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Abstract

If the Roll critique is important, changes in the variance of the stock market
may be only weakly related to changes in aggregate risk and subsequent stock
market excess returns. However, since individual stock returns share a common
sensitivity to true market return shocks, higher aggregate risk can be revealed by
higher correlation between stocks. In addition, a change in stock market variance
that leaves aggregate risk unchanged can have a zero or even negative effect on
the stock market risk premium. We show that the average correlation between
daily stock returns predicts subsequent quarterly stock market excess returns. We
also show that changes in stock market risk holding average correlation constant
can be interpreted as changes in the average variance of individual stocks. Such

changes have a negative relation with future stock market excess returns.
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1 Introduction

The trade-off between risk and expected return is at the center of any equilibrium theory
of finance. From an aggregate perspective, as systematic risk increases, risk-averse investors
require a higher risk premium to hold aggregate wealth, and the equilibrium expected return
must rise. The following equation for the excess log return on aggregate wealth is consistent

with this intuition:

Tl — Tier1 = Bo + B1Vardrm 1] + Az + €441 (1)

where (3, is positive, Var[rp, ¢++1] is the conditional variance of the return for aggregate wealth,
x; represents other potential sources of variation in expected returns, and Ei[e;+1] = 0. It is
often assumed that the return on aggregate wealth satisfies a variance-in-mean relationship
where \ is zero in equation (1).

However, a large literature, including Campbell (1987), French, Schwert, and Stambaugh
(1987), Glosten, Jagannathan, and Runkle (1993), and Harvey (2001) among many other
studies, has attempted to identify a positive variance-in-mean relationship for stock market
returns in the data with only limited success.! French et al. find a positive relationship in
monthly data using a GARCH framework, but their estimates are only marginally statistically
significant. Often the evidence indicates that greater risk is actually associated with a lower
expected excess return. For instance, Campbell (1987) utilizes a GMM approach and finds a
significant negative linear relationship.

Since Roll (1977), a seminal critique of empirical studies regarding the validity of the CAPM,
researchers have recognized that the return on aggregate wealth is not directly observable.
Although the Roll critique is usually stated in the context of cross-sectional tests of the CAPM,

it is also relevant for time-series tests of a variance-in-mean relation for the stock market return

1See Campbell, Lo and MacKinlay (1997) Chapter 12 for a survey and for more recent references see
Harvey (2001) and Lettau and Ludvigson (2002). Ang and Liu (2007) show that plausible asumptions
about the dynamics of expected returns and variance can generate a negative relation between these
two variables. Campbell (1993) provides an example in an ICAPM framework where the equilibrium
trade-off between expected return and variance could be negative.



because the variance of the return for the true aggregate wealth portfolio may be only weakly
related to stock market variance.

We find that changes in true aggregate risk may nevertheless reveal themselves through
changes in the correlation between observable stock returns. Since the return on the aggregate
wealth portfolio is a common component for most asset returns (on average positively related
to individual asset returns), an increase in aggregate risk, other things equal, is associated
with an increased tendency of stock prices to move together. As a result, such increases in
correlation reveal increases in true aggregate risk. If the stock market risk premium depends
positively on aggregate risk, then the average correlation between stock returns should forecast
future stock market excess returns.

In addition, measures of stock market variance may themselves be poor forecasts of future
stock market returns even in the presence of a strong variance-in-mean relationship for the
aggregate wealth portfolio. Indeed, if most changes in stock market variance are due to changes
in the variance of components orthogonal to the variance of the return for aggregate wealth
(i.e. holding aggregate risk constant), then such changes in stock market variance must be
accompanied by offsetting changes in the covariance of the stock market with the rest of the
aggregate wealth portfolio.

Our results indicate that changes in the sample variance of daily US stock market excess
returns are almost completely captured by changes in the product of the average variance for
the largest 500 individual stocks and the average correlation between all pairs of stocks for the
largest 500 stocks. Of these two, the average correlation strongly predicts future excess stock
market returns while the average variance has no discernible forecasting power. Thus, the
weak ability of stock market variance to forecast stock market expected returns is due to the
contamination of average correlation by average variance. Average correlation also forecasts
stock market returns with an out-of-sample R? of more than 3%, and therefore passes the test
proposed by Goyal and Welch (2006).

The large negative covariance between shocks to average correlation and shocks to realized
returns may explain the phenomenon of asymmetric correlation (see for example Longin and

Solnik (2001), Ang and Chen (2002), and Hong, Tu and Zhou (2007)) in which stock returns



are more highly correlated when the stock market declines. If an increase in average correlation
is due to an increase in aggregate risk, then the discount rate for future expected cash flows on
most assets, including the stock market, should increase as well. Holding expected future cash
flows constant, higher future expected returns induce an immediate fall in price, i.e. negative
realized returns (volatility feedback, as described by Campbell and Hentschel (1992)). So, if
stocks become more highly correlated with each other, volatility feedback generates negative
stock returns on average and this relation leads to asymmetric correlation. Therefore, our
findings suggest that asymmetric correlation is caused by a form of volatility feedback induced
by fluctuations in the volatility of the return on aggregate wealth rather than changes in stock
market volatility.

We also find a negative, albeit insignificant, relation between average variance and the
subsequent market return after controlling for average correlation. In this respect, our findings
are similar to those of Bali, Cakici, Yan and Zhang (2005) and at odds with those of Goyal and
Santa-Clara (2003). Bali et al. show that the positive forecasting power of average variance,
documented in Goyal and Santa-Clara, disappears if NASDAQ and AMEX stocks are excluded
from market returns or if value-weighted average variance or median variance is used in place of
equal-weighted average variance. Since Brown and Kapadia (forthcoming) find that patterns
in average individual stock variance are driven by equity issuance patterns, equal-weighted
average variance will be affected by the fraction of companies that are recent issues.

Ghysels, Santa-Clara and Valkanov (2005) appear to identify a variance-in-mean relation-
ship using mixed data sampling to estimate conditional stock market variance. Their paper
claims that mixed data sampling provides more accurate estimates than conventional methods.
However, the conventional estimator for average variance has a substantially higher R? com-
pared to the MIDAS estimator for predicting realized stock market variance Yet, in spite of this
superior predictive power for stock market variance, our results indicate that average variance
does not predict subsequent excess returns. If the Roll Critique is correct, then an analysis of a
linear relationship between the expected return and conditional variance for the stock market
is flawed. Hence, we focus our analysis on the differing roles of the two components of stock

market variance — average correlation and average variance.



Driessen, Maenhout and Vilkov (2006) show that the high risk premium earned writing stock
index options can be reconciled with the low (or zero) risk premium earned writing individual
stock options because the price of correlation risk is much larger (in magnitude) than the price
of individual stock volatility risk. This finding is consistent with our results regarding the
predictability of stock market returns. Indeed, our explanation for the relationships between
average correlation, average variance, and stock market returns also explains why correlation
risk is priced and individual stock variance risk is not priced in options markets.

The next section presents a stylized model in which correlation between stock returns is
positively related to the stock market risk premium. We also show that the average variance of
stock returns can be unrelated or even negatively related to the stock market risk premium. In
the same situation average variance is likely to be negatively related to the covariance of stock
market returns with the return of the non-stock component of aggregate wealth. We present
the main empirical findings in section 3. Section 4 analyzes the predictability of returns for
different horizons as well as out-of-sample tests of predictability. Section 5 presents supporting
evidence that average variance (average correlation) is negatively (positively) related to the
covariance of bond and stock market returns and the covariance of labor income growth and

stock market returns. Section 6 concludes.

2 The importance of correlation

If the portfolio of assets whose returns are observable (e.g. stocks) is the same as aggregate
wealth, then aggregate risk is identical to stock market risk. Hence, the variance of the return
to the market portfolio is directly observable and, under typical assumptions (e.g. Merton
(1973)), the stock market risk premium is related to this observable variable. However, when
the stock market portfolio is only a subset of aggregate wealth, the inability to observe the
variance of the return on aggregate wealth interferes with the empirical analysis of the aggregate
risk-return relationship. In certain circumstances, the correlation between stocks rather than
stock market variance may better reveal changes in true aggregate risk, and hence, the stock

market risk premium. We present a model where the logarithmic version of the CAPM pricing



equation holds and the correlation between stocks is more strongly related to the stock market

risk premium than stock market variance.

