. ���, ��, and � denote statistical significance at 1, 5, and 10%, respectively.
Source: Authors.
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entire distribution of crash risk. FMOLS estimates long-run relationships, and DOLS accounts for short-
term variations but lacks sensitivity to different risk levels. In contrast, MMQR reveals that investor senti-
ment significantly impacts crash risk primarily in higher quantiles (Q70–Q90), indicating a stronger effect
during extreme market conditions, which FMOLS and DOLS do not capture. Additionally, MMQR shows
that market volatility stabilizes crash risk in lower quantiles but increases it in higher quantiles, highlight-
ing nuances missed by FMOLS and DOLS. Despite these variations, market return and inflation show a
more stable relationship with crash risk across different methodologies, likely due to their consistent
behavior across time horizons and quantiles. The inconsistencies are primarily due to sentiment analysis
of market conditions, while other variables show a more uniform effect. Overall, MMQR excels in reveal-
ing how factors like sentiment or volatility affect crash risk across various market conditions, including
extreme states, by analyzing the entire distribution of risk. This provides deeper insights into risk behav-
ior than FMOLS and DOLS, which focus on average or long-term trends and may overlook critical
variations.

4.3.2. Panel causality test results
This study further examines the causal relationship between stock market crash risk and its selected
determinants, exploiting the causal experiment of Dumitrescu and Hurlin (2012); the results are shown
in Supplementary Appendix 5. The findings indicate that SENT has a significant causal impact on
NCSKEW, with a Z-bar statistic of 3.390 and a p-value of 0.001, suggesting that changes in SENT drive
changes in NCSKEW. Conversely, NCSKEW does not significantly influence SENT (Z-bar¼−0.715,
p¼ 0.475). Additionally, NCSKEW significantly affects SIGMA, INF, and INT, and these variables also have
a significant impact on NCSKEW. Regarding DUVOL, the results show a marginally significant causality
from SENT to DUVOL (Z-bar ¼ 1.688, p¼ 0.091), indicating a potential influence, though it is not robust.
DUVOL significantly influences RET, SIGMA, INF, and INT, highlighting its substantial role in driving
changes in these variables. Overall, while SENT exerts a clear influence on NCSKEW, the causality involv-
ing DUVOL is less pronounced, reflecting varied dynamics across different financial metrics.

5. Further analysis

5.1. Regional, local sentiment, and stock market crash risk

In this part, we split the total sentiment indicator into regional and local indices and discover their influ-
ence on stock market crash risk.

The results from Table A6.1 (Supplementary Appendix 6) reveal that regional sentiment has a signifi-
cantly positive impact on stock market crash risk across various quantiles, particularly at higher quantiles.
This suggests that regional sentiment plays a crucial role in increasing the likelihood of stock market
crashes, especially under extreme market conditions. These findings align with Baker et al. (2012), who
assert that regional sentiment has a more substantial impact on stock markets compared to local senti-
ment. Moreover, the positive and significant coefficients for regional sentiment across different quantiles
underscore its consistent influence on crash risk, with the effect intensifying at higher quantiles.
However, this contrasts with Vuong and Suzuki (2020), who argue that the effect of regional sentiment
is relatively minor and does not significantly impact Asia-Pacific markets.

Besides, Table A6.2 (Supplementary Appendix 6) indicates that local sentiment generally has a nega-
tive and decreasing impact on stock market crash risk, with significant negative effects observed in
lower to middle quantiles. This suggests that local sentiment can reduce crash risk, particularly during
less extreme market conditions. This finding is supported by Jang and Kang (2019) who propose that
sentiment-driven arbitrageurs can correct mispriced equities, thereby reducing the likelihood of stock
price crashes. Similarly, Jiang and Zhu (2023) highlight the role of rational arbitrageurs in stabilizing the
market by capitalizing on mispricing and restoring equilibrium. The significant difference between
regional and local sentiment may stem from the broader, more uniform nature of regional sentiment,
which captures a wider economic and market perspective. In contrast, local sentiment tends to be more
volatile and less impactful on a larger scale. Therefore, while regional sentiment reflects global economic

12 A. T. NGUYEN AND N. T. NGUYEN

https://doi.org/10.1080/23322039.2024.2422959
https://doi.org/10.1080/23322039.2024.2422959
https://doi.org/10.1080/23322039.2024.2422959


conditions and broader investor behavior, local sentiment appears to have a more contained and less
consistent influence on stock market stability.

