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Hinging on the recently established relevance of tail thickness information, we examine
the predictability of fifteen major stocks in the Asia-Pacific region using conditional
autoregressive value at risk (CAViaR) model estimates of tail risks. We used a Westerlund
and Narayan-type distributed lag model to examine the nexus between returns and tail
risk under controlled global and US stocks spillover effects. Country-specific tail risks
induce a near-term rise (completely disappears) in returns on “bad” (“good”) days. Our

results are robust.

I. Introduction

Tail risk gained attention following the 2008/2009 global
financial crisis and the recent COVID-19 pandemic, among
others. In contrast with banking systems’ financial systemic
risk, this concept applies mainly to individual, asset class,
and portfolio-level securities (Long et al., 2019). Investors,
the direct recipients of the impact of extreme losses, are in-
terested in understanding market dynamics, hence, the de-
sire for empirical evidence on predictors of equity market
returns. The predictive capacity of tail risks is currently be-
ing examined (Andersen et al., 2020; Chevapatrakul et al.,
2019; Long et al., 2019; Salisu, Gupta, & Ogbonna, 2021).
Considering tail risks as predictors for returns is premised
on its characteristic incorporation of tail thickness informa-
tion, which circumvents plausible misspecification of distri-
butions or higher-order moments problems (Salisu, Gupta,
& Ogbonna, 2021).

Our consideration of the equity markets' of the Asia-Pa-
cific region was motivated by Sharma (2020), who shows
that the COVID-19 pandemic heterogeneously affects the
country-level volatility of selected Asian economies. We,
therefore, extend this study to examine the responses of
Asia-Pacific equity markets to an alternative measure of
risk—that is, tail risk—following the conditional autoregres-
sive value at risk (CAViaR) specification described by Engle
& Manganelli (2004).

In testing the returns-risk hypothesis based on asset
pricing theory, the study proceeds with the estimation of
(country-specific and US) stocks and oil tail risks by ex-
amining the nexus between country-specific stock returns

and own tail risk while controlling for global and US stock
spillover effects and accounting for salient data features in a
distributed lag model (Westerlund & Narayan, 2012, 2015).
We show that tail risk has predictive potential for selected
major stock indices. We also provide evidence of a signifi-
cant positive impact of own tail risk on returns. Our model
is robust and outperforms the random walk (RW) model.
Following the introductory section, Section II focuses on
methodology and data description, Section II presents em-
pirical results, and Section IV concludes the paper.

II. Methodology and Data
A. Methodology

The study hinges on the risk-returns hypothesis of the
capital asset pricing model (CAPM) that assumes returns re-
spond to market (symmetric) risks (Fama & French, 2004).
Stocks and oil tail risks are estimated using CAViaR, which
focuses on tail thickness information, rather than the entire
distribution (see Engle & Manganelli, 2004) for a detailed
technical description). CAViaR reduces the market risks of
any portfolio to a single value, and hence, is conceptually
simple. The model is:

£0B) = B0+ S Bh B+ Yo Bl ) (1)

where f,(8) = fi(z:_j, Bp) is the t* time §-quantile of the
distribution of portfolio returns formed at ¢ — 1 ; for no-
tational convenience, subscript 6 in (1) is suppressed.
p = q+ r + 1is the dimension of §; [ is a function of lagged
observations; B;f;—;(8) are autoregressive terms, with
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1 These include Australia, China, Hong Kong, India, Indonesia, Japan, Malaysia, New Zealand, Pakistan, Philippines, South Korea, Singa-

pore, Sri Lanka, Taiwan, and Thailand.
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i=1,...,q, that ensure smooth quantile changes; I(x;_;)
links f;(8) to observable variables in the information set.
The tail risks - adaptive, symmetric absolute value, asym-
metric slope, and indirect generalized autoregressive condi-
tional heteroskedasticity (GARCH) are defined as:

fi(B1) =fi-1(B1)+

{11+ exp (Glus — Fa(a)] ! -0}

f:(B) = b1 + Bafi—1(B) + Balye—1] (3)
£i(B) = B+ Bofi1(B) + Bs(wi—1)" + Ba(yee1)”  (4)
F:(B) = (B + Baf21(8) + Br )" (5)

