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International stock return predictability: The role of
U.S. volatility risk

ABSTRACT

We study the impact of U.S. equity market volatility risk on international equity risk
premia. A single factor constructed from the term structure of U.S. option-implied forward
variances consistently predicts stock market returns on the U.S. and 10 non-U.S. industrial-
ized countries both in- and out-of-sample. The predictive power of the U.S. forward variance
factor is stronger when the U.S. volatility spillover intensity is higher or when global equity
markets are more connected. We find that the U.S. volatility risk is linked to the interna-
tional economic condition and economic uncertainty, suggesting that the factor predicts the
international equity premium through the link between the U.S. volatility risk and global
investment opportunities. Overall, our evidence is consistent with an intertemporal capital
asset pricing model and underscores the role of the U.S. equity volatility in shaping the

international risk-return tradeoff.
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1 Introduction

The risk-return relation is a fundamental issue in finance. In his seminar research of
asset pricing theory, Merton (1973) develops an intertemporal capital asset pricing model
(ICAPM) in which the expected market excess return is determined by its own conditional
variance as well as its conditional covariance with state variables that describe changes in
investment opportunity set. In particular, the model prescribes a partial positive relation
between the conditional market risk premium and the conditional market variance, which
has triggered a large empirical literature studying this risk-return relation. Whereas earlier
studies often reached mixed or even contradictory evidence, recent research tends to agree
upon that this relation holds for the U.S. equity market conditionally (Bali, 2008; Bali
and Engle, 2010; Bali and Peng, 2006; Ghysels, Santa-Clara, and Valkanov, 2005; Guo and
Whitelaw, 2006; Ludvigson and Ng, 2007; Rossi and Timmermann, 2015).!

To the best of our knowledge, how the U.S. volatility risk affects international equity
risk premia has not been thoroughly studied yet. The past three decades have witnessed an
increasing degree of economic integration and financial openness around the world. Given
that the United States is the world’s largest economy and it maintains tight relations with
other countries through bilateral trades and direct foreign investments, a positive shock to
U.S. volatility is likely a global shock that can pass through other markets and affect global
investment opportunities. Besides, there is a large literature documenting volatility spillover
from the U.S. stock market to other markets (Baele, 2005; Hamao, Masulis, and Ng, 1990).
In particular, Yang and Zhou (2017) uncover that the U.S. stock market is at the center of
the international volatility spillover network and the spillover intensity has been intensified
since 2008. From the perspective of cross-country volatility transmissions, the U.S. volatility
variation is key to the global volatility risk dynamics (Buncic and Gisler, 2016). According
to an international version of ICAPM, the U.S. equity volatility risk should be priced in the
global equity market.

In this paper, we study the intertemporal relation between the U.S. volatility risk and
the international market excess returns. To this end, we build a U.S. volatility risk factor

from the model-free forward variances implied from the S&P 500 option prices. As shown

IThis literature is too large to be summarized but see the review of Lettau and Ludvigson (2010).



by Busch, Christensen, and Nielsen (2011) and Jiang and Tian (2005), among others, the
option-implied variance is forward-looking and exhibits superior predictive power for real-
ized variance relative to the variance based on historical return data.? In addition, the
option-implied (forward) variance has a term structure feature that contains rich predictive
information about the equity premium (Andreou, Kagkadis, Philip, and Taamouti, 2019;
Bakshi, Panayotov, and Skoulakis, 2011; Feunou, Fontaine, Taamouti, and Tédongap, 2014;
Luo and Zhang, 2017). We construct the model-free U.S. forward variances covering the
S&P 500 return variation over three to six, six to nine, nine to 12, and 12 to 18 months
ahead, and we apply the Partial Least Square (PLS) method (Kelly and Pruitt, 2013, 2015)
to consolidate the information in the term structure into a single factor that matters most
for the U.S. equity premium. We refer this factor to the U.S. forward variance risk factor
(FVFY) and examine its predictive ability for stock market excess returns on the U.S. as
well as 10 non-U.S. industrialized countries, including Australia, Canada, France, Germany,

Italy, Japan, the Netherlands, Sweden, Switzerland, and the United Kingdom.

The U.S. volatility risk factor positively predicts the monthly U.S. and international
market excess returns from February 1996 to June 2019, with a significant regression slope
estimate at the 10% level or better for all industrialized countries considered (except for
Japan). The R? statistics produced by FVFY® range from 0.45% (Japan) to 6.00% (Switzer-
land) during the whole sample, and are larger during NBER-dated recessions with an average
R, of 7.53% and lower during expansions with an average R, of 1.28%, consistent with
the counter-cyclical return predictability documented by the literature (Henkel, Martin, and
Nardari, 2011). A pooled predictive regression with the slope homogeneity restriction for
all countries (Rapach, Strauss, and Zhou, 2013) shows that on average, a one-standard-
deviation increase in FVFY® signals a 0.78% increase in the next-month international equity
premium. This is economically sizable since most of the countries have a sample mean excess
return below 0.5%. Therefore, our results imply that high U.S. volatility risk foreshadows

future high international excess market returns.

We find that FVFYS contains incremental information to the local financial and economic

predictor variables, including the dividend yield, short rate, and term spread (Ang and

2Guo and Whitelaw (2006) find that using the option-implied variance rather than historical variance
or GARCH-based variance forecasts improves the estimation efficiency and helps to recover the positive
risk-return tradeoff relation.



Bekaert, 2007; Hjalmarsson, 2010), and its predictive ability remains robust after controlling
for local volatility risk measured by the realized variance and option-implied VIX index.
Besides, the predictability of FVFYS cannot be explained by the existing U.S. variables
that are found to predict international returns, including the U.S. variance risk premium
(Bollerslev, Marrone, Xu, and Zhou, 2014; Bollerslev, Tauchen, and Zhou, 2009), lagged
U.S. returns (Rapach et al., 2013), and the U.S. skewness innovations (Chen, Jiang, Xue,
and Yao, 2019). Moreover, a battery of tests verifies that the predictive power of FVFYS is
robust to the way in which stock excess returns are measured (either in national currency

or in U.S. dollar) and the choice of evaluation period.

The in-sample predictability analysis is subject to the look-ahead bias, and may poten-
tially overestimate the degree of predictability in real-time (Welch and Goyal, 2008). We
thus conduct an out-of-sample (OOS) analysis using the first 60 months of data as the initial
training period (February 1996 to January 2001), following Welch and Goyal (2008). Over
the evaluation period from February 2001 to June 2019, FVFY® produces significantly pos-
itive OOS R? statistics (Campbell and Thompson, 2008) for the U.S. (2.17%) and for the
other nine countries (except for Japan), with the highest being 4.37% for Switzerland. The
OOS forecast encompassing test using on the statistic of Harvey, Leybourne, and Newbold
(1998) further confirms FVFYS contributes the incremental information to the existing U.S.
and local predictors. Moreover, through a widely adopted asset allocation framework in the
literature (Campbell and Thompson, 2008), we show that FVFYS can generate substantial
economic gains for both domestic investors who can invest in their own markets and a global
investor who can invest across countries. The economic gains survive under a proportional

transaction cost of 50 basis points.

We extend our study to emerging markets by considering 14 stock markets from Africa,
Middle and South America, East and South Asia, and Europe. We observe prevailing positive
relations between FVFYS and excess returns on these markets. Nevertheless, the predictive
power of FVEY® for emerging markets is weak and nonsignificant compared to what we find
in the developed markets. According to Bekaert and Harvey (1995) and Bekaert, Harvey,
Lundblad, and Siegel (2011), emerging markets are largely segmented from developed mar-
kets, the U.S. in particular, and their market returns are predominantly driven by local risks.

Market segmentation limits the impact of the U.S. volatility risk, and in turn, leads to the



limited forecasting ability of FVFUS,

Why does the U.S. forward variance risk factor positively predict stock market returns
of developed countries? We construct a volatility spillover network following Diebold and
Yilmaz (2009, 2014) and Yang and Zhou (2017). We document the central role of the U.S.
in the global volatility transmission network, that is, the U.S. has the greatest amount of
volatility spillover to other countries. A subsample analysis reveals that the OOS predictabil-
ity of FVFY® is stronger during periods with more pronounced spillover effect from the U.S.
to other countries (such as the 2008 Global Financial Crisis) and during periods when the
degree of global stock markets is higher. Intuitively, because international investors bear
the volatility originated from the U.S., they require high compensation for their domestic
stock markets. Our result is thus consistent with an international version of the ICAPM
and underscores the unique role of the U.S. volatility as a source of global risk in shaping

the international risk-return tradeoff.

We further explore the underlying economic mechanisms behind the predictive power of
FVFYS. First, we find a significantly inverse relation between the U.S. forward variances
and future U.S. economic conditions, measured by a group of economic indicators, such
as the Chicago Fed National Activity Index and industrial production growth. Thus, the
predictability of FVEFY® for the U.S. market comes from its link with the expected economic
condition. Given the leading role of the U.S. in the world economy, a downturn in the U.S.
economy likely causes an adverse impact in global investment opportunities. We then show
that the U.S. forward variance negatively predicts local economic growth and positively
predicts local economic uncertainty proxied by the economic policy uncertainty index of
Baker, Bloom, and Davis (2016). Thus, high U.S. forward variance predicts future low
international economic growth and high uncertainty. Therefore, the tight link between U.S.
forward variances and world economy enables FVFUS to track the equity premium variation
caused by adverse shifts in the international investment opportunity set due to deteriorations
in world economic conditions. Finally, we find that the forecasting ability of FVFY® does not
originate from its ability to anticipate country-wide investor sentiment, thereby consistent

with the risk-based explanation.

Our paper complements the international return predictability literature. Ang and

Bekaert (2007) and Hjalmarsson (2010), among others, document the robust predictive



power of a few domestic economic and financial variables. Additionally, a number of em-
pirical studies elucidates the unique role of U.S. variables in predicting non-U.S. market
returns (Bollerslev et al., 2014; Chen, Jiang, Liu, and Tu, 2017; Chen et al., 2019; Rapach
et al., 2013). We contribute to the extant research by elaborating the cross-country im-
pact of the U.S. volatility risk, through the lenses of the risk-return relation and the U.S.
volatility spillover effect. Empirically, we show that a single factor extracted from the U.S.
forward variance term structure provides increment predictive information to the local and
U.S. variables identified in the literature. Combining FVFY® with existing predictors would
reinforce the predictability of international stock markets and deepen our understanding of

the international risk-return tradeoff.

Our paper also contributes to a recent strand of studies exploring the information content
of U.S. forward variances. Bakshi et al. (2011) initiate the notion of forward variance and
demonstrate that it can be synthesized approximately from a strip of European options.
They find that the U.S. forward variances can predict the U.S market return and real activity
in-sample. Luo and Zhang (2017) thereafter refine the methodology of Bakshi et al. (2011)
by constructing model-free forward variances using option prices and show that they also
predict U.S. market returns out-of-sample. Feunou et al. (2014) and Andreou et al. (2019)
employ dimension reduction methods to study the predictive power of the term structure of
U.S. (forward) variances for U.S. market returns and variance. These studies focus on the
U.S. market only. This paper adds new empirical evidence to the literature by uncovering

the central role of the U.S. volatility in determining the international risk-return tradeoftf.

The rest of the paper proceeds as follows. Section 2 discusses the asset pricing implication
of the market volatility risk and explains why the U.S volatility would matter for international
markets. Section 3 introduces the data and the U.S. forward variance risk factor FVFYS.
Section 4 presents empirical results and Section 5 explores the sources of the predictability.

Section 6 presents several robustness checks. Section 7 concludes the paper.

2 Theoretical motivation

The aggregate market volatility plays an important role in asset pricing. In the seminal

ICAPM of Merton (1973), the conditional market premium is a linear function of its condi-



tional variance (the risk component) and its conditional covariance with the state variables

that describe the investment opportunities (the hedge component),

Eiria] =~ - Vi +0-Covy(rir, Xegr), (1)

where r;.1 and X;,; are the logarithm market excess return and state variables at ¢ + 1,
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respectively. V; is time-¢ conditional market variance. v = —2

> () is the representative
investor’s relative risk aversion coefficient and J(W;, Xy, t) is her derived utility function on

wealth W, where subscripts stand for partial derivatives.?

Eq.(1) implies a partial positive relation between the conditional market variance and the
conditional market premium, a relation that has been tested extensively since Merton (1980).
Despite of mixed evidence in the early literature, with improved measurements of volatility
and refined econometric modelling of investors’ conditional information, recent research tends
to conclude that this relation does hold conditionally (Bali, 2008; Bali and Engle, 2010; Bali
and Peng, 2006; Ghysels et al., 2005; Guo and Whitelaw, 2006; Ludvigson and Ng, 2007;

Rossi and Timmermann, 2015). The relation between the market risk premium and the hedge

—JwxW

e whose sign is opposite to Jyyx. If an increase in X,

component depends on 0 =
signals an unfavorable shift in investment opportunities such that the representative investor
reduces consumption and increase precautionary savings, her marginal value of wealth would

rise, implying Jy x > 0 and € < 0. Conversely, 6 is positive.

It is well documented that the stock market return volatility is time-varying, inducing
stochastic changes in investment opportunities. An increase in market volatility reduces the
overall diversification and worsens the risk-return tradeoff. In addition, heightened market
volatility often accompanies with market downturns (e.g., 2008 Global Financial Crisis).
Thus, many studies argue that risk-averse investors want to hedge the market volatility
risk, rendering market volatility itself a state variable of special hedging concern (e.g., Ang,
Hodrick, Xing, and Zhang, 2006; Maio and Santa-Clara, 2012). Chen (2002) and Campbell,
Giglio, Polk, and Turley (2018) formally develop discrete-time ICAPMs with time-varying
volatility that extend the homoskedastic ICAPM of Campbell (1993). An increase in market

volatility represents a deterioration in investment opportunities in their models. An asset

3Nonsatiation of utility implies Jyr > 0 and risk averse implies Jyy < 0.



that has positive covariance with a state variable that positively forecasts future market
volatility earns a lower equilibrium risk premium because investors demand insurance against
market volatility risk and such asset precisely constitutes a volatility hedge. Therefore, the

market volatility should be a negatively priced state variable, i.e., § < 0.4

The ICAPM serves as the foundation for our study to investigate the role of U.S. volatility
for the equity premium. The first term in the right hand side of Eq.(1) implies a conditional
positive relation between the market volatility and expected market return, ceteris paribus.
Besides, the empirical studies of the ICAPM shows that the market volatility commands a
negative premium in the U.S. stock market.? This, combined with the stylized fact that the
conditional correlation between stock returns and market volatility is negative® implies that
0 - Covy(ryy1, Vir1) should also be positive in market volatility. In sum, the U.S. volatility
should be positively related to future U.S. market returns. This implication, however, does
not explain why U.S volatility matters for international markets. We then analyze the cross-
country role of U.S volatility from the perspective of international investors whose investment

opportunities comprise both local and U.S. markets.

