
 
 

 
 

 
ESSAYS ON EMPIRICAL ASSET PRICING 

 
 

by  
 
 

DUYGU ZIREK 
 
 
 
 
 
 
 
 
 
 
 
 

A dissertation submitted to the Graduate Faculty in Economics in partial 
fulfillment of the requirements for the degree of Doctor of Philosophy, The City 
University of New York  
 

2012 
                 



 
 

                     i 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

 
 

© 2012 
DUYGU ZIREK 

All Rights Reserved 
 
 
 
 



 
 

ii 
 
This manuscript has been read and accepted for the Graduate Faculty in Economics in 
satisfaction of the dissertation requirement for the degree of Doctor of Philosophy.  
 
 
 
 
__________________                      Professor K. Ozgur Demirtas__________________ 
  

   Date      Chair of Examining Committee 

 

__________________                       Professor Merih Uctum______________________ 
  

   Date       Executive Officer 

 

 

Professor K. Ozgur Demirtas__________________________________________ 

 

Professor Michael Grossman__________________________________________ 

 

Professor Thom Thurston_____________________________________________ 

Supervisory Committee 

 

 

THE CITY UNIVERSITY OF NEW YORK 

 

 

 

 

 



 
 

iii 

ABSTRACT 

ESSAYS ON EMPIRICAL ASSET PRICING 

by 

Duygu Zirek 

 

Advisor: Professor K. Ozgur Demirtas 

Essay 1: This paper examines the time-series predictability of aggregate stock returns in 20 

emerging markets. In contrast to the aggregate-level findings in US, earnings yield forecasts the 

time-series of aggregate stock returns in emerging markets. We consider aggregate earnings not 

as normalizing variables for stock price but as predictive variables in their own right. Aggregate 

earnings themselves covary with the market returns, hence it is not just the mean reversion of 

stock prices that is responsible for the forecasting power of earnings yield. These results are 

robust across different estimation methods and after controlling for small sample bias and 

macroeconomic variables. We argue that due to high levels of fundamentals' co-movement in 

emerging markets, the information content of firm-level earnings (unsystematic earnings) about 

future cash flows is not fully diversified away at the market level. Relevant literature shows that 

firm-level earnings are positively correlated with expected returns in US and this positive 

relationship remains significant only at the less diversified industry- level but disappears at the 

highly diversified US market level. Emerging markets are significantly less diversified compared 

to US. This explains the strong and robust predictive power of aggregate earnings in emerging 

markets. 
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Essay 2: This paper examines the forecasting power of earnings yield and aggregate normalized 

earnings in world markets. 48 countries have been ranked according to the stock price 

synchronicity and diversification measures, obtained by utilizing daily firm-level data for each 

country. There is a statistically significant relationship between aggregate earnings and one 

quarter ahead expected stock returns for more synchronous and less diversified countries as 

opposed to less synchronous and more diversified countries. We argue that due to high levels of 

fundamentals' co-movement in highly synchronous and less diversified markets, the information 

content of firm-level earnings (unsystematic earnings) about future cash flows is not fully 

diversified away at the aggregate level. Our results remain robust after controlling for macro 

variables, such as consumer price index and discount rates. 
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Part I

Aggregate Earnings and
Expected Stock Returns in
Emerging Markets
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1.1 Introduction

Forecasting aggregate returns using cash-�ow variables scaled by the price

has been a center of attention in the asset pricing literature. Academics

identify variables such as earnings yield (E/P), dividend yield (D/P), and

book-to-price (B/P) as cash-�ow to price ratios that are expected to identify

the expected market returns. The literature starts with early studies such

as Roze¤ (1984), Shiller (1984), Fama and French (1988a, 1989), Campbell

and Shiller (1988, 1989), and Hodrick (1992), and continues with Kothari

and Shanken (1997), Ponti¤ and Schall (1998), Lamont (1998), and Bali,

Demirtas, and Tehranian (2008).

All of these studies focus on the US market. Shiller (1984) and Fama and

French (1988a, and 1988b) used both dividend yield and earnings yield as

predictive variables at the aggregate level, and interestingly, they found that

earnings yield has weak or no predictive power compared to the dividend

yield. Their assumption was that aggregate earnings for the US market is

a noisy measure of future cash �ows, and therefore, this noise weakens the

forecasting power of earnings yield, though they do not test this assumption

explicitly. However, Lamont (1998) has a di¤erent opinion about the weak

predictive power of aggregate earnings yield. Lamont (1998) argues that any

cash-�ow to price ratio may predict future aggregate returns either because

there is mean reversion in aggregate stock market level (hence price in the

denominator negatively covaries with the future stock returns) and/or cash-

�ow proxy in the numerator is a clean proxy for expected future cash-�ows

(hence it positively covaries with future stock returns). Therefore, as long

as the cash-�ow proxy is positively related to future returns and the price is

negatively related to future returns, their predictive powers are not o¤setting,

hence the cash-�ow to price ratio signi�cantly positively covaries with the
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expected returns.

Consequently, Lamont (1998) considers the predictive power of aggregate

earnings and price separately, and �nds that both the level of earnings and

price is negatively related to future market returns. He argues that the level

of earnings is a good measure of current business conditions. Risk premia

on stocks covary negatively with current economic activity: investors require

high expected returns in recessions, and lower expected returns in booms.

Since earnings vary with economic activity, current earnings is negatively

related to future returns. Moreover, P is negatively correlated with future

returns due to mean-reversion in stock prices. Therefore, Lamont (1998)

concludes that earnings yield (E/P) fails to forecast aggregate stock returns

because both earnings (E) and price (P) covary negatively with expected

returns and their forecasting powers are o¤setting.

However, Bali, Demirtas, and Tehranian (2008) reversed this seemingly

basic explanation of Lamont (1998) regarding the weak or no predictive power

of earnings yield. They show that the �ndings of Lamont (1998) are data

and sample speci�c, and that the level of aggregate earnings has no predictive

power. Since aggregate earnings act as noise, earnings yield has no predictive

power in US markets, despite the strong mean-reversion in stock markets.

Bali, Demirtas, and Tehranian (2008) argues that �rm-level earnings have

systematic and �rm-speci�c (idiosyncratic) components. Although the �rm-

speci�c earnings is good proxy for future cash-�ows (hence has a predictive

power), the cash-�ow information in earnings diversify away by aggregation,

and all we are left with at the aggregate level is the systematic earnings which

do not have much meaningful information about the expected future cash

�ows. Bali, Demirtas, and Tehranian (2008) backed these results by showing

that the level of earnings has signi�cantly positive predictive coe¢ cients at
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the �rm-level regressions and some speci�c industry levels, however, this

predictability gets washed away at the general industry levels and at the

market level.

In this paper, we examine the time-series predictability of aggregate stock

returns in 20 emerging markets. We argue that at the aggregate level emerg-

ing markets would behave di¤erently than the US market which is a devel-

oped market. In emerging markets, there are low numbers of industries and

stocks are very much correlated. Therefore, the synchronicity of stocks in

emerging markets prohibits the diversi�cation of �rm level cash- �ow infor-

mation in earnings, when these �rm-level earnings are aggregated to form the

market-level earnings. Thus, we argue that aggregate level earnings may still

contain information about expected future cash-�ows. If this is the case, we

would expect earnings yield to forecast future returns in emerging markets

contrary to US. Indeed, we �nd that in contrast to the aggregate-level �nd-

ings in US, earnings yield forecasts the time-series of aggregate stock returns

in emerging markets.

However, this signi�cant forecasting power of earnings yield may very well

be a result of stronger mean reversion in emerging stock markets (i.e., price

in the denominator may be responsible for the forecasting power). Therefore,

one of the main contribution of this study is to consider aggregate earnings

not as normalizing variables for stock price but as predictive variables in their

own right. Using the Campbell-Shiller log linear decomposition framework,

we used normalized earnings and normalized stock price as separate right

hand side variables. We show that aggregate earnings themselves covary

with the market returns, hence it is not just the mean reversion in stock

prices that is responsible for the forecasting power of earnings yield.

Speci�cally, we �rst use dividend yield and earnings yield in pooled panel
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data regressions to forecast quarterly emerging markets returns. Further-

more, we used �xed e¤ects regressions which are e¤ectively stacked time-

series regressions. Regardless of the methodology, we showed that in con-

trast to the US markets, earnings yield signi�cantly positively covaries with

expected returns in emerging markets. Next, normalized variables are con-

structed similar to the relevant literature, and hence the predictive power of

earnings yield in emerging markets is decomposed into the predictive power

of aggregate earnings and that of the price. We show that aggregate earnings

has predictive power in their own right and is positively related to future mar-

ket returns and price is negatively related future market returns indicating

the strength of mean reversion.

Moreover, these �ndings are robust when we control for the macroeco-

nomic variables such as default premium, stochastically detrended riskless

rate, fed rate, and the term premium. Furthermore, even though the pro-

hibitively low number of aggregate observations in emerging markets is over-

come by the use of panel setting, statistically speaking, we still may have

the problem of small sample bias in predictive regressions. To overcome this

problem, we further used simulations in the form of bootstrapping and ran-

domization and showed that even after controlling for the small sample bias

our �ndings remain intact.

The remainder of the paper is organized as follows. Section 1.2 presents

the motivation and framework. Section 1.3 explains the data construction

process and provides summary statistics. Section 1.4 presents the empirical

results. Section 1.5 concludes the paper.
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1.2 Motivation and Framework

How does one-period expected return relate to the mean reversion in stock

prices as well as the discounted expected cash-�ows? To answer this ques-

tion, we need a framework that relates one period ahead expected returns

to in�nite stream of expected future cash �ows, and expected future dis-

count rates beyond the �rst period ahead. Log linear decomposition of stock

prices by Campbell and Shiller (1988, and 1989) is a convenient framework to

understand the determinants of expected returns. In the log linear approx-

imation, we �rst write log stock returns as a function of the end of period

price, dividend paid during the period and the beginning of the period price,

such that,

ri;t+1 = log(Pi;t+1 +Di;t+1)� log(Pi;t); (1)

where D i;t+1 denotes dividends for �rm i paid during period t+1, and P i;t+1

is the stock price at the end of period t+1. In this setting, raw variables

are represented by uppercase letters and log variables are presented in low-

ercase letters. After using a �rst-order Taylor series expansion on the return

equation we obtain,

pi;t = K + Et

 1X
j=0

!j(1� !)di;t+1+j

!
� Et

 1X
j=0

!jri;t+1+j

!
; (2)

where K is a linearization constant and ! is a constant discount factor close

to one. Indeed ! is a function of aggregate dividends. As shown by Campbell

and Shiller (1988, 1989) ! is speci�cally given by 1

1+ed�p
, where d� p is the

average log dividend yield in the data. By using a simple algebraic move, we
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can write the one period expected returns as:

Et (ri;t+1) = �pi;t + Et

 1X
j=0

!j(1� !)di;t+1+j

!
� Et

 1X
j=1

!jri;t+1+j

!
+K:

(3)

Equation (10) gives us a clear relationship between one period ahead expected

returns, current price (.i.e., index for the market), expected future cash-�ows,

and expected future discount rates. Equation (10) makes it clear that there is

an inverse relation between price and one period ahead expected returns. We

denote the second term on the right hand side of equation (10) as pcash�flow,

which is the expected sum of future discounted dividends. The third term is

denoted by pdiscount, which is the discounted sum of future returns starting

next period. In summary, we learn that controlling for the index level, one

period ahead expected market returns can be explained by variables that

proxy for pcash�flow and/or pdiscount:

In the earlier literature, when academics use log dividend yield or log

earnings yield as predictive variables, the inherit assumption was that earn-

ings or dividend yield will proxy for pcash�flow in the above equation, and

hence will be positively related to the one period ahead expected returns,

moreover, the price proxy for the mean-reversion e¤ect (i.e., it will proxy

for itself), and hence will be negatively related to expected returns. Conse-

quently, when one use earnings or dividend yield in predictive regressions,

the numerator (denominator) of the cash-�ow to price ratio is supposed to

be positively (negatively) related to one period ahead expected returns. Of

course both earnings and dividends are just imperfect proxies for pcash�flow.

Earlier literature blame earnings for the missing foracasting power of earn-

ings yield. They argue that earnings should be a poor proxy for pcash�flow,

however, as mentioned before these earlier studies do not explicitly test for
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this hypothesis. Lamont (1998), on the other hand, argues a totally di¤erent

explanation for the poor forecasting power of aggregate earnings yield. He

presents equation (10) as:

Et (ri;t+1) = �(pi;t � ni;t) + (pcash�flowi;t
� ni;t)� pdiscounti;t

+K; (4)

where ni;t is a normalization factor used to create stationary right-hand side

variables. Equation (11) helps us disentangle di¤erent forecasting powers of

the numerator and the denominator of a cash-�ow to price ratio, by using

the normalized stock price and the normalized cash �ow proxy (i.e., normal-

ized earnings or dividends) as the right-hand side variables. In the classical

regression setting, where one period ahead returns are regressed on the earn-

ings yield or the dividend yield, the coe¢ cient estimate of the price and the

cash-�ow proxy is restricted to be the same. However, in the above setting,

the coe¢ cients of the stock price and the cash �ow proxy are not restricted

to be the same. Lamont (1998) argues that aggregate dividends proxy for

pcash�flow and aggregate earnings are positively correlated with business cy-

cle �uctuations. He �nds that normalized earnings of the S&P Composite

Index as well as the normalized price (i.e., normalized index level) have nega-

tive coe¢ cients in predictive regressions, whereas normalized dividends have

a positive coe¢ cient. Thus, subtracting earnings from price (i.e., using earn-

ings yield as a predictive variable) masks the relation between earnings yield

and expected returns. In other words, Lamont (1998) does not argue that the

aggregate earnings is a poor proxy of pcash�flow, rather he argues that earn-

ings move with the business cycle (i.e., earnings possibly proxy for pdiscount)

hence are signi�cantly related to future returns but in a negative way. Fi-

nally, Bali, Demirtas and Tehraninan (2008) argue that results of Lamont
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(1998) are a side-e¤ect of the speci�c data and time-period he considers.

Bali et. al. argue that aggregate earnings indeed does not contain any infor-

mation about pcash�flow, hence it masks the mean reversion e¤ect such that

aggregate earnings yield has no forecasting power. In summary, we currently

know that in US markets E/P has no forecasting power even when there is

a signi�cant mean-reversion e¤ect, and the reason is that aggregate earnings

is just noise and do not contain information about future cash �ows.

In this study, we examine the aggregate earnings and price in emerging

markets. Although we have no speci�c reason to believe that there may

be a di¤erent mean-reversion e¤ect in emerging markets, we believe that

aggregate earnings in emerging markets may contain more information about

expected future cash �ows. It is argued in the literature that �rm-level

earnings are strong forecasters of time-series returns. The reason is that �rm

level earnings contain information about expected future cash �ows (i.e.,

they are correlated with pcash�flow), and this information diminishes away

once these earnings are aggregated to obtain market level earnings. The

diversi�cation forces are not strong enough at some industry level, hence

there is still some predictability. However, at more general industry levels

and at the market level, diversi�cation of cash-�ow information is at its full

force, hence aggregate earnings is just noise.