2.1 Average correlation and the Roll Critique

Campbell and Viceira (2002), chapter 2, assume that asset returns are conditionally (jointly)
lognormally distributed and derive the optimal portfolio weights for investors with power utility

over end-of-period wealth.
1 N
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In this equation, w;‘it is the optimal (myopic) weight of asset j in the portfolio, 7141 =
log (1 + R; 1) is the log return for asset ¢, 7741 is the log return on the riskless asset (known
at time t), v is the investor’s coefficient of relative risk aversion, and the time ¢ subscripts
indicate that the conditional variances a%t and covariances o;j; for log returns are possibly
time-varying.

We use the approximation in Campbell and Viceira for the log return of a portfolio in
terms of its weights and the log returns for the constituent assets to analyze the asset market
equilibrium for a representative agent with such preferences:

P
0'.
Eilrigp1] — i1 + %t & YOimt (3)

In this equilibrium, the expected excess log return for asset i (adjusted for Jensen’s inequality)
is proportional to the conditional covariance of the return for asset ¢ with the return for the
true market portfolio, and hence, the logarithmic version of the CAPM holds. In particular,
the conditional risk premium for the observable stock market (asset s) is given by equation (3)
where i = s.

We replace the conditional covariance of rg with 7, with the analogous covariance in levels?

and then decompose this covariance into the weighted sum of the variance of the stock market

’In a continuous-time setting these two quantities are identical.



and the covariance of the stock market with the remainder of the aggregate wealth portfolio

(asset u). Of course, the return for asset u is largely unobservable.
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To analyze the relationship between aggregate risk and correlation between stocks we
consider a simple setting. Assume there are N symmetric stocks (where N is large) in

the stock market such that Rg;41 = % Yo Ritv1, By = COU&EIRTZ’EE;}?:SH) for all 4. Hence,

limy—oo Ug,t = 5,52 where p, (average correlation) is the pairwise correlation between any two
stocks and &7 is the variance of any stock (average variance). We make additional assumptions
regarding the structure of risk: shocks that affect only stock returns contain a common stock
market component €, ;1 with variance Htaat and an orthogonal idiosyncratic component with

variance (1 — 6;) 02 ,. Given these assumptions,

Riiv1 = BiRm 1 +Exp41 + €itr1

where Var (€441 + €it+1) = ait, Cov (Ezt41,€i+1) = 0, and Var (gi41) = (1 — Qt)agjt.

2
m,t

The aggregate shock has variance o7, ;, and is by definition independent from both components
of the stock-specific shocks. Hence, the return for the stock market can be written in terms
of the return on aggregate wealth R,,;+1 and the common stock market component of the
stock-specific shocks &, ¢11.

Rsi11 = BiRmi41 + 2041

The variance for each stock and pairwise covariance between any two stocks are given below.

In the limit as the number of stocks becomes large, this pairwise covariance is the variance of



the stock market.
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Since the return on aggregate wealth is the weighted combination of the return to the stock

market (asset s) and the unobserved portfolio (asset u), the return to the unobserved portfolio
can also be specified in terms of the return on aggregate wealth R,, ;1 and the common stock

market component of stock-specific shocks &, ;41.
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Thus, the covariance between the return of the stock market and the return of the unobserved

component of aggregate wealth can be expressed in terms of average correlation p, and average

variance 2.
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Substituting this expression into equation (4) and using the relation agvt = P07, the risk

premium for the stock market is then given by
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Note that w,; disappears completely from this expression. This expression states that the

risk premium for the stock market is linearly related to stock market variance (ait = 5,07,



minus a correction for that part of stock market variance which is unrelated to aggregate risk
0,57

By splitting stock market variance into two components p, and &2, we are able to explain
why stock market variance is such a weak predictor of future stock market returns. Holding all
else constant, a change in average variance affects the first term and the second term in opposite
directions with similar magnitudes. Holding all else constant an increase in average correlation
only affects the first term. Consequently, if changes in stock market variance are mainly due
to changes in average variance, then correlation will be strongly related to subsequent market
returns while stock market variance will be largely unrelated.

To examine the empirical implications of this equation more concretely, we assume that the
unobservable moments are parameters (3, = 8 and §; = 6) and consider a linear approximation
of expression (6) around the unconditional expectation of average correlation E [p;] and average

variance F [_f] We obtain the following expression for the expected excess return

M R ECOFL I
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where ¢ is the constant of linearization. Both of the unobservable parameters, S and 0,
affect the magnitudes of the coefficient estimates for average correlation and average variance.
For plausible parameter values, the coefficient for average correlation p, is positive while the
coefficient for average variance 7 is actually negative if £ [p,] is close to 6. Essentially, a large
component of the realized stock market return must be unrelated to the realized return on
aggregate wealth. Since average variance is the dominant component of stock market variance,
its zero or negative risk premium explains the anaemic relationship between stock market
variance and subsequent market returns. This linear approximation provides the theoretical
underpinnings for our empirical analysis in the next section.

Under these assumptions, the risk premium for the stock market is positively related to a
weighted average of stock market variance and the covariance of the stock market with the

unobserved portfolio return. If average variance is not positively related to the risk premium for

the stock market, then average variance should be negatively related to Covs (R 41, Rut+1)-



To the extent that we observe a portion of Cov; (Rs 41, Ry t4+1), we can construct an addi-
tional test of the model’s implications. We continue to assume that the relevant unobservable
moments are parameters (5; = 3, 0y = 0 and ws; = ws) and consider a linear approxima-
tion for expression (5) around the unconditional expectation of average correlation E [p,] and

average variance F [Ef].
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The denominators for both coefficients of interest are positive whenever g > 0 and 0 < wg < 1.
Hence, the directional effect for each variable will be determined by the sign of the numerator
for the respective coefficients for any reasonable parameter values.

The numerator of the coefficient for average correlation will be positive, although potentially
quite small, if 1 — w8 > 0. This condition is equivalent to assuming that the covariance
between the return for the unobserved asset and the return for aggregate wealth is positive.
The analysis of the coefficient for average variance is more complicated. For plausible parameter
values 1 — wyf (1 — @) is small and E [p,] is close to #. Thus, the numerator of the coefficient
for average variance is likely to be negative whenever the risk premium for the stock market

is not related to average variance.

2.2 An approximation for stock market variance

In the previous subsection we consider the limiting case with an infinite number of symmetric
stocks, and hence, stock market variance is identical to the product of correlation p, and
individual stock variance 7. In our empirical work we use an approximation.

The stock market portfolio s is the value-weighted portfolio of all stocks where w;; is the

market capitalization of stock j divided by the market capitalization of the entire stock market.



The variance of the stock market return is given by

N N
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A useful approximation for stock market variance is the product of average correlation between
all pairs of stocks and the average variance of all individual stocks. We define 57 to be the

value-weighted cross-sectional average variance for the N stocks®.

Jt‘_ E uhtajt

We let {;;,, denote the pairwise stock-specific deviations from the cross-sectional average for

variance

—2
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and rewrite the expression for stock market variance.
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Stock market variance is the sum of two terms. The first term is the product of the
value-weighted average of individual stock return variances and the value-weighted average of
return correlations across all pairs of stocks in the portfolio. The second term depends on the
cross-sectional relationships between weights, pairwise correlations, and the cross-products of
standard deviations. When all assets have the same individual variance, the second term is

equal to zero and the expression can be simplified accordingly.

N N
Z Z Wyt Wkt Pkt = E?ﬁt (10)

Jj=1k=1

30ur findings do not depend on the weighting scheme used to calculate 7.
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This expression has two components: value-weighted average variance and value-weighted av-
erage correlation. We approximate stock market variance with the right-hand side of equation
(10). In the next section we show that this approximation captures almost all of the time-series

variation in stock market variance.

3 Predicting stock market returns with correlation

3.1 Proxies for the components of stock market variance

Every quarter from 1963 until 2006 we estimate the two components on the right-hand side
of expression (10) directly from daily stock returns for a value-weighted portfolio of the 500
largest stocks, by market capitalization, in the CRSP universe.

Given the number of trading days, D;, in quarter ¢, the sample variance of daily returns

for stock j is

1 & 1 & ’
L ; <(1 + Ria) = 5 ;(1 + Rm)) (11)

where d is a trading day in quarter . We define w;; as stock j’s market capitalization divided
by the sum of all 500 market capitalizations observed at the end of quarter ¢. Our estimator

of Ef, average variance, is
500

AVE = w55, (12)
j=1

Although we estimate the conditional covariances and variances using daily returns, we are
interested in the relationship between the quarterly stock market excess return and these
moments for the same time interval. Therefore, we multiply our daily variance and covariance
estimates by sixty-three, the average number of trading days in a quarter.

