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Abstract

This thesis paper test for stock return predictability in the largest and most comprehensive industry
data set analyzed so far, using three common forecasting variables: the earnings-price (EP), dividendprice (DP) and book-price (BP) ratios and a new (proposed) predictor variable – the residual equityprice (REP) ratio. Considering the three common forecasting variables, each has price as the
denominator, which explicitly represent the value an investor pays to own a share of stock. However,
the numerators of these ratios do not reflect the explicit gain or loss to the investor for owning the
share of stocks. That is, these three common forecasting variables do not reflect the most vital
characteristic of a shareholder being a residual-owner. Thus, evidence of return predictability using
these ratios could be interpreted as clueless and as a result of chance. The proposed predictor variable
– the REP ratio, provide antidote to this distortion.
The data contain over 10,000 quarterly observations from 88 companies listed on the New York
stock exchange. The companies (stocks) are pooled into a panel of industries according to the NYSE
U.S. 100 Index classifications. I conducted pooled regressions – employing the methodology of
Hjalmarsson (2010), as well as time-series regressions for individual companies.
The empirical results indicate that the three common financial ratios (EP, DP and BP ratios), as well
as the REP ratio are fairly robust predictors of quarterly excess stock returns, in industry dataset. The
null of no predictability is clearly rejected in the pooled regression for a number of industry panels,
as well as in a number of individual company level time-series regressions. However, considering
their out-of-sample performance – the REP ratio tremendously outperforms the historical average
forecasts, as well as the forecasts based on the EP, DP and BP ratios. The evidences are generally
inline with those found by Lewellen (2004), Campbell and Yogo (2006), and Cochrane (2008), with
U.S. data (index data); and Hjalmarsson (2010) with international data.

Keywords

Stock returns predictability, Predictive regressions, Industry stock returns, Industry panel
Additional information

CONTENTS
1 INTRODUCTION ................................................................................................ 6
2 THEORY AND EARLIER RESEARCH ........................................................ 10
2.1

Theoretical framework ............................................................................ 10
2.1.1 The random walk theory ................................................................. 10
2.1.2 The efficient market hypothesis ...................................................... 11

2.2

Evidences of stock return predictability ................................................ 13
2.2.1 Evidence of U.S. stock market return predictability ....................... 13
2.2.2 Documentation of return predictability on international markets ... 21

2.3

Summary ................................................................................................... 24

3 CONCEPT OF SHAREHOLDERSHIP .......................................................... 26
3.1

Who is a shareholder? ............................................................................. 26
3.1.1 Shareholder characteristics and rewards (returns) .......................... 26

3.2

The forecasting variables ........................................................................ 28
3.2.1 The earnings-price ratio .................................................................. 28
3.2.2 The dividend-price ratio .................................................................. 29
3.2.3 The book equity-price ratio ............................................................. 30
3.2.4 The residual equity-price ratio ........................................................ 30

4 DATA AND METHODS ................................................................................... 32
4.1

Pooled predictive regressions .................................................................. 32
4.1.1 Model and assumptions................................................................... 32
4.1.2 Motivations for pooling .................................................................. 34
4.1.3 Pooled estimation ............................................................................ 35

4.2

Test for poolability ................................................................................... 36

4.3

Data and descriptive statistics................................................................. 36

5 EMPIRICAL RESULTS ................................................................................... 41

5.1

Testing for poolability.............................................................................. 41

5.2

The earnings-price ratio .......................................................................... 43

5.3

The dividend-price ratio .......................................................................... 44

5.4

The book equity-price ratio..................................................................... 44

5.5

The residual equity-price ratio ............................................................... 45

5.6

Out-of-sample evidence ........................................................................... 46

6 SUMMARY AND CONCLUSIONS ................................................................ 52
REFERENCES ........................................................................................................ 54
APPENDICES
Appendix 1 Company level time-series results ............................................ 58
Appendix 2 Index composition data for NYSE 100 as of 02/24/2012 ......... 70

TABLES
Table 1. Summary statistics for excess stock returns of the industry
panels................................................................................................................... 38
Table 2. Summary statistics for the forecasting variables............................... 39
Table 3. Pooled results........................................................................................ 42
Table 4. Out-of-sample results for the earnings-price ratio............................ 47
Table 5. Out-of-sample results for the dividend-price ratio............................ 48
Table 6. Out-of-sample results for the book-price ratio.................................. 49
Table 7. Out-of-sample results for the residual equity-price ratio................. 50
Table 8. Company level time-series results for the earnings-price ratio
.............................................................................................................................. 58
Table 9. Company level time-series results for the dividend-price ratio
.............................................................................................................................. 61
Table 10. Company level time-series results for the book-price ratio............. 64
Table 11. Company level time-series results for the residual equity-price ratio
.............................................................................................................................. 67

6
1

INTRODUCTION

Predictability of stock returns is one of the most discussed and intensively debated
topics in empirical finance. Most studies, over the last four decades have evidenced
existence of predictable components in stock returns: mostly, using financial
variables such as dividend-price (DP), earnings-price (EP), book equity-price (BP)
ratios and various measures of the interest rate (e.g., Campbell 1987; Fama and
French 1988, 1989; Campbell and Shiller 1988; Ferson and Harvey 1991; Lewellen
2004; Campbell and Yogo 2006; Ang and Bekaert 2007; Cochrane 2008; Lettau and
Nieuwerburgh 2008; Pástor and Stambaugh 2009; Hjalmarsson 2010; Rapach,
Strauss and Zhou 2010; Ferreira and Santa-Clara 2011; Dangl and Halling 2012;
Rapach, Strauss and Zhou 2013).
Invariably, most of the studies above report that DP, EP and BP ratios forecast
aggregate stock market returns: using data from the U.S. and from other international
markets. Despite these evidences, there have been surprisingly few attempts at
furthering understanding this return predictability phenomenon using data other than
stock indices. Industry and company level data are the most vital data for investment
decisions. As a matter of fact, investors and finance professionals (e.g. asset
managers) do not care only about aggregate stock market performance (stock
indexes) but also industry performances, as well as company level performances.
This is because being inclined of what happens at the industry and company level
will inform profitable asset allocation and thus ultimately, yield positive investment
outcome.
In addition, considering the three common financial forecasting variables – EP, DP
and BP ratios, each has price as the denominator, which explicitly represent the value
(money) an investor pays to own a share of stock. However, the numerators of these
ratios do not reflect the explicit gain or loss to the investor, for owning the share of
stocks. That is, the numerators of these ratios do not reflect the most vital
characteristic of a shareholder being a residual-owner. Thus, the ratios deviate from
the most vital concept of an equity holder. Shareholders are known to be the residualowners of a company in the presence of insolvency or bankruptcy. Thus, a variable

7
that deviates from this concept and does show evidence of stock return predictability
can be said to be clueless. Thus, interpreting the outcome as a result of chance.
The objective of this thesis paper is twofold. First, by pooling companies into
industry panels and obtaining a large industry data set, I provide the most extensive
picture of stock return predictability at the industry level, as well as at the individualcompany level – employing three common valuation ratios as predictor variables.
The data contains over 10,000 quarterly observations from 88 companies listed on
the New York Stock Exchange (NYSE). Most of the data series dates back to 1981.
Second, I estimate and test the forecasting power of a new predictor variable that
incorporates the residual-owner characteristic of an equity holder.
One of the key characteristics of stockholders is that they are the last inline to the
claims of a company in the presence of bankruptcy. This means that bondholders and
all other creditors are paid from the proceeds of liquidation of the business first, after
which the remaining funds (if any) are distributed to the shareholders based on their
relative proportions of ownership. If there are no residual assets or proceeds
remaining after creditors have been paid, then the shareholders will have lost their
investment in the firm.
Nonetheless, when a company is in bankruptcy proceedings, there is a possibility to
negotiate its outstanding liabilities at a lower repayment amount. Also, some of the
company’s contracts that would have otherwise resulted in generating additional
liability over time can be terminated. Thus, nearly eliminating the possibility of
shareholders losing their investment in the firm.
Therefore, intuitively a financial variable that captures this key characteristic might
be essential in stock returns predictability, since it captures the explicit gain or loss to
an equity holder. I estimate a new financial variable, which I call the “Residual
Equity Value” based on the bankruptcy concept of a company. I divide this financial
variable by current market price to result in a ratio, which I call “Residual Equity to
Price (REP) ratio”. The residual equity value is computed on quarterly bases by
simply subtracting all liabilities from total asset value in the occurrence of
bankruptcy. Specifically, I compute it as bellow:
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𝐶𝐹𝑂 + 𝑁𝐹𝐴 − 𝐶𝐴𝑃𝐸𝑋 − 𝑁𝐷𝑇

(1)

where CFO and NFA are constituents of asset value denoting cash flow from
operations and net fixed asset, respectively, whereas CAPEX and NDT are
components of liabilities denoting capital expenditure and net debt, respectively. The
variables used for the computation are all at quarterly frequencies. Thus, the residual
equity value is computed at quarterly frequency with the assumption of the company
going bankrupt. The residual equity value is similar to book value (book equity).
However, the difference is that the first employ a much more reliable approach – free
from manipulations, and thus incorporates the bankruptcy concept than the latter.
Therefore, the residual equity-price ratio measures the value per share, a shareholder
gain or loss relative to market price per share, in the occurrence of a company’s
business liquidation. The ratio fully captures the risk and returns of owning shares of
stocks. With this ratio, an investor get to know the amount of risk he is taking and the
return he might gain from his investment in a particular stock. The REP ratio is very
persistent and demonstrates extremely negative minimum values and extremely
positive maximum values (see Table 2 in chapter 4). This is because it fully captures
the risk and reward to the shareholder. Also, its persistent property might be a central
fact driving its predictability of returns. Cochrane (2009) demonstrate this fact, in his
asset-pricing book, using dividend-price ratio. Ilmanen (2011) share similar idea by
showing that, various valuation ratios have predictive correlations.
The overall picture from the theoretical framework pertaining to this study is based
on two focal financial economies theory: the “Random Walk” and “Market
Efficiency” theory. In summary, these theories asset that return predictability in an
efficient market is near impossible.
In the empirical analysis, I perform pooled regressions as well as time-series
regressions for individual companies. In both types of analyses, I estimate
regressions for 3 of the most commonly used financial forecasting variables: the EP,
DP and BP ratios, as well as the proposed predictor variable – the REP ratio. In the
pooled regressions, companies are grouped into an industry panel according to the
NYSE U.S. 100 Index classifications. A total of nine industry panels were obtained.
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Contrary to the theoretical view, the results in this paper show that returns are
predictable. The results indicate that the EP, DP and BP ratios as well as the REP
ratio are fairly robust predictors of excess stock returns in industry dataset. The null
of no predictability is clearly rejected in the pooled regression for a number of
industry panels (e.g., health care, oil & gas, tech & telecom, utilities, basic materials,
consumer goods and industrials), as well as in a number of individual company level
time-series regressions. However, considering their out-of-sample performance, the
REP ratio tremendously outperforms the historical average forecasts as well as the
forecasts based on the EP, DP and BP ratios. These evidences are generally inline
with those found by Lewellen (2004), Campbell and Yogo (2006), and Cochrane
(2008), with U.S. data (index data); and Hjalmarsson (2010) with international data.
The rest of the paper is organized as follows. Chapter 2 review and discuss the
theoretical framework pertaining to the purpose of the study. In capture 3, I review,
discuss and relate the forecasting variables to the concept of shareholdership. Data
description and the methodology employed are presented in Chapter 4. Chapter 5
presents the empirical results, including out-of-sample exercises. Chapter 6
summarizes and concludes with some suggestion for further research. Finally, the
components of the NYSE U.S. 100 Index and how they are classified into industries
are found in the Appendix.
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2

THEORY AND EARLIER RESEARCH

In this chapter, we review and discuss the theoretical framework pertaining to the
purpose of our study. This involves theories and research findings relevant for
understanding stock market behavior, as well as return predictability.
2.1

Theoretical framework

Despite the numerous financial economic theories on stock market (stock prices or
returns) behavior, the most renounced is Professor Fama’s work of demonstrating
that stock prices are close to a random walk (Fama (1965)) and thereafter,
developing the Efficient Market Hypothesis (EMH) (Fama (1970)).
2.1.1 The random walk theory
The “Random Walk” as an asset pricing theory is the idea that stock prices take
random and unpredictable path. This implies that past movement or trend of a stock
price cannot be used to predict its future movement. Thus, investors would not be
able to increase the expected gains of their investments through chart reading or
studying of past price behavior.
Random Walk theory as a behavior of stock price can be traced back to the mid
1950’s and early 1960’s. Kendall (1953) examined prevailing assumptions regarding
price series where: “It has been customary to analyze an economic time-series by
extracting from it a long-term trend for separate study and then scrutinizing the
residual portion for short-term oscillatory trends and random fluctuations”. In his
study, which examined 22 stocks and commodity price series, he concluded that: “in
series of prices which are observed at fairly closed intervals, the random changes
from one term to the next are so large as to swamp any systematic effect which may
be present. Further, he mentioned that the data almost behave like wandering series”.
Along this line, the empirical finding of near-zero serial correlation of price changes
was, at that time, inconsistent with the views of financial researchers. This new
research finding came to be labeled “the random walk theory”. Thereafter,
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academicians and practitioners contributed to the study with both theoretical and
empirical findings.
However, it was not until 1965, that the “random walk theory” reached a focal point.
Fama (1965) investigated the serial dependence and distribution of stock market
returns, and showed that: “it seems safe to say that this paper has presented strong
and voluminous evidence in favor of the random-walk hypothesis”. With this
pronouncement, Fama proceeded to develop a well-known and yet highly debated
hypothesis, the Efficient Market Hypothesis.
2.1.2 The efficient market hypothesis
The Efficient Market Hypothesis (EMH) asserts that financial markets are
“informationally efficient” and therefore one cannot consistently achieve returns in
excess of average market returns on a risk-adjusted basis, given the information
available at the time the investment is made (Fama (1970)).
Fama (1970) mentioned three conditions for a market to be considered efficient. A
market, which (1) “there are no transaction costs in trading securities, (2) all
available information are costless and available to all market participants, and (3)
all investors have the same expectation, i.e. all market participants agree on the
implication of current information for the current price and distribution of future
prices of each security.
In line with the above conditions, Fama suggested three forms of efficiency: “weak”,
“semi-strong”, and “strong”. The weak form of the EMH states that prices on traded
securities already reflects all past publicly available information. This implies that an
investor will not be able to predict future price movements using historical
information. The semi-strong form of the EMH states both that prices reflect all
publicly available information and that prices instantly change to reflect new public
information. This gives the implication that it will be impossible for an investor to
use any form of analysis such as technical or fundamental analysis, based on publicly
available information to perform a trade that yield abnormal return. The strong form
of EMH additionally claims that prices instantly reflect even hidden or “insider”
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information. This implies that all information about the company that insiders, such
as the Chief Executive Officer’s (CEO’s) and the board of directors possess, have
already been incorporated in the stock price.

Therefore, under this form of

efficiency, an investor who tries to beat the market through acquiring new
information is a waste of time and resources.
To continue, Malkiel (1992 and 2003) offered a more explicit definition of the
efficient market hypothesis. Malkiel define a market to be efficient if asset prices are
unaffected by revealing information to all participants. That is efficiency with respect
to a particular information set imply that it is impossible to make economic profit by
trading on the basis of that information set. In particular, Malkiel (2003) examines
the critics of the efficient market hypothesis and the opinion that stock prices are
partially predictable. With thorough analyses and examination of the relationship
between predictability and efficiency, he concluded that stock markets are far more
efficient and far less predictable than what some critics of the EMH would have us
believe.
However, Cochrane (2011) surveys facts, theories, and applications of discount rate
variations. With thorough analyses, assumptions and links to data, in comparison to
the different forms of market efficiency theory by Fama (1970): Cochrane (2011)
show that all price-dividend ratio volatility corresponds to variation in expected
returns. None corresponds to variation in expected dividend growth, and none to
rational bubbles. Therefore, concluding that discount rate variation is rather the
central organizing question of current asset-pricing research, and not expected
discounted cashflows as previously thought. As most of the puzzles and anomalies
cropping up in modern asset pricing point to incompressible discount rate variation.
In line with Cochrane (2011 & 2008), numerous recent studies have shown that stock
returns are predictable, if not, at long horizons. For instance, macro variables such as
dividend yield seem to predict long horizon returns particularly well. Nonetheless,
recent rational asset pricing theories assert that predictable component of stock
returns may result from exposure to time-varying aggregate risk (long-horizon
volatility), and predictive models that consistently capture this time-varying
aggregate risk premium will likely remain successful over time. Therefore, the
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misconception that stock return predictability is contrary to market efficiency should
be rooted-out. Thus, market efficiency is consistent with predictable return processes,
so long as predictability is consistent with exposure to time-varying aggregate risk.
These arguments and misconception of return predictability and market efficiency
lead us to review and discuss some empirical findings and documentations of return
predictability below.
2.2