Over the past three decades, trade and financial liberalizations considerably increase the
financial integration of global equity markets (Bekaert et al., 2011; Bekaert, Hodrick, and
Zhang, 2009; Chen and Zhang, 1997). It is conceivable that equity volatility risk is priced
globally, that is, the rewards to equity volatility risk exposure are common for integrated
stock markets. Given the giant size of U.S. economy, as well as the tight connection main-
tained by the U.S. with other industrialized countries through bilateral trades and foreign
direct investments, the U.S. volatility can transmit to other connected markets and consti-
tutes a source of global risk (Bekaert, Harvey, and Ng, 2005; Sarno, Schneider, and Wagner,
2012). A shock to it, such as the volatility spike in October 2008 caused by the bankruptcy
of Lehman Brothers, would affect investors both in and outside the U.S. and represents a
deterioration in the global investment opportunities. Indeed, there is much evidence of the

spillover of the U.S. volatility to the European Union and Japan, and its spillover intensity

4See also the long-run risk model by Bansal, Kiku, Shaliastovich, and Yaron (2014).

5The negative risk premium of the U.S. volatility is a robust finding of empirical studies that use both
equity index option prices and stock returns (Ang et al., 2006; Bakshi and Kapadia, 2003; Cremers, Halling,
and Weinbaum, 2015).

6This phenomenon is often called as “leverage effect” (Black, 1976) or “volatility feedback effect” (e.g.,
Guo and Whitelaw, 2006).



has been intensified since 2008 (Baele, 2005; Hamao et al., 1990; Yang and Zhou, 2017).
Buncic and Gisler (2016) also show that incorporating the information of U.S. volatility con-
siderably improves the forecast performance of 17 international equity markets’ volatility.
Accord to an international version of ICAPM, investors would require higher compensations
for holding the local stock markets when facing heightened U.S. equity volatility. This im-
plies a positive relation between the U.S. volatility and future international stock returns,
and this relation should hold in the presence of local volatility risk. We test this prediction

in the following sections.

3 Data and the U.S. Forward Variance Risk Factor

In this section, we describe the data of international stock market returns and the S&P
500 options used to construct the term structure of forward variances that measure the
conditional U.S. volatility risk. Next, we illustrate the econometric method for constructing

the U.S. forward variance risk factor.

3.1 International Stock Market Return Data

We collect the stock market indices of the U.S. and 10 non-U.S. industrialized coun-
tries, including Australia, Canada, France, Germany, Italy, Japan, the Netherlands, Sweden,
Switzerland, and the United Kingdom.” The selection of countries and market indices fol-
lows Rapach et al. (2013). We calculate the logarithm market return (including dividends) in
excess of the risk-free rate, where the excess returns are measured in the national currency,
following Solnik (1993), Ang and Bekaert (2007), and Hjalmarsson (2010), among others.
As pointed out by Solnik (1993), using national currency returns sidesteps the difficulty of
modelling the exchange rate risk premia, and allows us to concentrate on the equity risk pre-
mia. All data are from the Global Financial Data (GFD) and span monthly from January
1996 to June 2019. The stock returns are derived from GFD’s value-weighted total return

indices database, and the risk-free rates are proxied by domestic three-month Treasury bill

"We extend our study to additional 11 developed markets, including Austria, Belgium, Denmark, Finland,
Israel, New Zealand, Norway, Portugal, Spain, Hong Kong, and Singapore. The results are quantitatively
similar and are available upon request.



rates. Table A.1 provides detailed descriptions of the data.

Panel A of Table I reports the summary statistics of the monthly logarithm stock market
excess returns. There are considerable heterogeneity among the 11 countries. The average
excess returns range from 0.11% (Japan) to 0.68% (Sweden), and the standard deviations
vary from 3.66% (Australia) to 5.976% (Italy). All the country returns are negative skewed
and leptokurtic with the return skewness ranging from —1.31 (Canada) to —0.10 (Italy). A
few countries, such as Canada and Switzerland, exhibit notably positive return autocorre-
lations. The correlations of excess returns of the 11 countries shown in Panel B of Table I

suggest that these stock markets exhibit strong return comovements.

[Insert Table I here]

3.2 Option-Implied U.S. Forward Variances

To measure the conditional U.S. volatility risk, we construct the model-free implied
variance, or the VIX index, from the S&P 500 option prices using the methodology of the
CBOE (CBOE, 2009). The theoretical foundation behind the VIX index is that the risk-
neutral expected return variations of the S&P 500 index from the current time ¢ to a future

date T can be replicated by a strip of options with the same expiration date,
BT s, Fir P (K * Cyr (K
/ (S“) / BorlB) e [ CeB) el i ()
t u 0

K? r, K 2
where S; is time-t spot index price, E;@ is the conditional expectation under the risk-neutral

2
Bt,’r

ER

probability measure QQ, B, . is the price of a risk-free discount bond matured at 7', Fj ; is
the forward price of maturity 7, and P, ,(K) and Cy . (K') denote the prices of European put
and call options on the index with strike K and maturity 7, respectively. The VIX index,
denoted as VIX, ., is defined as the square root of the expectation in Eq. (2) divided by
7. The CBOE uses this methodology to calculate their 30-day VIX index, which is widely
known as the “fear index” by market participants.® It is worth mentioning that the VIX

index is “model-free” in that it does not require any specific asset pricing model.”

8https://www.cboe.com/tradable_products/vix/.
9Britten-Jones and Neuberger (2000) derive this result under the assumption that the index follows a
diffusion process. Jiang and Tian (2005) and Carr and Wu (2009) show that this expression also holds



Empirically, the VIX has a forward-looking advantage relative to the volatility estimated
from historical return data (Busch et al., 2011; Jiang and Tian, 2005). More importantly,
we can construct a term structure of VIX indices with different expiration dates according
to Eq. (2), which should be informative for identifying the true yet unobservable volatility
risk factor. We transform these VIX indices into “model-free” forward variances. Concep-
tually, forward variances are similar to forward rates and measure the risk-neutral expected
return variations over non-overlapped time intervals, which helps to separate the pieces of
information in the VIX indices (Andreou et al., 2019; Bakshi et al., 2011; Luo and Zhang,
2017). Formally, a time-t model-free forward variance from ¢ + 7; to ¢ + 7,41 is given by,

t4+7i41 ds, 2
FV,, = B2 / ( ) = Ti+1VIXiTi+1 — TZ-VIXiTZ_, T < Tit1. (3)
t

+7i SU

To calculate the U.S. forward variances, we collect the S&P 500 option (SPX) price data
from OptionMetrics. We first apply some common filters to remove recording errors and
reduce the effect of option illiquidity. Specifically, we delete observations that violate non-
arbitrage bounds, have zero bid quotes, or have maturities less than a week. In addition, we
only keep standard SPX options expiring on the third Friday (or the Saturday thereafter)
of each month.1® Next, we compute the VIX indices for all available expiration dates using
out-of-money call and put options, upon which we construct a set of constant-maturity
VIX indices via linear interpolation (CBOE, 2009). Finally, we obtain a term structure of
constant-maturity forward variances according to Eq.(3), covering the index return variations
over intervals [t 4+ 3m,t + 6m|, [t + 6m,t + 9m|, [t + Im,t + 12m|, and [t + 12m,t + 18m].
We denote them as FVs,6m, FVemom, FVomiom, and FVign1sm, respectively.

Panel B of Table I reports the descriptive statistics of the monthly constant-maturity
forward variances by using data on the penultimate trading day of each month.!'! The
sample spans from January 1996 to June 2019. The mean of the forward variances increases

from 1.31 to 2.80 as the term structure moves from the short to the long end. All the

approximately with high accuracy where the index process contains jumps. Carr and Madan (2001) and
Kozhan, Neuberger, and Schneider (2013) show that this expression is also the fixed leg of a variance swap
that delivers the floating leg of the realized index return variations over the time interval [¢, T1.

10T mitigate truncation errors due to the limited range of available strikes when computing the integra-
tions in Eq.(2) numerically, we extrapolate outside this range following Jiang and Tian (2005).

HThe closing time of U.S. stock market is the latest among the 11 markets. This one-day lag rule is to
avoid the look-ahead bias in the following predictive analyses.

10



forward variances are positively skewed and leptokurtic and exhibit strong persistence. The
pairwise correlation coefficients shown in Panel C range from 0.91 to 0.97, suggesting that

they collectively capture a common aspect about the U.S. volatility risk.
[Insert Fig 1 here]

To provide further perspectives on the forward variances, we plot their dynamics in Fig-
ure 1. The shaded area denotes National Bureau of Economic Research (NBER) recessions.
The forward variances are high during recessions and turbulent periods (e.g., the 1997 Asian
crisis and the 2010-2011 European sovereign debt crisis) and peak at the 2008 Global Fi-
nancial Crisis. In particular, they raise rapidly in the beginning of 2007. Subsequently, we
observe the U.S. sub-prime mortgage debt crisis and the decline of the U.S. market, which
transmits to other countries rapidly and eventually evolves into an unprecedented global
market downturn. Thus, an increase in the forward variances signals not only heightened
U.S. volatility risk, but also a lift in global volatility. From this perspective, they collectively

represent a source of global risk that matters for international markets.

3.3 U.S. Forward Variance Risk Factor

In this paper, we consider each U.S. forward variance as a proxy for the true yet unob-
served U.S. volatility risk, V', that affects both the U.S. and international equity premia.

We extract their common component to provide a better measure of V.

Following the discussion in Section 2, we assume that the one-period-ahead U.S. equity

premium is a linear function of the conditional U.S. volatility risk V;:

EirlS) = a + BV, (4)

where 75 is the logarithm U.S. market excess return. Since the realized excess return can

be decomposed into its conditional expectation plus a shock, we can write
roo = a+ BV + €1, (5)

where €1 has a zero mean and is unrelated to V;.

11



Let FV, = (FV14,FVa,,...,FVy,)" denote the vector of constant-maturity U.S. forward

variances. We assume a linear factor model for F'V;; that follows

FViy =00 +01,Vi+ 0200 +miy, 1=1,..., N, (6)

where FV;, is affected by both V; and ¢, ¢; is the common component of all forward
variances that is irrelevant to the U.S. equity premium (such as a measurement error), 6, ;
measures the sensitivity of F'V;; to V;, and 7, is the idiosyncratic shock to F'V;; exclusively.
The linear factor structure of forward variances is inline with a broad class of affine models,
in which the conditional mean and variance of asset logarithm returns at different time
horizons are affine functions of a set of common state variables.'? In our context, the state
variable is the conditional U.S. volatility risk V;, and both the term structure of U.S. forward
variances and the conditional U.S. equity premium are affine functions of V; (e.g., Andreou

et al., 2019; Feunou et al., 2014).

Partial Least Squares

Since each forward variance contains certain information about V;, we can run the stan-
dard ordinary least square (OLS) regression to test the relation between the U.S. forward
variances and U.S. and international stock returns. However, given the strong correlations
among the forward variances, the multi-collinearity problem would obscure the risk-return
relation. In addition, the OLS regression is not guaranteed to separate V; from the irrelevant
component ¢, and thus can produce less efficient forecasts. Therefore, we utilize the PLS
method, pioneered by Wold (1966) and further advanced by Kelly and Pruitt (2013, 2015), to
extract V; from the term structure of forward variances. Specifically, PLS is a target-driven
dimension reduction method that extracts the common factor from the set of U.S. forward
variances {F'V;;} by exploiting the factor structures of Eq. (4-6). The extracted factor is a
linear combination of the forward variances where the weight on each F'V;; is based on its

covariance with future market excess return.

12 Affine models serve as the bedrock for pricing derivatives, and are also popular in equilibrium asset
pricing studies, such as the affine long-run risk models with Epstein-Zin-Weil preferences (Bansal and Yaron,
2004; Bollerslev et al., 2009; Eraker, 2008). See the systematic treatment of affine models by Duffie, Pan,
and Singleton (2000) in continuous time and by Darolles, Gourieroux, and Jasiak (2006) in discrete time.

12



The PLS factor can be estimated through a two-stage OLS regression. In the first stage,

we run N time-series regressions separately for each forward variance FV;, on the U.S.

UsS

market excess return r,.7,

FV@t = (50@ + (51;7’1381 + fi,tv for i = 1, ey N, (7)

where 9; is the loading that measures the sensitivity of F'V,; to ryfl.

In the second stage, we run a cross-sectional regression of F'V; on the estimated exposure

5= (51, - 5N)’, for each period t,
FV, =0, 4 0FVF"S +u,, fort=1,..,T, (8)

where the first-stage loading estimate § serves as the independent variables to explain the
cross sectional variation of FV, and the regression slope in Eq. (8) is the PLS factor. In
particular, we refer to the PLS factor estimated from the set of U.S. forward variances,

FVs6ms EVemom, FVomiom, and FVig,,18m, as the U.S. forward variance risk factor, FVEYS.

Intuitively, a higher value of the loading ¢; indicates that F'V;; has a higher exposure to
V, instrumented by 7,1, and thus carries a larger amount of information about V;. As proved
by Kelly and Pruitt (2015), PLS utilizes this feature precisely such that the extracted factor
FVFY® efficiently estimates the true volatility risk V; from individual forward variances and
at the same time filters out the irrelevant common and idiosyncratic noise components ¢,
and & ;. A number of recent empirical studies demonstrate that PLS is an efficient method
for obtaining the latent common factor from individual predictive variables (Huang, Jiang,

Tu, and Zhou, 2015; Kelly and Pruitt, 2013).

Using the PLS procedure outline above, we obtain the U.S. forward variance factor FVFUS

over the full sample, which is given by
FVFYS = 26FVsmem.s + 13F Vemom: — 95F Vomioms + 45FViomigm.- (9)

Accordingly, we interpret FVFY® as a slope-curvature factor because it captures the slope of
the term structure of the forward variances and its loading also has a U-shape on forward

variances with maturity longer than six months. Consistent with this interpretation, we note
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that FVFY® has the correlations of 0.07, 0.74, and —0.66 with the first, second, and third

principal components, respectively.

4 Empirical results

In this section, we examine the predictive ability of the U.S. forward variance risk factor
FVFYS for the U.S. and 10 non-U.S. markets. We start with in-sample predictive analyses
and move to out-of-sample tests. Finally, we quantify the economic value of the predictability

of FVFY® through an asset allocation practice.