The sample correlation for stocks j and k, denoted /p\jkt, is calculated in the typical fashion
given the definition of E?t. R
Ojk,t

ﬁ'k,t == =
J 0 t0k,t
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Our estimator of Zjvzl Zk# Wj Wk tPjk ¢, AVErage correlation, is

N
AC =) > wiswk ik (13)
J=1 k#j
We also estimate the conditional stock market variance, Eg’t, from the daily index returns

of the CRSP value-weighted index. Hence, equation (9) implies that:
55, =bo + bi(AV; x ACy) + vy (14)

where E [v¢|AV; x ACy] = 0. The coefficient by may not equal one because (i) we exclude
the sum of squared weights from ACY, (ii) there is measurement error in AV; and AC}, and
(iii) there are differences in the composition between the CRSP market index and the value-

weighted portfolio of the 500 largest stocks.

3.2 Other data and summary statistics

In our predictive regressions, we use the log stock market return minus the log three-month
T-bill return based on the CRSP value-weighted portfolio (the best available proxy for the
portfolio of all stocks) and the S&P 500 (which is arguably untainted by the illiquidity that
might affect returns of small stocks in the broader CRSP index).

We also use: GARCH(1,1), the in-sample conditional variance estimates for CRSP log
market excess returns generated by a GARCH(1,1) estimator using excess returns for the
entire sample period; cay from Lettau and Ludvigson (2001) (from Martin Lettau’s website
updated through 2006); pd, the log ratio of the S&P 500 index level to the previous one year’s
dividends on its constituent stocks; and rf, the log 3-month Treasury bill yield. The variable
cay is the most powerful in-sample return predictor of which we are aware. Ang and Bekaert
(2007) present evidence that pd and rf jointly predict stock returns.

Table 1 reports summary statistics for all of the relevant time-series. All data are observed

quarterly from the first quarter of 1963 to the end of 2006, except for the two excess log returns,
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which are observed through the first quarter of 2007.* Average correlation between all pairs
of the 500 largest stocks in the market averaged 0.237 in our sample period, with a standard
deviation of 0.093. The mean for average variance of the 500 largest stocks is 2.217% while the
mean for stock market variance is, not surprisingly, much lower at 0.482%. Average variance
is also 3 times as volatile as stock market variance and strongly positively correlated with
stock market variance. Average variance has a smaller but positive correlation with average
correlation of 0.312.

The first autocorrelation of each time series is also reported in Table 1. Average correlation
and average variance are both fairly persistent, with autocorrelations respectively of 0.579 and
0.700. Stock market variance is much less persistent, even though the correlation between
average variance and average correlation is 0.312. Stock market variance, average correlation,
and average variance are negatively correlated with contemporaneous stock market excess
returns. The GARCH (1,1) estimate of stock market variance, cay, and r f are also negatively
correlated with excess returns while pd is positively correlated with returns. Compared to the
quarterly estimates of stock market variance based on the sample variance of daily returns,
the GARCH(1,1) estimates of stock market variance are higher (with a mean of 0.743), less
volatile (with a standard deviation of 0.477) and more persistent (with an autocorrelation of
0.661).

Figure 1 plots the time series for average correlation and average variance. Our measure of
average variance has peaks and troughs that parallel the behavior of the standard deviation
measure considered by Goyal and Santa-Clara. However, our measure does not exhibit a
pronounced upward time trend. While average variance and average correlation move together
to some extent, this positive association disappears from 1999. In addition, the distribution for
average variance is more positively skewed than the distribution of average correlation. The
shaded regions represent periods of recession according to the NBER. There does not appear
to be an obvious pattern linking recessions to the behavior of either measure. Both measures

peaked in the last quarter of 1987 due to the ‘Black Monday’ stock market crash.

4We drop the observations for the two excess log returns during the first quarter of 2007 when
calculating summary statistics.
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3.3 Validity of the stock market variance decomposition

Table 2 reports OLS regressions of the sample estimate of stock market variance from ¢ — 1 to
t on various combinations of the sample estimates of average correlation and average variance
for the same time period, t — 1 to t. The t-statistics use Newey-West standard errors with six
lags. The results do not qualitatively change if we use OLS standard errors or change the lag
length for the Newey-West estimator.

Column 1 reports direct estimates of (14). The R? of the regression is 97.69%, which in-
dicates that variation in /U\it is almost entirely captured by the product of contemporaneous
average variance and average correlation. Columns 2 through 4 present estimates of the relative
importance of average variance and average correlation in changes in stock market variance.
Column 2 shows that average correlation accounts for 36.9% of variation in stock market vari-
ance and column 3 that average variance accounts for a much larger 69.82%. Not surprisingly,
since estimates of average variance and average correlation are positively correlated, the ad-
ditional explanatory power provided by including average variance in a linear regression is
substantial, as shown by the R? of 83.17% in column 4. The estimates in column 4 indicate
that the linearization in equation (7) is reasonable because we are able to explain most of the
variation in stock market variance. Column 5 uses the variance of the S&P 500 daily excess
return instead of the excess return for the CRSP value-weighted index in column 1. The R?
for this specification is even higher at 98.95%. Even though average correlation and average
variance are both important components of contemporaneous realized stock market variance,
Table 2 indicates that average variance is the dominant component. While this exercise in-
dicates that stock market variance can be decomposed into average correlation and average
variance, it does not offer any insights regarding subsequent realized stock market variance.

Table 3 analyzes the ability of average correlation and average variance (estimated from
t — 1 to t), to predict subsequent realized stock market variance 83,,5 41 (estimated from ¢ to
t+1). Column 1 shows that average correlation is, on its own, a significant predictor of Eit 11
with a t-statistic of 2.73 and an R? of 4.29%. However, average variance is a much more
powerful predictor of future realized stock market variance, as shown in column 2, with an R?

of 18.31% and a t-statistic of 5.65.
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Column 3 of Table 3 shows that the product of average correlation and average variance,
which captures almost all the variation in contemporaneous realized variance, predicts future
realized variance with a t-statistic of 2.02 and an R? of 9.72%. Column 4 is a regression of
3371‘/ 41 on its own lag Gg,t. Although stock market variance predicts ai,t 41 with an R? of 10.1%,
it only just outperforms the product of average variance and average correlation. Column 5
indicates that GARCH(1,1) has a higher t-statistic (3.66) than either 8§7t or the product of
average variance and average correlation, but a lower R? than both (8.96%). In these univariate
regressions average variance is a superior predictor of subsequent realized stock market variance
compared to any of the three more traditional measures of variance. Columns 6 shows that if
average correlation and average variance are both included in the regression, each has a positive
coefficient, but the R? only increases marginally to 18.91% compared to the specification
that only uses average variance and the coefficient on average correlation is only marginally
significant with a t-statistic of 1.76. Controlling for average variance in columns 7 though 9,
we find that stock market variance, the product of average variance and correlation, and the
GARCH(1,1) variance estimator do not have any significant power to predict future realized
stock market variance.

We conclude that average variance is the dominant predictor for subsequent stock market
variance and the dominant source of variation in contemporaneous realized stock market vari-
ance. Thus, if average variance is not related to aggregate risk or to the stock market risk
premium, it should not be surprising that stock market variance is not strongly related to

subsequent stock market returns.

3.4 Predictive regressions

In Table 4, we present quarterly stock market return forecasting regressions using the two
major components of stock market variance 337“ average variance AV, and average correlation
AC;. In Column 5 and Column 6 we also include various controls. Usually, the dependent
variable is the excess log return of the CRSP value-weighted index. In Column 4 the excess
log return for the CRSP index is replaced by the excess log return for the S&P 500 index.

Column 1 shows that average correlation is a strong and highly economically significant
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forecaster of excess log stock market returns. A one-standard deviation increase in the average
correlation of the daily returns of the 500 largest stocks in the market forecasts a 1.86% addi-
tional stock market excess return over the following quarter. The estimate is highly statistically
significant with a robust t-statistic of 3.11. Variation in average correlation between stock re-
turns accounts for 4.8% of variation in quarterly stock market return, comparing favorably
with any other forecasting variable proposed to date.

Column 2 indicates that average variance has no forecasting power for subsequent excess
returns in spite of the relative strength of average variance, as compared to average correlation,
as a predictor for stock market variance in Table 3. The estimate is not significant and has
the ‘wrong’ sign: an increase in stock market risk due to higher average individual variance
forecasts a low future return.