Evidences of stock return predictability

There is ample evidence that stock market returns are predictable using variety of
macroeconomic variables. In this section, we review and discuss some of these
evidences. First, we look at some evidence on the U.S. market. Next, we talk about
the documentation of return predictability on international markets; and finally, we
summarize and conclude.
2.2.1 Evidence of U.S. stock market return predictability
Documentation of U.S. aggregate stock market return predictability can be traced
back to Cowles’s (1933) seminar paper, “Can Stock Market Forecasters Forecast?”
Thereafter, there were some prominent studies in the 1960s and 70s such as Cootner
(1962), Fama and Blume (1966), and Jensen and Benington (1970). However, it was
during the 1980s that a spate of studies reported that numerous economic variables
predict U.S. aggregate stock market returns. We review some of these studies below.
Using data from the United States (U.S.) over the period 1927-1986, Fama and
French (1988) examine the power of dividend-price ratio (dividend yield) to forecast
stock returns on the value and equally weighted portfolios of New York Stock
Exchange (NYSE). They went about this by using a basic regression model that
relates stock returns to the predictor variable, dividend yield.
Fama and French (1988) find that regressing of returns on DP ratios often explain
more than 25% of the variances of two- to four-years returns. Therefore, concluding
that the power of dividend yields to forecast stock returns increases with the return
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horizons. Further, Fama and French suggested two explanations for their finding.
First, they explain that if expected returns have strong positive autocorrelation,
rational forecasts of one-year returns, one to four-years ahead are highly correlated.
Hence, as a result, the variance of expected returns grows faster with the return
horizon than the variance of the unexpected returns. Lastly, they find that the growth
of the variance of unexpected returns with the return horizon being attenuated by a
discount-rate effect, also provide an explanation for their finding.
Along the same line, Fama and French (1989) investigate whether expected bond and
stock returns are related to business conditions. Using data from the Centre for
Research in Security Prices (CRSP) over the period 1927-1987, they specifically
investigate whether returns to bonds and stocks are explained by the same
forecasting variables; and also whether their returns are related to clear businesscycle patterns.
Fama and French (1989) find that the dividend yield, the term spread and the default
spread predict both stock and bond returns. Also, they evidence that the returns to
bonds and stocks contain a risk premium that is related to longer-term aspect of
business conditions; the variation through time in this premium is stronger for lowgrade bonds than for high-grade bonds and stronger for stocks than for bonds. Thus,
concluding with a general statement that expected returns are lower when economic
conditions are strong and higher when economic conditions are weak.
However, Jensen, Mercer and Johnson (1996) extend the work of Fama and French
(1989) by including the impact of monetary policies on security returns: using data
from the U.S. over the period 1954-1992. Specifically, they test whether the relations
between expected asset returns and three business-conditions proxies – the term
spread, the default spread, and dividend yield are robust to the consideration of the
monetary sector.
Jensen, Mercer and Johnson (1996) find that business conditions explain future stock
returns only in expensive monetary policy periods, and only the dividend yield and
the default spread are significant. No longer does the term spread, a variable known
to forecast bond returns, also forecast stock returns. Cumulatively, they conclude that
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the behavior of business-conditions proxies and their influence on future asset returns
is significantly affected by the monetary sector.
To continue, Campbell and Shiller (1988a) investigate the relation between
accounting earnings, expected dividends and stock prices. Using annual observations
on prices, dividends and earnings for the Standard and Poor Composite Stock Index,
over the period 1871-1986: Campbell and Shiller find that long historical averages of
real earnings help forecast present values of future real dividends. The ratio of this
earnings variable to the current stock price is a powerful predictor of the return on
stock, particularly when the return is measured over several years.
In support, using two main data sets, firstly from the Standard & Poor’s Composite
Stock Price Index (S&P 500) over the period 1871-1986; and secondly from the
Center for Research in Security Prices (CRSP) over the period 1926-1985, Campbell
and Shiller (1988b) test a dividend-ratio model relating dividend-price (D/P) to the
expected future values of the one-period rates of discount and one-period growth
rates of dividend over succeeding periods. Specifically, they examine time variation
in stock prices relative to dividends. Campbell and Shiller report three sets of
findings. First, there is some evidence that the log dividend-price ratio does move
with rationally expected future growth in dividends. Second, the various measures of
short-term discount rates – short-term interest rates, consumption growth, and the
volatility of stock returns – are unhelpful in explaining stock price movements. And
finally, there is substantial unexplained variation in the log dividend-price ratio.
However, Fama (1990) investigates whether total return variation are explained by a
combination of shocks to expected cash flows, time-varying expected returns, and
shocks to expected returns. Using real returns on the value-weighted portfolio of
NYSE stocks for the sample period 1953-1987, Fama find that a large fraction of the
variation of stock returns can be explained, primarily by time-varying expected
returns and forecasts of real activity. Specifically, he found that variables that proxy
for expected returns and expected return shocks capture 30% of the NYSE valueweighted returns. Growth rates of production, used to proxy for shocks to expected
cash flows, explain 43% of the return variance. Further, a combination of these
variables explains about 58% of the variance of the annual returns.
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Further, Cook and Rozeff (1984) examine stock returns in relation to both size and
earnings-price (EP) ratio. Specifically, they jointly tests the size and EP effects on
returns using nine different methods for estimating abnormal returns, three different
portfolio formation rules, and a variety of statistical tests over a common time period.
The data is from the U.S. stock market, covering the period 1964-1981. Cook and
Rozeff find that equity returns are related to both the size and earnings-price ratio as
well as the month of January.
In support, Fama and French (1995) studied whether the behavior of stock prices, in
relation to size and book-to-market-equity (BE/ME), reflects the behavior of
earnings. Using data from the NYSE over the period 1963 to 1992, Fama and French
find that high BE/ME signals persistent poor earnings and low BE/ME signals strong
earnings. Further, they found that stock prices forecast the reversion of earnings
growth observed after firms are ranked on size and BE/ME. Finally, they argue that
market and size factors in earnings help to explain those in returns.
However, in contrast, Kothari and Shanken (1997) using data over the period 1926 to
1991 investigates the ability of book-to-market (BM) ratio to track time-series
variation in expected market index returns and compares its predictive power to that
of dividend yield. The data was from the Center for Research in Security Prices
(CRSP). Kothari and Shanken employed a vector-autoregressive (VAR) framework
as well as a Bayesian-bootstrap simulation in their analyses: to evaluate the statistical
and economic significance of the model evidence of return predictability.
Kothari and Shanken (1997) report that both dividend yield and book-to-market ratio
capture time-series variation in expected real stock returns over the sample period
1926 – 1991 and during the sub-period 1941 – 1991. The book-to-market ratio
predictability is stronger over the full sample period whereas the dividend yield
relation is stronger in the sub-period.
Furthermore, Rozeff (1984) discuss three separate, interrelated topics: equity risk
premiums, random walks, and the bond-stock yield spread. Specifically, he
investigates the use of dividend yields to measure ex ante equity risk premiums. The
data is from the U.S. stock market over the period 1926-1982.
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Rozeff (1984) report that returns increase continuously and monotonically as
dividend yield increases. Thus, stock market returns are not a random walk and that
current dividend yield provides a clue to future return predictability. Further, he
suggested that the dividend yield as a measure of ex ante risk premiums explains
why this is so. High returns tend to occur when the investment environment is
perceived to be so risky that investors demand a high premium for holding stocks.
Low returns tend to occur when the investment environment is perceived to hold
such little risk that investors demand a low risk premium for holding stocks.
Moreover, Pesaran and Timmermann (1995) examine the economic significance of
U.S. stock returns predictability. In particular, they investigate whether the evidence
of U.S. stock returns predictability could have been historically exploited by
investors – to earn profits in excess of a buy-and-hold strategy in the market index.
Pesaran and Timmermann (1995) report that various economic factors over stock
returns changes through time and tends to vary with the volatility of returns with
respect to their predictive power.
Hodrick (1992) test the statistical properties of three alternative methods of
conducting inference and making measurements in long-horizon forecasting
experiments with application to dividend yields as predictors or stock returns. Using
data from the U.S. over the period 1952-1987, he specifically investigates the
predictability of stock returns at five horizons, from one month to four years. By
employing Monte Carlo analysis Hodrick reported that the VAR test provide strong
evidence of the predictive power of one-month-ahead returns. The VAR analysis
provides an alternative way to calculate various long-horizon statistics, including
implied slope coefficients, R2’s, and variance ratios. The estimates and Monte Carlo
results support the conclusion that changes in dividend yields forecast significant
persistent changes in expected stock returns.
However, Avramov (2002) implemented a Bayesian model averaging approach to
analyze the sample evidence on return predictability incorporating model
uncertainty. Specifically, they studied the implications of model uncertainty from
investment perspectives.
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Avramov (2002) report three sets of findings. First, he evidence that a model that
averages across various return generating processes displays robust properties. That
is, the model produces zero mean out-of-sample forecast errors that are serially
uncorrelated over time. Second, Avramov argues that the evidence supports both insample and out-of-sample return predictability. However, incorporating model
uncertainty can substantially weaken the predictive power of economic variables.
Lastly, he document that the predictive power of term and market premia is superior
to other predictors. In particular, trend-deviation- in-wealth is a robust predictor of
quarterly returns only if the shares of nonhuman wealth and labor income are
computed based on quantities observed after the prediction is made.
Nonetheless, Campbell and Yogo (2006) reexamine the evidence for predictability
using tests that are valid when predictor variables are highly persistent or near unit
root. In particular, they proposed a pretest to determine whether conventional
predictive tests leads to invalid inference and an efficient test that corrects this
problem. They implement the test on U.S. equity data using predictor variables such
as EP and DP ratios, the short-term interest rate and the term spread.
Campbell and Yogo (2006) find that conventional predictability tests such as the ttest leads to valid inference for the short-term interest rate and the term spread but
however it can lead misleading inference when considering the EP and DP ratios. In
conclusion, they find the short rate and the term spread to predict returns in post1952 sample data as well as a weaker but reliable evidence of predictability for both
the EP and DP ratios over the full sample period. To wrap up, Campbell and Yogo
suggest that there are predictable components in stock returns, but one that is tedious
to detect without careful implementations of efficient statistical tests.
Further, Menzly, Santos and Veronesi (2004) studied the ability of valuation ratios to
predict future returns. Specifically, they studied the behaviour of aggregate market
during the 1990s, which saw high price-dividend ratios and high returns. They
studied this problem using quarterly dividends, returns, market equity, and other
financial series obtained from the CRSP over the period 1947-2001. They show that
a general equilibrium model in which both investors’ preferences for risk and their
expectations for future dividend growth are time-varying produces several insights
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about the relationship between valuation ratios, expected returns and expected future
cash flow. First, they find that while changes in risk preferences generate the
traditional negative relation between price/dividend ratios and expected returns, the
variation in expected dividend growth generates a positive one.
To continue, Menzly, Santos and Veronesi (2004) argue that intuitively, a higher
expected dividend growth implies both a higher price-dividend ratio and a riskier
asset since its cash flows are expected farther in the future. The asset’s duration is
longer, and thus the expected return is higher. Second, these offsetting effects
weaken the ability of the dividend yield to forecast returns and essentially eliminate
its ability to predict future dividend growth. Third, predictive regressions for returns
should include both the dividend yield and the consumption-price ratio to disentangle
the effect that changes in risk preferences and expected dividend growth have on
prices and returns. Fourth, there is a direct link between the predictability of future
cash flows – by the share of dividends over consumption in the proposed model –
and the ability of the dividend yield to predict future returns.
Similarly, Lewellen (2004) investigate whether financial ratios can predict aggregate
stock returns. Specifically, he examined whether dividend yield can predict
aggregate stock returns. Data on prices and dividends are from CRSP database. Data
on earnings and book values are from Compustat. All data covers the period 1946 to
2000. Lewellen found that dividend yields predicts market returns during the sample
period. Also, he found that book-to-market and earnings-price ratio predicts returns
during a shorter sample period from 1963-2000.
Moreover, Cochrane (2008) perform thorough analysis in defense of return
predictability. Specifically, he examines and explores the question whether returns
are predictable? Focusing on the U.S. stock market, Cochrane dived into finding
rational economic and statistical answers to the above mention research question: by
examining dividend growth, dividend yield and long-run regressions.
By forming a null hypothesis in which returns are not predictable, and changes in
expected dividend growth capture the variation of dividend yields, Cochrane (2008)
find that the absence of dividend-growth predictability provides much stronger
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evidence against the null of no predictability. Cochrane show that the long-run
coefficient estimates capture these observations and tie them to modern volatility
tests, which assert that all variation in market price-dividend ratio is accounted for by
time-varying expected returns, and none by time-varying dividend-growth forecasts.
Goyal and Welch (2008) examine the out-of-sample performance of a long list of
predictors. They compare forecasts of returns at time t+1 from a predictive regression
estimated using data up to time t with forecasts based on the historical mean in the
same period. They find that numerous economic variables which evidence
predictability in-sample fails to produce consistent out-of-sample predictability
relative to the historical average. Thus, the historical averages perform better out-ofsample than traditional predictive regressions. Goyal and Welch (2008) conclude that
these models uncertainty and instability seriously impair forecasting ability and
would not have helped an investor with access only to available information to
profitably time the market.
Nonetheless, Ferreira and Santa-Clara (2011) propose an alternative method to
predict stock market returns. Specifically, they applied the proposed method – which
they named “ the sum-of-the-parts (SOP)” to forecast stock market returns out-ofsample over the period 1927 – 2007. They use the same data as Goyal and Welch
(2008). Ferreira and Santa-Clara (2011) report that the SOP performs better out-ofsample than both the historical average and conventional predictive regressions.
Further, they argue that investors can gain significantly by implementing their
method as well as timing the market.
Moreover, Dangl and Halling (2012) using monthly returns of the S&P 500 from
1937 to 2002 examined two fundamental questions of equity return predictability.
Specifically, they investigate whether out-of-sample predictability exists, and what
are the important predictive variables? Dangl and Halling analyze these questions by
estimating predictive regressions that explicitly allow for time-variation of regression
coefficients. For this purpose, they employed a Bayesian econometric method that
enables time-varying coefficients that follows a random walk.
Dangl and Halling (2012) report the following results. First, they found large,
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significant and consistent improvements in the accuracy of out-of-sample predictions
if models with time-varying coefficients are considered. Implying that economically,
an investor who employs a time-varying model outperforms both an investor who
uses constant-coefficients models and an investor who uses unconditional mean and
variance.
Second, Dangl and Halling (2012) report that predictability is closely related to
business cycle. Specifically, they find that on average, their model predicts a
decreasing equity risk premium expansions and an increasing equity risk premium
during recessions. Finally, they found that modeling with time-varying coefficients
as a random walk explains changes in underlying relations such as changes in
regulatory environment in the case of the dividend yield.
However, Cochrane (2008) argue that poor out-of-sample R2 (poor out-of-sample
performance) does not reject the null hypothesis that returns are not forecastable.
That is out-of-sample R2 is not a test statistic that give stronger evidence about return
predictability than regression coefficients and or other standard hypothesis tests.
In sum, the documentation of return predictability on the U.S. market is
predominantly in-sample. Thus, bringing into question the reliability and consistency
of these findings. However, recent studies have shown that there exist predictable
stock returns out-of-sample, as well. However, caution has to be taken in interpreting
the out-of-sample tests. These numerous evidence makes studies of such a kind
interesting and fascinating, for the reason that: there is always something new to
research. This leads us to survey some evidence of stock return predictability on
international markets.
2.2.2 Documentation of return predictability on international markets
Although the leading theme of our study is on the U.S. stock market, we review
some evidence of stock return forecasterbility in international markets. This is
because U.S. as a market influences and plays major roles in the functioning of other
stock markets. We start with the study by Cutler, Poterba and Summers (1991).
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Cutler, Poterba and Summers (1991) examined the characteristic speculative
dynamics of returns to stocks, bonds, foreign exchanges, real estate, collectibles, and
precious metals. Using data from thirteen developed countries and across asset
classes: Cutler, Poterba and Summers (1991) report four sets of findings. First, they
find that asset returns are positively serially correlated at higher frequencies. Second,
returns are weakly negatively serially correlated over long horizons. Third,
deviations of asset values from proxies for fundamental value have predictive power
for returns. Finally, short rates are negatively correlated with excess returns on other
assets.
However, Ang and Bekaert (2007) investigate whether stock return predictability
exists. Specifically, they examine the predictive power of the dividend yields for
forecasting excess returns, cash flows, and interest rates. Ang and Bekaert analyse
this problem using data from four developed countries.
Ang and Bekaert (2007) report three sets of findings. First, they find some evidence
of

long-horizon

predictability,

but

it

disappeared

when

corrected

for

heteroskedasticity. Second, they found that the most robust predictive variable for
future excess returns is the short rate, but it is significant only at short-horizons.
Whereas, the dividend yield does not univariately predict excess returns, the
predictive ability of the dividend yield is considerably enhanced, at short-horizon, in
a bivariate regression with the short rate. Third, the dividend yield’s predictive
power to forecast future dividend growth is not robust across sample periods or
countries. Further, they find that high dividend yields are associated with high future
interest rates.
Moreover, Rapach, Wohar and Rangvid (2005) studied predictability of stock returns
in twelve industrialized countries, using macroeconomic variables. Specifically, they
re-examined the predictability of stock returns in international markets using a set of
standard macro variables – industrial production, inflation rate, unemployment rate,
money stocks, interest rate and the term spread. They considered both in-sample and
out-of-sample tests to determine whether there exist common pattern of return
predictability across countries using the macro variables.
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Rapach, Wohar and Rangvid (2005) report the following set of findings. First, they
find that interest rate consistently and reliably predict returns both in-sample and outof-sample in nearly all the 12 countries compared to the other variables. Second, they
find the forecasterbility power of the inflation rate to be limited to some countries
(especially the Netherlands and the U.S.) both in-sample and out-of-sample. Lastly,
Rapach, Wohar and Rangvid reveal that money stocks and the term spread also have
some predictive ability in some countries, whereas, in general, industrial production
and unemployment rate show limited evidence of forecasterbility.
Furthermore, Hjalmarsson (2010) test for stock return predictability using four
common forecasting variables: the dividend-price (DP) and earnings-price (EP)
ratios, the short interest rate and the term spread. The data contain over 20,000
monthly observations from 40 international markets, including 24 developed and 16
emerging economies.
Hjalmarsson (2010) report two sets of findings. First, he found that traditional
valuation measures such as the dividend-price (DP) and earnings-price (EP) ratios
have very limited predictive power in international data. Finally, he find that interest
rate variables such as short interest rates and term spread are more robust predictors
of stock returns – although their predictive power is mostly evident in developed
markets.
Notwithstanding, Rapach, Strauss and Zhou (2013) examine whether lagged U.S.
market returns can predict returns in non-U.S. industrialize countries. In particular,
they investigate whether lagged U.S. returns can predict returns from the following
countries – Australia, Canada, France, Germany, Italy, Japan, Netherlands, Sweden,
Switzerland and the United Kingdom. The sample data are at monthly frequency,
collected from the Global Financial Data over 1980 to 2010.
By employing pairwise Granger causality tests using augmented predictive
regressions Rapach, Strauss and Zhou (2013) report that lagged U.S. market returns
as a predictor variable significantly predict returns much better than the nominal
interest rate and dividend yields in the 10 industrialized countries mentioned above.
However, in contrast, the 10 industrialized countries returns do little explaining U.S.
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returns.
2.3