where equations 2 — 5 are respectively Adaptive, SAV,
Asymmetric Slope and Indirect GARCH(1,1) models; G is a
positive finite number that makes the model a smoothed
version of a step function;
,81{[1 +exp (Glye1 — fia1(B)))] ' — 9} in (2) converges
almost certainly to S1[I(yi—1 < fi—1(B1)) — 0] if G — oo,
with I(.) representing the indicator function. While (3) and
(5) are symmetric and (4) is asymmetric, equations (3)—(5)
are mean-reverting and (2) has a unit coefficient. We gener-
ate 1% and 5% VaRs for the CAViaR variants and ascertain
“best fit” using the dynamic quantile (DQ) test and % hits.”

Following WN, a distributed lag model for returns that
incorporates own, oil, and US-stocks tail risks and accounts
for conditional heteroscedasticity, endogeneity/persis-
tence, and day-of-the-week effect (Salisu & Vo, 2020; Yaya
& Ogbonna, 2019) is specified. This is to ascertain the im-
pact of own tail risk while controlling for global oil and US
stocks spillover effects. The model is defined as:

P R
r=w+ E pitr; + E pitry
i—1 2
¢ i=6,7 (6)

R
+ Z akAtrf + &

k=1
where r; = In(P;) — In(P,_,) is returns at time ¢; P; is stock
price; w is the intercept; trf = (tr° tr° tr**) with
k=1,...,R; R = 3;tr*, tr°&tr*s; are country-specific, oil,
and US-stock tail risks, respectively; ¢; is a zero-mean idio-
syncratic error term. a, Atrf and ¢;trf | are incorporated to
resolve persistence and endogeneity bias. For heteroscedas-
ticity, the model is pre-weighted with the inverted standard
deviation of GARCH-type model residuals. The least
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Figure 1. Co-movement in Returns and Tail Risks

This figure shows the co-movement in returns and tail risk. The sample period is
from 13th February 2015 to 5th March 2021.

squares estimation of the resulting equation yields feasible
quasi-generalized least squares estimates. We evaluate in-
sample predictability (full sample) and out-of-sample fore-
cast evaluation (75% sample) using the Clark and West [CW]
(2007) statistic, under forecast horizons h = 5, 10 & 20, and
for 1% and 5% VaR.

B. Data

The summarized data (Table 1) comprise daily stock re-
turns of Dow Jones (Australia, Hong Kong, Indonesia, Japan,
Malaysia, Philippines, Singapore, South Korea, and Tai-
wan), Morgan Stanley Capital International (China, India,
New Zealand, Pakistan, Sri Lanka, and Thailand), S&P500,
and west Texas intermediate (WTTI) oil price. The data span
13th February 2015 to 5th March 2021 and are sourced from
www.investing.com and the Federal Reserve Bank of St.
Louis database for oil data; see https://www.stlouisfed.org/.
The optimal (asymmetric and indirect GARCH) models were
used to generate the tail risks. All the returns are leptokur-
tic (heavy tailed), with mixed skewness, suggesting non-
normality. Returns and tail risks exhibit ARCH effects and
serial correlation while tail risks exhibit persistence, and,
hence, our choice of predictors and methodology. Tail risks
co-moved with returns (Figure 1).

2 This approach has been employed to measure stock tail risks for advanced economies (Salisu, Gupta, & Ogbonna, 2021) and oil tail risk

(Salisu, Gupta, & Ji, 2021).
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Hong : New South Sri