4.1 Baseline predictive regression

Our baseline predictive regression is
Titr1 = G + 5 FVFES +Eitr1, (10)

where 7; 441 is the logarithm market excess return of country ¢ at month ¢t+1 and FVF,}J S is the
U.S. forward variance risk factor extracted from the term structure of U.S. forward variance.
We use the U.S. forward variances in the penultimate trading day of each month to avoid a
look-ahead bias. The sample spans from February 1996 to June 2019. To ease interpretation,
FVFY® is standardized to have zero mean and unit variance, so that its coefficient can be
interpreted as the effect of a one standard deviation increase in the U.S. forward variance
factor on the country i’s one-month ahead return. We make the statistical inference for g;
based on the t-statistic of Kelly and Pruitt (2015). The null hypothesis is 3; = 0 that FVF®

has no predictability, against the alternative hypothesis that j; is different from zero.
[Insert Table II here]

As shown in Table II, FVFYS positively predicts the future excess stock market returns
on the 11 industrialized countries. High U.S. volatility risk forecasts future high interna-

tional returns, consistent with the risk-return relation implied by the ICAPM. The slope

13This result is different from that of Andreou et al. (2019) who also apply PLS to extract the common
factor from the term structure of U.S. forward variances. However, their forward term structure does not
involve the forward variance FVi2,,18m as we do.
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estimates of FVFYS range from 0.34% (Japan) to 1.06% (Switzerland), all of which are sig-
nificant at the 10% level or better, with the exception of Japan.'* This suggests that FVFYS
provides certain amount of information for forecasting the future international equity pre-
mium. The magnitude of the slope estimates is also economically significant. For instance,
a one-standard-deviation increase in FVFY® indicates a rise in the monthly equity premium
of 1.02% , 1.04%, and 0.68% for France, Germany, and the U.S., respectively, considerably
larger than the corresponding country’s average excess returns (0.52% for France, 0.43% for

Germany, and 0.52% for the U.S., see Table I).

According to the fourth column of Table II, the R? statistics produced by FVFYS are
generally greater than 2%, with the highest being 6% for Switzerland. These R? values signal
an economically sizable degree of return predictability of FVEYS. As argued by Campbell and
Thompson (2008), even a small monthly R? such as 0.5% in the U.S. data, can translate into
a more than 30% proportional increase in the portfolio expected return to a mean-variance

investor who can employ the predictive regression forecast.

The extant literature documents that the degree of stock return predictability of G7
countries varies over business cycles and the predictability concentrates in periods with
economic recessions (Henkel et al., 2011; Rapach, Strauss, and Zhou, 2010). To investigate
the predictive ability of FVFYS under different economic phases, we follow Henkel et al.
(2011) to split the sample into expansions and recessions based on the NBER-dated business

cycle indicator, and compute the R? for each subsample,

R2 —1— ZZ:l If(gi,t>2

e ST e — ) c =Rec or Exp, (11)
t=1+t it — T

where I7¢¢ (I/*?) equals to one whenever the U.S. economy is in NBER recession (expansion)
month ¢ and zero otherwise, ¢;; denotes the fitted residual from regression equation Eq.(10),
and 7; is the full-sample mean of 7;. Note that unlike the full-sample R* statistic, R%,, and

R%_. can be negative.

The last two columns in Table II reveal that the return predictability is more pronounced

during recessions than during expansions for FVFYS. The average R%,, value for the 11 coun-

14The Japanese stock market is difficult to predict by conventional predictor variables, such as bond yields
and valuation ratios. See Aono and Iwaisako (2011) and the references therein.
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tries is 7.53% (not tabulated), more than five times larger than the average R%xp of 1.28%
(not tabulated). Therefore, the predictive power of the U.S. forward variance risk factor
displays a counter-cyclical pattern. This is in line with the model in Section 2 that the
heightened global risk, approximated by the U.S. volatility risk, drives up the international
equity premium during recessions, thereby leading to counter-cyclical predictability. More-
over, as presented by the optimal attention model of Kacperczyk, Van Nieuwerburgh, and
Veldkamp (2016), fund managers focus more on idiosyncratic shocks during expansions but
more on aggregate shocks during recessions. Since the U.S. volatility risk is approximate
for the aggregate risk that affects the global financial markets, international investors would

place more attention on it during recessions, giving rise to counter-cyclical predictability for

FVEYS,

In addition, we follow Ang and Bekaert (2007), Hjalmarsson (2010), and Rapach et al.
(2013) to estimate a pooled regression of Eq. (10) by imposing the slope homogeneity
restriction 3; = 3 for all country ¢ but allowing for country-specific intercepts. As argued by
Rapach et al. (2013), although pooling may induce a biased slope estimate, it can improve
estimation efficiency by reducing mean squared error. Furthermore, the pooled slope estimate
can be interpreted as the average relation between the U.S. forward variance risk factor and
future international stock returns. The last row of Table II shows that the pooled estimate
of 8 is 0.78%, which is sizable and significant at the 1% level. Accordingly, on average, a
one-standard-deviation increase in FVFYS corresponds to a 0.78% increase in the next-month

international excess returns.

4.2 Multivariate predictive regression

In this subsection, we study whether the U.S. forward variance risk factor contains any

incremental information to existing predictors in literature.

Controlling for local financial and economic conditions

We consider a set of local financial and economic variables that can predict local stock
market returns, including the nominal risk-free rate proxied by the three-month T-bill rate

(TBL), the aggregate stock market dividend yield (DY), and the term spread which is the
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difference between the 10-year government bond yield and the three-month T-bill rate (TMS)
(Ang and Bekaert, 2007; Hjalmarsson, 2010; Rapach et al., 2013). The data are from the
Global Finance Data. We also control for the January effect on the stock return predictability

by including a dummy variable equal to one if the return is in January and zero otherwise

(Jan), as in Solnik (1993) and Chen et al. (2019).
[Insert Table III here]
The predictive regression controlling for local financial and economic variables is,
Tirs1 = @ + Bt EVEY® 480TBL;; + Bi3DYiy + BiaTMS,, + BisJaniyy +ei41,  (12)

where TBL;; is the three-month T-bill rate of country 7 at time ¢, DY,, is the aggregate
stock market dividend yield of country ¢ at time ¢, TMS, ; is the term spread of country ¢ at
time ¢, and Jang,; is the January effect dummy variable. All predictors are standardized to

have a zero mean and unit variance, except for the January dummy.

Panel A of Table 111 reports the estimation results of regression (12). After controlling for
local financial and economic variables, FVFYS continues to positively predict future excess
returns on the 11 markets, with 10 slope estimates that are significant at least at the 10%
level. The values of regression R? are substantially increased, ranging from 2.17% (Canada)
to 10.42% (Switzerland), more than double the values shown in Table II. This indicates that
FVFYS and the local economic variables contribute unique information regarding on future
stock returns. Turning to the local economic variables, we find the dividend yield and the
January dummy insignificant. Nonetheless, the T-bill rate and term spread exhibit certain
predictive power, with significant slope estimates for five and four markets, respectively.
Similarly, we estimate a pooled version of regression (12) in the last row of Panel A. The
pooled OLS estimate of FVEFYS is significant at 1% level, and is identical with the pooled
estimate in the baseline regression (10), reaffirming that FVFYS contains distinct forecasting
information from those in local financial and economic predictors. Among the other four

variables, only TMS has a significant pooled slope estimate but in a much smaller size of

0.38%.
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Controlling for local volatility risk

To examine whether the predictability for FVFYS

can be explained by local market risk,
we control for the local stock market variance. We use realized variance computed as the
sum of the squared daily returns within a month as the proxy for market variance (SVAR).
Besides, we consider an alternative proxy for the local volatility risk using the local VIX

index, while the results are basically similar which can be found in the Internet Appendix.

The predictive regression augmented with the local volaility risk is,
Tite1 = Q; + Bia FVFES +8;25VAR;  + €i 41, (13)

where SVAR;; is the realized market variance of country ¢ at time ¢, which has a mean of

zero and unit variance.

Panel B of Table III reports the estimation results of regression (13). Incorporating local
risk measure SVAR into the regression does not change the size or significance of the slope

estimates corresponding to FVFUS

, suggesting that local volatility risk cannot explain the
predictive power of the U.S. forward variance risk. As a comparison, local SVARs evince
weak predictive ability that is significant only for three out of the 11 countries (Australia,
Canada, and the U.S.). Therefore, the above results underscore the primary role played by

the U.S. market risk in driving the variation of the international equity market risk premium,

consistent with Londono (2015).

Controlling for alternative U.S. predictors

The literature has uncovered a series of U.S. variables that can significantly predict
international stock market returns, including the lagged U.S. stock market return (Rapach
et al., 2013), the U.S. variance risk premium (VRP) (Bollerslev et al., 2014, 2009), and
innovation of the U.S. stock market skewness (Chen et al., 2019). We thus control for these
U.S. predictive variables to address the concern that the predictive ability of FVFYS may
stem from its correlations with existing U.S. predictors. The innovation of U.S. skewness is
measured by the monthly difference of the CBOE option-implied skewness index. The U.S.

VRP is calculated as the difference between the squared VIX and the realized variance of
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the month.' The predictive regression augmented with existing U.S. predictors is,
_ Us Us Us
Tigr1 = o + Bin FVE P +0;2SKEW ™ + 8; 3VRP ™ + B arus .t + €1, (14)

where SKEWY? is the monthly innovation of the U.S. stock market skewness, VRPY® is the
U.S. VRP, and ryg, is the lagged excess U.S. market return. All predictors have a mean of

zero and unit variance.

Panel C of Table III reports the estimation results of regression (14). In general, con-
trolling for alternative U.S. predictors does not affect the predictive power of FVFYS much.
The slope estimates of FVFYS remain positive and are significant at least at the 10% level
for eight countries. Compared to the results in TableIl, FVFYS loses its significance for
two countries (Australia and Canada), in which the U.S. VRP and lagged U.S. market re-
turn become the dominant predictors, respectively. The pooled estimation results in the
last row show that FVFYS on average has the largest and most significant slope estimate
among all U.S. predictors, indicating that the U.S. forward variance risk factor has a quan-
titatively more important impact on international stock returns relative to the other U.S.
variables. Hence, FVFYS provides a substantial amount of incremental information about

the international equity premium variation to the extant U.S. predictors.

Overall, the results in Table III demonstrate that the U.S. forward variance risk factor
displays a strong predictive power for international stock market returns that cannot be
fully explained by the local economic variables, local volatility risk, and the existing U.S.

predictors.

4.3 Out-of-sample tests

Welch and Goyal (2008) have shown that many well-recognized predictors fail to consis-
tently predict the equity premium in OOS forecasting, and in fact, most of them are inferior
to the simple historical average forecast in term of predictive accuracy, especially over the
recent decades. In this subsection, we perform OOS predictive analyses for the U.S. forward

variance risk factor. Since OOS forecasting avoids the look-ahead bias and over-fitting prob-

15We thank Hao Zhou for making the data available at his website https://sites.google.com/site/
haozhouspersonalhomepage/.
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lems involved with the in-sample analysis, it helps to detect the stability and reliability of

the predictive power of FVFYS in real time.

Following Welch and Goyal (2008), we generate OOS return forecasts by estimating the
regression coefficients of Eq. (10) recursively using only the information available at the time
when the forecasts are made. We use the first 60 months of data as the initial training period
(February 1996 to January 2001), so the first return forecast is made for February 2001 and
the OOS evaluation period ranges from February 2001 to June 2019, with a total of 221
observation points for each country. The choice of the initial training window of 60 months
is to make a balance between an adequate amount of start-up observations for parameter

estimation and a sufficiently long OOS period for evaluating the forecasting performance.

We rely on the OOS R? statistic (R%4) of Campbell and Thompson (2008) to assess the

OOS predictive performance, which is calculated as

-1 R 9
g (Tierr — Tig1) MSFE y/oder i

s = S ry | MSFEg (19
t=H (Ti,t-l-l - Ti,t—i—l) Bench

where H is the length of the initial training period (60 in our case), T" is the total sample
size, r; ;41 denotes the realized excess log market return of country ¢ at month ¢ + 1, 7,41
is the return forecast formed based on predictive model ¢, and 7;441 = %22:1 s is the
historical average benchmark forecast. Evidently, a positive R4 value indicates that the
predictive model i produces a lower mean squared forecast error (MSFE) than the historical
average benchmark does. In other words, the R% g statistic measures the statistical predictive
accuracy of the regression forecast generated by model i relative to the benchmark. We
employ the MSFE-adjusted statistic of Clark and West (2007) to test the null hypothesis

R?% ¢ < 0 against the one-sided alternative hypothesis R%¢ > 0.
[Insert Table IV here]

Panel A of Table IV reports the R statistics of FVFY® over the full OOS sample period

as well as during periods of recession (Rpg g,.) and expansion (Rpgpg,,)-'® The second

YThe R% ¢ values during periods of recession and expansion are calculated as

S I (Fipn — Fign)?

- T— _
S e (s — Tign)?

RQOS,C =1 , ¢ = Rec or Exp,
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column shows that all the R%g statistics produced by FVFY® are positive and statistical
significant except for Japan. This implies that FVFYS delivers a significantly lower MSFE
than that of the historical average benchmark for almost all countries considered. Consistent
with the in-sample R? results, FVFY® exhibits the greatest predictive ability for Switzerland
with an R% g of 4.37% that is significant at the 1% level, then followed by France with an
R% of 3.59%. Also note that FVF US appears to be a strong predictor for the U.S. equity
premium, with an R?¢ of 2.17% that is significant at the 5% level. Accordingly, FVFY®

outperforms a host of conventional predictors in forecasting U.S. stock market returns.

According to the third and fourth columns of IV, FVEFYS outperforms the historical
average forecast during both recession and expansion, as indicated by the positive values of
R3 s rec a0d Rpyg ,,, for most of the countries. Nonetheless, the R g, values greatly exceed
the Rpg p,, counterparts except for Japan. For instance, the Rfg g, value for Switzerland
is 10.23%, nearly five times higher than the corresponding Rpyg p,, value of 2.10%. This
reiterates the notion that the predictive power of the U.S. forward variance risk factor is

counter-cyclical and concentrates around periods with economic recessions

Furthermore, we compare the information content of FVFYS to other competing predic-
tive models through the OOS forecast encompassing test. Specifically, we form an optimal
convex combination forecast for country i based on the forecasts by FVFYS and the com-

peting predictive model of interest,

A ~Com AFVEFUS

Tit+1 = (1- /\)Ti,t:-lp + /\Tz‘,t+1 , 0<A<, (16)
where 77, ; denotes the optimal return forecast for country 7 and sz erlUS (flc i1 ) is the return
forecast for country i generated by FVFYS (the competing model). A positive A indicates
that FVEFYS contributes incremental forecasting information to the competing model, while
a trivial A indicates that FVFYS rarely provides any additional information in the optimal
composite forecast, thereby being j°encompassedj+ by the competing model. We gauge the

significance of A based on the HLN statistic of Harvey et al. (1998), which tests the null

hypothesis A = 0 against the one-sided alternative A > 0.

where I3 (1" +1) equals one whenever the economy is in an NBER-dated recession (expansion) in month

t + 1, and zero otherwise.
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Panel B of Table IV reports p-values for the HLN statistic applied to the OOS forecasts.
The fifth and sixth columns consider the competing models that are constituted of the local
financial and economic variables in regression (12) (local Econ) and the local volatility risk
measure in regression (13) (local SVAR), respectively. We can reject the null hypothesis that
the local financial and economic variables forecast encompasses the FVFYS forecast at the
1% level for all countries but Italy. Similar results hold for the case in which we use local
SVAR as the competing predictive variable. Turning to the last column, we can significantly
reject the null hypothesis that FVFYS is encompassed by a collection of alternative U.S.
predictors (with the exception of Australia). Thus, we can conclude that the U.S. forward
variance risk factor provides additional information to the existing predictors that helps to

explain variations in the international equity premium.