Summary

In summary, financial economic theories (asset pricing theories) assent that stock
returns follow a random walk. That is, it is near impossible to predict stock returns.
In simple terms, theories tell us that predictable component in stock returns will be
small and that out-of-sample R squared (R2os) statistics below 1% can be
economically relevant. Thus, predictive models that proclaim to capture large
proportions of stock return variations entail substantial risk-adjusted abnormal
returns and are simply too good to be true.
However, empirically, an ample of evidences assent that stock returns are
predictable, both in-sample and out-of-sample – using various macroeconomic
variables. These evidences have been documented on the U.S. stock market as well
as on international markets. Thus, implying that investors can gain abnormal returns
by exploiting the predictable component in stock returns.
Most of these empirical evidences are based on aggregate stock market returns (stock
indices) – using the following forecasting variables: dividend-to-price ratio,
earnings-to-price ratio, book-to-price ratio, the short rate and the term spread.
Notwithstanding, in this paper, we contribute to the earlier works by looking at
predictability at the industry level. This is because not only do investors care about
aggregate market performance but also what happens at the industry level. In fact,
investors and professionals (e.g. portfolio managers) do not actually care much about
aggregate stock returns predictability but predictability at the company level as well
as the industry level. Why, because this will inform efficient and profitable asset
allocation within the various sectors of the economy.
In addition to the above mention contribution, we propose a reliable forecasting
variable, the residual equity-price (REP) ratio that incorporates the residual-owner
characteristic of shareholders. The EP, DP and BP ratios lack this essential
characteristic of the equity holder. Shareholders are known to be the residual owners
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of a company in the presence of insolvency or bankruptcy. Thus, a variable that
deviates from this concept and does show evidence of return predictability can be
said to be clueless and interpreted as a result of chance. The REP ratio provide
antidote to this distortion.
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3

CONCEPT OF SHAREHOLDERSHIP

In this chapter, I review and discuss the concept of shareholdership. This includes
definition, characteristics and rewards to the shareholder. Lastly, I discuss and relate
the valuation ratios (forecasting variables) to this concept.
3.1

Who is a shareholder?

When a company or a corporation grows larger and requires more funds to grow its
business, invitation is given to the public to become part of its ownership through
sales of shares. Any entity (e.g. an individual, company or institution) that buys the
share (ownership) of the company becomes a part owner of the company. Thus, this
pool of part owners of the company is referred to as “shareholders”. As a
shareholder, there is the likelihood to profit if the company does well and also the
potential to lose, if the company does poorly. This returns and risk phenomenon
leads us into reviewing and discussing below, some characteristics and rewards to the
shareholder.
3.1.1 Shareholder characteristics and rewards (returns)
The characteristics of a shareholder can be classified into two entitlements: (1)
entitlement to rights and (2) entitlements to rewards (returns). As a shareholder of a
company, you are automatically entitled to certain rights as defined in the company
charter or constitution. The first is voting rights: common shareholders are the
corporation owners but not managers – therefore in order to participate in the internal
governance of the corporation, they are given voting rights. Through these voting
rights, they can elect board of directors to be a watchdog on management of the
corporation. They can also vote on major company measures as defined by the firm’s
charter. Again, they have the right to elect a new board if they do not like the way the
firm is being run.
Secondly, shareholders have the right of limited liability: that is as owners of the
corporation, they have protection against financial obligations of the corporation and
are only liable for their initial investments or shares’ value. Thirdly, they also gain
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preemptive rights: stockholders with preemptive rights gain access to new share
issues before the rest of the investing public, often at a discount. Lastly, shareholders
also have the right to the company’s annual financial statements, once they are made
available for issuance. This enables them to analyze how the firm is performing.
The other characteristic of the shareholder is the entitlement to rewards. This
entitlement to rewards is probably the most driving factor for owning a share of
stock. Three different main rewards or returns can be identified to common
shareholders of a company. The first is dividend payment: when a corporation earns a
profit, it may retain the profits for future business use or distribute the profits as
dividends to its common shareholders. That is dividend payment is the distribution of
a proportion of a company’s earnings, decided by the board of directors and thus can
be issued as cash payments or as share of stocks. Some shareholders receive this
dividend payment as source of income whereas others reinvest it into the company
by buying more shares of the company. Thus, dividend payment is one of the ways in
which shareholders profit from their ownership or investment in a company.
Second is capital gain: if dividends are not distributed, shareholders can still profit
from their ownership in a company by selling their shares at a higher price in the
secondary market (on the stock exchange) than the initial or original purchase price.
This is referred to as realizing capital gain profit. Thus, capital gain is an increase in
the value of a stock, resulting in a higher worth than its purchased price. However,
the gain is not realized until the stock is sold – since the gain is the difference
between the selling price and the purchased price. Therefore, the opposite, capital
loss is also plausible; shareholders may realize a capital loss if they sell the shares for
less than they paid for them. This highlights the riskiness (risky characteristic) of
owning shares of stocks.
Lastly, shareholders have residual claims to the company’s assets in the event of
bankruptcy or liquidation. This means that bondholders and all other creditors are
paid from the proceeds of liquidation of the business first, after which the remaining
funds (if any) are distributed to the shareholders based on their relative proportions
of ownership. If there are no residual assets or proceeds remaining after creditors
have been paid, then the shareholders will have lost their investment in the firm.
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Nonetheless, when a company is in bankruptcy proceedings, there is a possibility to
negotiate its outstanding liabilities at a lower repayment amount. Also, some of the
company’s contracts that would have otherwise resulted in generating additional
liability over time can be terminated. Thus, nearly eliminating the possibility of
shareholders losing their investment in the firm.
3.2

The forecasting variables

With the above review and discussions of the concept of shareholdership: I discuss
and relate the forecasting variables to this concept, in this section. The discussion
dives into answering the question: whether the predictor variables do reflect the
characteristics (rewards) to the shareholder.
3.2.1 The earnings-price ratio
Earnings-price ratio is an investment valuation ratio that signifies the rate at which
investors will capitalize a firm’s expected earnings in the coming period. It is
calculated by dividing the earnings per share of common stock by the current market
price of the stock. Theoretically, earnings-price ratio determines the fair value of a
stock in a perfect market. Thus, equity investors employ this ratio to evaluate
between different investments. That is to determine whether or not a stock is
underpriced or overpriced.
With the price of the stock being the denominator of the ratio, the EP ratio decreases
with increases in the stock price but increases with earnings. Now, relating the EP
ratio to the characteristics (rewards) of the shareholder: one expects the numerator of
the ratio (earnings) to explicitly reflect a reward or return to the shareholder – since
the denominator of the ratio (price) explicitly reflects the investment of the
shareholder.
A firms earnings is not explicitly a reward or return to the shareholder, as one can see
from the concept of shareholdership. Earnings do not explicitly reflect any of the
three main rewards to the shareholder (dividend payments, capital gain/loss, and
residual claims). Even though one can argue that dividend payment is a portion of
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firm earnings, it is not always the case as firms can leverage to pay dividends. In
support of this argument, chapters 8 of Ilmanen’s book, “Expected returns: An
investor's guide to harvesting market rewards” show that historically, analysts’
earnings forecasts have been upwardly biased – presumably due to behavioral biases
and analyst incentives (see Ilmanen (2011)).
Therefore with the EP ratio deviation from the rewards to the shareholder, one could
argue that it’s use as a predictor variable to forecast returns is baseless. Thus,
evidence of stock returns predictability by the EP ratio could be interpreted as
clueless and as a result of chance.
3.2.2 The dividend-price ratio
Dividend-price ratio measures the amount per share an investor gets through
dividend payments by a firm relative to its market price per share. In other words, it
measures how much cash flow an investor gets for each dollar invested. Most
investors employ this ratio to evaluate between relatively high and low dividendpaying stocks. Therefore, as most investors would prefer streams of cash flows from
their equity investment portfolios others prefer reinvestment of these cash flows.
Thus, the DP ratio enables investors to invest in stocks that suit their preference.
Even though the numerator of the DP ratio, dividend, is one of the rewards to the
shareholder, it does not always reflect the proportion of a firm’s earnings distributed
to its shareholders – since management could leverage (borrow) to pay dividends, in
order to pleased shareholders. Moreover, dividend, as a numerator of the DP ratio
does not fully reflect the returns to an investor for owning a share of stock.
Therefore, it is of no surprise that it use as a forecasting variable to predict stock
returns suffer inconsistencies.
In support of the above argument, Fama and French (2001) show that the proportion
of firms paying cash dividend have fallen over the years, and more firms are
becoming less likely to pay dividends. Further, Brav, Graham et al. (2005) find that
rather than increasing dividends, many firms now use repurchases as an alternative.
Moreover, Boudoukh et. al. (2007) studied the empirical implications of using
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various measures payout yield rather than dividend yield for asset pricing models.
They find that payout (net payout) yields contains information about the cross
section of expected stock returns, exceeding that of dividend yields.
3.2.3 The book equity-price ratio
Book equity-price ratio measures the accounting value of shareholders’ equity per
share to market price per share. In other words, it is a valuation ratio that indicates a
firm’s net assets available to its common shareholders relative to the sale price of its
stock, at the secondary market. Investors use the BP ratio to differentiate between
undervalued and overvalued stocks. A BP ratio over one implies that the market is
willing to pay less than the book equity per share and a ratio under one implies that
the market is willing to pay more. Thus, the first could mean that the stock is
undervalued and the latter overvalued.
However, since it is possible for companies to manipulate the BP ratio through
various means, investment valuations based on this ratio could be misleading, and
thus should be given careful thoughts. Moreover, due to the discrepancies of the
numerator of the ratio, shareholders equity, one could see its explicit deviation from
the rewards to the shareholder outline in the concept of shareholdership above – as
shareholders to do not directly earn book values.
Therefore, with these distortions surrounding the BP ratio, there is a cause for
argument about its use as a predictor variable to forecast stock returns. Thus, one
could argue that evidence of stock return predictability by the BP ratio is a result of
chance, and the results could be interpreted as being meaningless.
3.2.4 The residual equity-price ratio
Residual equity-price ratio measures the value per share, a shareholder gain or loss
relative to market price per share, in the occurrence of a company’s business
liquidation. The REP ratio captures fully the riskiness and returns of owning shares
of stocks. With this ratio, an investor get to know the amount of risk he is taking and
the return he might gain from his investment in a particular stock.
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One of the key characteristics of stockholders is that they are the last inline to the
claims of a company in the presence of bankruptcy. If a company is in bankruptcy
proceedings, it outstanding liabilities can be negotiated at lower repayment amount
and some contracts that would otherwise result in generating additional liabilities
over time can be terminated. Thus, nearly eliminating the possibility of shareholders
losing their investment in the firm.
Therefore, intuitively a financial variable that captures this key characteristic might
be essential in stock returns predictability, since it captures the actual gain or loss to
an equity holder. The residual equity value, which is the numerator of the REP ratio,
is computed based on the bankruptcy concept of a company. It is calculated on
quarterly bases by simply subtracting all liabilities from total asset value in the
occurrence of liquidation. Specifically, I compute it as bellow:
CFO + NFA – CAPEX – NDT.
where CFO and NFA are constituents of asset value denoting cash flow from
operations and net fixed asset, respectively whereas CAPEX and NDT are
components of liabilities denoting capital expenditure and net debt, respectively.
The variables used for the computation are all at quarterly frequencies. Thus, the
residual equity value is computed at quarterly frequency with the assumption of the
company going bankrupt. The residual equity value is similar to book value (book
equity). However, the difference is that the first employ a much more reliable
approach – free from manipulations, and thus incorporates the bankruptcy concept –
than the latter.
The REP ratio is very persistent and demonstrates extremely negative minimum
values and extremely positive maximum values (see Table 2 in chapter 4). This is
because it fully captures the risk and reward to the shareholder. Also, its persistent
property might be a central fact driving its predictability of returns. Cochrane (2009)
demonstrate this fact, in his asset-pricing book, using dividend-price ratio. Ilmanen
(2011) share similar idea by showing that, various valuation ratios have predictive
correlations.
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4

DATA AND METHODS

In this chapter, we first review and discuss pooled forecasting regressions; and
formalize statistical tests. Next, we discuss our motivation for pooling the data.
Further, we adopt a framework that test for poolability of the data; which is a test of
homogeneity of coefficients in a panel dataset. Finally, we describe our data in
accordance with earlier studies.
4.1

Pooled predictive regressions

Predictive regressions are prevalent in economics and finance literature. They are
frequently used to test whether past returns, interest rates, financial ratios and a
variety of other macroeconomic variables can forecast asset returns (e.g. stock and
bonds returns etc.). In this paper, we adopt the pooled predictive regression
framework by Hjalmarsson (2006 and 2010).
4.1.1 Model and assumptions
Consider a pooled panel model with dependent variables 𝑟𝑖,𝑡+1 , i=1,..., n, t=1, ... , T
and the corresponding vector of independent variables 𝑥𝑖,𝑡 , where 𝑥𝑖,𝑡 is an 𝑚 × 1
vector. In this paper, 𝑟𝑖,𝑡+1 is the next quarter excess stock return in company i, and
𝑥𝑖,𝑡 are the past quarter corresponding predictor variables. The model is as follows:
𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖′ 𝑥𝑖,𝑡 + 𝛾𝑖′ 𝑓𝑡+1 + 𝜖𝑖,𝑡+1 ,

(2)

𝑥𝑖,𝑡+1 = 𝛤𝑖,𝑡+1 + 𝜏𝑖′ 𝒵𝑡+1 ,

(3)

𝛤𝑖,𝑡+1 = 𝛢𝑖 𝛤𝑖,𝑡 + 𝜈𝑖,𝑡+1 ,

(4)

𝒵𝑡+1 = 𝛢𝑠 𝒵𝑡 + 𝑠𝑡+1 .

(5)

That is next quarter excess stock returns 𝑟𝑖,𝑡+1 are a function of the past quarter
values of the predictor variables, 𝑥𝑖,𝑡 , plus two factors representing company-specific
(𝜖𝑖,𝑡+1) and industry (𝑓𝑡+1) innovations. These two error terms are generally not
distinguishable in a typical time-series predictive regression. However, when pooling
data from several companies, it becomes vital to control for whether innovations to

33
returns are due to company-specific shocks or shocks that are common to all
companies in the sample. If one ignores this control, intuitively, the total amount of
variation in the pooled data is overstated and thus econometric inference will be
biased.
The vector of predictor variables, 𝑥𝑖,𝑡 is also assumed to be the sum of companyspecific (Γ𝑖,𝑡+1 ) and industry (𝒵𝑡+1 ) error terms. Both Γ𝑖,𝑡+1 and 𝒵𝑡+1 follows
autoregressive processes of order 1 ((AR(1)). More specifically, their autoregressive
roots are parameterized as being local-to-unity, such that Α𝑖 = 𝐼 + 𝐶𝑖 ⁄𝑇 and
Α𝑠 = 𝐼 + 𝐶𝑠 ⁄𝑇, where Α𝑖 and Α𝑠 are 𝑚 × 𝑚 matrices. This is a near unit-root
assumption that captures the degree of persistence in the predictor variables. The
near unit-root construction is used as a framework to enable an asymptotic analysis
where the persistence in the data remains large relative to the sample size, even if the
sample size increases to infinity.
Further, it is assumed that the predictor variables 𝑥𝑖,𝑡 (the regressors) can be
endogenous in the sense that 𝜖𝑖,𝑡+1 and 𝜈𝑖,𝑡+1 are contemporaneously correlated;
𝑓𝑡+1 and 𝑠𝑡+1 may be contemporaneously correlated as well, and can in fact, be
identical. The autoregressive roots Α𝑖 , or equivalently the local-to-unity
parameters 𝐶𝑖 , are independent and identically distributed (iid) random variables,
independently distributed of other random elements in the model. The factor loadings
𝛾𝑖 (𝑙 × 1) and 𝜏𝑖 (𝑘 × 1) are random coefficients that are iid across i and
independently distributed of the specific errors 𝜖𝑗,𝑡+1 and 𝜈𝑗,𝑡+1 and the common
factors 𝑓𝑡+1 and 𝑠𝑡+1 for all i, j, and t, with fixed means 𝛾 and 𝜏, and finite variances.
(For detailed model specifications, assumptions and asymptotic derivations: see
Hjalmarsson (2006 and 2010)).
Finally, from equation (2) above, it is easy to show that 𝛽𝑖 must be zero for all i (i.e.
𝛽𝑖 = 0; 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖) if expected quarterly excess returns are constant: which is the null
hypothesis. In all cases discussed, the alternative hypothesis is that 𝛽𝑖 is different
from zero, i.e. 𝛽𝑖 > 0, for all i. Thus, we are concerned with one-sided tests.