In Column 3, including both measures of risk in a linear regression further reduces the
sign of the coefficient on average variance and boosts the forecasting power and significance
of average correlation. As discussed in Section 2, it is the component of average correlation
that is unrelated to average individual variance that predicts future stock market returns.
The coefficient estimates in this regression indicate that average correlation has a positive
risk premium while average variance has, if anything, negative risk premium. Equation (7)
allows us to interpret the coefficients in column 4 in terms of the parameters of our model with
symmetric stocks. For example, if the beta for each stock with the true market portfolio equals
one (B = 1) then these estimates imply that the relative risk aversion coefficient v is equal to
8.25.

The specification in column 4 replaces the excess log return of the CRSP index with the
excess log return of the S&P 500 index, but is otherwise identical to the specification in column
3. The stocks in the S&P 500 index are all heavily traded and any return predictability that
we observe is unlikely to be due to illiquid assets. Our linearization forecasts the S&P 500
excess return almost as well as it forecasts the broader CRSP index, with an R? of 5.22% and
a t-statistic of 3.37 for average correlation. We conclude that average correlation is not merely
a proxy for the changing liquidity of lightly traded assets in the broader stock market index.

In columns 5 and 6, our objective is to control for alternative predictors and ensure that
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average correlation is not simply replicating other well-known predictability results. The ex-
tensive literature about stock market predictability includes many variables that might forecast
returns either singly or in combination with other variables. In our sample, most of these vari-
ables lack significant predictive power in either univariate forecasting regressions or controlling
for other well-known forecasting variables. In unreported results, no other potential controls
are significant once we include cay, pd, and rf in any regression specification for quarterly or
monthly predictive regressions during our sample period. Therefore, we only consider cay, pd,
rf, the lagged excess log return, and two measures of the variance of the excess log stock mar-
ket return in our analysis. Column 5 controls for lagged realized stock market variance, lagged
returns, cay, pd and r f and shows average correlation to be significant with a t-statistic of 2.42.
Column 6 replaces the lag of realized stock market variance with the GARCH (1, 1) estimate of
conditional stock market variance and otherwise contains the same controls as Column 5. This
specification yields similar results and average correlation is significant with a t-statistic of
2.40. In addition to average correlation, only cay and rf are statistically significant regressors.

To ensure that the strength of the predictability evidence for average correlation does not
depend heavily on the frequency selected, we include a second panel of Table 4 (called Table
4 (cont.)) in which we predict log excess returns at a monthly, rather than a quarterly, fre-
quency. Since cay is only calculated on a quarterly basis, we simply use the same quarterly
observation for the three constituent months within each quarter. We also generate a monthly
GARCH(1,1) estimator based on monthly CRSP excess returns for the sample period. The
other regressors, including average correlation and average variance, can be constructed every
month, and hence, every third observation in the monthly data is identical to the contempo-
raneous observation in the quarterly data. The monthly regressors are observed from January
1963 to December 2006.

The patterns of statistical significance for average correlation in Table 4 (cont.) are sim-
ilar to those in Table 4. The coefficient for average correlation is positive and statistically
significant. This result is stronger when average variance is included in the regression spec-
ification. The findings are similar if we replace the monthly excess log return for the CRSP

value-weighted index with the excess log return the S&P 500. In addition, average correlation
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is a significant predictor when controlling for lagged stock market variance or GARCH(1,1),

together with lagged excess log returns, cay, pd and rf.

3.5 Empirical proxies and measurement error

In unreported results, we do not find qualitatively different findings if we use an equal-weighted
measure of average correlation measure instead of the value-weighted version; use the previous
one month (or 6 months) of daily returns instead of the previous 3 months to construct our
estimates of average correlation and average variance; use the largest 50 or 100 stocks by market
capitalization to construct average correlation instead of the largest 500; use the historical
constituents of the S&P 500 index in the CRSP universe instead of the 500 largest stocks by
market capitalization; use log average correlation instead of average correlation; or replace the
dependent variable with the excess return in levels. We also could estimate average correlation
and average variance using the 48 Fama-French industry portfolios (equal-weighted across
industries) or using the 25 Fama-French size and book-to-market sorted portfolios (equal-
weighted across portfolios). Both such measures of average correlation predict excess stock
market returns with similar magnitudes and statistical significance. None of the corresponding
average variance measures demonstrate any predictive power.

In the variance-in-mean framework, it is difficult to explain why average correlation predicts
stock market returns while average variance does not predict stock returns when both aver-
age variance and average correlation are persistent components of stock market variance. In
unreported variance-in-mean simulations we find that there is no simple explanation based on
measurement error for either average correlation or average variance. First, these estimation
errors appear to be small, and are much smaller for average variance than average correlation.
Second, average variance should be the dominant predictor of subsequent stock market vari-
ance according to these simulations. Third, the simulations indicate that average variance and
stock market variance should both be better predictors of subsequent stock market returns

than average correlation.
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3.6 Biased estimators in predictive regressions

We estimate a restricted VAR(1) for excess log stock market returns and average correlation.
First, we are interested in the persistence of average correlation shocks. Second, we are in-
terested in the volatility of shocks to stock market returns, the volatility of shocks to average
correlation, and the correlation of these shocks. Third, we need to estimate the bias in the
OLS estimate from the forecasting regressions due to persistence in average correlation and
the correlation between the shocks to average correlation and realized returns.

The first equation in the VAR is
Tstr1 — Vi1 = 0+ bACE + U

and the second equation is

ACpi1 = ¢+ dAC: + vigq

where the variances and covariance of the residuals are written 02, 02, and ¢,,. The coefficient
b is our estimate of the ability of average correlation to forecast returns, but, as Stambaugh
(1999) discusses, if 0., is negative then the estimate of b is biased upwards in small samples. If
d, the persistence of shocks to average correlation, is large (close to 1), this bias can be severe.

If average correlation forecasts returns, there are strong theoretical reasons to believe that
ouy should be negative. Campbell (1991) shows that shocks to log returns are approximately
equal to shocks to the present value of expected future log dividend growth minus shocks to

future expected returns:

o e.9]
repr — Bl ] ~ AB Y n*Adpiays — AB1 > n°reqigs (15)
s=0 s=1

where the log-linearization constant 7 is slightly less than one. This approximate accounting
identity shows that, holding expected future cash flows constant, a positive and persistent shock
to expected returns must result in a negative shock to current realized returns, since the same
expected future cash flows are discounted at higher rates. Expected returns whose innovations

are negatively correlated with shocks to realized returns are said to be mean-reverting.
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When expected returns are positively related to systematic risk, as captured by market
variance or average correlation, persistent increases in risk cause increases in required or ex-
pected returns, inducing negative realized returns. Campbell and Hentschel refer to this special
case of mean reversion as volatility feedback. The more persistent the shock to risk, the larger
the volatility feedback. Therefore, volatility feedback generates an estimation bias of the form
described by Stambaugh.

Table 5 reports estimates of the restricted VAR. The parameter estimates for a and b in
the top panel are familiar from Table 1 and Table 4. Newey-West t-statistics with the usual
6 lags are reported in square brackets. The estimate of d in Table 5 is 0.579, the standard
deviation of average correlation shocks o, is 7.5%, the standard deviation of the stock market
return shocks o, is slightly more volatile than average correlation shocks and is 8.2%, and the
correlation between the shocks p,,, is -0.53.

To estimate the bias under the null hypothesis of no predictive power, we carry out a
simulation exercise following that in Baker, Taliafero and Wurgler (2006). The OLS estimate
of d is biased downwards by approximately (1 4+ 3d)/T, where T' is the sample length. Our
bias-adjusted estimate of d in the full sample is therefore 0.596. We use our estimates of
the constant terms in each equation and of the residual covariance matrix but also impose
different values of p,,, (the correlation of the residuals) and adjust o, accordingly. We then
simulate data for average correlation and for the excess log return for the stock market under
the assumption that they are generated by the restricted VAR with b equal to zero. We use
the actual starting variables and discard the first 100 simulated observations, then calculate
OLS estimates of b for the remaining sample.

The lower panel of Table 5 reports choices of d and p,,, for the simulation, together with
the mean implied estimate of b, its standard deviation, and the probability that the simulated
estimate is greater than the actual estimate. This probability is our Monte Carlo estimate of
the correct small-sample bias-corrected p-value for our estimate of b under the null that true
b is zero.