In sum, the results in Table IV confirm the stability of the forecasting ability of FVEFYS

in OOS prediction and complement the findings derived from the in-sample analysis.

4.4 Asset allocation analysis

In this subsection, we assess the economic value of the predictability of FVFYS from an
asset allocation perspective. Following Campbell and Thompson (2008) and Rapach et al.
(2010), among others, we consider a mean-variance investor who uses OOS excess return
forecasts for a specific country to guide asset allocation decisions across risky assets (stock
market index in our case) and risk-free bonds. We assume that the investor rebalances the
portfolio at the end of each month, and the optimal portfolio weight on the stock market

index is,

wivt = : s (17)

where 7 is the risk aversion coefficient, th 41 is the stock excess return forecast for country
i, and 67, is the return variance forecast. We follow Campbell and Thompson (2008) to
use the sample variance of excess returns over the past five years as the variance estimate
of the future excess returns, and we impose a short-sale constraint as well as a maximum

leverage of 50% to restrict w;, to lie between zero and 1.5. Given the optimal weight w; ,
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the realized portfolio return for country ¢ at time ¢ + 1 is,
R\ =wyRipon + R, t=H . T-1, (18)

where H is the length of initial estimation period and R;:y; and RZf’ +1 denote the realized

excess stock return and the risk-free return for country ¢ at time ¢ 4 1, respectively.

Over the OOS evaluation period , the CER of the above market timing strategy is

CER;, = flip — %yﬁgp, (19)
where f1; , and &1‘2,;: denote the sample mean and variance of the strategy return realized over
the OOS period for country ¢, respectively. The CER gain of the strategy is then defined as
the difference between the strategy’s CER and the CER of the benchmark strategy based on
the historical average forecast. We report this difference in annualized percentage terms so
that it can be interpreted as the annual portfolio management fee that an investor is willing
to pay to get access to the forecast generated by a predictive regression instead of using the

historical average forecast. We assess the statistical significance of the CER gain using the

method described in DeMiguel, Garlappi, and Uppal (2009).

We also report the annualized Sharpe ratio for each portfolio strategy and employ the
statistic of Jobson and Korkie (1981) with the correction by Memmel (2003) to test whether
the Sharpe ratio of a strategy based on predictive regression forecasts is significantly higher
than that of the historical average benchmark strategy. Finally, since the Sharpe ratio
could be manipulated (Goetzmann, Ingersoll, Spiegel, and Welch, 2007), we adopt the
manipulation-proof performance measure (MPPM, ©) of Goetzmann et al. (2007) as an
alternative measure of the economic value afforded by FVFVS. Similarly to CER, we com-
pute the difference between the © of a portfolio strategy and the © of the historical average

benchmark strategy, and we report this difference (A©) in annualized percentage terms.
[Insert Table V here]

Table V presents the OOS performance of the asset allocation strategy of each country.
From the second column, we find that the market timing strategy based on forecasts gener-

ated by FVFY® produces substantial CER gains relative to the historical average forecasts
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for all countries except for Japan. For instance, under the risk aversion level of three (Panel
A), the positive CER gains range from 2% (Canada) to 5% (France), all significant at the
5% level or better. That is, the investor is willing to pay an annual portfolio management
fee up to 5% to switch from the historical average forecast to the forecasts based on FVFYS.
These values are economically sizable. The third column shows that the CER gains after

considering a proportional transaction cost of 50 basis points (bps) remain positive for 10 of

the 11 countries, confirming the robustness of the economic value delivered by FVFUS.

The fourth through sixth columns of Table V show that in most of the cases, the portfolios
based on FVFYS achieve remarkably large Sharpe ratios.!” Under the risk aversion level of
five (Panel B), the annualized Sharpe ratios produced by FVFYS are significantly higher than
those of the historical average strategy for 10 of the 11 countries, and are approximately 1.5
to two times larger than those by the market portfolio (also known as the buy and hold
strategy). In addition, the results of MPPM reported in the last two columns reaffirm the

FYS relative to the historical average strategy.

robustness of economic gains provided by FV
The positive gains in © range from 2.03% (Canada) to 5.35% (the Netherlands) for v = 3

and p = 3, and the results are robust to the consideration of a transaction cost of 50 bps.

Next, we consider an U.S. investor who can invest across the 11 countries and the U.S.
risk-free rate. We continue to work with the excess market return in national currency which
is a approximate for the currency-hedged equity premium for investors from any country
(Solnik, 1993). The portfolio optimization problem faced by the investor becomes,

/ ,Y /
maxr Wy — =W, 2, W,
wy 2

| , (20
st. e Wy S 1.5 0 Swm S N, 1= 1, ...,N,

where w; is the vector of weights on the eleven stock markets, e denotes a vector of one, 1
is the conditional expected excess stock returns, and »; is the conditional covariance. The
investor can either use the OOS excess return forecast produced by the U.S. forward variance
factor or the historical average forecast as the estimation for p; and estimate ; by the rolling

window covariance over the past five years when solving the optimization problem. By doing

1"Note that a higher CER gain is not necessary to be accompanied by a higher Sharpe ratio. This is
because unlike the CER gain, the Sharpe ratio does not penalize for suboptimal leverage (Kan and Zhou,
2007).
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so, the difference between two portfolio weights is solely determined by the use of OOS return
forecasts. Similarly, we impose a short-sale constraint and a maximum portfolio leverage of
50%. Meanwhile, to produce better-behaved portfolio weights with lower turnover rates, we

set an upper bound of 2/N on w; .

According to the last row of Panel A in Table V, the cross-country investment strategy
delivers a significantly positive CER gain of 3.28%, a gain in © of 3.44%, and a Sharpe ratio
of 0.36 that is higher than both the historical average benchmark portfolio and the market
portfolio where the investor places an equal weight on each of the eleven markets.'® The

conclusion remains unchanged under v = 5 and including a transaction cost of 50 bps.
[Insert Figure 2 here]

To shed further light on the behavior of the portfolio based on FVFYS, we plot the
log cumulative wealth of the portfolios in Figure 2. For the subplots considering a local
investment scenario (first 11 subplots), we conclude that the solid line (FVFYS portfolio) is
predominantly upward sloping for most countries (with the exception of Japan). Though the
FVFY® portfolio suffers a large loss in wealth during the 2008 Global Financial Crisis, it well
catches the market rebound thereafter and grows substantially from the beginning of 2009 to
2019. By contrast, the historical average portfolio takes a more severe drawdown during the
crisis and hardly recovers its loss when the market rebounds. The plot for the cross-country
investment shows that the historical average portfolio underperforms the naive 1/N portfolio,
whereas the FVFYS portfolio achieves the best performance among the three. In particular,
the FVFYS portfolio displays a strong upward trend and consistently outperforms the other
two portfolios which ignore the information about U.S. volatility risk over the recent decade,

signaling a prominent market timing ability.

In short, our results demonstrate that portfolio strategies based on the U.S. forward
variance risk factor FVFYS produce hefty economic benefits for investors across countries.

Hence, the predictive power of FVFYS is significant in both statistical and economic criteria.

8DeMiguel et al. (2009) shows that this simple 1/N rule has a superior OOS performance relative to many
sophisticated diversification strategies.
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5 Sources of Predictability

The previous analysis shows that the U.S. forward variance risk factor FVFYS positively
predicts equity market returns on the U.S. and the 10 non-US industrialized countries. In

this section, we explore the source of the predictive power of FVFYS.

5.1 Volatility spillover and global connectedness

Recent literature has documented the central role of the U.S. equity market in the in-
ternational volatility spillover network (Baele, 2005; Yang and Zhou, 2017). Since foreign
market participants require compensations for bearing risks spillover from the U.S. market
in terms of expected returns, intuitively, the predictability of FVFYS should be correlated
with the intensity of volatility spillover from the U.S. to other countries. Furthermore, given
the increasing globalization and regional integration, it is of great interest to understand the
predictability of FVFYS in the context of global connectedness. To substantiate these asser-
tions, we investigate the international volatility spillover network and global connectedness
during our sample period following Diebold and Yilmaz (2009, 2014), and then we relate the

predictive power of FVFYS to the degree of spillover and connectedness.

We collect weekly implied volatility series for the seven countries, including France
(VCAC), Germany (VDAX), Japan (VXJ), the Netherlands (VAEX), Switzerland (V3X),
the U.K. (VFTSE), and the U.S. (VIX), that have VIX indices available since 2000, and
follow Yang and Zhou (2017) to work with changes in the VIX series to adjust for the high
persistence and serial correlation of volatility (Ang et al., 2006). The data are obtained from
Datastream. Following Diebold and Yilmaz (2009), we perform the variance decomposition
using a structural vector autoregressive (VAR) model of order four with a predictive horizon
of four weeks, where the country ordering in the Cholesky-factor identification is guided by

the analysis of Yang and Zhou (2017).%°

[Insert Figure 3 here]

19Yang and Zhou (2017) employs a network of contemporaneous causal relations to determine the ordering
of variables passed to a VAR model. In our case, the order of variables is as follows: VIX, VDAX, VFTSE,
V3X, VCAC, VAEX, and Japanese VXJ.
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Figure 3 plots net volatility spillovers (contribution to other countries minus contribution
received) among the seven countries during the full sample period from January 2000 to June
2019. Node size and edge width are accommodated according to market capitalization and
net spillover intensity, respectively. The role of the U.S. clearly stands out. It has the largest
market capitalization and amount of volatility spillover to the other six countries, confirming
the central role of the U.S. in the global financial market. Due to the spillover effect, the
volatility risks in international equity markets rise along with the volatility risk of the U.S.
market.?? Also note that contributions from the U.S. to the variance of the five countries
in Europe are in about the same magnitude and markedly larger than the contribution to
Japan. This suggests that industrialized countries in Europe are more integrated with the
U.S. market than Japan does, providing an intuitive explanation for the more substantial
predictability of FVFY for countries in Europe than for Japan as indicated by Tables IT and
IV.

[Insert Figure 4 here]

In addition to the previous static analysis, we conduct a dynamic rolling-window analysis
of the volatility spillover among the seven countries. Figure 4 plots the total variance de-
composition “contributions from others” (dashed line) and “contributions to others” (solid
line) estimated using 60-week rolling window for each country over the sample period from
March 2001 to June 2019. Since the Y-axes of the first seven subplots are all on the same
scale, visually, it is easy to tell that the total volatility spillover from the U.S. to others is
predominantly higher than that from any other countries. Particularly, the spillover from the
U.S. to other markets reached its maximum level in September 2008 during which Lehman
Brothers declared bankruptcy. Besides, we observe spikes in spillovers from the U.K. and
from other European countries (Germany and France) when the British government formally
announced the withdraw from the European Union. We also present the rolling estimated
global connectedness index as calculated in Diebold and Yilmaz (2014) in Figure 4. The
degree of connectedness is usually high during market turbulent times, such as the two

NBER-dated recessions, and relatively low during tranquil times. Nonetheless, the index is

20Tn untabulated results, we show that U.S. froward variances positively and significantly predict the VIX
of the other countries, suggesting that high U.S. forward variances foreshadow high volatility in international
markets.
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generally higher in the recent decade than before, a sign of increasing global connectedness.

[Insert Table VI here]

Next, we base our understanding of the predictability of FVFYS on how it relates to the
U.S. spillover intensity and the degree of global connectedness. To this end, we compute
R statistics during periods of high and low U.S. spillover intensity and during high and

low global connectedness, that are defined as

T-1 .
2 n L (i = Pig)? :
Ros.=1— =773 , for c=high, low, (21)
7 e (ro— 7
pemr i1 (Tige = Tig

where Ithﬁh (Ijs%) is set equal to one whenever the total volatility spillover from the U.S. to
others or the global connectedness is above (below) its sample mean level in month ¢ + 1,
and zero otherwise. Since the U.S. equity market volatility risk is key to the international
equity premium variation, we expect the predictive power of FVFYS to be particularly strong

during periods with greater volatility spillover from the U.S. and higher connectedness among

countries.

Table VI reports the subsample R% 4 statistic calculated based on Eq. (21). Consistent
with our expectation, the stronger the spillover effect from the U.S. to other countries,
the larger the OOS forecasting gains FVFYS generates. In particular, the R% ¢ values are
uniformly higher and more statistically significant during high-spillover compared to low-
spillover periods (except for Japan). This implies that volatility spillovers from the U.S.
magnify the local volatility risk and force up the equity premium, giving rise to stronger
return predictability. In addition, the fourth and fifth columns show that FVFYS produces
higher R statistics for seven of the 10 countries during high-connectedness periods than
during low-connectedness periods. This further verifies our assertion that the predictability

of FVFYS becomes more substantial as connections among countries grow.

To conclude, we illustrate that the U.S. volatility risk has a profound effect on interna-
tional equity markets in terms of spillovers. Accordingly, FVFY® positively predicts future

international excess stock returns by predicting a deteriorating investment opportunity set.
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5.2 Links to the U.S. economy

Fama and French (1989) and Cochrane (2005) present compelling evidence that the eq-
uity premium varies over business cycles: it is relatively high during recessions, peaks at the
trough, and drops to normal levels during expansions. They further argue that the stepped-
up risk aversion during recessions leads to counter-cyclical risk premia and hence, produces
equity premium predictability. Along this line, we conjecture that FVFYS predicts U.S. re-
turns through the link between U.S. forward variances and future U.S. economic conditions.
Following Rapach et al. (2010) and Chen et al. (2019), we consider several measures proxy for
the U.S. economic condition, including the NBER recession indictor (NBER), Chicago Fed
National Activity Index (CFNAI), Kansas City Financial Stress Index (KCFSI), Industrial
Production Growth (IPG), Nonfarm Payroll rate (Payroll), Smoothed U.S. Recession Prob-
ability (SRP), and Aruoba, Diebold, and Scotti (2009) Business Conditions Index (ADS). A

detailed description to these variables can be found in the Internet Appendix.
[Insert Table VII here]

To very our conjecture formally, we examine the information content of U.S. forward
variances about future U.S. economic conditions by running the following predictive regres-
sion,

yfﬂ =ao + F(U.S. FVs)fLS + 5{“, (22)

where 3/ is one of the U.S. economic condition measures and (U.S. FVs) is the set of U.S.
forward variances (FVsm6m, FVemoms FVomizm, and FVig,15,).21 We continue to use PLS
for dimension reduction and report the estimation results of the above regression in Table
VII. We find a significant and inverse relation between U.S. forward variance and future
economic conditions. More specifically, the U.S. forward variance positively predicts NBER
recessions, financial stress measured by KCFSI, and recession probability, and negatively
predicts CFNAI, IPG, and non-farm payroll growth. In particular, high U.S. forward vari-
ance predicts future low ADS. Since ADS is a comprehensive indicator of the U.S. business

condition summarizing information about the labor market, industrial production, and real

21Cochrane (2005) emphasizes that the equity premium forecasts are related to the compensation for
business cycle risk if the equity premium predictors are also valid predictors for future economic conditions.
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gross domestic product, an increase in the U.S. forward variance implies an increasing prob-
ability of economic recession and deteriorating macroeconomic conditions. Therefore, the
tight link between the U.S. forward variance and the U.S. economy allows FVEFYS to capture

the equity premium variation induced by changes in economic conditions.