34
4.1.2 Motivations for pooling
By pooling the data, it is assumed that the slope coefficients 𝛽𝑖 are identical and
equal to 𝛽 for all i. Statistically and econometrically, it has been shown that pooling
the data leads to more precise estimates of the regression parameters (𝛼𝑖 𝑎𝑛𝑑 𝛽𝑖 )
compared to time-series and cross-sectional estimations of the individual parameters.
For instances, Hjalmarsson (2010) show that by pooling the data, a joint parameter
estimate is obtained. That is when 𝛽𝑖 = 𝛽, and 𝛼𝑖 = 𝛼, hold for all i, pooled
estimation lead to more precise estimates than the time-series estimation of each
individual 𝛽𝑖 .
Again, when the slope coefficients 𝛽𝑖 are not all identical, pooling the data may still
be useful. This is because, the pooled estimator will converge to a well-defined
average slope coefficient, thus making an assertion about the average predictive
relationship in the panel, which provides an essential framework for interpreting and
understanding the empirical results.
Further, compared to time-series and cross-sectional estimates, the pooled estimates
provide less noisy estimates of the slope coefficients 𝛽𝑖 . Hjalmarsson show this by an
out-of-sample forecasts based on the bias-variance trade-off between the pooled
estimator and time-series estimates. He concluded that pooled estimates dominate
those of time-series estimates.
Finally, and more importantly, the pooled estimator of the slope coefficients 𝛽𝑖 are
asymptotically normally distributed thus eliminating the usual near unit-root
asymptotic distributions found in the time-series case. Also, rate of convergence is
faster in the pooled case compared to the time-series case. Hjalmarsson (2006 and
2010) explain this as a result of additional cross-sectional information found in the
panel case.
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4.1.3 Pooled estimation
The pooled estimate of a common slope coefficient 𝛽 in equation (1) above,
assuming that there are no individual effects (i.e. 𝛼𝑖 ≡ 𝛼 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖) is given by:
𝑛

𝛽̂𝑘 =

−1

𝑇

′
(∑ ∑ 𝑥̃𝑖,𝑡 𝑥̃𝑖,𝑡
)
𝑖=1 𝑡=1

𝑛

𝑇

(∑ ∑ 𝑟̃𝑖,𝑡+1 𝑥̃𝑖,𝑡 ) ,

(6)

𝑖=1 𝑡=1

where
𝑛

𝑟̃𝑖,𝑡+1

𝑛

𝑇

𝑇

1
1
= 𝑟𝑖,𝑡+1 −
∑ ∑ 𝑟𝑖,𝑡+1 , 𝑎𝑛𝑑 𝑥̃𝑖,𝑡 = 𝑥𝑖,𝑡 −
∑ ∑ 𝑥𝑖,𝑡 .
𝑛𝑇
𝑛𝑇
𝑖=1 𝑡=1

(7)

𝑖=1 𝑡=1

Thus, 𝑟̃𝑖,𝑡+1 and 𝑥̃𝑖,𝑡 denote the cross-sectional demeaned data. Following the work of
Hjalmarsson (2010), it is shown that the pooled estimator produces efficient and
consistent parameter estimates if the assumptions above hold.
To continue, with the above estimation of the slope coefficient, standard tests can
0
now be performed. The null hypothesis of no predictability (i.e., 𝛽(𝑘) = 𝛽(𝑘)
, for
′

some k = 1,..., m, where 𝛽 = (𝛽(1) , . . . , 𝛽(𝑚) ) ) can be tested using a t-test as given
below:

𝑡𝑘 =

0
𝛽̂(𝑘) − 𝛽(𝑘)
′̂
√𝛼 𝛴2𝛼
𝑛𝑇

⇒

𝑁(0, 1),

(8)

̂ is the estimated covariance matrix, 𝛼 is an 𝑚 × 1 vector
as (𝑇, 𝑛 → ∞)𝑠𝑒𝑞 , where ∑
with kth component equal to 1 and 0 elsewhere, and 𝛽̂(𝑘) is the kth component of the
estimated slope coefficients.
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4.2

Test for poolability

Even though, Hjalmarsson (2010) show that pooled estimators are robust to
deviations from the assumption of homogeneous coefficients, it is still of importance
to evaluate whether they are in fact all equal or identical.
I adopt a poolability test that assumes homogeneity of both the slope coefficient and
the intercept of individual series in the panel data. Testing for poolability tests the
hypothesis that the same coefficients apply to each individual in the panel. In other
words, it test the null hypothesis of no individual effects (i.e., 𝐻0 : 𝛾𝑖 = 0, 𝑖 =
1, … , 𝑛.) against the alternative hypothesis of presence of individual effects (i.e.,
𝐻𝑎 : 𝛾𝑖 ≠ 0, 𝑖 = 1, … , 𝑛). More specifically, the test is a standard F test based on the
comparison of an ordinary least squares (OLS) model obtained for the full sample
and a fixed-effect (FE) model based on the estimation of each individual in the
sample. The hypothesis is evaluated using the F statistic given below:

𝐹=

(𝐸𝑆𝑆0 − 𝐸𝑆𝑆𝑎 )⁄(𝑛 − 1)
,
𝐸𝑆𝑆𝑎 ⁄((𝑇 − 1)𝑛 − 𝑘)

(9)

The test is a one-way test where 𝐸𝑆𝑆0 denotes the residual sum of squares under the
null hypothesis and 𝐸𝑆𝑆𝑎 the residual sum of squares under the alternative. Under
𝐻0 , the F statistic, F, is distributed with (𝑛 − 1, (𝑇 − 1)𝑛 − 𝑘) degrees of freedom.
The two sums of squares evolve as intermediate results from OLS and from FE
estimation. The null hypothesis of poolability is rejected if F statistic is huge and pvalue is less than 5% level of significance. We report this in column 4 of Table 2 in
the next chapter, with YES indicating existence of poolability–meaning the null of
homogeneous coefficients (i.e., 𝛽𝑖 = 𝛽, and 𝛼𝑖 = 𝛼, for all i) is not rejected; and NO
indicating absence of poolability–meaning the null of homogeneous coefficients is
rejected at the 5% level.
4.3

Data and descriptive statistics

I use the above methodology to test whether EP, DP, BP, and REP ratios can forecast
industry-stock returns. Thus, the tests focus on all components (stocks) of the NYSE
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U.S. 100 Index as of February 2012. The NYSE U.S. 100 Index comprises of the
largest 100 U.S. common stocks listed on the New York Stock Exchange. The index
components are well diversified, actively traded and stable, and maintain a high level
of liquidity. Hence, free from all market friction problems and thus, a good sample
choice for return predictability studies.
Out of the 100 companies of the NYSE U.S. 100 Index, 12 were omitted due to short
history and lack of data availability for all the predictor variables. Thus, data was
collected on 88 companies. The stocks (companies) are pooled into a panel of
industry, according to the NYSE U.S. 100 Index classifications. A total of nine
panels were obtained. They are: basic materials industry panel, consumer goods
industry panel, consumer services industry panel, financial industry panel, health
care industry panel, industrial goods and services industry panel (industrials), oil and
gas industry panel, technology and telecommunication industry panel (Tech &
Telecom), and the utility industry panel. The panels are unbalanced, with the earliest
sample starting, first quarter of 1981.
All of the data come from Thomson Reuters DataStream Advance and are on
quarterly frequency. Adjusted prices, earnings, dividends, book-equity values and
variables for computing residual equity values of the 88 stocks were obtained. The
corresponding EP, DP, BP and REP ratios of the stocks are defined as follow, in
accordance with earlier literature.
The EP ratio is defined as trailing 4 quarters available earnings divided by current
quarter price. The DP ratio is defined as dividends paid over the past 4 quarters
divided by current quarter market price of the stock. Similarly, the BP ratio is
defined as trailing 4 quarters available book-equity value divided by current quarter
market value (price) of equity. The REP ratio is defined as past 4 quarters available
residual equity value (per share) divided by current quarter market price. Finally,
excess stock returns are defined as the return on the stocks over the 3-Month U.S.
Treasury Bill (since the sample is made of only U.S. stocks).
All regressions are run at quarterly frequency using log-transformed variables rather
than the raw variables, because it should have better econometric and statistical
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properties. The regressions are run with log excess stock returns as dependent
variable and log of the predictor variables (EP, DP, BP and REP ratios) as
independent variables.
Table 1 provides summary statistics for excess stock returns of the various industry
panels. Among all the panels, industrials has the highest number of individual timeseries and thus, the largest number of observations, whereas the utilities industry
panel has the lowest number of individual time-series and thus, the smallest number
of observations. The returns are all negatively skewed with their mean also being
negative. The volatility (standard deviation) of the excess returns of the panels ranges
between 1% and 20%. The least volatile panel is the utilities industry panel whereas

Table 1. Summary statistics for excess stock returns of the industry panels.
Panel

n

Obs.

Mean

Std.

Skew.

Min.

Max.

𝜌1

Basic Materials

5

499

-0.02

0.20

-0.72

-1.19

0.76

-0.06

Consumer Goods

9

1,127

-0.01

0.14

-0.45

-0.69

0.77

0.02

Consumer Services

10

1,223

-0.00

0.17

-0.36

-1.08

1.12

0.07

Financials

15

1,645

-0.02

0.19

-1.52

-2.01

0.82

-0.04

Health Care

11

1,357

-0.01

0.13

-0.44

-0.78

0.51

0.05

Industrials

16

1,852

-0.02

0.15

-0.65

-0.71

0.68

-0.02

Oil & Gas

12

1,424

-0.02

0.17

-0.62

-0.97

0.69

-0.01

Tech & Telecom

6

758

-0.02

0.20

-0.88

-1.11

0.72

-0.05

Utilities

4

484

-0.03

0.01

-0.30

-0.44

0.37

-0.05

The table reports summary statistics for excess stock returns of the industry panels. Observations are quarterly
and the excess returns are log transformed. Column 2 named n is the number of individual time-series in the
panel. Column 3 indicates the number of observation in the panel. Std. and Skew in column 5 and 6 represent
standard deviation and skewness, respectively. Min. and Max. in column 7 and 8 represent minimum and
maximum values, respectively. 𝜌1 , is the first-order autocorrelation.

most volatile is the basic materials panel. The minimum and maximum values clearly
indicates the high volatility of the excess returns for each panel. Finally, we observe
that the excess returns of the panels are stationary, as indicated by the extremely low
𝜌1 , first-order autocorrelation. The 𝜌1 ranges from -0.01 to 0.07.
important for the empirical tests.

This is very
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Table 2 provides the summary statistics for the forecasting variables associated with
the various industry panels. The averages for all the predictor variables associated
with the various panels are negative with huge standard deviations. The three
common forecasting variables (EP, DP and BP ratios) are mostly negatively skewed
for the various panels, but the REP ratio is positively skewed for all the panels.
Considering the minimum and maximum values, the REP ratio demonstrates
extremely negative minimum value and extremely positive maximum value for all
the panels, compared to the three common forecasting variables.

Table 2. Summary statistics for the forecasting variables.
Forecasting
Variable

Mean

Std.

Skew.

Min.

Max.

𝜌1

Panel A: Basic Materials Panel and the Forecasting Variables
EP Ratio

-2.93

0.63

-1.03

-6.75

-1.46

0.65

DP Ratio

-3.78

0.79

-0.03

-5.79

-1.66

0.68

BP Ratio

-1.11

0.82

-0.96

-4.91

0.51

0.73

REP Ratio

-0.55

1.41

1.27

-2.83

3.97

0.85

Panel B: Consumer Goods Panel and the Forecasting Variables
EP Ratio

-2.54

0.77

1.20

-3.97

-0.01

0.87

DP Ratio

-3.48

0.87

0.67

-5.43

-0.98

0.91

BP Ratio

-1.20

1.04

0.10

-5.64

2.30

0.86

REP Ratio

-0.56

1.89

0.37

-5.25

4.39

0.82

Panel C: Consumer Services Panel and the Forecasting Variables
EP Ratio

-3.00

0.49

-1.36

-5.83

-1.82

0.74

DP Ratio

-4.59

0.79

-0.24

-6.77

-2.86

0.89

BP Ratio

-0.55

2.95

3.73

-4.98

12.78

0.98

REP Ratio

-0.62

1.76

0.20

-6.78

4.08

0.79

Panel D: Financials Panel and the Forecasting Variables
EP Ratio

-2.55

0.52

-0.36

-6.06

-0.10

0.61

DP Ratio

-3.85

0.87

-0.40

-6.43

-0.59

0.77

BP Ratio

-0.25

1.81

3.67

-3.43

9.80

0.96

REP Ratio

-0.09

2.12

0.62

-5.67

5.83

0.80

EP Ratio

-2.81

0.45

-0.12

-4.17

-1.67

0.83

DP Ratio

-4.10

1.16

-1.83

-8.44

-2.39

0.95

BP Ratio

-1.43

0.60

-0.35

-3.09

-0.11

0.87

REP Ratio

-0.90

1.61

0.34

-8.35

3.68

0.81

Panel E: Health Care Panel and the Forecasting Variables
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Table 2. Summary statistics for the forecasting variables (continued).
Forecasting
Variable

Mean

Std.

Skew.

Min.

Max.

𝜌1

Panel F: Industrials Panel and the Forecasting Variables
EP Ratio

-2.77

0.41

-1.21

-7.34

-1.38

0.46

DP Ratio

-4.01

0.78

-1.70

-6.95

-2.10

0.90

BP Ratio

-1.12

0.66

-1.73

-6.96

0.80

0.77

REP Ratio

-0.75

1.72

0.05

-7.34

3.34

0.83

Panel G: Oil & Gas Panel and the Forecasting Variables
EP Ratio

-2.82

0.70

-1.32

-8.42

-0.98

0.56

DP Ratio

-4.03

0.93

-0.08

-6.48

-1.93

0.92

BP Ratio

-0.76

0.49

-0.04

-2.49

0.50

0.77

REP Ratio

-0.15

1.28

-0.94

-8.24

3.31

0.86

Panel H: Tech & Telecom Panel and the Forecasting Variables
EP Ratio

-2.77

0.54

-2.06

-6.56

-1.29

0.63

DP Ratio

-3.77

0.83

-0.37

-6.01

-1.86

0.86

BP Ratio

-1.02

0.68

-0.68

-3.69

1.30

0.74

REP Ratio

-0.56

1.56

-0.05

-8.79

3.72

0.77

Panel I: Utilities Panel and the Forecasting Variables
EP Ratio

-2.30

0.45

0.57

-3.05

-1.21

0.80

DP Ratio

-2.72

BP Ratio

-0.30

0.55

0.05

-4.25

-1.47

0.83

0.54

-0.17

-1.84

0.91

0.85

REP Ratio

-0.04

0.98

-0.14

-3.38

1.99

0.80

The table reports summary statistics for the forecasting variables associated with the various industry panels.
Std. and Skew. In column 3 and 4 represent standard deviation and skewness, respectively. Min. and Max. in
column 5 and 6 represent minimum and maximum values, respectively. 𝜌1 , is the first-order autocorrelation.

The predictor variables share similar statistical properties. At quarterly frequency,
they have autocorrelation near one of which most of their movement is trigged by
price changes in the denominator. The first-order autocorrelation ranges from 0.46 to
0.92. The DP ratio and the REP ratio are the most persistent. These nonstationarity
properties of the forecasting variables are important for the empirical test.
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5

EMPIRICAL RESULTS

This chapter tests whether the predictor variables – EP, DP, BP and REP ratios
forecast industry-stock returns. In the empirical analysis, I perform pooled
regressions as well as time-series regressions for individual companies (stocks).
Table 3 below reports the pooled regressions and summaries of the time-series
regressions. The time-series regressions results for each company are presented in
appendix 1. For the pooled regressions, each table contains multiple industry-based
panels, which correspond to the different predictor variables. Results from the
standard pooled estimator, 𝛽̂𝑘 , and the corresponding t-statistic, 𝑡𝑘 , are documented.
The results from the individual company level time-series regressions – reported in
appendix 1 – are presented in a manner similar to the pooled regressions. Inference is
based on the OLS t-statistic, at the 5% one-sided test. A rejection of the null of no
predictability is indicated with a * next to the slope coefficient estimate, 𝛽̂𝑖 . The
estimates are all adjusted for biasness, serial-dependence and heteroscedasticity.
5.1

Testing for poolability

Before interpreting the empirical results for the different forecasting variables, it is of
importance to briefly analyze the homogeneity of the coefficients in the pooled
regressions. Column 4 of Table 3 shows the outcome of the test for poolability: it is
a standard F test based on the comparison of an ordinary least squares (OLS) model
obtained for the full sample and a fixed-effect (FE) model based on the estimation of
each individual in the sample. The null hypothesis of poolability (i.e., 𝛽𝑖 = 𝛽, and
𝛼𝑖 = 𝛼, for all i) is rejected if F statistic is huge and p-value is less than 5% level of
significance.
As seen for the industrials panel, the null of poolability is rejected in all the predictor
variables regressions: since it has a much larger observation and individual timeseries than the other panels. For the Tech & Telecom panel, poolability is only
rejected in the DP ratio regressions. Poolability for the Consumer Services panel and
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the Oil & Gas panel is rejected in both the BP and REP ratios: whereas for the
Financials industry panel, poolability is rejected only in the REP ratio.
As discussed previously, the pooled estimate is consistent and valid, even when the
coefficients are not homogeneous (i.e. even if the null of poolability is rejected).
Thus, such estimates are best interpreted as average relationships, and the
corresponding tests as tests of whether there is predictability on average in the data.

Table 3. Pooled results.

Panel

n

No. Of

Test of

Obs.

Poolab.

𝛽̂𝑘

𝑡𝑘

5% Sig.