For the full sample, using d equal to 0.596 we should estimate b of 0.200 less than 0.5% of

the time under the null according to the simulation using the sample estimate of p,,. In this

20



case the bias in the estimator for b is about 0.01. For the worst-case scenario of p,,, = —1, we
estimate a slightly higher p-value of 0.7% but we still reject the null at conventional levels of
significance. Increasing d to 0.749, three standard errors above its OLS estimate, and setting
Puv = —1 does not materially change the p-value. Although the bias in b increases to 0.021
because average correlation is more persistent, the dispersion of the simulated estimates is
lower. Similarly, choosing a high persistence of 0.95, while increasing the bias to 2.6%, actually
reduces the p-value to 0.1%. These results indicate that any bias due to the persistence of

average correlation is not a serious problem for the estimate of b in the full sample.

4 Alternative specifications

4.1 Sub-sample analysis

In Table 6 we estimate predictive regressions for the excess log return for the CRSP value-
weighted index on average correlation in different sub-samples. We report estimates for the full
sample (from the end of the second quarter of 1963 to the end of the first quarter 2007), both
halves of the sample, all four quarters of the sample, from 1976 until 2007, and from 1963 until
1989. The period from 1976 until 2007 begins after the first oil price shock in the early 1970s.
Goyal and Welch find that many candidate forecasting variables have very little forecasting
power in this sub-sample and they conclude that these candidates rely heavily on the oil price
shock of the early 1970s for in-sample forecasting power. The period 1963 to 1989 excludes the
1990s during which several of the predictive relationships proposed by the literature are quite
weak (e.g. price-dividend ratio, price-earnings ratio, etc.).

In the periods 1963-1974, 1974-1985, and 1996-2007 average correlation has predictive power
for stock market returns. For the 30 years since 1976 it is also a strongly economically and
statistically significant predictor, with an R? of 5.12% for the stock market return. The results
are also significant during the earlier period ending in 1989, with an R? of 4.1% and a t-statistic
of 2.57. Average correlation is less powerful in the second half of the sample, from 1985 with
a t-statistic of 1.85. Column 6 shows that from 1985-1996 average correlation has no ability

to forecast market returns. This is not due to the stock market crash of 1987: in unreported
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results we estimate the same equation excluding the quarters around the crash and the results
remain essentially unchanged. In figure 1 it can be seen that average correlation fell to very
low levels in the late 1980s even though returns remained high. With the exception of the

decade 1985-1996, the coefficients for average correlation are between 0.15 and 0.55.

4.2 Different horizons

Table 7 reports predictive regression estimates of CRSP log market excess returns for return
intervals of 1 to 30 months using overlapping data. We regress the subsequent annualized
k-month sum of monthly log stock market returns in excess of the 1-month T-bill log return,
e = (12/k) Z§:1(TCRSP¢+J' — 7 f14+5) on average correlation at date ¢. Because the residuals
of this regression have an M A(k — 1) structure, we report t-statistics based on Hodrick (1992)
standard errors rather than Newey-West standard errors.’

The coefficient for the monthly horizon in Table 6 is identical to the coefficient in Column
1 of Table 4 (cont.) except that the coefficient in this table has been annualized by multiplying
by 12. Average correlation forecasts one-month-ahead stock market returns with a Hodrick
t-statistic of 2.47 and an R? of 1.3%. Average correlation predicts excess log returns for longer
return horizons up to 30 months with a significance level of more than 5%. The R? of the
regression grows with the return horizon up to 6 months (to 5.14%), and is again higher at
horizons of 18 months (6.82%) and 24 months (9.04%) falling slightly at horizons of 30 months
(8.33%). The annualized coefficient declines monotonically with horizon from 3 months to 30
months.

Since average correlation is not a highly persistent variable, it is not surprising its ability
to predict excess returns does not grow substantially with the return horizon. However, our
results suggest that average correlation has information relevant for one-year and two-year

excess returns.

® Ang and Bekaert (2007) show that inferences based on these standard errors are superior to those
based on Newey-West standard errors when returns are overlapping.
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4.3 Out-of-sample findings

Goyal and Welch suggest that most forecasting variables with in-sample forecasting power
do not demonstrate ability to forecast returns out of sample. They propose a test in which
forecasting regressions use only data available at ¢t and the one-period-ahead squared forecast
error is compared to the squared difference between year t + 1 realized return and the sample
mean return for time ¢. They then compare either the difference in root mean squared error
(“ARMSE”) or out-of-sample R? (one minus the ratio of the sum of squared forecast errors
over the sum of squared differences from the time ¢ sample mean). Both these measures will
be positive if the proposed variable has superior forecasting ability out of sample relative to
an average of past returns, zero if there is no difference and negative otherwise. With the
exception of cay, they fail to find superior out-of-sample performance for any variable. This
failure suggests that the estimates from forecasting regressions are unstable and are quite
sensitive to sample period choice.

Campbell and Thompson (2005) indicate that short in-sample estimation periods could be
responsible for poor out-of-sample performance. In spite of this potential concern, we do not
use the full sample available for all other variables and restrict our analysis to the period from
1963 until 2007. Since our focus is on average correlation and average variance, this approach
ensures that the critical values for the formal test statistics and the period of assessment will
be the same for each predictor.

Clark and McCracken (2001) propose a formal test for out-of-sample predictability. They
show how the asymptotic distribution of Enc_New, the forecast encompassing test statistic,
depends on the ratio of R, the number of observations used for the first out-of-sample forecast,
to P, the number of pseudo-out-of-sample forecasts. This ratio is denoted 7 = limpg p_,oc P/R.
McCracken (2007) presents a different test statistic, MSE F', based on reduction of out-of-
sample mean square error whose asymptotic distribution also depends on © = P/R.

The derivations in these papers are valid for heteroskedasticity of unknown form in the
forecast error if there is one additional forecasting variable relative to a baseline forecast.
Accordingly, we test whether a number of different variables have forecasting power relative to

a forecast based only on the sample mean of returns. We use the recursive forecasting scheme
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in which one-step-ahead forecasts are based on estimates using the sample available up to the
date of the forecast.

Table 8 presents results regarding the out-of-sample B2, ARMSE, Enc_New (from Clark
and McCracken), and MSE F (from McCracken) for average correlation, average variance,
sample stock market variance, GARCH (1,1), cay, rf, and pd. In the upper panel, we allow
only the first 80 observations of returns to be used to make the first prediction, so that there
are 95 forecasts and m = 1.19. In the lower panel, we allow more observations to be used so
that R = 120, P = 55 and w = 0.46. We obtain asymptotic critical values from tables on
Clark’s website, for the nearest reported values of 7w and k = 1.

The findings in Table 8 indicate that forecasts based on average correlation strongly increase
predictive power relative to forecasts based only on the sample mean. For R = 80, the out-
of-sample R? is 3.34%, and 8.22% when 120 observations are used to make the first forecast.
The corresponding reductions in root mean squared forecast error are 0.137 and 0.342. For
R = 120, average correlation is a statistically significant predictor at the 1% level for both
formal tests. For R = 80 there is a significant reduction in out-of-sample mean squared error
at the 5% level and rejection of the null of encompassing at the 1% significance level.

Average variance, market variance, GARCH(1,1) and pd all have negative ARMSFE and
out-of-sample R? during both out-of-sample assessment periods.® For R = 80, cay has a
negative out-of-sample R? while rf has a slightly positive one. For R = 120 this pattern is
reversed. With the exception of cay, we find little formal evidence for substantial out-of-sample
forecasting power for the other variables, save that we reject the hypothesis of encompassing
for stock market variance at the 5% level when R = 80.” This failure suggests that the results

from standard predictive regressions are quite sensitive to sample period choice.

61t is possible for a forecasting variable to have both a negative out-of-sample R? and yet to be able
to reject the hypothesis of forecast encompassing.

"In unreported results many other univariate predictors commonly considered in the literature do
not have predictive power in-sample or out-of-sample in quarterly data during our sample period.
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5 Predicting covariances

In this section, we test the second implication of the model. Because average variance explains
a substantial portion of the variation of conditional stock market variance according to Table
3, the failure to forecast returns with average variance is a puzzle for conventional models.
Equation (8) describes the relationship between average correlation, average variance and the
covariance of the stock market return with the return for non-stock assets in our model. Since
the net effect of an increase in average variance on the stock market risk premium is small or
negative, the model parameters consistent with this result indicate that average variance should
be negatively related to the conditional covariance of the stock market with the return on the
non-stock remainder of the aggregate wealth portfolio. By contrast, the same parameter values
indicate that average correlation should be positively related to the conditional covariance of
the stock market return and the return on the non-stock component of wealth.