5.3 Links to international economic conditions

Given the key role of the U.S. in the world economy, changes in the U.S. economic condi-
tion could have substantial impact on economic conditions in other industrialized countries
(Rapach et al., 2013). Since the U.S. forward variance significantly predicts the U.S. eco-
nomic condition, it presumably predicts the world economy as well. We thus explore how

the U.S. forward variances tie to international economic conditions.

Local economic conditions

[Insert Table VIII here|

We use IPG as a measure of the local economic condition??, and run the following pre-
dictive regression,

IPGi’t_;,_l = Q4 + ﬁz(US FVS)Z};LS + 61',15_;,_1, (23)

where IPG; 1 is the IPG (in percent) of country ¢ in month ¢ + 1, and (U.S. FVS);LS is
the tth month PLS factor extracted from U.S. forward variances using IPG; ;41 as the target
variable. Intuitively, high U.S. volatility risk makes companies reluctant to expand their
productions and thus slows down the world economy, so we expect the U.S. forward variance
to negatively predict local economic growth. Panel A of Table VIII reports the estimation
results for the above predictive regression. The estimated coefficients of the U.S. forward
variance are negative for eight of the nine countries, all of which are significant at the 10%

level or better, indicating that high froward variance of the U.S. equity market foreshadows

low economic activities in most areas of the world.?® That is, the U.S. forward variance is

22The IPG data for each non-U.S. country is available from Global Financial Data, while we exclude
Switzerland since there is a large adjustment to its IPG series in January 2005.

23The IPG series of Australia ends in 2016:03. Therefore, in 21 years of monthly data, it may be difficulty
to accurately reflect the true relation between the U.S. forward variance and IPG of Australia.
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related to future international economic downturns, consistent with the results in Table VII.
Besides, we include one-period-lagged growth rate in the regression to control for the mean
reverting effect of IPG. The fifth through ninth columns show that IPGs of all countries
are highly autocorrelated, while the predictive power of the U.S. forward variance remains

significant for most of the countries after controlling for lagged IPG.

Local economic policy uncertainty

In addition, we investigate the relation between the U.S. forward variances and local
economic uncertainty. We consider the economic policy uncertainty (EPU) index as proxy
for the (policy-related) economic uncertainty of each country and run a predictive regression
similar to Eq. (23).2 Panel B of Table VIII reports the forecasting results for local economic
policy uncertainty. We note that the U.S. forward variance positively predicts EPU indices
for all countries, with six significant at the 10% level or better. Due to the spike in EPU
in 2016 during which the U.K. voted to leave the European Union, the estimated slope
coefficient for the U.K. (53.29) is the largest among all estimates. After including for one-
period-lagged EPU in the regression, the slope estimates for the U.S. forward variance shrink

but remain significant for six countries.

We conclude that future international economic uncertainty is positively related to the
present volatility risk in the U.S. equity market. As presented by the model of Pastor
and Veronesi (2012), (economic) policy uncertainty is a state variable adversely affecting
the investment opportunity set. Consequently, increases in U.S. forward variances imply
increasing international economic policy uncertainty that corresponds to adverse shifts in

investment opportunities and hence, higher equity premium.

To summarize Table VIII, we show that an increase in the U.S. forward variance signals
a decrease in international economic growth and a growing economic uncertainty, that is,
a deterioration in international economic conditions. This supports the notion that FVFYS
predicts the international equity premium through its link to the world economy. Moreover,

variations in the U.S. forward variance have important implications for the international

24The EPU indices for Australia, Canada, France, Germany, Italy, and the U.K. are constructed by
Baker et al. (2016). The index for Japan is constructed by Arbatli, Davis, Ito, and Miake (2017), for the
Netherlands is by Kroese, Kok, and Parlevliet (2015), and for Sweden is by Armelius, Hull, and Kohler
(2017). Switzerland does not have an EPU index.
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investment opportunity set. Thus, the predictive power of FVFY is congruous with the

international version of ICAPM.

5.4 Investor sentiment

Thus far, we interpret the predictive power of FVFYS through the lens of risk-return
tradeoff. Nonetheless, recent studies have shown that investor sentiment is of importance in
explaining stock return variations (Gao, Ren, and Zhang, 2020; Huang et al., 2015, among
others). Intensified U.S. market volatility risk could result in pessimistic sentiments and
panic selling among global investors, followed by subsequent price recovery. Thus, the pre-
dictability may arise from the link between U.S. forward variances and market sentiment.
To disentangle the source of predictive power of FVFYS| we examine the relation of U.S.
forward variances to the googling investor sentiment indices of Gao et al. (2020) for the U.S.

and the 10 non-U.S. industrialized countries by running the following predictive regression,

SENTI; 441 = a; + B;(U.S. FVs)},® + %SENTL; + €041, (24)

where SENTI, ;1 is the googling sentiment index of country ¢ in month ¢t+1, and (U.S. FVS)EtL S
is the tth month PLS factor extracted from U.S. forward variances using SENTI, ;1 as the

target variable.?
[Insert Table IX here]

Table IX presents the results of forecasting investor sentiment. We observe a positive
relation prevailing between the U.S. forward variance and country-specific sentiment indices
(except for Italy and the U.K.). This finding is consistent with the positive intertemporal
relation between FVEYS and the expected excess stock return since investor sentiment is
positively correlated with stock returns contemporaneously in the data. That is, high U.S.
volatility risk predicts high sentiment associated with high excess stock returns. The esti-

mated regression coefficients for U.S. forward variances, however, are generally insignificant

25Since the Googling sentiment index of Gao et al. (2020) measures the change in investor sentiment at a
weekly frequency, we approximate the monthly index by adding sentiment indices within the month.
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at the conventional significant level. Therefore, it is implausible that the predictability of

FVFEFYS derives from a sentiment channel.

6 Robustness analysis

6.1 U.S. dollar-denominated stock returns

Our baseline analysis focuses on the predictability of stock returns in national currency.
Nevertheless, it is also of significance to study the predictive power of U.S. forward variances
for international stock returns in the presence of exchange rate risks. We thus repeat the
forecasting analysis performed in sections 4.1 and 4.2 while replacing the excess log stock

market return denominated in local currency by the U.S. dollar-denominated return.
[Insert Table X here]

Table X reports the forecasting results for U.S. dollar-denominated returns. Working
with the U.S. dollar-denominated return barely changes our main conclusion. The relation
between FVFYS and future excess log market returns remains positive and is significant for
all countries except for Japan. However, compared to results in Table II, the values of R?
slightly drop, ranging from a low of 0.52% for Japan to a high of 3.82% for Switzerland.
Perhaps the time variations of exchange rate risk premium are not well captured by the U.S.
forward variance derived form the equity option market. The fifth and sixth columns show
that the forecasting gain of FVFY® relative to the historical average benchmark exists in
both recession and expansion periods, while R%,. values are uniformly greater than the cor-
responding RQExp values, reaffirming the counter-cyclical forecasting performance of FVFYS.
In addition, the pooled OLS regression reported in the last row implies that on average, a
one-standard-deviation increase in FVFYS leads to a rise in the monthly international eq-
uity premium of 0.71%, which is lower than the 0.78% when returns are denominated in
local currency (Table IT). This could be potentially due to the opposite direction in the
movements of equity and exchange rate returns (Menkhoff, Sarno, Schmeling, and Schrimpf,
2012). Finally, as shown in the Internet Appendix, the predictive power of FVFY® remains

significant after controlling for local economic variables, local volatility risk, and alternative
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U.S. predictors.

6.2 Country-specific forward variance risk factor

[Insert Table XI here]

In our baseline analyses, we construct the U.S. forward variance risk factor FVFYS using
the U.S. return as the target proxy in PLS. In this subsection, we consider individual stock
market returns as the target proxies in PLS to obtain country-specific forward variance risk
factors for each country 4, denoted as FVFYS. We then test their predictive ability by running

the following predictive regression,
_ US
Tigr1 = o + Bi FVE; P 4411,

where 7; is the the logarithm market return of country i and FVES is the forward variance
risk factor for country 7. As presented in Table XI, country-specific forward variance risk
factors significantly predict eight of the 10 non-U.S. counties, and produce higher R% 4 values
for eight counties than FVFYS does. Perhaps not surprisingly, FVFZUS captures country-
specific risks and thus evinces stronger predictive power. However, we note that FVEFYS alone
achieves comparably well forecasting performance for the 10 non-U.S. counties, implying
that these countries are well integrated with the U.S. equity market and more importantly,
reaffirming that U.S. volatility is a global risk that has been priced into international equity

premia.

6.3 Subsample analysis

[Insert Table XII here]

To ensure that the predictive ability of FVFYS is not sensitive to the choice of sample
period, we consider three different subsamples, from February 1996 to October 2007 (the
first-half sample), from November 2007 to June 2019 (the second-half sample), and the
sample excluding for observations during 2008 recession (from January 2008 to June 2009).

According to Table XII, we find good temporal stability in the 3 estimates for FVFY for all
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the subsamples. That is, the [ estimates are mostly positive and significant. All the same,
the magnitude and t-statistics of slope estimates and R? values in the second-half sample
rise considerably. The stronger predictability uncovered for the second-half sample relative
to the first-half is congruous with our finding in section 5.1 that the global connectedness has
increased since 2008 Global Financial Crisis. Besides, the eighth through tenth columns show
that excluding the period of 2008 recession weakens the predictive power of FVFUS. This
is not surprising since return predictability is found to be concentrated in subsamples with
deep recessions (Henkel et al., 2011; Rapach et al., 2010). Nevertheless, FVFY® continues to
significantly predict market returns of eight countries including the U.S., revealing that the
strong forecasting performance of FVFY® steps from the whole sample period rather than

some particular subsamples.

6.4 Emerging markets

[Insert Table XIII here]

In addition to the 10 developed markets, we further consider 14 emerging markets:
Greece, Hungary, Poland, South Africa, Brazil, Colombia, Mexico, China (Mainland), India,
Malaysia, Pakistan, Philippines, Taiwan, and Thailand. The selection of the markets is dic-
tated by data availability. We obtain the stock market returns and local risk-free rates for
emerging markets from GFD. Table XIII reports the forecasting results for these emerging
markets. In general, we find positive relations between FVFY® and future excess returns of
the emerging markets. For instance, FVFYS positively forecasts returns of China (Mainland)
, consistent with the finding of Chen et al. (2017) that the U.S. volatility risk positively pre-
dicts Chinese daytime stock returns. However, in comparison with the results of developed
markets, the predictive power of FVFY® for emerging markets is insignificant. Bekaert and
Harvey (1995) show that risk premia of countries that are segmented from world capital
markets mainly come from rewards to local risks rather than global risks. Since emerging
markets are less integrated with world capital markets, the U.S. in particular, due to capital
controls or/and poorly developed financial market (Bekaert et al., 2011), the U.S. volatility
risk has limited impact on their equity premia. This in turn results in weak ability of FVFYS

to explain emerging markets’ expected returns.
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7 Conclusion

In this paper, we investigate the cross-country role of the U.S. stock market volatility in
international equity markets. Using the PLS method, we construct a U.S. forward variance
risk factor based on the term structure of forward variances implied from the S&P 500 option
data. The factor significantly predicts U.S. returns and 10 non-U.S. industrialized countries’
returns from January 1996 to June 2019 both in- and out-of-sample. The results are robust
to different measurements of returns (in national currencies or U.S. dollar) and the inclusion
of domestic predictors and U.S. predictive variables in the extant literature. In addition,
the asset allocation analysis reveals that the predictive ability afforded by the U.S. forward

variance risk factor can produce considerable economic gains to a mean-variance investor.

In the Merton’s ICAPM, the equity premium contains compensations for market volatility
risk as well as state variable risks related to shifts in the investment opportunity set. In
particular, there is a conditional positive relation between the market variance and expected
market returns. Our finding is consistent with this positive risk-return relation implied by the
ICAPM. We provide rich evidence showing that the U.S. forward variance is closely related
to the future U.S. and international economic and financial conditions. Therefore, the U.S.
forward variance risk factor predicts market returns through its link to the future economic
fluctuations and its ability to characterize the time-varying global investment opportunities.
In addition, we find more substantial predictability of the factor during periods with stronger
U.S. volatility spillover effect and higher global connectedness. Overall, our findings are in
line with the implication of an international version of the ICAPM, and highlight the leading

role of U.S. volatility in the international risk-return tradeoff relation.
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Table I: Summary statistics

The table shows the summary statistics for the monthly log stock market returns of eleven developed countries
and for the term structure of U.S. risk-neutral forward variances. The eleven countries include Australia
(AUS), Canada (CAN), France (FRA), Germany (DEU), Italy (ITA), Japan (JPN), the Netherlands (NLD),
Sweden (SWE), Switzerland (CHE), the United Kingdom (GBR), and the United States (USA). The market
returns are denominated in domestic currencies. The U.S. forward variances are the risk-neutral variances
of the S& 500 index return over certain future time horizons, and are calculated as the differences between
pairs of the risk-neutral variances with different maturity days. FVsmem, FVemom, F Vomi2m, and FViam1sm
are the U.S. forward variances over three to six, six to nine, nine to twelve, and twelve to eighteen months
ahead. Panel A reports mean, standard deviation, skewness, kurtosis, median, minimum, maximum, and
the first-order autocorrelation coefficient (AR(1)). Panel B reports the correlation matrices. The sample
period ranges from January 1996 to June 2019.