Anstralia China Kong India Indonesia Japan Malaysia Zealand Pakistan Philippines Korea Singapore Lanka Taiwan Thailand S&P500 WII
Returns
Mean 1.57E-04 5.28E-04 1.74E-04 3.83E-04 2.50E-05 224E-04 -8.45E-03 3.13E-04 -4.21E-04 -9.73E-05 4.48E-04 1.29E-04 -1.95E-04 424E-04 -6.08E-05 - -
Std. Dev. 1.17E-02 1.51E-02 1.21E-02 1.11E-02 1.44E-02 1.33E-02 7.53E-03 1.15E-02 1.45E-02 1.37E-02 1.29E-02 1.03E-02 1.33E-02 1.16E-02 1.19E-02 - -
Skewness -1.06 0.15 -0.02 -1.43 -2.51 0.72 020 1.52 -1.15 -1.10 1.98 0.41 -0.68 1.82 -0.33 - -
Kurtosis 3551 9.59 14.14 2022 43.45 2185 2320 2052 17.18 59.86 5777 42.03 15.64 53.68 25.73 - -
ARCH(5) 111.68* 10.23* 27.56™ 66.787" 15.56™ 10.38" 48.50" 583" 291 51.44™ 40.48" 112.23* 64.12 23.937 57.637 - -
Qs 15.137 12.86™ 13.42* L 7.64 1nan~ 7.64 2052 235 2158 15.34™ 15.01* 12.14™ 15.45™ 46.06™" - -
Q2(5) 56790 61.75* 157.56" 424.82 03.10™" 61.43" 27885 31.87 16.10" 20233 175.80" 34012 410.28™ 113.13™ 32660 - -
1% Tail Risk

Mean 3.07E-02 3.50E-02 3.36E-02 3.10E-02 3.87E-02 3.92E-02 2.71E-02 3.34E-02 2.61E-02 2.93E-02 2.09E-02 3.82E-02 3.39E-02 3.86E-02 3.15E-02 2.88E-02 8.33E-02
Std. Dev. 1.67E-02 1.30E-02 1.32E-02 1.84E-02 228E-02 9.91E-03 1.37E-02 2.15E-02 1.56E-02 7.33E-03 1.09E-02 2.03E-02 1.90E-02 3.12E-02 1.87E-02 1.99E-02 5.32E-02
Skewness 4.26 2.79 3.84 577 6.03 1.74 444 3.69 6.33 4.06 432 328 4.08 83 7.69 573 5.01
Kurtosis 3433 20.18 272 51.06 60.85 841 390.68 2386 79.43 36.85 3741 19.84 34.59 104.85 96.91 51.43 48.27
ARCH(5) 46.00" 342 26.29™ 17.04™ 17 10.84™ 52.55" 4597 17.30™ 16.16™ 3263 215" 20.70" 17577 17.78™ 51377 g12
Q5 32.89™ 12.46™ 5.74 1593 19.15™ 15.80™ 44,85 2792 29.80™" 8.03 13.35™ 4.68 16.69" 27.50™ 13.88™ 14736 2438
Q2(3) 27105 18.76™ 121.68* 111.97* 8.61 66.74" 24521 230.03* 91.19" 93.51™ 201.38™ 10.89* 105.59™ 109.60™ §2.14™ 33407 40.73%
Persistence 0,94 0927 0.9z 091" 092 0.70™ 0.87 097" 0.56™ 082" 0.88™ 0.93™ 0887 0.86™" 0.86" 097 0917

Out-ofsample  1.67[037F 0.00[LO00F 0.00[LO0F 250[051] 1.67[0.98]F 0.83[0.93]F 333[0.01F 0.83[L.00F L67[0.96] 167[0.15] 0.83[1.00F 083[0.92]F 083[1.00F 167[0.61F 0.83[L00F 2.50[0.14F 1.67[0.97]

5% Tail Risk

Mean 1.69E-02 222E-02 1.90E-02 195E-02 2.01E-02 244E-02 1.75E-02 1.70E-02 1.40E-02 1L.71E-02 1.0BE-02 2.01E-02 1.78E-02 1.93E-02 1.67E-02 1.78E-02 4 44E-02
Std. Dev. 9.07E-03 8.18E-03 6.65E-03 912E-03 930E-03 6.84E-03 6.85E-03 822E03 7.07E-03 492E-03 5.72E03 8.68E-03 §.40E-03 8.80E-03 8.24E-03 1.80E-02 1L.66E-02
Skewness 7.80 3.49 326 5.00 4.90 0.63 733 375 8.29 242 343 1.65 4.19 6.82 3.64 8.77 536
Kurtosis 91.53 30.18 19.26 35.79 4325 323 83.15 2069 106.06 14.24 25.01 6.96 40.51 60.56 27.86 112.95 52.57
ARCH(5) 5740 343 3504 203" 4527 202 3080 6026 10151 19.16™ 3501 1727 4783 1721 622 100.88* 8.60%
Q5 2206 6.04 20.79% 471 0.73" 3015 11.65™ 3077 33.16™ 1907 2278 24027 18.85™ 11827 10.16 5400 26.68"
Q2(5) 28526 18.08* 148.82" 10.40 23.60™" 10.29 183.40% 24452 33844 108.86™" 21236 11913 216,57 107.95™ 3436 47420 43.19%
Persistence 089" 0.85™ 097 0.89* 093 099" 0.84™ 095 0.87" 097 0.94™ 0.96™ 0.62" 097 0.83™ 0.9z 0.90™