Panel A: The Earnings-Price Ratio
Basic Materials

5

499

YES

0.00

0.11

3

Consumer Goods

9

1,127

YES

-0.00

-1.10

0

Consumer Services

10

1,223

YES

0.00

0.10

2

Financials

15

1,645

YES

-0.00

-0.17

2

Health Care

11

1,357

YES

0.01

2.44*

2

Industrials

16

1,852

NO

-0.02

-1.24

3

Oil & Gas

12

1,424

YES

-0.01

-3.06*

2

Tech & Telecom

6

758

YES

0.03

3.14*

2

Utilities

4

484

YES

-0.04

-12.47*

3

Panel B: The Dividend-Price Ratio
Basic Materials

5

499

YES

0.01

1.98*

1

Consumer Goods

9

1,127

YES

-0.00

-0.97

2

Consumer Services

10

1,223

YES

0.00

1.37

2

Financials

15

1,645

YES

-0.00

-1.33

3

Health Care

11

1,357

YES

-0.01

-2.18*

3

Industrials

16

1,852

NO

-0.01

-1.44

5

Oil & Gas

12

1,424

YES

-0.01

-3.09*

2

Tech & Telecom

6

758

NO

0.017

1.351

5

Utilities

4

484

YES

-0.03

-7.65*

2

Panel C: The Book Equity-Price Ratio
Basic Materials

5

499

YES

-0.00

-0.24

0

Consumer Goods

9

1,127

YES

-0.00

-0.93

3

Consumer Services

10

1,223

NO

0.00

0.53

3

Financials

15

1,645

YES

-0.00

-0.06

4

Health Care

11

1,357

YES

0.01

1.58

0

Industrials

16

1,852

NO

-0.01

-1.58

5

Oil & Gas

12

1,424

NO

0.02

1.46

6

Tech & Telecom

6

758

YES

0.01

0.78

2

Utilities

4

484

YES

-0.03

-4.31*

2
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Table 3. Pooled results (continued).

Panel

n

No. Of

Test of

Obs.

Poolab.

𝛽̂𝑘

𝑡𝑘

5% Sig.

Panel D: The Residual Equity-Price Ratio
Basic Materials

5

499

YES

0.00

0.753

1

Consumer Goods

9

1,127

YES

-0.01

-1.85*

2

Consumer Services

10

1,223

NO

-0.00

-0.73

3

Financials

15

1,645

NO

0.00

0.59

2

Health Care

11

1,357

YES

-0.00

-1.39

1

Industrials

16

1,852

NO

-0.01

-4.84*

6

Oil & Gas

12

1,424

NO

-0.00

-0.59

6

Tech & Telecom

6

758

YES

0.00

0.35

1

Utilities

4

484

YES

-0.02

-5.06*

3

The table reports estimates of the pooled regressions and summaries of the time-series regressions. Column 1
indicates which panel is being used, with Tech & Telecom denoting Technology and Telecommunication
Industry. Columns 2 and 3 give the number of individual time series and total number of observations in the
panel. Column 4 show the outcome of the test of pooliability, with YES indicating that the null is not rejected
and NO indicating that the null is rejected at the 5% significance level. Columns 5 and 6 show the pooled
coefficient estimates and their corresponding t-statistics, with * next to them, indicating significant at the onesided 5% level (i.e., t > 1.650). Column 7 gives the number of significant coefficients in the individual timeseries regressions performed on each of the time-series in the panel, based on the one-sided t-test at a
significance level of 5%.

5.2

The earnings-price ratio

Panel A of Table 3 shows the results from the pooled regressions with the EP ratio as
the regressor. As seen, there is minimal evidence of a positive predictive relationship.
Specifically, pooling the data at the basic materials; consumer goods; consumer
services; industrials and financials industry levels do not yield significant coefficient.
However, pooling the data at the health care; oil & gas; tech & telecom; and utilities
industry levels do yield significant coefficient, thus showing evidence of a predictive
relationship.
This finding is supported by the individual company level time-series regressions in
Table 8 in appendix 1. For instance, pooling the data at the consumer goods industry
level show that none of the 9 individual time-series in the panel yield significant
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coefficient; thus, lack of evidence of a predictive relationship in the pooled
regression. However, pooling the data at the utilities industry level show that 3 out of
the 4 time-series (Exelon Corporation, Duke Energy Corporation, and Southern Co.)
in the panel yield significant coefficient and thus provide strong evidence of a
negative predictive relationship in the pooled regression.
5.3

The dividend-price ratio

The pooled and company level time-series results for the DP ratio are presented in
Panel B of Table 3 and Table 9 in appendix 1, respectively. In light of the empirical
evidence of predictive relationship seen in U.S. data, one would have expected the
DP ratio to show more predictability than the EP ratio; however the results are
somewhat generally similar. Specifically, pooling the data at the basic materials;
health care; oil & gas; and utilities industry level do yield significant coefficient:
whereas poolability at the consumer goods; consumer services; industrials; tech &
telecom; and financials industry level yield no significant coefficient.
Contrary to the case of the EP ratio, the company level time-series results present no
clear pattern of predictability in support of the findings of the pooled regressions. As
seen in column 7 of Panel B of Table 3, significant coefficients in the panels are
somewhat fairly distributed between the panels of no predictability and the panels
that show evidence of predictability. Thus, predictability of industry-stock excess
returns by the DP ratio at quarterly frequency is fairly weak (since only 25 out of the
88 individual time-series regressions yield significant coefficients – see Table 10 in
appendix 1).
5.4

The book equity-price ratio

The pooled and the company level time-series results for the BP ratio are presented
in Panel C of Table 3 and Table 10 in appendix 1, respectively. Despite the evidence
of predictability observed for some stocks in the company level time-series
regressions (e.g. Altria Group Inc.; Anadarko Petroleum Corp.; Baker Hughes Inc.;
Bank of America Corp.; Devon Energy Corp.; FedEx Corp.; and etc), the BP ratio
show no evidence of predictability when pooling the data at the different industry
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levels; except for the utilities industry panel where the null of no predictability is
strongly rejected.
The argument in support of this finding might be because of the differences in
accounting computations or reporting of the book-equity value. Theoretically, book
equity value per share is determined by relating the original value of a company’s
common stock adjusted for any outflow and inflow modifiers to the amount of
common shares outstanding. Intuitively, with reference to the definition given, the
outflows and inflows are at the discretions of financial analysts and the company in
question. Thus, book-equity value can be over or under estimated. Moreover, it is a
value that provides a snap shot of a company’s current situation, but fails to consider
the company’s future possibilities.
5.5

The residual equity-price ratio

Panel D of Table 3 and Table 11 in appendix 1 shows the results from the pooled and
the company level time-series regressions, respectively, with the REP ratio as the
regressor. The results show strong evidence of negative predictive relationship. In
particular, pooling the data at the consumer goods, industrials and utilities industry
do yield significant coefficient. However, the null of no predictability is not rejected
when pooling the data at the basic materials, consumer services, financials, health
care, oil & gas, and the tech & telecom industry levels.
This finding of negative predictive relationship is supported by the company level
time-series result in Table 11 in appendix 1. As seen, most of the significant
coefficients are negative (e.g. 3M Co.; Chevron Corp.; ConocoPhillips; Dow
Chemicals Co.; Duke Energy Corp.; Emerson Electric Co.; Exelon Corp; Exxon
Mobil Corp.; and etc.). Moreover, the evidence of predictability is fairly weak – as
only 25 out of the 88 stocks studied, show evidence of predictability. Nevertheless
the REP ratio did a better job explaining much variation in the data than the other
three ratios as evidenced by their R squared (𝑅𝑖2 ).
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5.6

Out-of-sample evidence

Finally, in light of the controversy concerning in-sample and out-of-sample evidence
of return predictability: I test whether excess return forecasts from predictive
regressions based on the forecasting variables discussed above can outperform the
historical average forecasts, out-of-sample. In order to have sufficient sample size in
the out-of-sample analysis, I drop all stocks (companies) with less than 30 years of
data. This allows for a 15-years initial training period and a minimum of 15-years
forecasting period. Data from the first 15 years are used to estimate the model
parameters for the out-of-sample forecasts.
To compare the historical average forecasts against the competing predictive
regression forecasts, I employ the out-of-sample (OS) R2 statistic, R2OS; propose by
Campbell and Thompson (2008). The R2OS statistic quantifies the proportional
reduction in mean-squared forecast error (MSFE) for the forecasting model that
includes the predictor variables relative to the historical average forecast. It is
computed as below:

2
𝑅𝑖,𝑂𝑆

= 1−

∑𝑇𝑡=𝑠(𝑟𝑖,𝑡+1 − 𝑟̂𝑖,𝑡+1 )

2

∑𝑇𝑡=𝑠(𝑟𝑖,𝑡+1 − 𝑟̅𝑖,𝑡+1 )

2

,

(10)

where 𝑟̂𝑖,𝑡+1 is the forecasts from the predictive regression estimated through period
t; 𝑟̅𝑖,𝑡+1 is the historical average forecasts estimated through period t, and s is the
2
length of the training period sample. If 𝑅𝑖,𝑂𝑆
is positive, then the predictive

regression has lower average MSFE than the historical average forecasts and thus
outperforms the historical average forecast. I perform this test based on both the time
series and standard pooled estimates of the slope coefficients in the forecasting
regressions. As discussed earlier in the motivation for pooling the data, it is plausible
that the pooled estimate generates better out-of-sample performance than the timeseries estimate due to the fewer observations by the later.
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Table 4. Out-of-sample results for the earnings-price ratio.
F.Sample
Company

Sample

100 ×

𝑅𝑖2

T.Series
Pooled
2
2
100 × 𝑅𝑖,𝑂𝑆 100 × 𝑅𝑖,𝑂𝑆

Abbott Laboratories

1981.1-2014.4

2.51

-2.01

1.97

Altria Group Inc.

1981.1-2014.4

0.35

-6.90

0.92

AT&T Inc.

1984.1-2014.4

2.61

-0.23

0.30

Boeing Co.

1981.1-2014.4

5.90

-5.86

-3.76

Bristol-Myers Squibb Co.

1981.1-2014.4

1.22

-2.29

2.49

Caterpillar Inc.

1981.1-2014.4

4.20

-4.14

-0.76

ConocoPhillips

1981.1-2014.4

0.27

-11.18

-12.3

CVS Caremark Corp.

1981.1-2014.4

0.85

-7.30

-1.73

Dow Chemical Co.

1981.1-2014.4

3.78

-1.92

4.02

Duke Energy Corp.

1981.1-2014.4

4.03

-1.18

-0.95

Exelon Corp.

1981.1-2014.4

7.80

-5.06

-9.31

FedEx Corp.

1981.1-2014.4

0.51

2.49

-15.17

General Dynamics Corp.

1981.1-2014.4

1.07

-9.58

0.25

Hewlett-Packard Co.

1981.1-2014.4

2.12

-1.23

0.92

Johnson & Johnson

1981.1-2014.4

0.08

-1.74

-0.93

McDonald's Corp.

1981.1-2014.4

0.00

0.26

3.81

PNC Financial Services Group Inc.

1981.1-2014.4

0.20

-2.79

-0.77

Procter & Gamble Co.

1981.1-2014.4

0.16

-5.44

-2.93

Schlumberger Ltd.

1981.1-2014.4

6.56

-8.96

1.67

Southern Co.

1981.1-2014.4

7.10

1.50

-9.48

Target Corp.

1981.2-2014.4

0.78

-4.59

-2.50

United Technologies Corp.

1981.1-2014.4

0.96

-6.49

-4.60

Verizon Communications Inc.

1984.1-2014.4

0.56

-0.39

-3.36

Wal-Mart Stores Inc.

1981.2-2014.4

0.54

-3.50

0.83

Walgreen Co.

1981.1-2014.4

2.19

-1.57

-2.22

Walt Disney Co.

1981.1-2014.4

0.64

-0.70

-4.47

The table reports the out-of-sample test results for the EP ratio. Columns 1 and 2 indicate the company and the
sample period that are used, respectively. Columns 3-5 show the full sample 𝑅𝑖2 statistics expressed in percent
2
and the out-of-sample 𝑅𝑖,𝑂𝑆
statistic expressed in percent - based on the time-series estimate and the pooled
estimate, respectively.

As seen in Table 4, the earnings-price ratio as a predictor variable performs poorly
against the historical average excess return, out-of-sample. Specifically in columns 4
2
and 5, one can observe that the out-of-sample 𝑅 2 (𝑅𝑖,𝑂𝑆
) based on both the time-

series estimate and the pooled estimate is most often negative. Implying that, in most
cases considered forecasts based on the historical excess return outperforms (has
lower MSFE) forecasts condition on the earnings-price ratio. However, 3 of the 26
companies (General Dynamics Corp., McDonald’s Corp., and Southern Co.) based
2
on the time-series estimate yield positive 𝑅𝑖,𝑂𝑆
statistics that are above one percent

(McDonald’s Corp. is an exception) and thus are economically sizeable. Likewise,
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2
considering the 𝑅𝑖,𝑂𝑆
statistics based on the pooled estimate: 10 out of the 26

companies yield positive result.

Table 5. Out-of-sample results for the dividend-price ratio.
F.Sample
Company

Sample

100 ×

𝑅𝑖2

T.Series
2
100 × 𝑅𝑖,𝑂𝑆

Pooled
2
100 × 𝑅𝑖,𝑂𝑆

Abbott Laboratories

1981.1-2014.4

6.50

-3.81

3.37

AT&T Inc.

1984.1-2014.4

5.26

1.75

-1.59

Baxter International Inc.

1981.1-2014.4

1.70

-7.94

-4.06

Bristol-Myers Squibb Co.

1981.1-2014.4

2.56

0.43

5.75

Coca-Cola Co.

1981.1-2014.4

0.06

-7.52

-1.12

CVS Caremark Corp.

1981.1-2014.4

0.57

-8.24

-1.02

Duke Energy Corp.

1981.1-2014.4

0.48

-4.62

-1.31

Emersson Electric Co.

1981.1-2014.4

0.34

-0.56

-6.37

Exelon Corp.

1981.1-2014.4

6.97

-6.57

-6.39

General Dynamics Corp.

1981.1-2014.4

2.23

-2.77

-8.37

Hewlett-Packard Co.

1981.1-2014.4

7.59

5.46

-10.46

Illinois Tool Works Inc.

1981.1-2014.4

0.60

-0.67

-5.01

International Bus. Machines Corp.

1981.1-2014.4

4.33

-9.22

-2.45

Johnson & Johnson

1981.1-2014.4

0.96

-0.22

-1.70

Kimberly-Clark Corp.

1981.1-2014.4

0.59

-1.42

-3.97

Lowe's Cos.

1981.2-2014.4

0.54

-7.39

-2.22

McDonald's Corp.

1981.1-2014.4

2.91

3.07

-1.55

Newmont Mining Corp.

1981.1-2014.4

2.46

-7.14

5.69

Occidental Petroleum Corp.

1981.1-2014.4

10.02

0.95

10.32

Procter & Gamble Co.

1981.1-2014.4

1.65

-8.47

-2.12

Schlumberger Ltd.

1981.1-2014.4

0.00

-8.81

-1.34

Southern Co.

1981.1-2014.4

7.41

1.04

-9.89

Target Corp.

1981.2-2014.4

0.34

-15.42

-1.43

Union Pacific Corp.

1981.1-2014.4

1.75

-12.12

2.36

Verizon Communications Inc.

1984.1-2014.4

5.18

3.94

-4.58

Walgreen Co.

1981.1-2014.4

0.97

-1.67

-2.53

Wells Fargo & Co.

1981.1-2014.4

2.29

-6.02

0.08

The table reports the out-of-sample test results for the DP ratio. Columns 1 and 2 indicate the company and the
sample period that are used, respectively. Columns 3-5 show the full sample 𝑅𝑖2 statistics expressed in percent
2
and the out-of-sample 𝑅𝑖,𝑂𝑆
statistic expressed in percent - based on the time-series estimate and the pooled
estimate, respectively.

Table 5 presents the results for the dividend-price ratio. As seen in column 4 and 5,
the results of the DP ratio are similar to that of the EP ratio – as most of the out-ofsample 𝑅 2 statistics are negative. Meaning that in most of the forecasts considered,
the historical mean excess return beats the predictive regression that incorporate the
2
DP ratio as a predictor variable. The 𝑅𝑖,𝑂𝑆
statistic based on the time-series estimate
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is positive in 7 (AT&T Inc., Bristol-Myers Squibb Co., Hewlett-Packard Co.,
McDonald’s Corp., Occidental Petroleum Corp., Southern Co., and Verizon
Communications Inc.) cases, out of the 27 cases considered, whereas forecasts based
on the pooled estimate is positive in 6 cases (Abbott Laboratories, Bristol-Myers
Squibb Co., Newmont Mining Corp., Occidental Petroleum Corp., Union

Table 6. Out-of-sample results for the book-price ratio.
F.Sample
Company

Sample

100 ×

𝑅𝑖2

T.Series
2
100 × 𝑅𝑖,𝑂𝑆

Pooled
2
100 × 𝑅𝑖,𝑂𝑆

Abbott Laboratories

1981.1-2014.4

0.89

-1.48

3.23

Altria Group Inc.

1981.1-2014.4

1.85

-2.18

1.54

Apache Corp.

1981.1-2014.4

1.39

-5.34

1.20

AT&T Inc.

1984.1-2014.4

0.78

-0.16

-0.75

Bank of America Corp.

1981.1-2014.4

2.21

-2.95

-4.75

Bank of New York Mellon Corp.

1981.1-2014.4

0.86

-5.30

-0.15

Baxter International Inc.

1981.1-2014.4

0.29

-5.57

-3.69

Bristol-Myers Squibb Co.

1981.1-2014.4

0.18

-5.26

3.35

Caterpillar Inc.

1981.1-2014.4

3.15

-3.87

5.77

Coca-Cola Co.

1981.1-2014.4

0.46

-7.69

-0.43

Exelon Corp.