(1) (2) (3) (4) () (6) (7) (8) (9)
Mean Std Skew Kurt Median Min Max AR(1)

Panel A. Descriptive statistics
Excess stock market returns (%)

Australia 0.38 3.66 —0.98 4.57 0.93 —15.52 7.53 0.07
Canada 0.44 4.23 —1.31 7.74 0.98 —22.86 10.98 0.19
France 0.54 5.16 —-0.73 4.00 1.13 —18.88 12.90 0.11
Germany 0.45 5.83 —0.91 5.72 1.09 —27.48 18.07 0.09
Ttaly 0.34 5.96 —0.10 3.79 0.78 —17.50 20.31 0.00
Japan 0.11 5.09 —0.48 3.91 0.44 —22.68 12.80 0.15
Netherlands 0.45 5.36 —1.16 5.75 1.30 —21.61 12.47 0.11
Sweden 0.68 5.65 —0.62 4.54 1.25 —20.07 18.70 0.12
Switzerland 0.55 4.32 —0.95 5.19 1.29 —20.08 11.53 0.17
United Kingdom  0.31 3.90 —0.84 4.33 0.93 —14.62 9.43 0.04
United States 0.53 4.34 —0.84 4.54 1.01 —18.46 10.37 0.05

U.S. forward variances (%)

FVimem 1.31 0.76 2.02 8.22 1.11 0.39 4.90 0.91
FVemom 1.32 0.70 1.93 7.79 1.16 0.46 4.45 0.91
FVomizm 1.46 0.73 1.49 5.29 1.25 0.53 4.24 0.90
FViomism 2.80 1.32 1.32 4.77 2.54 1.03 7.23 0.90
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Panel B. Correlation matrix
Fxcess stock market returns
AUS CAN FRA DEU ITA JPN NLD SWE CHE GBR

AUS 0.68 0.69 0.67 0.62 0.58 0.69 0.65 0.63 0.74
CAN 0.68 0.70 0.68 0.61 0.50 0.71 0.66 0.61 0.72
FRA 0.69 0.70 0.92 0.86 0.58 0.91 0.86 0.82 0.84
DEU 0.67 0.68 0.92 0.80 0.56 0.88 0.86 0.77 0.81
ITA 0.62 0.61 0.86 0.80 0.53 0.81 0.73 0.72 0.75
JPN 0.58 0.50 0.58 0.56 0.53 0.56 0.56 0.55 0.54
NLD 0.69 0.71 0.91 0.88 0.81 0.56 0.83 0.82 0.85
SWE 0.65 0.66 0.86 0.86 0.73 0.56 0.83 0.73 0.77
CHE 0.63 0.61 0.82 0.77 0.72 0.55 0.82 0.73 0.76
GBR 0.74 0.72 0.84 0.81 0.75 0.54 0.85 0.77 0.76

USA 0.71 0.78 0.79 0.79 0.66 0.57 0.78 0.73 0.74 0.81

U.S. forward variances

FVBmﬁm FV6m9m FVleQm FV12m18m
FV3mem 0.97 0.92 0.91
FVemom 0.97 0.93 0.94
FVgmiom 0.92 0.93 0.91
FVlQ’mlSm 0.91 0.94 0.91
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Table II: In-sample estimation results: Univariate analysis
This table shows the in-sample estimation results of the univariate predictive regression,
_ US
ritr1 = o + Bi FVE® 4€5 141

where 7; 441 is the excess log market return of country ¢ at month ¢ + 1, and FVFE S is the month-t PLS
forward variance factor extracted from the term structure of U.S. forward variances. FVFY® is standardized
to have zero mean and unit variance. Stock returns are denominated in domestic currencies. We follow
Kelly and Pruitt (2015) to compute the t-statistic of the 5 estimate. The fifth and sixth columns report the
subsample R? statistics over NBER-dated business cycle recessions (R%,,.) and expansions (R7,,). The last
row presents the pooled OLS regression estimates where the restriction that ;s are the same for all countries
is imposed. The t-statistics of pooled estimates are based on the GMM, following Ang and Bekaert (2007).
* xxand *FF indicate statistical significance at the 10%, 5% and 1% levels respectively. The sample period
ranges from February 1996 to June 2019.

(1) (2) (3) (4) (5) (6)

B(%) t-stat F(%) R3,.(%) R3,, (%)

Australia 0.48 1.68* 1.71 7.03 -0.53
Canada 0.49 1.88* 1.32 2.99 0.77
France 1.02 2.82%** 3.90 10.88 1.78
Germany 1.04 2.52%* 3.22 10.24 1.22
Ttaly 0.93 2.97H** 2.43 8.25 1.00
Japan 0.34 0.88 0.45 2.71 —0.17
Netherlands 0.95 2.76%*** 3.14 7.84 1.34
Sweden 0.89 2.38%* 2.50 6.52 1.23
Switzerland 1.06 3.86%** 6.00 14.46 4.08
United Kingdom 0.68 2.96%** 3.06 6.92 1.80
United States 0.68 2.53%* 2.44 4.98 1.58
Pooled 0.78 2.78*H* 2.58
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Table III: In-sample estimation results: Multivariate analysis

The table shows the results controlling for local economic conditions, local volatility risk, and alternative
U.S. predictive variables. Panel A reports the estimation results for the predictive regression model,

Pits1 = @ + Bin FVEYS 48, 0 TBL; ¢ 4 Bi.3DYis + Bia TMS; s + BisJan; 1 + ;411

where FVFYS is the U.S. forward variance risk factor, TBL; is the three-month treasury bill rate of country
1, DY, is the dividend yield of country i, TMS; is the term spread, and Jan is the January dummy. Panel
B reports the estimation results for the predictive regression model,

Titr1 = i + Bin FVFYS 48, 0SVAR, 4 + €501

where SVAR, ; is the stock variance of country ¢. Panel C reports the estimation results for the predictive
regression model,

Tite1 = i + Bi1 FVFYS 48, oSKEW® + 8, sVRPYS + B, 4rus s + €it11

where SKEWY® is the monthly innovation in the U.S. stock market skewness, VRPY® is the U.S. variance
risk premium of Bollerslev et al. (2009), and ryg is the lagged U.S. return. The coefficient estimates (in
percentage), the associated Newey-West t-statistics, and the R? statistic of each regression are reported. The

last row of each Panel reports the pooled OLS estimates where the restriction that 8%s are the same for all
countries is imposed. The t-statistics of pooled estimates are based on the GMM, following Ang and Bekaert
(2007). Stock returns are denominated in domestic currencies. All predictive variables are standardized to
have zero mean and unit variance. *, ** and *** indicate statistical significance at the 10%, 5% and 1%
levels respectively. The sample period ranges from February 1996 to June 2019.

(1) (2) () (4) (5) (6) (7) (®) () (10) (11) (12)

Panel A: controlling for local financial and economic variables

FVFUS TBL DY TMS Jan

B(%) t-stat B(%) t-stat B(%) t-stat B(%) t-stat B(%) t-stat R2(%)
Australia 0.45 1.72*%  —0.18 —0.55 0.14 0.36 0.33 1.20 —0.78 —0.97 3.84
Canada 0.50 1.68* —0.02 —0.05 0.11 0.18 0.32 0.97 0.66 0.93 2.17
France 1.02 2.75%** —(0.59 —1.65* —0.48 —1.08 0.77 2.53%* 0.25 0.24 7.27
Germany 1.06 2.74%*¥*% —0.91 —2.03**  —0.47 —0.85 0.80 2.61%%*  0.24 0.20 6.89
Ttaly 0.95 3.31%*%* —0.19 —0.39 —0.67 —1.14 0.33 0.68 1.53 1.21 3.76
Japan 0.34 0.89 —1.01 —2.30** 0.25 0.44 0.39 0.70 —0.55 —0.53 3.80
Netherlands 0.93 2.98%**% (.56 —1.91* —0.26 —0.62 0.96 2.54%*%  —0.37 —0.38 8.64
Sweden 0.97 2.36*¥* —0.31 —0.88 0.66 1.39 1.59 4.22%F% .26 0.23 10.06
Switzerland 1.06 3.87FF* —1.00 —2.27**%  —0.64 —1.07 0.29 0.76 —0.41 —0.45 10.42
United Kingdom 0.62 2.47**  —0.09 —0.36 0.41 1.12 0.08 0.26 —1.27 —1.50 5.60
United States 0.62 2.16*¥* —0.07 —0.17 0.62 1.35 —0.37 —0.99 —0.31 —0.34 4.50
Pooled 0.78 2.80%%* _043  —157 —011 —0.34 0.38 2.20%% —0.06  —0.08 4.15
Panel B: controlling for local volatility risk

FVFUS SVAR

B(%)  t-stat B(%) tstat  R%(%)
Australia 0.48 1.70*  —0.47 —1.81%* 3.38
Canada 0.48 1.69* —0.65 —2.31** 3.70
France 1.04 2.58%** (.35 —1.03 4.35
Germany 1.06 2.54*%*  —0.21 —0.49 3.35
Italy 0.92 3.12%*%*  0.04 0.10 2.43
Japan 0.34 0.82 —0.17 —0.94 0.56
Netherlands 0.98 2.71%%¥*% —0.47 —1.22 3.89
Sweden 0.90 2.23*%*  —0.08 -0.20 2.52
Switzerland 1.09 3.30%** —0.31 —1.25 6.50
United Kingdom 0.68 2.80%** —0.07 —0.27 3.10
United States 0.68 2.54%*%  —0.64 —1.79* 4.58
Pooled 0.79 2.86*%** —0.30 —1.13 2.94
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Panel C: controlling for alternative U.S. predictors

FVFUS SKEWUS VRPUS lagged US Return

B(%) t-stat B(%) t-stat B(%) t-stat B(%) t-stat R2(%)
Australia 0.36 1.22 0.01 0.04 0.55 3.29%%% (.35 1.31 5.18
Canada 0.33 1.31 0.17 0.89 0.45 1.95% 0.66 2.18%* 5.18
France 0.89 2.24%% (.48 1.83* 0.24 0.66 0.60 1.60 6.08
Germany 0.90 2.11%F 037 1.34 0.34 0.99 0.66 1.69% 5.15
Ttaly 0.81 2.68%*F*  0.31 1.02 0.12 0.32 0.68 1.57 3.81
Japan 0.27 0.62 0.25 0.95 —0.18 —0.69 0.57 1.46 1.69
Netherlands 0.82 2.13%F 044 1.72%  —0.06 —0.17 0.86 1.98%* 5.70
Sweden 0.81 1.95% 0.22 0.82 0.20 0.51 0.41 0.98 3.25
Switzerland 0.97 3.04%F*  0.21 1.01 —0.11 —0.33 0.62 2.01%* 7.90
United Kingdom  0.63 2.56%*%  0.25 1.23 0.20 0.84 0.21 0.78 4.01
United States 0.54 2.25%%  0.21 1.05 0.87 3.50%F* (.23 0.74 7.28
Pooled 0.67 2.27%F 027 1.34 0.24 0.96 0.53 1.56 4.17
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Table IV: Out-of-sample forecasting results

The table reports the OOS forecasting results of the U.S. forward variance risk factor. The second, third,
and fourth columns in Panel A show the OOS R? values over the whole period (R% ), NBER-dated business
cycle recessions (RQOS’ Ree)s and business cycle expansions (RQO& Bap), Tespectively. We use the Clark and
West (2007) MSFE-adjusted statistic that tests the null hypothesis R% ¢ < 0 against the alternative one
R% g > 0 to assess the significance of R% g values. Panel B reports the results of encompassing tests. The
test is conducted by constructing the following optimal composite forecast,

P = (L= R0 L APV 0<a <1
where fZFVFUS (flc °"P) is the forecast for country i’s market return generated by the U.S. forward variance risk
factor (the competing models based on the control variables described in Table IIT). We use the Harvey et al.
(1998) statistic to test the null hypothesis that A = 0, indicating that the competing model encompasses
FVFUS, against the alternative hypothesis A > 0 that the competing model does not encompass FVFYS. We
present p-values for the Harvey et al. (1998) statistic in the fifth through seventh columns. Stock returns

are denominated in domestic currencies. *, ** and *** indicate statistical significance at the 10%, 5% and
1% levels respectively. The OOS period ranges from February 2001 to June 2019.

(1) (2) (3) (4) (5) (6) (7)
Panel A: Out-of-sample R2(%) Panel B: HLN statistic p-value
R% RY S.Rec RY S, Exp local Econ  local SVAR  US predictors
Australia 1.18* 2.59%* 0.36 0.00 0.05 0.26
Canada 1.50%* 3.56** 0.20 0.00 0.13 0.08
France 3.59%** 7.90%* 1.69% 0.00 0.00 0.00
Germany 2.91°%* 7.32%% 1.22% 0.00 0.00 0.01
Italy 2.88%** 7.03** 1.11%* 0.01 0.02 0.01
Japan —0.09 —-3.03 0.98%*** 0.00 0.13 0.05
Netherlands 2.53%* 4.61%* 1.38* 0.00 0.00 0.01
Sweden 3.11%* T.51%* 1.11%* 0.00 0.00 0.00
Switzerland 4.37FFF  10.23%F 2.10%* 0.00 0.00 0.00
United Kingdom  1.91* 7.82%* —0.62 0.00 0.01 0.01
United States 2.17** 6.01** 0.31 0.00 0.01 0.07
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Table V: Asset allocation performance

The table reports the asset allocation performance for a mean—variance investor who allocates monthly be-
tween the stocks and risk-free bills using the OOS market excess return forecast based on the U.S. forward
variance risk factor (FVFYS). Panel A (B) assumes a risk aversion coefficient of three (five) of the investor.
The local investment strategy considers an investor who invests in local market only, and the cross-country
strategy considers an U.S. investor who invests across countries with risk-free bills from the U.S. market.
The portfolio performance measures include the gains in certainty equivalent return (CER gain, in annu-
alized percentage terms) relative to the benchmark, the Sharpe ratio (annualized), and the gains in the
manipulation-proof performance measure relative to the benchmark (A®, in annualized percentage term).
We also report the CER gain and A® after considering 50 basis points transaction cost. The benchmark
portfolio strategy is formed based on the historical average forecast (HAV). The significance of the CER
gain is determined by the method outlined by DeMiguel et al. (2009). The significance of the difference
between the Sharpe ratio of portfolio based on FVFYS from that of HAV is assessed by the Jobson and
Korkie (1981)’s statistic corrected by Memmel (2003). The sixth column reports the annualized market
(equal-weighted portfolio) Sharpe ratio for each country (cross-country). Stock returns are denominated in
domestic currencies. *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels respectively.
The OOS period ranges from February 2001 to June 2019.