In emerging markets, contrary to the US market, there are fewer num-

ber of industries and stocks�comovements are much more signi�cant, which

means that correlation between stocks are higher (i.e., idiosyncratic volatility

is lower in emerging markets).1 ;2 Consequently, we argue that aggregate earn-

1Roll(1992) and Morck et al.(2000) shows the �Her�ndahl Index�which is a measure
of the industry concentration in a market, is higher for emerging markets where markets
are less diversi�ed.

2Using several measures, Morck et al.(2000) and Jin and Myers(2006) provide evidence
that there is more stock return synchronicity in emerging markets.
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ings in emerging markets may contain information about pcash�flow, which

may cause earnings yield to be a signi�cant forecaster of future returns..

However, the �nding that earnings yield has stronger forecasting power in

emerging markets does not necessarily mean that aggregate earnings them-

selves covary with expected returns in emerging markets. We may just have

a stronger mean reversion in emerging markets. Therefore, by utilizing the

dynamic growth model of Campbell and Shiller (1988, 1989), we use pooled

and �xed-e¤ects panel data regressions to examine the predictability at the

�rm-level. A predictive regression for the country returns in a �xed-e¤ects

setting can be demonstrated as:

rj;t+1 = aj + �Xj;t + �j;t+1; (5)

where rj;t+1 is the log excess return for country j at time t+1 (j = 1; 2; :::; 20),

and Xj;t is a vector of predictive variables which are in the information set

as of time t. In a �xed e¤ects setting the intercepts (aj) are estimated

separately for each country j, which distinguishes �xed e¤ects panel data re-

gressions from pooled panel data regressions where the intercept is the same

for each country. Therefore, pooled panel data regressions can be viewed as

stacked time-series regressions as well as stacked cross-sectional regressions.

However, estimating intercepts separately is equivalent to demeaning each

country level data and ensures that each country�s error term is orthogonal

to the explanatory variables for that stock. Thus, �xed-e¤ects panel data

regressions are equivalent to stacked time-series regressions. Since our main

focus will be on the time-series relation between aggregate earnings and ex-

pected returns, �xed e¤ects regressions are important for our goal. However,

even though panel regressions (�xed-e¤ects or not) gives us bigger degrees
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of freedom (i.e., a larger number of observations), these regressions may still

su¤er from small sample bias. Coe¢ cients may be biased and t-statistics may

be in�ated.3 Hence simulations should be used to obtain unbiased p-values.

We address this issue later in the paper.

1.3 Data

1.3.1 Data Set

Our data set consists of 20 emerging markets which are listed under the Mor-

gan Stanley Capital International (MSCI) Emerging Markets Index and the

Financial Times and London Stock Exchange (FTSE) Group Emerging Mar-

kets Index as of January, 2009.4 Our panel data includes 20 countries that

are available at DataStream out of 22 emerging markets which are covered

by both indices: Argentina, Brazil, Chile, China, Colombia, Czech Republic,

Hungary, India, Indonesia, Malaysia, Mexico, Pakistan, Peru, Philippines,

Poland, Russia, South Africa, Taiwan, Thailand, and Turkey.5

3Note that the in�ation in t-statistics due to small sample bias is a di¤erent problem
than the upward bias in signi�cance levels due to contemporaneous correlation in error
terms. Both of these issues will be tackled separately later in the paper.

4The MSCI Emerging Markets Index is a free �oat-adjusted market capitalization in-
dex that is designed to measure equity market performance of emerging markets. As
of January, 2009 it consisted of indices in 24 emerging economies: Argentina, Brazil,
Chile, China, Colombia, Czech Republic, Egypt, Hungary, India, Indonesia, Israel, Korea,
Malaysia, Mexico, Morocco, Pakistan, Peru, Philippines, Poland, Russia, South Africa,
Taiwan, Thailand and Turkey.
The FTSE Group lists 22 emerging markets in total. It distinguishes between Ad-

vanced and Secondary Emerging Markets on the basis of their national income and the
development of their market infrastructure. Brazil, Hungary Mexico, Poland, South Africa
and Taiwan are listed under Advanced Emerging markets and Argentina, Chile, China,
Colombia, Czech Republic, Egypt, India, Indonesia, Malaysia, Morocco, Pakistan, Peru,
Philippines, Russia, Thailand and Turkey are listed as Secondary Emerging Markets.

5Total market index data (TOTMK ) for Egypt and Morocco are not available at DataS-
tream.
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The sample period ranges from 1977:Q2 to 2009:Q3, yielding an unbal-

anced panel data with a total of 1,176 quarters, where the last �ve years

of data were available for each country. On average there are 59 quarters

per country; South Africa has the longest sample period with 130 quarters,

whereas Brazil has the shortest with 25 quarters.

1.3.2 Construction of Variables

For each market, the total market index of DatastreamGlobal Index (TOTMK

item of Datastream) is used as the national market index.6 We obtain the

daily returns which are continuously compounded including reinvested div-

idends, price index, dividend yields and earnings yield from Thompson Fi-

nancial�s Datastream in local currencies calculated at the index level. The

TOTMK series of Datastream is a value-weighted index where weightings

are allocated on the basis of market capitalization. We obtain the one-month

Treasury bill returns for US from the Ibbotson Associates.

Quarterly returns are constructed by compounding daily returns. Quar-

terly price index, dividend yield and earnings yield is obtained using end of

quarter values. Log excess return (ri;t�rf;t) is computed as the quarterly log
return in excess of the one-month US Treasury bill rate compounded within

quarter t. RRELt is the stochastically detrended riskless rate de�ned as the

end of quarter 3-month T-bill rate minus its twelve-month backward moving

average. Log dividend yield (di;t�pi;t) is the log of the ratio of sum of the

past year�s total dividends to price and log earnings yield (ei;t�pi;t) is the log
of the ratio of sum of the past year�s total earnings to price.

6In DataStream, indices are calculated on a representative list of stocks for each market.
The number of stocks for each market is determined by the size of the market. The sample
covers a minimum of 75 - 80% of total market capitalization. For more information about
the construction of the market index, see the DataStream Global Equity Indices Manual.
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To disentangle the individual e¤ects of price, dividends and earnings, fol-

lowing Lamont (1998), we compute log normalization variables. To be able to

compare our emerging market results with US studies, we use log of the aver-

age of the past �ve years of annual earnings per share, (calculated as the sum

of the past 20 observations of quarterly earnings per share divided by �ve),

as the normalization variable. The main goal of the normalization variable

is to create stationary variables. Our choice of this speci�c normalization

variable exactly follows the literature.7

1.3.3 Summary Statistics

Table I shows the descriptive statistics of the market level data. Mean,

standard deviation, minimum and maximum values, quartiles, skewness and

kurtosis are reported for the data set. Panel A reports the summary statistics

which are computed as the averages of each country�s time-series statistics.

Panel B shows summary statistics, computed from the pooled panel data.

Regardless of the estimation methodology dividend yield is more volatile

than the earnings yield and as shown by the standard deviations of normal-

ized earnings and normalized dividends, higher volatility of the normalized

dividend yield is due to higher volatility of dividends. This �nding lowers

our expectation of the predictive power of earnings. Therefore, we will see

whether lower variability in normalized earnings is related to the time-varying

expected returns.

7We should note that relevant literature shows that several other normalization vari-
ables create similar results in US.
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1.4 Empirical Results

1.4.1 Forecasting Market Index Return with Value-to-Price Ra-

tios

To test whether value-to-price ratios can predict one-quarter ahead market

returns in emerging countries, we use both pooled panel data regressions

and �xed e¤ects regressions. As mentioned earlier, in pooled regressions

the intercept as well as the slope coe¢ cients are the same for each country.

Since we are not demeaning the data at the country level when running

pooled regressions, cross-sectional relation and the time-series relation will

be re�ected in the results. We use the following pooled panel data regression

setting to generate the results presented in Panel A of Table II:

rm;t+1 = a+ �Xm;t + "m;t+1; (6)

where rm;t+1 is the log raw returns on the market portfolio at time t+1, Xm;t

is the set of predictive variables such as log of earnings yield, log of dividend

yield, log of dividend payout ratio, log of raw returns on the market portfolio

and stochastically detrended riskless rate.

As stated by Campbell (1991) and Hodrick(1992) stochastically detrended

riskless rate may be an important variable in determining the expected re-

turns. On the other hand, the lagged dependent variable is added as a control

variable, since persistent dependent variables may result in a spurious regres-

sion as addressed by Ferson, Sarkissian and Simin (2003).

In order to correct for the contemporaneous cross-sectional correlation

of error terms problem, we use Rogers�(1983, 1993) method for computing

standard errors in the existence of heteroscedasticity and contemporaneous
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cross-correlations. In a panel data setting, the variance covariance matrix

of the error terms can be viewed as a combination of small variance covari-

ance matrices of each country. And aside from the autocorrelation of the

error terms within each country, there is a contemporaneous cross-sectional

correlation. If this problem is uncorrected, it can in�ate the t-stats by a

signi�cant amount. In the above equation, the slope coe¢ cient (�) along

with its clustered standard errors determines whether there is a signi�cantly

positive or negative relation between the value-to-price ratios and expected

returns at the market level.

In Panel A of Table II, the �rst and third row indicates the univariate

forecasting powers of earnings yield and dividend yield. Both dividend yield

and earnings yield is highly signi�cant and has a positive coe¢ cient in pre-

dicting expected returns at the aggregate level (with a t-stat of 3.77 and 3.25

respectively). In the second and fourth row adding the lagged return and the

relative T-Bill rate increase the explanatory power by a signi�cant amount,

but these two variables have no forecasting power for the total market return

in emerging markets. In order to compare emerging markets �ndings with

Lamont (1998)�s �nding in US, following Lamont (1998), we also look at the

univariate forecasting power of dividend payout ratio.8 The coe¢ cient of

dividend payout ratio in row 5 is close to zero (0.011) with a t-stat of 1.1.

This �nding is contrary to the �ndings in US. The lack of predictive power

of dividend payout ratio may be due to dividends and/or earnings actings

as a noise. Another possible explanation is that the forecasting powers of

dividends and earnings are o¤setting.

8Lamont (1998) �nds dividend payout ratio as a positive and signi�cant predictor of
excess market returns in US. He argues the positive forecasting power of dividend payout
ratio is due to the negative relation between the aggregate earnings in the denominator and
the expected stock returns as well as the positive relation between the aggregate dividends
in the numerator and expected stock returns.
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Seventh row shows that both dividend yield and earnings yield have pos-

itive and highly signi�cant coe¢ cients in predicting expected stock returns

in a bivariate setting. Adding the control variables in the last row, does

not a¤ect the results, earnings yield and dividend yield remains as strong

predictors of the market return with a t-stat of 3.33 and 2.82, respectively.

In Panel B of Table II we use �xed-e¤ects panel data regressions:

rj;t+1 = aj + �Xj;t + �j;t+1; (7)

where rj;t+1 is the log return for country j at time t+1 (j = 1; 2; :::; 20). Earn-

ings yield, dividend yield, and dividend payout ratio are used as independent

variables and lagged return and RREL are used as control variables. Simi-

lar control variables are used in predictive regressions by Campbell (1991),

Ferson and Harvey (1991), and Bali, Demirtas, and Levy (2008, 2009). As

stated previously, the distinguishing point in the equation above is that the

intercepts (aj) are estimated separately for each country j. Estimating in-

tercepts separately is equivalent to demeaning each country level data and

ensures that each country�s error term is orthogonal to the explanatory vari-

ables for that country. Thus, in �xed-e¤ects panel data regression setting,

the results re�ect the time-series relation between the dependent variable and

the independent variables.

The �rst and second rows in Panel B of Table II show the univariate

regressions of the one-period ahead aggregate stock returns on earnings and

dividend yield. Both earnings and dividend yield are positively correlated

with the time-series of future stock returns, with a t-stat of 3.53 and 3.12,

respectively. The second and fourth row shows that adding the lagged return

and relative T-Bill rate does not change the signi�cance of the variables; in

fact the t-stats of earnings and dividend yield rise to 4.77 and 3.93, respec-
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tively. Similar to the �ndings in Panel A, �xed e¤ect regressions con�rm

that dividend payout ratio has no forecasting power for the aggregate stock

return in emerging markets. The coe¢ cient of dividend payout ratio in row

5 and 6 is close to zero (0.014 and 0.015) with a t-stat of 1.1. Row 7 shows

that earnings yield continues to be a signi�cant predictor of aggregate-level

stock returns in the presence of dividend yield. Furthermore, in the last re-

gression, after introducing the control variables, there is still a highly positive

and signi�cant relation between earnings yield and expected returns at the

aggregate level with a t-stat of 3.00.

We �nd that earnings yield has a signi�cant predictive power for expected

stock returns. Either the mean-reversion in stock prices alone drives the

forecasting power of earnings yield and/or aggregate earnings are positively

correlated with expected stock returns in emerging markets as opposed to

US. Next section examines the source of this �nding by using normalized

variables.

1.4.2 Forecasting Market Index Return with Aggregate Normal-

ized Variables

In this section, we consider aggregate earnings and dividends not as normal-

izing variables for price but as predictive variables in their own right. Table

III shows parameter estimates from the predictive regressions using scaled

prices, dividends, and earnings. Panel A reports the results of pooled panel

data regressions and Panel B reports the �xed e¤ects regressions.

The �rst row of Panel A shows that the scaled price has a negative and

signi�cant coe¢ cient, indicating the presence of mean-reversion at the index

level in emerging markets. In Row 2, scaled price remains negative and signif-

icant after controlling for the lagged return and the relative T-Bill rate. Row
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3 is one the benchmark regressions of this study, where the decomposition

equation is implemented. In the classical regression setting, where one period

ahead returns are regressed on the earnings yield or the dividend yield, the

coe¢ cient estimate of the price and the cash �ow proxy is restricted to be

the same. However, in the setting shown in equation (4), the coe¢ cients of

the stock price and the cash �ow proxy are not restricted to be the same. In

the third row, scaled dividends has a positive and signi�cant coe¢ cient with

a t-stat of 2.66 and scaled aggregate earnings has a positive and signi�cant

coe¢ cient with a t-stat of 2.89, implying that both scaled aggregate variables

are proxies for expected future cash �ows (pcash�flow ) in equation (4). On

the other hand, scaled price has a negative and signi�cant coe¢ cient with a

t-stat of -3.75, implying the strong mean reversion in emerging markets. The

strong predictive power of scaled price, scaled dividends and scaled earnings

are robust to the addition of the control variables in the last row. They

remain highly signi�cant at 1% level.