1981.1-2014.4

3.79

-6.23

-5.17

FedEx Corp.

1981.1-2014.4

6.10

4.32

-5.72

Hewlett-Packard Co.

1981.1-2014.4

7.79

2.67

-3.74

International Bus. Machines Corp.

1981.1-2014.4

3.53

-5.06

-3.72

Lowe's Cos.

1981.2-2014.4

2.41

-3.38

-4.19

Nike Inc. CI B

1982.1-2014.4

3.52

-0.83

1.06

Occidental Petroleum Corp.

1981.1-2014.4

1.54

-7.75

8.32

PNC Financial Services Group Inc.

1981.1-2014.4

1.11

2.39

-4.66

Procter & Gamble Co.

1981.1-2014.4

4.38

-9.60

-1.95

Southern Co.

1981.1-2014.4

5.86

0.21

-10.01

Travelers Cos. Inc.

1981.1-2014.4

4.44

2.03

-5.02

Union Pacific Corp.

1981.1-2014.4

0.61

-6.66

1.97

United Technologies Corp.

1981.1-2014.4

3.50

-4.97

-2.64

Walgreen Co.

1981.1-2014.4

3.24

-0.31

-1.97

Walt Disney Co.

1981.1-2014.4

1.37

0.24

-1.49

The table reports the out-of-sample test results for the BP ratio. Columns 1 and 2 indicate the company and the
sample period that are used, respectively. Columns 3-5 show the full sample 𝑅𝑖2 statistics expressed in percent
2
and the out-of-sample 𝑅𝑖,𝑂𝑆
statistic expressed in percent - based on the time-series estimate and the pooled
estimate, respectively.
2
Pacific Corp., and Wells Fargo & Co.). Most of these positive 𝑅𝑖,𝑂𝑆
statistics are

above one percent and thus can be exploited by investors to yield economically
significant returns.
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The results for the book-price ratio are presented in Table 6. Overall, the results for
the BP ratio are weaker, with most of the out-of-sample 𝑅 2 statistics being negative.
Thus, evidencing in most cases that the predictive model that incorporate the BP
ratio as a predictor variable has higher MSFE than the constant historical average
excess return. Implying that in most of the cases considered: forecasts based on the
constant historical average excess return outperform forecasts based on the BP ratio.
2
6 out of 25 forecasts based on the time-series estimate yield positive 𝑅𝑖,𝑂𝑆
statistics
2
whereas 8 cases yielded positive 𝑅𝑖,𝑂𝑆
based on the pooled estimate.

Table 7. Out-of-sample results for the residual equity-price ratio.
F.Sample
Company

Sample

100 ×

𝑅𝑖2

T.Series
2
100 × 𝑅𝑖,𝑂𝑆

Pooled
2
100 × 𝑅𝑖,𝑂𝑆

3M Co.

1981.1-2014.4

2.96

-1.56

3.70

Abbott Laboratories

1981.1-2014.4

0.31

-5.39

2.23

Apache Corp.

1981.1-2014.4

0.25

-7.47

0.05

Chevron Corp.

1981.1-2014.4

2.18

-0.59

3.85

Coca-Cola Co.

1981.1-2014.4

0.81

-6.80

1.12

ConocoPhillips

1981.1-2014.4

3.54

-1.34

-2.44

Duke Energy Corp.

1981.1-2014.4

1.41

-5.32

-0.61

General Dynamics Corp.

1981.1-2014.4

0.62

-4.30

0.11

Halliburton Co.

1981.1-2014.4

0.46

-5.74

4.41

Home Depot Inc.

1982.1-2014.4

1.76

-9.25

-11.61

Illinois Tool Works Inc.

1981.1-2014.4

1.12

-4.18

-7.93

Johnson & Johnson

1981.1-2014.4

3.02

-5.14

1.01

Kimberly-Clark Corp.

1981.1-2014.4

1.50

-3.18

2.92

Lowe's Cos.

1981.2-2014.4

0.43

-5.57

1.97

McDonald's Corp.

1981.1-2014.4

0.00

-3.42

-0.87

Newmont Mining Corp.

1981.1-2014.4

0.22

-3.41

-0.08

Occidental Petroleum Corp.

1981.1-2014.4

4.16

-16.55

6.56

Southern Co.

1981.1-2014.4

8.56

1.71

-9.31

Union Pacific Corp.

1981.1-2014.4

2.08

-1.24

4.64

Wal-Mart Stores Inc.

1981.2-2014.4

6.25

1.94

2.43

Walgreen Co.

1981.1-2014.4

0.00

-3.44

-0.52

The table reports the out-of-sample test results for the REP ratio. Columns 1 and 2 indicate the company and
the sample period that are used, respectively. Columns 3-5 show the full sample 𝑅𝑖2 statistics expressed in
2
percent and the out-of-sample 𝑅𝑖,𝑂𝑆
statistic expressed in percent - based on the time-series estimate and the
pooled estimate, respectively.

Table 7 reports the results of the residual equity-price ratio. Contrary to the EP, DP
and BP ratios: the REP ratio evidence tremendous out-of-sample performance. The
2
𝑅𝑖,𝑂𝑆
statistics based on the pooled estimate is positive in all cases with the exception

51
of 8 companies (ConocoPhillips, Duke Energy Corp., Home Depot Inc., Illinois Tool
Works Inc., McDonald's Corp., Newmont Mining Corp., Southern Co., and
Walgreen Co.). Implying that in most of the cases considered predictive models that
incorporate the REP ratio as a predictor variable outperform the constant historical
2
average excess return. However, similar to the EP, DP and BP ratios: the 𝑅𝑖,𝑂𝑆

statistics based on the time-series estimate are negative in most of the cases
considered (except for Southern Co., and Wal-Mart Stores Inc.). This contradictory
results between the pooled estimate and the time-series estimate is due to the
impreciseness and fewer available observations by the latter.
In summary, the results in Table 3 demonstrate that a significant in-sample predictive
relationship also tends to be associated with out-of-sample predictability, particularly
for the residual equity-price ratio (if forecasts are based on the pooled estimate). In
addition, forecasts based on the pooled estimates generally outperform forecasts
based on the time-series estimates. This is because of fewer available observations
and imprecise estimates by the latter. Thus, it is plausible that pooled methods could
be essential in minimizing risk when using conditional forecasts in portfolio choices.
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6

SUMMARY AND CONCLUSIONS

The literature on stock return predictability has evolved considerably over the last 40
years. The accumulated evidence suggests that the earnings-price, dividend-price and
book-price ratios predict market returns. In this paper, I analyze stock return
predictability in a large industry data set, emphasizing two main points:
(1) Previews studies focus on aggregate market return predictability. However, little
do investors and professionals care about aggregate market return when constructing
portfolios and or making investment choices. Industry and company level data are
the first-voice data considered when constructing portfolios and making investment
analysis. This is because being inclined of what happens at the industry and company
level would inform profitable asset allocation and thus ultimately yield positive
investment performance. Therefore, this paper contribute to earlier studies by
analyzing return predictability in a large industry data set with 88 different
companies, employing pooled regressions with panel data.
(2) Considering the three common forecasting variables – EP, DP and BP ratios, each
has price as the denominator, which explicitly represent the value (money) an
investor pays to own a share of stock. However, the numerators of these ratios do not
represent the explicit gain or loss to the investor for owning the share of stocks. That
is the numerators do not reflect the most vital characteristics of a shareholder being a
residual-owner. Shareholders are known to be the residual owners of a company in
the presence of insolvency or bankruptcy. Thus, a variable that deviates from this
concept and does show evidence of return predictability can be said to be clueless
and interpreted as a result of chance. Hence, secondly, this paper contributes to
earlier literature by testing the forecasting power of a proposed predictor variable, the
REP ratio, which incorporates the residual-owner characteristics of a shareholder.
The empirical evidence shows that the three common forecasting variables: the
earnings-price (EP), dividend-price (DP), and book equity-price (BP) ratios, as well
as the residual equity-price (REP) ratio have very minimum positive predictive
ability in industry data – as most of the significant predictive relationships are
negative. However, considering their out-of-sample performance: the REP ratio
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outperforms the historical average forecasts as well as the forecasts based on the EP,
2
DP and BP ratios. With most of the out-of-sample R squared (𝑅𝑂𝑆
) greater than 1%,

investors could take advantage of this opportunity to gain economically significant
returns.
The evidence for the EP, DP and BP ratios are similar to those of international as
well as of the U.S. (Hjalmarsson (2010), Lewellen (2004), Campbell and Yogo
(2006) and Cochrane (2008)). However, the evidence in this paper is substantially
stronger than the latter in terms of their 𝑅 2 statistics. In summary, the results
presented in this thesis paper provide substantial evidence that there is predictable
component in stock returns, both in-sample and out-of-sample, which is captured at
least partially by a financial variable such as the REP ratio that fully incorporate and
reflects the concept of shareholdership.
Given this finding, thoughtful research questions that could be answered by further
studies are as follow: how profitable are portfolios constructed based on the REP
ratio? Would a trading strategy that long portfolios of high-REP ratio stocks and
short portfolios of low-REP ratio stocks over quarterly horizon yield abnormal
returns? Finding answers to these questions would contribute essentially to the neverending debate of market efficiency.
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APPENDICES
Appendix 1
COMPANY LEVEL TIME-SERIES RESULTS

Table 8. Company level time-series results for the earnings-price ratio.
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐸𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Company

Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

3M Co.

1981.1-2014.4

-0.007

-0.202

0.000

Abbott Laboratories

1981.1-2014.4

0.076*

2.072

2.508

Accenture PLC Cl A

2002.1-2014.4

0.303*

3.513

19.78

Allergan Inc.

1991.1-2014.4

0.038

1.006

0.014

Altria Group Inc.

1981.1-2014.4

-0.020

-1.500

0.350

American Express Co.

1981.1-2014.4

-0.010

-0.268

0.000

American International Group Inc.

1981.1-2014.4

-0.037

-1.031

0.053

Anadarko Petroleum Corp.

1987.1-2014.4

0.009

0.567

0.000

Apache Corp.

1981.1-2014.4

0.009

0.343

0.000

AT&T Inc.

1984.1-2014.4

0.058*

2.032

2.606

Baker Hughes Inc.

1988.1-2014.4

0.058*

1.783

2.176

Bank of America Corp.

1981.1-2014.4

-0.025

0.108

0.000

Bank of New York Mellon Corp.

1981.1-2014.4

0.008

0.332

0.000

Baxter International Inc.

1981.1-2014.4

-0.000

-0.009

0.000

Berkshire Hathaway Inc. Cl B

1997.1-2014.4

0.000

0.003

0.000

Boeing Co.

1981.1-2014.4

-0.081*

-2.524

5.898

Bristol-Myers Squibb Co.

1981.1-2014.4

0.049

1.581

1.221

Caterpillar Inc.

1981.1-2014.4

-0.094*

-2.412

4.197

Chevron Corp.

1981.1-2014.4

-0.015

-0.598

0.000

Coca-Cola Co.

1981.1-2014.4

-0.009

-0.382

0.269

ConocoPhillips

1981.1-2014.4

-0.028

-1.150

0.269

Corning Inc.

1981.1-2014.4

-0.047

-1.364

0.694

CVS Caremark Corp.

1981.1-2014.4

-0.037

-1.616

0.853

Deere & Co.

1996.1-2014.4

0.011

0.390

0.000

Devon Energy Corp.

1990.1-2014.4

0.022

0.937

0.000

Dominion Resources Inc. (Virginia)

1995.1-2014.4

0.082

1.375

1.205

Dow Chemical Co.

1981.1-2014.4

-0.064*

-2.324

3.776

Duke Energy Corp.

1981.1-2014.4

-0.043*

-2.543

4.034

Eli Lilly & Co.

1981.1-2014.4

0.010

0.452

0.000

EMC Corp.

1988.1-2014.4

-0.090

-0.918

0.000

Emerson Electric Co.

1981.1-2014.4

-0.009

-0.208

0.000

EOG Resources Inc.

1991.1-2014.4

0.025

0.546

0.000

The table report individual company time-series result for the EP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 8. Company level time-series results for the earnings-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐸𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Exelon Corp.

1981.1-2014.4

-0.092*

-3.451

7.796

Exxon Mobil Corp.

1981.1-2014.4

-0.015

-0.832

0.000

FedEx Corp.

1981.1-2014.4

0.083

1.286

0.508

Ford Motor Co.

1981.1-2014.4

-0.018

-0.927

0.000

Franklin Resources Inc.

1985.1-2014.4

-0.414*

-4.328

13.46

Freeport-McMoRan Copper&Gold Inc.

1996.1-2014.4

0.083*

1.669

2.522

General Dynamics Corp.

1981.1-2014.4

-0.036

-1.543

1.068

General Electric Co.

1981.1-2014.4

0.014

0.487

0.000

General Mills Inc.

1981.1-2014.4

-0.016

-0.794

0.000

Goldman Sachs Group Inc.

2003.1-2014.4

-0.279*

-3.053

16.88

Halliburton Co.

1981.1-2014.4

-0.002

-0.071

0.000

Hewlett-Packard Co.

1981.1-2014.4

0.072*

1.948

2.122

Home Depot Inc.

1982.1-2014.4

-0.192*

-1.956

2.195

Honeywell International Inc.

1986.1-2014.4

0.013

0.275

0.000

Illinois Tool Works Inc.

1981.1-2014.4

0.011

0.311

0.000

International Business Machines Corp.

1981.1-2014.4

-0.005

-0.147

0.000

Johnson & Johnson

1981.1-2014.4

0.035

1.052

0.082

JPMorgan Chase & Co.

1981.1-2014.4

0.017

0.513

0.000

Kimberly-Clark Corp.

1981.1-2014.4

0.020

0.608

0.000

Lockheed Martin Corp.

1996.1-2014.4

0.008

0.209

0.000

Lowe's Cos.

1981.2-2014.4

0.031

0.728

0.000

McDonald's Corp.

1981.1-2014.4

0.016

0.347

0.000

Medtronic Inc.

1981.1-2014.4

0.002

0.088

0.000

Merck & Co. Inc.

1981.1-2014.4

0.016

0.513

0.000

Monsanto Co.

2002.1-2014.4

0.050

0.739

0.000

Morgan Stanley

1994.1-2014.4

-0.031

-0.296

0.000

National Oilwell Varco Inc.

1998.1-2014.4

0.070

1.623

2.529

Company

The table report individual company time-series result for the EP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 8. Company level time-series results for the earnings-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐸𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Newmont Mining Corp.

1981.1-2014.4

-0.038

-1.629

1.285

Nike Inc. Cl B

1982.1-2014.4

0.017

0.336

0.000

Occidental Petroleum Corp.

1981.1-2014.4

-0.010

-0.685

0.000

PepsiCo Inc.

1981.1-2014.4

0.013

0.453

0.000

Pfizer Inc.

1981.1-2014.4

0.006

0.246

0.000

PNC Financial Services Group Inc.

1981.1-2014.4

-0.040

-0.974

0.201

Praxair Inc.

1994.1-2014.4

0.184*

2.691

7.412

Procter & Gamble Co.

1981.1-2014.4

-0.030

-1.098

0.159

Prudential Financial Inc.

2002.1-2014.4

0.107

0.807

0.000

Schlumberger Ltd.

1981.1-2014.4

-0.093*

-3.126

6.557

Simon Property Group Inc.

1995.1-2014.4

-0.027

-0.692

0.000

Southern Co.

1981.1-2014.4

-0.038*

-3.295

7.098

Southern Copper Corp.

1997.1-2014.4

0.034

0.677

0.000

Target Corp.

1981.2-2014.4

0.059

1.203

0.784

Time Warner Inc.

1993.1-2014.4

-0.036

-1.028

1.216

Travelers Cos. Inc.

1981.1-2014.4

0.019

0.691

0.000

U.S. Bancorp

1986.1-2014.4

0.046

1.335

0.706

Union Pacific Corp.

1981.1-2014.4

-0.012

-0.405

0.000

United Parcel Service Inc. Cl B

2001.1-2014.4

0.012

0.198

0.000

United Technologies Corp.

1981.1-2014.4

-0.047

-1.501

0.962

UnitedHealth Group Inc.

1990.1-2014.4

0.021

0.514

0.000

Verizon Communications Inc.

1984.1-2014.4

0.043

1.288

0.556

Wal-Mart Stores Inc.

1981.2-2014.4

0.037

1.316

0.543

Walgreen Co.

1981.1-2014.4

0.051*

1.977

2.189

Walt Disney Co.

1981.1-2014.4

0.054

1.357

0.644

WellPoint Inc.

1994.1-2014.4

0.130*

2.088

4.183

Yum! Brands Inc.

1999.1-2014.4

0.116

1.428

3.081

Company

The table report individual company time-series result for the EP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 9. Company level time-series results for the dividend-price ratio.
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐷𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

3M Co.

1981.1-2014.4

-0.029

-0.954

0.000

Abbott Laboratories

1981.1-2014.4

0.114*

2.872

6.495

Accenture PLC Cl A

2002.1-2014.4

0.036

0.409

0.000

Allergan Inc.

1991.1-2014.4

-0.012

-0.657

0.000

Altria Group Inc.

1981.1-2014.4

-0.015

-0.658

0.000

American Express Co.

1981.1-2014.4

-0.002

-0.114

0.000

American International Group Inc.

1981.1-2014.4

-0.079

-1.570

2.314

Anadarko Petroleum Corp.

1987.1-2014.4

0.041

1.117

0.232

Apache Corp.

1981.1-2014.4

-0.010

-0.423

0.000

AT&T Inc.

1984.1-2014.4

0.055*

2.746

5.263

Baker Hughes Inc.

1988.1-2014.4

0.013

0.334

0.000

Bank of America Corp.

1981.1-2014.4

0.009

0.342

0.000

Bank of New York Mellon Corp.