(1) (2) (3) (4) (5) (6) (7) (8)
CER Gain(%) Sharpe Ratio AO(%)
No cost 50 bps HAV FVFYS Market No cost 50 bps

Panel A: v =3
Local Investment

Australia 2.19%** 0.99 0.30 0.46** 0.39 2.27 1.08
Canada 2.00%* 0.72 0.27 0.41%* 0.36 2.03 0.75
France 5.00%** 3.45%* 0.01 0.29%* 0.23 5.26 3.69
Germany 4.92%* 3.59* —0.06 0.34%** 0.25 5.17 3.82
Italy 4.50** 3.16* —0.19 0.16%** 0.07 4.75 3.39
Japan —0.26 —0.56 —0.02 —0.04 0.24 —0.29 —0.59
Netherlands 5.00%** 3.84%* —0.05 0.24%* 0.18 5.35 4.19
Sweden 4.45%* 3.06%* 0.15 0.39%* 0.35 4.81 3.41
Switzerland 2.95%* 1.26 0.26 0.43* 0.34 3.04 1.36
United Kingdom 4.06%** 2.50%* 0.03 0.45%** 0.28 4.13 2.58
United States 3.48** 1.77 0.18 0.42** 0.40 3.51 1.78

Cross-country Investment
Cross-country 3.28%* 1.80 0.15 0.36%* 0.31 3.44 1.95

Panel B: v =5
Local Investment

Australia 2.45%* 1.55* 0.27 0.52%* 0.39 2.68 1.78
Canada 2.55%* 1.50%* 0.25 0.46** 0.36 2.75 1.71
France 4.61%F%* 3.39%* —0.07 0.35%** 0.23 5.16 3.92
Germany 2.98%* 2.03 —0.06 0.37%F*  0.25 3.29 2.31
Ttaly 3.76%* 2.85% —0.26 0.18%** 0.07 4.41 3.46
Japan —0.59 —0.82 —0.02 —0.11 0.24 —0.67 —0.91
Netherlands 4.19%** 3.26%** —-0.07 0.34***  0.18 4.48 3.54
Sweden 3.68%* 2.62%* 0.16 0.46** 0.35 4.35 3.25
Switzerland 3.69*** 2.13* 0.18 0.47** 0.34 3.91 2.34
United Kingdom 3.06%** 1.88* 0.01 0.49%** 0.28 3.18 1.99
United States 2.97%* 1.66 0.13 0.42%* 0.40 2.97 1.63

Cross-country Investment
Cross-country 3.64%* 2.05%* 0.12 0.40%**  0.31 3.55 2.33
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Table VI: Out-of-sample forecasting performance and volatility spillover
intensity

The table reports the out-of-sample forecasting results of the U.S forward variance risk factor during four
subperiods. Specifically, the second (third) column repors the subsample R% g statistics during periods of
high (low) intensity of U.S. volatility spillover. The fourth (fifth) column reports the RZ ¢ statistics computed
for the periods in which the global connectedness is high (low). The subsample R4 statistic is defined as

S I (Ri, —Ri)®

— = _t for ¢ = high, low
E?:}} If+1(31+1—31+1)2 ’ gh ’

2 _
Rps.=1

where Ifﬁh (I,fj’:f) is set equal to one whenever the volatility spillover from the U.S. to the other country or

the global connectedness is above (below) its full-sample mean level in month ¢ + 1, and zero otherwise. We
use the Clark and West (2007) MSFE-adjusted statistic that tests the null hypothesis RQO g < 0 against the
alternative R% ¢ > 0 to assess the significance of R%¢ values. *, ** and *** indicate statistical significance

at the 10%, 5% and 1% levels respectively. The sample period ranges from March 2001 to June 2019.

(1) (2) (3) (4) ()

Subsample by: Subsample by:

U.S. Volatility Spillover Intensity Global Connectedness

High Low High Low
Australia 1.61%* 0.27 1.38* 0.74
Canada 1.89* 0.32 1.49* 0.94
France 4.41%* 2.12 3.47F* 3.75%*
Germany 3.52%%* 1.78 2.94%* 2.77%
Italy 3.91°%* 0.97 2.91°%* 2.68%*
Japan —1.08 1.37%** —-1.15 1.48%**
Netherlands 2.96%* 1.64 2.39%* 2.89%
Sweden 4.12%* 1.55 3.89%* 1.52
Switzerland 5.60%* 2.39% 5.18%* 2.85%
United Kingdom 2.60%* 0.38 2.18 0.93
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Table VII: Predicting U.S. economic conditions

The table reports the estimated slope coefficient, t-statistic, and R? statistic of the following predictive
regression

ygﬂ =al 4+ p7(U.S. FVS)ELS +el

where ygﬂ is one of the U.S. economic condition measures in month ¢+1, and (U.S. FVS)?LS is the PLS factor
in month ¢ extracted from the set of U.S. forward variances (FVsm6m, FVemom, FVomizm, and FViam18m)
using 3’/ as the target variable. The t-statistic is calculated following Kelly and Pruitt (2015). The U.S.
economic condition measures are in monthly frequency, including the NBER recession indicator (NBER),
Chicago Fed National Activity Index (CFNAI), Kansas City Financial Stress Index (KCFSI), Industrial
Production Growth in percentage (IPG (%)), Nonfarm Payroll Growth in percentage (Payroll (%)), Smooth
Recession Probability (SRP), Aruoba et al. (2009) Business Conditions Index (ADS). *, ** and *** indicate
statistical significance at the 10%, 5% and 1% levels respectively. The sample period ranges from February
1996 to June 2019.

(1) (2) 3) (4)

8 t-stat R2(%)
NBER 0.09 4.3T*** 9.61
CFNAI —0.10 —1.82% 3.73
KCFSI 0.35 3.31%%* 10.34
IPG (%) —0.10 —1.91% 2.25
Payroll(%) —0.04 —2.83%%* 7.44
SRP 0.07 3.73%** 10.37
ADS —0.14 —2.06%* 4.51
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Table VIII: Predicting international economic conditions

Panels A and B of the table presents the forecasting results for local industrial production growth (IPG,
in percent) and economic policy uncertainty (EPU) index, respectively, using U.S. forward variances. The
second through fourth columns report the estimated slope coefficient, t-statistic, and R? statistic of the
following univariate predictive regression,

Yige1 = i+ Bi(US. FVs);;° +e;01, y=IPG, EPU,

where y; 141 is the IPG/EPU of country 4 in month ¢ + 1, and (U.S. FVS)?{‘S is the tth month PLS factor
extracted from the set of U.S. forward variances (FVs.6m, FVemom, Fngl’gm, and FVigm18m) using v; 141
as the target variable. The fifth through ninth columns report the estimated slope coefficients, t-statistic,
and R? statistic of the following bivariate predictive regression,

Yier1 = i+ Bi(US. FV8); ;™ +igis + €01, y =IPG, EPU,

where y; ; is the lagged IPG/EPU of country ¢. *, ** and *** indicate statistical significance at the 10%, 5%
and 1% levels respectively. The IPG sample period ranges from February 1996 to June 2019 for all countries
except for Australia (February 1996 to March 2016). The EPU sample period ranges from February 1996 to
June 2019 for Canada, France, Germany, Japan, Sweden and the United States, and from January 1997 to
June 2019 for Australia, Italy, the Netherlands, and the United Kingdom.

(1) (2) (3) (4) (5) (6) (7 (8) 9)

Univariate regression Bivariate regression

B t-stat  R2(%) 3 t-stat ¥ t-stat  R*(%)
Panel A: predicting industrial production growth
Australia 0.20 4.31%**%  1.12 0.05 1.93* 0.87 5.28%*%*  76.60
Canada —0.07 —2.83%FF 3,56 —0.02 —2.24%% 0.88 26.19%** 79.85
France —0.07 —2.05%* 3.99 —0.01 —0.54 0.83 19.23%*%*%  70.45
Germany —0.13 —3.34%FFF  7.64 —0.03 —1.90* 0.88 25.49%** 79.70
Italy —0.10 —2.23%* 4.32 —0.03 —1.88* 0.89 26.01*%**  81.80
Japan —0.20 —3.49%F* 816 —0.04 —1.67* 0.88 21.54*** 79,88
Netherlands —0.04 —1.67* 1.32 —0.02 —1.05 0.64 10.87*** 4218
Sweden —0.11 —2.44%% 2.98 —0.06 —2.20%%* 0.70 9.96*%** 51.49
Switzerland - - - - - - - -
United Kingdom —0.05 —2.48%* 4.63 —0.02 —1.77* 0.73 12.75%%*%  56.87
Panel B: predicting economic policy uncertainty
Australia 12.93 2.43%* 5.19 5.55 2.25%* 0.66 10.58%** 4727
Canada 24.34 3.73%F* 7.80 6.43 2.94%F* (.83 24.61%** 70.95
France 44.79 5.83%** 19.20 8.16 2.16%* 0.78 15.12%*%%  67.39
Germany 17.08 3.68%** 753 7.65 2.93%F% (.60 15.88%** 41.35
Italy 6.51 1.89* 2.86 1.80 0.67 0.59 10.65***  36.20
Japan 2.66 1.04 0.55 1.31 0.95 0.78 15.07**%*%  60.36
Netherlands 4.30 1.35 1.39 0.61 0.36 0.65 13.27%*%*%  42.53
Sweden 1.99 1.30 1.14 2.32 277k 0.65 13.67*%F  43.93
Switzerland - - - - - - - -
United Kingdom 53.29 5.53%F* 12,13 7.54 1.76* 0.85 9.24%** 75,42
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Table IX: Predicting Googling investor sentiment index

The table shows the forecasting results for the googling investor sentiment of Gao et al. (2020). We report
the estimated slope coefficient, t-statistic, and R2 statistic of the following predictive regression,

where SENTI, +11 is the googling investor sentiment of country 7 in month ¢ + 1, and (U.S. FVs); ;

SENTI¢7t+1 =q; + ﬂi (US FVS)

PLS

it

+ ’Y¢SENTIi7t + Eit+1,

PLS

is the

extracted PLS factor using SENTI, ;1 as the target variable. *, ** and *** indicate statistical significance
at the 10%, 5% and 1% levels respectively. The sample period ranges from July 2004 to December 2014.

) 2) ) @) ) (©)

B(%) t-stat v t-stat R*(%)
Australia 1.68 1.04 —0.33 —4.40*** 11.65
Canada 1.20 0.50 —0.44 —6.77HH* 19.61
France 1.36 0.77 —0.24 —2.71%** 5.92
Germany 1.62 0.38 —0.41 —5.90%** 16.46
Italy —4.59 —1.57 —0.31 —3.44%%* 10.21
Japan 6.68 2.98*** —0.40 —4,32%%* 20.33
Netherlands 3.60 1.38 —0.34 — 4. 27HK* 12.58
Sweden 6.29 2.39** —0.32 —3.73FH* 13.23
Switzerland 11.15 2.83** —0.40 —5.15%%* 18.56
United Kingdom —0.80 —0.62 —0.49 —6.89%** 24.37
United States 2.93 1.50 —0.25 —2.99*** 8.16

o1



Table X: Predicting U.S. dollar-denominated stock returns

This table reports the estimation results of the following predictive regression,

USs
Tige1 = @ + B FVE " 465 01

where 7; is the excess log market return denominated in the U.S. dollar of country i and FVFYS is the
U.S. forward variance risk factor. FVFY® is standardized to have zero mean and unit variance. We report
regression estimate of 3; (in percent), the associated t-statistic following Kelly and Pruitt (2015), and R?
statistic for each regression. The fifth and sixth columns report the subsample R? statistics over NBER-dated
business cycle recessions (R%ec) and expansions (RzEIp). The last row presents the pooled OLS regression
estimates where the restriction that (5;s are the same for all countries is imposed. The t-statistics of pooled
estimates are based on the GMM, following Ang and Bekaert (2007). *, ** and *** indicate statistical
significance at the 10%, 5% and 1% levels respectively. The sample period ranges from February 1996 to

June 2019.
(1) (2) (3) (4) (5) (6)
B8(%) t-stat R*(%) R, (%) R, (%)

Australia 0.61 1.72* 1.01 2.61 0.26
Canada 0.57 1.99%* 0.94 1.78 0.63
France 0.85 2.42%* 2.12 4.64 1.19
Germany 0.88 2.25%* 1.84 4.54 0.86
Italy 0.77 2.60%** 1.30 3.57 0.65
Japan 0.36 0.66 0.52 1.93 0.22
Netherlands 0.78 2.34** 1.69 3.51 0.88
Sweden 0.75 1.86%* 1.22 3.14 0.48
Switzerland 0.92 3.01%** 3.82 5.58 3.39
United Kingdom 0.70 2.717%** 2.30 4.67 1.35
United States 0.68 2.53%* 2.44 4.98 1.58
Pooled 0.71 2.43%* 1.64

02



Table XI: Country-specific forward variance risk factor
This table shows the estimation results of the following predictive regression,
_ Us
Tite1 = o + BiFVE; P +€i 141

where r; is the excess log market return of country ¢ and FVF}JS is the country-specific forward variance risk
factor for country 7 that is extracted from U.S. forward variances by PLS using r; as the target variable. The
factor FVF}® is standardized to have zero mean and unit variance. Stock returns are denominated in domes-
tic currencies. The second through fourth columns report the regression slope estimates (in percentage), the
associated t-statistics, and the regression R? statistics are reported. The t-statistics are calculated following
Kelly and Pruitt (2015). The fifth and sixth columns report the subsample R? statistics over NBER-dated
business cycle recessions (R%,,) and expansions (RQEI},), respectively. The seventh column reports the OOS
R? statistics. *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels respectively.
The in-sample estimation period ranges from February 1996 to June 2019, and the OOS period ranges from
February 2001 to June 2019.

(1) (2) (3) (4) (5) (6) (7)

B(%) t-stat R*(%) R (%) R (%) R5(%)
Australia —0.48 —1.63 1.75 6.85 —0.40 1.29%*
Canada 0.52 2.00** 1.52 3.23 0.96 1.61%*
France 1.02 2.86%** 3.95 10.84 1.86 4.47FF*
Germany 1.04 2.51%* 3.16 9.65 1.32 3.5TH**
Ttaly 0.92 2.96%** 2.40 7.97 1.03 2.44**
Japan 0.46 1.31 0.82 1.77 0.56 —0.52
Netherlands 0.95 2.81%K* 3.16 7.46 1.51 3.65%**
Sweden 0.94 2.43%* 2.73 7.85 1.12 2.81°%*
Switzerland —1.08 —3.7TFH* 6.26 15.31 4.20 7.03***
United Kingdom 0.67 2.84%* 2.98 6.30 1.89 2.64%*
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Table XII: Return predictability over subsamples
This table shows the estimation results of the following predictive regression,
— Us
Tigr1 = + B FVE " 4611

where r; is the excess log market return of emerging market ¢ and FVFYS is the U.S. forward variance risk
factor. FVFYS is standardized to have zero mean and unit variance. We report the regression estimate of g;
(in percent), the associated t-statistic following Kelly and Pruitt (2015), and R? statistic for each regression.
We consider three subsample periods, from February 1996 to October 2007, from November 2007 to June
2019, and from February 1996 to June 2019 excluding for observations during 2008 recession (from January
2008 to June 2009). *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels respectively.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
1996:02-2007:10 2007:11-2019:06 exclude 2008 recession

B(%)  tstat  R*(%) B(%)  tstat R %) B(%)  tstat  R%*(%)

Australia 0.16 0.69 0.24 1.10 3.14%*%% 719 0.27 1.24 0.67
Canada 0.53 1.33 1.36 0.63 2.62%** 2,69 0.43 1.62 1.23
France 0.75 2.34** 1.99 1.63 4.80*%** 10.81 0.68 2.39**  1.99
Germany 0.69 2.11%* 1.24 1.82 4.48***% 11.15 0.66 2.11*%*%  1.45
Italy 0.68 2.06** 1.27 1.36 3.91%%%  5.36 0.69 2.56**  1.48
Japan —0.49 —1.45 1.08 1.55 4.44%** 793 —0.01 —0.03 0.00
Netherlands 0.49 1.90* 0.78 1.67 4.66*** 10.62 0.55 2.41%* 1.30
Sweden 0.84 2.25%* 1.82 1.20 2.91%** 572 0.68 2.13%* 1.63
Switzerland 0.76 2.14** 2,56 1.48 7.22%** 14.96 0.72 2.89***%  3.02

United Kingdom 0.62 2.70***  2.64 0.95 3.43***  5.56 0.51 2.46**  1.97
United States 0.82 3.21%%% 3,74 1.06 3.49%F% 572 0.58 2.23%  2.09
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Table XIII: Predicting emerging markets stock returns
This table shows the estimation results of the following predictive regression,
Titt1 = & + B FVFPS +eit11

where r; is the excess log market return of emerging market ¢ and FVFYS is the U.S. forward variance risk
factor. FVFY® is standardized to have zero mean and unit variance. We report the regression estimate of j3;
(in percent), the associated t-statistic following Kelly and Pruitt (2015), and R? statistic for each regression.
*RKand *** indicate statistical significance at the 10%, 5% and 1% levels respectively. The sample periods
are from February 1996 to June 2019 for Greece, Hungary, Poland, South Africa, Brazil, Mexico, India,
Malaysia, Pakistan, Philippines, and Taiwan, from February 1998 to June 2019 for Colombia, February 2002
to June 2019 for China, and February 1997 to June 2019 for Thailand.