Panel B of Table III presents the slope coe¢ cients and clustered t-statistics

using the �xed e¤ects panel data regressions. The results in the �rst row of

Panel B indicate that scaled stock price has a negative and signi�cant coef-

�cient in a univariate setting. The mean reversion in emerging markets is

robust to adding control variables as shown in the second row. The bench-

mark regression in Row 3 indicates that conditional on dividends and price,

earnings are still positively correlated with future stock returns. This sug-

gests that aggregate earnings contain information about the time-series of

expected future cash �ows beyond dividends. The last row shows that the

results in the third row are robust to the addition of control variables. In Row

4, the scaled price has a negative coe¢ cient with a t-stat of -5.24 implying

strong mean reversion in the time-series of aggregate returns. The aggregate
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dividends predict the stock returns with a t-stat of 3.00. Most importantly,

as opposed to US �ndings, aggregate earnings positively covaries with the ag-

gregate returns in emerging markets. The positive relation between earnings

and future stock returns implies that current aggregate earnings in emerging

markets proxy for expected future cash �ows (i.e., (pcash�flow ) in equation

(4)).

Overall, the results in Panel A and Panel B show that the positive pre-

dictive power of �rm level earnings can be brought to the aggregate level, if

markets are less diversi�ed as in the case of emerging markets. The market

portfolios in emerging markets which are analog to Bali et al. (2008)�s less

diversi�ed 48-industry portfolios in US, are not diversi�ed enough to wash

out the information content of �rm-level earnings about future cash �ows.

1.4.3 Comparison to US Market

We have so far showed how earnings yield and aggregate earnings in their

own right predict the expected stock returns at the market level in emerging

markets. In order to have a better idea about how emerging markets di¤er

from US, we also present the similar regressions for US.

In order to be consistent with the data source, we used TOTMK series

of Datastream in our US analysis.9 The sample period for the time series

regressions in US is from 19977:Q2 to 2009:Q3. We used the same time

period in our emerging markets analysis, therefore any di¤erence between

the results cannot be attributed to di¤erence in sample period.

Panel A of Table IV presents the results of predictive regressions using

lagged return, dividend yield, and earnings as well as the lagged return and

9The correlation between the value-weighted index return (with dividends) of CRSP
and the TOTMK(US) market index return of Datastream (with dividends) is above 99%.
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relative T-Bill rate as control variables. The standard errors are using Newey-

West (1987) methodology. The �rst row of Panel A shows that earnings

yield does not have a predictive power for the expected stock returns. We

conclude that adding the control variables in the second row does not change

the results; unlike the emerging markets dividend yield and earnings yield

cannot predict future returns in US.

Lamont (1998) indicates that (E/P) fails to forecast aggregate stock re-

turns in US because forecasting powers of earnings (E) and price (P) are

o¤setting. We investigate if this was the reason of the failure of earnings

yield in predicting stock returns in Panel A. Panel B of Table IV shows the

parameter estimates from the predictive regressions using scaled prices, div-

idends, and earnings. In Row 1, the scaled price has a negative coe¢ cient

indicating mean reversion, however it is statistically insigni�cant. Aggre-

gate dividends can positively predict one quarter ahead stock returns at 10%

signi�cance level. As opposed to Lamont�s �ndings in US, we �nd aggre-

gate earnings has a positive coe¢ cient but it is not statistically signi�cant.10

Adding the control variables in the second row, does not a¤ect the results,

aggregate earnings has no predicting power for market returns in US.

1.4.4 Small Sample Bias Correction

It is well known that there is a small sample bias in predictive regressions.

Stambaugh (1999) shows that in predictive regressions, where a future re-

10Lamont (1998)�s sample period is 1947Q1:-1994Q4, and his market index for US is
S&P 500 Composite Index. Bali et al. (2008) extends his sample period to 1947:Q1-
2002:Q4, and shows that unlike Lamont (1998) the coe¢ cient of aggregate earnings is
positive and insigni�cant once the sample period is extended. To save space, we do not
show the empirical �ndings obtained from the extended sample periods 1947:Q1-2009:Q3
and 1977:Q2-2009:Q3 for the S&P Composite Index. Our results are similar to Bali et al.
(2008)�s results, aggregate earnings has a positive but insigni�cant coe¢ cient in predicting
aggragate returns in US. They are available upon request.
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turn is regressed on lagged variables, the error terms of the regression are

correlated with the regressors�innovations. Therefore, the expectation of the

regression disturbance conditional on the future values of regressors no longer

equals zero. Consequently, both the coe¢ cient estimates and the signi�cance

levels are biased.

The small sample bias is a function of the bias of the autoregressive

coe¢ cients of the independent variables, the correlation between the error

terms, and the sample size. The sign of the bias depends on the sign of

the correlation between the error terms. If the regression disturbance is

positively (negatively) correlated with the regressor�s innovation, there is

a negative (positive) bias. In this paper, we utilize regressions of returns

on value to price ratios and normalization variables. Although we do not

su¤er from small number of observations, we do know that our explanatory

variables are highly persistent (both value to price ratios and normalization

variables). Hence, corrections should be done as a robustness check.

Therefore, we consider the randomization technique of Nelson and Kim

(1993) to correct for the small sample bias. We run each one of our predic-

tive regressions, record the residuals, and estimate a �rst-order autoregres-

sion for the independent variables (normalized earnings and value to price

ratios). We then randomize the residuals of the �rst-order autoregression to

create pseudo-independent variables and returns that have similar time-series

properties as the actual series but have been generated under the null of no

predictability. We should note that the pseudo stock return is generated as

the unconditional mean plus the randomized error term and in each simula-

tion, residuals from the predictive regression and the autoregressions for the

independent variables are randomized simultaneously, hence the correlation

that drives the Stambaugh bias is preserved. We repeat this randomization
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procedure 1,000 times for each regression and create the empirical distrib-

ution of the coe¢ cient estimates. We then estimate the small sample bias

adjusted coe¢ cient estimates and p-values. Small sample bias adjusted p-

values are computed as the percentage of times the simulated t-statistics are

higher than the sample t-statistics. For example, p-value of 0.995 (0.005)

shows that the coe¢ cient is negative (positive) and signi�cant at the 1%

level. However, for comparability we convert p values of negative coe¢ cients

to 1 minus that value (i.e., 0.995 is presented as 0.005).

Table V shows small sample bias adjusted parameter estimates and bias

adjusted one-sided p values. Panel A shows that even after bias adjustment,

earnings yield is signi�cant at the 1% level. More importantly, Panel B shows

that even though bias adjustment slightly decrease the coe¢ cient estimates,

there is still a positive and signi�cant relation between aggregate earnings

and expected returns in emerging markets. Hence, we conclude that our

�ndings are robust to small sample correction.

1.4.5 Controlling for Macro Economic Variables

Table VI uses three additional control variables. These control variables are

used to make sure that our results are not a¤ected by model misspeci�cation,

we add a set of control variables (Xt) that are expected to have an empir-

ical relation with the market return in emerging markets. There is a large

body of literature indicating that the aggregate returns can be predicted by

macroeconomic variables associated with business cycle �uctuations. Mer-

ton�s (1973) ICAPM also indicates that hedging demand components identify

time-series of expected returns.

Following the relevant literature, we use Default Premium (DEF), Term

Premium (TERM), and Federal Reserve Rate (FED) as additional controls.
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DEF is the change in the default spread calculated as the daily change in

the di¤erence between the yields on BAA- and AAA-rated corporate bonds.

TERM is the change in the term spread calculated as the daily change in the

di¤erence between the yields on the 10-year Treasury bond and one-month

Treasury bill. As de�ned earlier RREL is the detrended riskless rate de�ned

as the yield on the one-month Treasury bill minus its backward moving aver-

age.11 Finally, we include the lagged return on the aggregate index to control

for the serial correlation in quarterly index returns.

Panel A of Table VI shows estimation results for the value to price ratios

and Panel B shows the estimation results for normalized variables. The �rst

and second regressions in Panel A and Panel B are repeated for comparability

purposes. As seen in these regressions, addition of control variables causes

R-squares to go up. The coe¢ cient estimates of earnings yield increase from

0.034 to 0.040 when lagged return and RREL is added to the regressions and

to 0.042 when full set of controls are used. More importantly, normalized

earnings do not lose any signi�cance. There still is a positive and signi�cant

relation between aggregate earnings and expected returns.

1.5 Conclusion

We examine the relationship between aggregate earnings and expected re-

turns in emerging markets. We consider aggregate earnings not as normaliz-

ing variables for stock price (i.e., not only in the form of earnings yield), but

as predictive variables in their own right. Relevant literature argues that, in

US, aggregate earnings do not contain any information about expected future

cash-�ows. Because any cash-�ow information contained in �rm-level earn-

11The time-series data on 10-year Treasury bond yields and BAA- and AAA-rated cor-
porate bond yields are available in the Federal Reserve statistics release.
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ings gets diversi�ed away due to aggregation when market level earnings are

formed. This is due to large number of industries that exist in US, as well as

lower comovement of stocks in developed markets. Contrary to the developed

markets, emerging markets contain lower number of industries. Furthermore,

stocks�comovement is much higher in emerging markets, which may make

the diversi�cation of cash-�ow information much harder. Hence, we argue

that aggregate earnings may covary with market level expected returns.

We show that earnings yield is a signi�cant forecaster of expected returns.

Moreover, aggregate earnings themselves covary with the market returns,

hence it is not just the mean reversion of stock prices that is responsible

for the forecasting power of earnings yield. These results are robust across

di¤erent estimation methods and after controlling for small sample bias and

macroeconomic variables. We argue that due to high levels of fundamentals�

co-movement in emerging markets, the information content of �rm-level earn-

ings (unsystematic earnings) about future cash �ows is not fully diversi�ed

away at the market level. Thus, there exists a positive and signi�cant relation

between aggregate earnings and expected returns in emerging markets.
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Table I
Summary Statistics

Panel A shows the summary statistics which are computed as the averages of each country i�s time-series

statistics. ri;t is the quarterly log raw return; (ei;t�pi;t) is log(Ei;tPi;t
) where Ei;t is the sum of the past four

quarters of total earnings and Pi;t is the market index price of country i at the end of quarter t; (di;t�pi;t)
is log(

Di;t
Pi;t

) whereDi;t is the sum of the past four quarters of total dividend; Ni;t is a normalization variable,

computed as the log of the average of the past �ve years of annual earnings, calculated as the sum of the

past 20 observations of quarterly earnings divided by �ve.; (ei;t�ni;t) is log(Ei;tNi;t
); (di;t�ni;t) is log(Di;tNi;t

)

and (pi;t�ni;t) is log( Pi;tNi;t
). Panel B shows similar summary statistics, computed from the pooled panel

data. There are 20 countries and 1176 country-quarter observations in the data.

Panel A

ri;t ei;t�pi;t di;t�pi;t pi;t�ni;t ei;t�ni;t di;t�ni;t

Mean 0.036 -2.595 -3.719 2.951 0.356 -0.769

Std Dev 0.157 0.384 0.467 0.449 0.312 0.473

Min -0.381 -3.353 -4.717 2.084 -0.369 -1.679

q1 -0.055 -2.870 -4.040 2.611 0.166 -1.109

q2 0.041 -2.620 -3.688 2.919 0.370 -0.777

q3 0.133 -2.297 -3.383 3.317 0.566 -0.397

Max 0.430 -1.754 -2.786 3.808 1.037 0.104

Skewness -0.253 0.135 -0.112 0.029 -0.227 -0.028

Kurtosis 3.687 2.860 2.710 2.315 3.355 2.821
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Panel B

ri;t ei;t�pi;t di;t�pi;t pi;t�ni;t ei;t�ni;t di;t�ni;t

Mean 0.035 -2.614 -3.720 2.969 0.355 -0.751

Std Dev 0.160 0.465 0.607 0.552 0.385 0.624

Min -0.605 -4.071 -6.645 0.589 -1.679 -4.297

q1 -0.051 -2.890 -4.104 2.669 0.167 -1.081

q2 0.043 -2.639 -3.687 2.995 0.371 -0.646

q3 0.131 -2.389 -3.330 3.308 0.571 -0.403

Max 0.837 -0.531 -2.026 4.494 1.853 1.070

Skewness -0.024 0.778 -0.404 -0.706 -0.554 -0.963

Kurtosis 4.866 5.473 4.133 4.807 5.929 6.218
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Table II

Forecasting Market Index Return using Value-to-Price Ratios

This table shows the parameter estimates and standard errors from predictive regressions using value-to-

price ratios. Panel A shows pooled panel regression results with clustered standard errors. Panel B shows

�xed e¤ects regression results with clustered standard errors. In each regression, dependent variable is

the quarterly log raw return on the total market index of DataStream (TOTMK ), rm;t+1. Independent

variables are rm;t; (dt�pt), (et�pt), (dt�et), and RRELt. RRELt is the stochastically detrended riskless
rate. (dt�pt) is the log dividend yield, (et�pt) is the log earnings yield, and (dt�et) is the log dividend
payout ratio. Clustered standard errors are reported in parentheses. a;b;c indicate signi�cance at the 1%,

5% and 10% level, respectively.

Panel A. Pooled Panel Regressions

Constant dt�pt dt�et et�pt rm;t RRELt R2

1 0.164a 0.049a 2.04 %
(0.039) (0.013)

2 0.182a 0.056a 0.070 1.010 2.99 %
(0.034) (0.012) (0.069) (1.300)

3 0.181a 0.039a 2.22 %
(0.048) (0.012)

4 0.196a 0.043a 0.057 1.056 3.04 %
(0.040) (0.011) (0.069) (1.294)

5 0.048a 0.011 0.16 %
(0.016) (0.010)

6 0.048a 0.011 0.039 0.774 0.59 %
(0.015) (0.010) (0.071) (1.348)

7 0.230a 0.029b 0.034a 3.03%
(0.054) (0.012) (0.012)

8 0.256a 0.031a 0.040a 0.073 1.159 4.16%
(0.045) (0.011) (0.012) (0.069) (1.273)
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Panel B. Fixed E¤ects Regressions

Constant dt�pt dt�et et�pt rm;t RRELt R2

1 0.175a 0.053a 3.20 %
(0.044) (0.015)

2 0.197a 0.062a 0.064 1.005 4.03 %
(0.037) (0.013) (0.070) (1.308)

3 0.233a 0.053a 3.97 %
(0.067) (0.017)

4 0.257a 0.059a 0.055 1.159 4.83 %
(0.056) (0.015) (0.069) (1.280)

5 0.052a 0.014 1.49 %
(0.020) (0.013)

6 0.053a 0.015 0.026 0.765 1.81 %
(0.018) (0.013) (0.071) (1.357)

7 0.281a 0.042b 0.034b 4.65%
(0.073) (0.018) (0.014)

8 0.322a 0.047a 0.042a 0.074 1.261 5.84%
(0.058) (0.016) (0.014) (0.068) (1.255)

28



Table III

Forecasting Market Index Return using Aggregate Normalized Variables

This table shows the parameter estimates and standard errors for scaled prices, dividends, and earnings.