1981.1-2014.4

-0.014

-0.560

0.000

Baxter International Inc.

1981.1-2014.4

0.053*

1.798

1.701

Boeing Co.

1981.1-2014.4

0.031

0.667

0.000

Bristol-Myers Squibb Co.

1981.1-2014.4

0.050*

1.850

2.561

Caterpillar Inc.

1981.1-2014.4

-0.010

-0.362

0.000

Chevron Corp.

1981.1-2014.4

-0.025

-0.925

0.000

Coca-Cola Co.

1981.1-2014.4

-0.017

-1.040

0.063

ConocoPhillips

1981.1-2014.4

-0.019

-0.662

0.000

Corning Inc.

1981.1-2014.4

-0.084*

-1.730

1.059

CVS Caremark Corp.

1981.1-2014.4

-0.016

-1.319

0.570

Danaher Corp.

1985.1-2014.4

0.011

0.847

0.000

Deere & Co.

1996.1-2014.4

0.095*

1.951

3.308

Devon Energy Corp.

1990.1-2014.4

0.052

1.081

0.179

Dominion Resources Inc. (Virginia)

1995.1-2014.4

0.030

0.834

0.000

Dow Chemical Co.

1981.1-2014.4

0.017

0.425

0.000

Duke Energy Corp.

1981.1-2014.4

-0.024

-1.272

0.477

Eli Lilly & Co.

1981.1-2014.4

0.012

0.561

0.000

EMC Corp.

1988.1-2014.4

0.006

0.036

0.000

Company

The table report individual company time-series result for the DP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.

62

Table 9. Company level time-series results for the dividend-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐷𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Emerson Electric Co.

1981.1-2014.4

0.051

1.199

0.341

EOG Resources Inc.

1991.1-2014.4

0.112*

2.372

4.943

Exelon Corp.

1981.1-2014.4

-0.046*

-3.266

6.969

Exxon Mobil Corp.

1981.1-2014.4

-0.020

-1.487

0.924

FedEx Corp.

1981.1-2014.4

0.052*

1.747

1.542

Ford Motor Co.

1981.1-2014.4

-0.053

-1.250

0.431

Franklin Resources Inc.

1985.1-2014.4

0.078*

1.752

1.814

Freeport-McMoRan Copper&Gold Inc.

1996.1-2014.4

-0.086

-1.483

1.733

General Dynamics Corp.

1981.1-2014.4

0.077*

1.984

2.225

General Electric Co.

1981.1-2014.4

-0.011

-0.384

0.000

General Mills Inc.

1981.1-2014.4

-0.015

-0.591

0.000

Goldman Sachs Group Inc.

2003.1-2014.4

0.132*

1.991

6.741

Halliburton Co.

1981.1-2014.4

-0.025

-0.936

0.000

Hewlett-Packard Co.

1981.1-2014.4

0.101*

3.404

7.585

Home Depot Inc.

1982.1-2014.4

-0.019

-0.458

0.000

Honeywell International Inc.

1986.1-2014.4

0.007

0.268

0.000

Illinois Tool Works Inc.

1981.1-2014.4

0.030

1.337

0.602

International Business Machines Corp.

1981.1-2014.4

-0.037*

-2.614

4.325

Johnson & Johnson

1981.1-2014.4

0.040

1.505

0.957

JPMorgan Chase & Co.

1981.1-2014.4

0.007

0.331

0.000

Kimberly-Clark Corp.

1981.1-2014.4

0.034

1.331

0.591

Lockheed Martin Corp.

1996.1-2014.4

0.062*

2.506

7.014

Lowe's Cos.

1981.2-2014.4

0.022

1.308

0.544

McDonald's Corp.

1981.1-2014.4

0.035*

2.252

2.911

Medtronic Inc.

1981.1-2014.4

0.010

0.478

0.000

Merck & Co. Inc.

1981.1-2014.4

0.023

0.870

0.000

Monsanto Co.

2002.1-2014.4

0.050

1.014

0.062

Company

The table report individual company time-series result for the DP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 9. Company level time-series results for the dividend-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐷𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Morgan Stanley

1994.1-2014.4

0.014

0.329

0.000

National Oilwell Varco Inc.

1998.1-2014.4

0.023

0.360

0.000

Newmont Mining Corp.

1981.1-2014.4

-0.045*

-2.057

2.461

Nike Inc. Cl B

1982.1-2014.4

0.236*

4.537

13.45

Occidental Petroleum Corp.

1981.1-2014.4

-0.063*

-3.921

10.02

PepsiCo Inc.

1981.1-2014.4

0.014

0.622

0.000

Pfizer Inc.

1981.1-2014.4

0.000

0.014

0.000

PNC Financial Services Group Inc.

1981.1-2014.4

-0.006

-0.205

0.000

Praxair Inc.

1994.1-2014.4

0.066

1.516

1.790

Procter & Gamble Co.

1981.1-2014.4

-0.040*

-1.778

1.648

Prudential Financial Inc.

2002.1-2014.4

0.000

0.262

0.000

Schlumberger Ltd.

1981.1-2014.4

0.014

0.493

0.000

Simon Property Group Inc.

1995.1-2014.4

-0.020

-0.763

0.000

Southern Co.

1981.1-2014.4

-0.039*

-3.239

7.406

Southern Copper Corp.

1997.1-2014.4

0.000

0.001

0.000

Target Corp.

1981.2-2014.4

0.025

1.104

0.338

Time Warner Inc.

1993.1-2014.4

-0.042

-0.959

0.000

Travelers Cos. Inc.

1981.1-2014.4

0.012

0.327

0.000

U.S. Bancorp

1986.1-2014.4

0.010

0.488

0.000

Union Pacific Corp.

1981.1-2014.4

-0.036*

-1.816

1.751

United Parcel Service Inc. Cl B

2001.1-2014.4

0.042

1.289

1.334

United Technologies Corp.

1981.1-2014.4

-0.021

-0.850

0.000

UnitedHealth Group Inc.

1990.1-2014.4

-0.222

-1.555

1.517

Verizon Communications Inc.

1984.1-2014.4

0.083*

2.718

5.177

Wal-Mart Stores Inc.

1981.2-2014.4

0.011

0.768

0.000

Walgreen Co.

1981.1-2014.4

0.027

1.456

0.970

Walt Disney Co.

1981.1-2014.4

0.213*

1.975

2.183

Wells Fargo & Co.

1981.1-2014.4

-0.047*

-1.787

2.289

Yum! Brands Inc.

1999.1-2014.4

-0.005

-0.157

0.000

Company

The table report individual company time-series result for the DP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 10. Company level time-series results for the book-price ratio.
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐵𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

3M Co.

1981.1-2014.4

-0.018

-0.819

0.000

Abbott Laboratories

1981.1-2014.4

0.036

1.470

0.885

Accenture PLC Cl A

2002.1-2014.4

0.032

0.491

0.000

Allergan Inc.

1991.1-2014.4

0.015

0.579

0.000

Altria Group Inc.

1981.1-2014.4

-0.018*

-2.567

1.845

American Express Co.

1981.1-2014.4

0.010

0.359

0.000

American International Group Inc.

1981.1-2014.4

-0.018

-0.570

0.000

Anadarko Petroleum Corp.

1987.1-2014.4

0.132*

3.596

10.20

Apache Corp.

1981.1-2014.4

0.078*

1.682

1.388

AT&T Inc.

1984.1-2014.4

0.021

1.384

0.784

Baker Hughes Inc.

1988.1-2014.4

0.078*

2.082

3.165

Bank of America Corp.

1981.1-2014.4

0.059*

1.978

2.207

Bank of New York Mellon Corp.

1981.1-2014.4

0.026

1.456

0.861

Baxter International Inc.

1981.1-2014.4

-0.020

-1.173

0.288

Berkshire Hathaway Inc. Cl B

1997.1-2014.4

0.030

1.546

2.093

Boeing Co.

1981.1-2014.4

-0.030*

-1.666

1.821

Bristol-Myers Squibb Co.

1981.1-2014.4

0.021

0.965

0.180

Caterpillar Inc.

1981.1-2014.4

-0.052*

-2.279

3.148

Chevron Corp.

1981.1-2014.4

-0.014

-0.715

0.000

Coca-Cola Co.

1981.1-2014.4

-0.018

-1.267

0.463

ConocoPhillips

1981.1-2014.4

0.019

0.709

0.000

Corning Inc.

1981.1-2014.4

-0.021

-0.613

0.000

CVS Caremark Corp.

1981.1-2014.4

0.024

0.892

0.000

Danaher Corp.

1985.1-2014.4

0.100*

2.602

4.819

Deere & Co.

1996.1-2014.4

0.024

0.531

0.000

Devon Energy Corp.

1990.1-2014.4

0.126*

2.245

4.163

Dominion Resources Inc. (Virginia)

1995.1-2014.4

0.013

0.371

0.000

Dow Chemical Co.

1981.1-2014.4

0.013

0.364

0.000

Duke Energy Corp.

1981.1-2014.4

-0.008

-0.336

0.000

Company

The table report individual company time-series result for the BP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 10. Company level time-series results for the book-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐵𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Eli Lilly & Co.

1981.1-2014.4

0.004

0.229

0.000

EMC Corp.

1988.1-2014.4

-0.038

-1.052

0.106

Emerson Electric Co.

1981.1-2014.4

0.012

0.296

0.000

EOG Resources Inc.

1991.1-2014.4

0.251*

3.676

12.55

Exelon Corp.

1981.1-2014.4

-0.041*

-2.465

3.786

Exxon Mobil Corp.

1981.1-2014.4

-0.014

-0.856

0.000

FedEx Corp.

1981.1-2014.4

0.140*

3.052

6.101

Ford Motor Co.

1981.1-2014.4

0.015

0.875

0.000

Franklin Resources Inc.

1985.1-2014.4

-0.020

-0.581

0.000

Freeport-McMoRan Copper & Gold Inc.

1996.1-2014.4

0.007

0.283

0.000

General Dynamics Corp.

1981.1-2014.4

0.012

0.408

0.000

General Electric Co.

1981.1-2014.4

0.020

0.982

0.000

General Mills Inc.

1981.1-2014.4

0.006

0.945

0.000

Goldman Sachs Group Inc.

2003.1-2014.4

0.081*

1.664

4.139

Halliburton Co.

1981.1-2014.4

-0.011

-0.366

0.000

Hewlett-Packard Co.

1981.1-2014.4

0.144*

3.438

7.794

Home Depot Inc.

1982.1-2014.4

-0.161

-0.949

0.000

Honeywell International Inc.

1986.1-2014.4

-0.001

-0.048

0.000

Illinois Tool Works Inc.

1981.1-2014.4

0.030

0.983

0.000

International Business Machines Corp.

1981.1-2014.4

-0.040*

-2.393

3.534

Johnson & Johnson

1981.1-2014.4

0.005

0.207

0.000

JPMorgan Chase & Co.

1981.1-2014.4

0.018

0.546

0.000

Kimberly-Clark Corp.

1981.1-2014.4

-0.013

-0.807

0.000

Lockheed Martin Corp.

1996.1-2014.4

-0.016

-1.554

1.980

Lowe's Cos.

1981.2-2014.4

0.066*

2.046

2.410

McDonald's Corp.

1981.1-2014.4

0.008

0.295

0.000

Medtronic Inc.

1981.1-2014.4

0.018

0.881

0.000

Merck & Co. Inc.

1981.1-2014.4

0.010

0.601

0.000

Monsanto Co.

2002.1-2014.4

0.040

0.985

0.000

Company

The table report individual company time-series result for the BP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 10. Company level time-series results for the book-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝐵𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Morgan Stanley

1994.1-2014.4

0.041

1.042

0.630

National Oilwell Varco Inc.

1998.1-2014.4

0.189*

3.1577

12.56

Newmont Mining Corp.

1981.1-2014.4

-0.005

-0.248

0.000

Nike Inc. Cl B

1982.1-2014.4

0.095*

2.358

3.520

Occidental Petroleum Corp.

1981.1-2014.4

-0.053

-1.572

1.543

PepsiCo Inc.

1981.1-2014.4

0.005

0.235

0.000

Pfizer Inc.

1981.1-2014.4

-0.003

-0.188

0.000

PNC Financial Services Group Inc.

1981.1-2014.4

0.045

1.449

1.106

Praxair Inc.

1994.1-2014.4

0.008

0.182

0.000

Procter & Gamble Co.

1981.1-2014.4

-0.040*

-2.878

4.376

Prudential Financial Inc.

2002.1-2014.4

0.125*

2.156

7.200

Schlumberger Ltd.

1981.1-2014.4

-0.009

-0.308

0.000

Simon Property Group Inc.

1995.1-2014.4

-0.013

-0.778

0.000

Southern Co.

1981.1-2014.4

-0.034*

-3.016

5.864

Southern Copper Corp.

1997.1-2014.4

-0.013

-0.483

0.000

Target Corp.

1981.2-2014.4

0.026

0.693

0.000

Time Warner Inc.

1993.1-2014.4

-0.034

-1.578

3.134

Travelers Cos. Inc.

1981.1-2014.4

0.124*

2.643

4.435

U.S. Bancorp

1986.1-2014.4

0.034

1.189

0.374

Union Pacific Corp.

1981.1-2014.4

-0.040

-1.343

0.611

United Parcel Service Inc. Cl B

2001.1-2014.4

-0.035

-1.071

0.294

United Technologies Corp.

1981.1-2014.4

-0.047*

-2.383

3.499

UnitedHealth Group Inc.

1990.1-2014.4

-0.006

-0.224

0.000

Verizon Communications Inc.

1984.1-2014.4

0.013

0.707

0.000

Wal-Mart Stores Inc.

1981.2-2014.4

0.014

0.6164

0.000

Walgreen Co.

1981.1-2014.4

0.056*

2.307

3.241

Walt Disney Co.

1981.1-2014.4

0.050*

1.667

1.371

WellPoint Inc.

1994.1-2014.4

0.033

0.748

0.000

Wells Fargo & Co.

1981.1-2014.4

-0.014

-0.558

0.000

Yum! Brands Inc.

1999.1-2014.4

-0.000

-0.003

0.000

Company

The table report individual company time-series result for the BP ratio. Columns 1 and 2 indicate the company
and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the OLS
estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly different
from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the 5% level.
Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 11. Company level time-series results for the residual equity-price ratio.
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝑅𝐸𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

3M Co.

1981.1-2014.4

-0.019*

-2.220

2.956

Abbott Laboratories

1981.1-2014.4

-0.007

-1.099

0.314

Accenture PLC Cl A

2002.1-2014.4

0.115*

2.003

6.149

Allergan Inc.

1991.1-2014.4

-0.010

-0.722

0.000

Altria Group Inc.

1981.1-2014.4

-0.010

-1.184

0.541

American International Group Inc.

1981.1-2014.4

-0.027

-1.098

0.678

Anadarko Petroleum Corp.

1987.1-2014.4

-0.000

-0.599

0.000

Apache Corp.

1981.1-2014.4

0.026

1.152

0.248

AT&T Inc.

1984.1-2014.4

0.005

1.075

0.000

Baker Hughes Inc.

1988.1-2014.4

0.023

1.357

1.066

Bank of New York Mellon Corp.

1981.1-2014.4

0.015

1.538

4.445

Baxter International Inc.

1981.1-2014.4

-0.004

-0.322

0.000

Berkshire Hathaway Inc. Cl B

1997.1-2014.4

0.011

0.546

0.000

Boeing Co.

1981.1-2014.4

-0.021

-0.542

0.000

Bristol-Myers Squibb Co.

1981.1-2014.4

-0.001

-0.197

0.000

Caterpillar Inc.

1981.1-2014.4

0.004

0.180

0.000

Chevron Corp.

1981.1-2014.4

-0.019*

-1.969

2.182

Coca-Cola Co.

1981.1-2014.4

-0.007

-1.431

0.812

ConocoPhillips

1981.1-2014.4

-0.031*

-2.408

3.535

Corning Inc.

1981.1-2014.4

-0.009

-0.468

0.000

CVS Caremark Corp.

1981.1-2014.4

-0.009

-1.418

0.809

Danaher Corp.

1985.1-2014.4

0.004

0.514

0.000

Devon Energy Corp.

1990.1-2014.4

0.035

0.810

0.000

Dominion Resources Inc. (Virginia)

1995.1-2014.4

-0.007

-0.512

0.000

Dow Chemical Co.

1981.1-2014.4

-0.025*

-1.947

2.167

Duke Energy Corp.

1981.1-2014.4

-0.014*

-1.785

1.406

Company

The table report individual company time-series result for the REP ratio. Columns 1 and 2 indicate the
company and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the
OLS estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly
different from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the
5% level. Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 11. Company level time-series results for the residual equity-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝑅𝐸𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Eli Lilly & Co.

1981.1-2014.4

-0.004

-0.553

0.000

EMC Corp.

1988.1-2014.4

0.023

1.491

1.246

Emerson Electric Co.

1981.1-2014.4

-0.012*

-1.909

2.073

EOG Resources Inc.

1991.1-2014.4

0.029

0.909

0.000

Exelon Corp.

1981.1-2014.4

-0.031*

-3.697

9.478

Exxon Mobil Corp.

1981.1-2014.4

-0.014*

-2.387

3.488

FedEx Corp.

1981.1-2014.4

0.048*

4.402

15.23

Ford Motor Co.

1981.1-2014.4

0.017

0.384

0.000

Franklin Resources Inc.

1985.1-2014.4

0.037*

1.990

2.667

Freeport-McMoRan Copper & Gold Inc.

1996.1-2014.4

0.062

1.286

0.912

General Dynamics Corp.

1981.1-2014.4

-0.010

-1.346

0.620

General Electric Co.

1981.1-2014.4

-0.008

-0.289

0.000

General Mills Inc.