5.2. Investor sentiment in developed, emerging, and frontier markets

Investors across various markets, particularly those in different market categories (developed, emerging,
or frontier), may allocate misperceptions differently due to cultural aspects, market integrity, intelligence,
and education. These factors can significantly influence investor behavior (Chui et al., 2010; Zouaoui
et al., 2011). Consequently, this study investigates the relationship between investor sentiment and crash
risk in 16 Asia-Pacific stock markets. The analysis includes five developed markets (Australia, New
Zealand, Japan, Singapore, and Hong Kong), eight emerging markets (China, India, Korea, Taiwan,
Indonesia, Malaysia, Philippines, and Thailand), and three frontier markets (Pakistan, Sri Lanka, and
Vietnam). Supplementary Appendix 7 shows the results of MMQR with sub-samples of these three mar-
ket types.

In terms of developed markets, the MMQR results in Table A7.1 (Supplementary Appendix 7) demon-
strate the dual effects of investor sentiment on stock market crash risk, depending on the level of crash
risk. At the lowest quantiles (Q10–Q20) of crash risk, investor sentiment has a negative and significant
impact, indicating that in these lower-risk states, positive sentiment tends to mitigate the risk of a crash.
It demonstrates a stabilizing effect of investor sentiment in developed markets, where high investor sen-
timent can foster positive market behaviors and confidence, thereby reducing the perceived risk of
crashes. This finding is consistent with Kustina et al. (2024) that investor sentiment stabilizes markets
and lessens the likelihood of market crashes. This can be attributed to the stability of developed mar-
kets, such as Australia, New Zealand, Japan, Singapore, and Hong Kong, where transparency and robust
financial systems lead to more cautious investment decisions. Additionally, advanced market institutions
enhance information flow, making stock markets more efficient and reducing the influence of investor
sentiment (Zouaoui et al., 2011).

Conversely, at higher quantiles (Q70–Q90) of crash risk, the effect of sentiment turns positive and
statistically significant, with the strongest impact observed at Q90, implying that in more extreme mar-
ket states, higher investor sentiment is associated with an increased risk of market crashes. In markets
with advanced financial systems, high liquidity, and significant institutional participation, investor senti-
ment significantly impacts market dynamics. Developed markets, in particular, can be affected when
investors become overly confident about ongoing market growth. Akarsu and S€uer (2022) show that this
overconfidence can lead to abnormal returns, as investor sentiment often results in overreactions and
price deviations from fundamentals (Peng & Xiong, 2006). As a result, during extreme market condi-
tions—whether driven by excessive optimism, which creates speculative bubbles, or excessive pessim-
ism, which deepens downturns—investor sentiment has a stronger impact, raising the likelihood of a
crash. Interestingly, at middle quantiles (Q30–Q50), investor sentiment does not significantly affect crash
risk, suggesting that during moderate risk phases, when market conditions are balanced, sentiment has
little impact on altering the likelihood of a crash.

About emerging markets, Table A7.2 (Supplementary Appendix 7) shows that the impact of sentiment
becomes statistically significant starting at the middle quantile (Q50) and increases in magnitude at
higher quantiles, grows stronger at higher quantiles, indicating its importance in both moderate and
extreme market scenarios. This pattern suggests that positive investor sentiment is associated with
increased crash risk, especially during extreme market conditions. Similar findings have been observed in
emerging markets in the Asia-Pacific region, with studies by Shin and Choi (2022) in the Korean stock
market and by Fan et al. (2021), Fu et al. (2021), Wu et al. (2021), and Zhang et al. (2023) in the Chinese
stock market.

Compared to developed markets, emerging markets exhibit greater sensitivity to investor sentiment.
This is evident as investor sentiment amplifies crash risk at medium to upper quantiles (Q50–Q90) in
emerging markets, while in developed markets, this effect is observed primarily at higher quantiles
(Q70–Q90). Zouaoui et al. (2011) emphasize that investor sentiment is particularly significant in countries
with higher herd-like behavior and lower market integrity. The heightened sensitivity in emerging mar-
kets can be attributed to their higher volatility, lower liquidity, and weaker regulation, which cause
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investor behavior to react more strongly to news and events, leading to more pronounced fluctuations
even during moderate or extreme risk phases. Furthermore, Choi and Yoon (2020) reveal that investor
sentiment is significantly shaped by herding behavior during market downturns or extreme conditions,
with this herding effect being most pronounced in emerging markets. This trend for investors to follow
the crowd during panic market periods exacerbates sentiment-driven fluctuations, making emerging
markets particularly susceptible to these fluctuations.