Panel A shows pooled panel regression results with clustered standard errors. Panel B shows �xed e¤ects

regression results with clustered standard errors. In each regression, dependent variable is the quarterly

log raw return on the total market index of DataStream (TOTMK ), rm;t+1. Independent variables are
rm;t; (pt�nt), (dt�nt), (et�nt), RRELt, which are de�ned in Table 1. dt is the log of total dividends
paid out in the past four quarters. et is the log of total earnings in the past four quarters. pt is the log

of the market index level. nt is the log of the average of the past �ve years of annual earnings, calculated

as the sum of the past 20 observations of quarterly earnings per share divided by �ve. Clustered standard

errors are reported in parentheses. a;b;c indicate signi�cance at the 1%, 5% and 10% level, respectively.

Panel A. Pooled Panel Regressions

Constant pt�nt dt�nt et�nt rm;t RRELt R2

1 0.106a -0.023c 0.66 %
(0.040) (0.012)

2 0.124a -0.030b 0.059 0.997 1.43%
(0.038) (0.012) (0.072) (1.327)

3 0.221a -0.060a 0.032a 0.052a 3.33%
(0.054) (0.016) (0.012) (0.018)

4 0.248a -0.070a 0.033a 0.054a 0.070 1.091 4.33%
(0.045) (0.014) (0.012) (0.018) (0.069) (1.286)

Panel B. Fixed E¤ects Regressions

Constant pt�nt dt�nt et�nt rm;t RRELt R2

1 0.136a -0.034b 2.29 %
(0.050) (0.015)

2 0.160a -0.042a 0.054 1.062 3.03%
(0.045) (0.014) (0.071) (1.318)

3 0.275a -0.075a 0.044b 0.045b 4.73%
(0.074) (0.021) (0.018) (0.021)

4 0.318a -0.089a 0.048a 0.048b 0.073 1.234 5.86%
(0.059) (0.017) (0.016) (0.020) (0.069) (1.259)
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Table IV

Forecasting US Total Market Index Return

Panel A of this table shows the parameter estimates and standard errors from predictive regressions using

value-to-price ratios for the US total market index return. Panel B shows the predictive regressions using

scaled prices dividends, and earnings. In each regression, dependent variable is the quarterly log raw return

on the total market index, rm;t+1. Independent variables are are de�ned in Table II and III. The sample
period is 1977:Q2-2009:Q3. Newey-West (1987) standard errors are reported in parentheses. a;b;c indicate

signi�cance at the 1%, 5% and 10% level, respectively.

Panel A. Value-to-Price Ratios

Constant dt�pt dt�et et�pt rm;t RRELt

1 0.122a 0.041 -0.019

(0.044) (0.029) (0.039)

2 0.126a 0.026 0.002 0.100 -0.480

(0.044) (0.027) (0.039) (0.105) (0.624)

Panel B. Normalized Variables

Constant pt�nt dt�nt et�nt rm;t RRELt

1 0.113b -0.016 0.061c 0.012

(0.046) (0.019) (0.035) (0.057)

2 0.117a -0.022 0.052 0.044 0.078 -0.697

(0.043) (0.019) (0.041) (0.074) (0.130) (0.767)
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Table V
Small Sample Bias Correction

This table shows the small sample bias adjusted parameter estimates and bias adjusted one sided p values

from predictive regressions using value-to-price ratios and scaled prices, dividends, and earnings in a panel

data setting. In each regression, dependent variable is the log raw return on the total market index of

DataStream, rm;t+1. Independent variables are are de�ned in Table II and III. The regressions employ

the randomization method of Nelson and Kim (1993) to correct for small sample bias as identi�ed in

Stambaugh (1999). The �rst row reports the small sample bias-adjusted average slope coe¢ cients and the

second row gives the bias-adjusted one-sided p-values in square brackets. a;b;c indicate signi�cance at the

1%, 5% and 10% level, respectively.

Panel A. Value-to-Price Ratios

Constant dt�pt dt�et et�pt rm;t RRELt

1 0.122a 0.047a

[0.00] [0.00]
2 0.142a 0.055a 0.071 0.993

[0.00] [0.00] [0.25] [0.27]

3 0.141a 0.038a

[0.00] [0.00]
4 0.156a 0.042a 0.061 1.012

[0.00] [0.00] [0.32] [0.28]

5 0.012 0.011

[0.25] [0.10]

6 0.012 0.011 0.042 0.810

[0.16] [0.18] [0.20] [0.37]

7 0.185a 0.027b 0.032a

[0.00] [0.02] [0.00]
8 0.213a 0.029a 0.040a 0.076 1.138

[0.00] [0.00] [0.00] [0.18] [0.16]
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Panel B. Normalized Variables

Constant pt�nt dt�nt et�nt rm;t RRELt

1 0.063b -0.021c

[0.01] [0.03]

2 0.084a -0.028b 0.060 1.038

[0.00] [0.01] [0.24] [0.31]

3 0.175a -0.057a 0.031b 0.051a

[0.00] [0.00] [0.01] [0.00]

4 0.199a -0.065a 0.033b 0.052a 0.072 1.128

[0.00] [0.00] [0.01] [0.00] [0.17] [0.25]
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Table VI

Controlling for Macroeconomics Variables

In this we use three distinct macroeconomic variables as additional control variables. In each regression,

dependent variable is the quarterly log raw return on the total market index of DataStream, rm;t+1.

Independent variables are are de�ned in Table II and III. The macroeconomic controls include DEFt;

TERMt and FEDt. DEFt is the default spread calculated as the di¤erence between the yields on Baa and

Aaa-rated corporate bonds. TERMt is the term spread calculated as the di¤erence between the yields on

the 10-year Treasury bond and the 3-month Treasury bill. FEDt is the Federal Reserve rate. Clustered

standard errors are reported in parentheses. a;b;c indicate signi�cance at the 1%, 5% and 10% level,

respectively.

Panel A. Value-to-Price Ratios w/ Macro Variables

Constant dt�pt et�pt rm;t RRELt DEFt TERMt FEDt R2

1 0.230a 0.029b 0.034a 3.03%

(0.054) (0.012) (0.012)

2 0.256a 0.031a 0.040a 0.073 1.159 4.16%

(0.045) (0.011) (0.012) (0.069) (1.273)

3 0.272a 0.029a 0.042a 0.060 2.009 5.458 3.942 -8.087c 5.46%

(0.062) (0.010) (0.012) (0.069) (1.427) (33.554) (12.160) (4.655)
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Panel B. Normalized Variables w/ Macro Variables

Constant pt�nt dt�nt et�nt rm;t RRELt DEFt TERMt FEDt R2

1 0.124a -0.030b 0.059 0.997 1.43%

(0.038) (0.012) (0.072) (1.327)

2 0.248a -0.070a 0.033a 0.054a 0.070 1.091 4.33%

(0.045) (0.014) (0.012) (0.018) (0.069) (1.286)

3 0.097c -0.023b 0.047 2.009 25.490 4.921 -5.553 2.76%

(0.057) (0.012) (0.072) (1.471) (34.488) (12.396) (4.701)

4 0.262a -0.069a 0.033a 0.064a 0.054 1.990 5.711 4.469 -8.929 5.86%

(0.062) (0.013) (0.010) (0.019) (0.069) (1.434) (33.828) (12.107) (4.798)
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Part II

Stock Price Synchronicity,
Diversi�cation and
Predictability of Aggregate
Stock Returns in International
Markets
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2.1 Introduction

Predicting market returns using value-to-price variables has been one of the

central topics in �nancial economics. Variables such as earnings yield (E/P),

dividend yield (D/P), and book-to-price (B/P) ratio are shown to explain

the expected market returns. There have been many studies in the literature

with contradicting �ndings, such as Roze¤ (1984), Shiller (1984), Fama and

French (1988a, 1989), Campbell and Shiller (1988, 1989), and Hodrick (1992),

Kothari and Shanken (1997), Ponti¤ and Schall (1998), Lamont (1998), and

Bali, Demirtas, and Tehranian (2008). All of these studies focus on US

market.

Shiller (1984) and Fama and French (1988a, and 1988b) used both divi-

dend yield and earnings yield as predictive variables at the aggregate level,

and they found that earnings yield has weak or no predictive power com-

pared to the dividend yield. They assumed aggregate earnings is a nosier

proxy for the future cash �ows compared to dividends, however they did not

test this assumption explicitly. Lamont (1998) on the hand, had a di¤erent

explanation about the weak predictive power of aggregate earnings yield. La-

mont (1998) examines the predictive power of aggregate earnings and price

separately, and �nds that both the level of earnings and price is negatively

related to future market returns. Hence he concludes that earnings yield

(E/P) fails to forecast aggregate stock returns because both earnings (E)

and price (P) covary negatively with expected returns and their forecasting

powers are o¤setting.

However, Bali, Demirtas, and Tehranian (2008) show that the �ndings

of Lamont (1998) are data and sample speci�c, and that the level of aggre-

gate earnings has no predictive power. Bali, Demirtas, and Tehranian (2008)

argues that �rm-level earnings have systematic and �rm-speci�c (idiosyn-
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cratic) components. Although the �rm-speci�c earnings is a good proxy for

future cash-�ows, the cash-�ow information in earnings diversify away by

aggregation, and all we are left with at the aggregate level is the systematic

earnings which do not contain information about the expected future cash

�ows. They supported their argument by showing explicitly that the level of

earnings has signi�cant and positive coe¢ cients at the �rm-level predictive

regressions, they also demonstrate that this predictability remain intact in

more speci�c industry level regressions (using Fama and French (1997) 48

industry portfolios); however it gets washed away at the more general indus-

try levels (using Fama and French (1997) 17 industry portfolios) and at the

US market level. Hence, they conclude that aggregate earnings may con-

tain information about unsystematic earnings if cash �ow news is not fully

diversi�ed away by aggregation.

Recently, stock market synchronicity and diversi�cation levels of the mar-

ket index in international markets have been intensely studied by researchers.

Morck et al. (2000) argues that stock price synchronicity is higher in emerg-

ing markets with relatively low per-capita GDP and less developed �nancial

systems as opposed to developed countries. The extent to which individual

stock prices move independently and the level of diversi�cation vary both

across countries and over time. French and Roll (1986) and Roll (1988) ar-

gue that a well informed market generate low stock synchronicity. Roll (1992)

shows that some national market indices are more diversi�ed than others and

argues that technical aspects of index construction might lead di¤erent diver-

si�cation levels for di¤erent country indices. In addition, synchronicity in the

price movement declines over time within U.S. as well as internationally (Li,

Morck, Yang and Yeung (2003), Campbell, Lettau, Malkiel and Xu (2001),

Jin and Myers (2006)). In general, the debates focus on whether the markets
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are e¢ cient or not.12 The patterns of price synchronicity and diversi�cation

levels across countries have never been utilized to explain the di¤erence in

the predictive power of yield variables or earnings yield more speci�cally.

In this paper, we utilize stock price synchronicity and diversi�cation level

in a given country, to examine the predictive power of aggregate earnings.

We argue that high synchronicity of stocks prohibits the diversi�cation of

�rm level cash-�ow information when earnings are aggregated to form the

market-level earnings. Therefore, we argue that aggregate level earnings may

still contain information about expected future cash-�ows in less diversi�ed

or highly synchronous markets. If this is the case, we would expect earnings

yield to forecast future returns in highly synchronous and less diversi�ed

countries. Indeed, we �nd that in contrast to the �ndings in highly diversi-

�ed and less synchronous countries, earnings yield is a signi�cant predictive

variable in more synchronous countries.

The price in the denominator may be responsible for the forecasting power

of earnings yield in highly synchronous and less diversi�ed countries. Fol-

lowing Lamont (1998) and Bali, Demirtas, and Tehranian (2008), we con-

sider aggregate earnings not as normalizing variables for stock price but as

predictive variables in their own right. Using the Campbell-Shiller log lin-

ear decomposition framework, we used normalized earnings and normalized

stock price as separate right hand side variables. We show that aggregate

12Longin and Solnik (2001) documented that co-movement in stock prices is higher in
down markets. Durnev, Morck, Yeung and Yu (2001) found higher association between
current return and future earnings among the �rms and industries with low market syn-
chronicity supporting the idea that low synchronicity is indicative of information e¢ ciency
in the market. In contrast, West (1988) argued that rapid information incorporation re-
duces idiosyncratic volatility, thereby raising synchronicity. Consistent with West (1988),
Chan and Hameed (2006) �nd that low R2 stocks are smaller and younger with lower
institutional ownership, analyst coverage, and liquidity than their high R2 counterparts.
These �ndings suggest that low R2 (high synchronicity) could be indicative of a poor
information environment with greater impediments to informed trade.
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earnings themselves covary with the market returns in portfolios that consist

of highly synchronous and less diversi�ed countries. Hence, it is not just the

mean reversion in stock prices that is responsible for the forecasting power

of earnings yield.

We speci�cally compute two measures: Classical price synchronicity mea-

sure of Morck et al. (2000) and a Diversi�cation measure of Roll (1992). The

classical synchronicity measure determines the percentage of the stocks that

are moving in the same direction for each country in a weekly time setting.

The diversi�cation measure (the Her�ndahl-Firm Index) quanti�es the level

of �rm dominance in the market index on a daily basis. High values of the

Her�ndahl-Firm Index indicate that the total market index is dominated by

a few large �rms. For each country, these two distinct measures are formed

using a moving window of daily data. Therefore a daily time series diversi�-

cation and a weekly time series synchronicity measures are formed for each

country. Then, we compute the time-series mean of these measures and rank

countries according to this mean. The low synchronous (high synchronous)

portfolio consists of the countries that have the lowest (highest) 25 percent

synchronicity means of our total sample. The high diversi�cation (low diver-

si�cation) portfolio consists of the countries that have the highest (lowest)

25 percent synchronicity means of our total sample. After constructing our

portfolios, we use �xed-e¤ects panel regressions which are e¤ectively stacked

time-series regressions for each portfolio.

We show that, earnings yield signi�cantly positively covaries with ex-

pected returns only in our high synchronous portfolio. Next, normalized

variables are constructed similar to the relevant literature, and hence the

predictive power of earnings yield in synchronous markets is decomposed

into the predictive power of aggregate earnings and that of the price. We
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demonstrate that aggregate earnings has predictive power in their own right

and is positively related to future market returns in high synchronous and

less diversi�ed markets as opposed to more diversi�ed and less synchronous

markets. Price is negatively related with future market returns in both port-

folios indicating the strength of mean reversion. Moreover, these �ndings are

robust when we control for the macroeconomic variables such as interest rate

and consumer price index.

The remainder of the paper is organized as follows. Section 2.2 presents

the motivation and framework. Section 2.3 explains the data construction

process and provides summary statistics. Section 2.4 presents the empirical

results. Section 2.5 concludes the paper.

2.2 Motivation and Framework

Bali, Demirtas, and Tehranian (2008) shows that the relation between earn-

ings and expected returns is positive and highly signi�cant at the �rm-level.