(1) (2) 3) (4) (5) (6) (7) (8)
B(%) t-stat R*(%) B(%) t-stat R*(%)
Greece 0.51 0.96 0.30 China 0.43 0.69 0.30
Hungary 0.43 0.83 0.31 India —0.63 —1.28 0.86
Poland 0.04 0.09 0.00 Malaysia 0.49 0.69 0.52
South Africa 0.56 1.31 1.10 Pakistan —1.00 —0.95 0.96
Brazil 0.50 1.16 0.37 Philippines 0.86 1.56 1.71
Colombia 0.83 1.24 1.23 Taiwan -0.07 —0.10 0.01
Mexico 0.36 1.00 0.37 Thailand 0.92 1.15 1.06
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Figure 1: The term structure of U.S. forward variances
The figure depicts the dynamics of the term structure of the U.S. risk-neutral forward variances, which are
the risk neutral variances of the S&P 500 index return over three to six (FVsmem), six to nine (FVgmom ),
nine to twelve (FVg,,12m ), and twelve to eighteen (FV12,,18,) months ahead. The shaded area corresponds
to the NBER recession period. The sample period ranges from January 1996 to June 2019.
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Figure 2: Out-of-sample asset allocation performance: log cumulative wealth
The figure depicts the log cumulative wealth for a mean-variance investor with a relative risk aversion
coefficient of five who allocates monthly between the treasury bill and the stock market index using excess
market return forecasts based on the U.S. forward variance risk factor FVFUS (solid line) or the historical
mean forecasts (dashed line). The first 11 subplots consider an investor who invests in the entitled country
only, and the last subplot consider a cross-country investment strategy. Stock returns are denominated in
domestic currencies. The shaded area corresponds to the U.S. recession periods dated by the NBER. The
out-of-sample period ranges from February 2001 to June 2019.



Figure 3: Static Net Volatility Spillover Network

The figure plots the net volatility spillover (contribution to the other countries minus contribution received)
among the seven countries, including the United States (USA), Germany (DEU), the United Kingdom
(GBR), Switzerland (CHE), France (FRA), the Netherlands (NLD), and Japan (JPA). Following Diebold
and Yilmaz (2009), we perform the variance decomposition using a VAR of order four with a predictive
horizon of four weeks. Node size indicates stock market capitalization. Edge width indicates magnitude of
the volatility spillover. The analysis is based on the first differences in the weekly VIX series of each country
ranging from January 2000 to June 2019.
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Figure 4: Dynamic Spillover Plot

The figure plots time variations in the volatility spillover of each country and the global connectedness. The
variance decomposition is based on a VAR of order four using the first differences in the weekly VIX series of
each country. The rolling estimation window width is 60 weeks, and the predictive horizon is four weeks. In
the first seven subplots, the solid line depicts the sum of estimated contributions to the variance of the other
countries coming from the entitled country, and the dashed line depicts the sum of estimated contributions
to the variance of the entitled country coming from the other countries. The last subplot shows the rolling
estimated global connectedness. The shaded area corresponds to the U.S. recession periods dated by the
NBER. The sample period ranges from March 2001 to June 2019..



Internet Appendix

A Measures of the U.S. macroeconomic conditions

NBER: A dummy variables that equals one if the U.S. economy is in a recession dated by the NBER
and zero otherwise. The data are obtained from the Federal Reserve Bank (FRB) of St. Louis.

Chicago Fed National Activity Index (CFNAI): The CFNAI is a monthly index that measures
the aggregate U.S. economic activity and also captures the inflationary pressure. It is a weighted
average of 85 monthly macroeconomic indicators. A positive (negative) value of the index reflects
that the U.S. economy activity is above (below) the historical trend. The data are obtained from the
FRB of Chicago.

Kansas City Financial Stress Index (KCFSI): The KCFSI is a monthly measure that assess the
level of the U.S. financial system stress based on 11 financial market variables. A positive value of
the index indicates that financial stress is above the long-run average, while a negative value signifies

that financial stress is below the long-run average. The data are from the FRB of Kansas City.

Industrial Production Growth (IPG): The growth rate of the monthly U.S. total industrial
production index. The data are from the FRB of St. Louis.

Nonfarm Payroll Growth (Payroll): The growth rate of the monthly U.S. non-farm payroll. The

data are from the U.S. Bureau of Labor Statistics.

Smoothed Recession Probability (SRP): The monthly U.S. smoothed recession probabilities
are calculated from a dynamic-factor Markov-switching model by Chauvet (1998), applied to four
monthly coincident variables: non-farm payroll employment, the index of industrial production, real
personal income excluding transfer payments, and real manufacturing and trade sales. The data are

from the FRB of St. Louis.

Aruoba-Diebold-Scotti Business Conditions Index (ADS): The index is designed to track
U.S. real business conditions at a high observation frequency using six seasonally adjusted economic
indicators are weekly, monthly and quarterly frequency. A series of positive values of the index
indicates that the U.S. economy is in a better-than-average track, whereas a series of negative values

of the index reflects the opposite. The ADS index data are obtained from the FRB of Philadelphia.
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Table A.1: Stock return indices for international countries

The table shows the stock market indices of the eleven industrialized countries used in the main empirical
analyse. All the indices are total return indices that include the dividend payments, and provide a broad
coverage of the underlying stock markets in terms of capitalizations. The data are from the Global Financial

Database (GFD). The last column reports the tickers of the GFD.

Country Stock market index GFD Ticker
Australia Australia ASX Accumulation Index AORDAD
Canada Canada S&P/TSX-300 Total Return Index TRGSPTSE
France France CAC All-Tradable Total Return Index TRSBF250D
Germany Germany CDAX Total Return Index CDAXD
Italy Italy BCI Global Return Index BCIPRD
Japan Japan Topix Total Return Index TOPXDVD
Netherlands Netherlands All-Share Return Index AAXGRD
Sweden OMX Stockholm Benchmark Gross Index OMXSBGI
Switzerland Swiss Performance Index SSHID
United Kingdom UK FTSE All-Share Return Index TFTASD
United States S&P 500 Total Return Index SPXTRD




Table A.2: In-sample estimation results: Control for local VIX index

This table shows estimation results of the in-sample predictive regression,

where ; is the excess log market return of country i, FVFUS is the U.S. forward variance risk factor, and VIX?
is the squared VIX index for country ¢. Stock returns are denominated in domestic currencies. All predictive
variables are standardized to have zero mean and unit variance. We report the regression coefficients (in
percent), the associated Newey-West t-statistics, and the R? statistic for each predictive regression.
and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. The last column shows

ripp1 = i+ B FVES 44, VIXE , + €144

the sample period for each regression.

(1) (2) (3) (4) (5) (6) (7)
FVFUS VIX?

Country B(%) t-stat B(%) t-stat R%(%) Sample Period
Australia 0.45 1.47 —0.64 —1.15 4.95 2008:01-2019:06
Canada 0.62 2.13*%* 0.42 1.37 7.92 2010:10-2019:06
France 1.28 3.84%%* 0.32 0.65 6.19 2000:01-2019:06
Germany 1.07 2.55%* —0.25 —0.52 3.40 1996:01-2019:06
Italy - - - - -

Japan 0.34 0.83 —0.32 —1.30 0.84 1996:01-2019:06
Netherlands 1.23 3.20%** 0.07 0.13 5.36 2000:01-2019:06
Sweden 0.75 1.42 0.00 0.00 2.60 2004:05-2018:09
Switzerland 0.89 2.63*** —0.36 —1.14 6.86 1999:01-2019:06
United Kingdom 0.67 2.43** 0.13 0.35 2.72 2000:01-2019:06
United States 0.68 2.58%** —0.03 —0.07 2.44 1996:01-2019:06

% kk
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Table A.3: Predicting U.S. dollar-denominated stock returns: multivariate
analysis

The table shows the results controlling for local economic conditions, local volatility risk, and alternative
U.S. predictive variables. Panel A reports the estimation results for the predictive regression model,

Titr1 = @ + Bia FVEYS 4.8, 0 TBL; ¢ 4 Bi3DYi s + 8 s TMS; ¢ + Bi sJans 1 + i1

where 7; is the excess log market return of country 4, FVF? 5 is the U.S. forward variance risk factor, TBL;
is the three-month treasury bill rate of country ¢, DY; is the dividend yield of country i, TMS; is the term
spread, and Jan is the January dummy. Panel B reports the estimation results for the predictive regression
model,

Titr1 =+ Bin FVEYS 48, 0SVAR, ¢ + € 411

where SVAR, ; is the stock variance of country i. Panel C reports the estimation results for the predictive
regression model,

Titt1 = & + Bi FVFPS +/8i,ZSKEWES + ﬁz’,?,VRPES + Bi,aTUs,t T Eit+1

where SKEWYS is the monthly innovations in U.S. stock market skewness, VRPY® is the U.S. variance risk
premium of Bollerslev et al. (2009), and rys is the lagged U.S. market return. The coefficient estimates
(in percentage), the associated Newey-West t-statistics, and the R? of each regression are reported. The
last row of each Panel reports the pooled OLS estimates where the restriction that 8%s are the same for all
countries is imposed. The t-statistics of pooled estimates are based on the GMM, following Ang and Bekaert
(2007). Stock returns are denominated in the U.S. dollar. All predictive variables are standardized to have

zero mean and unit variance. *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels
respectively. The sample period ranges from February 1996 to June 2019.

(1) (2) ®3) (4) (5) (6) (7) (®) 9) (10) (11) (12)

Panel A: controlling for local financial and economic variables

FVFUS TBL DY TMS Jan

B(%)  t-stat B(%) t-stat B(%) t-stat B(%) t-stat B(%) t-stat  R?(%)
Australia 0.59 1.74%* 0.20 0.36 0.58 0.79 0.69 1.56 -0.73 —0.53 2.97
Canada 0.58 1.88* 0.06 0.10 0.19 0.22 0.46 1.04 0.31 0.29 1.55
France 0.83 2.20%* —0.42 —0.99 —0.16 —0.28 0.70 1.91% —1.06 —0.84 4.42
Germany 0.87 2.41%* —0.91 —1.66 —046  —0.66 0.84 2.15%% —1.07  —0.75 5.13
Italy 0.77 2.75%**  0.04 0.07 —-0.41 —0.54 0.36 0.62 0.22 0.16 1.60
Japan 0.35 0.57 —1.02 —2.69%**  0.56 0.95 0.49 0.87 —0.59 —0.52 4.80
Netherlands 0.74 2.40%* —0.57 —1.75  —0.02  —0.04 0.91 1.89% —1.67 —1.48 6.23
Sweden 0.82 1.83* —0.25 —0.54 0.74 1.17 1.84 3.66*** —0.51 —0.36 8.03
Switzerland 0.89 2.80%%* _0.84  —1.70* —0.38  —0.58 0.44 1.01 -131 —1.19 7.96
United Kingdom 0.66 2.44%%  0.21 0.65 0.23 0.44 0.49 133 —141  -151 4.26
United States 0.62 2.16** —0.07 —0.17 0.62 1.35 —-0.37 —0.99 —0.31 —0.34 4.50
Pooled 0.70 2.42%%  —0.34 —1.03 0.03 0.08 0.45 2.32%*  —0.74 —0.72 3.00
Panel B: controlling for local volatility risk

FVFUS SVAR

B(%)  t-stat B(%) t-stat  R?(%)
Australia 0.61 1.78%  —0.40 —0.71 1.44
Canada 0.56 1.86* —0.88 —1.88%* 3.19
France 0.88 2.20%*  —0.34 —0.76 2.46
Germany 0.88 2.20%*  —0.07 —0.13 1.85
Italy 0.77 2.68*** —0.01 —0.02 1.30
Japan 0.37 0.60 0.20 0.86 0.68
Netherlands 0.81 2.27%%  —0.36 —0.72 2.06
Sweden 0.77 1.74%  —0.28 —0.51 1.39
Switzerland 0.96 2.68%FF —0.47 —1.54 4.83
United Kingdom 0.70 2.58%** —(.52 —-1.37 3.57
United States 0.68 2.54%*  —0.64 —1.79*% 4.58

Pooled 0.73 2.49%*  —0.34 —0.90 1.98




Panel C: controlling for alternative U.S. predictors

FVFUS SKEWUS VRPUS lagged US Return

B(%) t-stat B(%) t-stat B(%) t-stat B(%) t-stat R2(%)
Australia 0.45 1.32 0.24 0.82 1.21 3.32%F%  0.13 0.27 5.37
Canada 0.37 1.31 0.44 1.57 0.74 2.16%*  0.70 1.45 4.67
France 0.72 1.86* 0.67 2.23%F (.57 1.48 0.41 0.88 4.93
Germany 0.73 1.78% 0.56 1.72% 0.67 1.82% 0.46 0.93 4.26
Ttaly 0.64 2.13%F  0.48 1.36 0.47 1.26 0.47 0.89 2.77
Japan 0.32 0.50 0.45 1.86*  —0.34 —1.37 0.54 1.56 2.18
Netherlands 0.65 1.71% 0.63 2.13%F  0.26 0.70 0.65 1.21 3.85
Sweden 0.62 1.40 0.46 1.49 0.71 1.51 0.31 0.56 3.11
Switzerland 0.82 2.55%F  0.43 1.78% 0.30 0.87 0.39 1.08 5.70
United Kingdom 0.56 2.03%*  0.41 1.67* 0.54 1.90% 0.50 1.33 5.74
United States 0.54 2.25%%  0.21 1.05 0.87 3.50%F* (.23 0.74 7.28
Pooled 0.58 1.95% 0.45 1.97%%  0.54 1.75% 0.44 0.96 3.80
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