Accordingly, there should be classes of non-stock assets whose subsequent conditional co-
variance with the stock market is positively related to average correlation and negatively related
to the average variance of stocks. Our results indicate that both government bonds and labor
income are asset classes whose covariance properties are largely consistent with this prediction.
The findings for bonds as well as labor income suggest that investors who possess bonds and/or
human capital in addition to stocks will not necessarily be exposed to greater portfolio risk
when there is an increase in average variance for stocks, but will likely face greater portfolio
risk when there is an increase in average correlation between stocks.

While the return on the non-stock component of aggregate wealth, R,,, is largely unobserv-
able, it is relatively straightforward to estimate the covariance of the return for government
bonds with the return for the stock market. Government bonds are an important component
of aggregate wealth to the extent that they are not in zero net supply, (i.e. to the extent
that Ricardian equivalence does not hold). Moreover, the returns for government bonds are
presumably highly correlated with those of corporate bonds, which are in positive net supply
even if Ricardian equivalence does hold. We estimate the required covariance with the within-
quarter sample covariance of daily returns on the CRSP value-weighted index and the 10-year

US Treasury bond and we term this variable the stock-bond covariance.
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Human capital is another important non-stock component of aggregate wealth. Aggregate
labor income can be interpreted as the dividend on human capital following Jagannathan and
Wang (1996) or as its non-stationary component following Lettau and Ludvigson. Although
the return on human capital is probably more volatile than labor income growth for the same
reasons that the return on the stock market is more volatile than aggregate dividend growth,
labor income growth is approximately proportional to a noisy measure of the return on human
capital under plausible assumptions. Aggregate labor income for the US is observable only at
monthly or lower frequencies. We construct monthly log real per capita labor income y; from
NIPA table 2.6. The first difference of 4; is monthly labor income growth, Ay;.

Given the evidence that average correlation predicts stock market returns at a monthly fre-
quency, the product of the stock market return and labor income growth should be predictable
as well. Hence, we construct an estimate of the conditional covariance of the quarterly stock
market return and quarterly labor income growth using summed residuals from a one-month
ahead forecast of the monthly excess log stock return and log labor income growth on quarterly
average correlation, average variance, log excess stock market return and log labor income
growth, all lagged one month. We define the conditional stock-labor covariance estimate for

the quarter ending in month ¢ as

3

6'\7“:1,1,t — Z (5r,t+1fs) (5y,t+175) .

s=1

where €, t41—s and €, ¢ +1—s are the monthly residuals for stock market returns and labor income
growth, respectively.

The first four columns of Table 9 present evidence on stock-bond covariance. In Column
1 average correlation has a positive coefficient but is not statistically significant, while the
coefficient for average variance is negatively related to the subsequent stock-bond covariance
in Column 2 (marginally significant with a t-statistic of 1.8). The specification including
both average correlation and average variance in Column 3 indicates that average variance is
significantly negatively related to the stock-bond covariance (t-statistic of 2.5). This evidence

is consistent with the hypothesis that variation in average variance, and therefore stock market
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variance, is due to changes in risk common to all stocks but unrelated to changes in aggregate
risk.

In columns 5 through 8 we investigate the relation between average correlation, average
variance, and the subsequent stock-labor covariance. In Column 5 the coefficient for average
correlation is positive and marginally statistically significant. In Column 2, average variance
is negatively related to stock-labor covariance, although not significantly so. Controlling for
both, an increase in average correlation leads to statistically significant increase for stock-labor
covariance (t-statistic of 2.1), whereas an increase in average variance predicts marginally
significant decrease (t-statistic of 1.7). While the direction and statistical significance are
consistent with the predictions of the model in Section 2, the non-observable nature of returns
on human capital implies that the magnitudes of the coefficients are particularly difficult to
interpret. In addition, the difficulties associated with estimating the conditional covariance
of stock market returns and aggregate labor income indicates that the findings about the
covariance between stock market returns and the return to human capital in Table 9 are only

suggestive.

6 Conclusion

The absence of an easily detectable relationship between stock market risk and subsequent
stock market returns poses difficulties for mainstream asset pricing models. We claim that the
lack of evidence of such a relationship is a manifestation of the Roll critique: if the aggregate
wealth portfolio contains important non-stock assets, then changes in stock market variance
are not necessarily closely related to changes in aggregate risk. Therefore, even if aggregate
risk drives risk premia, stock market variance need not be related to excess returns.

We propose an explanation based on the observation that aggregate risk should be a source
of interdependence among observable stock returns. Hence, an increase in aggregate risk is
partially reflected in an increase in average correlation between stock returns whenever the
stock market as a whole has a positive sensitivity to aggregate market shocks. Therefore,

average correlation should forecast stock market returns whenever there is an aggregate risk-
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expected return trade-off. Furthermore, changes in stock market variance that are unrelated
to changes in average correlation could have a zero or even negative relationship with future
stock market returns. We show that such unpriced stock market risk is, for practical purposes,
captured by the average variance of individual stocks.

We present new results indicating that average correlation and average variance together
account for almost all variation in stock market variance and that average variance is the
dominant component. We show that average correlation forecasts future stock market returns
while average variance is negatively related to future returns.

In addition, average correlation is positively related to the subsequent covariance between
labor income growth and the stock market and (weakly) positively related to the subsequent
covariance between stock market and bond returns. On the other hand, average variance is
negatively related to the subsequent covariance between stock market and bond returns as
well as the subsequent covariance between labor income growth and the stock market. Both
of these findings are consistent with the hypothesis that changes in average variance unrelated
to average correlation do not necessarily reflect changes in aggregate risk.

The main alternative explanation in the existing literature assumes some degree of devi-
ation from a typical representative agent rational-choice framework. Such deviations imply
that linear or log-linear relations between the risk premium and aggregate risk do not hold.
By contrast, our paper assumes that the risk premium for aggregate wealth is related in a
straightforward way to aggregate risk. We apply the Roll critique to the risk-return trade-off
for the stock market and we exploit the common component of observable asset returns to

reveal aggregate risk.
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Figure 1: Average correlation and average variance
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Notes: Average correlation is the value-weighted cross-sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the 500 largest (by market capitalization)
exchange-traded stocks in the United States at the end of that quarter. Average variance is the value-weighted cross-sectional average of the variance of daily returns for the same 500 large
stocks for the same period. The weights in both of these measures are determined by end-of-quarter market capitalizations. The shaded regions represent periods of recession according to the
NBER. The variances of daily returns are multiplied by 63 in order to express these sample moments in terms of the same time interval as quarterly excess returns.



Table 1: Summary statistics

Average Average  Stock market
Mcrsp correlation variance (%) variance (%) GARCH(1,1) cay rf pd
Mean 0.012 0.237 2.217 0.482 0.743 0.000 0.056 3.568
Median 0.025 0.238 1.688 0.310 0.581 -0.001 0.052 3.505
Min -0.300 0.034 0.642 0.029 0.335 -0.036 0.009 2.816
Max 0.202 0.646 12.036 6.297 3.739 0.036 0.143 4.486
St dev 0.084 0.093 1.806 0.609 0.477 0.014 0.026 0.413
Autocorrelation 0.019 0.579 0.700 0.318 0.661 0.863 0.926 0.985
Correlation Matrix
l€crsp 1.000 -0.293 -0.275 -0.422 -0.302 -0.063 -0.128 0.081
Average correlation 1.000 0.312 0.608 0.558 0.108 0.138 -0.095
Average variance 1.000 0.836 0.533 -0.206 0.006 0.381
Stock market variance 1.000 0.662 -0.057 -0.013 0.169
GARCH(1,1) 1.000 -0.013 0.002 -0.053
cay 1.000 0.026 -0.286
rf 1.000 -0.645
pd 1.000

Notes: The stock market excess return, recgsp, is the quarterly log return for the CRSP value-weighted index minus the three-month T-bill log return. Average correlation is
the value-weighted cross-sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the 500 largest (by market capitalization) exchange-
traded stocks in the United States at the end of that quarter. Average variance is the value-weighted cross-sectional average of the quarterly variance of daily returns for the
same 500 large stocks. The weights in both of these measures are determined by end-of-quarter market capitalizations.