They argue that �rm-level earnings consists of systematic earnings (aggre-

gate earnings) and unsystematic earnings (�rm-speci�c earnings) and it is the

unsystematic component that is positively correlated with expected stock re-

turns, whereas the systematic portion has no correlation with expected stock

returns. They demonstrate that earnings has positive predictive power at the

more speci�c industry level when 48 industry portfolios of Fama and French

(1997) are used. However, the predictive power of earnings weakens in more

diversi�ed industry level when 17 industry portfolios of Fama and French

(1997) are used. And eventually when �rm-level earnings are aggregated to

generate the market level earnings in highly diversi�ed United States market,

the information content of �rm-level earnings about future cash �ows diver-

si�es away. Hence, the aggregate-level earnings do not have any explanatory
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power for the market returns in the United States.

Our motivation is to examine the predictive power of earnings at the

aggregate level in international markets, where markets are more synchro-

nous and less diversi�ed. To test our argument, following the literature we

construct two measures: one stock market synchronicity measure (Morck et

al. (2000)) and one diversi�cation measure (Her�ndahl-Firm Index (Roll

(1992))) for each country. We group countries into high versus low synchro-

nous, as well as high versus low diversi�cation portfolios. We show that

earnings yield and aggregate earnings can predict expected market returns

in highly synchronous and less diversi�ed markets.

Log linear decomposition of Campbell and Shiller (1988, and 1989) pro-

vides insight regarding the cash �ow and expected return news components

of stock price. In the log linear approximation, we �rst write log stock return

as a function of the end of period price, dividend paid during the period and

the beginning of the period price, such that,

ri;t+1 = log(Pi;t+1 +Di;t+1)� log(Pi;t); (8)

where D i;t+1 denotes dividends for �rm i paid during period t+1, and P i;t+1

is the stock price at the end of period t+1. In this setting, raw variables

are represented by uppercase letters and log variables are presented in low-

ercase letters. After using a �rst-order Taylor series expansion on the return

equation we obtain,

pi;t = K + Et

 1X
j=0

!j(1� !)di;t+1+j

!
� Et

 1X
j=0

!jri;t+1+j

!
; (9)

where K is a linearization constant and ! is a constant discount factor close
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to one. Indeed ! is a function of aggregate dividends. ! is speci�cally given

by 1

1+ed�p
, where d� p is the average log dividend yield in the data. By using

a simple algebraic move, we can write the one period expected returns as:

Et (ri;t+1) = �pi;t + Et

 1X
j=0

!j(1� !)di;t+1+j

!
� Et

 1X
j=1

!jri;t+1+j

!
+K:

(10)

Equation (10) gives us a clear relationship between one period ahead expected

returns, current price (.i.e., index for the market), expected future cash-�ows,

and expected future discount rates. Equation (10) makes it clear that there is

an inverse relation between price and one period ahead expected returns. We

denote the second term on the right hand side of equation (10) as pcash�flow,

which is the expected sum of future discounted dividends. The third term is

denoted by pdiscount, which is the discounted sum of future returns starting

next period. In summary, we learn that controlling for the index level, one

period ahead expected market returns can be explained by variables that

proxy for pcash�flow and/or pdiscount: Lamont (1998) presents equation (10)

as:

Et (ri;t+1) = �(pi;t � ni;t) + (pcash�flowi;t
� ni;t)� pdiscounti;t

+K; (11)

where ni;t is a normalization factor used to create stationary right-hand side

variables. Equation (11) helps us disentangle di¤erent forecasting powers of

the numerator and the denominator of a cash-�ow to price ratio, by using

the normalized stock price and the normalized cash �ow proxy (i.e., normal-

ized earnings or dividends) as the right-hand side variables. In the classical

regression setting, where one period ahead returns are regressed on the earn-

ings yield or the dividend yield, the coe¢ cient estimate of the price and the
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cash-�ow proxy is restricted to be the same. However, in the above setting,

the coe¢ cients of the stock price and the cash �ow proxy are not restricted

to be the same.

We have no priori belief that the mean reversion e¤ect (price e¤ect) would

di¤er accross countries with di¤erent synchronicity levels. However, we ex-

pect aggregate earnings to contain more information about the cash �ow

news (pcash�flow
i;t

) in more synchronous and less diversi�ed markets.

2.3 Data

2.3.1 Data Set

The data for daily market returns, price index, dividend yield and earnings

yield are obtained from the DataStream Global Equity Indices database.

There are 52 countries for which DataStream provides market level informa-

tion. To be included in our sample, a country must have data for at least 50

�rms available at DataStream as of September 2011.13 We also require more

than 30 observations per country in our quarterly regressions.14 Our �nal

sample consists of 48 countries after applying all of the restrictions.15 The

sample period for index level regressions ranges from 1977:Q2 to 2011Q2,

13DataStream has valid stock return data for 18 �rms for Czech Republic, 46 �rms for
Ireland and 30 �rms for Luxembourg as of September 2011. Hence these countries are
dropped from our sample.
14Data for Bulgaria starts on October, 2000. We use log of the average of the past

�ve years of annual earnings as our normalization variable. Therefore the data for Bul-
garia in our quarterly regressions is limited between 2005:Q2 and 2011:Q2, resulting in 25
observations. For this reason, Bulgaria has also been dropped from our sample.
15Final sample consists of Argentina, Australia, Austria, Belgium, Brazil, Canada, Chile,

China, Colombia, Cyprus, Denmark, Finland, France, Germany, Greece, Hong Kong, Hun-
gary, India, Indonesia, Israel, Italy, Japan, Korea, Malaysia, Mexico, Netherlands, New
Zealand, Norway, Pakistan, Peru, Philippines, Poland, Portugal, Romania, Russia, South
Africa, Singapore, Slovenia, Spain, Sri Lanka, Sweden, Switzerland, Taiwan, Thailand,
Turkey, United Kingdom, United States and Venezuela.
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yielding an unbalanced panel data with a total of 4,557 quarters, where the

last �ve years of data were available for each country. On average, there are

95 quarters per country16 the longest sample period is 137 quarters for most

of the developed countries, whereas the shortest is Brazil with 32 quarters.

In order to calculate the synchronicity and diversi�cation measures, we

obtain daily with-dividend stock returns and �rm-level market value data

also from DataStream. Our total cross section for 2011 thus contains 28,344

�rms spanning 48 countries.

2.3.2 Construction of Variables

For each market, the total market index of DataStreamGlobal Index (TOTMK)

is used as the national market index.17 The TOTMK series of DataStream is

a value-weighted index where weightings are allocated on the basis of market

capitalization. Log raw return (ri;t) is the log of quarterly returns that are

constructed by compounding daily returns. Quarterly price index, dividend

yield and earnings yield are obtained using end of quarter values. Log div-

idend yield (di;t�pi;t) is the log of the ratio of sum of the past year�s total

dividends to price and log earnings yield (ei;t�pi;t) is the log of the ratio of
sum of the past year�s total earnings to price.

The log normalization variable is computed in order to analyze the in-

dividual e¤ects of price, dividends and earnings, following Lamont (1998)

and Bali et al. (2008). We use log of the average of the past �ve years of

16These statistics are for the full sample when all 48 countries are together. For high
synchronicity and low diversi�cation portfolios that consist of 12 countries, total numbers
of quarters are approximately 1,100 and the average number of quarters per country never
falls below 60.
17In DataStream, indices are calculated on a representative list of stocks for each market.

The number of stocks for each market is determined by the size of the market. The sample
covers a minimum of 75% - 80% of total market capitalization.
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annual earnings per share, as the normalization variable. The main goal of

the normalization variable is to create stationary variables. Our choice of

this speci�c normalization variable exactly follows the literature.

As for our �rst synchronicity measure, we compute the classical syn-

chronicity measure advocated by Morck et al. (2000). This measure analy-

ses market-wide price movements in a week and focuses on the tendency of

stocks that move in the same direction across in one market. The following

equation illustrates the synchronicity measure,

fjt =
max

�
njtup;njtdown

�
njtup + njtdown

; (12)

where njtup is the number of stocks in country j whose prices rise in week

t, and njtdown is the number of stocks whose prices fall. We drop stocks

whose prices do not move to avoid bias due to non-trading. This measure

is bounded to lie between 0.5 and 1.0 by construction. A maximum of 1.0

would mean a perfectly synchronized market, where all shares are moving

in the same direction within that week. On the other hand, a minimum of

0.5 would indicate the least possible synchronized market. Our synchronicity

measure is calculated for 48 countries, covering the period between January

197318 and December 2010. In terms of the classical synchronicity measure,

it is the longest time-series as well as the widest cross-sectional one in the

literature.19

Before ranking each country according to its synchronicity measure, we

calculate
18The beginning date for each country di¤ers, depending on the introduction of the

stock market date in one country and data availability in DataStream. For most of the
developed countries this is January 1973, whereas for emerging markets it is around late
1980s. Brazil has the shortest period in our sample starting January 1992.
19Note that Morck et al. (2000) covered 40 countries for the year of 1995.
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fj =
1

T

TX
t=1

max
�
njtup;njtdown

�
njtup + njtdown

=
1

T

TX
t=1

fjt; (13)

where T is the total number of weeks country j has in our sample. fj is

de�ned as the average value of fjt, across weeks.

As for our second measure, we calculate the Her�ndahl-Firm index, fol-

lowing Roll (1992).20 If wijt is the market value proportion of country j�s

index represented by stock i on day t, the Her�ndahl measure is given by

Hjt =
nX
i=1

w2ijt: (14)

As a result, we obtain an Hjt, that represents the �rm dominance of the

market index for each country j on each day t. The minimum value of Hjt is

1/n where n is the total number of stocks in country j on day t. The maximum

possible value of Hjt is 1.0, which would imply that the total market index

consists of one stock, and hence dominated only by one �rm. The higher the

Hjt is, the lower the diversi�cation of the market index is in one country. As

the number of stocks increase over time, Hjt mostly21 has a decreasing trend

in time-series for each country, indicating higher levels of diversi�cation over

time.

Before ranking each country according to its diversi�cation measure, we

calculate
20For a general discussion of the Her�ndahl measure, see Stigler (1968), Chapter 4.
21Hjt does not have to decrease each time the number of stocks increase. As stated in

the computation of Hjt, it depends on the concentration of market value of each �rm in
the index, therefore it does not decrease on a steady basis, however if we compare the �rst
day Hjt of each country with the most recent date in our sample, it is becoming lower for
each country, indicating higher levels of diversi�cation over time.
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Hj =

TX
t=1

(
nX
i=1

w2ijt) =
1

T

TX
t=1

Hjt: (15)

where T is the total number of days country j has in our sample. Hj is

de�ned as the average value of Hjt, across days (which is time-series mean).

2.3.3 Summary Statistics

Table 1 shows the time-series statistics of our stock market synchronicity

and diversi�cation measures for each country. Mean, standard deviation,

quartiles, skewness, kurtosis and total number of observations are reported

for the data set. Panel A reports the summary statistics for the synchronicity

measure and Panel B reports the summary statistics for Her�ndahl-Firm

Index which is our diversi�cation measure.

In Panel A, countries are sorted according to the time-series mean of

their synchronicity measure which is calculated weekly.22 Canada is the least

synchronous country in our sample, where on average only 60.43 percent of

the total stock market in a week is moving in the same direction. It is followed

by other developed markets such as Australia, Germany and United States,

with 62.37 percent, 62.57 percent and 63.06 percent stocks comovement in

an average week. As we can see in Panel A, most developed markets happen

to be less synchronous than most of the emerging markets, which was �rst

documented by Morck et al. (2000). The most synchronous country is China

in our sample, with an average of 76.54 percent stock price synchronicity in

a week. The synchronicity measure di¤erence between the mean of Canada

and China is 16.11 percent, even though this may not seem to be a large

22Sorting countries according to the median does not change the results in a signi�cant
way.
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di¤erence economically, note that this measure is bounded to lie between 50

percent (zero synchronicity) and 100 percent (fully synchronous behavior).

Another reason for the seemingly low di¤erence across countries is that most

of the variation is lost during the process of taking the time-series average of

the weekly values.

Our stock price synchronicity measure in Panel A is more volatile in

more synchronous countries. The standard deviations tend to increase with

the level of average synchronicity; it is only 8.41 percent for Canada, where

it gets as high as 14.66 percent for the most synchronous country China. The

time-series median values are very close to the mean values for each country;

Canada has the lowest median of 58.37 percent synchronicity, where China

has the highest median of 76.33 percent.23 Finally the last column gives

the total number of weeks for each country in our sample. For most of the

developed countries, the sample period contains 1992 weeks where their �rm

level information is available at DataStream starting in January 1973.

Panel B shows the countries that are sorted according to the time-series

mean of their diversi�cation measure which is calculated daily.24 Japan is the

most diversi�ed country in our sample, which has a Her�ndahl-Firm Index

of 0.0091. It is followed by United States, with a average Her�ndahl-Firm

Index of 0.0135 on a daily basis. As can be seen in Panel B, most of the

developed markets have higher diversi�cation levels measured by the �rm

dominance of the market index. The least diversi�ed country is Norway in

our sample, with an average of 0.3684 Her�ndahl Index.

Identical to our synchronicity measure, the standard deviations tend to in-

23Note that the di¤erence between the lowest and highest synchronicity countries is
17.96 percent when the medians are compared.
24Sorting countries according to the median does not change the results in a signi�cant

way.
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crease with the level of average Her�ndahl-Index; it is only 0.0051 for Japan,

where it gets as high as 0.2826 for the least diversi�ed country Norway.

Her�ndahl Index in Panel B is more volatile in countries whose market index

is the least �rm dominated. The time-series median values are very close to

the mean values for each country; Japan has the lowest median of 0.0072,

where Norway has the second highest median of 0.2672 percent. Finally the

last column gives the total number of daily observations for each country in

our sample. For most of the developed countries, the sample period has 9903

days where their �rm level information is available at DataStream starting

in January 1973.

2.4 Empirical Results

2.4.1 Forecasting Market Index Return in Full Sample

To test whether one-quarter ahead market returns can be predicted with

value-to-price ratios in our full sample which consists of 48 countries, we use

panel �xed e¤ects regressions:

rj;t+1 = aj + �Xj;t + �j;t+1; (16)

where rj;t+1 is the log return for country j at time t+1 (j=1,2,. . . ,48). Earn-

ings yield and dividend yield are used as independent variables and lagged

return, interest rate, nominal e¤ective exchange rate and log of gross domes-

tic product are used as control variables.

As stated by Ferson, Sarkissian and Simin (2003), since persistent de-

pendent variables may result in a spurious regression, the lagged dependent

variable is added as a control variable. In order to correct for the contem-
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poraneous cross-sectional correlation of error terms problem, we use Rogers�

(1983, 1993) method for computing standard errors in the existence of het-

eroskedasticity and contemporaneous cross-correlations. In a panel data set-

ting, the variance covariance matrix of the error terms can be viewed as a

combination of small variance covariance matrices of each country. And aside

from the autocorrelation of the error terms within each country, there is a

contemporaneous cross-sectional correlation. If this problem is uncorrected,

it can in�ate the t-stats by a signi�cant amount. In the above equation,

the slope coe¢ cient (�) along with its clustered standard errors determines

whether there is a signi�cantly positive or negative relation between the

value-to-price ratios and expected returns at the market level.