As regards frontier markets, Table A7.3 (Supplementary Appendix 7) reveals a significantly negative
relationship between investor sentiment and stock market crash risk in the higher quantiles (Q60 to
Q90). This indicates that, as sentiment increases, the likelihood of a market crash decreases, particularly
in scenarios where crash risk is higher. This finding is particularly insightful for frontier markets, which
are characterized by less developed market structures and higher volatility. In these markets, investor
sentiment plays an important role in influencing market dynamics, with declines in sentiment signifi-
cantly increasing the probability of market crashes. Speidell (2009) highlights that individual investors
represent a substantial portion of transactions in frontier markets. These investors often favor low-priced
stocks, viewing the quantity of shares they can acquire as a measure of value. Additionally, they typically
have a higher risk appetite compared to investors in developed markets (Statman, 2008). Their propen-
sity for speculative behavior, or ‘gambler’s’ mindset, significantly impacts market stability. During periods
of high sentiment, these investors are less likely to exit the market despite apparent risks. Instead, their
willingness to embrace higher risks for the potential of greater rewards contributes to market stability
and mitigates the risk of crashes. This behavior is particularly relevant at higher quantiles of crash risk
(Q70–Q90), where the increased optimism and speculative tendencies among investors help buffer
against severe market declines, thus reducing the likelihood of a crash.

6. Conclusions and implications

By analysing panel data of 16 stock markets in the Asia-Pacific region through the Method of Moments
Quantile Regression (MMQR) approach, this study shows a positive effect of investor sentiment on crash
risk at the middle-higher quantiles (Q60–Q90). It also shows that the magnitude and direction of the
impact of investor sentiment on crash risk is heterogeneous across levels of market development. To the
best of the authors’ knowledge, this is the first quantitative study on the influence of investor sentiment
on the quantiles of crash risk in stock markets, and therefore this research potentially has important the-
oretical and practical contributions.

In terms of theory, this paper provides support for behavioral theories by giving evidence of a posi-
tive effect of investor sentiment on the middle and higher quantiles of stock market crash risk in the
Asia-Pacific region. It clarifies the intricate relationship between sentiment and market stability, offering
insights into how sentiment influences crash risk differently across developed, emerging, and frontier
markets. The findings reveal a positive relationship between investor sentiment and crash risk in higher
quantiles for developed and emerging markets, while a negative relationship is observed in frontier mar-
kets. Additionally, the investigation of global and local sentiment effects highlights that regional senti-
ment significantly increases crash risk, particularly in extreme market conditions, while local sentiment
generally reduces crash risk in less severe markets. Furthermore, the study constructs investor sentiment
indexes using Principal Component Analysis (PCA).

As regards practical aspects, the results of this study have implications for global investors, portfolio
managers, and policymakers. For global investors, portfolio managers, and policymakers, adapting strat-
egies to the distinct characteristics of developed, emerging, and frontier markets is crucial for mitigating
risks and optimizing returns. In developed markets, where market efficiency and regulatory frameworks
are more robust, investors should focus on dynamic risk management techniques and incorporate
investor sentiment metrics to predict potential market downturns. For emerging markets, which often
experience higher volatility and rapid economic changes, portfolio managers should emphasize diversifi-
cation and stay attuned to regional sentiment shifts, as these can significantly impact market stability. In
frontier markets, characterized by their nascent financial systems and higher risk profiles, investors
should prioritize thorough local market research and consider the effects of both global and local senti-
ment on market movements. Policymakers across all market types should enhance transparency,
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strengthen financial regulations, and promote investor education to foster market resilience and stability.
Tailoring strategies to the specific attributes and risks of each market segment will help in better manag-
ing investment risks and achieving more favorable financial outcomes.

However, the study has certain limitations. The first stems from not considering the influence of
investor sentiment on stock market crash risk while experiencing different states of sentiment (i.e. opti-
mistic/pessimistic). The second concern is that many other determinants affect stock market crash risk
but have not been considered in the model. Finally, there is a discrepancy between the number of
observations between market groups, which reduces credibility. These gaps are expected to be filled in
future studies.
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