1981.1-2014.4

-0.011

-1.137

0.478

Halliburton Co.

1981.1-2014.4

-0.019

-1.101

0.461

Hewlett-Packard Co.

1981.1-2014.4

-0.002

-0.179

0.000

Home Depot Inc.

1982.1-2014.4

0.024*

1.755

1.761

Honeywell International Inc.

1986.1-2014.4

-0.004

-0.393

0.000

Illinois Tool Works Inc.

1981.1-2014.4

-0.008

-1.556

1.115

International Business Machines Corp.

1981.1-2014.4

-0.017*

-2.629

5.102

Johnson & Johnson

1981.1-2014.4

-0.015*

-2.253

3.016

Kimberly-Clark Corp.

1981.1-2014.4

-0.010*

-1.721

1.497

Lockheed Martin Corp.

1996.1-2014.4

0.006

0.205

0.000

Lowe's Cos.

1981.2-2014.4

0.014

1.245

0.425

McDonald's Corp.

1981.1-2014.4

-0.006

-0.999

0.000

Medtronic Inc.

1981.1-2014.4

-0.003

-0.633

0.000

Company

The table report individual company time-series result for the REP ratio. Columns 1 and 2 indicate the
company and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the
OLS estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly
different from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the
5% level. Column 5 indicates the adjusted R2 statistics expressed as percent.
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Table 11. Company level time-series results for the residual equity-price ratio (Continued).
Regression: 𝑟𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖 𝑙𝑜𝑔𝑅𝐸𝑃𝑖,𝑡 + 𝜖𝑖,𝑡+1
Sample

𝛽𝑖

𝑡𝑖

100 × 𝑅𝐼2

Merck & Co. Inc.

1981.1-2014.4

-0.006

-0.934

0.000

Monsanto Co.

2002.1-2014.4

0.023

0.744

0.000

National Oilwell Varco Inc.

1998.1-2014.4

0.126*

2.896

14.96

Newmont Mining Corp.

1981.1-2014.4

-0.021

-1.123

0.222

Nike Inc. Cl B

1982.1-2014.4

0.012

0.7524

0.000

Occidental Petroleum Corp.

1981.1-2014.4

-0.043*

-2.578

4.161

PepsiCo Inc.

1981.1-2014.4

-0.002

-0.439

0.000

Pfizer Inc.

1981.1-2014.4

-0.002

-0.390

0.000

Praxair Inc.

1994.1-2014.4

0.013

0.792

0.000

Procter & Gamble Co.

1981.1-2014.4

-0.007*

-1.838

1.911

Schlumberger Ltd.

1981.1-2014.4

-0.024*

-2.363

3.510

Simon Property Group Inc.

1995.1-2014.4

-0.017

-1.119

0.340

Southern Co.

1981.1-2014.4

-0.027*

-3.201

8.561

Southern Copper Corp.

1997.1-2014.4

-0.008

-0.842

0.000

Target Corp.

1981.2-2014.4

0.000

0.038

0.000

Time Warner Inc.

1993.1-2014.4

0.050*

3.370

16.88

Travelers Cos. Inc.

1981.1-2014.4

-0.004

-0.300

0.000

U.S. Bancorp

1986.1-2014.4

-0.144*

-2.593

48.82

Union Pacific Corp.

1981.1-2014.4

-0.028*

-1.940

2.081

United Parcel Service Inc. Cl B

2001.1-2014.4

0.032

0.990

0.000

United Technologies Corp.

1981.1-2014.4

-0.012*

-1.651

1.396

UnitedHealth Group Inc.

1990.1-2014.4

0.011

1.114

0.259

Verizon Communications Inc.

1984.1-2014.4

0.006

0.754

0.000

Wal-Mart Stores Inc.

1981.2-2014.4

0.041*

2.900

6.249

Walgreen Co.

1981.1-2014.4

-0.005

-0.785

0.000

Walt Disney Co.

1981.1-2014.4

0.000

0.036

0.000

WellPoint Inc.

1994.1-2014.4

0.005

0.293

0.000

Yum! Brands Inc.

1999.1-2014.4

-0.018

-1.359

2.181

Company

The table report individual company time-series result for the REP ratio. Columns 1 and 2 indicate the
company and the sample period, respectively, on which the estimates are based. Columns 3 and 4 show the
OLS estimates and corresponding t-statistics respectively. * Indicates that the coefficient is significantly
different from zero, with the expected sign, according to the one-sided rejection of the null hypothesis at the
5% level. Column 5 indicates the adjusted R2 statistics expressed as percent.
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Appendix 2
INDEX COMPOSITION DATA FOR NYSE U.S. 100 AS OF 02/24/2012
INDEX COMPOSITION DATA FOR NYSE U.S. 100 (SYMBOL NY.ID) AS OF 02/24/2012
NAME

TICKER

COUNTRY

ICB

INDUS

SUP SEC

SEC

SUB SEC

Exxon Mobil Corp.

XOM

United
States

537

Oil & Gas

Oil & Gas

Oil & Gas Producers

Integrated Oil & Gas

International Business Machines
Corp.

IBM

United
States

9533

Technology

Technology

Software & Computer
Services

Computer Services

Chevron Corp.

CVX

United
States

537

Oil & Gas

Oil & Gas

Oil & Gas Producers

Integrated Oil & Gas

General Electric Co.

GE

Procter & Gamble Co.

PG

United
States
United
States

2727

Industrials

3724

Consumer Goods

Industrial Goods &
Services
Personal & Household
Goods

General Industrials
Household Goods & Home
Construction

Diversified
Industrials
Nondurable
Household Products

AT&T Inc.

T

United
States

6535

Telecommunications

Telecommunications

Fixed Line
Telecommunications

Fixed Line
Telecommunications

Johnson & Johnson

JNJ

United
States

4577

Health Care

Health Care

Pharmaceuticals &
Biotechnology

Pharmaceuticals

Pfizer Inc.

PFE

United
States

4577

Health Care

Health Care

Pharmaceuticals &
Biotechnology

Pharmaceuticals

Wells Fargo & Co.

WFC

United
States

8355

Financials

Banks

Banks

Banks

Philip Morris International Inc.

PM

United
States

3785

Consumer Goods

Personal & Household
Goods

Tobacco

Tobacco

71

JPMorgan Chase & Co.

JPM

United
States

8355

Financials

Banks

Banks

Banks

Coca-Cola Co.

KO

United
States

3537

Consumer Goods

Food & Beverage

Beverages

Soft Drinks

Merck & Co. Inc.

MRK

United
States

4577

Health Care

Health Care

Pharmaceuticals &
Biotechnology

Pharmaceuticals

Verizon Communications Inc.

VZ

United
States

6535

Telecommunications

Telecommunications

Fixed Line
Telecommunications

Fixed Line
Telecommunications

Schlumberger Ltd.

SLB

United
States

573

Oil & Gas

Oil & Gas

Oil Equipment, Services &
Distribution

Oil Equipment &
Services

Wal-Mart Stores Inc.

WMT

United
States

5373

Consumer Services

Retail

General Retailers

Broadline Retailers

McDonald's Corp.

MCD

United
States

5757

Consumer Services

Travel & Leisure

Travel & Leisure

Restaurants & Bars

PepsiCo Inc.

PEP

United
States

3537

Consumer Goods

Food & Beverage

Beverages

Soft Drinks

ConocoPhillips

COP

United
States

537

Oil & Gas

Oil & Gas

Oil & Gas Producers

Integrated Oil & Gas

Citigroup Inc.

C

United
States

8355

Financials

Banks

Banks

Banks

Abbott Laboratories

ABT

United
States

4577

Health Care

Health Care

Pharmaceuticals &
Biotechnology

Pharmaceuticals

Occidental Petroleum Corp.

OXY

United
States

533

Oil & Gas

Oil & Gas

Oil & Gas Producers

Exploration &
Production

Bank of America Corp.

BAC

United
States

8355

Financials

Banks

Banks

Banks

Berkshire Hathaway Inc. Cl B

BRK/B

United
States

8538

Financials

Insurance

Nonlife Insurance

Reinsurance

72

Home Depot Inc.

HD

United
States

5375

Consumer Services

Retail

General Retailers

Home Improvement
Retailers

Walt Disney Co.

DIS

United
States

5553

Consumer Services

Media

Media

Broadcasting &
Entertainment

Caterpillar Inc.

CAT

United
States

2753

Industrials

Industrial Goods &
Services

Industrial Engineering

Commerical Vehicles
& Trucks

United Technologies Corp.

UTX

United
States

2713

Industrials

Industrial Goods &
Services

Aerospace & Defense

Aerospace

Altria Group Inc.

MO

United
States

3785

Consumer Goods

Personal & Household
Goods

Tobacco

Tobacco

Kraft Foods Inc. Cl A

KFT

United
States

3577

Consumer Goods

Food & Beverage

Food Producers

Food Products

VISA Inc. Cl A

V

United
States

8773

Financials

Financial Services

Financial Services

Consumer Finance

UnitedHealth Group Inc.

UNH

United
States

4533

Health Care

Health Care

Health Care Equipment &
Services

Health Care
Providers

CVS Caremark Corp.

CVS

United
States

5333

Consumer Services

Retail

Food & Drug Retailers

Drug Retailers

3M Co.

MMM

United
States

2727

Industrials

Industrial Goods &
Services

General Industrials

Diversified
Industrials

United Parcel Service Inc. Cl B

UPS

United
States

2771

Industrials

Industrial Goods &
Services

Industrial Transportation

Delivery Services

EMC Corp.

EMC

United
States

9572

Technology

Technology

Technology Hardware &
Equipment

Computer Hardware

Bristol-Myers Squibb Co.

BMY

United
States

4577

Health Care

Health Care

Pharmaceuticals &
Biotechnology

Pharmaceuticals

U.S. Bancorp

USB

United
States

8355

Financials

Banks

Banks

Banks
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American Express Co.

AXP

United
States

8773

Financials

Financial Services

Financial Services

Consumer Finance

Union Pacific Corp.

UNP

United
States

2775

Industrials

Industrial Goods &
Services

Industrial Transportation

Railroads

Hewlett-Packard Co.

HPQ

United
States

9572

Technology

Technology

Technology Hardware &
Equipment

Computer Hardware

Boeing Co.

BA

United
States

2713

Industrials

Industrial Goods &
Services

Aerospace & Defense

Aerospace

Goldman Sachs Group Inc.

GS

United
States

8777

Financials

Financial Services

Financial Services

Investment Services

E.I. DuPont de Nemours & Co.

DD

United
States

1353

Basic Materials

Chemicals

Chemicals

Commodity
Chemicals

Ford Motor Co.

F

United
States

3353

Consumer Goods

Automobiles & Parts

Automobiles & Parts

Automobiles

MasterCard Inc. Cl A

MA

United
States

8773

Financials

Financial Services

Financial Services

Consumer Finance

Anadarko Petroleum Corp.

APC

United
States

533

Oil & Gas

Oil & Gas

Oil & Gas Producers

Exploration &
Production

Apache Corp.

APA

United
States

533

Oil & Gas

Oil & Gas

Oil & Gas Producers

Exploration &
Production

Monsanto Co.

MON

United
States

3573

Consumer Goods

Food & Beverage

Food Producers

Farming & Fishing

Honeywell International Inc.

HON

United
States

2727

Industrials

Industrial Goods &
Services

General Industrials

Diversified
Industrials

Colgate-Palmolive Co.

CL

United
States

3767

Consumer Goods

Personal & Household
Goods

Personal Goods

Personal Products

Freeport-McMoRan Copper & Gold
Inc.

FCX

United
States

1755

Basic Materials

Basic Resources

Industrial Metals & Mining

Nonferrous Metals
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Medtronic Inc.

MDT

United
States

4535

Health Care

Health Care

Health Care Equipment &
Services

Medical Equipment

Nike Inc. Cl B

NKE

United
States

3765

Consumer Goods

Personal & Household
Goods

Personal Goods

Footwear

Simon Property Group Inc.

SPG

United
States

8672

Financials

Real Estate

Real Estate Investment
Trusts

Retail Real Estate
Investment Trusts

Dow Chemical Co.

DOW

United
States

1353

Basic Materials

Chemicals

Chemicals

Commodity
Chemicals

Eli Lilly & Co.

LLY

United
States

4577

Health Care

Health Care

Pharmaceuticals &
Biotechnology

Pharmaceuticals

Accenture PLC Cl A

ACN

United
States

2791

Industrials

Industrial Goods &
Services

Support Services

Business Support
Services

Southern Co.

SO

United
States

7535

Utilities

Utilities

Electricity

Conventional
Electricity

Emerson Electric Co.

EMR

United
States

2737

Industrials

Industrial Goods &
Services

Electronic & Electrical
Equipment

Electronic
Equipment

Time Warner Inc.

TWX

United
States

5553

Consumer Services

Media

Media

Broadcasting &
Entertainment

National Oilwell Varco Inc.

NOV

United
States

573

Oil & Gas

Oil & Gas

Oil Equipment, Services &
Distribution

Oil Equipment &
Services

Halliburton Co.

HAL

United
States

573

Oil & Gas

Oil & Gas

Oil Equipment, Services &
Distribution

Oil Equipment &
Services

Deere & Co.

DE

United
States

2753

Industrials

Industrial Goods &
Services

Industrial Engineering

Commerical Vehicles
& Trucks

Lowe's Cos.

LOW

United
States

5375

Consumer Services

Retail

General Retailers

Home Improvement
Retailers

Target Corp.

TGT

United
States

5373

Consumer Services

Retail

General Retailers

Broadline Retailers
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Praxair Inc.

PX

United
States

1353

Basic Materials

Chemicals

Chemicals

Commodity
Chemicals

Baxter International Inc.

BAX

United
States

4537

Health Care

Health Care

Health Care Equipment &
Services

Medical Supplies

EOG Resources Inc.

EOG

United
States

533

Oil & Gas

Oil & Gas

Oil & Gas Producers

Exploration &
Production

PNC Financial Services Group Inc.

PNC

United
States

8355

Financials

Banks

Banks

Banks

MetLife Inc.

MET

United
States

8575

Financials

Insurance

Life Insurance

Life Insurance

Yum! Brands Inc.

YUM

United
States

5757

Consumer Services

Travel & Leisure

Travel & Leisure

Restaurants & Bars

Danaher Corp.

DHR

United
States

2727

Industrials

Industrial Goods &
Services

General Industrials

Diversified
Industrials

Newmont Mining Corp.

NEM

United
States

1777

Basic Materials

Basic Resources

Mining

Gold Mining

Walgreen Co.

WAG

United
States

5333

Consumer Services

Retail

Food & Drug Retailers

Drug Retailers

Devon Energy Corp.

DVN

United
States

533

Oil & Gas

Oil & Gas

Oil & Gas Producers

Exploration &
Production

Prudential Financial Inc.

PRU

United
States

8575

Financials

Insurance

Life Insurance

Life Insurance

Dominion Resources Inc. (Virginia)

D

United
States

7535

Utilities

Utilities

Electricity

Conventional
Electricity

Kimberly-Clark Corp.

KMB

United
States

3767

Consumer Goods

Personal & Household
Goods

Personal Goods

Personal Products

Duke Energy Corp.

DUK

United
States

7575

Utilities

Utilities

Gas, Water & Multiutilities

Multiutilities

76

Allergan Inc.

AGN

United
States

4577

Health Care

Health Care

Pharmaceuticals &
Biotechnology

Pharmaceuticals

Bank of New York Mellon Corp.

BK

United
States

8771

Financials

Financial Services

Financial Services

Asset Managers

FedEx Corp.

FDX

United
States

2771

Industrials

Industrial Goods &
Services

Industrial Transportation

Delivery Services

Covidien PLC

COV

United
States

4535

Health Care

Health Care

Health Care Equipment &
Services

Medical Equipment

Exelon Corp.

EXC

United
States

7535

Utilities

Utilities

Electricity

Conventional
Electricity

Medco Health Solutions Inc.

MHS

United
States

,

,

Morgan Stanley

MS

United
States

8777

Financials

Financial Services

Financial Services

Investment Services

Travelers Cos. Inc.

TRV

United
States

8536

Financials

Insurance

Nonlife Insurance

Property & Casualty
Insurance

Illinois Tool Works Inc.

ITW

United
States

2757

Industrials

Industrial Goods &
Services

Industrial Engineering

Industrial Machinery

General Mills Inc.

GIS

United
States

3577

Consumer Goods

Food & Beverage

Food Producers

Food Products

Lockheed Martin Corp.

LMT

United
States

2717

Industrials

Industrial Goods &
Services

Aerospace & Defense

Defense

WellPoint Inc.

WLP

United
States

4533

Health Care

Health Care

Health Care Equipment &
Services

Health Care
Providers

Baker Hughes Inc.

BHI

United
States

573

Oil & Gas

Oil & Gas

Oil Equipment, Services &
Distribution

Oil Equipment &
Services

General Dynamics Corp.

GD

United
States

2717

Industrials

Industrial Goods &
Services

Aerospace & Defense

Defense
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Corning Inc.

GLW

United
States

9578

Technology

Technology

Technology Hardware &
Equipment

Telecommunications
Equipment

Las Vegas Sands Corp.

LVS

United
States

5752

Consumer Services

Travel & Leisure

Travel & Leisure

Gambling

Franklin Resources Inc.

BEN

United
States

8771

Financials

Financial Services

Financial Services

Asset Managers

General Motors Co.

GM

United
States

3353

Consumer Goods

Automobiles & Parts

Automobiles & Parts

Automobiles

American International Group Inc.

AIG

United
States

8532

Financials

Insurance

Nonlife Insurance

Full Line Insurance

Southern Copper Corp.

SCCO

United
States

1755

Basic Materials

Basic Resources

Industrial Metals & Mining

Nonferrous Metals