The distinguishing point in the panel �xed e¤ects regressions de�ned

above is that the intercepts (aj) are estimated separately for each country

j. Estimating intercepts separately is equivalent to demeaning each country

level data and ensures that each country�s error term is orthogonal to the

explanatory variables for that country. Thus, in �xed-e¤ects panel data

regression setting, the results re�ect the time-series relation between the

dependent variable and the independent variables.

In Panel A of Table 2, the �rst and second row indicates the univari-

ate forecasting power of earnings yield and dividend yield in the presence of

lagged return. Both dividend yield and earnings yield are highly signi�cant

and has a positive coe¢ cient in predicting expected returns at the aggregate

level (with a t-stat of 3.21 and 3.20 respectively). Third row shows that using

both the dividend yield and the earnings yield in a bivariate setting, divi-

dend yield still has positive and signi�cant coe¢ cient and the earnings yield

becomes marginally signi�cant (with a t-stat of 2.68 and 1.86 respectively).

Adding the control variables in the last �ve rows, does not a¤ect the results.
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We �nd that dividend yield has a signi�cant predictive power for expected

stock returns whereas earnings yield is marginally signi�cant. It may be the

mean-reversion in stock prices alone driving the forecasting power of yield

variables in our full sample. Next section examines the source of this �nding

by using normalized variables.

In Panel B of Table 2, we consider aggregate earnings and dividends not as

normalizing variables for price but as predictive variables in their own right.

Following the method in Panel A, we use �xed e¤ect regressions to show

the parameter estimates and the clustered t-statistics from the predictive

regressions using scaled prices, dividends, and earnings.

The �rst row of Panel B shows that the scaled price has a negative and

highly signi�cant coe¢ cient (with a t-stat of -2.99), indicating the presence

of mean-reversion at the index level in our full sample. In Row 2, when

aggregate earnings is used in a univariate setting, we see that the marginal

predictive power of earnings yield was actually a result of the mean reversion

of the price in the denominator, since aggregate earnings has no predictive

power at the market level in our full sample of 48 countries. Row 3 is showing

one of the benchmark regressions of this study, where the decomposition

equation is implemented. In the classical regression setting in Panel A, where

one period ahead returns are regressed on the earnings yield or the dividend

yield, the coe¢ cient estimate of the price and the cash �ow proxy is restricted

to be the same. However, in the setting shown in equation (4), the coe¢ cients

of the stock price and the cash �ow proxy are not restricted to be the same.

The scaled price has a negative and signi�cant coe¢ cient with a t-stat of

-3.38, implying the strong mean reversion as in the univariate setting. Yet,

scaled aggregate earnings still has no predictive power (with a t-stat of 0.62).

The results remain the same after including the control variables, scaled price
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is strongly negatively correlated with one quarter ahead market returns (with

a t-stat of -3.19), dividends are positively correlated (with a t-stat of 1.99)

and aggregate earnings has no predictive power in our full sample where both

developed countries and emerging markets are pooled in the same panel data.

In the next sections, we will examine whether the results remain the same

once we group countries according to their synchronicity and diversi�cation

level.

2.4.2 Forecasting Market Index Return in High vs. Low Synchro-

nous Portfolios

We have so far provided evidence in Panel B of Table 2, that there is no

signi�cant relation between aggregate earnings and expected returns at the

market level in our full sample. In this section, we analyze the predictive

power of earnings yield and aggregate earnings at the market level once we

group countries into low versus high synchronous portfolios according to their

average stock market synchronicity.

Previous literature shows that the relation between earnings and expected

returns is positive and highly signi�cant at the �rm-level (Bali, Demirtas, and

Tehranian (2008)). The question is whether the positive predictive power of

�rm level earnings can be brought to the aggregate level, if markets are

more synchronous. In countries where stock price synchronicity is higher,

we expect the fundamentals�comovement to be higher.25 If this is the case,

the information content of �rm-level earnings about future cash �ows is not

fully diversi�ed away and higher aggregate earnings forecasts higher returns

in highly synchronous countries. To test this, we �rst calculate:
25Morck et al. (2000) shows that the high stock price synchronicity in low income

countries can be partially explained by the higher fundamentals�comovement, according
to their sample in 1995.
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fj =
1

T

TX
t=1

max
�
njtup;njtdown

�
njtup + njtdown

=
1

T

TX
t=1

fjt; (17)

where T is the total number of weeks country j has in our sample. fj is

de�ned as the average value of fjt, across weeks (which is time-series mean).

Thus, we have an average synchronicity measure for each country. 48 coun-

tries are ranked according to this measure, which ranges from 60.4 percent

to 76.54 percent in our full sample.

The low synchronous portfolio consists of 12 countries, which rank in

the bottom 25 percent of our full sample with their average synchronicity

measures.26 Our stock price synchronicity measure ranges between 60.43

percent (Canada) and 65.08 percent (Chile) in our portfolio that is named

as low synchronous portfolio. The high synchronous portfolio also consists

of 12 countries, which rank in the top 25 percent of our full sample with

their average synchronicity measures.27 The lowest average synchronicity in

our high synchronous portfolio is 70.12 percent (Austria) and the highest is

76.54 percent (China), implying that at least 70.12 percent of the stocks are

moving in the same direction on an average week in our high synchronous

portfolio. Once we group the countries into di¤erent synchronicity portfolios,

we repeat the analysis in Part A and run the �xed e¤ects panel regressions

for each of these portfolios.

In Panel A of Table 3, we test whether one-quarter ahead market returns

can be predicted with value-to-price ratios in our low synchronous portfo-

lio. The panel �xed e¤ects regression (in Equation 9) is applied where the

dependent variable, rj;t+1, is the one quarter ahead market return and the

26The low synchronous portfolio includes Canada, Australia, Germany, United States,
Belgium, France, Japan Portugal, Israel, Brazil, Holland and Chile.
27The high synchronous portfolio consists of Austria, Slovenia, Poland, Denmark, Sin-

gapore, Argentina, Venezuela, Malaysia, Turkey, Taiwan, Phillipines and China.

53



independent variables are dividend yield and earnings yield. The current

quarter�s market return is added as a control variable. The �rst row shows

the predictive power of earnings yield in a univariate setting controlling for

the lagged return. Earnings yield is positively and signi�cantly correlated

with one quarter ahead market returns with a t-stat of 2.06. However, in

the second row, once we include the dividend yield, the positive forecasting

power of earnings yield diminishes away, and the dividend yield is only mar-

ginally signi�cant (with a t-stat of 1.75) in predicting the expected returns.

To better see the predictive power of aggregate earnings, and dividends in

the low synchronous portfolio, we consider them not as normalizing variables

for price but as predictive variables in their own right in the next section.

Panel B of Table 3, presents the results of the panel �xed e¤ects regres-

sion in low synchronous portfolio where the independent variables are scaled

prices, dividends, and earnings and the dependent variable is one quarter

ahead market return. The �rst row of Panel B, illustrates that scaled price

is negatively and signi�cantly correlated with expected returns (with a t-stat

of -2.02) whereas normalized aggregate earnings has no predictive power at

all in the low synchronous portfolio. This �nding proves that the positive

predictive power of earnings yield in the �rst row of Panel A, was solely a

result of the price in the denominator, which is the mean reversion. In the

second row, after including the dividends, results remain the same, there is

strong mean reversion (t-stat of -2.08), however there is no correlation be-

tween aggregate earnings and expected returns at the market level in our low

synchronous portfolio.

In Panel C of Table 3, one quarter ahead market return is regressed on

value-to price ratios in our high synchronous portfolio using panel �xed e¤ects

regression (in Equation 9). The independent variables are dividend yield and
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earnings yield; and lagged return is used as a control variable. In the �rst

row of Panel C, earnings yield is a statistically signi�cant (with a t-stat of

3.26) predictor of expected returns in a univariate setting. The second row of

Panel C shows that earnings yield remains to be highly statistically signi�cant

(t-stat of 2.63) even after controlling for the dividend yield. This very last

result is the evidence that earnings yield contains information about future

cash �ows above and beyond dividend yield in countries where markets are

highly synchronous. However, this may very well be the result of stronger

mean reversion in synchronous markets.

Panel D of Table 3, shows the �xed e¤ects regression (in Equation 9)

results, where scaled price, dividends and earnings are used as independent

variables in predicting expected market returns in high synchronous portfo-

lio. Thus, we can see whether it is merely the stronger mean reversion in

the denominator, or both the aggregate earnings and the price have played a

role in the strong predictive power of earnings yield in the Panel C of Table

3 results. The �rst row of Panel D reveals that there is the strong mean

reversion (scaled price has a t-stat of -3.26) as well as the strong positive

predictive power of aggregate earnings (normalized earnings has a t-stat of

2.37) in highly synchronous markets. The second row shows that our results

remain robust after adding the normalized dividends to the regression. In our

high synchronous portfolio, which consists 12 countries that has the highest

synchronicity levels among 48 markets, aggregate earnings can signi�cantly

predict one quarter ahead market returns (with a t-stat of 2.19) as opposed

to the case in low synchronous portfolio. Scaled price is negatively correlated

with expected returns with a t-stat of -3.34, whereas normalized dividends

has no correlation with expected returns at all. Second row of Panel D is the

evidence that aggregate earnings itself contain information about expected
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market returns above and beyond dividends in highly synchronous markets.

Overall, the results in Panel A through Panel D of Table 3 show that the pos-

itive predictive power of �rm level earnings can be brought to the aggregate

level, if markets are more synchronous.

2.4.3 Forecasting Market Index Return in Portfolios with High

vs. Low Diversi�cation Levels

As stated earlier, previous literature (Bali, Demirtas, and Tehranian (2008))

shows that �rm-level earnings consists of systematic earnings (aggregate earn-

ings) and unsystematic earnings (�rm-speci�c earnings). And it is the un-

systematic component that is positively correlated with expected stock re-

turns, whereas the systematic portion has no correlation. Bali, Demirtas, and

Tehranian (2008) also states that when �rm-level earnings are aggregated

to generate the market level earnings, the information content of �rm-level

earnings about future cash �ows diversi�es away. Hence, the aggregate-level

earnings do not have any explanatory power for the market returns in the

United States.

In this section, we examine whether the unsystematic portion of �rm level

earnings, which contains information about future cash �ows, can be brought

to the aggregate level in international markets if markets are less diversi�ed.

To analyze the predictive power of earnings yield and aggregate earnings in

high versus low diversi�cation portfolios, �rst we calculate:

Hj =

TX
t=1

(
nX
i=1

w2ijt) =
1

T

TX
t=1

Hjt: (18)

where T is the total number of days country j has in our sample. Hj is

de�ned as the average value of Hjt, across days (which is time-series mean).
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Thus, a Her�ndahl-Firm Index which quanti�es the degree of �rm dominance

is computed for each country. The smaller the Her�ndahl-Index, the higher

the level of diversi�cation of the market index is. 48 countries are ranked

according to this measure, which takes on values between 0.0091 (Japan) and

0.3684 (Norway) in our full sample.

The high diversi�cation portfolio consists of 12 countries, which have

the lowest Her�ndahl-Index, ranking in the bottom 25 percent of our full

sample with.28 Our diversi�cation measure ranges between 0.0091 (Japan)

and 0.0676 (Germany) in our high diversi�cation portfolio. The low di-

versi�cation portfolio also consists of 12 countries, which have the highest

Her�ndahl-Index (hence have the highest �rm dominance, and therefore the

lowest diversi�cation), ranking in the top 25 percent of our full sample.29 The

lowest average Her�ndahl-Index in our low diversi�cation portfolio is 0.2059

(Peru) and the highest is 0.3684 (Norway). Once we group the countries into

high versus low diversi�cation portfolios, we repeat the analysis in Part A

and Part B and run the �xed e¤ects panel regressions.

In Panel A of Table 4, we test whether one-quarter ahead market returns

can be predicted with value-to-price ratios in our high diversi�cation port-

folio. The panel �xed e¤ects regression (in Equation 9) is applied where the

dependent variable, rj;t+1, is the one quarter ahead market return and the

independent variables are dividend yield and earnings yield. The lagged mar-

ket return is added as a control variable. The �rst row shows the predictive

power of earnings yield in a univariate setting. Earnings yield can predict

one quarter ahead market returns with a t-stat of 2.88. However, once we

28The high diversi�cation portfolio includes Japan, United States, Taiwan, Thailand,
China, United Kingdom, France, Canada, Sri Lanka, Indonesia, Hong Kong and Germany.
29The low diversi�cation portfolio consists of Peru, Argentina, Turkey, Poland, Finland,

India, New Zealand, Hungary, Romania, Brazil, Philippines and Norway.
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include the dividend yield in the second row, the positive forecasting power

of earnings yield no longer exists, and the dividend yield becomes signi�cant

(with a t-stat of 2.00) in predicting the expected returns. In order to be

able to analyze whether this versatile predictive power of the yield variables

is actually driven by the price in the denominator, we consider scaled price,

dividends and earnings as predictive variables in their own right in the next

section.

Panel B of Table 4, shows the results of the �xed e¤ects regression in high

diversi�cation portfolio where one quarter ahead market return is regressed

on normalized prices, dividends, and aggregate earnings. The �rst row of

Panel B, presents that scaled price is negatively and signi�cantly correlated

with expected returns (with a t-stat of -3.12) whereas normalized aggregate

earnings has no predictive power at all in our high diversi�cation portfolio.

This �nding is the evidence that the positive predictive power of earnings

yield in the �rst row of Panel A, was merely a result of the price in the

denominator. In the second row, after including the dividends, scaled price

continues to predict expected market returns with a t-stat of -3.12; however

there is no correlation between aggregate earnings and expected returns at

the market level in our high diversi�cation portfolio.

In Panel C of Table 3, one quarter ahead market return is regressed on

value-to price ratios in our low diversi�cation portfolio using �xed e¤ects

regression (in Equation 9). The independent variables are dividend yield

and earnings yield; and the lagged return is used as a control variable. In

the �rst row of Panel C, earnings yield is a statistically signi�cant predictor

of expected returns with a t-stat of 3.86 in a univariate setting. The second

row of Panel C shows that earnings yield remains to be highly statistically

signi�cant (t-stat of 3.66) even after controlling for the dividend yield. This
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preceding �nding is the evidence that earnings yield contains information

about future cash �ows above and beyond dividend yield in countries where

markets are signi�cantly less diversi�ed.