Stock market variance is the daily variance of the CRSP value-weighted index return, estimated quarterly. GARCH(1,1) is the in-sample estimate of the conditional variance
of the quarterly excess return for the stock market based on a model with a GARCH(1,1) specification for variance. The riskfree rate, rf, is the log three-month T-bill return.
cay is from Lettau and Ludvigson (2001) and is estimated using their full sample from 1951 Q4 to 2006 Q4. pd is the log price-dividend ratio for the S&P 500 index. The
variables are all observed from 1963 Q1 to 2006 Q4. The variances of daily returns are multiplied by 63, the average number of trading days in one quarter, in order to

express these sample moments in terms of the same time interval as quarterly excess returns.



Table 2: Decomposing stock market variance

Dependent variable: Variance of daily stock market returns estimated at t

Constant

Average correlation

Average variance

(Average variance)*
(Average correlation)

R* (%)
N

(1) (2)
0.000 -0.005
[0.108] [1.810]

0.040
[3.719]
0.835
[39.113]
97.69 36.90
176 176

3)

-0.001
[1.004]

0.282
[3.513]

69.82
176

(4)
-0.007
[3.741]

0.025
[4.517]

0.241
[4.619]

83.17
176

(5)

0.000
[2.011]

0.975
[36.011]

98.95
176

*The dependent variable is the sample variance of the S&P 500 index daily return instead of the sample
variance of the CRSP value-weighted index.
Notes: Unless otherwise stated, the dependent variable is the variance of the CRSP value-weighted daily
index return estimated quarterly from 1963 Q1 to 2006 Q4. Average correlation is the value-weighted
cross-sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the
500 largest (by market capitalization) exchange-traded stocks in the United States at the end of that
guarter. Average variance is the value-weighted cross-sectional average of the quarterly variance of daily
returns for the same 500 large stocks. The weights for both measures are determined by end-of-quarter
market capitalizations. Newey-West t-statistics with six lags are reported in brackets.



Table 3: Predicting stock market variance

Dependent variable: Variance of daily stock market returns estimated at t+1

1) 2) 3) 4) ) (6) () (8) 9)
Constant 0.002 0.002 0.003 0.003 0.002 0.001 0.002 0.002 0.001
[1.125] [2.055] [3.454] [3.510] [2.281] [0.505] [2.256] [2.227] [1.088]
Average correlation 0.014 0.005
[2.727] [1.759]
Average variance 0.144 0.136 0.167 0.181 0.126
[5.650] [5.450] [7.047] [6.411] [6.112]
(Average variance)* 0.263 -0.073
(Average correlation) [2.018] [0.793]
Stock market variance 0.318 -0.132
[2.124] [1.116]
GARCH(1,1) 0.382 0.127
[3.660] [1.499]
R? (%) 4.29 18.31 9.72 10.10 8.96 18.91 18.58 18.83 19.02
N 176 176 176 176 176 176 176 176 176

Notes: The dependent variable is the variance of the CRSP value-weighted daily index return estimated quarterly from 1963 Q2 to 2007 Q1. Average
correlation is the value-weighted cross-sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the 500 largest (by
market capitalization) exchange-traded stocks in the United States at the end of that quarter. Average variance is the value-weighted cross-sectional
average of the quarterly variance of daily returns for the same 500 large stocks. The weights for both measures are determined by end-of-quarter market
capitalizations. Stock market variance is the daily variance of the CRSP value-weighted index return, estimated quarterly. GARCH(1,1) is the in-sample
estimate of the conditional variance of the quarterly excess return for the stock market based on a model with a GARCH(1,1) specification for variance.
Newey-West t-statistics with six lags are reported in brackets.



Table 4: Predicting stock market excess returns

Dependent variable: Quarterly excess log return for the stock market at t+1

Constant

Average correlation
Average variance
Stock market variance
GARCH(1,1)

rem

cay

pd

rf

R* (%)
N

(1) 2)
-0.036  0.013
[2.162]  [1.301]
0.200
[3.105]

-0.083

[0.184]
4.84 0.03
176 176

3)
-0.032
[2.090]

0.227
[3.543]

-0.445
[1.633]

5.67
176

(4)*
-0.027
[1.848]

0.204
[3.374]

-0.428
[1.663]

5.22
176

(5)
0.130
[1.223]

0.185
[2.418]

-0.072
[0.125]

1.076
[0.532]

0.103
[1.409]

1.032
[2.131]

-0.035
[1.310]

-0.721
[2.284]

13.01
176

(6)
0.098
[0.924]

0.175
[2.404]

-0.055
[0.140]

1.762
[1.240]

0.098
[1.413]

1.073
[2.261]

-0.029
[1.111]

-0.658
[2.349]

13.37
176

*The dependent variable is the excess log return on the S&P 500 index.

Notes: The dependent variable is the quarterly log return for the CRSP value-weighted index minus the log
return for the three-month T-bill from 1963 Q2 to 2007 Q1. Average correlation is the value-weighted cross-
sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the 500 largest
(by market capitalization) exchange-traded stocks in the United States at the end of that quarter. Average
variance is the value-weighted cross-sectional average of the quarterly variance of daily returns for the same

500 large stocks for the same period. Stock market variance is the daily variance of the CRSP index,

estimated quarterly. GARCH(1,1) is the in-sample estimate of the conditional variance of the quarterly excess
return for the stock market based on a model with a GARCH(1,1) specification for variance. re,, is the lagged
dependent variable. The riskfree rate, rf, is the log three-month T-bill return. cay is from Lettau and Ludvigson
(2001). pd is the log price-dividend ratio for the S&P 500 index. Newey-West t-statistics with six lags are

reported in brackets.



Table 4 (cont.): Predicting stock market excess returns

Dependent variable: Monthly excess log return for the stock market at t+1

Constant

Average correlation
Average variance
Stock market variance
GARCH(1,1)

rem

cay

pd

rf

R* (%)
N

(1) 2)
-0.007  0.005
[1.635]  [1.840]
0.061
[2.655]

-0.055

[0.477]
1.26 0.05
528 528

(3)
-0.006
[1.415]

0.078
[3.433]

-0.192
[1.864]

1.79
528

(4)*
-0.005
[1.151]

0.069
[3.172]

-0.173
[1.679]

1.49
528

(5)
0.072
[2.290]

0.090
[3.085]

0.257
[1.098]

-0.862
[1.280]

0.039
[0.840]

0.306
[2.271]

-0.019
[2.252]

-0.338
[3.200]

5.25
528

(6)
0.057
[1.679]

0.060
[2.172]

0.005
[0.031]

0.735
[0.264]

0.046
[0.973]

0.321
[2.370]

-0.014
[1.634]

-0.282
[2.930]

5.08
528

*The dependent variable is the excess log return on the S&P 500 index.

Notes: The dependent variable is the monthly log return for the CRSP value-weighted index minus the log

return for the one-month T-bill from February 1963 to January 2007. Average correlation is the value-
weighted cross-sectional average of the pairwise correlation of daily returns for the previous three months for
all pairs of the 500 largest (by market capitalization) exchange-traded stocks in the United States at the end of
the period. Average variance is the value-weighted cross-sectional average of the variance of daily returns for
the same 500 large stocks for the same period. Stock market variance is the daily variance of the CRSP value:
weighted index return for the previous three months. GARCH(1,1) is the in-sample estimate of the conditional
variance of the monthly excess return for the stock market based on a model with a GARCH(1,1) specification
for variance. re,, is the dependent variable lagged one period. The riskfree rate, rf, is the log three-month T-bill

return. cay is from Lettau and Ludvigson (2001). pd is the log price-dividend ratio for the S&P 500 index.
Newey-West t-statistics with six lags are reported in brackets.



Table 5: Analysis of bias in predictive regressions with a persistent regressor

Excess log stock market return at t+1 = a + b*(Average correlation at t) + u(t+1)

Average correlation at t+1 = ¢ + d*(Average correlation at t) + v(t+1)

Original OLS coefficient estimates a b c d
-0.036 0.200 0.099 0.579
[2.162] [3.105] [7.243] [11.572]
Covariance and correlation estimates Covariance matrix Correlation (standard deviation)
u Vv u v
u 0.007 -0.003 u (0.082) -0.528
v 0.006 v (0.075)
Bias simulations d Puv Mean(bg;n|b=0) Std(bgjn|b=0) P(bs,>0.200|b=0)
0.596 -0.528 0.009 0.068 0.005
0.596 -1.000 0.017 0.067 0.007
0.749 -1.000 0.021 0.058 0.004
0.950 -1.000 0.026 0.035 0.001

Notes: The table reports results from simulations designed to address the potential for bias caused by a persistent regressor in predictive regressions with a small sample
(Stambaugh 1999). p,, is the correlation of the residuals from the two regressions. Following Baker, Taliaferro and Wurgler (2006) we select the following parameters for the
simulation: 1) d=0.596 is the bias-corrected estimate of d based on Proposition 4 in Stambaugh (1999), and 2) d=0.749 is the bias-corrected estimate plus three standard
errors. Using the relevant OLS estimates and the assumed values for d and p,,, we generate pseudodata for the full sample under the null that b=0 for each of 50,000
simulations. For every simulation we estimate b. The mean and standard deviation of the resulting distribution are reported in columns 3 and 4 of the bias simulations.
Column 5 reports the probability that a simulated estimate is larger than the original OLS for each set of simulation parameter values under the null hypothesis that b=0.
Since the simulated distribution is slightly positively skewed, these probabilities are larger than those for a normal distribution. Newey-West t-statistics with six lags are
reported in brackets.