Outof-sample  5.00[042]° 250[0.86F 583[0.65]° 4.17(099F 833[0.16] 5.83[082]° 6.67(027F 4.17(0.55F 6.67[040F 5.00[0.83] 7.50[0.10F 5.00[024F 0.17[029F 333[0.13F 5.00[0.79] 6.67[0.53] 5.83[0.24]2

Table 1. Data summary statistics

This table shows the summary statistics. The rows labelled ‘Out-of-sample’ contain %Hits [DQ] with significance based on closeness of %Hits to stated VaR_percent and statistically non-significant DQ; superscripts “a” and “b” indicate asymmetric slope and indirect GARCH, re-
spectively, as optimal; 1,085 and 120 observations were used for in-sample and out-of-sample tests, respectively. Statistical significance at 1%, 5% and 10% is indicated by ***, ** and *, respectively.
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Table 2. In-sample Predictability and CW Results

In-sample Predictability CW Statistics

Country

1% VaR 5% VaR 1% VaR 5% VaR
Australia 6.30E-02""" [4.36E-03] 1.52E-01""" [2.22E-02] 1.48E-05""" [2.43E-06 3.99E-06""" [1.34E-06]
China 4.29E-02"" [2.71E-03] 1.25E-01""" [5.66E-03] 2.57E-05"" [4.99E-06 5.38E-06 " [2.61E-06]
Hong Kong 1.81E-02""" [3.70E-03] 8.84E-02"" [6.55E-03] 2.45E-05"" [4.54E-06 1.03E-05""" [2.95E-06]
India 3.55E-02"" [5.10E-03] 4.02E-02" [2.03E-02] 4.53E-06"" [1.52E-06 1.08E-06"[5.95E-07]
Indonesia 1.36E-03 [4.90E-03] 1.27E-01"" [1.92E-02] 1.13E-05"""[2.35E-06 5.27E-06"" [2.10E-06]
Japan -1.87E-02"" [6.00E-03] -2.43E-02"" [4.38E-03] 2.66E-05"" [4.96E-06 6.34E-06"" [3.13E-06]
Malaysia -3.74E-02"" [2.58E-03] 2.70E-02"" [1.06E-02] 4.99E-06 " [8.30E-07 1.07E-06"" [3.50E-07]
New Zealand 1.02E-02" [3.99E-03] 6.83E-02"" [1.27E-02] 1.02E-05™" 2.28E-06"" [1.01E-06]

Hokok

Hxk

Hxk

]
]
]
]
]
]
]
[2.66E-06]
]
]
]
]
]
]
]

Pakistan -3.84E-02"" [1.08E-02] 1.34E-01""" [1.65E-02] 6.14E-06"" [1.56E-06 2.10E-06"" [8.80E-07]
Philippines -1.18E-01"" [8.48E-03] -1.49E-01"" [1.02E-02] 8.16E-06"" [1.91E-06 2.32E-06""" [8.38E-07]
South Korea 1.21E-03[9.60E-03] -9.43E-02"" [1.15E-02] 1.11E-05"" [2.45E-06 3.60E-06"""[1.12E-06]
Singapore 5.27E-02""[3.32E-03] 6.16E-027" [4.11E-03] 1.11E-05"" [2.23E-06 3.55E-06"""[1.13E-06]
SriLanka -2.54E-02"" [5.05E-03] -1.80E-01"" [7.02E-03] 3.04E-06"" [9.41E-07 3.36E-06 " [1.13E-06]
Taiwan -6.81E-03[4.24E-03] 1.24E-01""" [6.73E-03] 1.75E-05""" [4.13E-06 5.78E-06 " [2.03E-06]
Thailand 1.19E-02[7.80E-03] 7.61E-02"" [1.36E-02] 4.15E-06 " [1.43E-06 1.46E-06' [8.41E-07]

This table shows the in-sample predictability and CW results. Each row contains estimated coefficients [standard errors], with ***, ** and * indicating statistical significance at the 1%,

5% and 10% levels, respectively.