Panel D of Table 3, shows the �xed e¤ects regression (in Equation 9)

results, where scaled price, dividends and earnings are used as independent

variables in predicting expected market returns in our low diversi�cation

portfolio. Therefore, it can be better seen whether it is purely the stronger

mean reversion in the denominator which is responsible for the strong pre-

dictive power of earnings yield in the Panel C of Table 4 results. The �rst

row of Panel D con�rms that there is the strong mean reversion (scaled price

has a t-stat of -3.37) as well as the very strong positive predictive power

of aggregate earnings with a t-stat of 2.45 in less diversi�ed markets. The

second row shows that our results remain intact after adding the normal-

ized dividends to the regression. In our low diversi�cation portfolio, which

consists 12 countries with the lowest diversi�cation levels (measured by the

degree of �rm dominance of the index) among 48 markets, aggregate earnings

can signi�cantly predict one quarter ahead market returns (with a t-stat of

2.39) as opposed to the case in highly diversi�ed markets. Scaled price is

negatively correlated with expected returns with a t-stat of -3.22, whereas

normalized dividends are only weakly correlated with expected returns (with

a t-stat of 1.81). Second row of Panel D is the second evidence that the pos-

itive predictive power of �rm level earnings can be brought to the aggregate

level, if markets are less diversi�ed.

2.4.4 Controlling for Macro Economic Variables

Table 5 uses two additional control variables. These control variables are used

to make sure that our results are not a¤ected by model misspeci�cation; we
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add a set of control variables (Xt) that are expected to have an empirical

relation with the market return in international markets. There is a large

body of literature indicating that the aggregate returns can be predicted by

macroeconomic variables associated with business cycle �uctuations. Mer-

ton�s (1973) ICAPM also indicates that hedging demand components identify

time-series of expected returns.

Following the relevant literature, we use the interest rate (INT) and Con-

sumer Price Index (CPI) as additional controls. We obtained INT and CPI

from the International Financial Statistics (IFS). INT is the quarterly dis-

count rate (available money market rate) which is constructed by compound-

ing daily discount rates for each country. Quarterly CPI data is computed

as the end of quarter values which measures the rate at which the prices

of consumer goods and services are changing over time. Finally, we include

the lagged return in our regressions to control for the serial correlation in

quarterly index returns.

Panel A and Panel B of Table 5 show estimation results for normalized

variables in low synchronous and high synchronous portfolios, respectively.

As seen in these regressions, addition of control variables causes R-squares to

go up. The scaled price remains to be the only predictor of expected returns

in low synchronous portfolio (aggregate earnings has no predictive power) as

in Panel B of Table 3. Whereas in high synchronous portfolio (in Panel B of

Table 5), besides the mean reversion, there is the robust predictive power of

normalized earnings even after adding the control variables.

In Panel C of Table 5, scaled price continues to be the only predictor of

expected returns in high diversi�cation portfolio and aggregate earnings has

no predictive power, con�rming our previous results (in Panel D of Table 4).

And Panel D reveals that in low diversi�cation portfolio, aggregate earnings
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maintains to be positively and signi�cantly correlated with one quarter ahead

returns at the market level even after we control for the macroeconomic

variables. 30 The robustness of our results show that at the aggregate-level,

if the markets are signi�cantly less diversi�ed or if the markets are highly

synchronous, the information content of �rm-level earnings about future cash

�ows is not fully diversi�ed away and higher aggregate earnings forecast

higher returns.

2.5 Conclusion

We examine the explanatory power of earnings yield and aggregate earnings

in forecasting market level expected returns in international markets. Rel-

evant literature argues that, in US, aggregate earnings do not contain any

information at the market level about expected future cash-�ows. Because

any cash-�ow information contained in �rm-level earnings gets diversi�ed

away due to aggregation when market level earnings are formed. This is due

to lower comovement of stocks (low stock price synchronicity) and highly

diversi�ed nature of the US market index. In this paper, we show that in

contrast to low synchronous and highly diversi�ed markets, earnings yield

signi�cantly positively covaries with expected returns in high synchronous

and less diversi�ed countries. Next, normalized variables are constructed

similar to the relevant literature, and hence the predictive power of earnings

yield in synchronous and highly diversi�ed markets is decomposed into the

predictive power of aggregate earnings and that of the price. We prove that

aggregate earnings has predictive power in their own right and is positively

related to future market returns in high synchronous and less diversi�ed mar-

30To save space, in Table 5 only normalized variables is presented. The results remain
robust also for value-to-price ratio regressions and can be provided upon request.
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kets as opposed to low synchronous and more diversi�ed markets. Price is

negatively related with future market returns in both portfolios indicating

the strength of mean reversion.

Our results indicate that when �rm-level earnings are aggregated to gen-

erate the market-level earnings, whether the information content of �rm-level

earnings about future cash �ows diversi�es away depends on the level of the

synchronicity and diversi�cation in one market. We argue that due to high

levels of fundamentals�co-movement in synchronous markets, the predictive

component of the �rm-level earnings (unsystematic earnings) is not fully

diversi�ed away at the market level. Thus, there exists a positive and signif-

icant relation between aggregate earnings and expected returns. Moreover,

these �ndings are robust when we control for the macroeconomic variables

such as interest rate and consumer price index.
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Table I
Summary Statistics

Panel A shows the descriptive statistics of the price synchronicity measure for each country. We calculate

fjt =
max[njtup;njtdown ]
njtup+njtdown

following Morcket. al. (2000), where njtup is the number of stocks in country

j whose prices rise in week t, and njtdown is the number of stocks whose prices fall. We drop stocks

whose prices do not move to avoid bias due to non-trading. Panel B shows the descriptive statistics of

our diversi�cation measure for each country. It is calculated following Roll (1992). We calculateHjt =Pn
i=1w

2
ijt wijt is the market value proportion of country j�s index represented by stock i on day t. Column

1 is the mean. Column 2 is the standard deviation. Column 3 is the �rst quartile. Column 4 is the median.

Column 5 is the third quartile. Column 6 is the maximum value. Column 7 is the skewness. Column 8 is

the kurtosis. And the last column (N) gives the total number of weeks (Panel A)/days (Panel B) in our

sample.

Panel A
Country Mean Std Dev q1 q2 q3 Skewness Kurtosis N

Canada 0.6043 0.0841 0.5423 0.5837 0.6468 1.2253 4.4658 1992

Australia 0.6237 0.1004 0.5426 0.5984 0.6835 0.9932 3.3934 1992

Germany 0.6257 0.0974 0.5455 0.6034 0.6878 0.9054 3.2687 1992

United States 0.6306 0.0907 0.5561 0.6141 0.6908 0.7500 3.1071 1992

Belgium 0.6331 0.0990 0.5556 0.6111 0.6889 0.9310 3.5218 1992

France 0.6379 0.1081 0.5500 0.6136 0.7021 0.9254 3.1760 1992

Japan 0.6441 0.1064 0.5593 0.6214 0.7138 0.8706 3.3856 1992

Portugal 0.6447 0.1020 0.5600 0.6279 0.7143 0.6230 2.6688 1203

Israel 0.6482 0.1030 0.5624 0.6317 0.7152 0.6461 2.7958 1310

Brazil 0.6487 0.1090 0.5613 0.6372 0.7143 0.9887 4.1569 887

Holland 0.6498 0.1074 0.5591 0.6304 0.7222 0.6834 2.7567 1992

Chile 0.6508 0.1029 0.5641 0.6364 0.7253 0.5651 2.6635 1126

New Zealand 0.6519 0.1329 0.5556 0.614 0.7143 1.2472 3.9242 1285

Switzerland 0.6524 0.1067 0.5633 0.6364 0.7225 0.6933 2.8780 1992

United Kingdom 0.6555 0.1138 0.5602 0.6321 0.7321 0.6442 2.4847 1992
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Table 1-Continued
Panel A

Country Mean Std Dev q1 q2 q3 Skewness Kurtosis N

S. Africa 0.6560 0.1189 0.5576 0.6307 0.7333 0.7964 2.9049 1992

Indonesia 0.6590 0.1085 0.5669 0.6456 0.7345 0.5541 2.5602 1076

Thailand 0.6624 0.1045 0.5795 0.6495 0.7303 0.5621 2.7821 1256

Sweden 0.6642 0.1148 0.5667 0.6462 0.7404 0.5972 2.5911 1517

Pakistan 0.6651 0.1130 0.5735 0.6522 0.7313 0.7425 3.2372 1003

Italy 0.6705 0.1154 0.5762 0.6538 0.7560 0.4925 2.4123 1992

Finland 0.6714 0.1273 0.5672 0.6517 0.7434 0.8033 3.0679 1256

Cuprus 0.6784 0.1306 0.5714 0.6582 0.7500 0.8111 2.9757 939

Sri Lanka 0.6793 0.1186 0.5811 0.6632 0.7561 0.5984 2.7717 1255

Hong Kong 0.6836 0.1217 0.5808 0.6678 0.7778 0.4260 2.2280 1992

Romania 0.6837 0.1292 0.5778 0.6667 0.7576 0.6766 2.8669 781

Mexico 0.6845 0.1152 0.5938 0.6738 0.7692 0.3800 2.4060 1204

Hungary 0.6847 0.1384 0.5779 0.6667 0.7619 0.7560 2.7987 1044

Spain 0.6854 0.1316 0.5769 0.6667 0.7679 0.6389 2.7164 1308

Norway 0.6859 0.1572 0.5577 0.6471 0.7778 0.7629 2.4685 1989

Greece 0.6886 0.1215 0.5848 0.6793 0.7806 0.3399 2.1970 1204

India 0.6953 0.1422 0.5750 0.6706 0.7788 0.6894 2.5988 1196

Russia 0.6975 0.1458 0.5714 0.6687 0.7895 0.5950 2.4329 792

Colombia 0.6977 0.1259 0.5862 0.6923 0.7931 0.3340 2.2402 995

Korea 0.6990 0.1477 0.5749 0.6687 0.7878 0.6540 2.4470 1581

Peru 0.7011 0.1160 0.6082 0.7020 0.7846 0.2188 2.3968 1046

Austria 0.7012 0.1555 0.5714 0.6667 0.8333 0.6636 2.2554 1991
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Table 1-Continued
Panel A

Country Mean Std Dev q1 q2 q3 Skewness Kurtosis N

Slovenia 0.7059 0.1454 0.6000 0.7000 0.8000 0.4576 2.2436 686

Poland 0.7077 0.1630 0.5741 0.6667 0.8174 0.6628 2.1673 1019

Denmark 0.7096 0.1613 0.5741 0.6628 0.8421 0.6037 2.0065 1990

Singapore 0.7126 0.1369 0.5991 0.7006 0.8168 0.3034 2.0872 1992

Argentina 0.7213 0.1466 0.6000 0.7021 0.8286 0.3984 2.1339 1199

Venezuela 0.7215 0.1467 0.6000 0.7143 0.8333 0.3811 2.1041 1100

Malaysia 0.7223 0.1512 0.6040 0.6807 0.8333 0.4575 2.1602 1992

Turkey 0.7310 0.1316 0.6185 0.7324 0.8411 0.0458 1.9359 1191

Taiwan 0.7432 0.1473 0.6105 0.7382 0.8727 0.1016 1.7882 1221

Philippines 0.7485 0.1723 0.5971 0.7143 0.9091 0.2958 1.6833 1557

China 0.7654 0.1466 0.6436 0.7633 0.8951 -0.0366 1.8504 1025
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Table I -Continued

Panel B
Country Mean Std Dev q1 q2 q3 Skewness Kurtosis N

Japan 0.0091 0.0051 0.0066 0.0072 0.0093 3.1842 14.4166 9903

United States 0.0135 0.0115 0.0077 0.0107 0.0177 3.2620 36.3790 9903

Taiwan 0.0314 0.0289 0.0197 0.0227 0.0303 4.0164 20.1653 6072

Thailand 0.0325 0.0407 0.0192 0.0206 0.0243 4.9133 29.5621 6249

China 0.0415 0.1131 0.0061 0.0118 0.0262 4.7988 26.0747 5206

United Kingdom 0.0427 0.0162 0.0285 0.0384 0.0551 0.7108 2.7161 9903

France 0.0443 0.0144 0.0330 0.0406 0.0510 0.9885 3.1351 9903

Canada 0.0518 0.0379 0.0206 0.0434 0.0713 1.3116 5.2401 9903

Sri Lanka 0.0534 0.1218 0.0266 0.0306 0.0473 7.5122 58.4158 6243

Indonesia 0.0541 0.0181 0.0416 0.0511 0.0624 1.5464 7.7572 5403

Hong Kong 0.0661 0.0244 0.0397 0.0692 0.0854 0.1528 2.0237 9903

Germany 0.0676 0.0310 0.0464 0.0610 0.0719 1.1690 3.6573 9903

Sweden 0.0732 0.0329 0.0465 0.0703 0.0885 1.5398 6.8235 7553

Australia 0.0749 0.0333 0.0466 0.0710 0.0971 0.3163 2.1567 9903

Greece 0.0754 0.0426 0.0481 0.0543 0.0923 1.6129 4.8322 5988
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Table 1-Continued
Panel B

Country Mean Std Dev q1 q2 q3 Skewness Kurtosis N

S. Africa 0.0759 0.0479 0.0329 0.0414 0.1223 0.4989 1.7644 9903

Singapore 0.0837 0.0318 0.0573 0.0836 0.1135 -0.0170 1.8369 9903

Switzerland 0.0920 0.0263 0.0766 0.0872 0.0976 1.9822 7.7198 9903

Mexico 0.0924 0.0402 0.0639 0.0731 0.1131 1.4246 4.3825 5988

Denmark 0.0963 0.0308 0.0739 0.0874 0.1103 1.4563 5.4267 9903

Belgium 0.1004 0.0252 0.0771 0.1006 0.1188 0.4158 2.3621 9903

Pakistan 0.1017 0.0848 0.0472 0.0697 0.1260 2.0560 6.3952 5729

Colombia 0.1048 0.0485 0.0660 0.0835 0.1432 0.9317 2.6923 4945

Italy 0.1115 0.0468 0.0647 0.1062 0.1505 0.4939 2.2599 9903

Spain 0.1276 0.1914 0.0750 0.0838 0.0980 4.2951 19.6505 6504

Malaysia 0.1297 0.1489 0.0246 0.0308 0.2737 0.9585 2.2270 9903

Portugal 0.1366 0.0308 0.1059 0.1390 0.1626 -0.0457 1.6990 5987

Chile 0.1390 0.1967 0.0304 0.0345 0.2357 1.5212 3.7562 5988

Austria 0.1473 0.0898 0.0814 0.1109 0.2126 1.0332 2.8996 9903

Venezuela 0.1609 0.0889 0.0767 0.1429 0.2160 0.7121 2.7435 5467

Korea 0.1669 0.3090 0.0259 0.0468 0.0592 2.0439 5.2546 8074

Slovenia 0.1821 0.0970 0.1358 0.1682 0.1875 5.2335 36.4151 3432

Holland 0.1983 0.0941 0.1110 0.1889 0.2779 0.4055 2.0876 9903

Israel 0.2000 0.2008 0.0788 0.1293 0.2674 2.7647 11.0202 6512

Russia 0.2018 0.1218 0.1104 0.1696 0.2791 1.9152 9.1527 3987

Cyprus 0.2024 0.0717 0.1517 0.1811 0.2559 0.8106 3.4280 4698

Peru 0.2059 0.2391 0.0562 0.0864 0.3392 1.6073 4.3778 5206
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Table 1-Continued
Panel B