Table 6: Predicting stock market excess returns during different sample periods

Dependent variable: Quarterly excess log return for the CRSP value-weighted index at t+1

Sample period Full sample 1963 Q2- 1985Q2- 1963Q2- 1974Q2- 1985Q2- 1996Q2- 1976 Q1- 1963 Q2-
1985 Q1 2007 Q1 1974 Q1 1985 Q1 1996 Q1 2007 Q1 2007 Q1 1989 Q4
Constant -0.036 -0.049 -0.023 -0.036 -0.136 0.024 -0.105 -0.037 -0.035
[2.162] [2.037] [0.930] [1.633] [2.418] [1.389] [3.592] [1.525] [1.898]
Average correlation 0.200 0.246 0.158 0.226 0.538 -0.013 0.458 0.208 0.188
[3.105] [2.350] [1.854] [1.887] [2.424] [0.240] [3.769] [2.376] [2.572]
R? (%) 4.84 5.85 3.51 6.07 10.56 0.03 19.01 5.12 4.10
N 176 88 88 44 44 44 44 125 107

Notes: The dependent variable is the quarterly log return for the CRSP value-weighted index minus the log return for the three-month T-bill for each particular sample
period. Average correlation is the value-weighted cross-sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the 500 largest
(by market capitalization) exchange-traded stocks in the United States at the end of that quarter. This cross-sectional average is value-weighted based on the end-of-
quarter market capitalizations. Newey-West t-statistics with six lags are reported in brackets.



Table 7: Predicting stock market excess returns at different frequencies

Dependent variable: Sum of monthly excess log returns for the CRSP index from t+1 to t+k

Forecast horizon (months) 1 3 6 9 12 18 24
Constant -0.084 -0.098 -0.0645 -0.038 -0.031 -0.027 -0.025
[ 1.551] [ 2.062] [1.576] [ 0.960] [ 0.806] [0.747] [ 0.700]
Average correlation 0.734 0.806 0.620 0.469 0.429 0.408 0.394
[ 2.467] [3.220] [2.905] [ 2.299] [ 2.223] [ 2.293] [ 2.424]
R? (%) 1.26 4.33 5.14 4.36 4.90 6.82 9.04
N 528 526 523 520 517 511 505

30

-0.013
[0.380]

0.326
[2.152]

8.33
499

Notes: The dependent variable is the sum of one-month log returns for the CRSP value-weighted index minus the one-month T-bill for k months. The sample
period of the monthly log excess returns is from February 1963 to January 2007. Average correlation is the value-weighted cross-sectional average of the
pairwise correlation of daily returns during each quarter for all pairs of the 500 largest (by market capitalization) exchange-traded stocks in the United States at
the end of that quarter. This cross-sectional average is value-weighted based on the end-of-quarter market capitalizations. All coefficient estimates are

annualized by multiplying them by 12/k. We use overlapping monthly observations with Hodrick (1992) t-statistics reported in brackets.



Table 8: Out-of-sample predictability of the quarterly excess log stock market return

Average Average Stock
Forecasting Variable: correlation variance market GARCH(1,1) cay rf pd

Test parameters: R=80,P =95, and n=1.19

Out-of-sample R? 3.337 -8.796 -27.071 -1.435 -0.795 0.048 -6.126
ARMSE 0.137 -0.351 -1.036 -0.058 -0.032 0.002 -0.246
Enc_New 4.123* 0.247 2.627* 1.289 5.897** 0.467 -1.018
MSE_F 3.487* -7.620 -20.186 -1.278 -0.683 0.112 -5.421

Test parameters: R =120, P =55, and n = 0.46

Out-of-sample R? 8.218 -9.920 -2.870 -4.005 3.514 -0.593 -11.056
ARMSE 0.342 -0.395 -0.116 -0.162 0.145 -0.024 -0.439
Enc_New 3.588%* -0.846 -0.147 -0.146 3.471%* 0.139 -1.614
MSE_F 4.958%* -4.936 -1.505 -2.089 2.035* -0.294 -5.448

*Significant at 5%. **Significant at 1%
Notes: Each column analyzes the forecasting properties of a variable for the quarterly log excess return on the CRSP index. Following Goyal and
Welch (2006), the forecasting power of each variable is compared to the forecasting power of the sample mean of the return using only information

available at the date of the forecast. A positive out-of-sample R% and a positive difference in root mean squared forecast error (ARMSE) indicate
superior forecasting ability compared to the historical sample mean. Following Clarke and McCracken (2001) and McCracken (2007), R is the
number of observations used to make the first pseudo-out-of-sample forecast and P is the number of such forecasts. We conduct two formal out-of-
sample predictability tests. Enc_New is the F-test value for forecast encompassing from Clarke and McCracken (2001) and MSE_F is the F-test
value for forecasting power from McCracken (2007). A significant value of either statistic (compared to the relevant asymptotic distribution for = = P/R
and k=1) indicates that the variable adds information to the forecast relative to the historical mean.

Average correlation is the value-weighted cross-sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the
500 largest (by market capitalization) exchange-traded stocks in the United States at the end of that quarter. Average variance is the value-weighted
cross-sectional average of the quarterly variance of daily returns for the same 500 large stocks. The weights in both of these measures are
determined by end-of-quarter market capitalizations. Stock market variance is the daily variance of the CRSP value-weighted index return, estimated
quarterly. GARCH(1,1) is the in-sample estimate of the conditional variance of the quarterly excess return for the stock market based on a model with
a GARCH(1,1) specification for variance. The riskfree rate, rf, is the log three-month T-bill return. cay is from Lettau and Ludvigson (2001). pd is the
log price-dividend ratio for the S&P 500 index.



Table 9: Predicting the covariance of the stock market with other assets

Stock-bond covariance

Stock-labor covariance

1) (2) (3 (4) 5) (6) (7) 8
Constant 0.036 0.072 0.054 0.050 -0.0001 0.0001 0.0001 0.0000
[0.967] [4.508] [3.481] [1.226] [0.783] [2.799] [2.953] [0.5317]
Average correlation -0.003 0.107 0.0005 0.0007
[0.014] [0.640] [1.7805] [2.1020]
Average variance -1.628 -1.799 -0.0013 -0.0024
[1.795] [2.505] [1.3938] [1.7421]
Stock market variance -3.841 -0.0080
[0.919] [1.3301]
R? (%) 0.00 5.62 3.55 6.19 1.46 0.33 1.33 2.45
N 176 176 176 176 176 176 176 176

Notes: For columns 1 to 4, the dependent variable is the stock-bond covariance estimated quarterly from 1963 Q2 until 2007 Q1. It is the sample
covariance of CRSP value-weighted daily index return and the daily return on 10-year US government bonds during quarter t+1. For columns 5 to
8, the dependent variable is the stock-labor covariance estimated quarterly from 1963 Q2 until 2007 Q1. It is the sum of products of the CRSP
value-weighted index log monthly excess return residuals and log monthly labor income growth residuals for the three months in quarter t+1.
These residuals are estimated from a one-step ahead linear forecast (additional details in text).

The table reports coefficient estimates for regressions of the two dependent variables on information known at the end of quarter t. Average
correlation is the value-weighted cross-sectional average of the pairwise correlation of daily returns during each quarter for all pairs of the 500
largest (by market capitalization) exchange-traded stocks in the United States at the end of that quarter. Average variance is the value-weighted
cross-sectional average of the quarterly variance of daily returns for the same 500 large stocks. The weights in both of these measures are
determined by end-of-quarter market capitalizations. Stock market variance is the daily variance of the CRSP value-weighted index return,
estimated quarterly. Newey-West t-statistics based on standard errors with six lags are reported in brackets.