III. Empirical Results

The in-sample parameter estimates of our model for 1%
and 5% own tail risks (left panel in Table 2) seem to exhibit
mixed trends of statistically significant negative and posi-
tive relationships between stock returns and country-spe-
cific tail risks, with more cases for the latter. Positive
nexuses between returns and own tail risks are found in
the cases of Australia, China, Hong Kong, India, Indonesia,
New Zealand, Singapore, and Thailand. The positive rela-
tionship aligns with Chevapatrakul et al. (2019) and Ander-
sen et al. (2020), implying that tail risks induce a near-term
rise (completely disappear) in returns for negative (posi-
tive) returns. We find a significantly negative impact of 1%
and 5% VaR tail risks of the equity market returns of Japan,
Philippines, South Korea, and Sri Lanka. The negative rela-
tionship indicates the lack of predictive potential of model
predictors for a negative effect of country-specific tail risks,
which is an anomaly compared to the literature (Long et
al., 2018, 2019). Generally, own tail risks positively impact
Asia-Pacific equity market returns, and the results are ro-
bust to the tail risks. While incorporating the data period
covering the recent COVID-19 pandemic, our study also in-
corporates optimally determined tail risks (Engle & Man-
ganelli, 2004) with salient data features to ascertain the
nexus of returns and tail risk, having controlled for global
and foreign stock spillover effects. Hence, we provide more
recent and confirmatory evidence of the predictive poten-
tials of own tail risks for returns in Asia-Pacific equity mar-
kets.

We also evaluate the out-of-sample forecast performance
of our predictive model in comparison with the RW model
using CW statistics at horizons h = 5, 10 & 20 to ensure ro-

bustness. Our model outperforms the RW model and tran-
scends forecast horizons, countries (except for Thailand at
h =5, 10 & 20 under 5% VaR), and tail risks (right panel
in Table 2) and is robust. Tail risks are therefore important
predictors for Asia-Pacific equity market returns. This
aligns with the established returns-tail risk nexus (Ander-
sen et al., 2020; Chevapatrakul et al., 2019; Long et al.,
2019; Salisu, Gupta, & Ogbonna, 2021). In summary, in-
corporating own tail risks while simultaneously controlling
for global and foreign stocks spillover effects and account-
ing for salient data features improves upon the RW model,
which does not account for external data information.

IV. Conclusion

We investigate the predictability of major stocks of the
Asia-Pacific region using tail risks and capturing tail thick-
ness information. The tail risks are estimated using four
CAViaR model variants: adaptive, symmetric absolute
value, asymmetric slope, and indirect GARCH. We find
asymmetric slope and indirect GARCH models to be optimal
and generate corresponding 1% and 5% tail risks for each
country. Our model, which incorporates salient data fea-
tures, is used to examine the nexus between returns and tail
risk while controlling for global oil and US stocks spillover
effects. We find country-specific risks to mostly have a pos-
itive impact on returns. Tail risks induce a near-term rise
in returns on “bad” days (negative returns) and completely
disappear on “good” days (positive returns). Our results are
robust.

Submitted: April 13, 2021 AEST, Accepted: May 06, 2021 AEST

Asian Economics Letters 4



Tail Risks and Stock Return Predictability: Evidence From Asia-Pacific

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License
(CCBY-SA-4.0). View this license’s legal deed at https://creativecommons.org/licenses/by-sa/4.0 and legal code at https://cre-
ativecommons.org/licenses/by-sa/4.0/legalcode for more information.