Country Mean Std Dev q1 q2 q3 Skewness Kurtosis N

Argentina 0.2073 0.0717 0.1430 0.2062 0.2702 0.1581 1.7591 5988

Turkey 0.2085 0.2363 0.0376 0.1344 0.2684 1.7493 5.4405 5988

Poland 0.2110 0.2440 0.0592 0.0952 0.2377 2.0781 6.7271 5132

Finland 0.2237 0.1819 0.0970 0.1481 0.3095 1.3709 3.6610 6248

India 0.2251 0.3441 0.0132 0.0183 0.3518 1.2165 2.7328 7814

New Zealand 0.2808 0.2587 0.0944 0.1539 0.4148 1.4863 4.6927 6501

Hungary 0.2951 0.1527 0.2169 0.2320 0.2990 2.3978 7.8801 5206

Romania 0.2986 0.1030 0.2247 0.2792 0.3289 1.3223 4.4952 3933

Brazil 0.3382 0.3986 0.0361 0.0663 0.8351 0.8459 1.9097 6243

Philippines 0.3683 0.4334 0.0509 0.0699 0.8469 0.7518 1.6011 8898

Norway 0.3684 0.2826 0.1352 0.2672 0.4868 0.9376 2.3276 9903
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Table 2

Forecasting Market Index Return in Full Sample

Panel A shows the parameter estimates and t-statistics from predictive regressions using value-to-

price ratios for the full sample consisting of 48 countries. We used �xed e¤ects regressions with clustered

standard errors in our panel data. In each regression, dependent variable is the quarterly log raw return

on the total market index of DataStream (TOTMK), rm;t+1. Independent variables are rm;t; (dt�pt),
(et�pt). (dt�pt) is the log dividend yield, (et�pt) is the log earnings yield. Panel B shows the parameter
estimates and t-statistics for scaled prices, dividends, and earnings for the full sample consisting of 48

countries. We used �xed e¤ects regressions with clustered standard errors in our panel data. In each

regression, dependent variable is the quarterly log raw return on the total market index of DataStream

(TOTMK), rm;t+1. Independent variables are rm;t; (pt�nt), (dt�nt), (et�nt): rm;t is current quarter�s
log of raw return. Ei;t is the sum of the past four quarters of total earnings; Pi;t is the market index

price of country i at the end of quarter t; Di;t is the sum of the past four quarters of total dividend; Ni;t
is a normalization variable, computed as the log of the average of the past �ve years of annual earnings,

calculated as the sum of the past 20 observations of quarterly earnings divided by �ve.; (ei;t�ni;t) is
log(

Ei;t
Ni;t

); (di;t�ni;t) is log(Di;tNi;t
) and (pi;t�ni;t) is log( Pi;tNi;t

). intt is the current quarter�s interest rate as

the discount rate obtained from IFS, cpit is the current quarter�s consumer price index obtained from IFS.
a;b;c indicate signi�cance at the 1%, 5% and 10% level, respectively.

Panel A. Value-to-Price Ratios
Constant dt�pt et�pt rm;t intt cpit R2 # obs

1 0.122a 0.037a 0.111 1.6 % 4281
(3.78) (3.2) (1.82)

2 0.174a 0.041 0.111 3.3 % 4281
(3.66) (3.21) (1.81)

3 0.186a 0.033 0.016c 0.117 3.4 % 4281
(3.72) (2.68) (1.86) (1.92)

4 0.203a 0.032 0.022b 0.108 0.015 3.8 % 3484
(3.90) (2.9) (2.1) (1.85) (0.1)

5 0.189a 0.033 0.016c 0.117 -0.011 3.4 % 4266
(3.77) (2.67) (1.86) (1.92) (-0.68)

6 0.206a 0.032 0.022b 0.108 0.013 -0.010 3.8 % 3484
(3.97) (2.9) (2.1) (1.85) (0.12) (-0.66)
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Table 2-Continued

Panel B. Normalized Variables
Constant pt�nt et�nt dt�nt rm;t intt cpit R2 # obs

1 0.131a -0.036a 0.108c 2.9 % 4281
(3.6) (-2.99) (1.75)

2 0.028a -0.011 0.083 1.6 % 4281
(2.83) (-0.9) (1.34)

3 0.192a -0.051a 0.007 0.028b 0.118c 3.6 % 4281
(3.77) (-3.38) (0.62) (2.35) (1.93)

4 0.210a -0.057a 0.013 0.028b 0.109c 0.015 3.9 % 3484
(3.96) (-3.89) (0.96) (2.57) (1.87) (0.1)

5 0.194a -0.051a 0.007 0.028b 0.118c -0.011 3.6 % 4266
(3.82) (-3.37) (0.64) (2.34) (1.93) (-0.68)

6 0.212a -0.057a 0.013 0.028 0.109c 0.013 -0.010 3.9 % 3484
(4.02) (-3.89) (0.97) (2.56)b (1.88) (0.12) (-0.66)

70



Table 3

Forecasting Market Index Return in Low versus High Synchronous Portfolios

48 countries in our sample are sorted according to their mean of synchronicity measure. In Panel A and

Panel B, low synchronous portfolio consists of 12 countries that have the lowest price synchronicity mean

of our sample. In Panel C and Panel D, high synchronous portfolio consists of 12 countries that have the

highest price synchronicity mean of our sample. We used �xed e¤ects regressions with clustered standard

errors in our panel data. In Panel A and Panel C, dependent variable is the quarterly log raw return

on the total market index of DataStream (TOTMK), rm;t+1. Independent variables are rm;t; (dt�pt),
(et�pt). (dt�pt) is the log dividend yield, (et�pt) is the log earnings yield. In Panel B and Panel D,
dependent variable is rm;t+1. Independent variables are rm;t; (pt�nt), (dt�nt), (et�nt): rm;t is current
quarter�s log of raw return. (ei;t�ni;t) is the log of normalized earnings; (di;t�ni;t) is the log of normalized
dividends; (pi;t�ni;t) is the log of normalized price. a;b;c indicate signi�cance at the 1%, 5% and 10% level,
respectively.

Panel A. Low Synchronous Portfolio-Value-to-Price Ratios
Constant dt�pt et�pt rm;t R2 # obs #countries

1 0.100a 0.029b 0.114 2.37% 1325 12
(2.74) (2.06) (1.50)

2 0.147a 0.034c 0.001 0.117 2.97% 1325 12
(2.68) (1.75) (0.08) (1.52)

Panel B. Low Synchronous Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t R2 # obs #countries

1 0.122b -0.035b 0.009 0.116 2.78% 1325 12
(2.48) (-2.02) (0.56) (1.52)

2 0.146a -0.036b -0.001 0.027c 0.117 3.01% 1325 12
(2.72) (-2.08) (-0.06) (1.65) (1.52)
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Table 3-Continued

Panel C. High Synchronous Portfolio-Value-to-Price Ratios
Constant dt�pt et�pt rm;t R2 # obs #countries

1 0.182a 0.058a 0.121b 4.42% 972 12
(3.50) (3.26) (1.98)

2 0.121a 0.020 0.044a 0.125b 4.82% 972 12
(3.55) (1.61) (2.63) (2.07)

Panel D. High Synchronous Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t R2 # obs #countries

1 0.194a -0.060a 0.048b 0.123b 4.49% 972 12
(3.45) (-3.26) (2.37) (2.00)

2 0.223a -0.064a 0.042b 0.019 0.125b 4.82% 972 12
(3.54) (-3.34) (2.19) (1.42) (2.05)
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Table 4

Forecasting Market Index Return in Low versus High Diversi�cation
Portfolios

48 countries in our sample are sorted according to their mean of their Her�ndahl-Index. In Panel A and

Panel B, high diversi�cation portfolio consists of 12 countries that have the lowest Her�ndahl-Index mean,

ranking in the bottom 25 percent of our full sample. In Panel C and Panel D, low diversi�cation portfolio

consists of 12 countries that have the highest Her�ndahl-Index mean, ranking in the top 25 percent of our

full sample. We used �xed e¤ects regressions with clustered standard errors in our panel data. In Panel A

and Panel C, dependent variable is the quarterly log raw return on the total market index of DataStream

(TOTMK), rm;t+1. Independent variables are rm;t; (dt�pt), (et�pt). (dt�pt) is the log dividend yield,
(et�pt) is the log earnings yield. In Panel B and Panel D, dependent variable is rm;t+1. Independent

variables are rm;t; (pt�nt), (dt�nt), (et�nt): rm;t is current quarter�s log of raw return. (ei;t�ni;t) is the
log of normalized earnings; (di;t�ni;t) is the log of normalized dividends; (pi;t�ni;t) is the log of normalized
price. a;b;c indicate signi�cance at the 1%, 5% and 10% level, respectively.

Panel A. High Diversi�cation Portfolio-Value-to-Price Ratios
Constant dt�pt et�pt rm;t R2 # obs #countries

1 0.156a 0.048a 0.042 2.07% 1348 12
(3.50) (2.88) (0.68)

2 0.204a 0.039b 0.012 0.039 2.76% 1348 12
(3.77) (2.00) (0.56) (0.65)

Panel B. High Diversi�cation Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t R2 # obs #countries

1 0.185a -0.055a 0.016 0.043 2.59% 1348 12
(3.65) (-3.12) (0.72) (0.71)

2 0.210a -0.055a 0.003 0.030 0.041 2.90% 1348 12
(3.81) (-3.12) (0.13) (1.35) (0.67)
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Table 4-Continued

Panel C. Low Diversi�cation Portfolio-Value-to-Price Ratios
Constant dt�pt et�pt rm;t R2 # obs #countries

1 0.172a 0.054a 0.134c 4.54% 773 12
(4.12) (3.86) (1.87)

2 0.264a 0.030c 0.047a 0.148b 5.51% 773 12
(3.29) (1.78) (3.66) (2.09)

Panel D. Low Diversi�cation Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t R2 # obs #countries

1 0.173a -0.054a 0.054 0.135c 4.54% 773 12
(3.48) (-3.37) (2.45) (1.85)

2 0.259a -0.075a 0.052a 0.031c 0.147b 5.53% 773 12
(3.16) (-3.22) (2.39) (1.81) (2.04)
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Table 5

Controlling for Macroeconomics Variables

In Panel A, low synchronous portfolio consists of 12 countries that have the lowest price synchronicity

mean of our sample. In Panel B, high synchronous portfolio consists of 12 countries that have the highest

price synchronicity mean of our sample. In Panel C, high diversi�cation portfolio consists of 12 countries

that have the lowest Her�ndahl-Index mean, ranking in the bottom 25 percent of our full sample. In

Panel D, low diversi�cation portfolio consists of 12 countries that have the highest Her�ndahl-Index mean,

ranking in the top 25 percent of our full sample. In each regression, dependent variable is the quarterly

log raw return on the total market index of DataStream (TOTMK), rm;t+1. Independent variables are

rm;t; (pt�nt), (dt�nt), (et�nt): rm;t is current quarter�s log of raw return. Ei;t is the sum of the past

four quarters of total earnings; Pi;t is the market index price of country i at the end of quarter t; Di;t is

the sum of the past four quarters of total dividend; Ni;t is a normalization variable, computed as the log

of the average of the past �ve years of annual earnings, calculated as the sum of the past 20 observations

of quarterly earnings divided by �ve.; (ei;t�ni;t) is log(Ei;tNi;t
); (di;t�ni;t) is log(Di;tNi;t

) and (pi;t�ni;t) is
log(

Pi;t
Ni;t

). intt is the current quarter�s interest rate as the discount rate obtained from IFS, cpit is the

current quarter�s consumer price index obtained from IFS. a;b;c indicate signi�cance at the 1%, 5% and

10% level, respectively.

Panel A. Low Synchronous Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t intt cpit R2 # obs #countries

1 0.146a -0.036b -0.001 0.027c 0.117 3.01% 1325 12
(2.72) (-2.08) (-0.06) (1.65) (1.52)

2 0.172a -0.047b 0.021 0.013 0.084 -0.000 3.23 % 1021 12
(2.67) (-2.39) (1.19) (0.73) (1.21) (-0.28)

3 0.163a -0.030 -0.004 0.018 0.107 -0.004 3.39 % 1325 12
(3.23) (-1.53) (-0.29) (1.01) (1.43) (-1.44)

4 0.211a -0.040c 0.021 -0.004 0.067 0.001 -0.003c 4.24 % 1021 12
(3.53) (-1.9) (1.17) (-0.18) (1.00) (0.96) -1.81
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Table 5-Continued

Panel B. High Synchronous Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t intt cpit R2 # obs #countries

1 0.223a -0.064a 0.042b 0.019 0.125b 4.82 972 12
(3.54) (-3.34) (2.19) (1.42) (2.05)

2 0.242a -0.077a 0.042b 0.017 0.127b 0.002 6.12% 807 12
(3.97) (-4.12) (2.22) (1.25) (2.17) (1.49)

3 0.233a -0.072a 0.045b 0.022 0.132b 0.000 4.93 % 972 12
(3.38) (-2.90) (2.24) (1.51) (2.2) (0.76)

4 0.251a -0.083a 0.045b 0.019 0.132b 0.001 0.000 6.19 % 807 12
(3.69) (-3.46) (2.23) (1.28) (2.26) (1.21) (0.55)
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Table 5-Continued

Panel C. High Diversi�cation Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t intt cpit R2 # obs #countries

1 0.210a -0.055a 0.003 0.030 0.041 2.90% 1348 12
(3.81) (-3.12) (0.13) (1.35) (0.67)

2 0.229a -0.061a 0.013 0.0316 0.057 -0.000 3.10% 1138 12
(2.98) (-2.92) (0.47) (1.23) (0.86) (-0.13)

3 0.213a -0.054a 0.002 0.030 0.040 -0.000 2.90 % 1333 12
(4.14) (-2.79) (0.08) (1.32) (0.66) (-0.36)

4 0.243a -0.059a 0.011 0.031 0.053 -0.000 -0.000 3.20 % 1138 12
(3.21) (-2.73) (0.39) (1.20) (0.81) (-0.17) (-1.15)
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Table 5-Continued

Panel D. Low Diversi�cation Portfolio-Normalized Variables
Constant pt�nt et�nt dt�nt rm;t intt cpit R2 # obs #countries

1 0.259a -0.075a 0.052a 0.031c 0.147b 5.53% 773 12
(3.16) (-3.22) (2.39) (1.81) (2.04)

2 0.264a -0.078a 0.041b 0.036c 0.139b 0.001 6.44% 729 12
(3.16) (-3.39) (1.97) (2.21) (1.96) (0.75)

3 0.276a -0.073a 0.053b 0.029c 0.144b -0.000 5.62 % 773 12
(3.63) (-2.93) (2.46) (1.66) (2.01) (-0.82)

4 0.276a -0.075a 0.043b 0.035b 0.136c 0.001 -0.000 6.51 % 729 12
(3.51) (-3.05) (2.06) (2.01) (1.92) (0.76) (-0.74)
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