Asian Economics Letters



Tail Risks and Stock Return Predictability: Evidence From Asia-Pacific

REFERENCES

Andersen, T. G., Todorov, V., & Ubukata, M. (2020). Tail
risk and return predictability for the Japanese equity
market. Journal of Econometrics. https://doi.org/10.10
16/j.jeconom.2020.07.005

Chevapatrakul, T., Xu, Z., & Yao, K. (2019). The impact
of tail risk on stock market returns: The role of
market sentiment. International Review of Economics
& Finance, 59, 289-301. https://doi.org/10.1016/j.ire
£.2018.09.005

Clark, T. E., & West, K. D. (2007). Approximately normal
tests for equal predictive accuracy in nested models.
Journal of Econometrics, 138(1), 291-311. https://doi.o
rg/10.1016/j.jeconom.2006.05.023

Engle, R. F., & Manganelli, S. (2004). CAViaR:
Conditional Autoregressive Value at Risk by
Regression Quantiles. Journal of Business & Economic
Statistics, 22(4), 367-381. https://doi.org/10.1198/073
500104000000370

Fama, E. F., & French, K. R. (2004). The CAPM: Theory
and Evidence. Journal of Economic Perspectives,
American Economic Association, 18(3), 25-46.

Long, H., Jiang, Y., & Zhu, Y. (2018). Idiosyncratic tail
risk and expected stock returns: Evidence from the
Chinese stock markets. Finance Research Letters, 24,
129-136. https://doi.org/10.1016/j.fr1.2017.07.009

Long, H., Zhu, Y., Chen, L., & Jiang, Y. (2019). Tail risk
and expected stock returns around the world. Pacific-
Basin Finance Journal, 56, 162-178. https://doi.org/1
0.1016/j.pacfin.2019.06.001

Asian Economics Letters

Salisu, A. A., Gupta, R., & Ji, Q. (2021). Forecasting Oil
Price over 150 Years: The Role of Tail Risks. Working
Papers 202120, University of Pretoria, Department of
Economics.

Salisu, A. A., Gupta, R., & Ogbonna, A. E. (2021). Tail
Risks and Forecastability of Stock Returns of Advanced
Economies: Evidence from Centuries of Data. Working
Papers 202117, University of Pretoria, Department of
Economics.

Salisu, A. A., & Vo, X. V. (2020). Predicting stock returns
in the presence of COVID-19 pandemic: The role of
health news. International Review of Financial
Analysis, 71, 101546. https://doi.org/10.1016/j.irfa.20
20.101546

Sharma, S. S. (2020). A Note on the Asian Market
Volatility during the COVID-19 Pandemic. Asian
Economics Letters, 1(2). https://doi.org/10.46557/001
c.17661

Westerlund, J., & Narayan, P. K. (2012). Does the choice
of estimator matter when forecasting returns? Journal
of Banking & Finance, 36(9), 2632-2640. https://doi.or
€/10.1016/j.jbankfin.2012.06.005

Westerlund, J., & Narayan, P. K. (2015). Testing for
predictability in conditionally heteroskedastic stock
returns. Journal of Finance and Economics, 13(2),
342-375.

Yaya, O. S., & Ogbonna, A. E. (2019). Do We Experience
Day-of-the-Week Effects in Returns and Volatility of
Cryptocurrency? MPRA Paper 91429, University
Library of Munich.



https://doi.org/10.1016/j.jeconom.2020.07.005
https://doi.org/10.1016/j.jeconom.2020.07.005
https://doi.org/10.1016/j.iref.2018.09.005
https://doi.org/10.1016/j.iref.2018.09.005
https://doi.org/10.1016/j.jeconom.2006.05.023
https://doi.org/10.1016/j.jeconom.2006.05.023
https://doi.org/10.1198/073500104000000370
https://doi.org/10.1198/073500104000000370
https://doi.org/10.1016/j.frl.2017.07.009
https://doi.org/10.1016/j.pacfin.2019.06.001
https://doi.org/10.1016/j.pacfin.2019.06.001
https://doi.org/10.1016/j.irfa.2020.101546
https://doi.org/10.1016/j.irfa.2020.101546
https://doi.org/10.46557/001c.17661
https://doi.org/10.46557/001c.17661
https://doi.org/10.1016/j.jbankfin.2012.06.005
https://doi.org/10.1016/j.jbankfin.2012.06.005

	I. Introduction
	II. Methodology and Data
	A. Methodology
	B. Data

	III. Empirical Results
	IV. Conclusion
	References

